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General introduction

“

The most important
lesson I have learned
from playing HitnRun is
that my life is also
worthwhile without
smoking cigarettes”
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Chapter 1
General introduction

“

The most important
lesson I have learned
from playing HitnRun is
that the craving to
smoke only lasts a few
minutes and I’m strong
enough to get through
those few minutes”

General introduction

Smoking is a major cause of worldwide morbidity and mortality; each year killing
about seven million people worldwide (WHO, 2018), and 20,000 people in the
Netherlands alone (RIVM, 2016a). Despite a decrease in the number of Dutch smokers
under 16 years, a small increase has been observed in the number of young smokers
between the ages of 16 and 25 (CBS, 2016; 2017; international smoking prevalence rates
for this age group show similar patterns: U.S. Department of Health and Human Services,
2014). Regardless of many very important efforts to prevent youth from smoking uptake
(e.g., Carson-Chahhoud et al., 2017; Coppo et al., 2012; MacArthur, Harrison, Caldwell,
Hickman, & Campbell, 2016; Thomas, McLellan, & Perera, 2013; Scott-Sheldon et al.,
2016), it is also critical to invest in smoking cessation interventions for youth.
Unfortunately, smoking youth have been largely overlooked in smoking cessation
research and policy building (McClure, Arheart, Lee, Sly, & Dietz, 2013; Villanti, McKay,
Abrams, Holtgrave, & Bowie, 2010), because the major burden of smoking-related
diseases falls on the adult population (Fanshawe et al., 2017). However, most smokers
(98%) acquire the habit of smoking during adolescence (Fanshawe et al., 2017; HSCIC,
2012; U.S. Department of Health and Human Services, 2012; 2014), and smoking at a
younger age is a significant predictor of nicotine dependence in adulthood (Mermelstein,
2003; Van de Ven, Greenwood, Engels, Olsson, & Patton, 2010). In addition, smoking
during adolescence and young adulthood has a direct negative effect on youths’ physical
health (Mermelstein, 2003; U.S. Department of Health and Human Services, 2012), and
has been related to mental health problems (Chang, Sherritt, & Knight, 2005; Goodman &
Capitman, 2000; Moylan, Jacka, Pasco, & Berk, 2013; Treur et al., 2019). Finally, the
percentage of effective self-initiated quit attempts among youth is extremely low; without
intervention very few adolescent and young adult smokers quit (Centers for Disease
Control and Prevention, 2006; Fritz, Wider, Hardin, & Horrocks, 2008; Lane, Leatherdale, &
Ahmed, 2011; Mermelstein, 2003). Crucially, quitting smoking before the age of 30
reduces more than 97% of the lifelong health consequences related to smoking (Pirie et
al., 2013; Thun et al., 2013).
This focus on the adult population has also had a significant influence on smoking
cessation research: for a long time, intervention researchers assumed that youth just did
not need smoking cessation programs (Backinger, Fagan, Matthews, & Grana, 2003), or
that evidence-based adult smoking cessation interventions, such as nicotine replacement
therapy or pharmacotherapy, would be equally effective for youth (Fanshawe et al., 2017;
Lamkin, Davis, & Kamen, 1998; Milton, Maule, Backinger, & Gregory, 2003). Crucially,
most recent research demonstrates that adult-based interventions are not effective for
youth, and that different mechanisms are thought to underly the initiation and
continuation of smoking among youth specifically (Bader, Travis, & Skinner, 2007; Colby &
9

Chapter 1

Gwaltney, 2007; Fanshawe et al., 2017; Scherphof, Van den Eijnden, Engels, & Vollebergh,
2014). The scarce literature that is available on youth’ smoking cessation interventions
concludes that there is not enough evidence to recommend one specific intervention
model for youth (Fanshawe et al., 2017).
Moreover, the research that has been done suffers from poor methodological
design, shows mixed results, or simply shows no intervention effects (Fanshawe et al.,
2017; Garrison, Christakis, Ebel, Wiehe, & Rivara, 2003; Mermelstein, 2003; Pbert et al.,
2015; Simon, Kong, Cavallo, & Krishnan-Sarin, 2015; Stockings et al., 2016; Towns,
DiFranza, Jayasuriya, Marshall, & Shah, 2017; Villanti et al., 2010). Those interventions
that were found to be effective often only showed these improvements in the short term.
Long-term effects were rarely found or long-term measures were not collected (Fanshawe
et al., 2017; Garrison et al., 2003; Simon et al., 2015; Stockings et al., 2016; Villanti et al.,
2010). In the Netherlands specifically, only one of 11 smoking cessation interventions
available in a national database for interventions is tailored to young smokers (Nationaal
Expertisecentrum Tabaksontmoediging, 2013). While this youth-directed intervention is
well grounded in theory, there is no evidence to support its efficacy (Nationaal
Expertisecentrum Tabaksontmoediging, 2013). Hence, there is a clear need for novel
approaches to successfully engage young smokers in cessation interventions (McClure et
al., 2013; Thrul & Ramo, 2017).
Barriers to Successful Smoking Cessation Interventions for Youth
There are two main overarching barriers to the effectiveness of smoking
cessation interventions among youth. First, the limited evidence available seems to
suggest that complex interventions that address a variety of mechanisms related to
smoking among youth are most promising (Fanshawe et al., 2017; Gabble, Babayan,
DiSante, & Schwartz, 2015). However, it remains unclear which exact mechanism(s) drive
observed effects (Fanshawe et al., 2017; Gabble et al., 2015; Waldron & Turner, 2008).
Identifying and targeting underlying mechanisms of change related to the onset and
maintenance of smoking among youth is therefore crucial. Closely related, our lack of
understanding of successful change in smoking is likely because of all the previous
investments in one-size-fits-all approaches. However, young smokers are a highly
heterogeneous group: they often do not smoke daily, or see themselves as ‘occasional’ or
‘social’ smokers (McClure et al., 2013; Moran, Wechsler, & Rigotti, 2004).
Most previous intervention research, though, target a very specific subtype of
smoking youth that closely resembles the average adult smoker: highly addicted youth
that smoke at least ten cigarettes a day (Fagan & Rigotti, 2009; McClure et al., 2013; Song
& Ling, 2011). Ignoring the heterogeneity in smoking behavior results in a lack of
interventions being provided for the intermittent smoking group and ultimately in the
10
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escalation to established smoking: approximately 25%-50% of intermittent smokers
transition into habitual smoking later in life (Berg & Schauer, 2012; McDermott, Dobson, &
Owen, 2007; White, Bray, Fleming, & Catalano, 2009). In other words: a one-size-fits-all
approach is probably not going to have major reach among youth (Carlson, Widome,
Fabian, Luo, & Forster, 2018), and research should invest in multi-component
interventions with mechanistic designs.
The second main barrier to successful smoking cessation among youth is a
mismatch between youths’ needs and the characteristics of smoking cessation
interventions, leading to problems with discoverability, high reactance, and very low
retention rates (Villanti et al., 2010; Wolburg, 2006). It is often thought that youth do not
want to quit smoking because they just started smoking. In fact, young people are just as
motivated to quit as adults (Ramo et al., 2018), yet they are less likely to use the available
smoking cessation interventions (e.g., nicotine replacement therapy, medication,
counseling, quit lines) and, instead, try quitting on their own (Curry, Sporer, Pugach,
Campbell, & Emery, 2007; Fiore et al., 2008; Solberg, Asche, Boyle, McCarty, & Thoele,
2007; Thrul & Ramo, 2017).
The fact that youth rarely use available interventions is, on the one hand, because
youth are unaware of the smoking cessation services out there, or are unable to find them
(Bader et al., 2007). On the other hand, their wish to quit smoking on their own is fueled
by youths’ need for self-reliance and self-sufficiency (Lenkens et al., 2019; Schenk et al.,
2018): youth often feel that existing smoking cessation programs do not honor their
autonomy and react against that (Bader et al., 2007; Wolburg, 2006). These same
problems are found when youth report on reasons why they dropout of smoking cessation
programs: the content of these programs is often perceived as didactic, outdated, and
boring (Bader et al., 2007; Scholten & Granic, 2019).
Intervention Development
In an effort to address the two main barriers to successful smoking cessation, i.e.,
the lack of multi-component interventions with mechanistic designs and the mismatch
between youths’ needs and intervention supply, we took a combined theory-driven and
engagement-driven approach. We developed a game-based intervention, as we believe
that games are inherently engaging, are an excellent training ground to practice skills, and
offer a strong sense of agency (Granic, Lobel, & Engels, 2014). We designed around a set
of transdiagnostic mechanisms of change related to the onset, persistence, and cessation
of smoking in youth. Furthermore, and equally important, we used a design thinking
approach to amplify engagement processes. This entailed that we not only design for
young people but with them as well, and did so from the start of the design process
(Hagen et al., 2012; Wong, Zimmerman, & Parker, 2010). Furthermore, our design process
11
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was necessarily cross-disciplinary with scientists collaborating from the outset with
designers, artists, and programmers. We engaged in this cross-disciplinary collaboration
throughout the whole intervention design process, using rapid prototyping and iterative
testing to develop this new intervention approach. Attention to theoretical and
engagement considerations, as well as the intersection of these two approaches, were the
foundation of our intervention development. Figure 1 gives an overview of the mapping of
the two main barriers outlined above and the solutions that addressed these barriers.
Theory-driven considerations
Smoking behavior is influenced by several mechanisms, including individual (e.g.,
cognitive, psychological) and environmental (e.g., social) mechanisms, which interact with
each other in a complex and multidimensional way (Unger et al., 2003). For understanding
youth’s smoking behavior, a transactional and ecological perspective is most appropriate
(Dishion & Tipsord, 2011; Gardner, Dishion, & Connell, 2008). Wills & Dishion (2004)
proposed a transactional model for adolescent drug use that accounts for the potential
interaction between peer influence, self-control, and adolescent substance use. This
model hypothesizes that individuals with high levels of self-control are less vulnerable to
peer influence effects to use substances. Evidence has shown that self-control and peer
influence act as main effects on youths’ substance use, but also as interacting individual
and environmental mechanisms to predict substance use (Gardner et al., 2008; Goodnight,
Bates, Newman, Dodge, & Petit, 2006; Menting, Van Lier, Koot, Pardini, & Loeber, 2016).
Changing these mechanisms individually or the interaction between these mechanisms,
could ultimately lead to behavior change: smoking cessation.
In our multi-component intervention, we included two distinct, but related,
constructs of self-control, namely inhibitory control and delay discounting, as well as peer
influence. All of these mechanisms were chosen deliberately, based on the transactional
model by Wills and Dishion (2004), and the transdiagnostic properties of these
mechanisms. Instead of conventional diagnosis-specific prevention and intervention
approaches, there is a current movement towards transdiagnostic approaches that target
a core set of psychopathological processes underlying many behaviors and disorders
(Garland & Howard, 2014; Goschke, 2014; Mansell, Harvey, Watkins, & Shafran, 2008;
Taylor & Clark, 2009; Sofuoglu, DeVito, Waters, & Carroll, 2016).
Inhibitory control (Berkman, Graham, & Fisher, 2012; Bickel, Quisenberry,
Moody, & Wilson, 2015), as well as delay discounting (Bickel et al., 2015; 2019), and peer
influence (La Greca & Lai, 2013) have often been mentioned as trans-diagnostic processes
underlying addictive behaviors, and a variety of other behaviors and disorders such as
anxiety (Ladouceur et al., 2006; La Greca & Harrison, 2005; Xia, Gu, Zhang, & Luo, 2017),
12
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depression (Joormann & Vanderlind, 2014; Kiuru, Burk, Laursen, Nurmi, & Salmela-Aro,
2012; Ladouceur et al., 2006; La Greca & Harrison, 2005; Imhoff, Harris, Weiser, &
Reynolds, 2014), aggression (Denson, DeWall, & Finkel, 2012; Dishion & Patterson, 2006;
Lee, Derefinko, Milich, Lynam, & DeWall, 2017; Raaijmakers et al., 2008), academic
performance (Oberle & Schonert-Reichl, 2013; Wang et al., 2017), and many others (La
Greca & Lai, 2013; Moffitt et al., 2011). Consequently, intervening in these transdiagnostic processes might have an extensive impact beyond the current smoking
cessation intervention goals, since successful manipulation of these processes might in the
end be used to affect a broader range of behaviors and disorders.
Inhibitory control. Inhibitory control is referred to as the ability to adaptively stop
or suppress behavior when necessary (Smith, Mattick, Jamadar, & Iredale, 2014). Not
being able to quit smoking irrespective of the negative consequences related to smoking
may result from deficits in inhibitory control (Field & Cox, 2008). Past research has shown
that young people who smoke more often have poorer control over their impulses than
young people that do not smoke (specifically in youth: Yin et al., 2016; meta-analysis
including young adults and adults: Smith et al., 2014). Moreover, deficits in inhibitory
control capacity are also observed among other substance-dependent individuals (e.g.,
cocaine, MDMA) or individuals with behavioral addictions (e.g., food, internet addiction;
Lavagnino, Arnone, Cao, Soares, & Selvaraj, 2016; Smith et al., 2014).
There has been increasing attention for procedures designed to train inhibitory
control, so far four meta-analyses have shown significant effects of training on alcohol or
food intake (Allom, Mullan, & Hagger, 2016; Aulbach, Knittle, & Haukkala, 2019; Jones et
al., 2016; Turton, Bruidegom, Cardi, Hirsch, & Treasure, 2016), yet there were no
published studies available at the time of launching this whole thesis project testing the
effect of a Go/No-Go training on smoking behavior. During our research project, Adams
and colleagues (2017a) published the only available study testing a Go/No-Go training in
smokers, and did not find reductions in cigarette use after training. However, as indicated
by Adams and colleagues (2017a), their study sample was limited to non-treatment
seeking smokers and was probably underpowered. Thus, the available evidence suggests
that Go/No-Go training facilitates behavior change in the food and alcohol domain, at
least in the short term and maybe in the long term, for the specific motivational stimulus
trained (Allom et al., 2016; Jones et al., 2016); the potential effects of a Go/No-Go training
in a smoking context still need more investigation.
Delay discounting. Delay discounting is referred to as the decrease in the
subjective value of a reward as the delay to its receipt increases (Ainslie, 1992; Critchfield
& Kollins, 2001; Green & Myerson, 1993; Hamilton et al., 2015; Rachlin, 1989). In other
14
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words: individuals have the tendency to prefer smaller, but immediate rewards over
larger, but delayed rewards (Logue, 1988). The extent to which individuals discount the
value of delayed rewards is highly correlated with a range of health behaviors and
disorders (Amlung, Petker, Jackson, Balodis, & MacKillop, 2016; Jackson & MacKillop,
2016; MacKillop et al., 2011). For tobacco specifically, increased discounting rates are
indeed characteristic of tobacco use among young people (e.g., Audrain-McGovern et al.,
2009; Fields et al., 2009). There is growing attention and initial evidence for trainings and
manipulations that successfully target and decrease heightened delay discounting (e.g.,
Bickel et al., 2015; Koffarnus, Jarmolowicz, Mueller, & Bickel, 2013). For example, priming
one’s connectedness to the future self could lead to more patient behavior, based on the
notion that a higher connectedness to the future self imparts a greater willingness to
defer benefits to the future self (Israel, Rosenboim, & Shavit, 2014; Kuo, Lee, & Chiou,
2016; Pronin, Olivola, & Kennedy, 2008; Sheffer et al., 2016).
Peer influence. For over 50 years, research has shown the sweeping influence of
peer relationships on a range of critical behavioral and psychological outcomes (e.g.,
Almquist & Östberg, 2013; Menting et al., 2016; Modin, Östberg, & Almquist, 2011), and
youths’ development and well-being (Choukas-Bradley & Prinstein, 2014; Prinstein &
Giletta, 2016). Adolescence and young adulthood are increasingly susceptible periods for
peer influence effects to occur (Crone & Dahl, 2012), as this is the period in which youth
spent more unsupervised time with their peers, value their peers opinions highly, and
explore their own identities (Brechwald & Prinstein, 2011; Prinstein & Giletta, 2016).
These peer interactions often provide a context in which youth engage in risky behaviors,
such as substance use (Dishion & Owen, 2002).
Peer influence is one of the most significant predictors of youth’ smoking onset
and maintenance (Gabble et al., 2015; Goodnight et al., 2006; Kim, Fleming, & Catalano,
2009; Liu, Zhao, Chen, Falk, & Albarracín, 2017; Dishion & Owen, 2002): if youths’ peers or
friends smoke they are about twice as likely to also start smoking or maintain their
smoking behavior (Liu et al., 2017). Several existing intervention programs have integrated
peer influence processes in one way or another (Golechha, 2016; Sussman & Sun, 2009).
However, these programs remain vastly problematic because of a focus on the individual
rather than the wider peer group (Gabble et al., 2015), high resistance (Harakeh & Van
Nijnatten, 2016; Schenk et al., 2018; Wolburg, 2006), or imbalanced relationships between
support-givers and takers (Lenkens et al., 2019). The lack of targeting peer influence
strongly suggest novel approaches are critical to engage young smokers in cessation
interventions (McClure et al., 2013; Thrul & Ramo, 2017).
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One underlying factor steering youth towards more risky behaviors, such as
substance use, is peer contagion. This is the mutual influence process that works through
positive reinforcement between peers, is often the underlying factor steering youth
towards these more risky behaviors (Dishion & Snyder, 2016; Dishion & Tipsord, 2011).
Through this process, behavior or dialogue that receives positive reinforcements increases
in frequency, thereby potentially undermining one’s own development or causing harm to
others (Dishion & Snyder, 2016; Dishion & Tipsord, 2011). Indeed, affiliation with deviant
peer groups is related to an amplification of problem behaviors, including aggression and
substance use (Dishion & Tipsord, 2011). Yet, these precise peer contagion processes can
also be harnessed and used as transdiagnostic mechanisms to support, amplify, and
maintain positive behavioral change. Thus, peer contagion processes can be positively
exploited to create contexts in which youth offer and receive support, that boost youths’
competence, and that can help them deal with stressful situations, such as smoking
cessation (Dishion & Patterson, 2006; Dishion & Snyder, 2016). As digital media have
become a central feature of youth’s lives, it is a particularly promising way to ‘infiltrate’
the peer system: youth are instantaneously and continuously connected with their peers
and positive and negative reinforcement processes are taking place all the time (Lenhart,
2015a,b; Nesi, Choukas-Bradley, & Prinstein, 2018).
Moreover, youth employ these social, digital technologies to establish social
norms, interact with peers, and to explore their own identity (boyd, 2014; Ehrenreich &
Underwood, 2016; McFarland & Ployhart, 2015; Peter & Valkenburg, 2013; Prinstein &
Giletta 2016; Subrahmanyam & Smahel, 2010). In addition, digital media is known for its
rapid dissemination structure, its ease of connecting youth to similar peers across the
world for support, and its reach towards youth who feel stigmatized or who do not
connect with traditional forms of prevention or intervention (Nesi et al., 2018). Harnessing
these peer influences through digital interactions can help us build social connection
between individuals, which is a process that is closely related to and interacting with our
focus on engagement considerations. We argue that attention to engagement in the
design of our intervention is critical because we will only be able to reach youth when they
are authentically connecting with and engaged by the intervention.
Engagement-driven considerations
To address the mismatch between youths’ needs and smoking cessation
intervention supply, as underpinned by problems with discoverability, high reactance, and
very low retention, we developed our intervention following design thinking principles,
particularly focusing on participatory design (Scholten & Granic, 2019). By recruiting
smoking youth from the outset of the design process and by finding out how these youth
interact and seek information, we have a better chance of understanding their situation
16
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and design an intervention that is engaging, retains attention, and matches their needs
(boyd, 2014).
Our aim was to discover previously misunderstood or overlooked factors in
smoking cessation research that could contribute to designing an effective end-to-end
intervention for youth. Thus, before we started the actual design of our intervention, we
invited smoking youth to talk about their smoking experiences and how they felt about
quitting smoking. We used structured design thinking tools, such as screen-shot photos of
youths’ own phones, and interview protocols (Bootcamp Bootleg, 2010), in an attempt to
elicit most authentic responses from smoking youth. This participatory design lens helped
us to delve deeper into the often emotional and social contexts that lead to the initiation
and continuation of smoking among youth. We aspired to understand what the actual
‘benefit’ of smoking was for these youth, as almost all of them were well aware of the
devastating consequences for their health. In addition, we were interested in their
perspectives on smoking cessation and where they felt that smoking blocked their goals.
We learned that there was great diversity in terms of why, where, and when
young people chose to smoke, emphasizing the importance of tailoring an intervention to
youths’ individual preferences. Indeed, youth smoked for very different reasons: to
overcome boredom during the day (e.g., waiting for the bus), to cope with stress, or
because these smoking moments were very much ingrained in their daily routines.
Crucially, many youth felt ‘captivated’ by their smoking addiction, and although they knew
that most smoking moments were driven by habitual behavior they could not distract
themselves from their feelings of craving. Finally, the number one reason for smoking was
social connection: not only did young people continue smoking because it was an
important part of socializing with friends, they also emphasized the benefits of smoking
for their sense of belongingness to a group. As one of our participants quoted: “In new
situations where you don’t know anybody, you probably will get to know a particular
group of people very quickly, while smoking. You talk to them outside, have the most
wonderful conversations, and you feel that you are part of this group of people.” Thus,
youth clearly indicated the need for individualized interventions that could help them
overcome craving in-the-moment, and at the same time bring the peer context into the
intervention and help them connect with like-minded peers.
HitnRun
Based on all of the above, we developed the game HitnRun, in two main design
iterations. As shown in Figure 1, we mapped the barriers we outlined in the beginning of
this introduction onto the solutions that we came up with to deal with these barriers.
Figure 1 also shows how these solutions were translated into HitnRun’s game mechanics,
as the strict division between theory- and engagement-based considerations becomes
17
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more messy when translating these solutions into game mechanics. The outlined theoryand engagement-based considerations are of course not independently operating
processes, but they interact with each other and were often combined when we
integrated them as game mechanics in our intervention (see Figure 2).
The first, basic design decision we made was to create a game-based
intervention, as games are inherently engaging, offer a strong sense of agency, and are a
flexible delivery vehicle for interventions for change (Granic et al., 2014). The basis of
HitnRun is built on a genre referred to as a “casual runner,” in which players control an
avatar that is running forward constantly while navigating around obstacles and collecting
points through left-right and up-down motions (Parkin, 2013). This runner genre was
selected for two reasons: 1) commercially available runner games, such as Temple Run,
are extremely popular (Parkin, 2013); 2) runners require continuous accurate and quick
responding, which is a pre-requisite for Go/No-Go training. In the first iteration of
HitnRun, we translated principles of Go/No-Go training (Lawrence et al., 2015a; Veling,
Van Koningsbruggen, Aarts, & Stroebe, 2014) into a casual runner game that could be
played on a PC. In Figure 3, we have integrated screenshots of both the first and second
iteration of HitnRun. Follow the link in the footnote for a video of HitnRun gameplay1.
In the second iteration of our game, we retained the integration of Go/No-Go
training as we found promising decreases in evaluations of smoking stimuli over time after
HitnRun gameplay (Scholten, Luijten, Poppelaars, Johnson-Glenberg, & Granic, under
review). In addition, we added features to the game to prime participants future selves, to
‘infiltrate’ the peer system, and to maximize engagement processes. First, we brought
HitnRun to mobile, as we wanted our game to serve as a just-in-time intervention that could
replace participants’ smoking habit both physically (i.e., keeping their hands busy) and
psychologically (Struik, Bottorff, Baskerville, & Oliffe, 2018). Mobile phones are the perfect
delivery method for this, because support is available at any time and place and thereby
they offer resources for coping with cravings in high-risk situations (Whittaker, McRobbie,
Bullen, Rodgers, & Gu, 2016).
Second, we designed the game to be played during individualized moments of
high craving, as young smokers indicated that they smoked for various reasons, such as
boredom, stress, or being in the company of smoking friends (McClure et al., 2013).
Runner games lend themselves perfectly for short bursts of intensely engaging gameplay
(i.e., 3-5 minutes per game play session); 3-5 minutes is also the approximate time it takes

1

https://youtu.be/mpDZDfALe14
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Figure 2. Separate but interactive development timelines for theory-based considerations and engagementbased considerations, with more frequent testing and iterative prototyping at the start of the process than at
the end.

Figure 3. Screenshots of first (upper panel) and second (lower panel) iterations of HitnRun.

19

Chapter 1

to overcome a craving moment, or to smoke a cigarette (O'Connell et al., 1998). In
addition, to target delay discounting, we primed participants to think about their future
self as a non-smoker and the benefits related to that (Scholten, Scheres, De Water, Graf,
Granic, & Luijten, 2019). The future benefits that participants listed as most important to
them, were integrated in tailored prompts that reminded users to play HitnRun when they
reported experiencing high levels of craving. Furthermore, participants committed to a
month of not smoking to the researcher present and in the pre-test lab session in the
beginning of HitnRun towards their other team members. Distraction from feelings of
craving (Kong, Ells, Camenga, & Krishnan-Sarin, 2014; Ploderer, Smith, Pearce, & Borland,
2014; Whittaker et al., 2016), tailoring an intervention to individual preferences (An et al.,
2008; Kong et al., 2014; Villanti et al., 2010; Whittaker et al., 2016; Zanis et al., 2011), and
public commitment (Giné, Karlan, & Zinman, 2010; Matjasko, Cawley, Baker-Goering, &
Yokum, 2016; Ploderer et al., 2014) are all practices that are helpful and recommended to
effectively quit smoking.
Finally, we attempted to ‘infiltrate’ the broader peer system through interactive
media to support smoking cessation for young smokers. In the second iteration of
HitnRun, we brought together like-minded youth who wanted to quit smoking,
incorporating both cooperative and competitive team-based gameplay. The cooperative
team-based design was used such that young smokers had the opportunity to learn that
there are many like-minded peers who want to quit smoking and who experience the
same problems with smoking cessation. Within their teams, participants publicly
committed to quitting smoking, communicated with each other about their team
performance, encouraged each other to participate, as well as support each other’s quit
attempts. The competitive elements were included to increase motivation and a focus on
their quit attempt, while also mimicking other online social games with which youth were
already familiar with.
Current Thesis
In the current thesis, we aimed to design and test a game to help youth quit
smoking. Through literature research and conversations with young smokers, we
identified barriers to conventional smoking cessation interventions. Then we took a
combined theory-driven and engagement-driven approach to deal with the identified
barriers in smoking cessation research, aiming to design an experience that young
smokers could authentically connect and engage with. This approach resulted in a number
of ambitious aims including: (1) the review and testing of mechanisms of change
previously related to the initiation, continuation, and cessation of smoking behavior; (2)
the development of a framework to improve digital interventions for youth based on
design principles; and (3) the application of lessons learned from the first two aims to a
20
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three-stage iterative intervention design process that ultimately culminated in an
engaging mobile game targeting young smokers. Table 1 gives an overview of this threestage iterative intervention design process, and the accompanying thesis chapters.
Table 1
Overview of Three-Stage Iterative Intervention Design Process
Theory-driven
considerations

Engagement-driven
considerations

Game
version

First
intervention
design stage

- Proof-of-concept
inhibitory control in
smoking sample
(Chapter 2)
- Systematic review delay
discounting
(Chapter 3)

- Focus groups with
smoking youth
- Paper prototyping
- Choice of game as
vehicle for intervention

Second
intervention
design stage

Inhibitory control in
game format
- Young adult smokers
(Chapter 4)
- Young adult sample
wanting to eat more
healthily and/or lose
weight →
transdiagnostic
hypothesis
(Chapter 5)

Choice of game as
vehicle for intervention

First full
iteration of
HitnRun
(Chapter 4)

Third
intervention
design stage

- Delay discounting
added to intervention
design
(Chapter 7)
- Peer influence added to
intervention design
(Chapter 7)

Focus on amplification
of engagement
processes through
design principles
(Chapter 6)

Second full
iteration of
HitnRun
(Chapter 7)

We started by reviewing the literature to identify suitable mechanisms of change
that could inform the design of our smoking cessation intervention. Inhibitory control
came up as a promising avenue for future research, based on behavioral change effects
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after Go/No-Go training in the food and alcohol domain and its transdiagnostic properties.
Before investing time and resources in the design of a game-based version of a Go/No-Go
training, we developed a proof-of-concept that tested whether a traditional Go/No-Go
training would be able to extend the devaluation effect found in the food and alcohol
domain to the context of smoking. Chapter 2 presents the results of this experimental
study in which smokers and non-smokers were trained to respond immediately to neutral
stimuli, but inhibit their response when smoking stimuli were presented.
In addition to inhibitory control, delay discounting was identified as a related and
promising transdiagnostic mechanism potentially able to target smoking behavior. Indeed,
delay discounting has been identified as one of the most important and reliable predictors
of tobacco use among young people, and at that time there was initial evidence for
trainings and manipulations that could successfully target and decrease heightened delay
discounting rates. Yet, no systematic overview of all possible avenues of targeting
discounting rates and its accompanying effectiveness was available. Therefore, Chapter 3
systematically summarizes the available behavioral trainings and manipulations that have
attempted to decrease delay discounting.
After our focus on identifying suitable mechanisms of change and establishing
proof-of-concept for their potential effects on smoking behavior, we designed a first
version of our game around inhibitory control. To find out whether we were able to target
inhibitory control with a Go/No-Go training in a game context, we tested the effects of
this first iteration of HitnRun on inhibitory control capacity, perceived attractiveness of
smoking cues, and smoking behavior. Chapter 4 presents the results of this experimental
study in which we examined the effects of HitnRun, compared to a psychoeducational
brochure as the active control intervention, in young adult smokers who were motivated
to quit smoking. In addition, to test our hypotheses regarding the transdiagnostic nature
of inhibitory control, we tested HitnRun, in comparison to a psychoeducational brochure,
in a sample of young adults who wanted to eat more healthily and/or lose weight. We
discuss this study and its effects on inhibitory control capacity, perceived attractiveness of
food cues, and food intake in Chapter 5.
After performing all these studies, we went back to the drawing board to
interpret the implications of these results. We realized that, although we were able to
replicate previous results of Go/No-Go training in the food and alcohol domain, we did not
do a very good job in connecting youth with and engaging youth in our intervention.
Although we always had intuitions about the importance of fostering engagement, hence
our choice for a game context, we did not have a concrete and actionable framework to
guide us. This realization led to a amplified focus on design thinking principles that
informed the second iteration of HitnRun; this framework is extensively discussed in
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Chapter 6. More specifically, we used a participatory design approach, attempting to
understand youth’s situations and contexts to design an intervention that is engaging,
retains attention, and matches their needs. Among other things, we extensively evaluated
the first iteration of HitnRun, ran focus groups with smoking youth, and performed play
testing sessions with pilot versions of the second iteration of the game.
In our final study, we conducted a two-armed randomized controlled trial (RCT)
and young smokers were randomly assigned to either play the second iteration of HitnRun
or to read a psychoeducational brochure. Chapter 7 describes the second design iteration
of HitnRun, where we specifically tried to deal with two barriers in smoking cessation
interventions: the lack of effective targeting of peer influence and a mismatch between
intervention programs and the needs of young people. Results of HitnRun on weekly
smoking behavior and abstinence rates prior to, directly following the intervention period,
and after three-month follow-up are discussed. Furthermore, intervention dose and peerand engagement-related factors were assessed and interpreted to inform future
intervention design iterations. Lastly, Chapter 8 summarizes and discusses the main
findings, limitations, and implications for intervention research, game design, clinical
practice, and policy building.
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“

The most important
lesson I have learned
from playing HitnRun is
that quitting smoking
together really works”

Chapter 2
Do smokers devaluate smoking cues after Go/No-Go training?
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Abstract
Objective: Smoking is one of the leading public health problems worldwide. The inability to
quit smoking may be the result of the amplified value of smoking-related cues and inhibitory
control deficits. Previous research has shown that pairing substance-related cues with nogo trials in go/no-go training reduces the value of these cues, an effect known as
devaluation. The current experiment investigated the devaluation effect of go/no-go
training on smoking-related cues, and compared this effect between smokers and
nonsmokers. Design and Main Outcome Measures: 39 smokers and 43 nonsmokers were
trained to respond immediately to neutral stimuli, but inhibit their reaction when smoking
stimuli were presented. Before and after training, participants evaluated smoking and
neutral stimuli, where part of these stimuli were subsequently presented in the training,
and the other part was not used in training. Results: Not responding to smoking stimuli in
go/no-go training decreased subsequent evaluations of trained smoking stimuli compared
to untrained smoking stimuli, thereby replicating food and alcohol studies and extending
the devaluation effect to smoking-related cues. This devaluation effect was found for both
smokers and non-smokers. Conclusion: Smoking-related cues can be devaluated in smokers
and non-smokers, thereby showing the potential for Go/No-Go training in smoking
cessation interventions.
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An important determinant of the onset, development, and maintenance of
addiction is impulsivity (De Wit, 2009). Impulsivity is a multidimensional concept that is
broadly characterized as an individual’s ability to regulate and control impulses and
behaviour (De Wit, 2009; MacKillop et al., 2011). Inhibitory control is one facet of
impulsivity and is defined as the ability to adaptively suppress or stop behaviour when
necessary (Smith et al., 2014). A widely used task to measure inhibitory control is the
Go/No-Go task. In the Go/No-Go task, participants are asked to press a button when a Go
stimulus is shown and withhold their response when a No-Go stimulus is presented. The
rate of commission errors to No-Go stimuli (i.e., responding to No-Go trials) is used as an
index of inhibitory control. A recent meta-analysis has shown that poor inhibitory control
is related to the abuse of several substances, such as cigarettes, cocaine, and MDMA
(Smith et al., 2014), and is also related to behavioural addictions, such as excessive
internet use and food intake (Lavagnino et al., 2016; Smith et al., 2014).
The accumulating evidence for inhibitory control as a trans-diagnostic mechanism
underlying several problematic behaviours has prompted studies that examine whether
inhibitory control could be strengthened through training. In these training paradigms,
which are frequently modified versions of the Go/No-Go task, participants are trained to
respond immediately to a neutral stimulus, but inhibit or stop the reaction when a
substance-related stimulus is presented (Houben, Nederkoorn, Wiers, & Jansen, 2011a).
So far, three meta-analyses have shown significant effects of Go/No-Go (GNG) training on
either alcohol or food intake, with medium effect sizes (Allom, Mullan, & Hagger, 2016;
Jones et al., 2016; Turton et al., 2016). Thus, GNG training paradigms seem to be able to
facilitate behaviour change, at least in the short term and perhaps in the long term (Allom
et al., 2016; Jones et al., 2016).
While studies continue to be conducted on the effects of GNG training for food or
alcohol abuse, surprisingly, training effects on other addictions or problematic behaviours,
such as smoking behaviours, have received little attention. Nevertheless, several studies
demonstrate that individuals who smoke often have poorer control over their impulses
than those who do not smoke (Luijten, Littel, & Franken, 2011; Smith et al., 2014).
Smoking is one of the leading public health problems in the world, killing each year about
six million people worldwide (WHO, 2016a). Rates of decline for cigarette smoking among
youth have slowed, stalled or even slightly increased in the last decade (CBS, 2016; 2017;
Gagné & Veenstra, 2017; Lugo et al., 2017; U.S. Department of Health and Human
Services, 2012). It is crucial to invest in research that targets the mechanisms needed to be
changed to help these individuals quit smoking. To our knowledge, however, only one
study exists that tested the effect of GNG training in the context of smoking (Adams et al.,
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2017a). The GNG training in this study, did not strengthen inhibitory control or decrease
cigarette use among smokers. However, there was weak evidence that GNG training
enhanced the ability to resist smoking (Adams et al., 2017a).
While behaviour change is the ultimate outcome to be pursued, it is nevertheless
essential to understand how and why GNG training may result in behavioural change. That
is, we need to examine the underlying mechanism that leads from training inhibitory
control to behaviour change. A first theory concerning the underlying mechanism of
change assumes that GNG training strengthens top-down control (i.e., strengthening of
pre-frontal control areas over more automatic subcortical areas), thereby directly
improving the ability to resist impulses toward substance-related stimuli (e.g., Houben &
Jansen, 2011b; Verbruggen & Logan, 2008). However, this assumption has only been
tested once by including inhibitory control as an outcome measure with a pre-test/posttest design, with no effects of GNG training on top-down inhibitory control (Adams et al.,
2017a). Instead, many studies have reported the change in inhibitory control accuracy
(commission errors) over the course of training as supporting evidence for this first
account (Jones, Hardman, Lawrence, & Field, 2017; Veling, Lawrence, Chen, Van
Koningsbruggen, & Holland, 2017). Yet, improvements in inhibitory control accuracy over
multiple training sessions could result from learning stimulus-stop contingencies instead
of the strengthening of top-down control (Verbruggen, Best, Bowditch, Stevens, &
McLaren, 2014; Veling et al., 2017). This alternative bottom-up account hypothesizes that
No-Go stimuli trigger inhibition in a stimulus driven way, creating an automatic ‘learned
reflex’ (Veling et al., 2017). Thus, at this point there is hardly any evidence that GNG
training results in the strengthening of top-down control.
An alternative theory, the Behaviour Stimulus Interaction (BSI) theory, proposes
that GNG training decreases perceived attractiveness of appetitive stimuli, such as
substance related stimuli, an effect also known as ‘devaluation’ (Chen, Veling, Dijksterhuis,
& Holland, 2016; Veling, Holland, & van Knippenberg, 2008). According to the BSI theory,
when appetitive stimuli are presented on the No-Go trials, participants need to engage in
response inhibition to inhibit their approach responses. The approach tendency and the
response inhibition lead to a response conflict, and the negative connotation of conflict
(Dreisbach & Fischer, 2015) is then attached to the originally appetitive stimuli, making
them less attractive. Other work suggests an inherent relation between punishment and
No-Go responses, which may also explain devaluation of No-Go stimuli (Guitart-Masip,
Duzel, Dolan, & Dayan, 2014). Decreased perceived attractiveness of substance-related
stimuli may weaken impulses toward these stimuli, thereby making individuals less likely
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to approach substance-related stimuli and better able to inhibit their responses (Veling et
al., 2008; Veling et al., 2014).
Several studies have shown that repeated pairing of food or alcohol stimuli with
No-Go cues in single training sessions resulted in lower evaluations of these food (Chen et
al., 2016; Lawrensce et al., 2015a; Veling et al., 2008; Veling, Aarts, & Stroebe, 2013a, b)
and alcohol (Houben et al., 2011a; Houben, Havermans, Nederkoorn, & Jansen, 2012)
stimuli. However, in a meta-analysis by Jones and colleagues (2016), no effect of repeated
inhibition on evaluation of food or alcohol stimuli was found. Important to note though,
the studies that found significant effects of GNG training on evaluations used explicit
measures to assess stimulus devaluation, whereas almost all studies included in Jones’
meta-analysis used implicit methods for measuring stimulus devaluation (e.g., Implicit
Association Tasks; Greenwald, McGhee, & Schwartz, 1998). The one study conducted in
smokers did not include an evaluation task to examine the devaluation effect (Adams et
al., 2017a). Altogether, support for the BSI theory in food and alcohol studies is mixed due
to different measurement methods, though possibly promising, and at this point no
evidence for the BSI exists regarding smoking behaviour.
In the current study we aimed to extend the devaluation effect induced by GNG
training to the context of smoking. In the current GNG training, the No-Go condition solely
consisted of smoking pictures and the Go condition of neutral pictures, to induce
devaluation of the smoking pictures. Before and after the GNG training, participants
evaluated pictures that were trained in the GNG training (i.e., trained pictures) and
pictures that were not shown in the training (i.e., untrained pictures). In line with previous
work (Chen et al., 2016), lower evaluations of trained compared to untrained pictures are
interpreted as evidence for devaluation. From an intervention perspective, one would
hope for generalization from trained to untrained stimuli, as that would indicate a possible
transfer from training to participants’ real-world environment. Because this was the first
study testing a GNG training in smokers and we changed already some factors in the
training design compared to the previous studies, we decided to adhere to the original
definition by Chen and colleagues (2016).
Note that in contrast to most food or alcohol studies, we did not include smoking
pictures on Go trials, because this may sometimes increase evaluations of these Go
pictures (Chen et al., 2016), which we considered ethically unsound. Besides ethical
considerations, this design choice was also based on the clinical impact we ultimately
want to make with this training. If we eventually want to develop a GNG training that can
train individuals to quit smoking, it is important that the smoking pictures are always
related to No-Go cues. In addition to smokers, we also included a group of non-smokers to
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explore whether devaluation can also be attained in this group and thus whether a GNG
training could possibly serve as prevention tool as well.
We hypothesized a devaluation effect for smoking pictures among smokers. This
means, in line with previous work (Chen et al., 2016), that Smoking No-Go pictures will be
evaluated less positively after the GNG training than Smoking Untrained pictures.
Furthermore, we explored the effects of a GNG training on non-smokers, and we had no
strong expectations about whether a devaluation effect would be attained in this group.
Finally, it was expected that generally smoking pictures would be evaluated less positive
than neutral pictures in both groups (Rehme et al., 2009; Stippekohl et al., 2010). Yet,
smoking pictures would be evaluated more positively by smokers than by non-smokers
(Rehme et al., 2009; Stippekohl et al., 2010).
Materials and Methods
Participants
Participants were recruited to participate in this experiment through on online
recruitment system at Radboud University. To be included in the study, participants had to
be 1) either non-smokers (defined as not smoking at this moment, and never been a daily
smoker in the past), or smokers (defined as smoking at least weekly or more); 2) between
18 and 30 years of age; 3) willing to give informed consent. A total of 86 participants took
part in the experiment, 42 (48%) were smokers and 44 (52%) were non-smokers. Based on
a meta-analysis by the time of conducting this experiment, the average effect size of GNG
training on health outcomes was expected to be Cohen’s d = 0.534 (Allom, 2014). Power
analysis indicated that 40 participants in both groups would be needed to achieve 90%
power, using a Repeated Measures Analysis of Variance within subjects design (G*Power;
Faul, Erdfelder, Lang, & Buchner, 2007). Four participants were excluded; one of the nonsmoking participants indicated to be a current smoker after all, and one of the smoking
participants indicated he had quit. Two smoking participants were excluded because their
Go or No-Go accuracy during the training was three standard deviations below the mean
(see Chen et al, 2016; Chen, Veling, Dijksterhuis, & Holland, 2017, where a similar
exclusion criterion has been used).
Non-smoking participants (n = 43) ranged in age from 18 to 28 (M = 21.37, SD =
2.51) and 26% were male. Thirty-eight non-smokers (88%) indicated that they had never
smoked in their lives. The remaining 12% non-smokers had smoked before, with the
number of cigarettes ever smoked ranging from 1 to 75 (M = 19, SD = 31.84). None of the
non-smokers indicated ever having smoked on a daily basis. The smoking participants (n =
39) ranged in age from 18 to 29 (M = 22.36, SD = 3.00) and 31% were male. Smoking
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participants smoked on at least one day a week (M = 4.36, SD = 2.22, range = 1-7). At
smoking days, they smoked at least one cigarette a day (M = 5.51, SD = 5.12, range = 1-25)
for at least a year (M = 5.47, SD = 2.96, range = 1-14). Fagerström scores (FTND) were
suggestive of low levels of nicotine dependence, M = 1.15, SD = 2.02, range = 0–6
(Heatherton, Kozlowski, Frecker, & Fagerstrom, 1991; Vink, Willemsen, Beem, &
Boomsma, 2005). Participants showed low levels of craving at pre-training (M = 22.00, SD
= 11.09, range = 10–70) and post-training (M = 24.90, SD = 12.82, range = 10–70). A paired
samples t-test showed that there was no significant difference between pre- and posttraining in craving levels (t(38) = -2.02, p = .05). Finally, 64% of smokers attempted to quit
smoking before, with an average of 1.46 quit attempts (M = 1.46, SD = 1,94, range = 0-10).
There were no significant differences between the smoking and non-smoking group in
mean age (t(80) = -1.62; p = .109), sex (X2 (1, n=82) = .27, p = .602) or educational level (X2
(4, n=82) = .92; p = .917). Most participants (over 65%) came from high educational
streams.
Materials and Measures
FTND. Participants in the smoking group filled out the Dutch version of The
Fagerström Test for Nicotine Dependence (FTND; Vink et al., 2005). This is a 6-item
questionnaire aiming to assess nicotine dependence. Some items are answered on a 4point scale, other items are yes (=1) or no (=0) questions. An example item is: “Do you find
it difficult to refrain from smoking in places where it is forbidden?”. In previous research,
the FTND showed acceptable reliability and correlated significantly with number of
cigarettes smoked per day in a Dutch sample (Vink et al., 2005). Internal consistency of the
FTND items in the present sample of n = 39 was acceptable (α =.78).
QSU. The Questionnaire of Smoking Urges (QSU-Brief; Cox, Tiffany, & Christen,
2001; Tiffany & Drobes, 1991) was assessed to measure subjective craving to smoke. The
QSU-Brief consists of ten items answered on a 7-point likert scale ranging from “strongly
disagree” (=1) to “strongly agree” (=7). An example item is: “I would do almost anything
for a cigarette now?”. The QSU showed good psychometric properties in a Dutch sample
(Littel, Franken, & Muris, 2011). Internal consistency of the QSU-Brief items in the present
sample of n = 39 was high (αpre =.90; αpost =.93).
Evaluation task. Task design of the evaluation and GNG training paradigm are
based on work of Chen and colleagues (2016). During the experiment participants
received two explicit evaluation tasks, one directly before and one directly after the GNG
training. In the first evaluation task, participants were asked to evaluate 80 neutral
pictures (i.e., neutral items, or people engaged in non-smoking behaviour) and 40 smoking
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pictures (i.e., smoking related objects such as a package of cigarettes, or people engaging
in smoking behaviour). The smoking and neutral pictures in the evaluation task were
matched on content, number of people in the picture, and sex. The evaluation task was
self-paced, and participants could indicate how positive or negative they evaluated the
pictures by using a 200-point slider (-100 = negative and +100 = positive; the cursor
started at 0). Participants first evaluated all neutral pictures and then the smoking
pictures. The order of pictures within the smoking- or neutral category was randomized.
After the first evaluation task, both the 80 neutral pictures and the 40 smoking
pictures were ranked from the highest evaluation to the lowest for each individual
participant. The 40 neutral pictures and the 20 smoking pictures with the highest
evaluations were selected. Of the 40 selected neutral pictures, 30 were randomly included
as Go pictures in the GNG training. The remaining 10 selected neutral pictures were not
included in the GNG training and served as Untrained Neutral pictures. Of the 20 selected
smoking pictures, 10 were randomly included as No-Go pictures in the GNG training. The
remaining 10 selected smoking pictures served as Untrained Smoking pictures. The
selection was made in such a way that the average evaluations of neutral Go pictures and
neutral Untrained pictures were matched for each participant, and the average
evaluations of smoking No-Go pictures and smoking Untrained pictures were also
matched for each participant (Chen et al., 2016).
After finishing the GNG training participants received the second evaluation task.
This task was similar to the first task, with the adaptation that only the 40 neutral and 20
smoking pictures with the highest evaluations during the first evaluation were evaluated
in the second evaluation task.
GNG training. The GNG training consisted of nine blocks, with six actual training
blocks of 40 pictures (30 neutral Go, 10 smoking No-Go; thus a 75% Go/25% No-Go
distribution) and three filler blocks (block 1, 4, 7). The filler blocks contained 20 unselected
neutral pictures, namely the neutral pictures that received the lowest evaluations in the
first evaluation task and were not evaluated at post-test. All filler blocks had the same
Go/No-Go trial distribution as the six actual training blocks, thus participants had to go in
75% of the filler trials and to withhold their response in 25% of the filler trials. The first
filler block served as practice block and the two other filler blocks were included to break
the repetition of the other blocks (Lawrence et al., 2015a, b).
Each trial started with the presentation of a picture in the middle of the screen
for 1000 ms. One hundred milliseconds after picture onset, a high (1000 Hz) or low (400
Hz) tone was played for 300 ms. The frequency of the tone indicated to the participants
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whether the picture was assigned to be a Go or No-Go trial. The frequency of the tone
paired to Go or No-Go trials was counterbalanced across participants. Participants were
instructed to press the spacebar on the keyboard as fast as possible in Go trials. If the
picture was assigned to a No-Go trial, participants were instructed to not press any key
until the picture disappeared. Intertrial intervals randomly varied from 1500 to 2500 ms,
in steps of 100 ms. In each training block, the 40 selected pictures were randomly
presented once, and since the whole training consisted of 6 training blocks, the total
amount of training trials was 240.
Procedure
Participants in the smoking group were asked to refrain from smoking at least
one hour before the start of the experiment. After participants gave informed consent,
they were asked to fill out a battery of questionnaires. This battery consisted of
demographic questions and smoking frequency and quantity questions. The FTND
(Heatherton et al., 1991; Vink et al., 2005) to measure nicotine dependence, and the QSU
(Tiffany & Drobes, 1991) to measure craving, were administered to explore their
associations with the evaluations of smoking pictures. Participants in the non-smoking
group did not fill out the complete smoking questionnaires, instead we asked them some
smoking-related questions to check whether these participants did not smoke after all.
Upon completion of the questionnaires, participants started with the evaluation task of
smoking- and neutral pictures. Thereafter, participants completed a GNG training followed
by the second evaluation task. The whole experimental procedure was implemented in
PsychoPy (version v1.81.03; Peirce, 2007) and run individually for each participant on a
Windows 7 computer. Finally, participants in the smoking group were asked to fill out the
QSU again, to measure craving levels after exposure to multiple smoking pictures. At the
end of the experiment, participants could choose whether they wanted to receive course
credit or monetary compensation. All procedures were approved by the institutional
review board at the Faculty of Social Sciences, Radboud University Nijmegen, The
Netherlands (ECSW2015-2206-318).
Strategy of Analysis
The average picture evaluation for each training condition (i.e., Neutral Go,
Smoking No-Go, Neutral Untrained and Smoking Untrained), both pre- and post-training,
was calculated for each participant. Then, to test whether changes in evaluations varied
for different training conditions, repeated measures analyses of variance (ANOVA) were
performed for smoking and neutral pictures separately. In the analysis of smoking
pictures, the two within subject factors of interest were time (pre-training versus post33
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training) and training condition (Smoking No-Go versus Smoking Untrained), and the
between subject factor was group (smokers versus non-smokers). Furthermore,
correlations were computed to examine possible relations between the strength of the
devaluation effect for smoking pictures and the severity of the smoking addiction. The
correlations are discussed in the online supplementary materials. The analyses of the
neutral pictures were similar to the smoking picture analyses, with the training condition
comparing Neutral Go versus Neutral Untrained pictures. The neutral picture results are
presented in the online supplementary materials, since they not concern our main
hypotheses. Follow-up t-tests with a Bonferroni correction for multiple comparisons for
interactions were performed when necessary.
Finally, we expected that generally smoking pictures would be evaluated less
positive than neutral pictures in both groups, but smoking pictures would be evaluated
more positively by smokers than by non-smokers. Therefore, we performed a repeated
measures ANOVA to assess the differences in picture evaluation between neutral and
smoking pictures between smokers and non-smokers. The within-subject factors were
time (pre-training versus post-training) and picture content (average of Smoking No-Go
and Smoking Untrained pictures versus average of Neutral Go and Neutral Untrained
pictures), and the between subject factor was group (smokers versus non-smokers). Again,
follow-up tests with a Bonferroni correction for multiple comparisons were applied when
necessary. The data were analysed using SPSS 23 (IBM corp. 2015).
Results
Descriptive Statistics
A summary of participants’ overall performance on the GNG training is provided
in Table 1. There were no significant differences between smokers and non-smokers on
overall performance throughout the training. Table 2 provides all means, standard errors
and difference scores for picture evaluations for the total group, as well as for the smokers
and non-smokers separately. Generally, all training conditions showed a decrease in
evaluation from pre- to post-training.
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Table 1
Performance on GNG Training in Total Group, Smokers and Non-Smokers
Total group
Smokers
Non-smokers

No-Go accuracy

Go accuracy

Go RT (ms)

95.8% (0.5%)
96.2% (0.7%)
95.4% (0.6%)

99.1% (0.2%)
98.9% (0.3%)
99.4% (0.2%)

444.5 (7.5)
450.8 (9.0)
438.6 (11.8)

Note. Standard errors are between parentheses.

Table 2
Means and Standard Errors of All Training Conditions Pre- and Post-Training and
Calculated Difference Scores
Total group
Smoking No-Go
Smoking Untrained
Neutral Go
Neutral Untrained
Smokers
Smoking No-Go
Smoking Untrained
Neutral Go
Neutral Untrained
Non-smokers
Smoking No-Go
Smoking Untrained
Neutral Go
Neutral Untrained

Pre-training

Post-training

Difference score

-9.87 (4.33)
-9.69 (4.29)
41.17 (1.64)
41.25 (1.66)

-28.11 (3.98)
-23.99 (3.97)
35.41 (1.85)
32.04 (1.94)

-18.24
-14.30
-5.76
-9.21

18.38 (3.55)
18.17 (3.57)
42.94 (2.37)
43.09 (2.41)

-1.14 (3.47)
2.76 (3.20)
32.87 (2.54)
31.94 (2.63)

-19.52
-15.41
-10.07
-11.15

-35.50 (5.07)
-34.96 (5.02)
39.56 (2.26)
39.58 (2.30)

-52.57 (4.31)
-48.25 (4.47)
37.72 (2.66)
32.13 (2.84)

-17.07
-13.29
-1.84
-7.45

Note. Standard errors are in parentheses.

Differences between Training Conditions
A repeated measures ANOVA was performed to test for differences between
training conditions for smoking pictures. Significant main effects for time (F (1,80) = 74.70,
p < 0.001, η2 = 0.48), training condition (F (1,80) = 12.22, p = 0.001, η2 = 0.13), and group (F
(1,80) = 88.04, p < 0.001, η2 = 0.52) were observed in analyses including smoking pictures.
These results respectively indicated a significant decrease of evaluations over time, more
35

Chapter 2

negative evaluations of Smoking No-Go pictures than Smoking Untrained pictures, and
more negative evaluations for non-smokers compared to smokers (for means and SE’s see
Table 2).

Mean evaluation scores

The interaction between training condition and time was also significant (F (1,80)
= 10.12, p = 0.002, η2 = 0.11), which can be interpreted as evidence for the devaluation of
No-Go pictures compared to untrained pictures induced by GNG training. Follow-up t-tests
indicated that there were significant decreases from pre- to post-training evaluations for
both Smoking No-Go (p < 0.001, η2 = 0.50) and Smoking Untrained pictures (p < 0.001, η2 =
0.41). Furthermore, the follow-up tests indicated no differences in evaluations between
Smoking No-Go and Smoking Untrained pictures at pre-training (p = 0.371, η2 = 0.01), but
significant differences at post-training (p = 0.001, η2 = 0.13; see Figure 1). Thus, although
both No-Go smoking picture evaluations and Untrained smoking picture evaluations
decreased over time, No-Go smoking pictures were evaluated less positively than Smoking
Untrained pictures at post-training. The interaction between training condition and group
(F (1,80) = 0.23, p = 0.636, η2 < 0.001), and between time and group (F (1,80) = 0.36, p =
0.548, η2 = 0.01), and the three-way interaction between training condition, time and
group (F (1,80) = 0.02, p = 0.896, η2 < 0.001) were not significant (see Figure 1).
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Figure 1. Mean evaluation scores and standard errors of Smoking No-Go and -Untrained pictures over time for
both groups.
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Differences in Neutral and Smoking Picture Evaluations between Smokers and NonSmokers
A repeated measures ANOVA was performed with the within-subject factors time
(pre-training versus post-training) and picture content (all smoking pictures versus all
neutral pictures), and the between subject factor group (smokers versus non-smokers) to
assess the differences between neutral and smoking pictures within smokers and nonsmokers. Significant main effects were found for time (F (1,80) = 119.44, p < 0.001, η2 =
0.60), picture content (F (1,80) = 273.68, p < 0.001, η2 = 0.77), and group (F (1,80) = 63.32,
p < 0.001, η2 = 0.46). These results respectively indicate a decrease in evaluations over
time, more negative evaluations of smoking pictures compared to neutral, and more
positive evaluations for smokers compared to non-smokers. In addition, the picture
content and time interaction was also found to be significant (F (1,80) = 15.06, p < 0.001,
η2 = 0.16). Follow-up t-tests revealed that both smoking picture (p < 0.001, η2 = 0.48) and
neutral picture evaluations (p < 0.001, η2 = 0.35) decreased from pre-training to posttraining (see Figure 2). Although both follow-up tests were significant, the effect size for
the decrease in smoking pictures over time was larger than the effect size for neutral
pictures (η2 = 0.48 vs. η2 = 0.35). This indicates a more pronounced decrease in evaluations
for smoking pictures compared to neutral pictures. In addition, both at pre-test (p < 0.001,
η2 = 0.73) and post-test (p < 0.001, η2 = 0.77) neutral pictures were evaluated more
positively than the smoking pictures.
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Figure 2. Mean evaluation scores and standard errors of smoking- and neutral pictures over time for both
groups.
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Furthermore, the interaction between picture content and group was also
significant (F (1,80) = 62.93, p < 0.001, η2 = 0.44). Additional follow-up analyses indicated
that both smokers (p < 0.001, η2 = 0.31) and non-smokers (p < 0.001; η2 = 0.80) were less
positive about smoking pictures than about neutral pictures. Nevertheless, smokers were
more positive about smoking pictures than non-smokers (p < 0.001, η2 = 0.52), while such
a difference between smokers and non-smokers was not found for neutral pictures (p =
0.889, η2 < 0.001; see Figure 2). Finally, the interaction between time and group (F (1,80) =
3.55, p = 0.063, η2 = 0.04), and the three-way interaction between picture content, time
and group (F (1,80) = 0.68, p = 0.412, η2 = 0.01) were both not significant. Thus, smoking
pictures were evaluated less positively than neutral pictures by both smokers and nonsmokers. In addition, smokers evaluated smoking pictures more positively than the nonsmokers.
Discussion
As expected, we found that smokers showed a devaluation effect after a
smoking-specific GNG training, suggesting that the evaluation of smoking cues can be
decreased by means of GNG training. This is in line with previous research, that found this
same effect after a food-specific- or alcohol-specific GNG training (Chen et al., 2016;
Houben et al., 2011a, 2012; Lawrence et al., 2015a; Veling et al., 2013a, b). These results
support our theoretical idea that GNG training could serve as a trans-diagnostic
mechanism of change, and thereby could be a potential target for intervention of multiple
problem behaviours. In addition, smoking pictures in general were evaluated less
positively than neutral pictures by both smokers and non-smokers. Importantly, we were
able to diminish evaluations of smoking pictures also among non-smokers. This pattern of
findings suggests that it might be possible to extend the potential of GNG training from
intervention to prevention. Although promising, replication investigating these prevention
possibilities is warranted.
In a first attempt to investigate the effects of a smoking-specific GNG training, the
current research replicated devaluation results from food- or alcohol-studies. This adds to
the already existing evidence for the BSI-theory, but it does not fully clarify the interacting
working mechanisms of GNG training on behaviour. As laid out in a review by Veling and
colleagues (2017), there are multiple accounts that could theoretically explain the effects
of a GNG training on behaviour. They describe either 1) a top-down account, whereby
training strengthens inhibitory control toward No-Go stimuli; 2) an automatic bottom-up
account, in which training creates automatic associations between No-Go stimuli and
stopping responses; and 3) a devaluation account, where training leads to devaluation of
No-Go stimuli (Veling et al., 2017). According to the review, empirical evidence is only
38

Do smokers devaluate smoking cues after Go/No-Go training?

available for the devaluation account, while the other accounts having not been
experimentally tested yet (second account) or only have been tested once (first account;
Adams et al., 2017a). To advance this line of research, and to be able to make
substantiated claims about the working mechanisms of GNG training, we recommend the
inclusion of multiple outcome measures (e.g., Go/No-Go task, evaluation task, behavioural
outcome etc.), well-powered studies and the analysis of mediating mechanisms of change.
In the current study, lower evaluations of trained No-Go pictures compared to
untrained pictures were interpreted as evidence for devaluation. This definition was
chosen based on previous work (Chen et al., 2016), and allows us to exile the explanation
of regression to the mean for our results. Yet, central to considering the impact of a GNG
training as intervention or prevention tool is the issue of generalization from trained to
untrained stimuli. Generalization of the effects to other related stimuli is critical when
behaviour change is the end goal; the individual needs to transfer the learned associations
to stimuli in their environment. In the current study we indeed found significant decreases
in evaluations of untrained smoking stimuli which, however, were smaller than the
decreases in trained smoking stimuli. These decreases in untrained smoking stimuli can be
caused by two possible explanations. First, it could merely be a case of regression to the
mean (Cohen, Cohen, West, & Aiken, 2013). Note that regression to the mean may occur
for both trained and untrained pictures, because we selected the most positive pictures
based on the pre-measure. Second, it could be that, in addition to regression to the mean,
some transfer of devaluation from the trained pictures to the untrained pictures may have
occurred (Chen et al., 2016). However, our data do not allow us to address this
explanation, because this would require a between-subjects condition with no training.
Based on our results in combination with the results in the food- and alcohol
domain, we can cautiously argue that GNG training leads to decreased perceived
attractiveness of substance-related stimuli. That in turn may weaken impulses toward
these stimuli, thereby making individuals less likely to approach substance-related stimuli
and better able to inhibit their responses, which in turn could lead to behaviour change
(Veling et al., 2008; Veling et al., 2014). These promising results call for follow-up studies
that investigate the possible effect of GNG training on (smoking) behaviour, with a
particular focus on the working mechanisms underlying the effects of GNG training, the
possibility of transfer of effects from training to the real-world context, and the
opportunity of GNG training as prevention tool.
For future studies attempting to bring GNG training to an intervention context it
is important to consider the multi-determinant nature of smoking. Smoking cessation is
difficult to reach and there are many components influencing this process. For example,
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motivation to quit is an important predictor of intervention success and should therefore
be included in future studies testing the effect of GNG trainings on smoking behaviour.
Furthermore, comprehensive interventions are considered necessary for effectiveness.
Previous research has shown that the complex interventions, including multiple
mechanisms of change, are most effective (Fanshawe et al., 2017). A possible add-on to
GNG trainings is attentional bias modification (ABM), in which the attention of participants
is trained away from the targeted stimuli (i.e., smoking pictures) and towards neutral or
control stimuli. Studies have shown some promise of ABM in the alcohol (Wiers, Boffo, &
Field, 2018) and smoking (Elfeddali, De Vries, Bolman, Pronk, & Wiers, 2016) domain, but
the combination of GNG and ABM training seems more effective in boosting intervention
effects (Stice, Yokum, Veling, Kemps, & Lawrence, 2017; Wiers et al., 2018). In these kinds
of interventions, participants are trained towards healthy behaviours (such as healthy
food) by ABM, and trained to not respond to unhealthy behaviours (such as snack foods)
by GNG training.
Finally, future intervention studies would benefit from incorporating objective
measures to examine smoking behaviour, instead of only relying on self-report. Previous
studies have included measures of smoking topography, carbon-monoxide (CO) levels in
breath, or cotinine levels in blood, saliva, urine, or hair as a proxy of smoking behaviour
(Deveci, Deveci, Açik, & Ozan, 2004; Florescu et al., 2009; Lee, Malson, Waters, Moolchan,
& Pickworth, 2003). In addition, ecological momentary assessment (i.e., the repeated realtime assessment of behaviour in participants’ natural contexts) could be another method
to capture smoking patterns not measured by questionnaires or retrospective data
(Shiffman, 2009).
Limitations and Recommendations
One important methodological limitation is that we did not include an extra
smoking participant group, that did not perform the training as a (non-)active control
group (Boot, Simons, Stothart, & Stutts, 2013). Instead, we included a non-smoking
sample, which provides valuable information about the effects of a smoking-specific GNG
training on non-smoking participants. The inclusion of another group of smokers as
control group would be important to test possible transfer effects from No-Go stimuli
toward untrained stimuli. In addition, we only included an explicit evaluation measure in
our study to test for devaluation. Future studies would benefit from including an implicit
evaluation measure (e.g., Implicit Association Tasks; Greenwald et al., 1998) as well, to
allow for a direct comparison between these two types of measures and mediation of
effects on smoking outcomes.
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Furthermore, we have two recommendations for further research and for
optimisation of the training itself. First, the inclusion of one session of GNG training only
allowed us to examine very short-term effects. While a single session of GNG training
already leads to a robust reduction in food and alcohol consumption, the effects of a
single session may not persist over time (Allom et al., 2016; Jones et al., 2016). Therefore,
the inclusion of multiple training sessions and longer-term follow-up measures is
warranted. However, there are limitations to multiple training sessions as well: the
current training could be perceived as relatively unengaging as it is very repetitive (Beard,
Weisberg, & Primack, 2012; Boendermaker, Boffo, & Wiers, 2015a; Brosan, Hoppitt,
Shelfer, Sillence, & Mackintosh, 2011).
An elegant solution for balancing these issues might be to improve the design of
the training context by using video games, especially for a younger age group (Forman et
al., 2017). Thus, a second recommendation is to transform the GNG training into a video
game, which can not only deal with potential problems of motivation, but also with the
repetitive nature of these trainings (Forman et al., 2017). Video games are a ubiquitous
part of our current society (Granic et al., 2014), and are able to harness young people’s
intrinsic motivation to playfully engage with training regimens (Ryan, Rigby, & Przybylski,
2006). Furthermore, video games can encourage repetitive gameplay without boring
participants through the use of reward systems, novel elements, and social learning
mechanisms (Granic et al., 2014; Green & Bavelier, 2012).
Conclusion
This study showed that smoking-related cues can be devaluated in smokers and
non-smokers by means of a GNG training. These results are the first to show this among
smokers, and suggest that the same mechanisms are at work among smokers as among
individuals who eat unhealthy or who consume too much alcohol. This work adds to the
already existing evidence for GNG training, and is a necessary initial step towards
establishing the working mechanisms driving the effects of this training. In future
research, it will be important to determine the theoretical underpinnings of GNG training,
and the application of technological innovations to optimize future intervention efforts of
problem behaviours such as smoking.
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Supplementary Materials Chapter 2
S1. Neutral Picture Evaluations
The analysis of neutral pictures showed significant main effects for time (F (1,80)
= 43.21, p < 0.001, η2 = 0.35) and training condition (F (1,80) = 7.96, p = 0.006, η2 = 0.09).
These results respectively indicate a significant decrease of evaluations over time, and
more positive Neutral Go picture evaluations than Neutral Untrained picture evaluations.
No significant main effect was found for group (F (1,80) = 0.02, p = 0.888, η2 < 0.001).
Furthermore, a significant interaction effect for training condition and time was found (F
(1,80) = 8.71, p = 0.004, η2 = 0.10). Follow-up t-tests indicated that there were significant
decreases from pre- to post-training evaluations for both Neutral Go (p < 0.001, η2 = 0.25)
and Neutral Untrained pictures (p < 0.001, η2 = 0.35). Furthermore, follow-up tests
revealed that Neutral Go and Neutral Untrained picture evaluations significantly differed
at post-training (p = 0.005, η2 = 0.10), but not at pre-training (p = 0.458, η2 = 0.01). Thus,
although both Neutral Go and Neutral Untrained were evaluated less positively after the
training, Neutral Go pictures were evaluated more positively at post-test than Neutral
Untrained pictures. This indicates a Go valuation effect for neutral pictures (see also Chen
et al., 2016).
The interaction effect between training condition and group was significant as
well (F (1,80) = 4.52, p = 0.037, η2 = 0.05). Follow-up tests indicated more positive
evaluations of Neutral Go pictures compared to Neutral Untrained pictures in the nonsmokers group (p = 0.001, η2 = 0.14), but not in the smokers group (p = 0.632, η2 < 0.001;
see Figure 2). Additional follow-up t-tests indicated that there were no differences
between smokers and non-smokers for either Neutral Go (p = 0.824, η2 < 0.001) or Neutral
Untrained pictures evaluations (p = 0.621, η2 < 0.001). Furthermore, the interaction
between time and group was also significant (F (1,80) = 6.63, p = 0.012, η2 = 0.08).
However, follow-up t-tests indicated that both non-smokers (p = 0.005, η2 = 0.10) and
smokers (p < 0.001, η2 = 0.33) showed a decrease in evaluation from pre-training to posttraining, whereas no differences were found between non-smokers and smokers a both
pre- (p = 0.300, η2 = 0.01) and post-training (p = 0.488, η2 < 0.001).
Finally, a significant three-way interaction was found between time, training
condition, and group (F (1,80) = 4.00, p = 0.049, η2 = 0.05). This indicates a difference
between smokers and non-smokers in their evaluations of Neutral Go and Neutral
Untrained pictures over time. More specifically, in smokers’ evaluations of both Neutral
Go (p < 0.001, η2 = 0.32) and Neutral Untrained (p < 0.001, η2 = 0.27) pictures showed a
decrease from pre- to post-training. Whereas, in non-smokers evaluations of Neutral
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Untrained pictures (p < 0.001, η2 = 0.15) showed a similar decrease from pre- to posttraining, but evaluations of Neutral Go pictures remained unchanged (p = 0.247, η2 =
0.02). Moreover, while in smokers’ evaluations of Neutral Go and Neutral Untrained
pictures were equally positive at both pre- (p = 0.370, η2 = 0.01) and post-training (p =
0.569, η2 < 0.001), evaluations of Neutral Go and Neutral Untrained pictures were equally
positive for non-smokers at pre-training (p = 0.894, η2 < 0.001), but at post-training nonsmokers evaluated Neutral Untrained pictures less positively than Neutral Go pictures (p =
0.001, η2 = 0.14). Thus, both smokers and non-smokers showed decreases in picture
evaluations over time, except for the Neutral Go pictures in non-smokers; these did not
show change over time (see Figure S1).
For the neutral pictures we found decreases in trained and untrained picture
evaluations over time in both smokers and non-smokers indicative for regression to the
mean (Chen et al., 2016; Cohen et al., 2013). Smokers did not show differences between
trained Go and untrained picture evaluations. In contrast, we found that non-smokers
evaluated Go pictures more positively than untrained pictures at post-test. Thus, Go
training keeps non-smokers constantly positive over time about neutral pictures, whereas
smokers may not be sensitive for training of non-smoking pictures. The results in the nonsmoking group are in line with work on cue-approach training (Schonberg et al., 2014),
where they found that responding to Go stimuli may lead participants’ attention to these
stimuli and this in turn may increase the value of these stimuli (Schonberg et al., 2014).
These valuation training (i.e., responding to Go stimuli) effects have been consistently
shown (Chen et al., 2016; Kakoschke, Kemps, & Tiggemann, 2014; Lawrence et al., 2015a),
suggesting the importance of training participants toward the desired behaviour instead
of training them away from the problematic behaviours (Chen et al., 2016; Jones et al.,
2017; Stice, Lawrence, Kemps, & Veling, 2016). A possible explanation for the lack of a
valuation effect in our smoker sample, is the idea that the vigour with which Go responses
are executed is crucial in Go valuation effects. Based on the performance data (Table 2), it
seemed that non-smoking participants were somewhat more accurate, thus more
vigorous, on Go trials compared to smokers, and therefore valuation effect was only
observed among non-smokers (see also Guitart-Masip et al., 2012; Guitart-Masip et al.,
2014).
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Figure S1. Mean evaluation scores and standard errors of Neutral Go and -Untrained pictures over time for both
groups.

S2. Correlations
Difference scores were computed by subtracting the pre-training evaluations
from the post-training evaluations, with a negative difference score indicating participants
evaluated the picture content less positively after GNG training. Then the devaluation
effect was computed by subtracting the difference score of Smoking Untrained pictures
from the Smoking No-Go pictures. Subsequently, correlations were computed for this
devaluation effect measure, the difference scores of Smoking No-Go and Smoking
Untrained pictures and other smoking variables among smokers, such as number of
cigarettes a day, nicotine dependence, craving, and impulsivity.
Table S1 shows the correlations for the devaluation effect, difference scores of
Smoking No-Go and Smoking Untrained pictures and other smoking-related variables
among smokers. A moderate correlation was found for the devaluation effect and the
difference score of Smoking No-Go pictures, which indicates that participants that showed
a larger devaluation effect also showed a larger decrease in evaluation of Smoking No-Go
pictures. In addition, a strong correlation was found for the difference scores of Smoking
No-Go and Smoking Untrained pictures effects, indicating that participants that showed a
larger decrease in Smoking No-Go evaluations also showed a larger decrease in Smoking
Untrained evaluations. Furthermore, both difference scores correlated moderately with
craving: participants that showed a larger decrease in either Smoking No-Go or Smoking
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Untrained pictures also reported larger decreases in feelings of craving from pre- to posttraining. The smoking-related variables correlated moderately to highly with each other,
indicating that the more dependent smokers also reported larger numbers of cigarettes a
day and years of smoking, and higher craving scores.
Table S1
Correlations
Measures

1.

2.

3.

4.

5.

6.

7.

8.

9.

1.
Devaluation
effect
2.
Smoking
No-Go
post-pre
3.
Smoking
Untrained
post-pre
4.
Number
of
cigarettes
a day
5. Years
of
smoking
6.
Nicotine
dependence
(FTND)
7. Craving
pre-

1

.55
(<.001)

-.08
(.630)

-.16
(.340)

-.26
(.106)

-.10
(.547)

-.23
(.167)

-.09
(.597)

.15
(.348)

1

.79
(<.001)

.11
(.497)

-.11
(.507)

.13
(.417)

-.27
(.091)

.03
(.844)

.39
(.015)

1

.25
(.128)

.06
(.710)

.23
(.155)

-.16
(.326)

.10
(.534)

.35
(.030)

1

.43
(.007)

.73
(.001)

.38
(.016)

.47
(.002)

.20
(.214)

1

.41
(.010)

.34
(.034)

.28
(.084)

-.02
(.906)

1

.25
(.132)

.53
(<.001)

.46
(.003)

1

.73
(<.001)

-.20
(.235)
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training
(QSU)
8. Craving
posttraining
(QSU)
9. Difference
score
craving
post-pre
(QSU)
Note. n = 39
p-values are represented between parentheses for each correlation.
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“

The most important
lesson I have learned
from playing HitnRun is
that through improving
my game play I became
less impulsive and that
helped me during my quit
attempt”

47

The most important
lesson I have learned
from playing HitnRun
is that I could beat
my own unhealthy
behaviors through
playing a game”
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Abstract
In every day decision making, individuals make trade-offs between short and long term
benefits or costs. Depending on many factors, individuals may choose to wait for larger
delayed reward, yet in other situations they may prefer the smaller immediate reward. In
addition to within-subject variation in the short versus long term reward trade-off, there
are also inter-individual differences in delay discounting (DD), which have been shown
to be quite stable. The extent to which individuals discount the value of delayed rewards
turns out to be associated with important health and disorder-related outcomes: the more
discounting, the more unhealthy or problematic choices. This has led to the hypothesis
that DD can be conceptualized as trans-disease process. The current systematic review
presents an overview of behavioral trainings and manipulations that have been developed
to reduce DD in human participants aged 12 years or older. Manipulation studies mostly
contain one session and measure DD directly after the manipulation. Training studies add
a multiple session training component that is not per se related to DD, in between two
DD task measurements. Ninety-eight studies (151 experiments) were identified that tested
behavioral trainings and manipulations to decrease DD. Overall, results indicated that DD
can be decreased, showing that DD is profoundly context-dependent and changeable.
Most promising avenues to pursue in future research seem to be acceptance-/mindfulnessbased trainings, and even more so manipulations involving a future orientation. Limitations
and recommendations are discussed to identify the mechanistic processes that allow for
changes in discount rate and behavior accordingly.

Behavioral trainings and manipulations to reduce delay discounting

Life is full of choices between options that are immediately rewarding and
options that are only rewarding in the future. For example, shall I smoke a cigarette right
now or shall I refrain from smoking to stay healthier in the future? Individuals have the
tendency to prefer immediate smaller rewards over larger, but delayed rewards (Logue,
1988). This phenomenon is described as delay discounting (DD) - also referred to as
temporal discounting or time discounting - and is often viewed as a measure of impulsive
choice (e.g., Ainslie, 1975; Monterosso & Ainslie, 1999; Rachlin, 1989). DD refers to the
decrease in the subjective value of a reward as the delay to its receipt increases (Ainslie,
1992; Critchfield & Kollins, 2001; Green & Myerson, 1993; Hamilton et al., 2015; Rachlin,
1989). The extent to which individuals discount the value of delayed rewards turns out
to be associated with important health and disorder related outcomes and there is
growing interest in trainings and manipulations that decrease heightened DD. The current
systematic review presents an overview of behavioral trainings and manipulations that
have been developed to reduce DD.
A DD task in which participants have to choose between a series of smallersooner (e.g., $5 today) and larger-later rewards (e.g., $10 in 2 weeks) is commonly used to
assess these preferences (Green & Myerson, 2004; Stanger, Budney, & Bickel, 2013). The
magnitude of the smaller-sooner reward and the delay preceding the larger reward are
varied across choices in DD tasks, to determine an individual’s indifference point for each
delay (Critchfield & Kollins, 2001). The indifference point, or subjective value, is defined
as the magnitude of the smaller-sooner reward at which an individual shows no clear
preference for either the smaller-sooner or later-larger reward. These indifference points/
subjective values are used to define the rate at which individuals discount delayed rewards
(Bickel, Jarmolowicz, Mueller, Koffarnus, & Gatchalian, 2012b; Scheres, de Water, & Mies,
2013a).
The choices in DD tasks can either be hypothetical, potentially real, or real. In
hypothetical DD tasks, participants do not receive the rewards they choose, and they
do not experience the waiting times (Scheres et al., 2013a). In potentially real DD tasks,
participants are informed that one choice will be selected at the end of the task, and
participants are paid accordingly. This task relies on the assumption that participants will
choose on each trial as if that trial is the one that will be selected. In real tasks, all chosen
rewards are paid, and all delays are experienced during the test session (Scheres et al.,
2013a). Another method to assess DD, is the fill-in-the-blank (FITB) task (Chapman, 1996).
In this task, participants only answer one question at each given delay, in comparison
to the titrating procedures used in DD tasks (Weatherly & Derenne, 2011; Weatherly &
Terrell, 2010). Specifically, for each choice participants indicate themselves what amount
they are willing to accept immediately rather than having to wait for the full amount of the
outcome that will be delayed for x amount of time (Weatherly & Derenne, 2011).
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Frequently, unhealthy or problematic behaviors have a delayed effect on health,
for example, smoking a cigarette right now has detrimental effects on one’s health in
the long run. This has led researchers to believe that an individual’s tendency to make
unhealthy or problematic choices is related to their discount rate. Supporting this belief,
discount rate is highly correlated with a variety of health behaviors and disorders, with
medium effect sizes across studies (Amlung, Petker, Jackson, Balodis, & MacKillop, 2016;
Jackson & MacKillop, 2016; MacKillop et al., 2011). Specifically, increased DD rates are
characteristic of maladaptive and unhealthy behaviors including alcohol dependence
(e.g., Bobova, Finn, Rickert, & Lucas, 2009; Mitchell, Fields, D’Esposito, & Boettiger, 2005),
drug dependence (e.g., Bickel et al., 2011a; Kirby & Petry, 2004; Monterosso, Ainslie, Xu,
Cordova, Domier, & London, 2007), gambling problems (e.g., Reynolds, 2006), tobacco
use (e.g., Audrain-McGovern et al., 2009; Baker, Johnson, & Bickel, 2003; Bickel, Yi, Kowal,
& Gatchalian, 2008; Fields et al., 2009), overeating (e.g., Amlung et al., 2016; Weller,
Cook, Avsar, & Cox, 2008), attention deficit/hyperactivity disorder (ADHD; Demurie,
Roeyers, Baeyens, & Sonuga-Barke, 2012; Jackson & MacKillop, 2016; Scheres, Tontsch,
Thoeny, & Kaczkurkin, 2010; Patros et al., 2016), conduct disorder (White et al., 2014),
and risky sexual behaviors (Chesson et al., 2006). For example, as a group, individuals
who smoke consistently show higher DD rates than controls (Amlung & MacKillop, 2014;
MacKillop et al., 2011). Thus, DD is consistently linked with a variety of problematic
and unhealthy behaviors, and there is initial evidence from developmental studies that
increased discounting rates contribute to the development and maintenance of these
behaviors (Audrain-McGovern et al., 2009; Ayduk et al., 2000; Breaux, Griffith, & Harvey,
2016; Campbell & Von Stauffenberg, 2009; Khurana et al., 2013; Krishnan-Sarin et al.,
2007; Passetti, Clark, Mehta, Joyce, & King, 2008; Sheffer et al., 2012; Stanger et al.,
2012). Although more studies are needed to replicate these effects, Audrain-McGovern
and colleagues (2009) for example showed with a prospective longitudinal cohort study
spanning mid-adolescence to young adulthood (age 15–21 years old) that heightened
baseline DD rates were a significant predictor of smoking initiation over time (11% increase
in the odds of smoking uptake).
This body of evidence has led to the hypothesis that DD can be conceptualized
as a trans-disease process that is shared across different disorders (Bickel et al., 2012b;
Bickel et al., 2015). Consequently, intervening in such a trans-disease process could be
very promising for various reasons. First and foremost, if higher discount rates function as
a behavioral marker of health behaviors and disorders, then manipulating discount rates
might change multiple health behaviors and disorders as well (Koffarnus et al., 2013).
Furthermore, it offers the opportunity to better understand and investigate comorbidity
(i.e., the co-occurrence of two or more disorders). The presence of two or more disorders
is not unexpected when both are originating from the same trans-disease process.
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Inter-individual differences in discounting rates are highly stable. This had led
some to argue that the discounting rate should be viewed as a personality trait (Odum,
2011), namely someone’s relative DD rate is highly stable. At the same time, there is
a growing number of studies that suggest that intra-individual differences in DD rate
are substantial as well: within individuals, DD rate changes as a function of contextual/
situational factors (Bickel, 2015; Gray & MacKillop, 2015; Odum, 2011). Therefore, there
is growing attention for trainings and manipulations that successfully target and decrease
heightened DD (e.g., Bickel et al., 2015; Koffarnus et al., 2013). Instead of focusing on
specific disorders to identify trainings and manipulations that work, a more successful
approach might be to develop trainings and manipulations that are effective across a
variety of disorders.
While attention to the topic of reducing DD is growing, little is understood about
effective ways to alter heightened discount rates. Understanding which trainings and
manipulations are worth pursuing in the future, and which of those seem less effective
in reducing DD, can help us optimize the application of this body of work. Although the
literature provides a small number of important narrative reviews discussing the promise
of DD trainings and manipulations (e.g., Bickel et al., 2015; Gray & MacKillop, 2015;
Koffarnus et al., 2013; Lempert & Phelps, 2016a), a systematic review was not performed
at the time of our search. However, recently a systematic review and meta-analysis
was published on the same topic (Rung & Madden, 2018b). Compared to the current
systematic review, Rung & Madden (2018b) took a more methodological and meta-analytic
approach to determine the efficacy of different methods to reduce DD, whereas we took a
more theoretical approach to identify promising routes for future research. Furthermore,
Rung & Madden (2018b) included a review and analysis of animal studies, studies with
child populations and studies before 1990, but did not report on possible effects of DD
trainings or manipulations on behavior. The purpose of the current systematic review is to
present an overview of behavioral trainings and manipulations available in the literature to
reduce DD, and improve behavior accordingly, in human adolescent and adult participants.
Studies included in the review will be separated in two main categories. On the
one hand there are studies using manipulations: these studies manipulate the DD task
(e.g., change wording in task) or add a priming procedure shortly before the DD task. Most
of these studies only include one session and one moment of measuring DD rates. On the
other hand, there are studies applying trainings: these studies add a training component
that is not directly related to DD in between two DD task measurements. In most studies,
these trainings are delivered in multiple sessions, but some studies include only one
session of training. Within these two main categories, studies will be further classified
based on the content of the training or manipulation. DD is the main outcome that is
evaluated in the current systematic review, although secondary behavioral outcomes, such
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as smoking- or eating behaviors, will also be discussed. The central research questions in
this systematic review are whether there are effective ways of decreasing DD and whether
there are associated effects on behavioral outcomes. This systematic review is a first step
in systematically summarizing the research regarding decreasing DD. As this literature
is rather diverse and large, we are not aiming to offer a coherent theoretical framework
or compare effectiveness of studies by computing effect sizes. Yet, we hope to identify
promising routes for future research and classify overarching mechanistic processes that
allow for changes in discount rate and behavior accordingly.

Method
Inclusion Criteria
Studies were included in the systematic review if (1) they included human
participants (2) the participants were 12 years or older; (3) (one of) the outcome
measure represented monetary DD; (4) a training or manipulation was employed; (5) the
training or manipulation was behavioral in nature (no medication- or neuromodulation
studies are included); (6) the study aimed to decrease DD (instead of increase); (7)
DD choices were made for the self instead of for others; (8) they included a training
or manipulation that had training and/or clinical potential; for example the mere
manipulation of placing an individual in a certain environment (gambling vs. nongambling), or the experimental manipulation of reward magnitude or sign (gains vs.
losses) were manipulation categories excluded from this review; (9) the sample size was
> 10; (10) they were published between 1990 and April 2017; and (11) were published
in an English-language peer-reviewed journal. To reduce heterogeneity we narrowed our
search by only including studies using monetary outcomes that aimed to decrease DD
via behavioral trainings or manipulations.
Search Strategies
Literature search and selection were carried out according to the Preferred
Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA; Moher et al., 2009).
A three-step procedure was used to identify relevant studies. First, we searched relevant
databases (i.e., Pubmed, PsychInfo, and Web of Science) to identify studies that met
inclusion criteria summarized above. All synonyms of the word delay discounting (i.e.,
delay discount*, temporal discount*, inter temporal choice and time discount*) and all
possible variants of words like change and decrease (alter*, reduc*, manipulate*, train*,
modify*, adjust*, transform*, convert*, reform*, diminish*, attenuate*, declin*, adapt*,
improv*, amend*, ameliorat*, learn*, develop*) were entered in the databases. We
included title, abstract, key words and topic as search areas. Second, to further identify
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relevant studies, the reference lists of all studies classified in step one were reviewed.
Finally, we checked the reference lists of already existing reviews (i.e., Gray & MacKillop,
2015; Koffarnus et al., 2013; Lempert & Phelps, 2016a) for additional studies.
Search Results
The literature search in Pubmed, PsychInfo, and Web of Science resulted in
8,969 hits (1,101, 6,584, and 1284 hits respectively). We detected 1,520 duplicates, and
removing these resulted in 7,449 unique references. The reference lists of the identified
studies yielded 8 additional studies. No extra studies were identified when checking
the reference lists of the already existing reviews. Authors HS and UG independently
determined whether the inclusion criteria were met by reading the titles and abstracts.
We identified a total of 178 potentially relevant studies at this point. Next, all 178 fulltext studies were screened using the same inclusion criteria and this resulted in a final
number of 98 studies relevant for the review. The selected studies cover a wide variety
of behavioral trainings and manipulations that change DD in adolescents and adults. The
whole literature search and selection process is displayed in Figure 1.

Results
Characteristics of Included Studies
Characteristics and results of the 98 studies included in this systematic review are
summarized in Table 1 and 2. Table 1 covers all studies applying a training, with a total of 19
studies (each covering one experiment; thus 19 experiments) published between 2008 and
2017. The majority (n = 14; 74%) of these studies included a clinical population, specifically
smokers, individuals with Internet gaming disorder (diagnosed based on Diagnostic and
Statistical Manual of Mental Disorders (DSM) 5 ‘condition for further study’ symptoms),
marijuana-, opioid-, alcohol-, cocaine-, stimulant- or polysubstance-dependent individuals and
methadone-maintenance individuals. The remaining 26% (n = 5) of studies tested their training
in healthy controls. Seven out of the 19 studies (37%) also reported effects of their training on
actual behavior such as smoking or cocaine abstinence, in addition to results on DD.
All studies using manipulations to change DD are displayed in Table 2, with a total
of 79 studies published between 2001 and 2017. A total of 132 experiments were conducted
within these 79 studies. Most experiments (n = 118; 89%) included healthy controls as their
target population, however 14 experiments (11) included clinical populations (sometimes
in combination with a healthy control sample). These clinical populations included smokers,
individuals with internet gaming disorder, obese-, alcohol- or substance-dependent
individuals, and ADHD- or amnestic-patients. Of the experiments, 5% (n = 6) reported effects
of the manipulations on actual behavior, such as caloric intake, in addition to the effect on
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DD. For clarification purposes, we divided the manipulations in four main categories broadly
covering the variety of manipulations in the literature and discuss them accordingly: future,
social factors, emotion, and framing. Please note that this division is purely subjective and
some studies combine multiple manipulation categories.

Figure 1. PRISMA flow diagram of literature search and selection process for inclusion in the systematic review.

There are far more manipulation experiments available in the literature (n
= 132; 87%), compared to trainings (n = 19; 13%). Almost all experiments included
adults, only two experiments (Fassbender et al., 2014, study 5; Radu et al., 2011, study
2) also included participants younger than 18. Inspecting the samples more carefully,
it becomes clear that more than a third of all manipulation experiments (n = 52; 39%)
has tested its manipulation in healthy control college student samples with a higher
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percentage of female than male participants (>60%). In the training experiments, the
percentage of healthy control college student samples with more female than male
participants was much lower (n = 4; 21%).
With regard to measuring DD as the main outcome variable, most experiments
employed either a hypothetical DD task (n = 77; 51%), a potentially real DD task (n
= 46; 30%) or a hypothetical FITB task (n = 22; 15%). A small number of experiments
used a real DD task (n = 2; 1%), a potentially real FITB task (n = 1; 1%) or combined two
methods within one experiment (n = 3; 2%). One experiment combined a real DD and
a hypothetical DD task, one experiment combined a potentially real DD task with a
hypothetical DD task and another experiment combined a hypothetical DD task with a
hypothetical FITB task.
General Results
Results of the current review show that 26% (n = 5) of the experiments
evaluating the effects of trainings find the expected reductions in DD, whereas 58% (n
= 11) found null results or unexpected increases in DD. The remainder 3 studies (16%)
found mixed results; these studies found the expected reductions in DD on a substancerelated DD task but not on a monetary DD task. Of the experiments that included
a secondary behavioral outcome (n = 7), all found the expected positive effects on
behavior.
Regarding the studies evaluating the effects of manipulations on DD, 86% (n =
114) found the expected reductions in DD, 13% (n = 17) found null results or unexpected
increases in DD and 1% (n = 1) found mixed results (i.e., only effects in healthy control
group, not in amnestic patients). These results indicate that DD can be decreased,
showing that DD is profoundly context-dependent and changeable.
Trainings
Contingency management. Contingency management (CM) is a well-researched
and effective behavioral training to increase drug abstinence across substancedependent disorders (Stanger et al., 2013). It promotes abstinence by delivering material
incentives contingent on biochemically verified abstinence (Higgins, Silverman, & Heil,
2008). Simply put: participants are paid for not using drugs. CM attempts to directly
influence decision making processes, by shifting preferences for immediate rewards to
delayed rewards (Stanger et al., 2013). Six studies examined the effect of a CM training,
four studies included smokers (Kurti & Dallery, 2014; Weidberg et al., 2015; Yi et al.,
2008; Yoon et al., 2009), one study included opioid dependent patients (Landes et al.,
2012) and one study included marijuana dependent individuals (Peters et al., 2013).
One study (16,5%) found expected reductions in DD, one found mixed results on two
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different DD tasks (16,5%) and four found null results or unexpected increases in DD
(67%). Regarding behavioral outcomes, four studies (67%) found significant reductions in
smoking behavior. None of the studies tested whether decreases in substance use were
mediated by decreases in DD rates.
The four studies that included smokers or treatment-seeking smokers examined
effects on both DD and smoking behavior. Yi and colleagues (2008) included two DD
tasks, one employing monetary rewards and one employing cigarette rewards. They
found that monetary- as well as cigarette DD was decreased in the CM condition,
whereas no changes were found in the control condition. However, the CM condition
was not directly compared to the control condition in the statistical analyses.
Furthermore, a decrease in carbon-monoxide (CO) levels, measuring how much carbonmonoxide is present in the exhaled air of the smoker as a proxy of smoking behavior
(Deveci, Deveci, Açik, & Ozan, 2004) over time was found in the CM condition. Yet, no
results on CO levels were provided for the control condition which did not allow a direct
comparison between both conditions.
Yoon and colleagues (2009) performed two DD tasks, one including monetary
rewards available immediately and after a delay. The other task included cigarette
rewards available immediately and monetary rewards available after a delay. They found
attenuated DD in the CM condition on the task comparing monetary and cigarette rewards,
but no effects on the monetary DD task. Moreover, participants in the CM condition had
lower CO levels post-training than participants in the control condition. Weidberg and
colleagues (2015) did not find direct effects of CM on DD, but they demonstrated an
increase in smoking abstinence in the CM condition at post-test though not at follow-up. In
a study by Kurti and Dallery (2014), CM and exercise were tested in several combinations
to see what effects could be found on DD. Neither exercise nor CM decreased DD rates.
However, the conditions including CM found increased latencies to smoke and decreased
total puffs in smokers compared to conditions without CM.
Landes and colleagues (2012) found that DD decreased after a CM training
in opioid dependent patients, however the control condition that only received
Buprenorphine also showed attenuated levels of DD. Peters and colleagues (2013)
compared a CBT only condition with three conditions including CM in marijuanadependent individuals and found increases in DD in the CBT only group whereas DD rates
remained stable in the CM conditions. Both studies did not find effects on marijuana(Peters et al., 2013) and opioid use (Landes et al., 2012).
In summary, findings regarding CM and its ability to decrease DD are mixed.
Studies that included a substance-specific DD task (Yi et al., 2008; Yoon et al., 2009)
yielded more positive effects than studies that used monetary DD tasks. The two studies
with expected- or mixed effects included a substance-specific DD task. These latter
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findings, in combination with the promising effects of CM on behavior (67%), could be an
indication that the effects of CM are substance-specific and do not transfer to monetary
DD tasks. More research is needed to confirm whether DD functions as a mediator that
reduces substance use by CM or whether other mechanisms are at work to explain the
behavioral effects.
Money-management-based training. Two studies exposed their participants to
some sort of money management-based training, based on the idea that more knowledge
of money management increases the salience of future rewards and makes those more
concrete. One study found null results for DD, but the expected results for cocaine
abstinence, the other study found the expected reductions in DD. Black and Rosen (2011)
allocated their participants either to the Advisor-Teller Money Manager (ATM) training
condition – which is a multi-component training that includes substance abuse treatment
in the context of discussions on other money management concerns – or to a control
condition. Patients in the ATM condition were stimulated to create monthly budgets that
reflect long-term goals, broken down into short-term spending plans. The authors found
that discounting rates increased and cocaine abstinence rates decreased in the control
condition and both discounting rates and cocaine abstinence remained stable in the ATM
condition. DeHart and colleagues (2016) tested college students that were either following
a personal finance course focused on basic financial education or an abnormal psychology
course. DD decreased in the financial education condition at the end of the semester
whereas there was no change found in DD rates in the abnormal psychology condition.
In summary, the two studies provide mixed evidence for decreases in DD as a
function of money-management based trainings. More research is needed to get a better
understanding of the underlying mechanisms driving this effect and the relevance of this
effect in clinical populations.
Brief motivational training in combination with substance-free activity session.
Brief motivational trainings are often used as trainings for substance use problems, by
including substance-related risks, personalized feedback about substance-use patterns,
and harm reduction strategies using a motivational interviewing style (Miller & Rollnick,
2002). In the two studies described here, a brief motivational training was combined with
a substance-free activity session (SFAS) and compared to either an education session as
control condition (Dennhardt et al., 2015) or a relaxation training as a control condition
(Murphy et al., 2012). SFAS was delivered to heighten engagement in substance-free
alternative activities, increase the importance of academic and career goals, and draw
attention to the negative link between substance use and reaching goals. Both studies
did not find any effects on DD. However, Murphy and colleagues found decreased selfreports of alcohol problems in the condition that received the brief motivational training
in combination with SFAS. In summary, brief motivational training in combination with
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SFAS do not seem to be effective in reducing DD rates. Yet, there is tentative evidence
suggesting that they could reduce alcohol problems.
Cognitive behavioral therapy. The group-based addiction cognitive behavioral
therapy (CBT) programs employed in the two experiments by De Wilde and colleagues
(2013) in polysubstance dependent alcoholics and the study by Secades-Villa and
colleagues (2014) in treatment seeking smokers included among other components
psychoeducation, self-monitoring, coping-skills training, stress-management, and relapse
prevention strategies. Both studies did not find effects of CBT on DD at post-test. SecadesVilla and colleagues (2014) found a difference between smokers and abstainers on DD on
12-month follow-up, suggesting that DD rates were decreased for abstainers compared to
smokers, although they did not include a control condition. Both studies did not include
measurements of smoking behavior to test for changes in smoking behavior over time. In
summary, there is currently no evidence supporting that CBT reduces DD.
Acceptance-based/mindfulness-based trainings. Most studies hypothesize that
participants with heightened DD demonstrate an increased focus on immediate rewards
and attempt to train participants away from the present moment to a future-orientated
state. Others hypothesized that participants with heightened DD focus on the aversive
properties of waiting and therefore should be trained to concentrate on the present
moment and accept all feelings experienced at that moment. For example, if aversive
events such as craving are intolerable, then a smoker will escape or avoid these events by
smoking (i.e., choosing for the immediate reward). Acceptance-based and mindfulnessbased strategies endorse an individual’s willingness to experience what cannot be
controlled, such as stress or craving, and support choices that are grounded in awareness
of the present moment (Zettle, 2007).
Four studies included an acceptance- or mindfulness-based approach, two
of which found significant decreases in DD and two found mixed results. In a study
by Morrison and colleagues (2013), a brief acceptance-based training, designed to
increase willingness to experience discomfort, successfully decreased DD. Yao and
colleagues (2017) compared a healthy control sample to a sample of individuals with
internet gaming disorder (IGD) and found that discounting rates and IGD symptoms
decreased in the IGD group after an acceptance-based training. Yet, at baseline the
IGD group already showed higher DD rates than the healthy control group and no
active control condition was included. These two factors make it difficult to fully
interpret the findings, since decreases in DD rates can also be caused by other
factors than the training itself, such as learning effects, regression to the mean or
expectations (Boot et al., 2013; Cohen et al., 2013). In addition, in two studies by
Hendrickson and Rasmussen (2013; 2017), a mindfulness training was tested to
examine the effects on impulsive choice patterns for food and money. The participants
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in the mindfulness training condition showed attenuated discounting rates for food
but not for money, compared to the control condition. Although the number of studies
is limited, acceptance- or mindfulness-based strategies seem to be a promising avenue
to be continued in future research.
Working memory training. Working memory (WM) is a core component of
executive functioning and is defined as the ability to briefly hold in mind and manipulate
small amounts of information to use in the execution of cognitive tasks (Cowan, 2014).
WM training constitutes for example memorizing a sequence of numbers in the original
and reverse order or recognizing a list of words out of bigger list of words. Research has
demonstrated significant correlations between measures of WM and DD (Bobova et
al., 2009; Shamosh et al., 2008). These correlations are substantiated by brain areas of
functional overlap during tasks of WM and DD (Wesley & Bickel, 2014). Improving WM
could therefore possibly also decrease discounting rates. Two studies employed a WM
training to reduce DD, one with results in the expected direction on DD whereas the other
study did not find any effects.
In the study by Bickel and colleagues (2011b) in stimulant dependent individuals
during substance-abuse treatment, decreased discounting rates were found for
participants in the WM training condition compared to the control condition. In contrast,
Rass and colleagues (2015) applied almost the same WM training and did not find a
difference in DD rates between the WM and control condition. Though the content of
the WM training in both studies was almost the same, several other differences between
studies could have caused the contradicting results. Each study included different
substance-addicted population in different addiction stages (stimulant dependent vs
methadone maintenance patients), and the studies also differed in training dosage (Bicket
et al., 2011: 4-15 training sessions vs. Rass et al., 2015: 25 training sessions). Furthermore,
the study by Bickel and colleagues (2011b) included 74% males whereas the study by Rass
and colleagues (2015) included 46% of males. In conclusion, it still has to be discovered
whether WM training is effective in decreasing DD rates and what factors could possibly
affect training effects.
Visualization training. Some theoretical models of discounting hypothesize that
delayed outcomes are less concrete or less vivid than immediate outcomes and therefore
individuals tend to prefer immediate outcomes over delayed ones (Trope & Liberman,
2003; Rick and Loewenstein, 2008). Increasing the ability to vividly imagine future events
by visualization training could then theoretically lead to a decrease in discounting rates.
Yet, the study by Parthasarathi and colleagues (2017) employed a visualization training
and did not find the expected effects on DD. In a four-week training study, participants in
the visualization condition received 1-hour guided meditation sessions followed by goaloriented guided visualization. Participants had to focus on a future-oriented goal and had
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to vividly imagine scenarios overcoming the obstacles in their way and experiencing the
feelings associated with achieving the goal. The control group received guided relaxation,
without visualization or future thinking. Based on this one study, it still has to be seen
whether visualization training is effective in decreasing DD (however, see Episodic Future
Thinking results below).
Manipulations
Future
Episodic future thinking. Episodic future thinking (EFT) is the ability to vividly
imagine the future (Benoit et al., 2011) and thereby to pre-experience future events
(Atance & O’Neill, 2001). Although small differences between experiments exist, most EFT
manipulations ask participants to first compile a list of upcoming events (e.g., wedding,
party, vacation) at several moments in time in the future and rate them on variables
such as personal relevance, valence, and arousal (Peters & Büchel, 2010). Thereafter,
participants need to perform a different version of the DD task in which the amounts of
money in the larger future reward were paired with a subject-specific verbal episodic
tag indicating to the participants which event they had planned at the respective day
of reward delivery (Peters & Büchel, 2010). The content of control conditions differed
between studies; for example, some studies asked participants to complete a standard
DD task, whereas others instructed their participants to imagine recent events instead of
future events. Twenty out of the 24 experiments (83%) employing an EFT manipulation
found the expected reductions in DD in the EFT manipulation compared to the control
condition. Five studies (Chiou & Wu, 2016; Daniel et al., 2013a; Dassen et al., 2015; Snider
et al., 2015; Stein et al., 2016) also tested for effects on behavior and found reductions
in smoking, caloric intake, and hypothetical alcohol purchase. For example, in the study
by Daniel and colleagues (2013a) they found that the participants in the EFT condition
showed lower DD rates and lower caloric intake, compared to the control condition.
Three experiments (13%) did not find that EFT reduced DD and one experiment
(4%) found mixed results (i.e., DD decreased in healthy control sample after EFT, but not in
the amnestic patients’ sample). In experiment 2 of the study by Liu and colleagues (2013),
a negative future thinking manipulation (i.e., EFT manipulation with negative events to be
imagined) was tested against a control condition. DD rates increased in the negative EFT
condition. In experiment 3, a neutral future thinking manipulation (i.e., EFT manipulation
with neutral events to be imagined) was tested against a control condition and no differences
were found between both conditions. The authors concluded that the valence of the
imagined future reward matters for the effectiveness of the manipulation, since a decrease
in DD rates was found in experiment 1 where a positive future thinking manipulation (i.e.,
EFT manipulation with positive events to be imagined) was employed. In experiment 1 of the
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study by Palombo and colleagues (2016), amnestic- and healthy control subjects performed
either a standard DD task (control condition) or a DD task with EFT manipulation. EFT
reduced DD in healthy control subjects, but not in amnestic subjects.
In conclusion, EFT manipulations are one of the more thoroughly researched
categories and the results on DD and behavior are mostly positive and promising.
Nevertheless, the few studies that reported null findings suggest that EFT needs to
be positive in valence, and individuals’ episodic memory needs to be intact for the
manipulation to be effective.
Connectivity to future (self). Manipulating one’s connectedness to the
future (self) could lead to more patient behavior, based on the notion that a higher
connectedness to the future (self) implies a greater willingness to defer benefits to the
future self. Eleven experiments tested manipulations to heighten connectivity to the future
(self) and ten (91%) were effective in reducing DD rates. Bartels and Urminsky (2011)
employed multiple experiments and discovered that directly informing people that identity
is constant over time and implicitly inducing the opinion that personality stays the same
over time reduced DD. Kuo and colleagues (2016) showed participants with the intention
to lose weight either a weight-reduced ‘ideal’ self or their present self in a virtual reality
environment. Compared with the control group, participants who viewed their weightreduced avatars showed attenuated DD. Furthermore, participants in the weight-reduced
condition also ate less ice cream in a taste test and were more likely to choose a sugar-free
drink as a reward and this effect was mediated by discounting rate.
In an experiment by Sheffer and colleagues (2016), participants were exposed
to a set of words with either a present focus (PF; i.e., instant), future focus (FF; i.e., selfcontrol), or non-temporal focus (NTF; i.e., pale). Participants in the FF condition exhibited
significantly lower discounting rates than those in the PF or NTF conditions. Israel and
colleagues (2014) tested a priming manipulation, where they expected attenuated DD
when participants were primed with older people (as a proxy for their own older selves).
Participants either saw pictures of a vacation, older people or were not exposed to any
prime. The older people prime resulted in attenuated DD, whereas the vacation prime
resulted in heightened DD. Pronin and colleagues (2008) found that choosing for your
future self attenuated DD in comparison to choosing for the self.
In two experiments by Joshi & Fast (2013) participants were manipulated by
giving them the role of a manager or they had to think about an event where they had
power over somebody else. The authors hypothesize that people with high power report
higher connectedness to their future selves as compared to people with less power and
therefore show lower DD rates. Both experiments confirmed this hypothesis by significant
differences between the high and low power conditions, with participants in the high
power condition showing lower DD rates.
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One experiment (9%) showed a trend towards a decrease in DD (p = .056), but did
not convincingly show effects of the connection to future (self) manipulation on DD. In the
experiment by Hershfield and colleagues (2011), participants in the experimental condition
saw an avatar of their future self in a virtual reality environment, whereas in the control
condition participants saw an aged avatar of someone else.
In summary, connectivity to future (self) manipulations can be promising in
reducing DD rates. However, more research into the best method and doses to create a
connection to the future (self) is needed to support these initial findings.
Construal level manipulation. Construal level theory (CLT) proposes that
temporal distance alters people’s responses to future events by systematically changing
the way people mentally represent those events (Trope & Liberman, 2003). When
temporal distances are larger, events are more likely to be represented in abstract terms
that capture their central features (high-level construals) than in more concrete and
incidental terms (low-level construals). The studies by Kelley & Schmeichel (2015), Li and
colleagues (2016), and Malkoc and colleagues (2010) tested the hypothesis that higherlevel construals could lead to more patient behavior. This hypothesis is grounded in the
argument that if a bias to the present is driven by contextual and concrete representations,
then endorsing an abstract mindset should decrease the extent of these representations
and thus attenuate delay discounting (Malkoc et al., 2010). All manipulations used in
these studies tried to induce a higher-level construal by enhancing an abstract mindset,
for example by semantic priming of abstract and concrete words (Malkoc et al., 2010).
All seven experiments found the expected effects, meaning that more abstract mindsets
attenuated DD.
In contrast to the above-mentioned experiments, Kim and colleagues (2013; study
1A, 1B, 2) tested the hypothesis that lower-level construals could lead to more patient
behavior. The rationale behind this hypothesis is that the more detailed information is
available, the more a future event can be construed in a concrete way, corresponding to
a low-level construal. In all three experiments, participants were willing to wait longer
as they were offered a trip to Paris with the value of the monetary reward, instead of a
monetary reward itself. As more details were given about the trip, such as sight-seeing
possibilities and accommodations, the effect was even stronger, suggesting that a more
specified event increases patience. The effects found in the experiments of Kim and
colleagues (2013) come close to those found in the EFT and connectivity to future (self)
experiments. Different theoretical frameworks and methods are used, but in the end the
future event is made available and more concrete to the participant.
In addition to temporal distance, spatial distance can also influence subjective
judgment of future time, an instance of metaphoric transfer (Kim et al., 2012). According
to this theory, spatial distance will influence how long or short individuals judge a
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future time to be, when spatial distance information is available in a temporal judgment
context and is associated with the judgment of future time. For example, an individual
in Los Angeles may perceive the same six-month duration from today to be longer when
she is expecting to be in New York six months later than when she is expecting to be in
San Francisco. In two experiments by Kim and colleagues (2012) spatial distance was
manipulated by instructing participants to either mentally imagine two locations far away
from each other or close to each other. Short spatial distance manipulation reduced DD,
thus a smaller spatial distance between two locations leads to less delay discounting in
intertemporal choices (Kim et al., 2012).
In conclusion, both abstract and concrete mindsets, including mentally imagining
a smaller spatial distance, seem to be effective in decreasing DD rates. The findings
regarding the concrete mindset fit the findings of EFT and connectivity to future (self)
manipulations.
Social factors
Social context. The presence of a social context could influence decision making,
based on the rationale that when an individual makes a choice on behalf of their group
(i.e., including themselves), they prefer alternatives geared towards the group’s long-term
benefit (Bickel et al., 2012a). Five experiments tested effects of the presence of a social
context on DD, 80% (n = 4) found positive effects on DD whereas 20% (n = 1) did not find
main effects of condition on DD. Experiments that found positive effects were conducted
by Charlton and colleagues (2013). In their DD task, participants had to make choices for
themselves and for a group of people, with the amount of money that an individual could
earn being constant. Situations where people had to make choices for themselves were
related to less patient choices than situations where people made decisions for the whole
group. In comparison, Yi and colleagues (2008) employed the same manipulation but did
not find a positive effect of choosing for group over choosing for the self. Finally, Bickel
and colleagues (2012a) tested a combination of two manipulations, namely choosing for
a present versus future self and choosing for me versus we. They found that choosing
for multiple people (“we-condition”) was most important in bringing down DD rates. In
conclusion, social context manipulations seem to reduce DD.
Social influence. Three experiments by Senecal and colleagues (2012) tested
the effect of normative strategies (i.e., individuals should compare each intertemporal
choice against the other investment and borrowing options available to them) and
social influence by peers on DD. When information about normative strategy for
economic decision-making was made available to participants, DD rates decreased,
although no direct comparison between conditions was made in experiment 1 and
no control condition was used in study 2. Furthermore, peer-generated advice about
65

Chapter 3

strategies for economic decision only decreased DD when this advice was written
down in a patient versus impatient way (yet, see our discussion of experimenterdemand effects in the discussion). Based on this one study, social influence
manipulations seem to reduce DD, but more research is needed.
Emotion.
Emotion is multidimensional and can influence many cognitions, including
attention, sensory perception, and memory. Twenty-six experiments all used very
different forms of inducing affect or emotional priming with the aim to decrease DD,
and 22 (85%) found a decrease in DD rates. Guan and colleagues (2015) showed their
participants positive, neutral, and negative pictures and then asked them to perform
a DD task. They found that DD was attenuated in the neutral condition and even more
decreased in the positive condition, compared to the negative condition. Ifcher and
Zarghamee (2011) used short movie clips and Pyone and Isen (2011) used words to
induce positive or neutral affect and both found that positive affect reduced DD. In
contrast, Augustine and Larsen (2011) and Hirsh and colleagues (2010) did not find a
reduction in DD rates while using the same sort of affect induction.
In five experiments by Berry and colleagues (2014; 2015) and van der Wal and
colleagues (2013), participants were exposed to natural versus built environments
(and geometric shapes in the Berry et al., 2014 study). Participants in the natural
environment manipulation showed attenuated DD rates compared to participants
in the urban environment manipulation. There are several possible explanations for
these findings. For example, exposure to natural environments decreases stress,
increases happiness, improves mood, and restores attention (Berto, 2005; Bowler,
Buyung-Ali, Knight, & Pullin, 2010; White, Alcock, Wheeler, & Depledge, 2013). Natural
environments are serene, thereby increasing attentional capacity and/or reducing
general arousal, and by viewing them perception of time is lengthened (Berry et al.,
2014; 2015). Another, evolutionary, explanation states that natural environments
indicate resource abundance and therefore individuals choose more often for
larger but future outcomes (Van der Wal et al., 2013). Built environments may indicate
competition for resources and mates and therefore individuals more often choose for
smaller but immediate outcomes.
In the experiments by DeSteno and colleagues (2014), and Dickens and
Desteno (2016) a gratitude manipulation was used and both experiments found that
this manipulation led to lower discounting rates, although the experiment by Dickens &
Desteno (2016) did not include a proper control condition. In two experiments by Huang
and colleagues (2017) a nostalgia manipulation (i.e., reminiscing about positive events in
the past) was used and participants in the nostalgia conditions showed decreased DD rates
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compared to the control condition. In the experiment by Raeva and colleagues (2008) both
regret and rejoicing were induced. Results suggested that when regret was experienced
participants preferred the immediate rewards, whereas when rejoicing was experienced
participants chose the delayed reward more often.
Berndsen and van der Pligt (2001) used an optimism manipulation and found
that participants in the low optimism condition showed decreased discounting rates
compared to the high optimism condition. In addition, Luo and colleagues (2014) induced
fear, happiness, and neutrality by using facial expressions whereby fear decreased DD
rates compared to the happiness and neutrality conditions. Callan and colleagues (2014)
demonstrated in two experiments that a manipulation regarding the derogation of
victims of misfortune, although damaging to others, yielded a psychological benefit for
the self by choosing more often for the larger-later rewards than for the smaller–sooner
rewards. Liu and Aaker (2007) proposed that an experience of the death of someone
close prompts people to notice and reflect upon their long-term futures, causing changes
in their intertemporal decisions. In one of their experiments, they showed that besides
the actual experience of a cancer death, mental simulation of experiencing cancer death
leads to decreases in DD rates as well. This effect could be interpreted as increased
salience and concreteness regarding one’s future life course, shifting focus away from the
present toward the long run. Hence, fitting nicely with the studies on EFT and making the
future more concrete. The experiment of Quisenberry and colleagues (2015) on delay to
sexual gratification employed three conditions; a positive health consequence condition,
a negative health consequence condition or a negative health consequence with the
expression of regret condition. No effects were found on DD.
To summarize, most experiments (85%) in the emotion priming category found
positive results on DD. Sixteen experiments induced positive affect or primed positive
emotions and thereby found decreased DD rates, whereas six other experiments
induced negative affect or primed negative emotions and found decreased DD rates.
Thus, both positive and negative affect/emotional priming can result in decreases in
DD; yet there were also some studies, with both positive and negative affect/emotion
inductions, that did not find effects in the expected direction (15%). These inconsistent
findings leave the exact interaction between emotion and DD to be uncovered.
Framing
Bundling. Bundling refers to aggregating choices between temporally
extended series of smaller-sooner/larger-later alternatives rather than case by case
choices (Ainslie, 2001). Four experiments have employed a bundling manipulation,
of which three (75%) found positive results on DD and one (25%) did not. In the
experiments by Hofmeyr and colleagues (2010) and Kirby & Guastello (2001)
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participants were allocated to either a free, suggested or forced condition. In the free
condition participants could choose between a smaller-sooner reward and a largerlater reward at several consecutive moments (trials) over time (e.g., one choice today,
one choice in 2 weeks, one choice in four weeks etc.). In the suggested condition,
participants were offered the same choices as in the free condition at several
moments over time, however accompanying the first choice the suggestion was given
that their choice made in this first trial most of the time predicts their choices in the
future. After this, participants were still free to make different choices in the later
trials than in the first trial. In the forced condition, participants had to choose in the
first trial for the rest of all trials, thus for a set of rewards. In both studies, discounting
rates decreased when participants were allocated to the suggested condition and even
more in the forced condition. Choosing for a set of rewards in the future instead of
making those choices one by one thus seems to decrease DD rates. In contrast, in the
study by Bialaszek and Ostaszewski (2011) this effect was not found, in fact the effect
was reversed for large rewards; DD rates decreased when participants choose for a
single large reward instead of a sequence of large rewards. Based on the four studies,
bundling seems to decrease DD rates, but may partly depend on reward magnitude.
Long term effects and behavioral relevance need to be distinguished.
Time framing. Time framing manipulations make subtle changes to the
time component in standard DD tasks, where most of the experiments altered the
way delays were described. Twenty-one experiments attempted to decrease DD by
time framing manipulations, 16 (76%) found the expected effects on DD, and five
(24%) did not find effects on DD. In the experiments by DeHart and Odum (2015),
Dshemuchadse, Scherbaum, & Goschke (2013), LeBoeuf (2006), Klapproth (2012), and
Read and colleagues (2005) delays were either construed as temporal distances (e.g.,
six days, two months) or specific dates (e.g., November 21st). All experiments found
attenuated DD when delays were presented as specific dates instead of temporal
distances. The experiment by Lempert, Johnson, and Phelps (2016b) employed the
same manipulation, but did not replicate the findings of the previous studies. One
important difference between studies that could explain this failure to replicate is
that Lempert and colleagues (2016b) used a within-subject design with randomly
intermixed trials, whereas all other studies employed a between-subject design or
used a within-subject design but presented the date and delay conditions in separate
blocks. Since discount rates are susceptible to order presentation (Robles & Vargas,
2008), this may explain the failure to replicate the date/delay effect.
Another time framing manipulation was performed by Dai and Fishbach (2013).
In this study participants were either allocated to a near-future, distant-future or waiting
condition. In the near-future condition, participants chose between for example (a) $50 in
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3 days and (b) $55 in 23 days. In the distant-future condition, participants chose between
for example (a) $50 in 30 days and (b) $55 in 50 days. In the waiting condition, participants
read about two choice options (a) $50 in 30 days and (b) $55 in 50 days (similar to the
distant-future condition), but they did not need to make any choice right away. After 27
day of waiting, the experimenter send the participants a note asking them to choose. At
that time, participants were facing options identical to those in the near-future condition.
It was found that participants in the waiting condition showed decreased DD compared to
participants in both the near- and distant-future condition.
Of the other four experiments that did not find effects, the experiment by
Zauberman and colleagues (2009) manipulated participants by making duration more
salient to them by having them estimate the duration of several activities. Ebert and Prelec
(2007) specifically instructed their participants to focus particularly on the future arrival
time of the reward they could earn. The experiment by Rabinovich and colleagues (2010)
asked participants to think about what their financial circumstances were likely to be after
one-month time (short-term time perspective condition) or after five years (long-term time
perspective condition).
In conclusion, the majority of time framing manipulations found decreases in DD
rates. Yet, the long term effects and clinical relevance need investigation.
Reframing of rewards. In DD tasks, participants often have to choose between
two amounts of money. However, the way these two amounts are described seem to
matter according to 26 experiments. Of these 26 experiments, 25 (96%) found positive
results of the reframing of reward manipulation on DD. An explicit zero manipulation was
employed by Magen and colleagues (2008), Magen and colleagues (2014), and Radu and
colleagues (2011). Participants in the hidden zero (= control) condition chose between a
smaller-sooner ‘$5 today’ and a larger-later reward ‘$50 in 2 weeks’, whereas participants
in the explicit zero condition chose between a smaller-sooner reward ‘$5 today and $0 in
the future’ or ‘$0 today and $50 in 2 weeks). Explicitly referring to the hidden zero in each
choice alternative, decreased DD rates. In three experiments by Fassbender and colleagues
(2014) half of the trials existed of rounded decimal values (e.g., $11.00), whereas the other
half of the trials were non-zero decimal values (e.g., $11.72). Discount rates decreased
when intertemporal choices were constructed of monetary outcomes with nonzero
decimal values.
Weatherly and colleagues (2010), Weatherly & Derenne (2011), and Weatherly
& Terrell (2010) gave a DD task to participants in two conditions; in the ‘won’ condition
participants were told that the amounts were money they had won; in the ‘owed’
condition participants were told that the amounts were money they owed (e.g., your own
money that you lent to someone and need to get back). Results showed that participants
had lower discounting rates when money was ‘owed’ than when money was ‘won’,
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indicating that won money was less valued than their own money. In two experiments by
Read and colleagues (2013; exp. 1 and 2), conditions including investment language in the
choice alternatives (i.e., “Would you rather receive $70,000 now or invest it for 1 year at
an 8% interest rate?”) decreased DD rates, whereas experiment 3 did not replicate this
effect.
Appelt, Hardisty, & Weber (2011), Grace & McLean (2005), and Weber and
colleagues (2007) compared effects of delay versus acceleration frames on discounting
rates. Participants in an acceleration frame (i.e., receiving $75 in 3 months or receiving
a smaller amount now) more often chose for the delayed reward than the immediate
reward, than participants in a delay frame (i.e., receiving $50 now or receiving a larger
amount in 3 months). Finally, Jiang and colleagues (2014) introduced upfront losses as
well as gains; participants in the control responded to the typical choice pairs (i.e., ‘gain
$120 in a week vs. gain $150 in 4 weeks’), whereas in the upfront loss or win condition
both rewards options began with a same immediate loss or win (i.e., ‘lose (or win) $100
now and gain $120 in a week vs. lose (or win) $100 now and gain $150 in 4 weeks’). The
addition of both upfront losses and gains in the choice pairs reduced DD.
In sum, manipulations that reframe rewards, such as explicitly referring to the
hidden zero in choices and including non-zero decimal values, seem to be highly effective
in decreasing DD rates. Yet, again, the long term and clinical relevance effects need
investigation.

Discussion
The current systematic review provides an overview of all studies that have
attempted to decrease DD by means of behavioral trainings or manipulations. In this
review, ninety-eight studies were discussed regarding their effectiveness in reducing DD,
but also in changing real-life behavior if measured.
Overall Effectiveness of Trainings and Manipulations
Generally, the majority of published studies (n = 119; 79%) were able to reduce
DD, indicating that although there may be between-subject stability to DD it is also
profoundly context-dependent within individuals. Of the 132 manipulation experiments,
114 (86%) were able to decrease DD, whereas from the 19 trainings only five (26%) were
able to decrease DD. One would expect that a more thorough, longer lasting, and active
training would be more effective than a short manipulation, especially since most trainings
have been performed in populations with initially steep discount rates leaving room for
rate-dependence and regression to the mean (Bickel, Quisenberry, & Snider, 2016a). Yet,
we found the opposite, and there are multiple reasons to explain this finding.
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First, the manipulation studies more often employed a within-subject design (n
= 38, 29%) compared to training studies (n = 4, 21%). Within-subject designs have more
power to detect effects than between-subject designs (Charness, Gneezy, & Kuhn, 2012).
Second, the majority of trainings tried to find effects over longer time periods, while
the effects of most manipulations were tested just after the manipulation. We know
that training effects tend to decay over time, with effect sizes generally being the largest
at post-test and decreasing at follow-up (Cuijpers, van Straten, Smit, Mihalopoulos, &
Beekman, 2008; Moyer, Finney, Swearingen, & Vergun, 2002; Prendergast, Podus, Finney,
Greenwell, & Roll, 2006; Wilfley et al., 2007).
Third, trainings were mostly conducted in clinical populations and the
manipulations (with a few exceptions) in healthy populations. Attrition in clinical studies
is common, and is frequently seen in studies with substance-abuse samples (Brorson,
Arnevik, Rand-Hendriksen, & Duckert, 2013). Attrition in the training studies reported in
this systematic review was on average 15% (range: 0%-50%), with higher drop-out rates in
more severely affected populations. Following intention-to-treat principles, all participants
should be included in analyses, regardless of whether they actually received treatment,
and thus drop outs are included in the analyses as non-abstainers (Brorson et al., 2013;
Montori & Guvatt, 2001). Hence, comparing manipulations in healthy control samples
with a higher chance of success with trainings in clinical samples, can lead to biased
interpretations.
Finally, publication bias could have introduced an overestimation of the actual
effect of trainings and manipulations on DD (Hopewell, Clarke, Stewart, & Tierney, 2007;
Mervis, 2014). In the current systematic review, the publication rate of null-results of
training studies (74%) was higher than the publication rate of null-results of manipulation
studies (14%). It is likely that publication bias is more prevalent in the manipulation
studies, given that these studies are less complex to perform compared to training studies.
With the scientific field moving forward, transparency and replicability have become
increasingly important. Future well-designed studies in the field will likely adhere to the
three core practices of disclosure, registration and pre-analysis plans, as well as providing
open access to data and material, while will go a long way towards addressing this filedrawer problem (Miguel et al., 2014; Simmons, Nelson, & Simonsohn, 2011).
Implications: Most Promising Strategies to Reduce DD
Trainings. Based on the results of the training studies, the acceptance-based/
mindfulness-based trainings seem to be most promising in reducing DD. The precise
mechanisms by which these mindfulness-based trainings work, however, are still unclear.
Most intervention theories related to elevated DD rates attempt to change individuals’
heightened emphasis on immediate rewards towards a more future-oriented focus,
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whereas acceptance-based/mindfulness-based trainings concentrate on experiencing
and accepting the aversiveness of the present moment (Ashe, Newman, & Wilson, 2015).
This latter view provides another lens on impulsivity in general: more impulsive people
might find waiting in the moment particularly aversive and their prime motivation is
to escape those negative feelings by choosing immediate rewards (see delay aversion
theory by Sonuga-Barke, 2005). Training them to mindfully attend to the present can help
them to get through these moments and choose for the future reward. Considering the
transference of effects to behavior, one might for example think that through acceptancebased/mindfulness-based trainings individuals with addictive problems learn to accept
negative feelings associated with moments of cravings and therefore get through
these moments and stay abstinent (Ashe et al., 2015). Indeed, this alternative focus on
improving DD by decreasing the aversiveness of the present moment is strengthened with
significant effects on behavior, such as food behaviors (for review see: Olson & Emery,
2015), addictive behaviors (e.g., Gifford et al., 2004; Petersen & Zettle, 2009) and other
mental- and physical health problems (for review see A-Tjak et al., 2015).
Although the effects regarding CM on DD rates in this systematic review are
mixed (only 33,3% found the expected decreases in DD), most of these studies (66,6%)
found positive effects on health outcomes. This is further supported by a high number of
studies in the literature that directly measured effects of CM on health outcomes in clinical
samples (and not measuring DD rates). Multiple systematic reviews and meta-analyses
show that CM has beneficial effects on abstinence rates in a range of substance abuse
samples (Dutra et al., 2008; Giles, Robalino, McColl, Sniehotta, & Adams, 2014; Griffith,
Rowan-Szal, Roark, & Simpson, 2000; Lussier, Heil, Mongeon, Badger, & Higgins, 2006;
Prendergast et al., 2006; Schumacher et al., 2007). However, it remains unclear whether
changes in behavior are mediated by changes in DD and, if so, whether these effects
are substance-specific (Stanger et al., 2013). Future research should test this mediation
hypothesis and if necessary, come up with alternative explanations for the effects of CM
on behavior.
Manipulations. The majority of the manipulations (86%) seem to significantly
reduce DD rates. However, decades of intervention research have shown that health
behaviors or substance abuse are not easily changeable (Jeffery, 2004). In addition, the
effects of the manipulations could very well be short-lived and context-specific effects that
quickly disappear over time. For instance, framing effects might be useful as a “nudge”
if the choice environment can be controlled, but perhaps less useful for bringing about
durable person-level change. Therefore, the field would benefit from identifying (with
tightly controlled experiments) the most promising manipulations; these manipulations
should be informed by theoretical models that link predicted changes in DD as well as in
behavior ultimately.
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With those recommendations in mind, the most encouraging line of research
regarding manipulations seems to be the ‘future’ category, especially ‘future
episodic thinking’ and ‘connectivity to future (self)’ manipulations with 83% and 91%
effectiveness rates respectively. These studies are grounded in solid theory, find robust
effects on DD rates, and the EFT studies include healthy (62%) as well as different
clinical samples (38%) and find promising effects on smoking behavior (40%), caloric
intake (40%) and hypothetical alcohol purchase (20%). Thus, while many studies show
that manipulations involving a future orientation reduce DD rates and have promising
effects on a variety of health behaviors, recent research has started to evaluate
alternative driving factors of these effects, such as demand characteristics. In a study
specifically focusing on EFT, Rung & Madden (2018a) state that demand characteristics
will probably be inherent to EFT procedures, as participants are asked to create future
thinking cues that in turn are embedded in the DD tasks they have to perform later on.
Being aware of the hypothesized effects in a study may bias participants’ answers and
behaviors, potentially driving the effect of EFT on DD and behavior (Rung & Madden,
2018a). Besides effects on EFT, demand characteristics could likely play a role in
‘connectivity to future (self)’ manipulations and ‘construal level thinking manipulations
(concretization)’.
To optimize these effects, it is recommended to extend these ‘future’
manipulations into longer, multiple session trainings and use rigorous transparent
designs to test effects in the long term in adequately powered samples (Boot et al.,
2013; Miguel et al., 2014; Simmons et al., 2011). These recommendations could be
elegantly implemented by the use of technological tools. In particular, video games
are a ubiquitous part of our current society (Granic et al., 2014) and are able to evoke
intrinsic motivation to engage people in the treatment process (Ryan et al., 2006).
Moreover, video games can promote long-term training by incorporating repetitive
actions and encouraging repetitive gameplay without evoking boredom (Granic et al.,
2014; Green & Bavalier, 2012). Finally, to illustrate its promise and clinical relevance,
some of these manipulations have already been included in trainings with relevant
clinical populations: Solanto (2011) developed a CBT program for adults with ADHD
focusing on executive functions and integrated the visualisation of long-term rewards
and positive outcomes (episodic future thinking) as an important part of this effective
intervention.
Overarching Mechanisms of Change
Although the content of the trainings and manipulations differed broadly between
studies, there are some overarching mechanisms of change that could explain results over
different trainings and manipulations, content wise. Please bear in mind that we have
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subjectively divided all studies into different categories, for structuring and clarification
purposes. However, it could well be that multiple categories of trainings and manipulations
originated from the same theoretical framework.
First, the perception of time within individuals is an important factor influencing
DD rates (Baumann & Odum, 2012). Killeen (2015) defines impulsivity as greater control
by events close in psychological time and space than by those more distal: attention is
captured by the now more eagerly than by the when. Indeed, individuals showing steeper
discounting also show a more present orientation and a shorter future time perspective,
which is associated with a range of problematic behaviors (Teuscher & Mitchell, 2011).
For example, individuals with ADHD symptoms show a larger present orientation and a
more negative view of the future than the controls (Carelli & Wiberg, 2012). Furthermore,
present time perspective is significantly correlated with risky driving (Zimbardo, Keough,
& Boyd, 1997) and substance use (Wills, Sandy, & Yaeger, 2001). Thus, shifting individuals
time perception by making future rewards appear closer, more concrete, or easier to
imagine might decrease DD rates. The perceived closeness of future rewards can be
manipulated in different ways, such as by changing the way future delays (time framing
manipulations) or rewards (reframing of reward manipulations) are perceived, by providing
a richer and salient context for the future reward (EFT, construal level: concretization
manipulations) or making the future easier to imagine (connection to future (self)
manipulations, visualization training).
Yet, Sonuga-Barke and colleagues (1992; 2005) have hypothesized that choosing
for immediate rewards, and thus steep discounting, is the result of a high aversion to
delay. Especially in the ADHD field there has been an emphasis on this theoretical account,
and it has been shown that individuals with ADHD experience relatively strong negative
emotions during waiting times, resulting in a preference to escape delay (Mies, Ma, De
Water, Buitelaar, & Scheres, 2018; Scheres, Tontsch, & Thoeny, 2013b; Van Dessel et al.,
2018). Acceptance-based/mindfulness-based trainings that train individuals to mindfully
attend to the present can help them to get through these moments and choose for the
future reward.
Second, affective and emotional states can change DD rates, but likely depend on
the specific properties of the affective state (see emotion manipulations for decreases in
DD for both negative and positively valenced primes). Making the delayed reward more
rewarding or emotionally salient could be the driving force behind these effects (EFT,
emotion, reframing of rewards, and time framing manipulations).
Finally, another overarching mechanism driving many effects is attention. Delay is
often considered as a negative characteristic of the future, whereas the magnitude of the
future reward is considered as positive since it often exceeds the value of the immediate
reward. Drawing attention towards magnitude and away from delay should lead to
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decreased DD rates (Lempert & Phelps, 2016a). Changing the way reward magnitudes are
presented (reframing of reward manipulations; decimal effects) or drawing the attention to
the ‘costs’ of the immediate reward (reframing of reward manipulations; explicit-zero effects;
CM trainings; Money Management-Based trainings) are ways to change discount rates.
Taking all this together could imply that different strategies may reduce DD by
working on different components of the DD process. For some individuals, for whom delay
aversion is the main reason for steep DD, acceptance-based/mindfulness-based trainings
may be more appropriate, while for others, who are driven by reward immediacy in steep
DD, the future manipulations may be more effective. These overarching mechanisms
of change might become building blocks for DD theories focused on altering this transdisease mechanism, thereby building a very strong multi-component intervention where
different mechanisms may actually complement each other.
Both thorough, longer lasting, and active trainings as well as more short lived
on-off manipulations could be successful in changing DD rates and behavior, depending on
the purpose of a certain intervention. One might expect that trainings are better suitable
in shifting ‘trait’ discount rates than manipulations, thereby targeting steeper baseline
discount rates in more clinical samples. Yet, it might also be the case that it is rather
difficult to change ‘trait’ discount rates, which makes on-off manipulations (i.e., state
manipulations)more interesting to change DD rates in the moment a ‘critical’ time points
(i.e., at moments when you are deciding whether to save money for retirement, or eating a
piece of pie or not). We do not have the empirical evidence to back up these speculations,
thus more research investigating longer-term effects of trainings on DD and behavior, as
well as the effect of frequent ‘in the moment’ manipulations on DD and behavior would be
very helpful for future intervention design.
Limitations and Recommendations
The widespread variability in trainings and manipulations (e.g., working memory
training, future-based manipulations, framing manipulations etc.) complicates comparison
between studies. Furthermore, given the large heterogeneity between studies and the
nature of this systematic review, we could not formally check for publication bias. A
method to differentiate between effective studies and make comparisons more objectively,
is to compute a measure of effect size (e.g., Cohen’s d; Cohen, 1988). Unfortunately, the
vast majority of the included studies did not report effect sizes or give statistics that would
allow us to calculate effect sizes. Future work could build on the current review, by having
a more specific focus content-wise (e.g., only including ‘future’-based manipulations)
and apply meta-analytic methods to dive into more specific questions regarding the
effectiveness of the included studies.
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As a first recommendation, we would advise to adopt a structured procedure to
operationalize and test predictions regarding reductions in DD rates. An important initial
step is to figure out whether certain trainings and manipulations are able to decrease DD
in healthy populations with heightened DD rates to create proof-of-concept for DD as a
mechanism that is changeable. By testing the training or manipulation first in a healthy
sample with a broad range of DD rates (from very low to very high), we can contrast these
different groups and control for ceiling and floor effects. By doing this, we circumvent high
costs and effort and we can exclude non-effective trainings and manipulations early in the
process. When effects are established in healthy populations, the training or manipulation
could be introduced to a clinical sample. Though high DD rates are associated with
unhealthy behaviors, it could still be possible that decreasing DD rates does not translate
into a reduction of unhealthy behaviors. In other words, at this point we do not know
whether this relation between DD rates and health behaviors is correlational or causal
in nature; the mere fact that discounting is correlated with psychopathology does not
necessarily mean that reducing discounting would reduce psychopathology. Introducing
the training or manipulation to a clinical sample using rigorous designs and long-term
follow-ups will help us disentangle whether DD is causally related to changes in health
behaviors. Prospective longitudinal studies, such as the study by Audrain-McGovern and
colleagues (2009), are another method to unravel the role of DD in psychopathology.
As a final step, the same training or manipulation should be tested in a different clinical
sample to deliver evidence for DD as transdiagnostic mechanism. This three-step approach
would allow us to more efficiently test promising trainings and manipulations and provide
evidence for the underlying theoretical framework of DD as transdiagnostic mechanism.
Secondly, we recommend extending the primary focus of this literature - to reduce
DD rates and thereby change behavior – to an emphasis on the mechanisms that cause
changes in DD and behavior. Although it is critical to test whether trainings or manipulations
are able to effectively decrease DD and problematic behaviors, we also need to understand
how and why they achieve this effect. Analyzing mechanisms of change, such as a focus
on the valence of the future reward, can help us answer these how and why questions.
Related to this: not only heightened DD has been correlated with health and disorder-related
outcomes, also lower-than-average discount rates have been associated with pathology
(e.g., anorexia; Decker, Figner, & Steinglass, 2015). A focus on the broad range of discounting
patterns and their possible effects on behavior is therefore recommended.
Thirdly, we want to make a call for an upgrade of the quality of studies and
the sharing of measures and designs over studies. Differences between studies
are high: some studies did not include a proper control condition, some did not
directly compare the experimental and control condition, others included poorly
powered designs, or did not report effect sizes or statistics to calculate effect sizes.
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Furthermore, different methods were used to assess DD while these methods vary
systematically in their outcomes (Scheres et al., 2013a; Weatherly, 2014). This is
especially relevant as some of the ‘effective’ trainings and manipulations in this
systematic review have failed to replicate in more recent studies. For example, Zhang
and Smith (2018) did not find an effect of power on DD in two preregistered closereplication studies of Joshi and Fast’s study in 2013, Sweeney and colleagues (2018)
failed to replicate the effects of a working memory training on DD in adolescents
with cannabis use disorders, and Kable and colleagues (2017) showed that cognitive
training (including working memory training) was unable to decrease DD in healthy
controls. We recommend to adopt a basic set of principles and methods based on
transparency and replicability guidelines (Miguel et al., 2014; Simmons et al., 2011)
which would upgrade the quality of studies in general and make it easier to perform
replication studies and compare across studies.
Finally, we advise including more varied samples, in age as well as in clinical
diagnosis, and including possible moderators of the effect of DD on behavior (e.g.,
motivation to change). For example, in the current systematic review only two
experiments included a sample younger than 18 years of age, with all other studies
heavily relying on healthy control college student samples. From both a human
impact and economic perspective there is a strong rationale to focus more on youth
(Coughlan et al., 2013; McGorry, 2013; McGorry, Purcell, Hickie, & Jorm, 2007; Patel,
Flisher, Hetrick, & McGorry, 2007). As an example, we know that the major burden of
smoking-related diseases falls on the adult population, but there are several reasons
why smoking cessation among adolescents deserves special attention (Fanshawe et
al., 2017). For example, smoking during adolescence has a direct negative effect on
youth’s health, and is a significant predictor of nicotine dependence in adulthood
(Mermelstein, 2003) while without intervention very few adolescent smokers quit
smoking (Mermelstein, 2003). Therefore, delaying interventions until adulthood is
undesirable and a focus on youth is imperative.
Conclusion
The current paper systematically reviewed behavioral trainings and manipulations
that aimed to reduce DD in human participants. Overall, results showed that DD can
be decreased and thus that DD is a changeable construct; manipulation effects on DD
are easier demonstrated than effects of trainings. Most promising avenues to pursue in
future research seem to be acceptance-based/mindfulness-based trainings, and even
more so future-oriented manipulations. Furthermore, we make a call for more emphasis
on the underlying theoretical framework of DD as transdiagnostic mechanism and more
coherence in high-quality research methods across studies.
77

78
Type

Smokers

Opioid
dependent
patients

Marijuana
dependent
individuals

Kurti &
Dallery
(2014)

Landes et al.
(2012)

Peters et al.
(2013)

93 (80)

159 (83)

20 (13)

26.1

33.8

41.4

REAL DD

HYP DD

HYP DD

Task
Age

Experiment
Type

N (male)

Participants

Contingency Management (CM; main component)

Study

Characteristics and Results of Studies Including Trainings

Table 1

VIR, FDR

VIR, VDR

VIR, FDR

Rewards

7s-28s

1d-25y

1w-10y

Delays

BS
Interaction effect condition and
time
C: CBT only à DD ↑
E1: CMabstinence only à DD –
E2: CBT + CMadherence à DD –
E3: CMabstinence + CBT à DD –

BS
No interaction effect CM and
time
C: Buprenorphine à DD ↓
E: Buprenorphine + CM à DD ↓

Interaction effect condition and
time?
C: No CM à DD ?
E2: CM à DD ?

WS
No interaction effect condition
and time
C: No exercise à DD –
E1: Exercise à DD –

Result on DD

-

-

Interaction effect condition and
time
E: Exercise + CM à smoking ↓
E: No exercise + CM à smoking
↓
E: Exercise + no CM à smoking
–
C: No exercise + no CM à
smoking –

Secondary outcome

Chapter 3

Smokers

Yi et al.
(2008)

56 (36)

116 (44)

25.9

45.48

1. HYP DD
(money)
1. HYP DD
(cigarettes)

HYP DD

Type

Treatmentseeking
smokers

Task
Age

Experiment
Type

N (male)

Participants

Weidberg et
al. (2015)

Study

Continued

Table 1

VIR, FDR

VIR, FDR

Rewards

1w-25y

1d-25y

Delays

Cigarettes:
C: Smoke as normal à DD –
E: CM à DD ↓

BS
Interaction effect condition and
time
Money:
C: Smoke as normal à DD –
E: CM à DD ↓

In men:
C: CBT only à DD –
E: CM + CBT à DD –

Interaction effect condition, time
and sex
In women:
C: CBT only à DD –
E: CM + CBT à DD ↓

BS
No interaction effect condition
and time
C: CBT only à DD –
E: CM + CBT à DD –

Result on DD

Interaction effect condition and
time
E: CM à CO levels ↓
No control condition

Follow-up:
No interaction effect condition
and time
C: CBT only à smoking
abstinence –
E: CM + CBT à smoking
abstinence –

End of treatment:
Interaction effect condition and
time
C: CBT only à smoking
abstinence –
E: CM + CBT à smoking
abstinence ↑

Secondary outcome

Behavioral trainings and manipulations to reduce delay discounting

79

80

28 (19)

317
(120)

DeHart et al.
(2016)

HC

90 (45)

Black &
Cocaine and/
Rosen (2011) or alcohol
users

22.21

Adults

28.6

HYP DD

PR DD

1. HYP
DD (only
money)
2. HYP DD
(money and
cigarettes)

Type

Smokers

Task
Age

Experiment
Type

N (male)

Participants

Money Management-Based Training

Yoon et al.
(2009)

Study

Continued

Table 1

VIR, FDR

VIR, VDR

VIR, FDR

Rewards

1w-25y

7d-186d

1d-25y

Delays

BS
Interaction effect condition and
time
C: Abnormal psychology
condition à DD –
E: Financial education condition
à DD ↓

BS
Interaction effect condition and
time
C: Control condition à DD ↑
E: Money management-based
training à DD –

Money and cigarettes:
Interaction effect condition and
time
C: Control condition à DD –
E: CM à DD ↓

BS
Money:
No interaction effect condition
and time
C: Control condition à DD –
E: CM à DD –

Result on DD

-

Interaction effect condition and
time
C: Control condition à cocaine
abstinence ↓
E: Money management-based
training à cocaine abstinence –

Interaction effect condition and
time
C: Control condition à CO
levels –
E: CM à CO levels ↓

Secondary outcome

Chapter 3

Task
Type

Age

Experiment
Type

N (male)

Participants
Rewards

Delays

Heavy
drinking
college
students

Murphy et
al. (2012)

82 (41)

97 (40)

18.5

20.10

HYP DD

HYP DD

De Wilde et
al. (2013)

polysubstance
dependent
alcoholics
(PSA)

37 (29)

31.61

HYP DD

Cognitive Behavioral Therapy (CBT; main component)

Heavy
drinking
college
students

Dennhardt et
al. (2015)

VIR, VDR

VIR, VDR

-

2d-720d

7d-186d

-

Brief Motivational Training in combination with Substance-Free Activity Session

Study

Continued

Table 1

WS
No interaction effect condition
and time
E: CBT à DD –
No control condition

BS
No interaction effect condition
and time
C: BMT + relaxation training à
DD –
E: BMT + SFAS à DD –

BS
No interaction effect condition
and time
C: Brief motivational training
(BMT) + education session à
DD –
E: BMT + Substance-free activity
session (SFAS) à DD –

Result on DD

-

Interaction effect condition and
time
C: BMT + relaxation training à
alcohol problems –
E: BMT + SFAS à alcohol
problems ↓

-

Secondary outcome

Behavioral trainings and manipulations to reduce delay discounting

81

82

80 (27)

38.90

Hendrickson
&
Rasmussen
(2013)

Study2 HC

102 (29)

25.46

1. HYP DD
(money)
2. HYP DD
(food)

HYP DD

Type

Treatmentseeking
smokers

Task
Age

Experiment
Type

N (male)

Participants

Acceptance-Based/Mindfulness-Based Trainings

SecadesVilla et al.
(2014)

Study

Continued

Table 1

VIR, VDR

VIR, FDR

Rewards

Money:
1d-365d
Food: 1h
-20h

1d-25y

Delays

Food:
Interaction effect condition and
time
C: Control condition à DD –
E: Mindfulness-based eating
training à DD ↓

BS
Money:
No interaction effect condition
and time
C: Control condition à DD –
E: Mindfulness-based eating
training à DD –

12 month follow-up:
Interaction effect smoking status
and time
E: Smoker à DD –
E: Abstainer à DD ↓

End of treatment:
No interaction effect smoking
status and time
E: Smoker à DD –
E: Abstainer à DD –

WS
No interaction effect condition
and time
E: CBT à DD –
No control condition

Result on DD

-

-

Secondary outcome

Chapter 3

HC

Morrison et
al. (2014)

30 (15)

348
(134)

21.5
(1841)

18.29

HYP DD

1. HYP DD
(money)
2. HYP DD
(food)

Type

HC

Task
Age

Experiment
Type

N (male)

Participants

Hendrickson
&
Rasmussen
(2017)

Study

Continued

Table 1

VIR, FDR

VIR, VDR

Rewards

1w-25y

Money:
7d-186d
Food:
0,5h-24h

Delays

BS
Interaction effect condition and
time
C: Waitlist à DD –
E: Acceptance-based training à
DD ↓

Food:
Interaction effect condition and
time
C1: Control condition à DD –
C2: Nutritional DVD à DD –
E: Mindfulness-based eating
training à DD ↓

BS
Money:
No interaction effect condition
and time
C1: Control condition à DD –
C2: Nutritional DVD à DD –
E: Mindfulness-based eating
training à DD –

Result on DD

-

-

Secondary outcome

Behavioral trainings and manipulations to reduce delay discounting

83

84

Bickel et al.
(2011b)

Stimulant
dependent
individuals
in substanceabuse
treatment

27 (20)

25 (?) /
21 (?)

38.6

22.28 /
22.00

1. HYP DD
2. PR DD

HYP DD

Type

Individuals
with Internet
gaming
disorder
(IGD) / HC

Task
Age

Experiment
Type

N (male)

Participants

Working Memory Training

Yao et al.
(2017)

Study

Continued

Table 1

VIR, FDR

VIR, VDR

Rewards

HYP
DD:
1d-25y
PR DD:
1d – 6m

7d-186d

Delays

BS
Interaction effect condition and
time
C: Control condition à DD –
E: Working memory training à
DD ↓

-

In IGD group:
E: Group behavioral training
combining reality therapy and
mindfulness meditation à
internet addiction symptoms ↓

Interaction effect group and time
In healthy control group:
C: No training à DD –
In IGD group:
E: Group behavioral training
combining reality therapy and
mindfulness meditation à DD ↓

Interaction effect group and time
In healthy control group:
C: No training à internet
addiction symptoms ↑

Secondary outcome

WS
Main effect group
Healthy control group à DD –
IGD group à DD ↑

Result on DD

Chapter 3

HC

48 (15)

24.6

43.4

PR DD

1. HYP DD
2. REAL
DD

VIR, VDR

VIR, FDR

Rewards

1d-180d

HYP
DD:
1d-25y
REAL
DD:
5s-80s

Delays

Main effect condition at post-test
C: Control condition à DD –
E: Visualization training à DD ↑

BS
No interaction effect condition
and time
C: Control condition à DD –
E: Visualization training à DD –

Real DD:
Main effect time (real rewards)
C: Control condition à DD ↓
E: Working memory training à
DD ↓

BS
Hypothetical DD:
No main or interaction effects
C: Control condition à DD –
E: Working memory training à
DD –

Result on DD

-

-

Secondary outcome

Note. HYP DD = hypothetical delay discounting task; PR DD = potentially real delay discounting task; REAL DD = real delay discounting task; FITB = fill in the
blank task.
VIR = variable immediate reward; FIR = fixed immediate reward; VDR = variable delayed reward; FDR = fixed delayed reward.
WS = within subject design; BS = between subject design; E = experimental condition; C = control condition; HC = healthy controls.
↓ = delay discounting decreased; ↑ = delay discounting increased; – = no changes in delay discounting

Parthasarathi
et al. (2017)

56 (26)

Type

Methadone
maintenance
patients

Task
Age

Experiment
Type

N (male)

Participants

Visualization Training

Rass et al.
(2015)

Study

Continued

Table 1

Behavioral trainings and manipulations to reduce delay discounting

85

86

Experiment

HC

HC

Bulley &
Gullo (2016)

Cheng et al.
(2012)

Exp. 1

HC

Type

Participants

Benoit et al.
(2011)

Episodic Future Thinking (EFT)

Future

Study

64 (34)

48 (15)

12 (4)

N (male)

Characteristics and Results of Studies Including Manipulations

Table 2

21.1

20.67

27.3
(20.636.3)

Age

HYP DD

HYP DD

HYP DD

Type

Task

VIR, VDR

VIR, FDR

FIR, VDR

Rewards

1w

2d-365d

30-360d

Delays

-

-

BS
Main effect condition
C: Control condition à DD –
E: EFT condition à DD ↓

-

Secondary outcome

WS
Main effect condition
C: Control condition à DD –
E: EFT condition à DD ↓

High emotional intensity:
C: Control condition à DD –
E: EFT condition à DD ↓

Interaction effect condition
and emotional intensity
Low emotional intensity:
C: Control condition à DD –
E: EFT condition à DD –

WS
Main effect condition
C: Control condition à DD –
E: EFT condition à DD ↓

Result on DD

Chapter 3

Obese
individuals

Daniel et al.
(2013a)

Type

Smokers

Experiment

Participants

Chiou & Wu
(2016)

Study

Continued

Table 2

26 (0)

90 (69)

N (male)

26.43

31.4

Age

HYP DD

HYP DD

Type

Task
Rewards

VIR, FDR

FIR, VDR

Delays

1d – 2y

1y

BS
Main effect condition
C: Control condition à DD –
E: EFT conditionà DD ↓

BS
Main effect condition
C1: Control condition à
DD –
C2: Semantic future thinking
(SFT) condition à DD –
E: EFT conditionà DD ↓

Result on DD

Main effect condition on
caloric intake
C: Control condition à
caloric intake –
E: EFT conditionà caloric
intake ↓

Mediation effect condition
and DD on smoking during
survey/smoking next week
E: EFT à DD ↓ à
smoking during survey/
smoking next week ↓

Main effect condition on
smoking during survey/
smoking next week
C1: Control condition à
smoking during survey/
smoking next week –
C2: SFT condition à
smoking during survey /
smoking next week –
E: EFT condition à
smoking during survey/
smoking next week ↓

Secondary outcome

Behavioral trainings and manipulations to reduce delay discounting

87

88

HC

Daniel et al.
(2016)

Type

Obese
individuals

Experiment

Participants

Daniel et al.
(2013b)

Study

Continued

Table 2

81 (31)

48 (0)

N (male)

26.07

18 – 40

Age

HYP DD

HYP DD

Type

Task

VIR, FDR

VIR, FDR

Rewards

1d - 6m

1d – 2y

Delays

BS
Main effect condition
C1: Control condition à
DD –
C2: Episodic past thinking
(EPT) condition à DD –
E: EFT conditionà DD ↓

Obese individual group:
C: Control condition à DD –
E: EFT condition à DD ↓

No interaction effect condition
and group
Lean individual group:
C: Control condition à DD –
E: EFT condition à DD ↓

WS
Main effect condition
C: Control condition à DD –
E: EFT conditionà DD ↓

Result on DD

-

-

Secondary outcome

Chapter 3

HC

Amnestic
patients / HC

HC

Hu et al.
(2017)

Kwan et al.
(2015)

Lin & Epstein
(2014)

Type

HC

Experiment

Participants

Dassen et al.
(2015)

Study

Continued

Table 2

87 (45)

6 (6) / 20
(12)

22 (8)

95 (0)

N (male)

40.78

55.17 /
69.25

24 (19-28)

20.45

Age

HYP DD

HYP DD

HYP DD

HYP DD

Type

Task
Rewards

VIR, VDR

VIR, VDR

FIR, VDR

VIR, VDR

Delays

10d –70d

1w – 10y

1w-1y

7d – 186d

-

-

-

WS
Main effect condition
C: Control condition à DD –
E: EFT condition à DD ↓
BS
Main effect condition
C: Control condition à DD –
E: EFT condition à DD ↓

General task:
C2: General control
condition à caloric
intake –
E2: General EFT condition
à caloric intake –

Interaction effect condition
and task content on caloric
intake
Food-related task:
C1: Food-related control
condition à caloric
intake –
E1: Food-related EFT
condition à caloric
intake ↓

Secondary outcome

WS
Main effect condition
C: Control condition à DD –
E: EFT conditionà DD ↓

BS
Main effect condition
C1: Food-related control
condition à DD –
C2: General control condition
à DD –
E1: Food-related EFT
condition à DD ↓
E2: General EFT condition
à DD ↓

Result on DD

Behavioral trainings and manipulations to reduce delay discounting

89

90

Palombo et al.
(2015)

Liu et al.
(2013)

Study

Continued

Table 2

HC

HC

Exp. 2

Exp. 3

Amnestic
patients / HC

HC

Type

Exp. 1

Experiment

Participants

9 (6) / 13
(6)

30 (14)

31 (16)

32 (15)

N (male)

61.22 (4585) / 65

21.48
(18-25)

20.74
(18-25)

20.62
(18-25)

Age

HYP DD

PR DD

PR DD

PR DD

Type

Task

FIR, VDR

VIR, VDR

VIR, VDR

VIR, VDR

Rewards

2m-2y

1w-1m

1w-1m

1w-1m

Delays

-

-

-

WS
Main effect condition
C: Control condition à DD –
E: Negative EFT condition
à DD ↑
WS
No main effect condition
C: Control condition à DD –
E: Neutral EFT condition à
DD –
WS
Main effect condition
C: Control condition à DD –
E: EFT condition à DD ↓

In amnestic patient group:
C: Control condition à DD –
E: EFT condition à DD –

Interaction effect condition
and group
In healthy control group:
C: Control condition à DD –
E: EFT condition à DD ↓

-

Secondary outcome

WS
Main effect condition
C: Control condition à DD –
E: Positive EFT condition
à DD ↓

Result on DD

Chapter 3

Peters &
Büchel (2010)

Palombo et al.
(2016)

Study

Continued

Table 2

HC

Amnestic
patients / HC

Exp. 2

Exp. 2

Amnestic
patients / HC

Type

Exp. 1

Experiment

Participants
N (male)

30 (15)

8 (5) /
12(6)

9 (6) /
12(7)

Age

25.4

60.63 /
58.8

58.78
(47-73) /
60.2

PR DD

HYP DD

HYP DD

Type

Task
Rewards

FIR, VDR

FIR, VDR

FIR, VDR

Delays

1d-233d

2m-2y

2m-2y

WS
Main effect condition
C: Control condition à DD –
E: EFT condition à DD ↓

In amnestic patient group:
C: Control condition à DD –
E: EFT condition à DD ↓

No interaction effect condition
and group
In healthy control group:
C: Control condition à DD –
E: EFT condition à DD ↓

WS
Main effect condition
C: Control condition à DD –
E: EFT condition à DD ↓

In amnestic patient group:
C: Control condition à DD –
E: EFT condition à DD ↑

Interaction effect condition
and group
In healthy control group:
C: Control condition à DD –
E: EFT condition à DD ↓

WS
No main effect condition
C: Control condition à DD –
E: EFT condition à DD –

Result on DD

-

-

-

Secondary outcome

Behavioral trainings and manipulations to reduce delay discounting

91

92

HC

Alcoholdependent
individuals

Sasse et al.
(2017)

Snider et al.
(2016)

Type

HC

Experiment

Participants

Sasse et al.
(2015)

Study

Continued

Table 2

50 (38)

22 (9)

23 (12)

N (male)

41.15

66.55

24.96
(21-30)

Age

HYP DD

PR DD

PR DD

Type

Task

VIR, FDR

FIR, VDR

FIR, VDR

Rewards

1d-1y

1d-190d

1d-190d

Delays
-

-

Main effect condition
on hypothetical alcohol
purchase
C: Control condition
à hypothetical alcohol
purchase –
E: EFT condition à
hypothetical alcohol
purchase ↓

WS
No main effect condition
C1: Control condition à
DD –
E1: Familiar EFT condition
à DD –
E2: Unfamiliar EFT condition
à DD –
BS
Main effect condition
C: Control condition à DD –
E: EFT condition à DD ↓

Secondary outcome

WS
Main effect condition
C1: Control condition à
DD –
E1: Familiar EFT condition
à DD ↓
E2: Unfamiliar EFT condition
à DD ↓

Result on DD

Chapter 3

Bartels &
Urminsky
(2011)

Exp. 1

HC

HC

Exp. 2

Connectivity to Future (Self)

HC

Exp. 1

Wu et al.
(2017)

Type

Smokers

Experiment

Participants

Stein et al.
(2016)

Study

Continued

Table 2

141 (-)

90 (45)

90 (48)

42 (24)

N (male)

Graduating
seniors

20.2

20.9

39.26

Age

PR DD

PR DD

PR DD

HYP DD

Type

Task

FIR, VDR

FIR, VDR

FIR, VDR

VIR, FDR

Rewards

1w – 1y

1y

1y

1d-1y

Delays

-

BS
Main effect condition
C1: Control episodic thinking
(ET) à DD –
C2: ET present-self à DD –
E: EFT condition à DD ↓

-

-

BS
Main effect condition
C1: Control condition à
DD –
C2: SFT condition à DD –
E: EFT condition à DD ↓

BS
Main effect condition
C: Low connectedness à
DD –
E: High connectedness à
DD ↓

Main effect condition
on cigarette selfadministration
C: Control condition
à cigarette selfadministration –
E: EFT condition
à cigarette selfadministration ↓

Secondary outcome

BS
Main effect condition
C: Control condition à DD –
E: EFT condition à DD ↓

Result on DD

Behavioral trainings and manipulations to reduce delay discounting

93

94

Hershfield et
al. (2011)

Study

Continued

Table 2

HC

Exp. 3

Exp. 4

HC

HC

Exp. 2

Exp. 2

Type

HC

Experiment

Participants

21 (6)

71 (-)

97 (-)

118 (-)

N (male)

20.08

Adults

Undergraduates

18-29

Age

PR DD

HYP FITB

HYP FITB

PR DD

Type

Task

VIR, VDR

-

-

VIR, FDR

Rewards

10d – 75d

1m / 1y

Now – 1y

1w – 1y

Delays
-

-

-

-

BS
Main effect condition
C: Low connectedness à
DD –
E: High connectedness à
DD ↓
BS
Main effect condition
C: Low connectedness à
DD –
E: High connectedness à
DD ↓
BS
No main effect condition
C: Exposure to other à DD –
E: Exposure to future self
à DD –

Secondary outcome

BS
Main effect condition
C: Low connectedness à
DD –
E: High connectedness à
DD ↓

Result on DD

Chapter 3

HC

HC

Exp. 1

Exp. 2

Joshi & Fast
(2013)

Type

HC

Experiment

Participants

Israel et al.
(2014)

Study

Continued

Table 2

59 (27)

73 (30)

436 (235)

N (male)

19.95
(18-25)

33.11
(18-63)

25.27

Age

PR DD

HYP DD

HYP FITB

Type

Task

FIR, VDR

FIR, VDR

-

Rewards

Delays

1y

1y

1w – 1y

-

-

BS
Main effect condition
C: Low power à DD –
E: High power à DD ↓

-

Secondary outcome

BS
Main effect condition
C: Low power à DD –
E: High power à DD ↓

Text priming:
No main effect condition
C: Basic prime à DD –
E1: Older people prime à
DD –
E2: Vacation prime à DD –

BS
Picture priming:
Main effect condition
C: Basic prime à DD ↓
E1: Vacation prime à DD –
E2: Older people prime à
DD ↓↓

Result on DD

Behavioral trainings and manipulations to reduce delay discounting

95

96

HC

Exp. 4

Pronin et al.
(2008)

Type

HC

Experiment

Participants

Kuo et al.
(2016)

Study

Continued

Table 2

140 (-)

76 (28)

N (male)

College
students

21.2

Age

PR DD

PR DD

Type

Task
Rewards

FIR, FDR

FIR, VDR

Delays

2,5m-5m

1y

BS
Main effect condition
C: Choosing for self à DD –
E1: Choosing for self in future
à DD ↓
E2: Choosing for another
person à DD ↓
E3: Choosing for self with
reduced salience of emotions
à DD ↓

BS
Main effect condition
C: Present self condition à
DD –
E: Future ideal self condition
à DD ↓

Result on DD

-

Main effect condition on
amount of sugar in reward
drink
C: Present self condition à
amount of sugar –
E: Future ideal self
conditionà amount of
sugar ↓

Mediation effect condition
and DD on ice cream
intake
E: Future ideal self
condition à DD ↓ à ice
cream intake ↓

Main effect condition on
ice cream intake
C: Present self condition à
ice cream intake –
E: Future ideal self
conditionà ice cream
intake ↓

Secondary outcome

Chapter 3

Experiment

HC

HC

HC

Exp. 4

Exp. 5

Kim et al.
(2012)

HC

Type

Participants

Kelley &
Schmeichel
(2015)

Construal Level Manipulation

Sheffer et al.
(2016)

Study

Continued

Table 2

187 (86)

200 (90)

118 (28)

1,122
(583)

N (male)

19.79

33.9

21.19
(18-43)

34.0

Age

HYP FITB

HYP FITB

HYP DD

HYP DD

Type

Task

-

-

FIR, VDR

VIR, VDR

Rewards

1m

3m

3m

7d – 186d

Delays

-

-

-

BS
Main effect condition
C: Large distance condition
à DD –
E: Short distance condition
à DD ↓
BS
Main effect condition
C: Large distance condition
à DD –
E: Short distance condition
à DD ↓

-

Secondary outcome

BS
ABSTRACTION
Main effect condition
C: Control condition à DD –
E: Mortality salience
condition à DD ↓

BS
Main effect condition
C1: Non-temporal focus
condition à DD –
C2: Present focus condition
à DD –
E: Future focus condition à
DD ↓

Result on DD

Behavioral trainings and manipulations to reduce delay discounting

97

98

Kim et al.
(2013)

Study

Continued

Table 2

HC

HC

HC

Exp. 1b

Exp. 2

Type

Exp. 1a

Experiment

Participants

102 (35)

81 (39)

70 (33)

N (male)

36.25

23.60

25.47

Age

HYP DD

HYP DD

HYP DD

Type

Task

VIR, FDR

VIR, FDR

VIR, FDR

Rewards

1y

1y

1y

Delays
-

-

-

BS
CONCRETIZATION
Main effect condition
C: High-level construal à
DD –
E: Low-level construal à
DD ↓
BS
CONCRETIZATION
Main effect condition
C: High-level construal à
DD –
E: Low-level construal à
DD ↓

Secondary outcome

BS
CONCRETIZATION
Main effect condition
C: High-level construal à
DD –
E: Low-level construal à
DD ↓

Result on DD

Chapter 3

HC

Exp. 1a

Malkoc et al.
(2010)

Type

Internet
addicts / HC

Experiment

Participants

Li et al.
(2016)

Study

Continued

Table 2

102 (-)

55 (39) /
55 (25)

N (male)

College
students

19 / 19

Age

HYP FITB

HYP DD

Type

Task

-

VIR, FDR

Rewards

3d-10d

6m

Delays

BS
ABSTRACTION
Main effect condition
C: Low-level construal à
DD –
E: High-level construal à
DD ↓

In internet addicts group:
C: Low-level construal à
DD –
E: High-level construal à
DD ↓

No interaction effect condition
and group
In healthy control group:
C: Low-level construal à
DD –
E: High-level construal à
DD ↓

BS
ABSTRACTION
Main effect condition
C: Low-level construal à
DD –
E: High-level construal à
DD ↓

Result on DD

-

-

Secondary outcome

Behavioral trainings and manipulations to reduce delay discounting

99

100

Study

Continued

Table 2

Type

HC

HC

HC

HC

Experiment

Exp. 1b

Exp. 2

Exp. 3

Exp. 4

Participants

171 (-)

231 (-)

117 (-)

522 (-)

N (male)

Age

College
students

College
students

College
students

College
students

HYP FITB

HYP FITB

HYP FITB

HYP FITB

Type

Task

-

-

-

-

Rewards

3m-1y

3m-1y

4w-10w

3d-10d

Delays
-

-

-

-

BS
ABSTRACTION
Main effect condition
C: Low-level construal à
DD –
E: High-level construal à
DD ↓
BS
ABSTRACTION
Main effect condition
C: Low-level construal à
DD –
E: High-level construal à
DD ↓
BS
ABSTRACTION
Main effect condition
C: Low-level construal à
DD –
E: High-level construal à
DD ↓

Secondary outcome

BS
ABSTRACTION
Main effect condition
C1: Control condition à
DD –
C2: Low-level construal à
DD –
E: High-level construal à
DD ↓

Result on DD

Chapter 3

HC

HC

HC

Exp. 1

Exp. 2

Exp. 3

Charlton et al.
(2013)

Type

Smokers and
hazardousto-harmful
drinkers

Experiment

Participants

Bickel et al.
(2012a)

Social Context

Social Factors

Study

Continued

Table 2

108 (-)

32 (-)

32 (-)

796 (358)

N (male)

College
students

College
students

College
students

31.31

Age

HYP DD

HYP DD

HYP DD

HYP DD

Type

Task

VIR, VDR

VIR, VDR

VIR, VDR

VIR, VDR

Rewards

7d-186d

7d – 186d

7d – 186d

10d – 75d

Delays

-

-

-

-

WS
Main effect condition
C: Choosing for self à DD –
E: Choosing for group à
DD ↓
WS
Main effect condition
C: Choosing for self à DD –
E: Choosing for group à
DD ↓
WS
Main effect condition
C: Choosing for self à DD –
E: Choosing for group à
DD ↓

Secondary outcome

WS
Main effect condition
C: Me now, me later à DD –
E1: Me now, we later à
DD ↓
E2: We now, we later à DD ↓

Result on DD

Behavioral trainings and manipulations to reduce delay discounting

101

102

Senecal et al.
(2012)

Social Influence

Yi et al.
(2010)

Study

Continued

Table 2

Exp. 2

Experiment

HC

HC

Type

Participants

80 (27)

57 (26)

N (male)

22.2

33.09

Age

PR DD

HYP DD

Type

Task

VIR, VDR

VIR, FDR

Rewards

1d-180d

1d-25y /
1w-5y

Delays

Interaction effect condition
and time
C: Interest rate instruction
à DD –
E: Financial guide à DD ↓
No direct comparison
between 2 conditions

BS design/WS analyses
Main effect condition
C: Interest rate instruction
à DD –
E: Financial guide à DD ↓
No direct comparison
between 2 conditions

In females:
C: Choosing for self à DD ↓
E: Choosing for group à
DD –

Interaction effect condition
and sex
In males:
C: Choosing for self à DD –
E: Choosing for group à
DD ↓

WS
No main effect condition
C: Choosing for self à DD –
E: Choosing for group à
DD –

Result on DD

-

-

Secondary outcome

Chapter 3

Augustine &
Larsen (2011)

Emotion

Study

Continued

Table 2

Exp. 4

HC

HC

Exp. 3

Exp. 1

Type

HC

Experiment

Participants

70 (21)

64 (24)

20 (5)

N (male)

Age

19.66

21

26

HYP DD

PR DD

PR DD

Type

Task
Rewards

VIR, VDR

VIR, VDR

VIR, VDR

Delays

7 – 186 d

1d-180d

1d-180d

High neuroticism:
C: Negative condition à
DD ↓
E: Positive condition à DD –

Interaction effect condition
and neuroticism
Low neuroticism:
C: Negative condition à
DD –
E: Positive condition à DD –

BS
No main effect condition
C: Negative condition à
DD –
E: Positive condition à DD –

BS design/WS analyses
Main effect condition
C: Impatient peer-generated
advice à DD –
E: Patient peer-generated
advice à DD ↓
No direct comparison
between 2 conditions

Interaction effect condition
and time
E: Financial guide à DD ↓
No control condition

WS
Main effect condition
E: Financial guide à DD ↓
No control condition

Result on DD

-

-

-

Secondary outcome

Behavioral trainings and manipulations to reduce delay discounting

103

104

Berry et al.
(2014)

Berndsen &
van der Pligt
(2001)

Study

Continued

Table 2

HC

Exp. 2

HC

HC

Exp. 2

Exp. 1

Type

HC

Experiment

Participants

185 (78)

81 (-)

83 (-)

67 (18)

N (male)

Age

20.88

College
students

College
students

19.34

HYP DD

HYP FITB

HYP FITB

HYP DD

Type

Task
Rewards

VIR, FDR

-

-

VIR, VDR

Delays

1d – 25y

1y-4y

1y – 4y

7 – 186 d

-

-

-

BS
Main effect condition
C: High optimism à DD –
E: Low optimism à DD ↓
BS
Main effect condition
C1: Built environments à
DD –
C2: Geometric shapes à
DD –
E: Natural environment à
DD ↓

-

Secondary outcome

BS
Main effect condition
C: High optimism à DD –
E: Low optimism à DD ↓

High neuroticism:
C: Negative condition à
DD –
E: Positive condition à DD –

Interaction effect condition
and neuroticism
Low neuroticism:
C: Negative condition à
DD ↓
E: Positive condition à DD –

BS
No main effect condition
C: Negative condition à
DD –
E: Positive condition à DD –

Result on DD

Chapter 3

HC

HC

Exp. 1

Exp. 2

Callan et al.
(2014)

Type

HC

Experiment

Participants

Berry et al.
(2015)

Study

Continued

Table 2

238 (133)

381 (164)

43 (17)

N (male)

31.10

30.82

22.53

Age

HYP DD

HYP DD

HYP DD

Type

Task

VIR, FDR

VIR, FDR

VIR, FDR

Rewards

7d-365d

2nd online
sample:7d365d

Lab sample
+ 1st online
sample:
1d-730d

1d - 25y

Delays

BS
Main effect condition
C: No drug dealer condition
à DD –
E: Drug dealer condition à
DD ↓

-

-

BS
Interaction condition and
victim derogation
Unjust (faith in justice
threatened):
C: Low victim derogation
à DD –
E: High victim derogation
à DD ↓
Just (faith in justice):
C: Low victim derogation
à DD –
E: High victim derogation
à DD –

-

Secondary outcome

BS
Main effect condition
C: Built environment à DD –
E: Natural environment à
DD ↓

Result on DD

Behavioral trainings and manipulations to reduce delay discounting

105

106

HC

HC

Dickens &
DeSteno
(2016)

Guan et al.
(2015)

Type

HC

Experiment

Participants

DeSteno et al.
(2014)

Study

Continued

Table 2

27 (7)

105 (26)

75 (32)

N (male)

19.3

19.31

19 (18-23)

Age

HYP DD

PR DD

PR DD

Type

Task
Rewards

VIR, VDR

VIR, VDR

VIR, VDR

Delays

1m

1w-6m

1w-6m
-

-

-

WS
Main effect condition
E: Daily gratitude à DD ↓
No control condition
WS
Main effect condition
C: Negative condition à
DD –
E1: Neutral condition à
DD ↓
E2: Positive condition à
DD ↓↓

Secondary outcome

BS
Main effect condition
C1: Neutral condition à
DD –
C2: Happiness condition à
DD –
E: Gratitude condition à
DD ↓

Result on DD

Chapter 3

HC

Exp. 1

Huang et al.
(2017)

Type

HC

Experiment

Participants

Hirsh et al.
(2010)

Study

Continued

Table 2

80 (41)

137 (38)

N (male)

20.77

20.1 (1825)

Age

PR DD

HYP DD

Type

Task

FIR, FDR

VIR, VDR

Rewards

1m

1w – 1y

Delays

BS
Main effect condition
C: Control condition à DD –
E: Nostalgia condition à
DD ↓

Medium and high
extraversion:
C1: Control condition à
DD ↓
C2: Positive affect induction
à DD –
E: Negative affect induction
à DD ↓

Interaction effect condition
and extraversion
Low extraversion:
C1: Control condition à
DD –
C2: Positive affect induction
à DD –
E: Negative affect induction
à DD –

BS
No main effect condition
C1: Control condition à
DD –
C2: Positive affect induction
à DD –
E: Negative affect induction
à DD –

Result on DD

-

-

Secondary outcome

Behavioral trainings and manipulations to reduce delay discounting

107

108

HC

Exp. 4

Liu & Aaker
(2007)

Exp. 6

HC

Type

HC

Experiment

Participants

Ifcher &
Zarghamee
(2011)

Study

Continued

Table 2

80 (38)

69 (36)

186 (99)

N (male)

Age

20.91

Undergradu-ate
students

38.53

HYP FITB

PR FITB

PR DD

Type

Task

-

-

FIR, FDR

Rewards

Spend it/
Short-term
saving/
Long-term
saving

1d-56d

30d

Delays

-

-

BS
Main effect condition
C: Neutral condition à DD –
E: Positive condition à DD ↓
BS
Interaction effect condition
and simulation
No cancer death experience
(CDE):
C: No mental simulation of
CDE à DD –
E: Mental simulation of CDE
à DD ↓
CDE:
C: No mental simulation of
CDE à DD ↓
E: Mental simulation of CDE
à DD ↓

-

Secondary outcome

BS
Interaction effect condition
and repeatability
C1: Repeatable control
condition à DD –
C2: Unrepeatable control
condition à DD –
E1: Repeatable nostalgia
condition à DD –
E2: Unrepeatable nostalgia
condition à DD ↓

Result on DD

Chapter 3

HC

HC

HC

HC

Exp. 3

Exp. 4

Exp. 5

Exp. 6

Pyone & Isen
(2011)

Type

HC

Experiment

Participants

Luo et al.
(2014)

Study

Continued

Table 2

50 (-)

44 (-)

117 (-)

95 (42)

22 (13)

N (male)

College
students

College
students

College
students

College
students

33.6

Age

HYP FITB

HYP FITB

HYP DD

HYP DD

PR DD

Type

Task
Rewards

-

-

FIR, FDR

FIR, VDR

VIR, VDR

Delays

3d-10d

1m

A few weeks

4w-6w

1d-56d

-

-

BS
Main effect condition
C: Neutral condition à DD –
E: Positive condition à DD ↓
BS
Main effect condition
C: Neutral condition à DD –
E: Positive condition à DD ↓

$15 reward:
C: Neutral condition à DD –
E: Positive condition à DD ↓

BS
Interaction effect condition
and reward amount
$5 reward:
C: Neutral condition à DD –
E: Positive condition à DD –

-

-

BS
Interaction effect condition
and reward amount
$5 reward:
C: Neutral condition à DD –
E: Positive condition à DD –
$15 or more reward:
C: Neutral condition à DD –
E: Positive condition à DD ↓

-

Secondary outcome

WS
Main effect condition
C: Neutral condition à DD –
E1: Happy prime à DD –
E2: Fearful prime à DD ↓

Result on DD

Behavioral trainings and manipulations to reduce delay discounting

109

110

Quisenberry
et al. (2015)

Study

Continued

Table 2

Experiment

HC

Type

Participants
408 (228)

N (male)
30 (25-37)

Age
1. HYP
DD
2. Sexual
DD (SDT)

Type

Task
Rewards
1. VIR, FDR
2. Without
condom,
with condom

Delays
1. 1d-5y
2. 1h-3m

Most STI partner scenario:
C: Positive condition à DD –
E1: Negative no regret
condition à DD ↓
E2: Negative regret condition
à DD ↓

Least sexually transmitted
infection (STI) partner
scenario:
C: Positive condition à DD –
E1: Negative no regret
condition à DD –
E2: Negative regret condition
à DD ↓

Most attractive scenario:
C: Positive condition à DD –
E1: Negative no regret
condition à DD –
E2: Negative regret condition
à DD ↓

2. Interaction effect condition
and scenario
Least attractive scenario:
C: Positive condition à DD –
E1: Negative no regret
condition à DD ↓
E2: Negative regret condition
à DD ↓

BS
1. No effects

Result on DD
-

Secondary outcome

Chapter 3

HC

HC

HC

Exp. 1

Exp. 2

Exp. 3

van der Wal et
al. (2013)

Type

HC

Experiment

Participants

Raeva et al.
(2008)

Study

Continued

Table 2

43 (17)

67 (19)

47 (22)

57 (30)

N (male)

31.84

20.03

20.23

23.07

Age

PR DD

PR DD

PR DD

PR DD

Type

Task
Rewards

VIR, VDR

VIR, VDR

FIR, VDR

VIR, VDR

Delays

7d-236d

7d-91d

90d

1d-2m
-

-

-

-

BS
Main effect condition
C: Urban environment à
DD –
E: Nature environment à
DD ↓
BS
Main effect condition
C1: Control condition à
DD –
C2: Urban environment à
DD –
E: Nature environment à
DD ↓
BS
Main effect condition
C: Urban environment à
DD –
E: Nature environment à
DD ↓

Secondary outcome

WS
Main effect condition
C: Partial feedback à DD –
E1: Regret feedback à DD –
E2: Rejoicing feedback à
DD ↓

Result on DD

Behavioral trainings and manipulations to reduce delay discounting

111

112

Smokers +
non-smokers

Hofmeyr et al.
(2010)

Type

HC

Experiment

Participants

Bialaszek &
Ostaszewski
(2011)

Bundling

Framing

Study

Continued

Table 2

30 (16) +
30 (16)

54 (23)

N (male)

20.97 +
21.23

21.31
(18-32)

Age

REAL DD

HYP DD

Type

Task

VIR, FDR

VIR, VDR

Rewards

1d – 10d

1m – 10y

Delays

Non-smokers:
No main effect condition
C: Free condition à DD –
E1: Suggested condition à
DD –
E2: Forced condition à DD –

BS
Smokers:
Main effect condition
C: Free condition à DD –
E1: Suggested condition à
DD –
E2: Forced condition à DD ↓

Large rewards:
Main effect condition
C: Single large reward à
DD ↓
E: Sequence of large rewards
à DD –

WS
Small rewards:
No main effect condition
C: Single small reward à
DD –
E: Sequence of small rewards
à DD –

Result on DD

-

-

Secondary outcome

Chapter 3

Dai &
Fishbach
(2013)

Time Framing

Kirby &
Guastello
(2001)

Study

Continued

Table 2

HC

HC

Exp. 2a

HC

Exp. 2

Exp. 1

HC

Type

Exp. 1

Experiment

Participants

157 (73)

98 (48)

38 (12)

72 (27)

N (male)

College
students

College
students

Undergraduates

Undergraduates

Age

PR DD

PR DD

PR DD

PR DD

Type

Task

FIR, FDR

FIR, FDR

VIR, FDR

VIR, FDR

Rewards

2d-40d

3d-50d

7d

1d – 46d

Delays

-

-

BS
Main effect condition
C1: Near-future condition
à DD –
C2: Distant-future condition
à DD –
E: Waiting condition à DD ↓

-

WS
Main effect condition
C: Free-linking condition à
DD –
E1: Suggested-linking
condition à DD ↓
E2: Imposed-linking condition
à DD ↓↓
BS
Main effect condition
C1: Near-future condition
à DD –
C2: Distant-future condition
à DD –
E: Waiting condition à DD ↓

-

Secondary outcome

WS
Main effect condition
C: Free-linking condition à
DD –
E1: Suggested-linking
condition à DD –
E2: Imposed-linking condition
à DD ↓

Result on DD

Behavioral trainings and manipulations to reduce delay discounting

113

114

Exp. 4

HC

HC

Exp. 3

Dshemuchadse et al.
(2013)

HC

Exp. 2b

HC

Type

HC

Experiment

Participants

De Hart &
Odum (2015)

Study

Continued

Table 2

42 (14)

76 (31)

234 (87)

239 (128)

145 (-)

N (male)

Age

24.1

21

College
students

College
students

College
students

HYP DD

HYP DD

PR
DDHHY

PR DD

PR DD

Type

Task

VIR, VDR

VIR, FDR

FIR, FDR

FIR, FDR

FIR, FDR

Rewards

1-14d

1w – 25y

6d-48d

6d-48d

5d-45d

Delays
-

-

-

-

-

BS
Main effect condition
C: Short-wait à DD –
E: Long-wait à DD ↓
BS
Main effect condition
C: Short-wait à DD –
E: Long-wait à DD ↓
BS
Main effect condition
C1: Temporal distance
condition à DD ↓
E1: Temporal distance
condition (days) à DD –
E2: Specific date condition
à DD ↓↓
WS
Main effect condition
C: Temporal distance
condition à DD –
E: Specific date condition
à DD ↓

Secondary outcome

BS
Main effect condition
C1: Near-future condition
à DD –
C2: Distant-future condition
à DD –
E: Waiting condition à DD
↓

Result on DD

Chapter 3

Ebert &
Prelec (2007)

Study

Continued

Table 2

HC

HC

Exp. 4

Type

Exp. 3

Experiment

Participants

218 (107)

121 (59)

N (male)

21.1

22.2

Age

HYP DD

HYP DD

Type

Task

VIR, FDR

VIR, FDR

Rewards

1d – 1f8m

1d – 1y

Delays

Far future:
C: No focus à DD ↓
E: Time focus à DD –

BS
Interaction effect condition
and future time
Near future:
C: No focus à DD –
E: Time focus à DD ↓

Far future:
C: No focus à DD ↓
E: Time focus à DD –

BS
Interaction effect condition
and future time
Near future:
C: No focus à DD –
E: Time focus à DD ↓

Result on DD

-

-

Secondary outcome

Behavioral trainings and manipulations to reduce delay discounting

115

116

Lempert et al.
(2016b)

Study

Continued

Table 2

Experiment

HC

Type

Participants
60 (26)

N (male)
23.43

Age
PR DD

Type

Task
Rewards
VIR, VDR

Delays
7d-180d

High subjective value delayed
reward (high emotional
arousal):
C: Temporal distance
condition à DD ↓
E: Specific date condition
à DD ↓

Main effect emotional arousal
for delayed reward
Low subjective value delayed
reward (low emotional
arousal):
C: Temporal distance
condition à DD –
E: Specific date condition
à DD –

WS
No main effect condition
C: Temporal distance
condition à DD –
E: Specific date condition
à DD –

Result on DD
-

Secondary outcome

Chapter 3

HC

HC

Exp. 1a

Exp. 1b

LeBoeuf
(2006)

Type

Substance
abuse disorder
/ HC

Experiment

Participants

Klapproth
(2012)

Study

Continued

Table 2

240 (-)

356 (-)

30 (23) /
30 (9)

N (male)

College
students

College
students

36.9 / 31.3

Age

HYP FITB

HYP FITB

HYP DD

Type

Task

-

-

VIR, VDR

Rewards

2m-18m

3m-10m

7 – 186 d

Delays

-

-

BS
Main effect condition
C: Temporal distance
condition à DD –
E: Specific date condition
à DD ↓

-

Secondary outcome

BS
Main effect condition
C: Temporal distance
condition à DD –
E: Specific date condition
à DD ↓

In substance use disorder
group:
C: Temporal distance
condition à DD –
E: Specific date condition
à DD ↓

Interaction effect condition
and group
In healthy control group:
C: Temporal distance
condition à DD –
E: Specific date condition
à DD –

BS
Main effect condition
C: Temporal distance
condition à DD –
E: Specific date condition
à DD ↓

Result on DD

Behavioral trainings and manipulations to reduce delay discounting

117

118

Rabinovich et
al. (2010)

Study

Continued

Table 2

Exp. 3

HC

HC

Exp. 2

Exp. 2

Type

HC

Experiment

Participants

94 (30)

86 (-)

253 (-)

N (male)

Age

36 (20-70)

College
students

College
students

PR DD

HYP DD

HYP FITB

Type

Task

VIR, FDR

VIR, VDR

VIR, VDR

Rewards

1m-7m

2m-23m

-

Delays

-

-

BS
Main effect condition
C: Temporal distance
condition à DD –
E: Specific date condition
à DD ↓
BS
No main effect condition
C: Short-term time
perspective à DD –
E: Long-term time perspective
à DD –

Positive attitude towards
saving:
C: Short-term time
perspective à DD –
E: Long-term time perspective
à DD ↓

Interaction effect condition
and attitudes towards saving
Negative attitude towards
saving:
C: Short-term time
perspective à DD –
E: Long-term time perspective
à DD –

-

Secondary outcome

BS
Main effect condition
C: Temporal distance
condition à DD –
E: Specific date condition
à DD ↓

Result on DD

Chapter 3

Read et al.
(2005)

Study

Continued

Table 2

HC

HC

HC

HC

Exp. 2

Exp. 3

Exp. 4

Type

Exp. 1

Experiment

Participants

90 (-)

60 (-)

160 (-)

90 (-)

N (male)

College
students

College
students

College
students

College
students

Age

HYP DD

PR DD

HYP FITB

HYP DD

Type

Task

FIR, FDR

FIR, FDR

-

FIR, FDR

Rewards

2m-60m

2m, 36m

2m-36m

2m-36m

Delays
-

-

-

-

BS
Main effect condition
C: Temporal distance
condition (months) à DD –
E: Specific date condition
à DD ↓
BS
Main effect condition
C: Temporal distance
condition (months) à DD –
E: Specific date condition
à DD ↓
BS
Main effect condition
C: Temporal distance
condition (months) à DD –
E1: Temporal distance
(months) + specific date
condition à DD –
E2: Specific date condition
à DD ↓

Secondary outcome

BS
Main effect condition
C1: Temporal distance
condition (days) à DD –
C2: Temporal distance
condition (months) à DD –
E: Specific date condition
à DD ↓

Result on DD

Behavioral trainings and manipulations to reduce delay discounting

119

120

Exp. 3

Experiment

Appelt et al.
(2011)

HC

HC

Exp. 2

HC

Type

Participants

Exp. 1

Reframing of Rewards

Zauberman et
al. (2009)

Study

Continued

Table 2

279 (84)

607 (152)

190 (-)

N (male)

39.82

37.51

College
students

Age

HYP DD

HYP DD

HYP FITB

Type

Task

VIR, VDR

VIR, VDR

-

Rewards

3m

3m

1m-3m

Delays

-

-

BS
Main effect condition
C: Delay condition à DD –
E: Acceleration condition à
DD ↓

-

Secondary outcome

BS
Main effect condition
C: Delay condition à DD –
E: Acceleration condition à
DD ↓

3 month time horizon:
C: Control condition à DD ↓
E: Duration priming condition
à DD ↓

Interaction effect condition
and time horizon
1 month time horizon:
C: Control condition à DD –
E: Duration priming condition
à DD ↓

BS
No main effect condition
C: Control condition à DD –
E: Duration-priming condition
à DD –

Result on DD
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HC

HC

Exp. 1

Exp. 4

Fassbender et
al. (2014)

Type

HC

Emotion
manipulation
as well

Experiment

Participants

Bickel et al.
(2016b)

Study

Continued

Table 2

N (male)

183 (92)

42 (17)

599 (383)

Age

35.5

22.4

28.61

HYP DD

PR DD

HYP DD

Type

Task

VIR, VDR

VIR, VDR

FIR, FDR

Rewards

7d – 56d

7d – 56d

-

Delays

-

-

BS
Main effect condition
C: Rounded decimal condition
à DD –
E: Non-zero decimal
condition à DD ↓

-

Secondary outcome

WS
Main effect condition
C: Rounded decimal condition
à DD –
E: Non-zero decimal
condition à DD ↓

Main effect condition
(emotion)
C: Negative income narrative
à DD ↑
E1: Neutral income narrative
à DD –
E2: Positive income narrative
à DD –

BS
Main effect condition
C: Hidden-zero condition à
DD –
E: Explicit-zero condition
à DD ↓

Result on DD
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121

122

HC

Exp. 1a

Jiang et al.
(2014)

Exp. 5

HC

Type

ADHD / HC

Experiment

Participants

Grace &
McLean
(2005)

Study

Continued

Table 2

209 (55)

24 (14)

25 (12) /
40 (23)

N (male)

Age

21.3

24.9

18.6 / 17.6

HYP DD

HYP DD

PR DD

Type

Task

VIR, FDR

VIR, FDR

VIR, VDR

Rewards

1w-4y

1m-10y

7d – 56d

Delays

-

-

BS
Main effect condition
C: Pure gain condition à
DD –
E: Upfront loss + gain
condition à DD ↓

-

Secondary outcome

WS
Main effect condition
C1: Baseline condition à
DD –
E1: Delay condition à DD ↓
E2: Accelerate condition à
DD ↓↓

In ADHD group:
C: Rounded decimal condition
à DD –
E: Non-zero decimal
condition à DD ↓

No interaction effect condition
and group
In healthy control group:
C; Rounded decimal condition
à DD –
E: Non-zero decimal
condition à DD ↓

BS
Main effect condition
C: Rounded decimal condition
à DD –
E: Non-zero decimal
condition à DD ↓

Result on DD
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Magen et al.
(2008)

Study

Continued

Table 2

HC

HC

Exp. 2a

Exp. 2b

Exp. 2c

HC

HC

Exp. 1b

Exp. 1

Type

HC

Experiment

Participants

112 (14)

104 (61)

103 (40)

171 (82)

106 (54)

N (male)

Age

33.7

21.1

21.5

20.8

22.5

HYP DD

HYP DD

HYP DD

HYP DD

HYP DD

Type

Task

VIR, VDR

VIR, FDR

VIR, FDR

VIR, FDR

VIR, FDR

Rewards

7d-140d

3w-4y

7w-9y

1w-4y

1w-4y

Delays
-

-

-

-

-

BS
Main effect condition
C: Pure gain condition à
DD –
E: Upfront gain + gain
condition à DD ↓
BS
Main effect condition
C: Pure gain condition à
DD –
E: Upfront loss + gain
condition à DD ↓
WS
Main effect condition
C: Pure gain condition à
DD –
E: Upfront loss + gain
condition à DD ↓
BS
Main effect condition
C: Hidden-zero condition à
DD –
E: Explicit-zero condition
à DD ↓

Secondary outcome

WS
Main effect condition
C: Pure gain condition à
DD –
E: Upfront loss + gain
condition à DD ↓

Result on DD
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123

124

Exp. 1

Read et al.
(2013)

HC

HC

HC

Exp. 2

Exp. 2

HC

Exp. 1

Type

HC

Exp. 2

Participants

Experiment

Radu et al.
(2011)

Magen et al.
(2014)

Study

Continued

Table 2

373 (134)

47 (19)

23 (10)

182 (89)

57 (13)

N (male)

Age

36

18.8 (1722)

27.5

35.66

32.1

HYP DD

HYP DD

PR DD

PR DD

PR DD

Type

Task
Rewards

VIR, VDR

VIR, VDR

VIR, VDR

VIR, VDR

VIR, VDR

Delays

1y-3y

7d-140d

7d-140d

7d-140d

7d-140d

-

BS
Main effect condition
C: Hidden-zero condition à
DD –
E: Explicit-zero condition
à DD ↓

-

-

WS
Main effect condition
C: Hidden-zero condition à
DD –
E: Explicit-zero condition
à DD ↓
BS
Main effect condition
C: Amount condition à DD –
E: Interest-rate condition à
DD ↓

WS
Main effect condition
C: Hidden-zero condition à
DD –
E: Explicit-zero condition
à DD ↓

-

Secondary outcome

BS
Main effect condition
C: Hidden-zero condition à
DD –
E: Explicit-zero condition
à DD ↓

Result on DD
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HC

Exp. 3

Weatherly
& Derenne
(2011)

HC

Exp. 2

HC

Type

HC

Experiment

Participants

Weatherly et
al. (2010)

Study

Continued

Table 2

156 (28)

648 (207)

219 (99)

630 (252)

N (male)

Age

21.20

19.53

37

35

1. HYP DD
2. HYP
FITB

HYP FITB

HYP DD

HYP DD

Type

Task
Rewards

1. VIR, FDR
2. -

-

VIR, VDR

VIR, VDR

Delays

6m-10y

1w-10y

1y-10y

1y-10y
-

-

-

-

BS
No main effect condition
C: Amount condition à DD –
E1: Interest-rate condition
à DD –
E2: Composite condition à
DD –
BS
Main effect condition
C: Won money condition à
DD –
E: Owed money condition
à DD ↓
WS
Main effect condition
C: Won money condition à
DD –
E: Owed money condition
à DD ↓

Secondary outcome

BS
Main effect condition
(analyses without interest-rate
condition)
C1: No investment (NI)
Amount condition à DD –
C2: NI Interest-total condition
à DD –
E1: Investment (I) Amount
condition à DD ↓
E2: I Interest-total condition
à DD ↓

Result on DD
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125

126

HC

HC

Exp. 2

Exp. 3

89 (?)

112 (?)

176 (74)

177 (78)

N (male)

CDS
VirtualLab
volunteers

CDS
VirtualLab
volunteers

38

19.66

Age

PR DD

PR DD

PR DD

HYP FITB

Type

Task

VIR, VDR

VIR, VDR

VIR, VDR

-

Rewards

Delays

3m

3m

3m

1w-10y
-

-

-

-

BS
Main effect condition
C: Delay condition à DD –
E: Acceleration condition à
DD ↓
BS
Main effect condition
C: Delay condition à DD –
E: Acceleration condition à
DD ↓
BS
Main effect condition
C: Delay condition à DD –
E: Acceleration condition à
DD ↓

Secondary outcome

BS
Main effect condition
C: Won money condition à
DD –
E: Owed money condition
à DD ↓

Result on DD

Note. HYP DD = hypothetical delay discounting task; PR DD = potentially real delay discounting task; REAL DD = real delay discounting task; HYP FITB = hypothetical fill in the blank
task; PR FITB = potentially real fill in the blank task; REAL FITB = Real fill in the blank task.
VIR = variable immediate reward; FIR = fixed immediate reward; VDR = variable delayed reward; FDR = fixed delayed reward.
WS = within subject design; BS = between subject design; E = experimental condition; C = control condition; HC = healthy controls.
↓ = delay discounting decreased; ↑ = delay discounting increased; – = no changes in delay discounting

HC

Exp. 1

Weber et al.
(2007)

Type

HC

Experiment

Participants

Weatherly &
Terrell (2010)

Study

Continued

Table 2

Chapter 3

The most important
lesson I have learned is
that I could replace my
smoking behavior with
something else, such as
playing HitnRun”

The most important
lesson I have learned
from playing HitnRun is
that quitting smoking
is a social experience
and therefore you need
other people to
support you”

Chapter 4
Mechanisms of change in a go/no-go training
game for young adult smokers

Submitted for publication:
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review). Mechanisms of change in a go/no-go training game for young adult
smokers. Health Psychology.

Abstract
Objective: Smoking is a major cause of worldwide morbidity and mortality. There is no
evidence-based intervention program available to help young adults quit smoking; identifying
targets for intervention is critical. A candidate target is inhibitory control, with previous
studies showing behavior change in the food and alcohol domain by applying Go/No-Go
training paradigms. The current study examined the mechanisms of change of HitnRun, a
Go/No-Go video game, in a smoking population that was motivated to quit. Methods: A
two-armed experimental study (n = 106) was conducted and young adults (Mage = 22.15;
SDage = 2.59) were randomly assigned to either play HitnRun or to read a psychoeducational
brochure. Prior to and directly following the intervention period, smoking-specific inhibitory
control, perceived attractiveness of smoking pictures, and weekly smoking behavior were
assessed. Results: Results indicate that Go/No-Go training seems to be effective in training
devaluation of smoking stimuli rather than top-down control processes. Similar reductions
for weekly smoking were found in both groups. Conclusions: Therefore, we conclude
that HitnRun shows some promise, but more research and iterative design is needed to
create a multi-component intervention for smoking cessation that is dynamically adjustable
to individual needs to reach as many young people as possible.

Mechanisms of change in a go/no-go training game

Smoking is one of the leading public health problems in the world, each year
killing about 20,000 people in the Netherlands alone (RIVM, 2016a), and about six million
people worldwide (WHO, 2016a). Despite the number of Dutch smokers under 16 years
decreasing, the number of older adolescent and young adult smokers between the ages
of 16 and 25 has shown a small increase (CBS, 2017). It is therefore critical to invest in
interventions to help these at-risk youth and young adults quit smoking. A recent review
on smoking cessation interventions specifically for youth and young adults demonstrated
that there is not enough evidence to recommend one specific intervention model for this
at-risk group (Fanshawe et al., 2017). The limited evidence available seems to suggest that
complex interventions that address a variety of mechanisms related to smoking among
youth and young adults are most promising (Fanshawe et al., 2017; Gabble et al., 2015).
However, it is often not clear which exact mechanism(s) drive observed effects (Fanshawe
et al., 2017; Gabble et al., 2015). Therefore translation of basic science into clinical practice
is necessary. Consequently, the goal of the current study was to find and test a promising
mechanism of change that can eventually contribute to smoking cessation in youth.
Inhibitory Control
One crucial determinant for the onset and maintenance of smoking among youth
and young adults is inhibitory control, with the developmental period of adolescence
particularly characterized by lower inhibitory control (Luna, Padmanabhan, & O’Hearn,
2010). Inhibitory control refers to the ability to adaptively suppress or stop behavior
when necessary (Smith et al., 2014). The inability to quit smoking regardless of negative
consequences may be the result of deficits in inhibitory control (Field & Cox, 2008). A Go/
No-Go (GNG) task, in which participants have to press a button when a Go cue is shown
and have to withhold that response when a No-Go cue is presented, is commonly used to
measure inhibitory control. Several studies have shown that adolescents and young adults
who smoke more often have poorer control over their impulses on such a GNG task than
those who do not smoke (specifically in youth: Yin et al., 2016; meta-analysis including
young adults and adults: Smith et al., 2014;). Moreover, deficits in inhibitory control
capacity are also observed among other substance-dependent individuals (e.g., cocaine,
MDMA) or individuals with behavioral addictions (e.g., food, internet addiction; Lavagnino
et al., 2016; Smith et al., 2014). This has led to the hypothesis that inhibitory control
could be conceptualized as a trans-diagnostic process, i.e., a common factor behind the
development and maintenance of substance dependence and behavioral addictions (Bickel
et al., 2015). Consequently, intervening in such a trans-diagnostic process could be very
promising since manipulating inhibitory control capacity might affect multiple health
behaviors and disorders.
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In the last decade, there has been increasing attention for procedures aimed at
training inhibitory control, which is mainly done using a modified version of the GNG task.
Participants are trained to respond immediately to a neutral stimulus, but inhibit or stop
their response when a motivational stimulus (food or substance of interest) is presented
(Lawrence et al., 2015a). So far, three meta-analyses have shown significant effects of GNG
training on alcohol or food intake, with medium effect sizes (Allom et al., 2016; Jones et al.,
2016; Turton et al., 2016). Thus, GNG training seems to facilitate behavior change for the
specific motivational stimulus trained, at least in the short term and perhaps in the long
term (Allom et al., 2016; Jones et al., 2016).
To our knowledge, only one study has tested smoking-specific training among
young adult and adult smokers (Adams et al., 2017a). In this study, GNG training among
smokers did not strengthen top-down inhibitory control or decrease cigarette use.
However, there was weak evidence that GNG training may have enhanced the ability to
resist smoking. Although the results from this study were not so positive, it is too soon
to reject GNG training as a possible target of intervention. As indicated by Adams and
colleagues (2017a) their study was probably underpowered, participants only received
one training session, and the sample was limited to non-treatment seeking smokers.
Most importantly, the authors only included a measure of top-down inhibitory control
to measure the effects of the GNG training. It is commonly assumed that a GNG training
reinforces a top-down executive control process, thereby directly increasing capacity to
resist impulses toward the behavior one wants to reduce (e.g., Andrés, 2003). However,
recently researchers have argued that other mechanisms may be responsible for the
effects on food- and alcohol intake found (Veling et al., 2017).
Alternative Explanations for Behavioral Effects of GNG Training
In a recent review by Veling and colleagues (2017), two additional explanations
for the effects of GNG training beyond top-down processes were discussed. First, learning
bottom-up stimulus-stop associations is an alternative explanation for the effects on
food- and alcohol intake (Verbruggen et al., 2014). It may be that the consistent mapping
of stimuli onto either stopping or going in a motivational stimulus specific GNG training
fosters the development of automatic inhibition through stimulus-stop associations (e.g.,
Stice et al., 2016; Verbruggen & Logan, 2008). Initially GNG training may actively recruit
top-down inhibitory control to withhold responses to No-Go stimuli, but this top-down
control may diminish over time once direct bottom-up stimulus-stop associations have
been acquired (Verbruggen et al., 2014). These stimulus-stop associations could be seen
as equivalent to a ‘learned reflex’. We did not test the bottom-up account as there is no
established method at this point to reliably disentangle this second mechanism from the
other two accounts (Veling et al., 2017).
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The third explanation, the Behavior Stimulus Interaction (BSI) theory, proposes that
GNG training decreases perceived attractiveness of No-Go stimuli (Chen et al., 2016; Veling
et al., 2008; Veling et al., 2017). When the perceived attractiveness of motivational stimuli
is lower, impulses toward these stimuli may be weakened, making individuals less prone to
approach this motivational stimulus and increasingly able to inhibit this response (Veling et
al., 2008; Veling et al., 2014). Specifically, reduction through inhibition is argued to be specific
to stimuli inherently associated with an approach orientation. In line with this reasoning,
training should result in a larger subjective decrease in attractiveness of appetitive No-Go
stimuli than Go or neutral or untrained No-Go stimuli (i.e., devaluation effect).
The devaluation explanation has garnered the most evidence so far with several
studies showing devaluation of attractive stimuli after repeated pairing with No-Go cues as
measured with visual analogue scales (e.g., Chen et al., 2016; Chen et al., 2017; Lawrence
et al., 2015a; Veling et al., 2008; but see Jones et al., 2016, suggesting less robust
findings when indirect measures of evaluation are employed). However, these alternative
explanations have not been tested very often and therefore it is yet impossible to make
inferences about the mechanisms at work (Veling et al., 2017). The current study aimed
to examine two of the potential underlying mechanisms (i.e., top-down and devaluation
account) of the GNG training.
Barriers to Implementation and Evaluation of Interventions
In addition to mechanisms of change, there are practical issues including
accessibility and engagement that have an impact on intervention effectiveness and
implementation in clinical practice (Backinger et al., 2008; Fanshawe et al., 2017; Sussman
& Sun, 2009), and we argue that video games can address these limitations. We previously
provided two detailed empirical reviews (Granic et al., 2014; Scholten & Granic, 2019)
that support the rationale for using digital games as intervention tools for young people.
In short, well-designed applied games are intrinsically motivating, offer a strong sense
of agency, are simply fun, and can overcome the stigma associated with traditional and
self-help interventions. They also provide a compelling virtual playground to not only gain
knowledge, but also practice skills. We included a more detailed explanation of the barriers
to implementation and evaluation of interventions in the supplementary materials.
Design and Hypotheses
In the present study, we examined the effects of HitnRun, a video game based on
principles of a GNG training, in young adult smokers who are motivated to quit smoking.
An psychoeducational brochure “What you should know about quitting smoking” (Trimbos
Instituut, 2014) was selected as the active control intervention. This is a common intervention
for smoking cessation that does not include any inhibitory control training components (Boot
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et al., 2013). To better understand how the GNG training impacts on behavior, we examined
potential mechanisms of change and insured the study was appropriately powered. Finally,
we also explored the effects of GNG training on smoking behavior, since ultimately the
mechanisms of change we tested should have an effect on smoking behavior.
Based on the theoretical assumption that GNG training may strengthen top-down
control, we expected that young adults who played the game would show more smokingspecific inhibitory control at post-test than the participants in the brochure intervention
group. To find out whether smoking-specific training effects transfer to general inhibitory
control, we included a general inhibitory control measure and report on these general
inhibitory control analyses in the supplementary materials. In addition, we expected
decreased subjective attractiveness ratings for smoking stimuli post-test (i.e., devaluation
effect), relative to the brochure intervention group. We did not expect differences
in weekly smoking behavior between intervention groups, mainly because smoking
cessation among youth is a difficult, multi-determinant problem and more comprehensive
interventions are considered necessary for effectiveness.

Materials and Methods
Participants
Young adults were recruited through online advertisements and flyers spread
around the campus of the Radboud University. For practical reasons of recruitment and
consent, we only included young adults older than 18 years in our study. When young adults
were interested in participation, they were screened for smoking behavior and motivation to
quit smoking. Inclusion criteria were: (1) aged 18 to 30 years, (2) at least a weekly smoker, (3)
motivated to quit smoking for at least five weeks during study participation (Prochaska et al.,
1994), and (4) signed informed consent. Exclusion criteria included: (1) taking psychotropic
drugs, and (2) receiving psychosocial care. Young adults who were eligible were invited
to participate in the study. Target sample size was set at 98 participants, based on a priori
power analysis using G*Power 3 (Faul et al., 2007; Repeated Measures Analysis of Variance
(ANOVA), between subjects design; η2 = 0.06, α = 0.05, power = 0.80). In total, 106 young
adults (54.7% females) were enrolled in the study with a mean age of 22 (Mage = 22.15; SDage
= 2.59), allowing for 5-10% attrition. All participant characteristics are displayed in Table 1.
Procedure
Data were collected at the Behavioural Science Institute Laboratory of the Radboud
University. Participants were asked to refrain from smoking at least one hour before the
start of the first lab visit (i.e., pre-test). This moment was also the official start of the
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intervention period of five weeks in which participants tried to quit smoking. At the first lab
visit, participants provided informed consent and were randomized into either the game
intervention group (n = 54) or the brochure intervention group (n = 52). Randomization
was performed by an independent researcher using random number generation and
was stratified by sex. Test procedures lasted approximately 90 minutes including in
order of assessment: general inhibitory control, weekly smoking behavior by means of
questionnaires, expectations of effectiveness for both interventions, smoking-specific
inhibitory control, and smoking and neutral picture evaluation. Subsequently, participants
received an explanation of the intervention they were randomly assigned to. Participants
in the brochure intervention group were instructed to read the brochure at least once at
home during the intervention period, and were reminded halfway through the intervention
period to engage with the intervention via a personalized email. Participants in the game
intervention group were instructed to play the game at least once per week for 10 minutes,
and received a personalized email each week to keep them engaged with the intervention.
They practiced playing the game once in the lab. After the five week intervention period,
participants came to the lab for the second time (i.e., post-test) and completed the same
procedure as at pre-test. At the end of the second lab visit, participants received course
credit or a €50 gift certificate for their participation. The current study was approved by the
ethics committee of the Faculty of Social Sciences at Radboud University (ECSW2015-2206318) and registered at the Dutch Trial Register (No. NTR5680).
Interventions
Game. Here we discuss the basic mechanics of the endless runner game HitnRun
(Poppelaars et al., 2018). Full details can be found in the supplementary materials. The
endless runner game HitnRun, based on principles of Go/No-Go training (Lawrence et al.,
2015a; Veling et al., 2014), was co-designed with the Games for Emotional and Mental
Health (GEMH) Lab and Embodied Games LLC. In endless runner games, players control
an avatar that is running forward continuously while collecting points along the way by
moving the character up-and-down or left-to-right (Parkin, 2013). We selected the endless
runner genre for two reasons: 1) endless runners that are commercially available are
extremely popular (e.g., Temple Run; Parkin, 2013); 2) endless runners require continuous
accurate and quick responding, and therefore they are particularly well-matched for Go/
No-Go training.
HitnRun is a PC game (Figure 1), taking place in a city filled with billboards on
which pictorial stimuli are shown for 1000 ms. Stimuli consisted of pictures with neutral
content (120 pictures) and smoking content (40 pictures). Players were instructed to
press the spacebar as fast and accurately as possible in order to jump through billboards
(Go trial) or to withhold their response (No-Go trial) based on billboard border color. Go
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and No-Go borders were blue and yellow respectively and appeared 100 ms after stimuli
onset. Neutral stimuli were consistently paired with Go trials, whereas smoking stimuli
were paired with No-Go trials. 25% of trials in each gameplay session were No-Go trials,
to ensure that players had to respond in the majority of trials and had to actively inhibit
responses on No-Go trials (we included a reward system that is extensively explained
in the supplementary materials). Participants were instructed to complete at least five
weekly 10-minute sessions of game play. On average participants played the game 5.58
times (SD = 1.72; range = 1-11); they played 10.35 minutes (SD = 2.07; range = 5-20) per
play session.

Figure 1. Screenshot of HitnRun.

Brochure. The freely available self-help brochure Wat je zou moeten weten
over stoppen met roken (What you should know about quitting smoking) by the Trimbos
Institute (2014) was provided to participants in the control intervention group. This
brochure aims to optimally prepare individuals for a quit attempt by addressing the
benefits of quitting smoking, describing the withdrawal symptoms individuals will
probably encounter and how to cope with these, and references to specialist support and
supporting methods. Participants received a paper version of this 16-page brochure to
read at least once in the intervention period and more often if they wanted to. On average
participants read the brochure 4.39 times (SD = 4.44; range = 0-25).
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Measures
Smoking-specific inhibitory control. A modified version of the GNG task
designed by Luijten and colleagues (2011) assessed inhibition of pre-potent responses
to smoking stimuli at pre- and post-test. Participants were presented with smokingrelated (75 pictures) and neutral pictures (75 pictures), all different from the pictures
included in HitnRun. Smoking-related pictures depicted smoking related objects
such as a package of cigarettes, or people engaging in smoking behavior. Neutral
pictures displayed neutral items, or people engaged in non-smoking behavior.
Participants were instructed to quickly and accurately respond to stimuli by pressing
the spacebar (Go trials) or withhold from responding (No-Go trials) based on frame
color. The frame color, purple versus turquoise, assigned to Go versus No-Go trials was
counterbalanced across participants.
Participants completed one practice block and four test blocks of 150 trials each.
Of the 600 trials, 75% were Go-trials and 25% were No-Go trials. Each pictorial stimulus
was presented four times for 200 ms: three times as a Go stimulus, and once as a No-Go
stimulus. The task was fast-paced, to increase task difficulty and therefore have more
variability in the data. Trials were presented in a quasi-random order, separated by a
black screen for a random duration varying between 1020 ms and 1220 ms. We restricted
randomness of trial order such that no more than four Go trials and two No-Go trials
followed each other. Mean reaction times on Go trials and mean accuracy on No-Go trials
were calculated per for smoking and for neutral pictures separately.
Picture evaluation. Participants were instructed to rate smoking pictures (60
pictures) and neutral pictures (60 pictures) on a continuous scale ranging from -100
(negative) to 100 (positive). For participants in the game intervention group, 80 of these
pictures were trained during intervention as these pictures were part of the game (40
neutral and 40 smoking, labelled ‘trained pictures’). The remaining 40 pictures were
novel pictures, only presented in the evaluation task (20 neutral and 20 smoking, labelled
‘untrained pictures’). In doing so, we were able to evaluate whether changes in smoking
picture evaluation were limited to pictures repeatedly paired with Go or No-Go cues (the
trained game pictures) or generalized to novel, untrained pictures (Veling et al., 2008). For
participants in the brochure intervention group all pictures (60 neutral and 60 smoking)
were untrained, as these pictures were not included in the brochure. Pictures were rated
at pre-test and at post-test. Mean scores were calculated for untrained smoking and
neutral pictures for all participants and additional mean scores for trained smoking and
neutral pictures were calculated for the game intervention group specifically.
Weekly smoking behavior. Weekly smoking behavior was assessed at pre- and
post-test by multiplying two questions, namely a question measuring smoking quantity per
day: “On a day that you smoke, how many cigarettes do you smoke on average? I smoke
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approximately … cigarettes a day” and a question measuring the number of smoking days:
“How many days per week do you smoke on average?”
In-game performance. Every session that participants in the game intervention
group played HitnRun, in-game No-Go accuracy (hereafter in-game performance) was
recorded for each No-Go trial. Mean accuracy scores were calculated for the second to
the fifth gameplay session (≥80 trials; in accordance with Veling et al., 2008) to preserve
optimal accuracy while maintaining the vast majority of data. The first gameplay session
was excluded, as participants played the first session in the lab and this session was
played in ‘assessment mode’. ‘Assessment mode’ refers to a version of the game where no
training was going on as both Go and No-Go cues were coupled with neutral and smoking
pictures (similar to smoking-specific Go/No-Go task).
Expectations. Expectations for the effectiveness of each intervention were primed
and assessed at pre-test. This was done to rule out participants differing expectations as
explanation for potential group differences on outcome measures (Boot et al., 2013; Crum
& Phillips, 2015). Participants were presented with brief descriptions of each intervention
highlighting their potential for strengthening control to prime equal expectations.
Participants then indicated on a 6-point scale ranging from 1 (not at all) to 6 (very much)
to what extent they thought that the brochure and the game would make them (1)
“quit smoking,” (2) “smoke less impulsively,” (3) “have more control over their smoking
behavior,” and (4) “be more motivated to quit smoking.” Sum scores were calculated for
expectations related to the intervention participants were assigned to.
Strategy of Analysis
Prior to analyses, we checked for outliers (± 3IQR; Walfish, 2006), and poor
accuracy on No-Go trials at the GNG task (< 30%). Consequently, five participants were
excluded from analyses of GNG task performance, three participants were excluded from
analyses regarding evaluation scores (i.e., incomplete data). In accordance with the intentto-treat principle (ITT), all participants that were randomized to a group were included
in the weekly smoking analyses (no-shows at post-test were included as non-abstinent,
using the same values as at pre-test). Therefore, only two participants were excluded
from analyses regarding weekly smoking behavior (i.e., incomplete data). For in-game
performance, all available pairwise information in the data was used. Fourteen participants
were excluded from in-game data analyses, with either not enough play sessions including
over 80 trials or with outliers in their data. Chi-square tests and t-tests were performed
to examine whether randomization resulted in an equal baseline distribution of relevant
participant characteristics (see Table 1). Significant differences at baseline were controlled
for in subsequent analyses.
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Behavioral accuracy on No-Go trials and reaction times on Go trials of the
smoking-specific GNG task were tested with a Group (brochure vs. game: betweenparticipants) × Picture type (smoking vs. neutral: within-participants) × Time (pre-test vs.
post-test: within-participants) Repeated Measures Analyses of Variance (RM-ANOVA).
Picture evaluations were analyzed with two separate RM-ANOVAs; a Picture type
× Training (trained vs. untrained) × Time within-subjects RM-ANOVA for participants in
the game intervention group compared effects between trained and untrained pictures.
Furthermore, a Group × Picture type × Time RM-ANOVA compared evaluations of
untrained pictures between groups. For exploratory purposes, weekly smoking behavior
was also analyzed with a Group × Time RM-ANOVA comparing group differences for
smoking quantity per week. Finally, in-game performance was analyzed with a Time (2nd
vs. 3rd vs. 4th vs. 5th game session) RM-ANOVA in the game intervention group to test
whether performance increased over gameplay sessions. Greenhouse-Geisser corrections
were used when the assumption of sphericity was violated. Follow-up t-tests with a
Bonferroni correction for multiple comparisons were employed when interaction effects
were significant. Below, we only discuss significant effects; all statistics of RM-ANOVA’s and
follow-up t-tests are displayed in the supplementary materials (see tables S1, S2, and S3).
In the supplementary materials, we report on additional Bayesian RM-ANOVAs to
inform the interpretation of null findings. In addition, results of latent growth curve analyses
on in-game performance are reported in the supplementary materials. These growth curve
analyses were conducted to explore whether in-game performance increased across gaming
sessions and whether these growth patterns were correlated with intervention effects.

Results
Table 1 presents descriptive statistics of participant characteristics and outcome
variables per group at pre-test. Participants in the brochure intervention group had
significantly higher expectations for their assigned intervention than participants in the
game intervention group prior to the start of the intervention. To account for differences
in expectations between intervention groups, we centered and included pre-test
expectations as a covariate in subsequent analyses. No further group differences were
observed at pre-test.
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Table 1
Participant Characteristics and Outcome Variables per Group at Pre-Test
Brochure
Game InIntervention tervention
Group
Group
Sex
n (%)
Male
22 (42.3%)
26 (48.1%)
Female

6 (11.5%)

X2 (1, n=106)
= .37,
p = .546
21.80 (2.53) t(104) = 1.44;
p = .152
9 (16.7%)

21 (40.4%)

21 (38.9%)

7 (13.5%)

4 (7.4%)

6 (11.5%)

8 (14.8%)

12 (23.1%)

12 (22.2%)

Mean (SD)

5.72 (10.81)

4.00 (5.87)

Mean (SD)

5.64 (3.31)

5.11 (2.17)

Mean (SD)

2.15 (1.95)

2.31 (1.91)

Mean (SD)

57.21 (43.44) 55.62
(38.52)
0 (0%)
1 (1.9%)

Age

Mean (SD)

Education
level

n (%)

Game experience
Years of
smoking
Nicotine
dependence
Cigarettes
a week
Motivation for
change
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n (%)

30 (57.7%)

Test statistic
(t-test or Χ2test)

22.52 (2.63)
Preparatory higher general education (i.e., Havo)
Pre-university
education (i.e.,
VWO)
Vocational education (i.e., MBO)
Higher general
education (i.e.,
HBO
University education (i.e., WO)

Not at all

28 (51.9%)

A little bit

0 (0%)

2 (3.7%)

Neutral

7 (13.5%)

6 (11.1%)

Much

28 (53.8%)

21 (38.9%)

X2 (4, n=106)
= 1.67,
p = .797
t(104) = 1.02;
p = .308
t(90.21) =
.73; p = .470
t(104) = -.43;
p = .669
t(103) = .20;
p = .843

Mechanisms of change in a go/no-go training game

Table 1
Contiued

Very much

Brochure
Intervention
Group
17 (32.7%)

Game Intervention
Group
23 (42.6%)

Expectations

Mean (SD)

14.38 (3.83)

9.56 (5.33

No-Go
accuracy

Mean (SD) Smoking pictures

.71 (.13)

.67 (.18)

.71 (.14)

.67 (.18)

270.75
(38.74)

269.06
(38.68)

282.67
(46.05)
.27 (.05)

281.12
(41.49)
.27 (.05)

-14.10
(27.59)
13.63 (8.27)

-18.37
(30.36)
14.13
(14.15)

Neutral pictures
Go reaction time
(ms)

Mean (SD) Smoking pictures

Neutral pictures
SSRT (ms)

Mean (SD)

Evaluation Mean (SD) Untrained smokscores
ing pictures
Untrained neutral
pictures

Test statistic
(t-test or Χ2test)
X2 (4, n=105)
= 4.97,
p = .291
t(96.22) =
5.37;
p < .001
t(94.31) =
1.50; p = .136
t(100.45) =
1.29; p = .200
t(104) = 1.59;
p = .116
t(104) = 1.45;
p = .152
t(103) = -.17;
p = .868
t(104) = .76;
p = .450
t(86.03) =
-.22; p = .826

Smoking-Specific Inhibitory Control
No-Go accuracy. The RM-ANOVA on No-Go accuracy only showed a main effect of
Time, F(1, 98) = 6.95, p = .010, ηp2 = .07, indicating that participants were less accurate on
No-Go trials at post-test than at pre-test (68% vs. 70%). Thus in contrast to our hypotheses,
results suggest that the ability to inhibit responses in No-Go trials for both smoking
and neutral pictures decreased over time in both intervention groups (see Figure S3 in
supplementary materials).
Go reaction times. Results from the RM-ANOVA on Go reaction times only
showed a main effect of Time, F(1, 98) = 19.58, p < .001, ηp2 = .17, showing that
participants responded faster at post-test than at pre-test (Mpre-test = 277.42 ms vs. Mpost= 260.94 ms). Thus, participants’ responses on Go trials became faster over time but no
test
intervention group differences were found (see Figure S4 in supplementary materials).
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Picture Evaluation
Game group: Effects on trained versus untrained pictures. A RM-ANOVA on picture
evaluation for the game group revealed a significant main effect of Time, F(1, 51) = 6.71, p =
.012, ηp2 = .12, indicating that overall picture evaluations were less positive at post-test than at
pre-test. Furthermore, a significant main effect for Picture Type was found, F(1, 51) = 106.81,
p < .001, ηp2 = .68, indicating that participants in the game intervention group generally rated
smoking-related pictures less positive than neutral pictures.
A Picture Type × Training interaction was found, F(1, 51) = 4.38, p = .041, ηp2 = .08.
Follow-up tests showed that evaluations of untrained smoking-related pictures were less
positive than untrained neutral pictures. Similarly, evaluations of trained smoking-related
pictures were less positive than trained neutral pictures. Additional follow-up tests revealed
that evaluations of smoking-related pictures and neutral pictures were similar for trained
and untrained pictures. Note that although the interaction effect is significant, no significant
differences are discovered with the follow-up tests that explain the significant interaction
effect. A Picture Type × Time interaction was found, F(1, 51) = 20.71, p < .001, ηp2 = .29; Followup tests showed that evaluations of smoking-related pictures were less positive at post-test
than at pre-test. In contrast, evaluations of neutral pictures remained constant over time.
Additional follow-up tests revealed that smoking-related pictures were rated less positively
than neutral pictures at pre-test and at post-test. As predicted, evaluations of both trained and
untrained smoking pictures in the game intervention group decreased, whereas evaluations of
neutral pictures remained the same (see Figure 2).
40
30

Picture evaluation

20

Neutral Go Pictures

10
0

Neutral Untrained Pictures
Pre-test

Post-test

-10

Smoking NoGo Pictures

-20
Smoking Untrained Pictures

-30
-40

Time

Figure 2. Untrained vs. trained picture evaluations in game intervention group.
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Between-group effects on untrained pictures. A main effect of Time was
revealed, F(1, 100) = 5.36, p = .023, ηp2 = .05, again indicating that overall picture
evaluation was less positive at post-test than at pre-test. There was also a main effect
of Picture Type, F(1, 100) = 176.68, p < .001, ηp2 = .64, similar to the effects found in
the game intervention group, indicating that participants generally rated untrained
smoking-related pictures less positively than untrained neutral pictures. A significant
interaction effect of Group × Picture Type interaction was found, F(1, 100) = 6.35, p =
.013, ηp2 = .06, with follow-up tests showing there were no differences between the
brochure intervention group and game intervention group in evaluations of untrained
smoking-related pictures or untrained neutral pictures. Additional follow-up tests
showed that untrained smoking-related pictures were evaluated less positively than
untrained neutral pictures in both intervention groups. Thus, participants in both
intervention groups evaluated smoking pictures less positively than neutral pictures.
Note that although the interaction effect is significant, no significant differences are
discovered with the follow-up tests that explain the significant interaction effect.
Furthermore, a Picture Type × Time interaction was found, F(1, 100) = 25.36, p
< .001, ηp2 = .20, with follow-up tests showing that untrained smoking-related pictures
were evaluated less positively at post-test than at pre-test, whereas untrained neutral
pictures were evaluated more positively at post-test than at pre-test. Additional
follow-up tests showed that untrained smoking-related pictures were evaluated less
positively than untrained neutral pictures both at pre-test and at post-test. Thus,
evaluation trajectories differed with untrained smoking pictures being rated more
negatively at post-test than at pre-test, while the untrained neutral pictures were
rated more positively at post-test than at pre-test.
Also, a Group × Picture Type × Time interaction was found, F(1, 100) = 4.31, p =
.040, ηp2 = .04, with follow-up tests showing that untrained smoking-related pictures were
evaluated less positively at post-test than pre-test in both the game intervention group and
the brochure intervention group. While untrained neutral pictures were evaluated more
positively at post-test than at pre-test for the game intervention group, they remained
constant over time for the brochure intervention group. Additional follow-up tests revealed
no intervention group differences for untrained smoking-related pictures or untrained
neutral pictures at pre-test. Nor were there intervention group differences for untrained
neutral pictures at post-test. In contrast, the game intervention group evaluated untrained
smoking-pictures less positively at post-test than the brochure intervention group. Finally,
follow-up tests showed that in both intervention groups smoking-related pictures were
evaluated less positively than neutral pictures both at pre-test and at post-test.
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As expected, smoking-related pictures were evaluated less positively at post-test
than at pre-test in both intervention groups, with a stronger decrease in evaluations for
smoking-related pictures in the game intervention group than in the brochure intervention
group. Neutral picture evaluations remained the same over time in the brochure
intervention group, whereas they showed a small increase in the game intervention group
(see Figure 3).
40

Untrained picture evaluations

30
20

Game - Neutral
Untrained Pictures

10
0

Game - Smoking
Untrained Pictures
Pre-test

Post-test
Brochure - Neutral
Untrained Pictures

-10
-20

Brochure - Smoking
Untrained Pictures

-30
-40

Time

Figure 3. Untrained picture evaluations in game intervention group and brochure intervention group
(controlled for expectations).
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Behavioral outcomes
A Group × Time RM-ANOVA on number of cigarettes smoked per week only
revealed a main effect of Time, F(1, 101) = 113.87, p < .001, ηp2 = .53, indicating a general
decrease in cigarettes a week from pre-test to post-test (see Figure S5 in supplementary
materials). Thus, both intervention groups showed a decrease in number of cigarettes over
time, but there were no differences between groups.
In-game performance
A RM-ANOVA on mean in-game No-Go accuracy revealed a main effect of Time,
F(3, 117) = 5.19, p = .002, ηp2 = .12, indicating a general increase in gaming performance
from the second play session to the fifth play session (see Figure S6 in supplementary
materials). More in-depth analyses on in-game performance can be found in the
supplementary materials.

Discussion
The current two-armed experimental study tested the effects of the video game
intervention HitnRun in young smoking adults who were motivated to quit smoking. The
video game intervention was compared to an active brochure intervention to test basic
mechanisms of change argued to be responsible for the behavioral effects of GNG trainings,
as well as effects on weekly smoking. Contrary to our expectations, GNG task performance
revealed a decrease in smoking No-Go accuracy and an improvement in reaction times on Go
trials for both intervention groups, suggesting a speed-accuracy trade-off after intervention.
A robust decrease in perceived attractiveness of smoking pictures was observed in
both intervention groups. Importantly, a stronger decrease in evaluations for smokingrelated pictures was observed in the game intervention group compared to the brochure
intervention group. This finding is in line with the BSI account. Finally, no differences were
found between intervention groups on weekly smoking behavior.
Top-Down Control Theory
We did not find the expected superior effects of the game intervention group
compared to the brochure intervention group on smoking-specific inhibitory control. The
decrease in No-Go accuracy and the increase in Go reaction times may be explained by
a strong speed-accuracy trade-off (Zhao, Liu, Zan, Jin, & Maes, 2016). This means that an
increased speed came at the cost of decreased overall accuracy, which is a phenomenon
especially observed in smokers when exposed to short presentation times and low no-go
probability (Zhao et al., 2016).
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In addition, the decrease in No-Go accuracy in both intervention groups may be
due to repeated testing effects or participants reduced attention. For a proper assessment
of inhibitory control capacity we need many trials, which makes the task repetitive and
boring (Forman et al., 2017), especially at post-test. Even more so when participants
have been trained with a video game version of this task to make the training more fun
(Boendermaker, Maceiras, Boffo, & Wiers, 2016). Thus, it could have been the case that
participants at post-test did pay less attention to the task after repeated exposure to
HitnRun and just pressed the button after stimulus presentation, which might explain the
increases in reaction times and decreases in accuracy over time. This explanation does not
only play a role in the current study, but may also help us understand a broad array of the
mixed findings in the area of cognitive training research.
Another explanation may be found in wrongfully assuming that GNG training
reinforces a top-down executive control process that directly increases the capacity
to resist impulses toward the behavior one wants to reduce (e.g., Andrés, 2003). Yet,
this theoretical assumption has only been tested once before, by using a comparative
pre-post assessment of inhibitory capacity to study effectiveness of GNG training on
top-down inhibitory control (i.e., Adams et al., 2017a). Our study, in accordance with
Adams and colleagues (2017a), did not find evidence for the common assumption that
top-down inhibitory control is strengthened by GNG training. Probably the most plausible
explanation for our findings is thus that the behavioral effects found in many studies
(Allom et al., 2016; Jones et al., 2016; Turton et al., 2016) may not result from topdown inhibitory control improvements, but rather result from changes in the subjective
evaluation of the to-be-inhibited stimuli or by direct bottom-up stimulus-stop associations
that have been acquired (Veling et al., 2008; Veling et al., 2017).
Behavior Stimulus Interaction Theory
As predicted, a robust decrease in perceived attractiveness of smoking pictures
was observed in both intervention groups, with a stronger decrease in evaluations for
smoking-related pictures in the game intervention group compared to the brochure
intervention group. This decrease in perceived attractiveness of smoking stimuli occurred
for both trained pictures, which were consistently mapped onto No-Go cues in HitnRun,
and novel, untrained pictures. Neutral untrained picture evaluations in the brochure
intervention group as well as neutral trained picture evaluations in the game intervention
group remained constant over time, whereas neutral untrained picture evaluations in the
game intervention group showed a small increase.
By design, we were not able to compare the brochure intervention group
and game intervention group with each other on all aspects of picture evaluation,
since participants in the brochure intervention group were not exposed to training.
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Therefore, we analyzed within game group differences between trained and untrained
pictures only. According to BSI theory, a devaluation effect exists when GNG training
results in a larger decrease in attractiveness of No-Go stimuli compared to Go
or untrained No-Go stimuli (Chen et al., 2016; 2017). This strict definition of the
devaluation effect is set because it allows us to reject the explanation of regression to
the mean, a likely explanation without a comparison group. We could only identify a
devaluation effect by comparing the evaluations of trained versus untrained smoking
pictures, as we exclusively included neutral pictures as Go stimuli. We did not include
smoking pictures as Go stimuli based on the ethical consideration that we did not
want to train participants towards smoking related stimuli (e.g., Chen et al., 2016).
Based on this, our results revealed strictly speaking no devaluation effect. That
is, within the game intervention group, we found similar decreases in trained and
untrained smoking picture evaluations.
Yet, central to considering the impact of a GNG training is the issue of
generalization from trained to untrained stimuli. In the current study we indeed found
significant decreases in evaluations of untrained smoking stimuli, which can be explained
by two possible reasons. As mentioned, it could merely be a case of regression to the
mean (Cohen et al., 2013). Otherwise, transfer of devaluation from the trained pictures to
the untrained pictures may have occurred (Chen et al., 2016), which is something to strive
for. While regression to the mean cannot be completely ruled out, the between group
comparison with the brochure group gives us some tentative evidence for transfer of
devaluation from trained to untrained pictures.
Limitations and Recommendations
Despite the rigorous two-armed experimental design employed in the current
study and the relatively large sample size, some limitations should be noted. The
chosen control condition might have attributed to similar results in both intervention
groups; exposure to self-help smoking cessation information might have resulted in
beneficial effects for the active control intervention group as well (Sussman & Sun,
2009). Also non-specific factors, such as motivation to change, mindset or learning
effects, could have boosted or decreased effects in both intervention groups (Dweck,
2006; Crum, Leibowitz, & Verghese, 2017; Crum, & Phillips, 2015; McCuller, Sussman,
Wapner, Dent, & Weiss, 2006). Although these non-specific effects can be very
valuable and should not be taken away from interventions (Crum et al., 2015; 2017),
future research could include a passive control group (i.e., a waitlist group) and
measurements of non-specific factors to control for and disentangle these alternative
explanations. In addition, to be able to make the comparison between a GNG training
with or without game format, future studies would benefit from the inclusion of an
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extra control group that would receive a traditional GNG training as intervention. The
inclusion of this extra control group could also clarify the possibility of transfer effects
from trained to untrained smoking pictures.
Although we aimed to enhance training effects by preserving effective
components of traditional GNG trainings while utilizing several motivating elements of the
game format, several factors may have interacted with HitnRun and could have potentially
reduced the effects in our study. For example, whereas traditional training keeps the
duration of each trial constant (Lawrence et al., 2015a; Veling et al., 2014), HitnRun
included a gradual increase in running speed. Trials became shorter over time which
increased the difficulty of training, this could have resulted in players being unable to keep
up leading them to get frustrated or giving up. Future design iterations should invest in
more play testing time to improve the sensitivity of the dynamic adjustment to optimally
match participants’ individual differences in performance.
Another design element of HitnRun that may have impacted the effectiveness
of training is the reward system. The reward system in HitnRun was built in such a way
that participants were only rewarded for consecutive correct Go trials, but not for correct
No-Go trials as we did not want to strengthen smoking-reward associations. This may
have resulted in a play strategy whereby played tried to obtain a high score by showing
continuous Go responses and forgo inhibition altogether. This again shows that balancing
effective components of traditional GNG trainings and motivating elements of game design
is incredibly difficult. Yet, to overcome common challenges of interventions (e.g., attrition,
stigma, limited scalability), we argue that simply encasing conventional training in a gameshell is unlikely to produce motivational benefits (Scholten & Granic, 2019). It remains a
challenge to adjust our psychological lab tasks enough so that they feel like an authentic
gaming experience, but the motivational and engagement benefits seem worth pursuing
(Forman et al., 2017).
Qualitative interviews after the intervention period gave us some insight in the
player experience. We found out that participants did not like the duration of play time
(i.e., 10 minutes once per week); they reported that it was 10 minutes of playing was too
long and that they got bored after a few minutes. Furthermore, participants indicated
that they would like to carry the game with them at all times, such that they play the
game at moments they would normally want to smoke. Shortening the play sessions while
increasing the number of sessions per week, and bringing the game to mobile to assist
youth and young adults at critical moments during their quit attempts could be valuable
adaptations to make the game more attractive and effective.
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Conclusion
In conclusion, the current study revealed similar decreases for both intervention
groups in smoking-specific inhibitory control accuracy and faster reaction times from preto post-test. Yet, the game intervention group showed a stronger decrease for evaluations
of untrained smoking stimuli compared to the brochure intervention group. These results
are in line with earlier work suggesting that GNG training does not necessarily train
top-down control, but functions instead via devaluation of substance-related stimuli.
To optimize the potential of GNG games it is important that future studies investigate
factors that promote effective GNG training within video game formats because the
motivational benefits of video game-based intervention remain promising. Furthermore,
HitnRun was capable of increasing in-game performance across training sessions, and,
based on exploratory analyses in the supplementary materials, these increases in in-game
performance were associated with stronger decreases in weekly smoking at post-test,
thereby granting the need for new iterations of the game. It seems important to include
other evidence-based mechanisms (e.g., social/peer processes, self-efficacy, motivational
interviewing) to smoking interventions. Smoking cessation is especially difficult in at-risk
youth and young adults, and therefore requires a multi-component intervention that is
dynamically adjustable to individual needs to reach as many youth and young adults as
possible.
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Supplementary Materials Chapter 4
S1. Barriers to Implementation and Evaluation of Interventions
In addition to mechanisms of change, there are practical issues including
accessibility and engagement that have an impact on intervention effectiveness (Backinger
et al., 2008; Fanshawe et al., 2017; Kealey et al., 2007; Sussman & Sun, 2009). There are
several reasons why recruitment and retention of youth and young adults in smoking
cessation interventions is difficult and we argue that video games can address these
limitations. First, youth and young adults are often not engaged or motivated to participate
in smoking cessation interventions and therefore they do not actively involve themselves
or finish in these interventions if started. Essentially, the interventions are ‘boring’,
didactic, not challenging in the right way, and repetitive (Balch et al., 2004; Kealey et al.,
2007). It is important to make interventions as ‘fun’ as possible and games hold a great
deal of promise in doing so. Games are one of the most popular leisure activities among
youth and young adults (Lenhart et al., 2008) and we argue that youth and young adults
will continue their participation if it is interesting enough (Sussman & Sun, 2009).
Second, many smoking cessation interventions for youth and young adults
are developed from a paternalistic perspective, leading young people to feel they
have little autonomy to change their own behavior (Nationaal Expertisecentrum
Tabaksontmoediging, 2013). This has resulted in a strong misconception in the smoking
cessation literature that youth have just started smoking and therefore are not interested
and motivated to quit smoking, while in fact studies have indicated smoking youth are
often motivated to change (Balch et al., 2004; Kealey et al., 2007). The bigger problem lies
in the fact that young people have problems finding smoking cessation interventions that
meet their personal goals due to a mismatch between their personal and social contexts
on the one hand, and the content and delivery method of the interventions on the other
hand (Balch et al., 2004; Kealey et al., 2007). The game context is a place for young people
to experiment with feelings of freedom of choice and autonomy without the influence of
parents or teachers (Scientific American, 2016). In addition, game design depends heavily
on user research, which requires the inclusion of the target population to make the design
successful (Choi et al., 2016; Turner, Thomas, & Casey, 2016). Connecting with the people
for whom we want to develop an intervention, thinking with them and building a relevant
intervention together, is imperative for future intervention design (Brown, 2008; Brown &
Wyatt, 2010), and can be elegantly done by using game design practices.
Finally, there is stigma associated with seeking help; many youth and young
adults are ashamed to seek help for their problem (Kealey et al., 2007). Other
adolescents and young adults are afraid that their friends will find out that they want
to quit smoking or their parents find out they smoke (Kealey et al., 2007). Given these
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stigmatizing concerns, the current practice to deliver interventions in group settings at
schools is a clear barrier. There is no stigma attached to video games and they can be
played at home at times when it suits youth (Balch et al., 2004; Civljak, Sheikh, Stead,
& Car, 2010).
S2. Extensive explanation Game HitnRun
To ensure training effects were not due to specific pictures, three game versions
with different picture sets (selected from 140 neutral and 60 smoking pictures) were
constructed and randomly assigned to participants to control for the content of specific
pictures. Furthermore, trials (Go versus No-Go) were presented in a quasi-randomized
order such that at most five No-Go billboards were presented consecutively.
Participants were provided with performance feedback, as billboards turned
green or red after each correct or incorrect Go response, respectively. For each correct
Go response, players were rewarded with 100 points and a one-tenth increase of
the point multiplier, adding bonus points for consecutive correct responses. Players
received no points for correct No-Go responses as this could potentially confound
training effects by strengthening associations of reward with No-Go smoking cues.
The point multiplier was set back to 1.0 at each incorrect Go or No-Go response of the
player. Moreover, the game consisted of three levels; a sewer-, street-, and rooftoplevel. Consecutive correct or incorrect GNG responses allowed players to move up
or down, respectively, between the three levels contained in the game. Difficulty
increased with each level, with higher levels allowing for fewer incorrect responses.
Higher levels were also designed to be more rewarding using more audio-visual
input. To make game play more challenging and engaging, players’ running speed
was dynamically adjusted such that it increased over time at the street- and rooftoplevels and decreased with each incorrect Go response in the sewer. In addition, space
between billboards was randomly varied at all levels.
S3. General inhibitory control
Smoking-specific GNG training seems to facilitate behavior change for the specific
motivational stimulus trained, at least in the short term and perhaps in the long term
(Allom, et al., 2016; Jones et al., 2016). Whether or not these effects generalize to general
inhibitory control capacity (no motivational stimuli in the task) is currently unknown
(Berkman et al., 2012; Blackburne, Rodriguez, & Johnstone, 2016; Kühn et al., 2017;
Lawrence et al., 2015b). Therefore, based on the mixed literature, we did not have specific
hypotheses regarding general inhibitory control.
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S3.1. Measures
General inhibitory control. To test whether GNG training effects are transferred to
general inhibitory control capacity (i.e., inhibitory control that is not contingent on stimuli
type, such as smoking), a Stop Signal task was used at pre- and post-test (Verbruggen,
Chambers, & Logan, 2013). In this task, participants were instructed to indicate left- or
right-pointing arrow direction (Go trials) unless a Stop Signal (beep) was provided after a
variable delay (Stop trials). The initial Stop Signal delay of 250 ms was dynamically adjusted
based on either a successful or failed inhibition response. Consequently, the Stop Signal
delay increased or decreased by 50 ms, ranging from 0 ms to 1000 ms (Logan, Schachar,
& Tannock, 1997). Each trial had a duration of 1000 ms, with an inter-trial interval
randomly varying between 100 ms and 200 ms. Participants completed one practice
block and three test blocks of 80 trials and were instructed to respond both quickly and
accurately. Trials were presented in quasi-random order, with 25% of the trials being a
Stop trial. Participants Stop Signal reaction times (SSRT) were estimated using the quantile
method, subtracting the average Stop Signal delay from the quantile Go reaction time
that corresponded to the proportion of failed inhibition attempts (Congdon et al., 2012;
Verbruggen et al., 2013).
S3.2. Strategy of Analysis
Prior to analyses, we checked for outliers (± 3IQR; Walfish, 2006), and poor
accuracy on the Stop Signal task (< 30%); four participants were excluded from analyses
regarding Stop Signal reaction times. A Group (brochure vs. game) × Time (pre-test
vs. post-test) RM-ANOVA compared group differences for Stop Signal reaction times.
Greenhouse-Geisser corrections were used when the assumption of sphericity was
violated. Follow-up t-tests with a Bonferroni correction for multiple comparisons were
employed when interaction effects were significant.
S3.3. Results Stop Signal Reaction Times
To examine the effect of the intervention on inhibitory control that was not
contingent on stimuli type, behavioral performance on the Stop Signal task was compared
between intervention groups. A Group × Time RM-ANOVA on Stop Signal reaction
times revealed a main effect of Time, F(1, 99) = 6.84, p = .010, ηp2 = .07, showing that
participants responded faster at post-test than at pre-test (Mpre-test = 267.42 ms vs. Mpost= 252.44 ms). There was no effect of Group, F(1, 99) = .74, p = .390, ηp2 = .01, or an
test
interaction of Time × Group, F(1, 99) = .04, p = .843, ηp2 < .01. In summary, participants’
general inhibitory control scores increased over time, but no intervention group
differences were found (see Figure S1).
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0,3

Stop Signal Reaction Times

0,28

0,26
Game
0,24
Brochure
0,22

0,2

Pre-test

Post-test
Time

Figure S1. Stop signal reaction times for game intervention group and brochure intervention group (controlled
for expectations).

S4. Bayesian statistics
Due to difficulty interpreting null findings with conventional analyses, additional
Bayesian RM-ANOVA’s were conducted for all outcome measures using default priors
(see Mulder & Wagenmakers, 2016) in JASP (Version 0.9.1; JASP Team, 2018). Again, five
participants were excluded from analyses of GNG task performance, four participants
were excluded from analyses regarding Stop Signal reaction times, three participants
were excluded from analyses regarding evaluation scores (i.e., incomplete data), two
participants were excluded from analyses regarding weekly smoking behavior (i.e.,
incomplete data), and eleven participants were excluded from analyses regarding in-game
performance (i.e., incomplete data). Bayesian analyses are reported in Table S4a to S10b
below. Overall Bayes factors indicate substantial support for the reported null findings (BF
< 1/3; Dienes, 2014), yet data offer mere anecdotal evidence for or against the inclusion of
Time × Group in the RM-ANOVA on weekly smoking behavior.
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S5. Latent growth curve modeling
A series of latent growth models using maximum likelihood robust estimation
(MLR) were conducted in MPlus 8 (Muthén & Muthén, 1998-2017) to gain a better
understanding of changes in in-game performance across game sessions during the
HitnRun intervention period. The growth curve approach is used to examine both
individual differences in game performance at the start of intervention (i.e., the intercept)
and changes in performance across gameplay sessions (i.e., the slope; Duncan, Duncan,
& Strycker, 2013). LGCM allows individuals to differ on their starting level of in-game
performance and the rate of change in in-game performance over time.
As for the RM-ANOVA analyses, mean accuracy scores were calculated for the
second to the fifth gameplay session (≥80 trials; recoded to gameplay session 0 until 3 in
MPlus). All available pairwise information in the data was used (Asparouhov & Muthén,
2010), excluding fourteen participants with either not enough play sessions including
over 80 trials or with outliers in their data. The Chi-square and p-value (p-value >.05), the
Comparative Fit Index (CFI >.90), the Tucker-Lewis Index (TLI > .90) and the Root Mean
Square Error of Approximation (RMSEA < .05) were applied to assess the goodness of
model fit (Hu & Bentler, 1999).
In the first step of the analysis the growth function (i.e., linear or quadratic)
that best reflected changes in in-game performance over time was examined. The most
appropriate growth function was selected by comparing all functions and interpreting the
model fit indices (Hu & Bentler, 1999). As can be seen in Table S11, the fit for the linear
growth model was not optimal, yet the quadratic growth model showed an excellent fit.
The intercept and the quadratic term, but not the slope, of the single growth curve model
reached significance. For in-game performance, the parameter estimates were i = 2.620
(p < .001), s = -.325 (p = .069), and q = .579 (p = .003), resulting in the following quadratic
function: PERF = 2.620-.325*T+.579*T2 where PERF stands for in-game performance and
T for the game play sessions (0, 1, 2, 3). The estimated values of the increase in in-game
performance can be calculated for each time point: .25, 1.41, and 2.57 (Figure S2).
In a second step, we wanted to explore associations between changes in outcome
measures and changes in in-game performance across gameplay sessions. By doing this,
we hoped to gain insight in whether the growth patterns were correlated with intervention
effects. The following predictors were added to separate growth curve models: (1) general
gaming frequency prior to start of intervention (average hours per week), as well as
difference scores (post-test minus pre-test) of (2) mean No-Go accuracy, (3) mean Go
reaction time, (4) weekly smoking behavior, and mean picture evaluation of (5) trained and
(6) untrained smoking pictures. No additional predictors were included given the current
sample size and the exploratory character of the growth curve analyses.
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Figure S2. Observed and estimated means for in-game performance.

Table S12 shows that neither gaming frequency prior to start of intervention
nor changes in No-Go accuracy, Go reaction time, and smoking picture evaluation were
correlated with changes in performance across gameplay sessions. Changes in weekly
smoking behavior, however, did correlate with changes in performance over time. A
stronger decrease in weekly smoking at post-test was associated with an increase in ingame performance across gameplay sessions. Together, the latent growth curve analyses
showed that in-game performance increased over time with a quadratic curve and that
this increase was stronger for participants that reported a stronger decrease in weekly
smoking.
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Table S1
Repeated Measures ANOVA statistics
No-Go accuracy
Main effect Time

F(1, 98) = 6.95, p = .010, ηp2 = .07

Main effect Picture Type

F(1, 98) = 3.79, p = .054, ηp2 = .04

Main effect Group

F(1, 98) = .11, p = .738, ηp2 < .01

Interaction effect Picture Type × Time

F(1, 98) = 1.37, p = .244, ηp2 = .01

Interaction effect Picture Type × Group

F(1, 98) = .34, p = .562, ηp2 < .00

Interaction effect Time × Group

F(1, 98) = .77, p = .383, ηp2 = .01

Interaction effect Time × Group × Picture Type

F(1, 98) = 1.53, p = .220, ηp2 = .02

Go Reaction Times
Main effect Time

F(1, 98) = 19.58, p < .001, ηp2 = .17

Main effect Picture Type

F(1, 98) = 3.03, p = .085, ηp2 = .03

Main effect Group

F(1, 98) = .56, p = .454, ηp2 = .01

Interaction effect Picture Type × Time

F(1, 98) = .48, p = .490, ηp2 = .01

Interaction effect Picture Type × Group

F(1, 98) = .36, p = .550, ηp2 < .01

Interaction effect Time × Group

F(1, 98) = .19, p = .664, ηp2 < .01

Interaction effect Time × Group × Picture Type

F(1, 98) = 1.02, p = .315, ηp2 = .01

Picture Evaluation
Game group: Effects on trained versus untrained pictures
Main effect Time

F(1, 51) = 6.71, p = .012, ηp2 = .12

Main effect Picture Type

F(1, 51) = 106.81, p < .001, ηp2 = .68

Main effect Training

F(1, 51) = .33, p = .567, ηp2 = .01.

Interaction effect Picture Type × Time

F(1, 51) = 20.71, p < .001, ηp2 = .29

Interaction effect Picture Type × Training

F(1, 51) = 4.38, p = .041, ηp2 = .08

Interaction effect Time × Training

F(1, 51) = .36, p = .549, ηp2 = .01

Interaction effect Time × Training × Picture Type

F(1,51) = 3.23, p = .078, ηp2 = .06

Picture Evaluation
Between-group effects on untrained pictures
Main effect Time

F(1, 100) = 5.36, p = .023, ηp2 = .05

Main effect Picture Type

F(1, 100) = 176.68, p < .001, ηp2 = .64

Main effect Group

F(1, 100) = 1.07, p = .303, ηp2 = .01

Interaction effect Picture Type × Time

F(1, 100) = 25.36, p < .001, ηp2 = .20

Interaction effect Picture Type × Group

F(1, 100) = 6.35, p = .013, ηp2 = .06
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Table S1
Continued
Interaction effect Time × Group

F(1, 100) = .05, p = .832, ηp2 < .01

Interaction effect Time × Group × Picture Type

F(1, 100) = 4.31, p = .040, ηp2 = .04

Behavioral outcomes
Main effect Time

F(1, 101) = 113.87, p < .001, ηp2 = .53

Main effect Group

F(1, 101) = .01, p = .906, ηp2 < .01

Interaction effect Time × Group

F(1, 101) = 3.92, p = .050, ηp2 = .04

In-game performance
F(3, 117) = 5.19, p = .002, ηp2 = .12

Main effect Time

Table S2
Means, Standard Errors and p-values of Effects on Trained versus Untrained Pictures in
Game Intervention Group
Time

Mean

SE

Pre-test

-2.30

2.46

Post-test

-6.45

2.27

0.022

Picture type

Mean

SE

p-value

Neutral

15.47

1.69

Smoking

-24.22

3.80

<.001
p-value

Training

Mean

SE

Trained

-4.67

2.18

Untrained

-4.08

2.39

p-value

0.571

Training*Picture type (1)
Training

Picture type

Mean

SE

Trained

Neutral

14.38

1.70

Smoking

-23.71

3.79

Neutral

16.59

2.00

Smoking

-24.72

3.87

Untrained

p-value
<.001
<.001
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Table S2
Continued
Training*Picture type (2)
Picture type Training

Mean

SE

Neutral

Trained

14.38

1.70

Untrained

16.59

2.00

Trained

-23.71

3.79

Untrained

-24.72

3.87

0.278
p-value

Smoking

p-value
0.168

Time* Picture type (1)
Time

Picture type

Mean

SE

Pre-test

Neutral

14.03

1.58

Smoking

-18.63

4.14

Neutral

16.90

2.25

Smoking

-29.81

3.85

<.001

Picture type Time

Mean

SE

p-value

Neutral

Pre-test

14.03

1.58

Post-test

16.90

2.25

Pre-test

-18.63

4.14

Post-test

-29.81

3.85

<.001
p-value

Post-test

<.001

Time* Picture type (2)

Smoking

0.140

Time*Training (1)
Time

Training

Mean

SE

Pre-test

Trained

-2.46

2.45

Untrained

-2.14

2.62

Trained

-6.88

2.19

Untrained

-6.03

2.45

0.402
p-value

Post-test

0.790

Time*Training (2)
Training

Time

Mean

SE

Trained

Pre-test

-2.46

2.45

Post-test

-6.88

2.19

Pre-test

-2.14

2.62

Post-test

-6.03

2.45

Untrained
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Table S2
Continued
Time*Training*Picture type (1)
Time

Training

Picture Type

Mean

SE

Pre-test

Trained

Neutral

13.46

1.59

Smoking

-18.39

4.10

Neutral

14.60

1.97

Smoking

-18.87

4.28

Neutral

15.29

2.26

Smoking

-29.04

3.92

Neutral

18.52

2.53

Smoking

-30.58

3.85

<.001
p-value

Untrained
Post-test

Trained
Untrained

p-value
<.001
<.001
<.001

Time*Training*Picture type (2)
Training

Picture Type

Time

Mean

SE

Trained

Neutral

Pre-test

13.46

1.59

Post-test

15.29

2.26

Pre-test

-18.39

4.10

Post-test

-29.04

3.92

Pre-test

14.60

1.97

Post-test

18.52

2.53

Pre-test

-18.87

4.28

Post-test

-30.58

3.85

<.001
p-value

Smoking
Untrained

Neutral
Smoking

0.340
<.001
0.071

Time*Training*Picture type (3)
Time

Picture Type

Training

Mean

SE

Pre-test

Neutral

Trained

13.46

1.59

Untrained

14.60

1.97

Trained

-18.39

4.10

Untrained

-18.87

4.28

Trained

15.29

2.26

Untrained

18.52

2.53

Trained

-29.04

3.92

Untrained

-30.58

3.85

Smoking
Post-test

Neutral
Smoking

0.502
0.703
0.059
0.114
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Table S3
Means, Standard Errors and p-values of Between-Group Effects on Untrained Pictures in
Brochure Intervention Group and Game Intervention Group (Adjusted for Expectations)
Time

Mean

SE

Pre-test

-1.20

1.66

Post-test

-4.04

1.58

0.022

Picture type

Mean

SE

p-value

Neutral

15.34

1.21

Smoking

-20.58

2.59

<.001
p-value

Group

Mean

SE

Brochure

-0.84

2.29

Game

-4.40

2.27

p-value

0.303

Time*Group (1)
Time

Group

Mean

SE

Pre-test

Brochure

0.43

2.54

Game

-2.83

2.51

Brochure

-2.11

2.41

Game

-5.96

2.39

0.289

Group

Time

Mean

SE

p-value

Brochure

Pre-test

0.43

2.54

Post-test

-2.11

2.41

Pre-test

-2.83

2.51

Post-test

-5.96

2.39

0.092
p-value

Post-test

p-value
0.393

Time*Group (2)

Game

0.175

Picture type*Group (1)
Picture type

Group

Mean

SE

Neutral

Brochure

13.22

1.85

Game

17.47

1.83

Brochure

-14.89

3.96

Game

-26.26

3.92

Smoking
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Table S3
Continued
Picture type*Group (2)
Group

Picture type

Mean

SE

Brochure

Neutral

13.22

1.85

Smoking

-14.89

3.96

Neutral

17.47

1.83

Smoking

-26.26

3.92

<.001
p-value

Game

p-value
<.001

Time*Picture type (1)
Time

Picture type

Mean

SE

Pre-test

Neutral

14.02

1.15

Smoking

-16.42

2.89

Neutral

16.67

1.55

Smoking

-24.74

2.63

<.001
p-value

Post-test

<.001

Time*Picture type (2)
Picture type

Time

Mean

SE

Neutral

Pre-test

14.02

1.15

Post-test

16.67

1.55

Pre-test

-16.42

2.89

Post-test

-24.74

2.63

Smoking

0.041
<.001

Time*Group*Picture type (1)
Time

Picture type

Group

Mean

SE

Pre-test

Neutral

Brochure

13.04

1.76

Game

15.00

1.74

Brochure

-12.18

4.42

Game

-20.65

4.38

Brochure

13.40

2.38

Game

19.94

2.35

Brochure

-17.61

4.02

Game

-31.87

3.97

Smoking
Post-test

Neutral
Smoking

p-value
0.461
0.204
0.069
0.020
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Table S3
Continued
Time*Group*Picture type (2)
Time

Group

Picture type

Mean

SE

Pre-test

Brochure

Neutral

13.04

1.76

Smoking

-12.18

4.42

Neutral

15.00

1.74

Smoking

-20.65

4.38

Neutral

13.40

2.38

Smoking

-17.61

4.02

Neutral

19.94

2.35

Smoking

-31.87

3.97

<.001
p-value

Game
Post-test

Brochure
Game

p-value
<.001
<.001
<.001

Time*Group*Picture type (3)
Picture type

Group

Time

Mean

SE

Neutral

Brochure

Pre-test

13.04

1.76

Post-test

13.40

2.38

Pre-test

15.00

1.74

Post-test

19.94

2.35

Pre-test

-12.18

4.42

Post-test

-17.61

4.02

Pre-test

-20.65

4.38

Post-test

-31.87

3.97

Game
Smoking

Brochure
Game

0.858
0.012
0.068
<.001

Table S4a
Model Comparison of Group × Picture Type × Time Bayesian Repeated Measures ANOVA
on No-Go Accuracy Controlled for Expectations (Prior Model Probabilities, Posterior
Model Probabilities, BFM , BF01 and Estimation Error Percentage)
P(M)

P(M|data)

BFM

BF01

Null model (incl. subject)

0.026

0.005

0.184

1.000

Picture type

0.026

0.001

0.047

3.932

1.319

Time

0.026

0.311

16.729

0.016

1.291

Picture type + Time

0.026

0.085

3.425

0.058

3.029
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Table S4a
Continued
P(M)

P(M|data)

BFM

BF01

% error

Picture type + Time +
Picture type × Time

0.026

0.018

0.680

0.274

5.495

Group

0.026

0.002

0.084

2.184

3.301

Picture type + Group

0.026

5.686e-4

0.021

8.702

4.202

Time + Group

0.026

0.139

5.998

0.035

3.859

Picture type + Time + Group

0.026

0.037

1.409

0.135

4.751

Picture type + Time +
Picture type × Time + Group

0.026

0.008

0.293

0.630

5.744

Picture type + Group +
Picture type × Group

0.026

8.882e-5

0.003

55.699

5.174

Picture type + Time + Group
+ Picture type × Group

0.026

0.006

0.227

0.810

5.704

Picture type + Time +
Picture type × Time + Group
+ Picture type × Group

0.026

0.001

0.050

3.663

7.220

Time + Group + Time ×
Group

0.026

0.023

0.864

0.217

4.788

Picture type + Time + Group
+ Time × Group

0.026

0.006

0.222

0.829

5.830

Picture type + Time +
Picture type × Time + Group
+ Time × Group

0.026

0.001

0.055

3.304

7.667

Picture type + Time + Group
+ Picture type × Group +
Time × Group

0.026

0.001

0.040

4.610

8.356

Picture type + Time +
Picture type × Time + Group
+ Picture type × Group +
Time × Group

0.026

2.129e-4

0.008

23.239

7.522

Picture type + Time +
Picture type × Time + Group
+ Picture type × Group +
Time × Group + Picture type
× Time × Group

0.026

5.142e-5

0.002

96.206

9.524

Expectations

0.026

0.003

0.097

1.886

0.669

Picture type + Expectations

0.026

6.728e-4

0.025

7.353

2.141
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Continued
P(M)

P(M|data)

BFM

BF01

% error

Time + Expectations

0.026

0.176

7.899

0.028

3.440

Picture type + Time +
Expectations

0.026

0.042

1.631

0.117

2.191

Picture type + Time +
Picture type × Time +
Expectations

0.026

0.010

0.371

0.499

5.130

Group + Expectations

0.026

0.001

0.041

4.497

3.826

Picture type + Group +
Expectations

0.026

3.015e-4

0.011

16.410

4.496

Time + Group +
Expectations

0.026

0.077

3.094

0.064

4.403

Picture type + Time + Group
+ Expectations

0.026

0.019

0.735

0.254

5.713

Picture type + Time +
Picture type × Time + Group
+ Expectations

0.026

0.004

0.151

1.219

6.501

Picture type + Group +
Picture type × Group +
Expectations

0.026

4.136e-5

0.002

119.616

5.677

Picture type + Time + Group
+ Picture type × Group +
Expectations

0.026

0.003

0.122

1.503

6.940

Picture type + Time +
Picture type × Time + Group
+ Picture type × Group +
Expectations

0.026

6.465e-4

0.024

7.653

6.794

Time + Group + Time ×
Group + Expectations

0.026

0.012

0.440

0.421

5.510

Picture type + Time +
Group + Time × Group +
Expectations

0.026

0.003

0.112

1.643

5.858

Picture type + Time +
Picture type × Time +
Group + Time × Group +
Expectations

0.026

6.704e-4

0.025

7.380

8.548
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Table S4a
Continued
P(M)

P(M|data)

BFM

BF01

% error

Picture type + Time +
Group + Picture type ×
Group + Time × Group +
Expectations

0.026

5.691e-4

0.021

8.694

7.547

Picture type + Time +
Picture type × Time +
Group + Picture type ×
Group + Time × Group +
Expectations

0.026

1.296e-4

0.005

38.166

10.289

Picture type + Time +
Picture type × Time + Group
+ Picture type × Group +
Time × Group + Picture
type × Time × Group +
Expectations

0.026

2.852e-5

0.001

173.482

9.939

Note. All models include subject.

Table S4b
Model Averaging of Group × Picture Type × Time Bayesian Repeated Measures ANOVA
on No-Go Accuracy Controlled for Expectations (Prior Inclusion Probabilities, Posterior
Inclusion Probabilities, BFInclusion)
P(incl)

P(incl|data)

BFInclusion

Picture type

0.737

0.251

0.119

Time

0.737

0.986

25.395

Group

0.737

0.348

0.191

Expectations

0.500

0.354

0.547

Picture type × Time

0.316

0.044

0.101

Picture type × Group

0.316

0.014

0.030

Time × Group

0.316

0.048

0.109

Picture type × Time × Group

0.053

7.994e-5

0.001
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Table S5a
Model Comparison of Group × Picture Type × Time Bayesian Repeated Measures ANOVA
on Go Reaction Times Controlled for Expectations (Prior Model Probabilities, Posterior
Model Probabilities, BFM , BF01 and Estimation Error Percentage)
P(M)

P(M|data)

BFM

BF01

% error

Null model (incl. subject)

0.026

1.192e-10

4.411e-9

1.000

Picture type

0.026

1.491e-11 5.516e-10

7.997

2.007

Time

0.026

0.405

25.137 2.947e-10

1.249

Picture type + Time

0.026

0.050

1.930

2.405e-9

2.090

Picture type + Time +
Picture type × Time

0.026

0.008

0.295

1.505e-8

2.423

Group

0.026

5.164e-11

1.911e-9

2.309

0.567

Picture type + Group

0.026

6.418e-12 2.375e-10

18.577

1.871

Time + Group

0.026

0.188

8.593 6.326e-10

2.536

Picture type + Time + Group

0.026

0.023

0.859

5.253e-9

3.232

Picture type + Time +
Picture type × Time + Group

0.026

0.004

0.141

3.132e-8

4.203

Picture type + Group +
Picture type × Group

0.026

9.673e-13 3.579e-11

123.262

2.344

Picture type + Time + Group
+ Picture type × Group

0.026

0.003

0.126

3.506e-8

2.740

Picture type + Time +
Picture type × Time + Group
+ Picture type × Group

0.026

5.654e-4

0.021

2.109e-7

12.906

Time + Group + Time ×
Group

0.026

0.048

1.851

2.503e-9

1.969

Picture type + Time + Group
+ Time × Group

0.026

0.006

0.223

1.991e-8

2.459

Picture type + Time +
Picture type × Time + Group
+ Time × Group

0.026

9.487e-4

0.035

1.257e-7

3.457

Picture type + Time + Group
+ Picture type × Group +
Time × Group

0.026

9.273e-4

0.034

1.286e-7

3.428

Picture type + Time +
Picture type × Time + Group
+ Picture type × Group +
Time × Group

0.026

1.397e-4

0.005

8.535e-7

3.996
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Table S5a
Continued
P(M)

P(M|data)

BFM

BF01

% error

Picture type + Time +
Picture type × Time + Group
+ Picture type × Group +
Time × Group + Picture type
× Time × Group

0.026

3.927e-5

0.001

3.036e-6

10.003

Expectations

0.026

4.130e-11

1.528e-9

2.887

0.970

Picture type + Expectations

0.026

4.935e-12 1.826e-10

24.157

1.129

Time + Expectations

0.026

0.142

6.145 8.371e-10

1.104

Picture type + Time +
Expectations

0.026

0.019

0.705

6.374e-9

2.564

Picture type + Time +
Picture type × Time +
Expectations

0.026

0.003

0.110

4.011e-8

4.883

Group + Expectations

0.026

1.763e-11 6.522e-10

6.764

1.413

Picture type + Group +
Expectations

0.026

2.080e-12 7.697e-11

57.316

1.752

Time + Group +
Expectations

0.026

0.068

2.695

1.756e-9

3.908

Picture type + Time + Group
+ Expectations

0.026

0.008

0.302

1.472e-8

5.212

Picture type + Time +
Picture type × Time + Group
+ Expectations

0.026

0.001

0.050

8.772e-8

5.796

Picture type + Group +
Picture type × Group +
Expectations

0.026

3.083e-13 1.141e-11

386.725

1.907

Picture type + Time + Group
+ Picture type × Group +
Expectations

0.026

0.001

0.044

1.005e-7

6.587

Picture type + Time +
Picture type × Time + Group
+ Picture type × Group +
Expectations

0.026

2.182e-4

0.008

5.465e-7

7.924

Time + Group + Time ×
Group + Expectations

0.026

0.017

0.650

6.903e-9

4.871
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Table S5a
Continued
P(M)

P(M|data)

BFM

BF01

% error

Picture type + Time +
Group + Time × Group +
Expectations

0.026

0.002

0.089

4.954e-8

6.661

Picture type + Time +
Picture type × Time +
Group + Time × Group +
Expectations

0.026

3.786e-4

0.014

3.149e-7

7.581

Picture type + Time +
Group + Picture type ×
Group + Time × Group +
Expectations

0.026

3.717e-4

0.014

3.208e-7

7.966

Picture type + Time +
Picture type × Time +
Group + Picture type ×
Group + Time × Group +
Expectations

0.026

5.358e-5

0.002

2.225e-6

9.693

Picture type + Time +
Picture type × Time + Group
+ Picture type × Group +
Time × Group + Picture
type × Time × Group +
Expectations

0.026

1.453e-5

5.376e-4

8.206e-6

10.193

Note. All models include subject.
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Table S5b
Model Averaging of Group × Picture Type × Time Bayesian Repeated Measures ANOVA
on Go Reaction Times Controlled for Expectations (Prior Inclusion Probabilities, Posterior
Inclusion Probabilities, BFInclusion)
P(incl)

P(incl|data)

BFInclusion

Picture type

0.737

0.132

0.054

Time

0.737

1.000

1.377e+9

Group

0.737

0.374

0.213

Expectations

0.500

0.263

0.358

Picture type × Time

0.316

0.018

0.041

Picture type × Group

0.316

0.007

0.015

Time × Group

0.316

0.076

0.179

Picture type × Time × Group

0.053

5.380e-5

9.685e-4

Table S6a
Model Comparison of Group × Time Bayesian Repeated Measures ANOVA on Stop Signal
Reaction Times Controlled for Expectations (Prior Model Probabilities, Posterior Model
Probabilities, BFM , BF01 and Estimation Error Percentage)
P(M)

P(M|data)

BFM

BF01

% error

Null model (incl. subject)

0.100

0.113

1.145

1.000

Time

0.100

0.403

6.074

0.280

1.073

Group

0.100

0.032

0.296

3.548

0.550

Time + Group

0.100

0.117

1.198

0.961

1.924

Time + Group + Time ×
Group

0.100

0.026

0.241

4.325

3.304

Expectations

0.100

0.045

0.421

2.525

4.116

Time + Expectations

0.100

0.176

1.916

0.643

8.149

Group + Expectations

0.100

0.016

0.147

7.032

1.429

Time + Group +
Expectations

0.100

0.059

0.569

1.898

1.458

Time + Group + Time ×
Group + Expectations

0.100

0.013

0.119

8.629

2.128

Note. All models include subject.
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Table S6b
Model Averaging of Group × Time Bayesian Repeated Measures ANOVA on Stop Signal
Reaction Times Controlled for Expectations (Prior Inclusion Probabilities, Posterior
Inclusion Probabilities, BFInclusion)
P(incl)

P(incl|data)

BFInclusion

Time

0.600

0.795

2.578

Group

0.600

0.264

0.239

Expectations

0.500

0.309

0.447

Time × Group

0.200

0.039

0.163

Table S7a
Model Comparison of Training × Picture Type × Time Bayesian Repeated Measures
ANOVA on Picture Evaluation in the HitnRun Group (Prior Model Probabilities, Posterior
Model Probabilities, BFM , BF01 and Estimation Error Percentage)
BFM

BF01

7.147e-69 1.286e-67

1.000

P(M) P(M|data)
Null model (incl. subject)

0.053

Picture type

0.053

Training

0.053

Picture type + Training

0.053

Picture type + Training +
Picture type × Training

0.053

Time

0.053

Picture type + Time

0.053

Training + Time

0.053

Picture type + Training +
Time

0.053

Picture type + Training +
Picture type × Training +
Time

0.002

0.041 3.152e-66

1.407e-69 2.532e-68

% error
1.956

5.081

44.753

2.572e-4

0.005 2.779e-65

2.476

5.177e-5

9.319e-4 1.380e-64

1.811

2.320e-69 4.176e-68
0.003

3.081

0.992

0.059 2.204e-66

3.415

28.797

1.375

3.605e-4

0.006 1.983e-65

2.349

0.053

7.562e-5

0.001 9.452e-65

4.967

Picture type + Time +
Picture type × Time

0.053

0.863

113.821 8.277e-69

4.158

Picture type + Training +
Time + Picture type × Time

0.053

0.093

1.843 7.694e-68

3.342

Picture type + Training +
Picture type × Training +
Time + Picture type × Time

0.053

0.020

0.362 3.621e-67

3.561
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Table S7a
Continued
BFM

BF01

% error

3.665e-71 6.598e-70

194.993

1.902

P(M) P(M|data)
Training + Time + Training
× Time

0.053

Picture type + Training +
Time + Training × Time

0.053

5.534e-5

9.962e-4 1.291e-64

6.397

Picture type + Training +
Picture type × Training +
Time + Training × Time

0.053

1.189e-5

2.140e-4 6.011e-64

3.790

Picture type + Training +
Time + Picture type × Time
+ Training × Time

0.053

0.014

0.249 5.243e-67

2.679

Picture type + Training +
Picture type × Training +
Time + Picture type × Time
+ Training × Time

0.053

0.003

0.059 2.190e-66

4.992

Picture type + Training +
Picture type × Training +
Time + Picture type × Time
+ Training × Time + Picture
type × Training × Time

0.053

7.025e-4

0.013 1.017e-65

8.013

Note. All models include subject.

Table S7b
Model Averaging of Training × Picture Type × Time Bayesian Repeated Measures ANOVA
on Picture Evaluation in the HitnRun Group (Prior Inclusion Probabilities, Posterior
Inclusion Probabilities, BFInclusion)
P(incl)

P(incl|data)

BFInclusion

Picture type

0.737

1.000

∞

Training

0.737

0.131

0.054

Time

0.737

0.997

138.268

Picture type × Training

0.316

0.024

0.053

Picture type × Time

0.316

0.994

340.539

Training × Time

0.316

0.018

0.039

Picture type × Training × Time

0.053

7.025e-4

0.013
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Table S8a
Model Comparison of Group × Picture type × Time Bayesian Repeated Measures
ANOVA on Evaluation of Untrained Pictures Controlled for Expectations (Prior Model
Probabilities, Posterior Model Probabilities, BFM , BF01 and Estimation Error Percentage)
P(M)
Null model (incl. subject)

0.026

Picture type

0.026

Time

0.026

Picture type + Time

0.026

Picture type + Time +
Picture type × Time

0.026

Group

0.026

Picture type + Group

0.026

Time + Group

0.026

Picture type + Time + Group

0.026

Picture type + Time +
Picture type × Time + Group

BFM

BF01

1.683e-53 6.227e-52

1.000

P(M|data)
0.140

6.034 1.200e-52

3.011e-54 1.114e-52

% error
1.753

5.589

0.715

0.046

1.798 3.631e-52

6.370

0.418

26.528 4.030e-53

5.747

3.575e-54 1.323e-52
0.043

4.707

1.449

1.655 3.931e-52

7.916

6.602e-55 2.443e-53

25.493

3.018

0.013

0.488 1.293e-51

1.815

0.026

0.118

4.946 1.427e-52

3.899

Picture type + Group +
Picture type × Group

0.026

0.008

0.299 2.097e-51

24.583

Picture type + Time + Group
+ Picture type × Group

0.026

0.002

0.073 8.604e-51

2.485

Picture type + Time +
Picture type × Time + Group
+ Picture type × Group

0.026

0.020

0.764 8.317e-52

8.134

Time + Group + Time ×
Group

0.026

Picture type + Time + Group
+ Time × Group

0.026

Picture type + Time +
Picture type × Time + Group
+ Time × Group

161.932

5.774

0.002

0.074 8.418e-51

3.840

0.026

0.020

0.738 8.606e-52

9.416

Picture type + Time + Group
+ Picture type × Group +
Time × Group

0.026

3.456e-4

0.013 4.870e-50

11.821

Picture type + Time +
Picture type × Time + Group
+ Picture type × Group +
Time × Group

0.026

0.003

0.121 5.176e-51

11.651
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Table S8a
Continued
BF01

% error

0.041 1.507e-50

9.748

P(M)

P(M|data)

BFM

Picture type + Time +
Picture type × Time + Group
+ Picture type × Group +
Time × Group + Picture type
× Time × Group

0.026

0.001

Expectations

0.026

Picture type + Expectations

0.026

Time + Expectations

0.026

34.704

2.588

Picture type + Time +
Expectations

0.026

0.010

0.362 1.736e-51

5.087

Picture type + Time +
Picture type × Time +
Expectations

0.026

0.083

3.344 2.030e-52

2.507

Group + Expectations

0.026

Picture type + Group +
Expectations

0.026

Time + Group +
Expectations

0.026

Picture type + Time + Group
+ Expectations

0.026

Picture type + Time +
Picture type × Time + Group
+ Expectations

2.634e-54 9.746e-53
0.030

6.390

2.212

1.156 5.557e-52

6.434

4.850e-55 1.794e-53

5.155e-55 1.907e-53
0.008

32.647

1.495

0.287 2.185e-51

2.721

9.654e-56 3.572e-54

174.328

4.277

0.002

0.092 6.756e-51

3.537

0.026

0.023

0.860 7.406e-52

4.006

Picture type + Group +
Picture type × Group +
Expectations

0.026

0.001

0.045 1.397e-50

3.966

Picture type + Time + Group
+ Picture type × Group +
Expectations

0.026

3.697e-4

0.014 4.552e-50

4.443

Picture type + Time +
Picture type × Time + Group
+ Picture type × Group +
Expectations

0.026

0.003

0.128 4.863e-51

6.900

Time + Group + Time ×
Group + Expectations

0.026

1.419e-56 5.249e-55

1186.304

3.046
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Table S8a
Continued
BF01

% error

3.784e-4

0.014 4.448e-50

3.837

0.026

0.004

0.134 4.650e-51

5.512

Picture type + Time +
Group + Picture type ×
Group + Time × Group +
Expectations

0.026

6.826e-5

0.003 2.466e-49

18.434

Picture type + Time +
Picture type × Time +
Group + Picture type ×
Group + Time × Group +
Expectations

0.026

5.551e-4

0.021 3.032e-50

7.132

Picture type + Time +
Picture type × Time + Group
+ Picture type × Group +
Time × Group + Picture
type × Time × Group +
Expectations

0.026

1.852e-4

0.007 9.085e-50

9.558

P(M)

P(M|data)

Picture type + Time +
Group + Time × Group +
Expectations

0.026

Picture type + Time +
Picture type × Time +
Group + Time × Group +
Expectations

Note. All models include subject.
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Table S8b
Model Averaging of Group × Picture Type × Time Bayesian Repeated Measures ANOVA on
Evaluation of Untrained Pictures Controlled for Expectations (Prior Inclusion Probabilities,
Posterior Inclusion Probabilities, BFInclusion)
P(incl)

P(incl|data)

BFInclusion

Picture type

0.737

1.000

1.608e+15

Time

0.737

0.770

1.194

Group

0.737

0.273

0.134

Expectations

0.500

0.166

0.199

Picture type × Time

0.316

0.693

4.893

Picture type × Group

0.316

0.041

0.092

Time × Group

0.316

0.031

0.069

Picture type × Time × Group

0.053

0.001

0.023

Table S9a
Model Comparison of Group × Time Bayesian Repeated Measures ANOVA on Weekly
Smoking Behavior Controlled for Expectations (Prior Model Probabilities, Posterior Model
Probabilities, BFM , BF01 and Estimation Error Percentage)
BFM

BF01

9.954e-16 8.958e-15

1.000

P(M) P(M|data)
Null model (incl. subject)

0.100

Time

0.100

Group

0.100

Time + Group

0.100

Time + Group + Time ×
Group

0.100

Expectations

0.100

Time + Expectations

0.100

Group + Expectations

0.100

Time + Group +
Expectations

0.100

Time + Group + Time ×
Group + Expectations

0.100

0.518

9.665 1.922e-15

2.347e-16 2.112e-15

% error
2.401

4.241

1.599

0.156

1.667 6.371e-15

1.480

0.063

0.606 1.578e-14

1.944

2.800e-16 2.520e-15
0.181

3.555

1.043

1.982 5.514e-15

1.247

6.641e-17 5.977e-16

14.989

1.757

0.057

0.542 1.752e-14

2.035

0.026

0.236 3.900e-14

4.170

Note. All models include subject.
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Table S9b
Model Averaging of Group × Time Bayesian Repeated Measures ANOVA on Weekly
Smoking Behavior Controlled for Expectations (Prior Inclusion Probabilities, Posterior
Inclusion Probabilities, BFInclusion)
P(incl)

P(incl|data)

BFInclusion

Time

0.600

1.000

4.003e+14

Group

0.600

0.302

0.288

Expectations

0.500

0.263

0.357

Time × Group

0.200

0.089

0.389

Table S10a
Model Comparison of Time Bayesian Repeated Measures ANOVA on In-Game
Performance (Prior Model Probabilities, Posterior Model Probabilities, BFM , BF01 and
Estimation Error Percentage)
P(M) P(M|data)

BFM

BF01

Null model (incl. subject)

0.500

0.068

0.073

1.000

Time

0.500

0.932

12.650

0.073

% error
0.535

Note. All models include subject.
Table S10b
Model Averaging of Time Bayesian Repeated Measures ANOVA on In-Game Performance
(Prior Inclusion Probabilities, Posterior Inclusion Probabilities, BFInclusion)
Time

P(incl)

P(incl|data)

BFInclusion

0.500

0.932

13.650

Table S11
Model Fit Statistics for the Linear and Quadratic Growth Model of Game Performance.
Linear model
Quadratic model

a

χ² (df)

χ² p-value

CFI

TLI

RMSEA

19.69 (5)

.001

.756

.708

.261

1.69 (3)

.640

1.000

1.044

<.001

Note. CFI = Comparative Fit Index, TLI = Tucker-Lewis Index, RMSEA = Root Mean Square
of Approximation.
a
The residual variances of the second and fifth game session were fixed to zero; these
residuals variances were small and non-significant.
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3.57 (4)

2.23 (4)

1.60 (4)

2.58 (4)

3.20 (4)

3.12 (4)

Prior hours spent
gaming

No-Go accuracy
(post-pre)

Go reaction time
(post-pre)

Weekly smoking
(post-pre)

Untrained smoking
pictures (post-pre)

Evaluation trained
smoking pictures
(post-pre)

.538

.525

.630

.808

.693

.468

.640

p value

1.000

1.000

1.000

1.000

1.000

1.000

1.000

CFI

1.030

1.028

1.047

1.099

1.062

1.013

1.044

<.001

<.001

<.001

<.001

<.001

<.001

<.001

RMSEA

Fit measures
TLI

.16
(.12)

.12
(.14)

-.03
(.16)

-.12
(.19)

-.05
(.15)

-.21
(.14)

.196

.375

.869

.535

.746

.135

.06
(.01)

.06
(.01)

.06
(.01)

.06
(.01)

.06
(.01)

.06
(.01)

p value RVa (SERV)

2.62 <.001***
(.30)

β value
(SE)

<.001*** -.30
(.18)

<.001*** -.32
(.18)

<.001*** -.35
(.16)

<.001*** -.01
(.14)

<.001*** .29
(.22)

<.001*** -.13
(.21)

-.33
(.18)

p-RV β value
(SE)

Intercept Slope

.092

.077

.029*

.942

.196

.540

.069

.03
(.01)

.03
(.01)

.02
(.01)

.03
(.01)

.03
(.01)

.03
(.01)

.034*

.042*

.047*

.032*

.054

p value RVa (SE- p-RV
RV)

a

p value

.30 .117
(.19)

.32 .090
(.19)

.26 .193
(.17)

.07 .664
(.16)

-.30 .216
(.24)

.37 .146
(.25)

.579 .003**
(.20)

β value
(SE)

Quadratic term

Note. CFI = Comparative Fit Index; TLI = Tucker-Lewis Index; RMSEA = root-mean-square error of approximation; RV = residual variance; SE = standard error.
Unstandardized versions of residual variances (RV) are reported. All other presented measures are standardized.
*p<.05; **p < .01; *** p < .001

1.69 (3)

Single growth
curve model

χ2 (df)

Fit Statistics and Estimates of Prediction Models for the Initial Level (Intercept), Rate of Change (Slope) and Amount of Curvature (Quadratic Term) in In-Game Performance.

Table S12

.00
(.00)

.00
(.00)

.00
(.00)

.00
(.00)

.00
(.00)

.00
(.00)

.032*

.035*

.052

.035*

.061

.096

RVa (SE- p-RV
RV)
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Figure S3. No-Go accuracy for game intervention group and brochure intervention group (controlled for
expectations).
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Figure S4. Go reaction times for game intervention group and brochure intervention group (controlled for
expectations)
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Figure S5. Cigarettes a week for game intervention group and brochure intervention group (controlled for
expectations).
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Figure S6. In-game performance for game intervention group.
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The most important
lesson I have learned is
that I always thought
I was unable
to quit smoking,
but that I actually could
quit smoking using
HitnRun”

Chapter 5
When winning is losing: A randomized controlled trial testing a
video game to train food-specific inhibitory control

Published as:
Poppelaars, A., Scholten, H., Granic, I., Veling, H., Johnson-Glenberg, M. C., & Luijten, M.
(2018). When winning is losing: A randomized controlled trial testing a video
game to train food-specific inhibitory control. Appetite, 129, 143-154. doi:
10.1016/j.appet.2018.06.039

Abstract
Overweight and obesity are major causes of worldwide morbidity and mortality. A twoarmed randomized controlled trial (n=104) examined the effectiveness of HitnRun, a
video game based on the principles of Go/No-Go inhibition training, in young adults
who reported disinhibited eating. Adults (aged 18 to 30) were randomly assigned to play
HitnRun or received an informative brochure (Healthy Eating Step by Step; HESbS). Prior to
and directly following the intervention week general and food-specific inhibitory control,
caloric intake, and perceived attractiveness of food pictures were assessed. Results revealed
no improvements in food-specific inhibitory control or caloric intake in either intervention
group. Similar improvements for general inhibitory control and similar decreases in
perceived attractiveness of food-related stimuli were observed for both HitnRun and HESbS.
Future research should aim to clarify how video game design can implement working
mechanisms of cognitive training tasks to facilitate the development of effective gamebased interventions.
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Overweight and obesity are leading causes of preventable disease burden
worldwide, contributing to cardiovascular diseases, diabetes and other health problems
(Shaw, O’Rourke, Del Mar, & Kenardy, 2005; WHO, 2009). The majority of the people
who become overweight have an imbalance of caloric intake and energy expenditure,
with excessive calories being converted into fat and weight gain (Houben & Jansen,
2015). Prevalence of overweight or obesity has increased steadily for decades (Ng et al.,
2015; WHO, 2000), currently affecting up to approximately 33,4% of Dutch young adults
(aged 19 to 29; RIVM, 2016b) with increased risk of overweight and obesity persisting in
adulthood (Llewellyn, Simmonds, Owen, & Woolacott, 2016). Worldwide, the World Health
Organization (2016b) reports more than one-half of adults (51,5%; aged 18 and over) are
overweight or obese. Although this is a pressing global problem, meta-analyses indicate
that present intervention programs produce no or small effects (Stice, Shaw, & Marti,
2006; Vasques et al., 2014). Identifying effective intervention strategies is therefore of vital
importance.
Hypersensitivity to food-rewards combined with deficits in inhibitory control (i.e.,
the ability to stop an automatic response) are key processes associated with the onset
and maintenance of overweight and obesity (Adams, 2014; Jones et al., 2016; Stice et al.,
2016). Calorie-dense food cues in an obesogenic environment may provoke automatic
motor impulses towards these attractive foods, triggering impulsive consumption (Adams,
2014; Hofmann, Friese, & Strack, 2009; Papies, 2012). Thus, overeating and weight gain
are facilitated in those with insufficient inhibitory control (Adams, 2014; Jones et al.,
2016). Indeed, impaired inhibitory control has repeatedly been associated with overweight
or obesity, with obese individuals having more difficulty controlling impulsive responding
compared to individuals who maintain healthy weight (e.g., Nederkoorn, Smulders,
Havermans, Roefs, & Jansen, 2006; Price, Lee, & Higgs, 2015). Moreover, strong food
preferences combined with low inhibitory control have been found to precede excessive
weight gain (Nederkoorn, Houben, Hofman, Roefs, & Jansen, 2010). Conversely, high levels
of inhibitory control have been associated with self-regulating behaviors such as dieting
(e.g., Hofmann, Adriaanse, & Baumeister, 2014; Pauli-Pott, Albayrak, Hebebrand, & Pott,
2010). Hence, inhibitory control processes will be one of the key targets for emerging
interventions.
The most common procedure for inhibition control interventions is Go/NoGo training (Jones et al., 2016; Verbruggen & Logan, 2008), wherein participants are
instructed to respond or withhold from responding to stimuli based on a cue that signifies
behavioral inhibition (e.g., a colored Go vs. No-Go cue or high vs. low tone directly after
presentation of a stimulus). In food-specific Go/No-Go training, participants are repeatedly
trained to respond immediately to neutral stimuli, but inhibit their response upon
presentation of food-related stimuli (Veling et al., 2014). It is commonly believed that this
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type of training reinforces a top-down executive control process, directly increasing one’s
capacity to resist impulses toward calorie-dense food (e.g., Andrés, 2003). More recently,
however, researchers have argued that consistent mapping of stimuli onto either stopping
or going in food-specific Go/No-Go training fosters development of automatic motor
inhibition through stimulus-stop associations, without strengthening general capacity for
inhibition per se (e.g., Stice et al., 2016; Verbruggen & Logan, 2008).
Alternatively, Behavior Stimulus Interaction (BSI) theory (Chen et al., 2016; Veling
et al., 2008; Veling et al., 2017) proposes that training decreases perceived attractiveness
of No-Go food stimuli. When perceived attractiveness of calorie-dense food is lower,
impulses toward these foods may be weakened, making individuals less prone to approach
calorie-dense food and increasingly able to inhibit this response (Veling et al., 2008, 2014).
Specifically, reduction through inhibition is argued to be specific to stimuli inherently
associated with an approach orientation. In line with this reasoning, training should result
in a larger decrease in attractiveness of appetitive No-Go stimuli than Go or neutral NoGo stimuli (i.e., devaluation effect). Several studies have indeed shown devaluation of
attractive stimuli after repeated pairing with No-Go cues as measured with visual analogue
scales (e.g., Chen et al., 2016; Lawrence et al., 2015a; Veling et al., 2008; Serfas, Florack,
Büttner, & Voegeding, 2017; however findings appear less robust when indirect measures
of evaluation [e.g., IAT] are employed, see; Jones et al., 2016).
Though the psychological mechanisms through which Go/No-Go training changes
behavior are still being debated, promising medium effect sizes were found for foodspecific Go/No-Go training, with training reducing liking, choice and intake of No-Go foods
(Allom, et al., 2016; Jones et al., 2017; Turton et al., 2016). Indeed, Lawrence et al. (2015a)
demonstrated that four online sessions of food-specific Go/No-Go training resulted in
improvements in a variety of self-reported health behaviors, including reduced daily caloric
intake and weight loss. Moreover, a recent meta-analysis confirmed the effectiveness of
training for short-term appetitive behavior change (Jones et al., 2016).
Nonetheless, Go/No-Go training shares common challenges with other weight
loss interventions, including high rates of attrition, potential stigmatization, and limited
accessibility (Forman et al., 2017; MacLean et al., 2009; Stice et al., 2006). We argue
that these challenges can be addressed through the use of videogames (Granic et al.,
2014; Johnson-Glenberg, Savio-Ramos, & Henry, 2014; Stice et al., 2006). Contrary to
conventional Go/No-Go training, videogames have tremendous appeal, reflected by
their worldwide popularity (Lenhart et al., 2008; Meeker, 2017). Videogames are able
to evoke intrinsic motivation to engage people in treatment, facilitated by the artful use
of motivating techniques when expert game developers design these games (Forman
et al., 2017; Ryan et al., 2006). Moreover, video games can promote long-term training
by incorporating repetitive actions that are compelling and fun, encouraging repetitive
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gameplay and practice of skills (Granic et al., 2014; Green & Bavelier, 2012). In addition,
with little to no stigma attached to gameplay and immense potential for scalability,
videogames can reach those who might otherwise not seek help (Granic et al., 2014).
Hence, the current two-armed Randomized Controlled Trial (RCT) examined the
effects of HitnRun, a video game based on principles of Go/No-Go training, in young adults
who reported disinhibited eating. An informative brochure Healthy Eating Step by Step
(Nutrition Information Center, 2013) was selected as the active control group because this
brochure incorporated no evidence based training components specifically directed at
inhibitory control (Adams, Lawrence, Verbruggen, & Chambers, 2017b), while still being
a common intervention for the promotion of healthy eating. Potential mechanisms of
change were also examined. Specifically, we aimed to investigate claims that Go/No-Go
training (a) strengthens food-specific and/or general inhibitory control and/or (b) weakens
attractiveness of food cues. Furthermore, to assess potential distal behavioral effects of
our interventions, laboratory food intake was recorded. We expected that young adults
who played HitnRun would show improved levels of food-specific (automatic) inhibition,
decreased attractiveness ratings for appetitive food stimuli, and decreased caloric intake
of unhealthy food post-intervention, relative to young adults in the control condition.
No specific hypotheses were put forth about intervention effects on general (top-down)
inhibition or caloric intake of healthy food.

Materials and Methods
Participants
Young adults, recruited through online advertisements and flyers distributed
around the campus of the Radboud University in the Netherlands, were screened
for susceptibility to overeating and being overweight using the Three Factor Eating
Questionnaire Disinhibition scale (TFEQ-D; Stunkard & Messick, 1985) and Body Mass
Index (BMI; determined from self-reported height and weight). Inclusion criteria were: (1)
aged 18 to 30, (2) motivated to eat healthier within 6-months or less (contemplation stage;
Prochaska et al., 1994), (3) BMI≥25 and/or elevated eating disinhibition (TFEQ-D score≥5;
Lawrence et al., 2015a). Exclusion criteria were: (1) BMI < 18.5 (underweight), (2) taking
psychotropic drugs, (3) receiving psychosocial care, and (4) intolerance for food included
during test procedures. Eligible participants were invited into the study, whereby priority
was given to those with a BMI ≥ 25. Based on a priori power analysis using G*Power 3
(Faul et al., 2007) sample size was set at 98 participants (Repeated Measures ANOVA,
between subjects design; f=0.25, α=0.05, power=0.80, correlation among repeated
measures= 0.50).
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In total, 104 young adults were enrolled with a mean age of 21 (Mage=20.95 years
± 2.42) and a majority of females (89.4% females; see Figure 1 for flowchart), thereby
allowing for 5–10% attrition. The sample included 70.2% healthy weight (18.5≤BMI < 25),
24.0% overweight (25≤BMI < 30) and 0.8% obese participants (BMI > 30) with a mean
BMI of 24.07 ± 2.99 across the sample. Participants showed moderately high scores on
disinhibited eating (MTFEQD= 9.81 ± 2.70; Lawrence et al., 2015a), restraint eating (Restraint
Scale [RS; Polivy, Herman, & Warsh, 1978], MRS=20.79 ± 4.48; Nguyen & Polivy, 2014)
and symptoms of food addiction (Yale Food Addiction Scale [YFAS; Gearhardt, Corbin,
& Brownell, 2009], MYFAS=2.51 ± 1.52; Pursey, Stanwell, Gearhardt, Collins, & Burrows,
2014), and had normative scores on general impulsivity (MTFEQD= 62.85 ± 9.17; Barratt
Impulsivity Scale [BIS; Patton, Stanford, & Barratt, 1995]; Davis et al., 2011). In addition,
23.1% of participants indicated not playing video games at all in their leisure time, with
an additional 3.8% playing less than an hour in an average week. Yet, almost two thirds
of participants were more active video game players (46.2% 1≤hours≤2, and 16.3% 2 <
hours≤7) and 10.6% indicated playing more than 7 hours a week.
Procedure
Data were collected in the Behavioral Science Institute Laboratory of the
Radboud University. Participants provided informed consent and were randomized into
either the experimental (n=51) or control (n=53) group. Randomization was performed
by an independent researcher using random number generation and was stratified by
sex. Test procedures prior to and directly following the one-week intervention lasted
approximately 90 min including (respectively): general inhibitory control, food-specific
inhibitory control, caloric intake, and picture evaluation. The first intervention session,
which either consisted of a first gameplay session or reading of the informative brochure
in the lab, was administered immediately following pre-intervention test procedures. After
that, picture evaluation was repeated. During the remainder of the intervention week,
participants were instructed to complete either six more daily sessions of game play at
home or were given the brochure for further reading and/or browsing of websites listed
within. Halfway through the intervention week all participants were reminded to engage
with their assigned intervention (to play HitnRun daily or to (re-)read HESbS and visit
recommended websites) via a personalized email. Participants received course credits or
a €25 gift certificate for their participation. The current study was approved by the ethical
committee of the Faculty of Social Sciences at Radboud University (ECSW2016-1403-378)
and registered at the Dutch Trial Register (No. NTR5793).
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Figure 1. Flow chart participant inclusion from screening to post-intervention.

Interventions
HitnRun. The infinite runner game HitnRun, based on principles of Go/No-Go
training (Lawrence et al., 2015a; Veling et al., 2014), was co-developed with Embodied
Games LLC and the Games for Emotional and Mental Health (GEMH) Lab. The general
premise of infinite runners is simple: players control an avatar that is running forward nonstop with the objective to direct the avatar from left to right or in an up-and-down motion
to collect points along the way (Parkin, 2013). Commercially available infinite runners are
extremely popular (e.g., Temple Run; Parkin, 2013) and they are particularly well-suited for
training inhibitory control because they require continuous quick and accurate responses.
HitnRun is a PC game (Figure 2) that places players in a city filled with billboards
on which pictorial stimuli are displayed for 1000 ms. Stimuli consisted of neutral household
items (n=120) and energy rich foods (n=40) photographed for the purpose of the current
study and selected based on highest palatability rating in an independent sample (n=19).
To ensure training effects were not due to specific pictures, three game versions with
different pictures sets (selected from 140 neutral and 60 food pictures) were constructed
and randomly assigned to participants.
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Figure 2. Screenshots of HitnRun.

Players were instructed to press a button as fast and accurately as possible in
order to hit billboards (Go trial) or to withhold their response (No-Go trial) based on
billboard border color which appeared 100 ms after stimuli onset (Go and No-Go borders
were blue and yellow respectively). Stimuli of household items were consistently paired
with Go trials, whereas energy rich food items were paired with No-Go trials. Settings
were manipulated such that 25% of trials in each gameplay session were No-Go trials, to
ensure that players were set to respond to billboards and had to actively inhibit responses
on No-Go trials (Chen et al., 2016). Trials (Go versus No-Go) were presented in a quasirandomized order such that at most five No-Go billboards were presented consecutively.
To provide participants with feedback on performance, billboards turned green
or red after each correct or incorrect Go response, respectively. Additionally, for each
correct Go response players were rewarded with 100 points and a one-tenth increase
of the point multiplier, adding bonus points for consecutive correct responses. Players
received no points for correct No-Go responses as this could potentially confound training
effects by strengthening associations of reward with No-Go food cues. The point multiplier
was set back to 1.0 at each incorrect Go or No-Go response of the player. Moreover,
consecutive correct or incorrect Go/No-Go responses allowed players to move up or
down, respectively, between the three levels contained in the game (a sewer-, street-,
and rooftop-level). Difficulty increased with each level, with higher levels allowing for
fewer incorrect responses, while higher levels were also designed to be more rewarding
using more audio-visual input (e.g., upbeat music). To make game play more challenging
and engaging players’ running speed was dynamically adjusted, increasing over time
in the street- and rooftop-level, and decreasing with each incorrect Go response in the
sewer-level. In addition, space between billboards was randomly varied. Participants were
instructed to complete at least seven, daily 10-min sessions of game play. On average
participants played the game 6.55 times (SD=1.85; including sessions with a minimum 80
trials, similar to training sessions in Veling et al., 2008).
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Healthy eating step by step (HESbS). The freely available self-help brochure
Gezonder Eten Stap voor Stap (Healthy Eating Step by Step; HESbS) by the Nutrition
Information Centre (2013) from Belgium, aimed at the general public, was provided
to participants in the control group. The brochure addresses benefits of a healthy
and balanced diet, describes strategies for improving eating habits, includes example
recipes and contains references to specialist support and websites on healthy nutrition.
Participants received a paper version of this 8-page brochure to read at least once during a
10-min time period in the lab. In addition, participants were provided with the opportunity
to browse websites recommended in the brochure. After the pre-intervention test
participants were given the brochure and encouraged to read through the brochure and
listed websites at home. On average participants indicated at post-intervention reading the
brochure a total of 2.78 times (SD=1.90) throughout the entire intervention week.
Instruments
Expectations. Expectations for the effectiveness of each intervention were
assessed at pre-intervention. This to ensure that differential expectations did not account
for potential group differences on outcome measures and instead could be attributed to
the strength of interventions (Boot et al., 2013; Crum & Phillips, 2015). Participants were
presented with brief descriptions of each intervention emphasizing their promise for
strengthening control in order to prime equal and positive expectations. Participants then
indicated on a 6-point scale ranging from 1 (not at all) to 6 (very much) to what extent
they thought that HESbS and HitnRun would make them (1) “eat healthier,” (2) “eat less
impulsive,” (3) “have more control over their eating behavior,” and (4) “be more motivated
to eat healthier.” Sum scores were calculated for expectations relating to participants’
assigned intervention.
Food-specific inhibitory control. A modified version of the Go/No-Go task
designed by Luijten, Littel, and Franken (2011) was used to assess inhibition of pre-potent
responses to energy rich foods. Participants were presented with food-related (n=75) and
neutral pictures (n=75), all selected from the food-pics database (Blechert, Meule, Busch,
& Ohla, 2014) and therefore different from the pictures included in HitnRun. Food-related
pictures depicted a wide range of energy rich foods such as pizza and chocolate, whereas
neutral pictures displayed household items including a stapler and clock. Participants
were instructed to respond to stimuli, quickly and accurately, by pressing a spacebar (Go
trials) or withhold from responding (No-Go trials) based on frame color. The frame color
(purple versus turquois) assigned to Go versus No-Go trials was counterbalanced across
participants.
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Participants completed one practice block, followed by four test blocks of 150
trials each. Of the 600 trials 25% were No-Go trials. Throughout assessment, each pictorial
stimulus was presented four times for 200 ms: once as a No-Go stimulus, and three times
as a Go stimulus. Trials were presented in a quasi-random order with the restriction
that no more than four Go trials and two No-Go trials followed each other. Trials were
separated by a black screen for a random duration varying unpredictably between 1020
ms and 1220 ms. Mean accuracy on No-Go trials and mean reaction time on Go trials were
calculated per picture type (food vs. neutral).
General inhibitory control. To assess general inhibitory control (i.e., inhibition that
was not contingent on stimuli type such as food), a Stop Signal task was used (Chen et al.,
2017). In this task, participants were presented with left- or right-pointing arrow stimuli.
Participants were instructed to respond to stimuli by indicating arrow direction (Go trials)
unless a Stop Signal (beep) was provided after a variable delay (Stop trials). The initial Stop
Signal delay of 250 ms was dynamically adjusted after each successful or failed inhibition
response, increasing or decreasing by 50 ms, respectively, ranging from 0 ms to 1000 ms
(Logan et al., 1997). Arrow stimuli were visible for 1000 ms on each trial, with the inter-trial
interval randomly varying between 100 ms and 200 ms. The Stop Signal Task consisted of
one practice block and three test blocks of 80 trials. The 240 trials were presented in quasirandom order with 25% of the trials (n=80) containing a Stop Signal. Participants were
instructed to respond both quickly and accurately. Stop Signal reaction times (SSRT) were
estimated using the quantile method, subtracting the average Stop Signal delay from the
quantile Go reaction time that corresponded to the proportion of failed inhibition attempts
(for more information see Congdon et al., 2012 or Verbruggen et al., 2013).
Picture evaluation. All participants were instructed to rate pictures of food (n=60)
and household items (n=60) on a continuous scale ranging from −100 (negative) to 100
(positive; Chen et al., 2016; Chen et al., 2017). For participants in the HitnRun group, 80
of these pictures were trained during intervention, that is, these pictures were included
in HitnRun (40 neutral and 40 food, labelled ‘trained pictures’). The remaining 40 pictures
were novel pictures, exclusively presented in the evaluation task (20 neutral and 20 food,
hereafter ‘untrained pictures’), thereby we were able to evaluate whether changes in
picture evaluation compared to an untrained baseline (Veling et al., 2008). For participants
in the HESbS group all pictures (60 neutral and 60 food) were considered untrained,
as these pictures were not included in the brochure. Pictures were rated at three time
points: at pre-intervention (i.e., before the first intervention session of playing the game
or reading the brochure in the lab on the first intervention day; T1), straight after the
first intervention session in the lab (T2), and again at post-intervention (i.e., following the
one-week intervention period [7–11 days later, M=7.51, SD=0.88]; T3). Mean scores were
calculated for each picture type per training status. That is, mean scores for untrained food
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and neutral pictures scores were calculated for all participants and additional mean scores
for trained food and neutral pictures were calculated for the HitnRun group specifically.
Caloric intake. In a bogus taste test (e.g., Blackburne et al., 2016; Guerrieri,
Nederkoorn, & Jansen, 2012; Houben & Jansen, 2011b; Robinson et al., 2017) participants
were presented three glass bowls (500 ml) containing chocolate M&M’s, salted potato
chips, and white grapes. Participants were instructed to consume as much or little of
each product as desired (with a minimum of a single bite) under the guise of evaluating
the products’ smell, flavor and texture. Participants received 8 min to complete this task
in private. The products were then removed and weighted out of sight. The amount of
kilograms consumed were converted into kilocalories (kcal) for each product, then scores
were averaged for healthy (i.e., grapes1) and unhealthy food (i.e., M&M’s and chips).
Statistical Analyses
Prior to analyses, we checked for outliers (±3IQR; Walfish, 2006), poor accuracy
on No-Go trials (< 30%), and awareness of the true nature of the Bogus Taste test (i.e.,
measuring food intake). Accordingly, participants were excluded from analyses of Go/NoGo task performance (excluded n=7), Stop Signal reaction times (excluded n=2), and caloric
intake (excluded n=37; see Figure 1).
Behavioral accuracy on No-Go trials and reaction times on Go trials of the foodspecific Go/No-Go task were tested with a Group (HESbS vs. HitnRun)×Picture type (food
vs. neutral)×Time (pre-vs. post-intervention) Repeated Measures Analyses of Variance
(RM-ANOVA). Similarly, a Group×Time RM-ANOVA compared group differences for Stop
Signal reaction times, and a Group×Product type×Time compared group differences for
caloric intake. Picture evaluations were analyzed with two separate RM-ANOVAs; A Group
(HESbS vs. HitnRun)×Picture type (food vs. object)×Time (T1 vs. T2 vs. T3) RMANOVA
compared evaluations of untrained pictures between groups. Furthermore, a Picture type
(food vs. object)×Training (trained vs. untrained)×Time (T1 vs. T2 vs. T3) within-subjects
RM-ANOVA for participants in the HitnRun group compared effects between trained and
untrained pictures. Greenhouse-Geisser corrections were employed when sphericity was
violated. Significant interaction effects were further examined using follow-up pairwise
comparison of estimated marginal means with a Bonferroni correction.
In the supplementary materials we report on additional Bayesian RM-ANOVAs,
which were carried out to inform interpretation of null findings. In addition, results of
latent growth curve analyses on mean accuracy scores for No-Go billboards recorded

1

While grapes are still high in calories they contain natural sugar and are
uncompressed, thus here grapes are considered the healthier choice (Blackburne et
al., 2016).
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during HitnRun gameplay (hereafter ‘game performance’) are reported. These growth
curve analyses were conducted to explore whether growth patterns in game performance
across gaming sessions were correlated with intervention effects. Growth curve models
were estimated using performance data from the second to the seventh gameplay session
(≥80 trials) to warrant optimal accuracy while retaining the vast majority of data (≥65%;
see supplementary materials for further details). Finally, means and standard deviations
on participants’ satisfaction with HitnRun and HESbS at post-intervention can be found in
supplementary materials.

Results
Participant Characteristics
Table 1 presents descriptive statistics of participant characteristics and outcome
variables per group at pre-intervention. Participants in the HESbS group had higher
expectations for their assigned intervention and higher average caloric intake prior to start
of intervention than participants in the HitnRun group. In order to account for variances in
expectations between groups we included pre-intervention expectations as a covariate in
subsequent analyses (see Table 2 for results). Moreover, the RM-ANOVA on caloric intake
adjusted for differences on food intake at pre-intervention. No further group differences
were observed prior to the intervention.
Main Analyses
Statistics for the main RM-ANOVAs are reported in Table 2. Overall, the main
analyses showed increases for reaction times on Go trials, and decreases for accuracy NoGo trials, Stop Signal Reaction Times and evaluation of food pictures in both intervention
groups. No differences between intervention groups were observed (see details below).
Food-specific inhibitory control: no-go accuracy. To compare intervention effects
on inhibition of responses to food cues, behavioral performance on the Go/No-Go task
was compared across groups first for No-Go accuracy and below for Go reaction times. The
Group×Picture type×Time RM-ANOVA on No-Go accuracy showed a main effect of Picture
type, indicating that participants were generally less accurate on inhibiting a response for
food-related No-Go trials than for neutral No-Go trials (64.1% versus 66.3%, respectively).
No effects were found for Time, Group, Picture type×Time, Picture type×Group,
Time×Group, or Picture type×Time×Group. These results show that the ability to inhibit
responses in No-Go trials for both food and neutral pictures remained the same in both
groups. Thus, although participants were less accurate on food-related No-Go trials, this
did not improve over time, nor were there any group differences.
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RS

Mean SD

TFEQ-D

Mean SD

BMI

Mean SD

Motivation for change

Mean SD

Expectations

Mean SD

Gameplay [hrs p/w]

9.81

24.07

1.31

11.65

5.21

20.95

104.00

Female

Mean SD

11.00

Male

n%

Age

Sex

M

Total

2.70

2.99

0.59

4.87

16.21

2.42

89.40

10.60

SD

9.83

24.00

1.38

14.62

2.78

21.13

47.00

6.00

M

HESbS

2.79

2.98

0.66

3.73

4.13

2.55

88.70

11.30

SD

9.78

24.13

1.24

8.57

7.74

20.76

46.00

5.00

M

SD

2.63

3.02

0.51

3.91

22.61

2.29

90.20

0.80

HitnRun

0.06

χ2 1, 104

0.09

-0.23

1.23

8.07

-1.54

0.77

t-value

.931

.822

.221

<.001***

.129

.441

.801

p-value

Participant Characteristics and Outcomes per Group at Pre-Intervention Means and Standard Deviations or Percentages and χ2 or
t-values

Table 1
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Mean SD

0.67

Neutral pictures

Healthy food

Mean SD

Caloric intake

27.79

271.73

273.95

Neutral pictures

Mean SD

SSRT

273.29

Food pictures

Mean SD

Go reaction time

0.65

62.85

2.51

20.79

M

Food pictures

Mean SD

No-Go accuracy

BIS

Mean SD

YFAS

Mean SD

Continued

Table 1
Total

25.18

0.04

42.61

41.50

0.15

0.15

9.17

1.52

4.48

SD

37.32

265.08

267.30

266.36

0.65

0.63

63.06

2.26

20.83

M

0.15

0.15

9.80

1.46

4.94

SD

32.87

0.04

39.14

38.01

HESbS

20.84

278.65

280.45

280.08

0.68

0.67

62.63

2.76

20.75

M

SD

14.53

0.05

45.21

43.99

0.14

0.15

8.56

1.56

4.00

HitnRun
χ2 1, 104

2.44

-1.62

-1.53

-1.64

-0.95

-1.43

0.24

-1.69

0.10

t-value

.020*

.109

.129

.104

.345

.155

.813

.093

.923

p-value
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7.96

Untrained
neutral pictures

Note. * p < .05; *** p < .001

32.13

51.46

M

Untrained food
pictures

Mean SD

Evaluation scores

Unhealthy food

Continued

Table 1
Total

13.59

24.62

52.02

SD

1.07

1.31

61.33

M

HESbS

0.15

0.24

56.65

SD

1.09

1.33

44.25

M

SD

0.12

0.25

47.86

HitnRun
χ2 1, 104

-0.69

-0.29

1.31

t-value

.490

.755

.197

p-value
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Table 2
RM-ANOVA Results: F-values for Main and Interaction Effects on Outcome Variables
F-value

df

p-value

η2p

Group

2.03

1.00

.158

.02

Picture type

6.11

1.00

.015**

.06

Time

0.29

1.00

.593

<.01

Expectations

1.21

1.00

.275

.01

Group × Picture type

3.46

1.00

.066

.04

<0.01

1.00

.950

<.01

Picture type × Time

0.09

1.00

.771

<.01

Picture type × Expectations

1.33

1.00

.252

.01

Time × Expectations

0.01

1.00

.909

<.01

Group ×Picture type × Time

0.40

1.00

.531

<.01

Picture type × Time × Expectations

0.29

1.00

.594

<.01

Group

0.75

1.00

.390

<.01

Picture type

0.15

1.00

.700

<.01

Time

4.60

1.00

.035*

.05

Expectations

0.03

1.00

.855

<.01

Group × Picture type

0.27

1.00

.610

<.01

Group × Time

0.01

1.00

.922

<.01

Picture type × Time

0.87

1.00

.354

.01

Picture type × Expectations

0.11

1.00

.743

<.01

Time × Expectations

0.65

1.00

.424

<.01

Group ×Picture type × Time

2.37

1.00

.127

.03

Picture type × Time × Expectations

1.60

1.00

.209

.02

Group

3.56

1.00

.062

.04

Time

5.19

1.00

.025*

.05

Expectations

1.11

1.00

.295

.01

Food-specific inhibitory control
No-Go accuracy

Group × Time

Go reaction times

General inhibitory control
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Table 2
Continued
F-value

df

p-value

η2p

Group × Time

0.16

1.00

.693

<.01

Time × Expectations

3.85

1.00

.053

.04

Training

1.38

1.00

.246

.03

Picture type

9.58

1.00

.003**

.17

Time

6.14

1.54

.007**

.12

Expectations

1.98

1.00

.166

.04

Training × Picture type

0.30

1.00

.590

<.01

Training × Time

0.90

2.00

.412

.02

Training × Expectations

3.16

1.00

.082

.06

Picture type × Time

4.19

1.83

.011*

.10

Picture type × Expectations

1.62

1.00

.209

.03

Time × Expectations

1.47

1.54

.236

.03

Training ×Picture type × Time

0.04

1.60

.935

<.01

Training × Picture type ×
Expectations

1.01

1.00

.321

.02

Training × Time × Expectations

2.14

2.00

.124

.04

Picture type × Time × Expectations

0.48

1.83

.602

.01

Training × Picture type × Time ×
Expectations

0.13

1.60

.836

<.01

Group

0.10

1.00

.748

<.01

Picture type

5.85

1.00

.017**

.06

Time

2.13

1.76

.128

.02

Expectations

0.52

1.00

.472

<.01

Group × Picture type

0.91

1.00

.342

.01

Group × Time

1.36

1.75

.260

.01

Picture type × Time

6.11

1.87

.003**

.06

Picture type × Expectations

0.66

1.00

.417

<.01

Picture evaluation
HitnRun group

Total sample
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Table 2
Continued
F-value

df

p-value

η2p

Time × Expectations

1.78

1.75

.176

.02

Group ×Picture type × Time

0.22

1.87

.789

<.01

Picture type × Time × Expectations

0.80

1.87

.446

<.01

Group

2.28

1.00

.136

.04

Product type

2.62

1.00

.111

.04

Time

0.12

1.00

.914

.01

Expectations

0.02

1.00

.884

<.01

<0.01

1.00

.954

<.01

Group × Time

1.15

1.00

.287

.02

Product type × Time

0.21

1.00

.650

<.01

<0.01

1.00

.999

<.01

Time × Expectations

0.20

1.00

.659

<.01

Group ×Product type × Time

0.32

1.00

.575

<.01

Product type × Time ×
Expectations

0.86

1.00

.358

.01

Caloric intake

Group × Product type

Product type × Expectations

Note. * p < .05; ** p < .01; *** p < .001
Food-specific inhibitory control: go reaction times. Results from the
Group×Picture type×Time RM-ANOVA on Go reaction times revealed a main effect of Time,
with participants responding faster at post- than pre-intervention (Mpost-intervention=256.93
ms versus Mpre-intervention=274.27 ms). However, there were no effects for Group, Picture
type, Picture type×Time, Picture type×Group, Time×Group, or Picture type×Time×Group.
Thus, while participants’ responses on Go trials became faster over time, again no group
differences were found.
General inhibitory control. To compare intervention effects on inhibitory control
that was not contingent on stimuli type, behavioral performance on the Stop Signal task
was compared across groups. Group×Time RM-ANOVA on Stop Signal reaction times
revealed a main effect of Time, showing participants inhibited their response on Stop trials
faster at post-than pre-intervention (Mpost-intervention=265.65 ms versus Mpre-intervention=271.78
ms). No other effects were observed for Group or Time×Group. Hence, results suggested
equal improvements in general inhibitory control for both intervention groups.
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31.60

7.71

31.52

7.58

19.55

2.45

1.39

3.48

1.43

2.10

SD

SD

T2

6.94

9.90

M

4.41

17.33 2.68 13.77

5.17 1.70

20.10 3.19 12.87

6.86 1.84

13.48 2.04

M

Note. * p < .05; ** p < .01; *** p < .001

Food pics

Neutral pics

Total sample

Food pics

Neutral pics

Total pics

HitnRun group

M

T1

2.53

1.59

3.60

1.64

2.08

SD

T3

<.001***

.014*

<.001***

1.000

<.001***

p-value

T1 vs. T2

p-value

T1 vs. T3

1.000

.011*
.046* <.001***

1.000

.007** <.001***

1.000

.022* <.001***

p-value

T2 vs.
T3

<.001***

<.001***

p-value

Neutral
vs. Food
T1

<.001***

<.001***

p-value

Neutral
vs. Food
T2

.003**

.119

p-value

Neutral
vs. Food
T3

Post Hoc Analyses: Interaction Effects on Picture Evaluation (Means and Standard Deviations) and F-values for the HitnRun Group
and the Total Sample

Table 3

RCT testing a video game to train food-specific inhibitory control

199

Chapter 5

Picture evaluation: trained versus untrained pictures in the HitnRun group. To
examine whether food picture evaluation decreased for trained pictures included in HitnRun,
and novel, untrained pictures a Training×Picture type×Time RM-ANOVA on picture evaluation
for the HitnRun group was conducted. A main effect of Picture type was found, indicating
participants in the HitnRun group rated food pictures more positively than neutral pictures
(Mneutral=7.13 versus Mfood=21.50). There was also a main effect of Time, with follow-up tests
indicating picture evaluation decreased significantly over time from T1 to T2, T2 to T3, and
T1 to T3 (see Table 3). More importantly, a Picture type×Time interaction was found; Followup tests showed that evaluations of food pictures again decreased significantly over time
from T1 to T2, T2 to T3, and T1 to T3. In contrast, however, evaluations of neutral pictures
remained constant over time (see Table 3). Moreover, additional follow-up tests revealed
food pictures were rated more positively than neutral pictures at T1 and T2, but at T3, after
the decrease in evaluation for food pictures from T1 to T3, evaluations for food and neutral
pictures no longer differed (see Table 3).
No effects for Training×Picture type, Training×Time, or Training×Picture type×Time
were found, suggesting similar trajectories for trained and untrained pictures over time.
Together results showed evaluations of both trained and untrained food pictures in the
HitnRun group decreased, whereas evaluations of neutral pictures remained the same (see
Figure 3).
Picture evaluation: untrained pictures across intervention groups. To compare
changes in evaluation of untrained pictures across groups a Group×Picture type×Time
RM-ANOVA was performed for evaluations of untrained pictures. Similar to the effects
found in the HitnRun group only, a main effect of Picture type was found, indicating
participants in both groups rated untrained food pictures more positively than untrained
neutral pictures (Mfood=20.90 versus Mneutral=5.76). This appears to reflect an explicit bias
toward high-caloric food, with participants attributing high hedonic value to food-related
stimuli in particular. Moreover, a Picture type×Time interaction was found. Unlike earlier
results in the HitnRun group only, follow-up tests revealed that both untrained food and
neutral pictures decreased significantly over time from T1 to T2, and T1 to T3 (see Table
3). A significant decrease was also found from T2 to T3 for untrained food pictures, but not
for untrained neutral pictures. Thus, evaluation trajectories differed with untrained food
pictures being rated lower after both the first intervention session and even lower after
the extended intervention period, while the untrained neutral pictures were rated lower
after the first intervention session but evaluation showed no further decline after the
extended intervention period. Despite the steady decline in evaluation of untrained food
pictures for both groups, additional follow-up tests (see Table 3) revealed untrained food
pictures were rated more positively than untrained neutral pictures at all points in time.
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Figure 3. Unadjusted mean evaluation scores per group over time.

Furthermore, no effects for Group, Time, Group×Picture type, Group×Time, or
Group×Picture type×Time were found. Thus, results of the current analysis indicated
that both groups showed similar decreases in evaluation of untrained food and neutral
pictures respectively, with food pictures showing a continued decrease after the extended
intervention period (see Figure 3).
Taken together, the two RM-ANOVAs on picture evaluation show a robust decrease
in perceived attractiveness of food pictures in both intervention groups for both untrained
and trained pictures (data for trained pictures is only available in the HitnRun group).
Caloric intake2. The Group×Product type×Time RM-ANOVA on caloric intake revealed
no main or interaction effects of Group, Product type, or Time. Hence, results indicated caloric
intake of both healthy and unhealthy food remained constant over time in both groups.

2

Participants rated their hunger on a 100mm VAS (0=not at all; 100=very much) at start of
pre- and post-intervention test procedures (i.e., directly following the Stop Signal Task). No
group differences were observed (pre-intervention: t(102)=0.91, p=.364; post-intervention:
t(99)=1.26, p=.212), hence we did not include hunger scores when analyzing caloric intake.
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Discussion
Mechanisms of Change and Distant Behavioral Effects
The current two-armed RCT tested the effects of the video game intervention
HitnRun in young adults with elevated levels of disinhibited eating. Potential mechanisms
of the video game intervention were examined as well as more distal behavioral effects.
Contrary to our expectation, Go/No-Go task performance revealed no improvement in
inhibitory control of food No-Go cues after the intervention week, suggesting that foodspecific inhibitory control was not strengthened in either intervention group. Nevertheless,
an improvement was observed in reaction time on Go trials for both groups, with
participants responding faster to both neutral and food cues after intervention. Though
arguably these reduced reaction times may reflect facilitated motor learning, researchers
have recently argued that, with Go responses speeding up, the relative strength of
inhibitory control must increase to avoid mistakes on No-Go trials (Benikos, Johnstone,
& Roodenrys, 2013; Smith, Johnstone, & Barry, 2006). Hence, our findings can also be
understood as maintenance of accuracy over time regardless of decreases in reaction
times, suggesting more efficient inhibition of response to both food and neutral stimuli
after both interventions. A similar result was found for Stop Signal Task performance,
with both intervention groups showing equal improvements for general inhibitory control
scores over time. It is important to bear in mind, however, that suggested increases
in inhibitory control efficiency are not specific for HitnRun, and therefore effects for
both food-specific and general inhibitory control likely reflect learning processes due to
repeated measurements (e.g., Ghuntla, Mehta, Gokhale, & Shah, 2014).
Indeed, very few prior studies have used a comparative before- and after
assessment of inhibitory capacity to study effectiveness of inhibition training (e.g.,
Blackburne et al., 2016; Houben et al., 2012; Johnstone, Roodenrys, Phillips, Watt, &
Mantz, 2010). Moreover, existing studies differ in design, training procedure and measure
for assessment, and as a result little has been concluded about whether inhibitory training
actually strengthens inhibitory capacity. Some researchers suggest training effects such as
reduced food intake may not truly result from inhibitory improvements, but rather result
from changes in the subjective evaluation of the to-be-inhibited stimuli (Veling et al.,
2008).
In the current study, a robust decrease in perceived attractiveness of pictures of
energy-rich foods was observed in both groups. That is, participants rated food pictures
less positively directly after the first intervention session and even more so after the
extended intervention period. This continuous decrease in perceived attractiveness of food
stimuli occurred for both trained pictures, which were consistently mapped onto No-Go
cues in HitnRun, and novel, untrained pictures. Yet once again, no advantageous effect
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of HitnRun was observed, with results demonstrating an equal decrease for food stimuli
in both intervention groups. Similar results were found in a recent meta-analysis (Jones
et al., 2016), showing that, for studies predominantly using implicit evaluation measures,
stimulus devaluation did not differ between experimental and control groups.
However, other work does suggest evidence for a devaluation through inhibition.
That is, No-Go foods are consistently devalued more than untrained foods in explicit
evaluation measures (Chen et al., 2016). The discrepancy between current results (i.e.,
evaluations of untrained foods showing equal decreases as trained foods) and those of
Chen et al. (2016), may stem from food items never being paired with Go trials in HitnRun.
Whereas Chen et al. (2016) trained participants to respond to some food items but not to
others. Participants in the current study were trained not to respond to food items at all,
therefore chances increased that devaluation of specific trained food items generalized
to untrained food items of the same category. A generalized devaluation effect could thus
explain the equal decrease in evaluation for trained No-Go food items and untrained food
items in the HitnRun group. However, this account cannot explain why food items were
devaluated equally in the control group as they were in the HitnRun group. The control
intervention did not incorporate an inhibition training nor any other evidence based
mechanisms directed at a devaluation effect and therefore less or no devaluation of food
items would be expected in the control group compared to the HitnRun group.
Yet it is possible that previously unstudied mechanisms in the control intervention
(i.e., the informative brochure) may have led to devaluation. Meaning that repeated
inhibition of responses was not the only factor that resulted in a devaluation effect,
but potentially also the exposure to cautionary information linked to energy-rich foods.
Moreover, it is possible that the explicit measurement of picture evaluation gave rise to
social desirability bias, which may have overshadowed smaller intervention effects on stimuli
devaluation (Hofmann, Gschwendner, Nosek, & Schmitt, 2005). However, another possibility
is that the general decline in attractiveness ratings are due to regression to the mean, and
therefore do not reflect intervention effects (Chen et al., 2016; Morton & Torgerson, 2005).
Finally, results revealed no significant intervention effects on caloric intake of
healthy or unhealthy food. This finding contradicts earlier studies that did report shortterm appetitive behavior change after inhibition training (e.g., Jones et al., 2016). This
null finding may be attributed to methodological differences with previous research. For
example, typically studies that report appetitive behavior change after inhibition training
present participants with a taste test immediately following training (e.g., Houben &
Jansen, 2011b). Yet, there are also studies that have shown effects of training on caloric
intake over a prolonged period of time (e.g. Lawrence et al., 2015a). Alternatively
null findings may be due to difficulty in obtaining transfer of training for more distal
intervention effects (Forman et al., 2017; Perkins & Salomon, 1992). For example, transfer
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may have been limited by the fact that appetitive food stimuli selected for training were
symbolic representations not personalized to the individual (Forman et al., 2017; Guerrieri
et al., 2012). Additionally, in our sample a large number of participants were excluded
from analyses testing appetitive behavior change due to task awareness; This reduced our
power to observe significant change.
To gain a better insight in observed results, in particular the absence of group
differences across measures, additional analyses using latent growth curve modeling
were performed for the HitnRun group to detect potential heterogeneity in behavior
change patterns across gameplay (see supplementary materials). Results revealed no
changes in the percentage of correct inhibition of No-Go trials across gameplay sessions
for the HitnRun group, nor did results suggest that the lack of group differences could be
attributed to heterogeneity in patterns of behavior change across gameplay sessions. It
thus appears inhibition was unsuccessfully trained in HitnRun. Below we elaborate which
game design elements may have altered training effectiveness.
Game Design Limitations and Lessons Learned
Though we aimed to optimize training effectiveness (e.g., staying close to the
design of the original Go/No-Go task, including no more than 25% No-Go trails per
session; Chen et al., 2016), several factors may have reduced the effectiveness of HitnRun
in unanticipated ways and may explain the consistent lack of group differences. For one,
the modification of the traditional Go/No-Go training into an endless runner may have
influenced effectiveness (Forman et al., 2017). That is, though we attempted to preserve
effective components of the Go/No-Go training as well as utilize several motivating
elements of the game format, we may not have been successful. For example, added
audiovisual input in HitnRun such as background music and repeated changes in virtual
environment may have distracted players from the stimuli to be trained and caused
interferences in training effects. Besides, whereas traditional training keeps duration
of each trial constant (Lawrence et al., 2015a; Veling et al., 2014), HitnRun included a
gradual increase in running speed, causing trials to become shorter over time and placing
increasingly greater demands on inhibitory control. The resulting increases in difficulty
of training may have resulted in suboptimal training of inhibition for players unable
to keep up, making the learning curve too steep. Moreover, unlike traditional training
HitnRun included the option for alternative responses besides ‘Go’ or ‘No-Go’. Rather than
withholding responses to No-Go stimuli, players could opt to avoid stimuli in HitnRun (e.g.,
moving away from a No-Go stimulus by switching lanes). Therefore, players may have
developed different action strategies across gameplay: Instead of inhibiting responses,
they may have learned to take action, specifically an avoidant action. Unfortunately, our
present data did not allow us to differentiate between such responses.
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A final design element of HitnRun that may have impacted on the effectiveness
of training is the incorporated feedback- and reward system. Specifically, in contrast to
some traditional trainings (Houben & Jansen, 2015; Veling et al., 2008), we did not provide
participants with immediate feedback upon each correct non-response, which may be
a potential bias. That is, in HitnRun, each correct Go response was rewarded with 100
points, whereas correct No-Go responses were not rewarded to avoid the strengthening
of food-reward associations. Though an additional bonus was provided on consecutive
correct responses, this bonus turned out to be extremely difficult to maintain. Moreover,
both incorrect Go- or No-Go responses resulted in no detraction of points. Therefore, the
reward system may have interfered with training as players may have opted to sacrifice
potential bonuses and obtain a high score by showing continuous Go responses and forgo
inhibition altogether.
Thus, together limitations indicate that future research on in-game data
and detection of differential behavioral strategies during game play, as well as on the
more fundamental role of reward in inhibition training, is warranted. In particular, we
recommend future studies (1) design the back-end of the game to record data that can
differentiate between playstyles (e.g., recording if participants consistently respond by
moving lanes instead of jumping when seeing a No-Go billboard), and (2) test simple
design changes within a traditional training (e.g., to answer the question if speeding up
trials results in a different learning curve).
Despite potential drawbacks of game design decisions made, note that these
design choices were made to honor entertainment game creation. To overcome common
challenges of interventions (e.g., attrition, stigmatization, limited scalability) and capitalize
on the motivational benefits of games efforts need to be devoted to designing for an
authentic gaming experience that engages people to play on their own volition and
can compete with popular commercial games: We argue simply encasing conventional
training in a game-shell is unlikely to produce similar motivational benefits. Instead we
should aim to design games that combine effective training components with engagement
(Boendermaker, Prins, & Wiers, 2015b).
As is apparent from the potential design-related drawbacks mentioned above
and mere average attractiveness ratings for HitnRun (see supplementary materials) finding
the right balance between these objectives can be immensely challenging and complex.
We therefore emphasize that incorporating iterative user research and comparative
testing early on in the design process is crucial (e.g., see the CeHRes roadmap for practical
guidelines; Van Gemert-Pijnen et al., 2011). Based on needs and values of involved
stakeholders (e.g., developers, intended users) clear goals need to be formulated prior to
the design process. Specified goals can be translated into functional requirements of the
game, from which prototypes are created. Iterative user research in the targeted sample
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will allow one to assess how the intended users connect to and interact with each
game prototype, and, more specifically, will allow one to test how each added game
element (e.g., increases in speed or the reward system) or instruction (e.g., dosage
and duration of play) affects gameplay experience and player enjoyment (e.g., Choi et
al., 2016). As a result, prototypes can be refined until ultimately prespecified goals are
realized and a user friendly, meaningful product is created that is responsive to user
needs.
Moreover, running consecutive, comparative tests against traditional trainings
straight from the start will allow one to monitor alterations in training effectiveness
and detect crucial training components, and most importantly allow for data-informed
game design. For example, if compared to traditional training within subjects Go/
No-Go performance decreases after adding a reward element or extra auditory input
to the intervention game, game design can be adapted to ensure equal or increased
performance to traditional training.
However, we note that when applied games are developed within the research
context, more often than not little time or money is allocated to incorporating
suggested alterations that emerge from prototype testing. In practice, user research
and comparative testing requires sufficient resources, time, and expertise. We
therefore recommend future researchers to be conscious of their resource constraints
while goal setting allowing for a realistic timeline and ample resources to overcome
unforeseen setbacks in game design.
Methodological Limitations and Future Directions
Notwithstanding the rigorous two-armed RCT design employed in the current
study and the relatively large sample size, some methodological limitations should be
noted. First, although findings suggested better (general) inhibitory control efficiency
and decreased perceived attractiveness of calorie-dense foods for both groups after
intervention, it is unclear whether these changes are due to intervention effects or
due to general learning effects and social desirability, respectively. Future research
could therefore include a passive control group and/or both explicit and implicit
measures of stimulus evaluation. Furthermore, though the informative brochure
control group in the current study was specifically selected for three reasons: (1) Selfhelp materials like informative brochures are one of most widely used interventions
for overweight and obesity (e.g., see Hartmann-Boyce, Fletcher, & Aveyard, 2015),
thus allowing a comparison to a current practice; (2) The brochure provides an active
control intervention, which ensures that effects found for HitnRun are not due to
non-specific factors of receiving an intervention (e.g., Crum & Phillips, 2015); and
(3) The brochure includes no inhibition training elements and therefore reduces the
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risk of finding false negative results in a proof-of-principal phase. This control group,
nonetheless, did not allow for direct comparison between HitnRun and traditional
Go/No-Go training. It will be valuable for future studies to assess whether similar
response inhibition patterns are found HitnRun and traditional training (identical
in both content and dosage to the game intervention) or whether specific designrelated differences reduced effectiveness. If feasible, we would encourage future
studies to compare HitnRun or another game-based inhibition training to both a
traditional training control as well as the informative brochure control, so that the
impact of design-related differences can be tested as well as effects of the game in
comparison to a common practice intervention that does not train inhibition skills.
Finally, the current study examined effects of HitnRun in a target population of young
adults who reported disinhibited eating, but who were not necessarily overweight.
Despite moderately high scores on symptoms of food addiction, disinhibited eating,
and restrained eating, associated with inhibitory deficits in previous studies (e.g.,
Nederkoorn, Van Eijs, & Jansen, 2004) our lack in results may be due to improper
selection criteria. Indeed, our selection criteria were similar to Lawrence et al.
(2015a), yet Lawrence and colleagues included significantly more overweight and
obese individuals (78.0% in Lawrence et al., 2015a versus 29.8% in the current study),
and in contrast to the current study did find positive effects of inhibition training. It
could therefore be argued that positive effects of inhibition training are limited to
overweight populations and future studies may need to ensure to include participants
who are both overweight and show inhibitory deficits.
Even though, multiple studies have demonstrated effects of inhibition training
in a normative sample, including effects on caloric intake and picture evaluation (Chen
et al., 2017; Houben & Jansen, 2011b; Veling et al., 2008), we recommend that future
studies examine effectiveness of inhibition training among individuals with a high
BMI as they may benefit more from training. Moreover, if prevention of overweight is
the aim, it may be valuable to target disinhibited eaters who have recently shown a
weight gain, indicating that their lack of inhibition is putting them at immediate risk
for becoming overweight. Furthermore, future studies could screen for deficiencies in
food-specific inhibitory control using a Go/No-Go task.
Finally, though Bayesian inferential analyses (see supplementary materials)
demonstrated that results overall corresponded with the reported null findings,
support for a few null effects could be considered mere anecdotal. Thereby, alluding
to limited statistical power and increased likelihood for false-negatives (type II erros;
Munafò et al., 2017). To advance the field more well-powered studies are needed.
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Conclusion
In conclusion, the current study revealed similar effects of HitnRun and HESbS.
Neither intervention improved inhibitory control accuracy and both reduced perceived
attractiveness of calorie-dense food cues. Although the absence of an advantageous
effect of HitnRun may have resulted from limitations (e.g., discrepancies between HitnRun
and traditional Go/No-Go training), the current study provides multiple implications
for successful design of future intervention games. Future studies will need to carefully
investigate factors that promote effective inhibition training within video game formats for
the motivational benefits of video game-based intervention remain promising. Moreover,
further fundamental research is required to gain a more coherent understanding of
psychological mechanisms underlying behavioral effects of inhibition training in order to
facilitate the development of inhibition games.

208

RCT testing a video game to train food-specific inhibitory control

Supplementary Materials Chapter 5
S1. Bayesian statistics
Due to difficulty interpreting null findings with conventional analyses, additional
Bayesian RM-ANOVA’s were conducted for all outcome measures using default priors
(see Mulder & Wagenmakers, 2016) in JASP (Version 0.8.1.2; JASP Team, 2017). Again, 7
participants marked as outliers, 2 participants with poor accuracy on No-Go trials, and
37 participants who were aware of the Bogus Taste Test were excluded from relevant
analyses. Bayesian analyses are reported in Table S1a to S6b. Overall Bayes factors indicate
substantial support for the reported null findings (BF < 1/3; Dienes, 2014). Nevertheless,
data offer mere anecdotal evidence for or against the inclusion of Time, Group, and
Expectations in the RM-ANOVA on No-Go accuracy; Group and Expectations in the RMANOVA on Go reaction time; Expectations in the RM-ANOVA’s on picture evaluation; and
Time and Product type × Time in the RM-ANOVA on caloric intake. Thus, alluding to some
data insensitivity
S2. Latent growth curve modeling
A series of latent growth models using maximum likelihood robust estimation
(MLR) were conducted in MPlus 7 (Muthén & Muthén, 1998-2017) to gain a better
understanding of changes that occurred in game performance during the HitnRun
intervention. The growth curve approach can be used to examine both individual
differences in game performance at the start of intervention (i.e., the intercept) and, more
importantly, changes in performance across gameplay sessions (i.e., the slope; Duncan,
Duncan & Strycker, 2013). In particular, we explored associations between changes in
outcome measures and changes in performance across gameplay sessions. In doing so, we
hoped to gain insight in whether the lack of group differences between HitnRun and HESbS
could be attributed to heterogeneity in patterns of change across gameplay. For example,
if intervention effects differed for individuals who showed radical improvements in game
performance as opposed to those whose gameplay improved gradually or not at all, then
combined effects could have cancelled each other out.
To estimate growth curve models of game performance mean accuracy scores for
No-Go billboards recorded during gameplay were calculated per gameplay session (≥ 80
trials; similar to training sessions in Veling et al., 2008). Session two to seven were included
in the analyses in an attempt to report most accurate changes or progression associated
with the intervention and appropriate parameter estimations for growth trajectories. We
excluded the first gameplay session from analyses as a clear decline in participants’ game
performance was observed directly after the first session (MSession1 = 0.78 versus M Session2
= 0.66), raising the suspicion that the laboratory set-up of the first session increased
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performance. That is, participants may have been more inclined to make an effort in the
presence of an experimenter as opposed to when playing at home alone. Moreover, we
excluded observations of gameplay sessions that followed after the seventh session from
the estimation sample to ensure we retained the majority of performance data (≥ 65%)
without compromising goodness of fit statistics.
It was first examined whether a linear or quadratic growth function best reflected
changes in performance, that is mean accuracy for No-Go billboards, across gameplay
sessions. To assess the goodness of model fit the Chi-square and p-value (p-value >.05),
the Comparative Fit Index (CFI >.95), and the Root Mean Square Error of Approximation
(RMSEA < .05) were applied (Hu & Bentler, 1999). As can be seen in Table S7, an excellent
fit was found for both growth curve models, yet the linear growth function was most
appropriate since no random slopes could be estimated for the quadratic growth curve.
Next, the following predictors were added to separate growth curve models:
(1) general gaming frequency prior to start of intervention (average hours per week), as
well as difference scores (post-intervention minus pre-intervention) of (2) mean No-Go
accuracy, (3) mean Go reaction time, (4) daily snacking frequency (measured on a 8-point
scale (0 = less than once a week; 8 = 7 days in the week) for “nuts,” “chips, cheese, and
sausage,” “pastries and cakes,” and “candy bars”; Van Assema, Brug, Ronda & Steenhuis,
2001), and mean picture evaluation of (5) trained and (6) untrained food3. As can be seen
in Table S8, the intercept, but not the slope, of the single growth curve model reached
significance: Indicating that, though there were inter-individual differences in game
performance at the start of intervention, for the HitnRun group general performance did
not improve across gameplay sessions, but instead remained unaffected. Furthermore,
Table S8 shows neither gaming frequency prior to start of intervention nor changes in NoGo accuracy, Go reaction time, and food picture evaluation were correlated with changes
in performance across gameplay sessions. Changes in daily snacking frequency, however,
did correlate with changes in performance over time. Surprisingly, a stronger decrease
in snacking at post-intervention was associated with deterioration in game performance
across gameplay sessions. Taken together, growth curve modeling suggested unsuccessful
training of inhibition in HitnRun.
S3. Evaluation scores for both interventions
At post-intervention test procedures, participants were asked to evaluate their
assigned intervention. Specifically, participants indicated on a 7-point scale ranging from
1 (not at all) to 5 (very much) to what extent they (1) “liked playing HitnRun / reading
3

210

No additional predictors were included given the current sample size and the
exploratory character of the growth curve analyses.

RCT testing a video game to train food-specific inhibitory control

HESbS,” (2) “thought that HitnRun / HESbS was attractive to others,” (3) “ could use what
they learned from HitnRun / HESbS in their daily lives,” (4) “forgot the things around them,
when they played HitnRun / read HESbS,” and (5) “liked that HitnRun is a game / HESbS is
a brochure.” In addition, participants in the HitnRun group also graded their intervention
game on (1) “aesthetics,” (2) “game experience,” and (3) “in total” on a scale ranging from
1 (low) to 10 (high). Overall, both interventions received average to slightly above average
evaluation scores (see Table S9), indicating HitnRun did not reach optimal engagement
in players and may have benefitted from more extensive user research (e.g., Choi et al.,
2016).

Table S1a
Model Comparison of Group × Picture Type × Time Bayesian Repeated Measures ANOVA
on No-Go Accuracy Controlled for Expectations (Prior Model Probabilities, Posterior
Model Probabilities, BFM , BF01 and Estimation Error Percentage)
Null model (incl. subject)

P(M)

P(M|data)

BFM

BF01

0.026

0.028

1.050

1.000

% error

Picture type

0.026

0.111

4.609

0.249

2.677

Time

0.026

0.034

1.299

0.813

1.171

Picture type + Time

0.026

0.137

5.896

0.201

1.468

Picture type + Time +
Picture type × Time

0.026

0.024

0.916

1.142

2.880

Group

0.026

0.022

0.827

1.262

1.688

Picture type + Group

0.026

0.086

3.462

0.322

2.867

Time + Group

0.026

0.026

1.001

1.048

3.982

Picture type + Time + Group

0.026

0.119

4.975

0.233

7.800

Picture type + Time +
Picture type × Time + Group

0.026

0.024

0.895

1.169

18.597

Picture type + Group +
Picture type × Group

0.026

0.019

0.719

1.448

6.947

Picture type + Time + Group
+ Picture type × Group

0.026

0.021

0.802

1.300

2.503

Picture type + Time +
Picture type × Time + Group
+ Picture type × Group

0.026

0.004

0.131

7.800

2.614

Time + Group + Time ×
Group

0.026

0.004

0.143

7.184

1.938
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Table S1a
Continued
P(M)

P(M|data)

BFM

BF01

% error

Picture type + Time + Group
+ Time × Group

0.026

0.017

0.641

1.619

6.393

Picture type + Time +
Picture type × Time + Group
+ Time × Group

0.026

0.003

0.114

9.018

5.866

Picture type + Time + Group
+ Picture type × Group +
Time × Group

0.026

0.003

0.128

8.006

5.928

Picture type + Time +
Picture type × Time + Group
+ Picture type × Group +
Time × Group

0.026

5.664e-4

0.021

48.702

4.532

Picture type + Time +
Picture type × Time + Group
+ Picture type × Group +
Time × Group + Picture type
× Time × Group

0.026

1.142e-4

0.004

241.588

4.923

Expectations

0.026

0.011

0.394

2.617

0.907

Picture type + Expectations

0.026

0.041

1.593

0.668

2.569

Time + Expectations

0.026

0.013

0.484

2.137

2.409

Picture type + Time +
Expectations

0.026

0.056

2.181

0.496

5.410

Picture type + Time +
Picture type × Time +
Expectations

0.026

0.009

0.353

2.918

3.289

Group + Expectations

0.026

0.012

0.457

2.263

3.241

Picture type + Group +
Expectations

0.026

0.046

1.766

0.606

3.923

Time + Group +
Expectations

0.026

0.015

0.567

1.827

3.394

Picture type + Time + Group
+ Expectations

0.026

0.063

2.504

0.435

6.751

Picture type + Time +
Picture type × Time + Group
+ Expectations

0.026

0.011

0.416

2.482

7.559
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Table S1a
Continued
P(M)

P(M|data)

BFM

BF01

% error

Picture type + Group +
Picture type × Group +
Expectations

0.026

0.010

0.360

2.862

8.702

Picture type + Time + Group
+ Picture type × Group +
Expectations

0.026

0.012

0.447

2.310

6.564

Picture type + Time +
Picture type × Time + Group
+ Picture type × Group +
Expectations

0.026

0.003

0.096

10.703

7.911

Time + Group + Time ×
Group + Expectations

0.026

0.003

0.093

10.969

6.857

Picture type + Time +
Group + Time × Group +
Expectations

0.026

0.010

0.384

2.685

7.835

Picture type + Time +
Picture type × Time +
Group + Time × Group +
Expectations

0.026

0.002

0.065

15.773

8.687

Picture type + Time +
Group + Picture type ×
Group + Time × Group +
Expectations

0.026

0.002

0.077

13.234

13.653

Picture type + Time +
Picture type × Time +
Group + Picture type ×
Group + Time × Group +
Expectations

0.026

3.056e-4

0.011

90.268

6.455

Picture type + Time +
Picture type × Time + Group
+ Picture type × Group +
Time × Group + Picture
type × Time × Group +
Expectations

0.026

6.215e-5

0.002

443.856

5.414

Note. All models include subject.
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Table S1b
Model Averaging of Group × Picture Type × Time Bayesian Repeated Measures ANOVA
on No-Go Accuracy Controlled for Expectations (Prior Inclusion Probabilities, Posterior
Inclusion Probabilities, BFInclusion)
P(incl)

P(incl|data)

BFInclusion

Picture type

0.737

0.833

1.784

Time

0.737

0.616

0.573

Group

0.737

0.536

0.413

Expectations

0.500

0.318

0.467

Picture type × Time

0.316

0.080

0.189

Picture type × Group

0.316

0.075

0.175

Time × Group

0.316

0.045

0.102

Picture type × Time × Group

0.053

1.763e-4

0.003

Table S2a
Model Comparison of Group × Picture Type × Time Bayesian Repeated Measures ANOVA
on Go Reaction Times Controlled for Expectations (Prior Model Probabilities, Posterior
Model Probabilities, BFM , BF01 and Estimation Error Percentage)
P(M)

P(M|data)

BFM

BF01

% error

Null model (incl. subject)

0.026

7.017e-10

2.596e-8

1.000

Picture type

0.026

8.110e-11

3.001e-9

8.652

0.884

Time

0.026

0.234

11.272

3.005e-9

2.561

Picture type + Time

0.026

0.028

1.061

2.516e-8

1.484

Picture type + Time +
Picture type × Time

0.026

0.006

0.211

1.236e-7

3.713

Group

0.026

9.112e-10

3.371e-8

0.770

1.310

Picture type + Group

0.026

1.098e-10

4.063e-9

6.390

2.615

Time + Group

0.026

0.311

16.724

2.254e-9

2.673

Picture type + Time + Group

0.026

0.035

1.335

2.014e-8

2.357

Picture type + Time +
Picture type × Time + Group

0.026

0.007

0.255

1.026e-7

2.868

Picture type + Group +
Picture type × Group

0.026

2.167e-11 8.016e-10

32.387

16.894
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Table S2a
Continued
P(M)

P(M|data)

BFM

BF01

% error

Picture type + Time + Group
+ Picture type × Group

0.026

0.006

0.219

1.192e-7

3.379

Picture type + Time +
Picture type × Time + Group
+ Picture type × Group

0.026

0.001

0.044

5.933e-7

3.907

Time + Group + Time ×
Group

0.026

0.050

1.946

1.404e-8

5.401

Picture type + Time + Group
+ Time × Group

0.026

0.005

0.201

1.298e-7

3.376

Picture type + Time +
Picture type × Time + Group
+ Time × Group

0.026

0.001

0.046

5.702e-7

6.390

Picture type + Time + Group
+ Picture type × Group +
Time × Group

0.026

0.001

0.037

7.005e-7

16.984

Picture type + Time +
Picture type × Time + Group
+ Picture type × Group +
Time × Group

0.026

3.111e-4

0.012

2.255e-6

27.499

Picture type + Time +
Picture type × Time + Group
+ Picture type × Group +
Time × Group + Picture type
× Time × Group

0.026

3.645e-5

0.001

1.925e-5

4.291

Expectations

0.026

3.358e-10

1.243e-8

2.089

1.504

Picture type + Expectations

0.026

3.958e-11

1.465e-9

17.728

3.726

Time + Expectations

0.026

0.115

4.794

6.117e-9

2.469

Picture type + Time +
Expectations

0.026

0.013

0.498

5.288e-8

2.144

Picture type + Time +
Picture type × Time +
Expectations

0.026

0.003

0.096

2.702e-7

3.400

Group + Expectations

0.026

3.538e-10

1.309e-8

1.984

1.971

Picture type + Group +
Expectations

0.026

4.261e-11

1.577e-9

16.466

3.405

215

Chapter 5

Table S2a
Continued
P(M)

P(M|data)

BFM

BF01

% error

Time + Group +
Expectations

0.026

0.137

5.891

5.109e-9

4.566

Picture type + Time + Group
+ Expectations

0.026

0.015

0.564

4.670e-8

3.829

Picture type + Time +
Picture type × Time + Group
+ Expectations

0.026

0.003

0.115

2.272e-7

9.078

Picture type + Group +
Picture type × Group +
Expectations

0.026

7.654e-12 2.832e-10

91.681

5.631

Picture type + Time + Group
+ Picture type × Group +
Expectations

0.026

0.003

0.097

2.686e-7

5.997

Picture type + Time +
Picture type × Time + Group
+ Picture type × Group +
Expectations

0.026

4.765e-4

0.018

1.473e-6

7.531

Time + Group + Time ×
Group + Expectations

0.026

0.023

0.854

3.111e-8

11.889

Picture type + Time +
Group + Time × Group +
Expectations

0.026

0.002

0.080

3.242e-7

3.834

Picture type + Time +
Picture type × Time +
Group + Time × Group +
Expectations

0.026

5.379e-4

0.020

1.304e-6

10.513

Picture type + Time +
Group + Picture type ×
Group + Time × Group +
Expectations

0.026

4.641e-4

0.017

1.512e-6

23.132

Picture type + Time +
Picture type × Time +
Group + Picture type ×
Group + Time × Group +
Expectations

0.026

7.342e-5

0.003

9.557e-6

9.404
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Table S2a
Continued
Picture type + Time +
Picture type × Time + Group
+ Picture type × Group +
Time × Group + Picture
type × Time × Group +
Expectations

P(M)

P(M|data)

BFM

BF01

% error

0.026

1.557e-5

5.760e-4

4.507e-5

5.265

Note. All models include subject.

Table S2b
Model Averaging of Group × Picture Type × Time Bayesian Repeated Measures ANOVA
on Go Reaction Times Controlled for Expectations (Prior Inclusion Probabilities, Posterior
Inclusion Probabilities, BFInclusion)
P(incl)

P(incl|data)

BFInclusion

Picture type

0.737

0.131

0.054

Time

0.737

1.000

1.371e+8

Group

0.737

0.602

0.541

Expectations

0.500

0.315

0.460

Picture type × Time

0.316

0.022

0.049

Picture type × Group

0.316

0.012

0.026

Time × Group

0.316

0.084

0.198

Picture type × Time × Group

0.053

5.201e-5

9.363e-4
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Table S3a
Model Comparison of Group × Time Bayesian Repeated Measures ANOVA on Stop Signal
Reaction Times Controlled for Expectations (Prior Model Probabilities, Posterior Model
Probabilities, BFM , BF01 and Estimation Error Percentage)
P(M) P(M|data)

BFM

BF01

% error

Null model (incl. subject)

0.100

0.608

13.939

1.000

Time

0.100

0.092

0.909

6.621

0.929

Group

0.100

0.109

1.102

5.570

1.939

Time + Group

0.100

0.018

0.161

34.660

3.003

Time + Group + Time × Group

0.100

0.009

0.086

64.226

2.701

Expectations

0.100

0.116

1.178

5.250

1.021

Time + Expectations

0.100

0.017

0.160

34.754

1.850

Group + Expectations

0.100

0.025

0.233

24.073

2.137

Time + Group + Expectations

0.100

0.004

0.035

157.794

3.467

Time + Group + Time × Group +
Expectations

0.100

0.002

0.020

280.635

3.196

Note. All models include subject.

Table S3b
Model Averaging of Group × Time Bayesian Repeated Measures ANOVA on Stop Signal
Reaction Times Controlled for Expectations (Prior Inclusion Probabilities, Posterior
Inclusion Probabilities, BFInclusion)
P(incl)

P(incl|data)

BFInclusion

Time

0.600

0.142

0.111

Group

0.600

0.167

0.134

Expectations

0.500

0.164

0.197

Time × Group

0.200

0.012

0.047
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Table S4a
Model Comparison of Training × Picture Type × Time Bayesian Repeated Measures
ANOVA on Picture Evaluation in the HitnRun Group Controlled for Expectations (Prior
Model Probabilities, Posterior Model Probabilities, BFM , BF01 and Estimation Error
Percentage)
P(M) P(M|data)

BFM

BF01
1.000

% error

Null model (incl. subject)

0.026

1.495e-37 5.532e-36

Picture type

0.026

5.400e-14 1.998e-12 2.769e-24

0.939

Training

0.026

1.616e-38 5.979e-37

9.253

1.643

Picture type + Training

0.026

5.902e-15 2.184e-13 2.533e-23

1.406

Picture type + Training + Picture
type × Training

0.026

9.853e-16 3.646e-14 1.517e-22

5.267

1.896e-32 7.014e-31

Time

0.026

Picture type + Time

0.026

Training + Time

0.026

Picture type + Training + Time

0.026

Picture type + Training + Picture
type × Training + Time

3.259e-7

7.886e-6

1.028

1.206e-5 4.587e-31

1.495

2.117e-33 7.833e-32

7.062e-5

2.314

3.926e-8

1.452e-6 3.809e-30

4.897

0.026

5.866e-9

2.171e-7 2.549e-29

3.153

Picture type + Time + Picture
type × Time

0.026

0.528

41.403 2.831e-37

1.719

Picture type + Training + Time +
Picture type × Time

0.026

0.060

2.352 2.502e-36

1.944

Picture type + Training + Picture
type × Training + Time + Picture
type × Time

0.026

0.010

0.377 1.484e-35

4.756

Training + Time + Training × Time

0.026

Picture type + Training + Time +
Training × Time

0.026

Picture type + Training + Picture
type × Training + Time + Training
× Time

7.507e-35 2.777e-33

0.002

2.140

1.391e-9

5.149e-8 1.074e-28

2.124

0.026

2.110e-10

7.808e-9 7.084e-28

2.480

Picture type + Training + Time +
Picture type × Time + Training ×
Time

0.026

0.002

0.087 6.408e-35

4.828

Picture type + Training + Picture
type × Training + Time + Picture
type × Time + Training × Time

0.026

3.692e-4

0.014 4.049e-34

3.367
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Table S4a
Continued
P(M) P(M|data)
2.690e-5

BF01

% error

9.953e-4 5.558e-33

4.456

BFM

Picture type + Training + Picture
type × Training + Time + Picture
type × Time + Training × Time +
Picture type × Training × Time

0.026

Expectations

0.026

8.251e-38 3.053e-36

1.812

1.959

Picture type + Expectations

0.026

3.170e-14 1.173e-12 4.717e-24

1.718

Training + Expectations

0.026

9.266e-39 3.429e-37

16.135

4.222

Picture type + Training +
Expectations

0.026

3.845e-15 1.423e-13 3.888e-23

5.759

Picture type + Training + Picture
type × Training + Expectations

0.026

5.482e-16 2.028e-14 2.727e-22

2.463

Time + Expectations

0.026

1.082e-32 4.005e-31

1.381e-5

1.947

Picture type + Time +
Expectations

0.026

7.192e-6 7.692e-31

1.913

Training + Time + Expectations

0.026

Picture type + Training + Time +
Expectations

0.026

Picture type + Training +
Picture type × Training + Time +
Expectations

1.944e-7

1.325e-4

2.155

2.253e-8

8.334e-7 6.638e-30

2.495

0.026

3.441e-9

1.273e-7 4.345e-29

2.346

Picture type + Time + Picture
type × Time + Expectations

0.026

0.349

19.839 4.284e-37

7.642

Picture type + Training +
Time + Picture type × Time +
Expectations

0.026

0.043

1.659 3.485e-36

9.964

Picture type + Training + Picture
type × Training + Time + Picture
type × Time + Expectations

0.026

0.006

0.214 2.603e-35

3.465

Training + Time + Training × Time
+ Expectations

0.026

4.201e-35 1.554e-33

Picture type + Training + Time +
Training × Time + Expectations

0.026

Picture type + Training + Picture
type × Training + Time + Training
× Time + Expectations

0.026
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1.128e-33 4.175e-32

0.004

1.942

8.468e-10

3.133e-8 1.766e-28

3.955

1.226e-10

4.538e-9 1.219e-27

9.273
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Table S4a
Continued
P(M) P(M|data)

BFM

BF01

% error

Picture type + Training + Time +
Picture type × Time + Training ×
Time + Expectations

0.026

0.001

0.053 1.048e-34

3.563

Picture type + Training + Picture
type × Training + Time + Picture
type × Time + Training × Time +
Expectations

0.026

2.176e-4

0.008 6.871e-34

3.226

Picture type + Training + Picture
type × Training + Time + Picture
type × Time + Training × Time +
Picture type × Training × Time +
Expectations

0.026

1.822e-5

6.741e-4 8.207e-33

12.197

Note. All models include subject.

Table S4b
Model Averaging of Training × Picture Type × Time Bayesian Repeated Measures ANOVA
on Picture Evaluation in the HitnRun Group Controlled for Expectations (Prior Inclusion
Probabilities, Posterior Inclusion Probabilities, BFInclusion)
P(incl)

P(incl|data)

BFInclusion

Picture type

0.737

1.000

∞

Training

0.737

0.123

0.050

Time

0.737

1.000

3.681e+12

Expectations

0.500

0.399

0.665

Picture type × Training

0.316

0.016

0.036

Picture type × Time

0.316

1.000

3.648e+6

Training × Time

0.316

0.004

0.010

Picture type × Training × Time

0.053

4.512e-5

8.121e-4
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Table S5a
Model Comparison of Group × Picture Type × Time Bayesian Repeated Measures
ANOVA on Evaluation of Untrained Pictures Controlled for Expectations (Prior Model
Probabilities, Posterior Model Probabilities, BFM , BF01 and Estimation Error Percentage)
BFM

BF01

Null model (incl. subject)

0.026 1.728e-28 6.392e-27

1.000

Picture type

0.026

Time

0.026 1.241e-23 4.593e-22

Picture type + Time

0.026

Picture type + Time + Picture
type × Time

0.026

P(M) P(M|data)
1.201e-9

4.442e-8 1.439e-19

% error
2.360

1.392e-5

0.835

0.002

0.080 7.958e-26

1.922

0.562

47.433 3.075e-28

1.784

Group

0.026 4.133e-29 1.529e-27

Picture type + Group

0.026 3.732e-10

4.180

0.952

1.381e-8 4.629e-19

15.044

Time + Group

0.026 3.027e-24 1.120e-22

Picture type + Time + Group

0.026

Picture type + Time + Picture
type × Time + Group

0.026

5.707e-5

1.159

6.038e-4

0.022 2.861e-25

7.101

0.153

6.681 1.129e-27

2.119

Picture type + Group + Picture
type × Group

0.026 9.667e-11

3.577e-9 1.787e-18

26.832

Picture type + Time + Group +
Picture type × Group

0.026

1.308e-4

0.005 1.321e-24

2.675

Picture type + Time + Picture
type × Time + Group + Picture
type × Group

0.026

0.034

1.313 5.039e-27

2.836

Time + Group + Time × Group

0.026 1.992e-25 7.372e-24

Picture type + Time + Group +
Time × Group

0.026

Picture type + Time + Picture
type × Time + Group + Time ×
Group

8.671e-4

1.263

4.575e-5

0.002 3.776e-24

3.116

0.026

0.013

0.471 1.374e-26

7.730

Picture type + Time + Group +
Picture type × Group + Time ×
Group

0.026

1.036e-5

3.832e-4 1.668e-23

5.810

Picture type + Time + Picture
type × Time + Group + Picture
type × Group + Time × Group

0.026

0.003

0.109 5.894e-26

5.151
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Table S5a
Continued
P(M) P(M|data)
2.861e-4

BF01

% error

0.011 6.039e-25

4.785

BFM

Picture type + Time + Picture
type × Time + Group + Picture
type × Group + Time × Group +
Picture type × Time × Group

0.026

Expectations

0.026 4.998e-29 1.849e-27

Picture type + Expectations

0.026 3.945e-10

3.456

1.067

1.460e-8 4.379e-19

2.396

Time + Expectations

0.026 3.699e-24 1.369e-22

4.670e-5

2.077

Picture type + Time +
Expectations

0.026

7.444e-4

0.028 2.321e-25

7.762

Picture type + Time + Picture
type × Time + Expectations

0.026

0.178

8.031 9.686e-28

2.867

Group + Expectations

0.026 9.791e-30 3.623e-28

Picture type + Group +
Expectations

0.026 8.379e-11

Time + Group + Expectations

0.026 8.208e-25 3.037e-23

Picture type + Time + Group +
Expectations

0.026

Picture type + Time + Picture
type × Time + Group +
Expectations

0.026

17.644

1.728

3.100e-9 2.062e-18

2.374

2.105e-4

6.580

1.512e-4

0.006 1.142e-24

2.457

0.040

1.522 4.372e-27

3.203

Picture type + Group + Picture
type × Group + Expectations

0.026 1.903e-11 7.040e-10 9.079e-18

5.448

Picture type + Time + Group
+ Picture type × Group +
Expectations

0.026

3.462e-5

0.001 4.990e-24

3.721

Picture type + Time + Picture
type × Time + Group + Picture
type × Group + Expectations

0.026

0.009

0.346 1.865e-26

3.347

Time + Group + Time × Group +
Expectations

0.026 5.314e-26 1.966e-24

Picture type + Time + Group +
Time × Group + Expectations

0.026

Picture type + Time + Picture
type × Time + Group + Time ×
Group + Expectations

0.026

0.003

3.535

1.218e-5

4.506e-4 1.419e-23

4.552

0.003

0.120 5.362e-26

3.359
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Table S5a
Continued
P(M) P(M|data)

BFM

BF01

% error

Picture type + Time + Group +
Picture type × Group + Time ×
Group + Expectations

0.026

2.726e-6

1.008e-4 6.338e-23

4.638

Picture type + Time + Picture
type × Time + Group + Picture
type × Group + Time × Group +
Expectations

0.026

8.649e-4

0.032 1.997e-25

5.868

Picture type + Time + Picture
type × Time + Group + Picture
type × Group + Time × Group +
Picture type × Time × Group +
Expectations

0.026

7.938e-5

0.003 2.176e-24

7.962

Note. All models include subject.

Table S5b
Model Averaging of Group × Picture Type × Time Bayesian Repeated Measures ANOVA on
Evaluation of Untrained Pictures Controlled for Expectations (Prior Inclusion Probabilities,
Posterior Inclusion Probabilities, BFInclusion)
P(incl)

P(incl|data)

BFInclusion

Picture type

0.737

1.000

1.608e+15

Time

0.737

1.000

1.648e+8

Group

0.737

0.257

0.124

Expectations

0.500

0.232

0.302

Picture type × Time

0.316

0.996

552.437

Picture type × Group

0.316

0.048

0.109

Time × Group

0.316

0.020

0.044

Picture type × Time × Group

0.053

3.655e-4

0.007
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Table S6a
Model Comparison of Group × Product Type × Time Bayesian Repeated Measures ANOVA
on Caloric Intake Controlled for Expectations (Prior Model Probabilities, Posterior Model
Probabilities, BFM , BF01 and Estimation Error Percentage)
P(M)

P(M|data)

BFM

BF01

% error

Null model (incl. subject)

0.026

7.275e-13 2.692e-11

1.000

Time

0.026

3.518e-13 1.302e-11

2.068

1.007

Product type

0.026

0.290

15.144 2.505e-12

1.225

Time + Product type

0.026

0.195

8.972 3.728e-12

1.708

Time + Product type + Time ×
Product type

0.026

0.094

3.827 7.762e-12

2.730

Group

0.026

2.143e-13 7.929e-12

3.395

1.018

Time + Group

0.026

1.038e-13 3.840e-12

7.010

1.286

Product type + Group

0.026

0.094

3.846 7.726e-12

1.728

Time + Product type + Group

0.026

0.062

2.428 1.182e-11

1.611

Time + Product type + Time ×
Product type + Group

0.026

0.028

1.070 2.589e-11

1.725

Time + Group + Time × Group

0.026

Time + Product type + Group +
Time × Group

0.026

Time + Product type + Time ×
Product type + Group + Time ×
Group

1.552e-14 5.742e-13

46.877

1.860

0.009

0.343 7.917e-11

2.031

0.026

0.005

0.168 1.608e-10

5.001

Product type + Group + Product
type × Group

0.026

0.014

0.527 5.182e-11

2.674

Time + Product type + Group +
Product type × Group

0.026

0.009

0.346 7.849e-11

3.170

Time + Product type + Time ×
Product type + Group + Product
type × Group

0.026

0.005

0.168 1.611e-10

3.480

Time + Product type + Group +
Time × Group + Product type ×
Group

0.026

0.002

0.057 4.762e-10

6.358

Time + Product type + Time ×
Product type + Group + Time ×
Group + Product type × Group

0.026

7.060e-4

0.026

5.851

1.031e-9
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Table S6a
Continued
P(M)

P(M|data)

BFM

BF01

% error

Time + Product type + Time ×
Product type + Group + Time ×
Group + Product type × Group +
Time × Product type × Group

0.026

1.812e-4

0.007

4.014e-9

10.369

Expectations

0.026

1.372e-13 5.077e-12

5.302

0.979

Time + Expectations

0.026

6.932e-14 2.565e-12

10.495

3.096

Product type + Expectations

0.026

0.060

2.344 1.221e-11

1.757

Time + Product type +
Expectations

0.026

0.040

1.548 1.812e-11

4.133

Time + Product type + Time ×
Product type + Expectations

0.026

0.019

0.728 3.768e-11

3.875

Group + Expectations

0.026

6.531e-14 2.416e-12

11.140

3.262

Time + Group + Expectations

0.026

3.025e-14 1.119e-12

24.051

1.647

Product type + Group +
Expectations

0.026

0.030

1.126 2.464e-11

2.572

Time + Product type + Group +
Expectations

0.026

0.021

0.786 3.498e-11

5.817

Time + Product type + Time
× Product type + Group +
Expectations

0.026

0.009

0.339 8.012e-11

2.480

Time + Group + Time × Group +
Expectations

0.026

Time + Product type + Group +
Time × Group + Expectations

0.026

Time + Product type + Time ×
Product type + Group + Time ×
Group + Expectations

152.556

5.217

0.003

0.117 2.302e-10

8.333

0.026

0.002

0.062 4.380e-10

12.464

Product type + Group + Product
type × Group + Expectations

0.026

0.005

0.171 1.584e-10

3.108

Time + Product type + Group
+ Product type × Group +
Expectations

0.026

0.003

0.107 2.521e-10

2.924

Time + Product type + Time ×
Product type + Group + Product
type × Group + Expectations

0.026

0.001

0.051 5.263e-10

4.115
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Table S6a
Continued
P(M)

P(M|data)

BFM

BF01

% error

Time + Product type + Group +
Time × Group + Product type ×
Group + Expectations

0.026

4.658e-4

0.017

1.562e-9

5.074

Time + Product type + Time ×
Product type + Group + Time ×
Group + Product type × Group +
Expectations

0.026

2.513e-4

0.009

2.895e-9

7.314

Time + Product type + Time ×
Product type + Group + Time ×
Group + Product type × Group +
Time × Product type × Group +
Expectations

0.026

4.700e-5

0.002

1.548e-8

3.669

Note. All models include subject.

Table S6b
Model Averaging of Group × Product Type × Time Bayesian Repeated Measures ANOVA
on Caloric Intake Controlled for Expectations (Prior Inclusion Probabilities, Posterior
Inclusion Probabilities, BFInclusion)
P(incl)

P(incl|data)

BFInclusion

Time

0.737

0.508

0.368

Product type

0.737

1.000

2.077e+11

Group

0.737

0.302

0.154

Expectations

0.500

0.193

0.239

Time × Product type

0.316

0.163

0.423

Time × Group

0.316

0.022

0.048

Product type × Group

0.316

0.040

0.090

Time × Product type × Group

0.053

2.282e-4

0.004
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Table S7
Model Fit Statistics for the Linear and Quadratic Growth Model of Game Performance
Linear model
Quadratic model

a

χ² (df)

χ² p-value

CFI

RMSEA

8.21 (16)

.943

1.000

.000

8.09 (15)

.920

1.000

.000

Note. CFI = Comparative Fit Index, RMSEA = Root Mean Square of Approximation.
a

The slope of the quadratic growth model was fixed.

228

11.93
(20)

Go reaction time
(post-pre)

9.61
(20)

10.45
(20)

.975

.959

.997

.919

.950

.725

1.00

1.00

1.00

1.00

1.00

1.00

1.00

CFI

1.20

1.19

1.27

1.13

1.16

1.06

1.14

TLI

.00

.00

.00

.00

.00

.00

.00

RMSEA

.09

.02

-.04

.09

-.08

-.25

4.50

β value

.17

.18

.04

.15

.21

.15

.65

SE

.575

.936

.231

.571

.704

.096

<.001***

.02

.02

.02

.02

.02

.02

RVa

Intercept
p value

.01

.01

.01

.01

.01

.01

SE-RV

<.001***

<.001***

<.001***

<.001***

<.001***

.001**

p-RV

-.51

-.49

.93

.59

.94

-.43

-.39

β value

.61

.63

.14

.46

1.07

.50

.60

SE

Slope

.208

.380

.392

.511

p value

.410

.433

<.001***

Note. CFI = Comparative Fit Index; TLI = Tucker-Lewis Index; RMSEA = root-mean-square error of approximation; RV = residual variance; SE = standard error.
a
Unstandardized versions of residual variances (RV) are reported. All other presented measures are standardized.
**p < .01; *** p < .001

Evaluation trained
food pictures (T3-T1)

Untrained food
pictures (T3-T1)

7.04
(20)

10.87
(20)

No-Go accuracy
(post-pre)

Caloric intake (postpre)

15.86
(20)

.942

8.21
(16)

Prior hours spent
gaming

Single growth curve
model

p value

χ2 (df)

Fit measures

Fit Statistics and Estimates of Prediction Models for the Initial Level( Intercept) and Rate of Change (Slope) in Game Performance

Table S8

.00

.00

.00

.00

.00

.00

RVa

.00

.00

.00

.00

.00

.00

SE-RV

.663

.657

.591

.708

.960

.550

p-RV
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Table S9
Evaluation of Assigned Intervention per Group at Post-Intervention (Means and Standard
Deviations) and t-values
Total

HitnRun

HESbS

M

SD

M

SD

M

SD

t-value

p-value

Enjoyment

3.19

1.07

3.40

1.03

2.98

1.08

1.99

.049

Relative attractiveness

3.15

1.03

3.32

1.04

2.98

1.00

1.67

.099

Usefulness

2.64

1.19

3.34

0.96

1.94

0.98

7.22 <.001***

Level of immersion

2.25

1.02

2.02

0.91

2.48

1.07

-2.31

.023*

Format

3.14

1.03

2.88

0.90

3.40

1.11

-2.58

.011*

Game aesthetics

6.06

1.56

Game experience

5.96

1.67

Game as a whole

6.08

1.51

Evaluation of

Grade for

Note. * p < .05; *** p < .001
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The most important
lesson I have learned
from playing HitnRun
is that there are other
young people out
there that want
to quit smoking"

“

The most important
lesson I have learned is
that playing HitnRun to
distract yourself from
the craving to smoke is
very helpful”

Chapter 6
Use of the principles of design thinking to address limitations
of digital mental health interventions for youth

Published as:
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Abstract
Numerous reviews and meta-analyses have indicated the enormous potential of technology
to improve the appeal, effectiveness, cost, and reach of mental health interventions.
However, the promise of digital mental health interventions for youth has not yet been
realized. Significant challenges have been repeatedly identified, including engagement,
fidelity, and the lack of personalization. We introduce the main tenets of design thinking
and explain how they can specifically address these challenges, with an entirely new toolbox
of mindsets and practices. In addition, we provide examples of a new wave of digital
interventions to demonstrate the applicability of design thinking to a wide range of
intervention goals. In the future, it will be critical for scientists and clinicians to implement
their scientific standards, methods, and review outlets to evaluate the contribution of
design thinking to the next iteration of digital mental health interventions for youth.

Design thinking to address limitations of digital mental health interventions

Background
The prevalence of mental health problems has significantly increased among
children (aged 5-10 years) and adolescents (aged 10-24 years; Sawyer, Azzopardi,
Wickremarathne, & Paton, 2018), and the current prevalence rate of mental disorders is
estimated to be 13.4% (Collishaw, 2015; Mojtabai, Olfson, & Han, 2016; Olfson, Druss, &
Marcus, 2015; Polanczyk, Salum, Sugaya, Caye, & Rohde, 2015). According to the latest
update from the World Health Organization (2017), half of all mental health disorders in
adulthood start by the age of 14 years and three-quarters, by the mid-20s. As a result of
the increasing overall prevalence rates, increases in the rates of mental health concerns
for young people specifically (Collishaw, 2015), and a constant number of available
treatments over time, 64%-87% of mental health issues in young people are undetected
and untreated (Rickwood, Deane, & Wilson, 2007; WHO, 2017; Zachrisson, Rödje, &
Mykletun, 2006; Zwaanswijk, Verhaak, Bensing, Van der Ende, & Verhulst, 2003).
The rapid growth of technological innovations has been welcomed as an
unprecedented opportunity to address the increasing gap between demand and supply of
mental health services by many in the mental health research and practice communities
(Bhugra et al., 2017; Fairburn & Patel, 2017). Several reviews have indicated the enormous
potential of technology to improve the effectiveness, efficiency, cost, reach,
personalization, and appeal of mental health interventions (Andersson, 2016; Andersson,
Topooco, Havik, & Nordgreen, 2016; Drozd et al., 2016; Hollis et al., 2017; Olthuis, Watt,
Bailey, Hayden, & Stewart, 2016). Under the rubric of “e-mental health,” such advantages
are proposed to rely on the ubiquitous role of interactive media in the daily lives of young
people (Lancet Child & Adolescent Health, 2018). However, the effectiveness of digital
technology in reducing the burden of mental health at a population level is progressing
slowly at best (Apolinário-Hagen, Kemper, & Stürmer, 2017; Batterham et al., 2015;
Meurk, Leung, Hall, Head, & Whiteford, 2016; Wallin, Mattsson, & Olsson, 2016). It
remains uncertain whether the hype and promise of e-mental health solutions will actually
be realized (Hollis et al., 2017; Wykes & Brown, 2016).
In the current paper, we summarize and critique the available evidence on the
efficacy of digital interventions for young people, with a focus on those targeting anxiety
and depression (treatment and indicated prevention). There are many excellent reviews
and meta-analyses summarizing the efficacy of digital interventions in the literature; this
viewpoint does not attempt to do the same. Instead, we briefly summarize the evidence
indicating poor outcomes, especially for youth. We have only included effects based on
postintervention measurements, because most meta-analyses did not have the power to
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reliably conclude the effects on follow-up measurements. Thereafter, we outline an
altogether new approach that has the potential to dramatically improve digital tools for
youth mental health by using principles from the discipline of design. Design thinking (DT)
is usually considered outside the purview of scientific research; however, we argue that
this cross-disciplinary approach may be key to galvanizing progress. Three tenets of DT are
introduced here, and preliminary empirical evidence from our own laboratory
demonstrates both the opportunities and challenges of this new approach. Finally, as this
design framework is new in the mental health arena, we end this paper with
recommendations for systematic programs of research that directly test its impact on
effectiveness and its implications for implementation.
Outcome Research on Digital Mental Health Interventions
The widespread availability of digital technology has led to a proliferation of
digital mental health (DMH) interventions. A substantial part of DMH approaches target
depression and anxiety and are based on cognitive behavioral therapy (CBT), originally
developed several decades ago for face-to-face treatment and adjusted for self-help books
and manuals (Andersson, 2016); we focus our review and recommendations on this class
of DMH interventions. There is also a growing body of promising research on virtual reality
interventions, especially in the clinical context (Rizzo & Koenig, 2017), but it is not directly
relevant to our current purposes.
Overall, the efficacy of DMH programs for depressed and anxious adults has been
established by over 100 studies (Andersson, 2016). Based on the latest meta-analysis for
anxiety disorders among adults (Olthuis et al., 2016), guided DMH interventions are more
effective than waiting list, attention, information, or online discussion groups. For
depression (Josephine, Josefine, Philipp, David, & Harald, 2017), DMH interventions were
favored over waiting lists only. There are limited data available to compare DMH
interventions and active treatment or placebo control groups; however, the available data
suggest that DMH interventions are more effective than other interventions (with smaller
effect sizes than those of a waiting list). Other studies also suggest that guided DMH
interventions do as well as active treatment control groups (ie, face-to-face CBT) for
anxiety (Olthuis et al., 2016) and depression (Andersson et al., 2016).
There is still considerable variability in the outcomes, and the inclusion (or
exclusion) of human guidance could be one of the key factors that explain this variance.
The influence of human guidance on DMH interventions for adult anxiety and depression
is still debated (Ebert & Baumeister, 2017; Karyotaki, Riper, & Cuijpers, 2017a). Some
meta-analyses report equal effects of guided and unguided DMH interventions for anxiety
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(Olthuis et al., 2016; but with very low-quality evidence) and depression (Josephine et al.,
2017), whereas other studies have shown that guided DMH interventions outperform
unguided interventions (Baumeister, Reichler, Munzinger, & Lin, 2014; Hedman, Ljótsson,
& Lindefors, 2012; Richards & Richardson, 2012). Based on a recent meta-analysis on
depression symptoms (Karyotaki et al., 2017b), unguided DMH interventions are more
effective than waiting list, attention placebo, no treatment, or treatment as usual;
however, its effect is much smaller than that of guided DMH interventions. Importantly,
Ebert and Baumeister (2017) argue that these meta-analyses are solely based on
randomized controlled trials (RCTs), which require a high level of commitment and
adherence from patients, unlike the conditions in routine clinical care. It is likely that the
reported effect sizes of unguided DMH interventions under laboratory settings are
overestimated for their potential in routine clinical care. Thus, despite optimism about the
potential of DMH tools as standalone interventions for adults, human involvement in its
delivery and monitoring seems to be an important mediator of success for routine clinical
care outside the laboratory.
The results are less optimistic for the comparably smaller body of evidence
available for children and adolescents. Based on the most recent meta-review by Hollis
and colleagues (2017), overall effect sizes for youth are moderate to large for anxiety
disorders and small to moderate for depression disorders when DMH approaches are
compared to a waitlist group. However, analyses comparing DMH interventions for both
anxiety and depression with active nontherapeutic controls have generally failed to show
superiority of DMH interventions (Davies, Morriss, & Glazebrook, 2014; Pennant et al.,
2015). Noninferiority trials comparing DMH interventions to face-to-face CBT in order to
determine whether a new intervention is therapeutically similar to an existing effective
treatment (Piaggio, Elbourne, Pocock, Evans, & Altman, 2012) showed that most DMH
approaches were as effective as face-to-face CBT (Davies et al., 2014; Podina, Mogoase,
David, Szentagotai, & Dobrean, 2015; Rooksby, Elouafkaoui, Humphris, Clarkson, &
Freeman, 2015; Ye et al., 2014). In contrast, Pennant and colleagues (2015) showed that
face-to-face CBT was more effective than DMH interventions. Thus, although the available
evidence is not yet conclusive for youth-focused studies, some human guidance seems to
be important for the effects on anxiety and depression.
The role of human guidance in youth-focused studies is difficult to ascertain, as
the level of human support is poorly specified across trials (Hollis et al., 2017). However,
one of the most recent studies (Välimäki, Anttila, Anttila, & Lahti, 2017) reported that the
interventions in their meta-analysis that favored the DMH intervention group included
face-to-face guidance, monitoring of engagement, or follow-up telephone calls by
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teachers and health professionals. Importantly, the quality of the youth-focused studies
for DMH programs is generally low to moderate, which is most often a result of
methodological flaws such as intervention heterogeneity in terms of content, dose,
settings, or quality (Das et al., 2016; Hollis et al., 2017). Furthermore, problems such as
insufficient search processes of the literature, small sample sizes, differences at baseline in
study samples, and publication bias play important roles in the quality of these studies
(Clarke, Kuosmanen, & Barry, 2015; Pennant et al., 2015). In summary, there is reasonable
support for the role of DMH tools in improving anxiety and depression problems in adults,
but there are fewer promising results for children and adolescents. In youth-focused
research, poor overall outcomes, heterogeneity of results, and poor quality of many
studies prevent definitive conclusions.
Limitations of DMH Interventions for Youth
Despite some promise, there is growing consensus about the limitations of DMH
approaches, with almost every meta-analysis and systematic review (both with adult and
youth samples) highlighting the same problems. First, high attrition rates and low
adherence to protocols are consistently problematic, especially in unguided interventions
(Clarke et al., 2015; Fleming et al., 2018; Karyotaki et al., 2017b; Välimäki et al., 2017) as
compared to guided DMH interventions (Välimäki et al., 2017; Van Ballegooijen et al.,
2014). Considering only unguided digital interventions, a meta-analytic study by Karyotaki
and colleagues (2015) showed that almost 70% of participants dropped out before
completing 75% of the intervention. Attrition and low adherence are even bigger
challenges among children and adolescents; the younger the participant sample, the
greater the dropout rate (Välimäki et al., 2017; Karyotaki et al., 2015). Välimäki and
colleagues (2017) showed that young people (between the ages of 10 and 24 years) in the
digital intervention groups (most often, guided DMH interventions) left the study earlier
than the control group participants. Thus, the use of guided digital interventions seems to
be the best solution; however, the need for therapists compromises the often espoused
advantage of DMH interventions—their scalability (ie, easily deployed across the globe to
populations with different economic and ethnic backgrounds; Hollis et al., 2017).
Most importantly, DMH tools do not remotely approximate the level of
attractiveness and interactivity to which young “digital natives” have grown accustomed
(Knowles et al., 2014; Lancet Child & Adolescent Health, 2018; Pennant et al., 2015). In the
first generation of DMH tools, most researchers and intervention scientists seem to have
assumed that moving content online and providing youth the agency to navigate this
content at their own pace and in their own context makes the content more engaging
than that in conventional treatment approaches. However, in a vast majority of cases, the
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content of DMH interventions is not significantly changed from the manuals from which
they were derived. In the understandable and commendable effort to remain “evidencebased,” most DMH interventions for youth are a little-more-than modified and uploaded
CBT manuals and workbooks (eg, MoodGym, Cool Kids, Camp Cope-a-lot, and BRAVE; for a
review discussing the evidence base of these DMH interventions, see Pennant et al., 2015;
Stiles-Shields, Ho, & Mohr, 2016). It is likely that the digital incarnations of these CBT
interventions are rendered even less engaging than their original format because they are
less flexible and personalized. No therapist is available to maintain motivation for change,
build trust and hope, and sensitively tailor the treatment to personal idiosyncrasies.
Many DMH interventions are based on a one-size-fits-all approach (eg, a linear
progression with content released to all participants using time-based rules; Stiles-Shields
et al., 2016), which has its advantages because it is systematic, but remains problematic
because of its perceived inflexibility (Johansson, Michel, Andersson, & Paxling, 2015).
Young people, in particular, value self-reliance and control when accessing digital products
(boyd, 2014) or mental health services (Plaistow et al., 2014), and current DMH
interventions are often perceived as impersonal and unresponsive to their individual
needs (Hollis et al., 2017; Knowles et al., 2014). In addition, DMH interventions are
content focused (ie, CBT techniques) and not user focused (ie, they are not designed
around how and when young people prefer to engage with digital experiences; Murray et
al., 2016), resulting in a large disconnect between the world in which youth live and the
content and style of DMH interventions. For the current and upcoming generation of
youth who play video games and socialize online daily, the norm is digital experiences that
are exquisitely designed to adjust to the pace, content preferences, and skill levels of their
users (Granic et al., 2014). Personalization is consistently mentioned as one of the biggest
advantages of digital solutions, but personalization, dynamic adjustment, and tailoring
have not been realized with DMH tools thus far (Hollis et al., 2017; Knowles et al., 2014;
Shafran & Bennett, 2017).
The cognitive load of DMH programs seems to be an additional limitation
especially for young people. Many e-mental health programs are overly pedantic, didactic,
and cognitively focused (Stiles-Shields et al., 2016), thereby potentially overloading
children and youth who find this approach too difficult and inaccessible (Richardson,
Stallard, & Velleman, 2010). Homework assignments pose an additional problem, as they
rely on the abilities of the child or adolescent to practice the CBT-based exercises and
learn accordingly. Youth very often fail to adequately follow through on these offline
homework assignments, because they simply do not understand them well enough to
practice or are not motivated to do so (Rooksby et al., 2015; Clarke et al., 2015). The same
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practice and homework problems can arise in conventional CBT, of course, but in face-toface treatments, therapists are present to motivate, encourage, answer questions, and
keep clients accountable (Andersson, 2016).
At this point, an important caveat is in order: We are by no means advocating
exclusion of therapists, coaches, and teachers altogether, especially in serious, chronic
mental health cases among youth. Our best outcomes for serious clinical youth cases may
come from combining face-to-face interactions with digital intervention “homework,” in
which young people practice the lessons they have learned in the comfort of their own
home or on mobile devices embedded in their everyday lives (eg, “blended” approaches;
Wentzel, Van der Vaart, Bohlmeijer, & Van Gemert-Pijnen, 2016). However, this digital
homework still requires attention to be paid to the factors that motivate and engage
users. For less severe mental health cases, DMH programs may serve as stand-alone
interventions preventing at-risk youth from symptom aggravation.
In summary, a convincing set of reviews and meta-analyses suggest that the
promises of digital solutions, especially those targeted at youth, have not yet been
realized (Andersson, 2016; Fairburn & Patel, 2017; Välimäki et al., 2017). Specifically, the
benefits of DMH interventions, including increased engagement and motivation, fidelity to
intervention protocols, and opportunities for personalization (Andersson, 2016; Murray et
al., 2016; Mussiat & Tarrier, 2014; Shafran & Bennet, 2017), remain largely unrealized.
Perhaps unsurprisingly, all the reviews we have summarized end with general
recommendations for reflection and reform, urging future efforts to take engagement,
retention, and fidelity more seriously. However, these critical reflections consistently stop
at that point, providing no concrete, actionable solutions to address the limitations they
revealed (Hilgart, Ritterband, Thorndike, & Kinzie, 2012; Mohr, Schueller, Montague,
Burns, & Rashidi, 2014; Orlowski et al., 2015; Zanaboni et al., 2018). In the rest of this
viewpoint, we elaborate on a set of guiding principles and concrete strategies to
potentially address this impasse.
Design Thinking: Novel Recommendations and Proposed Solutions
In the following section, we outline a design framework that has helped us
reimagine the development of DMH solutions for children and adolescents. Our approach
started by identifying the limitations of past DMH interventions for youth and attempting
to directly address each of them. A major step toward such solutions derives from our
work with applied video games for mental health. We previously provided a detailed
empirical review (Granic et al., 2014) that supports the rationale for using digital games as
intervention tools for young people. In short, well-designed applied games are intrinsically
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motivating, offer a strong sense of agency, and are simply fun. They also provide a
compelling virtual playground to not only gain knowledge, but also practice skills. Finally,
applied games can overcome the stigma associated with traditional and self-help
interventions.
We are not the first to suggest that applied games are useful intervention
approaches. A zeitgeist has emerged in the medical and educational fields for applied or
“serious” games as tools for enhancing medical care (Connoly, Boyle, MacArthur, Hainey,
& Boyle, 2012; DeSmet et al., 2014; Girard, Ecalle, & Magnan, 2012; Primack et al., 2012).
Although much less work has been done with serious games for mental health as
compared to other conditions, several game-based interventions have been developed
(Fleming et al., 2016; 2017; Lau, Smit, Fleming, & Riper, 2016; Li, Theng, & Foo, 2014). A
large part of our message is that not all digital interventions, including games, are
designed equally, and most serious games have the same general limitations that we
outlined for DMH interventions. Our solution has been to adopt a DT framework, which
provides a general cohesive set of principles and recommendations for DMH delivery.
Defining design thinking
Before defining DT, it is important to understand that this approach is not simply
about making products or services more attractive, pretty, or graphically sophisticated. It
often involves some degree of esthetic improvement, but fundamentally, DT is both a
mindset and a set of practices that are solution based. The business community as well as
the healthcare, transportation, and creative industries have benefited enormously from
the adoption of DT (Bate & Robert, 2006; Brown, 2008; Brown & Wyatt, 2010; Duncan &
Breslin, 2009; Johnson et al., 2016; Orlowski et al., 2015). Compared to scientific practices
in which data are “objective,” observable facts that are tested against a priori hypotheses,
DT is a fundamentally subjective practice that focuses on discovering the emotional needs
of users, their idiosyncratic contexts, their motivational concerns, and other related
entities. DT aims to build a practical product or service that serves a very specific need.
We do not suggest that DT is enough as a stand-alone practice to address the
concerns we have listed about DMH interventions for youth. However, combined with
rigorous scientific standards and methodologies, this cross-disciplinary approach holds a
great deal of promise. There are three core tenets of DT (Brown, 2008; Brown & Wyatt,
2010): Empathy, which is a human-centered approach that keeps the emotional,
motivational, and functional needs of users at the center of the development process;
Multidisciplinary Ideation, which involves solutions generated by cross-disciplinary
teamwork and collaboration; and Experimentation, which is the practice of rapid
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prototyping and iteratively testing products or services with target users during, rather
than after, the development phase. These terms have varied meanings in psychology,
psychiatry, and clinical practice, but have very specific meanings in the discipline of design,
as elaborated in the next section.
Empathy. At its core, empathy-based design is a human-centered approach that
answers the question “who is it for?” rather than “what does the product look like and
contain?” Empathy seems like a fuzzy, unscientific lens through which evidence-based
practice is considered, but it is the most crucial and, perhaps, least understood or
integrated practice in the development of digital interventions. Empathy-driven design
seeks to optimize user engagement, immersion, and motivation and as such, it has the
potential to address key limitations of conventional DMH approaches (ie, high attrition,
low adherence, and cognitive load). Instead of starting with the common premise, “we’re
going to design an app that does X,” empathic design begins with “we’re going to solve X
for a specific population” and thus helps developers expand beyond the exclusive content
focus of DMH programs (eg, CBT techniques) toward user concerns (eg, a young person’s
preferences and digital habits).
Beyond understanding the demographics, personalities, and preferences of
individual users, empathic design keeps the whole end-to-end user experience in mind.
Applied to youth mental health, user experience can be conceptualized according to these
questions: (1) How are young people going to find an intervention, game, or service? (2)
When they find it, does that digital ecosystem motivate them to keep discovering more, or
does it shut them down? (c) Are there positive expectations for change embedded in a
growth mindset? (Crum, Leibowitz, & Verghese, 2017; Dweck, 2006) (3) How long after
they purchase or freely download the product, service, or game will it provide feedback
about progress, and how will that make users feel? (4) Can they share it with like-minded
peers and concerned adults? (5) Will it be updated with new content to keep them
interested over longer periods? (6) When the experience ends, is there a feeling of
mastery?
An empathy-driven approach also includes participatory design: We not only
design for young people but with them as well and do so from the start of the design
process. As digital natives (Prensky, 2012), young people are using interactive media and
technology almost from birth (Lancet Child & Adolescent Health, 2018) and on a daily
basis. By the time they engage with any particular DMH product, they have grown
accustomed to interacting with highly engaging, sophisticated, and immersive contexts. If
digital interventions are to stand a chance of improving the mental health of youth in the
coming decades, they will need to be designed to stimulate and retain users’ attention.
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The first step towards ensuring that this will happen is to invite these users to codevelop
products aimed at their cohort. Several other researchers have suggested the importance
of recruiting young people in the development process. This practice has been referred to
as participatory design, participatory research, codesign, and user-centered design
(Fleming et al., 2016; 2017; Hagen et al., 2012; Knowles et al., 2014; Wong et al., 2010).
However, in the mental health context, this process often amounts to professionals asking
youth about the products they have already designed, with little time or money allocated
to the suggested changes that emerge through the process (Hagen et al., 2012; Mallan,
Singh, & Giardina, 2010; Robertson & Simonsen, 2012).
We argue that, in the mental health fields, the greatest barrier to adopting a
participatory approach, is the implicit paternalistic mindset that may have become
ingrained in many academics and practitioners. Mental health researchers and clinicians
often assume that young people, especially those who are emotionally vulnerable, do not
know when they are suffering and are incapable of asking for the kind of help they need
(Gulliver, Griffiths, & Christensen, 2010; Rickwood et al., 2007; Singh & Wessely, 2015).
However, most youth with anxious and depressive symptoms are well aware of their
vulnerabilities and struggles (Hickie, Luscombe, Davenport, Burns, & Highet, 2007). The
key barrier to improving outcomes for these youth is not their own ignorance of whether
they need help or even the kind of help they need, but their ability to find the resources
and services that will support and train them in a way that speaks to their preferences and
modes of learning (Bradford & Rickwood, 2012; Gulliver et al., 2010; Hickie et al., 2007).
By recruiting youth with mental health challenges from the outset of the design process in
order to teach us how they interact and seek information online, we have a better chance
of designing interventions that they will find initially engaging, will retain their attention,
and will ultimately be viewed as relevant to their needs (boyd, 2014).
In our work, we have taken on this empathy-driven, participatory approach to
fundamentally change our starting point in applied game design. Participatory design
starts very early, even before any programming of intervention games has begun, by using
paper prototyping methods, interviews, and focus groups. Traditionally, this user-research
phase is rushed through to reach the “real science.” However, we argue that the scientific
outcomes we seek to enhance will not be realized unless empathic, participatory methods
are placed at the forefront of our process.
A specific example from our laboratory may be useful to clarify the advantages of
using an empathy-driven approach for digital intervention design. In this project, we
aimed to design and test a game to help young people quit smoking. Although this game
did not directly target mental health, the example is illustrative of the principles and
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practices that are entirely relevant to mental health applications and useful for clarifying
the practices we previously described in the Empathy section. This example is especially
relevant to mental health, as the design of this applied game capitalizes on the social peer
structure of youth. We tried to increase motivation, commitment, and engagement
through game-based experiences that were fundamentally interactive and brought them
together with like-minded peers. These social processes are equally important in the
design of interventions for anxious and depressed youth, as social ties play a beneficial
role in maintaining psychological well-being and mental health (Barnett & Gotlib, 1988;
Kawachi & Berkman, 2001).
Before designing this applied game, we invited young people who smoke to talk
specifically about their smoking experiences and how they feel about quitting. Past
research on smoking cessation claims that because young people have only just started
smoking, they are not motivated to quit (Mermelstein, 2003). Thus, psychoeducational
programs that outline the negative consequences of smoking are the most common
intervention approach; skill training based on CBT techniques and motivational
interviewing are traditionally employed as well (Fanshawe et al., 2017; Towns et al., 2017;
Stockings et al., 2016). However, none of these interventions have been successful
(Fanshawe et al., 2017; Stockings et al., 2016).
We used a different approach by using structured tools from DT with young
people who smoke (eg, card-sort tasks, screen-shot photos of youths’ own phones, and
interview protocols; d-school resources; Bootcamp Bootleg, 2010). The insights we
reviewed were all gained from qualitative interviews with young smokers that were part
of unpublished user research with early versions of the game. Our aim was to discover
previously misunderstood or overlooked factors that could contribute to designing an endto-end intervention experience that would effectively help youth quit smoking. We
learned that contrary to common assumptions, youth are well aware of the negative
consequences of smoking and are often motivated to quit (Balch et al., 2004; Kealey et al.,
2007; Leatherdale & McDonald, 2007). Despite their motivation to quit, they did not know
where to look for help; there are no evidence-based interventions available thus far for
young people attempting to quit (Fanshawe et al., 2017; Stockings et al., 2016). They
explained their feelings of inferiority and anxiety that accompany failed attempts to quit.
Considering the stigma associated with smoking, they resist asking for help with their
addictive vulnerabilities, at least from adults. They are aware that they are struggling and
some seek help online anonymously. However, the advice they receive online is perceived
as didactic, outdated, and boring.
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Instead of focusing on the unhealthy and harmful outcomes of smoking, an
empathy-driven lens led us to delve deeper into the emotional and social contexts from
which smoking behaviors emerge. We attempted to understand what smoking meant to
these young people, how it served important needs, and where they felt that smoking
blocked their goals. We discovered that there was a great deal of variability in terms of
where and when young people chose to smoke, suggesting the importance of tailoring a
DMH intervention to these individual preferences. We also learned that smoking served
several functions: to cope with stress; to overcome boredom during the day (eg, waiting
for the bus); and crucially, to socialize with friends during breaks. These functional and
motivational accounts of young smokers served as the essential scaffold on which we
based other evidence-based practices, such as inhibition training (Allom et al., 2016).
From these empathy-focused conversations, we designed an intervention to
serve as a functional replacement for the smoking habit. We developed the game as a
“casual runner,” a genre that lends itself to short bursts of intensely engaging gameplay
(ie, 3-5 minutes per session, which is the approximate time taken to overcome a craving
moment or smoke a cigarette). To address the problems with the one-size-fits-all
approach, we ensured that the game could be played during individualized moments of
high craving or boredom. We designed tailored prompts that reminded users to play at
instances when they reported experiencing high levels of craving. To enhance relevance in
youths’ everyday lives, the game is played on mobile devices, so that young people had
access to it whenever they might want to smoke. Figure 1 presents screenshots and a
leaderboard example.
We learned how important it was to bring their peer network into the
intervention context. We brought them together with like-minded peers who smoked but
were motivated to quit through cooperative (and competitive) team-based gameplay that
mimicked other online social games with which they were already familiar. Through the
cooperative team-based design, youth could learn that there were many like-minded
peers that experience the same problems they do, and they could playfully apply
“friendly” peer pressure to encourage each other to play the game, which implicitly
indicated that they were all quitting together. The competitive elements helped them stay
motivated and focused on quitting without resorting to didactic or stigmatizing scare
tactics. RCTs to test the efficacy of this new approach and whether the specific design
elements mediate efficacy are underway. We do not have these data yet. However, our
main aim of elaborating this example was to provide concrete instantiations of design
decisions that would not have otherwise emerged without an empathy-based DT
approach.
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Figure 1. Screenshots of HitnRun showing the runner game and leaderboards.

Chapter 6

246

Design thinking to address limitations of digital mental health interventions

Multidisciplinary ideation. DT places immense value on cross- and
interdisciplinary collaborations with the conviction that true innovation can only arise
through a multiplicity of perspectives. A crucial part of DT practices is the generation of a
large set of ideas without evaluating the veracity of those ideas in the initial phases and
simply collecting the broadest range possible. This approach is in stark contrast to the
approach most scientists take, starting from a place of established principles and
evidence-based techniques. Although we strongly believe that scientific principles and
practices should form the basis of DMH interventions, the potential for new opportunities
to engage and retain young people’s attention and time may stem from allowing teams to
creatively explore options outside of these empirically established methods. Such
exploration is much more likely to yield genuinely novel design possibilities when diverse
perspectives are encouraged and then culled via scientific constraints.
We suggest a wide multidisciplinary approach to use DT practices for the
development of immersive digital products for young people’s mental health. For
example, in our work, we cultivate collaborations among developmental psychologists,
neuroscientists, veteran game developers who have extensive experience in the
commercial game industry, programmers, and artists, all of whom need to learn each
other’s domain-specific language and codevelop a set of shared terms and goals. For the
DT methods to work, it is important to invite stakeholders such as teachers, clinicians,
physicians, parents, and children themselves to be a part of the codesign process. Through
this approach, we can integrate empirically validated principles of clinical change with
evocative art and design to render user experiences that are enriching, engaging, and
“sticky” enough to bring young people back for more.
The application of the DT framework to DMH interventions requires ideation
from more than designers, artists, and mental health professionals. Programmers and
formally trained engineers are also crucial partners. Most often, technology and technical
requirements are ignored by social scientists. However, early and frequent collaborations
with engineers during the early design and evaluation stages are critical, because this is
when the back-end, data-acquisition system can be seamlessly integrated with the frontend user interface. This back-end architecture can prove incredibly useful for researchers
and clinicians alike. For example, strong, effectively designed data-acquisition systems can
be designed to automatically calculate and quantify real-time in-game (or in-app) play or
usage behavior. Information about what parts users interacted with, how long they
engaged, when they returned, in what areas they lingered longest, how quickly they
acquired skills, and other such parameters can serve as powerful analytic tools for the
researcher and clinician. Thus, engineers who can build analytic, noninvasive systems can
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address some of the most pernicious limitations of conventional DMH interventions:
participant and client accountability, fidelity, and tracking. In addition, technical experts
need to be involved beyond the development and efficacy testing in order to update
software continuously (to keep it current and more engaging) and ensure compatibility
with changing technology ecosystems (eg, new operating systems and various platforms
such as phones, watches, and tablets).
Experimentation. “Design thinking is a misnomer; it is more about doing than
thinking.” (Bootcamp Bootleg, 2010). It seems peculiar to explain experimentation to
researchers, but in the context of DT, the meaning of experimentation is different from
applying a scientific method in a controlled environment in which one, or very few, factors
are manipulated to test a hypothesis. Experimentation in DT refers to a set of processes
and practices built around prototyping. A prototype is a simplified version of a product, or
part of a product, that is created in minimal time and at minimal cost. It is used to test the
validity of ideas or design assumptions as rapidly and cheaply as possible. Designers often
emphasize the massive advantages of “just doing” (ie, acting out ideas to test their utility
before a great amount has been invested in a product or service). In the case of DMH
interventions, this prototyping phase is often skipped or applied at such a late stage that
only little adjustment is feasible.
Prototyping takes various forms (eg, paper-and-pencil games, whiteboards with
sticky notes that depict the flow of a digital experience, storyboards that illustrate the
“beats” of a user’s end-to-end experience, and presentation mock ups to click through to
get the feel of a tool). All these forms are concrete, tangible artifacts that allow hands-on
experience and evaluation before any programming starts and are usually applied
iteratively with a small number of target users. Importantly, prototyping is not meant to
replace scientifically rigorous experiments or clinical trials; rather, it addresses specific
design questions. The results of prototyping iteratively and rapidly are action-based
insights about the feel and usability of a product. Often, what emerge are “creative
serendipity” and unanticipated insights.
One of the most important lessons we have learned is that throughout the
experimentation process (prototyping and later phases), it is crucial to separate and
synchronize the goals related to the digital tool versus the intervention. We have studied
game design, in particular, and we will focus on that domain for articulating our points,
but the same principles apply to any interactive app, dynamic website, or other digital
media form. The timelines for game development and intervention development run in
parallel (Figure 2). Importantly, these streams iteratively influence one another over time.
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Each domain has its own set of testing principles and practices that are to be applied
differentially at each phase.

Figure 2. Separate but interactive development timelines for game and intervention goals, with more frequent
testing and iterative prototyping at the start of the process than at the end.

Figure 3. Interaction of the timeline and scope of game development with intervention development.
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For example, early in the prototyping phase, two sets of goals are evaluated in
parallel (Figure 3). On the game-development level, we evaluate whether the game’s
mechanics (ie, “verbs” of the game) actually work as they were designed (what players
actually do to move through the game towards specified goals; this could also be
navigation procedures for a website or app). At this early stage, we test whether players
proceed through the intended pathways. Do they know what to do to solve a puzzle? Do
the controls feel natural? Concomitantly, on the intervention-development level, this
phase is often referred to as piloting and can include tests of whether the game elicits the
emotional responses intended. Is the cognitive load overwhelming (a barrier with
conventional digital interventions for youth)? Do players respond with reactance (ie,
backlash or negative affect experienced in response to unsolicited advice)? Do they
experience the game as didactic or pedantic and quickly turn it off?
Figure 3 also shows the relation between the scope of data collection (eg, sample
size), the timing of evaluations, and the different foci and products over the course of the
development process. All the prototyping and testing discussed so far fall under Box A in
Figure 3. An example from our laboratory with an applied game that has undergone most
of the phases in Figure 3 is presented next.
Example: MindLight, an anxiety-prevention game for children. During the
development of MindLight, a game designed to decrease anxiety symptoms in children, a
great deal of prototyping was performed to address the two streams of design goals. For
example, the game relied largely on exposure techniques to train anxious children to
practice facing fears while using relaxation methods. The artists on the project drew
several versions of the monsters in the game (Figure 4), given the importance of these
figures for triggering fear, and tested whether children would approach them after a
certain period of hesitation (game-development goal; Figure 3). The psychologists on the
project tested children’s fear responses and appraisals of control to overcome their fear of
each of these creatures (intervention-development goal). Contrary to the expectations,
most children found the one-eyed monsters humorous and “cute.” Thus, we chose to use
a two-eyed creatures instead, to ensure we triggered the fearful responses essential for
exposure techniques to work at the intervention level.
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Figure 4. Cat concept design for MindLight.

Another example of a game mechanic that needed repeated prototyping was
neurofeedback. We designed the game so that the calmer children felt while using
relaxation techniques during exposure to fearful events (measured by a one-channel
electroencephalography system (Schoneveld, Lichtwarck-Aschoff, & Granic, 2018;
Schoneveld et al., 2016), the brighter the light in the game would shine; the more anxious
the child felt, the more the light dimmed. A sensitively tuned threshold for when the light
would turn on had to be established: players needed to feel motivated when it was dark
to practice relaxation skills and maintain motivation to regain their calm, but they could
not be so afraid or frustrated that they quit early. Pilot studies helped us identify this
threshold as well as a reasonable pace of increasing the threshold over the course of the
game while maintaining challenge and engagement.
After several iterations to tweak the dynamic adjustment and reward system, a
redesigned beta version (full game coded with 8 hours of gameplay) was used in a series
of RCTs. During this phase (D in Figure 3), the main intervention goals were to use rigorous
experimental designs to test the game’s impact on children’s anxiety symptoms. Results
from four RCTs were reassuring: The data consistently showed significant decreases in
children’s anxiety symptoms, with two of the studies showing similar improvements as
active control (Schoneveld et al., 2016) and treatment-as-usual (Wijnhoven, Creemers,
Engels, & Granic, 2015) studies and two studies showing improvements equivalent to
cognitive-behavioral interventions (Schoneveld et al., 2018; Tsui, 2016), even after longterm follow-up (Schoneveld et al., 2018).
At the same time, we tested critical elements at the game-development level,
including replay ability, engagement, and the likeliness that children would recommend
the game to others. Data showed that children were equally likely to recommend
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MindLight to a friend as one of the most popular commercial games for this age group
(Schoneveld et al., 2016), and they consistently rated the game as fun and engaging
(Schoneveld et al., 2018), suggesting that our prototyping phase was successful. Mediation
studies were also performed to examine whether the training mechanics that were
designed based on evidence-based techniques (eg, exposure and light-based
neurofeedback) were the action mechanisms that explained outcomes and determine if
the results confirmed our hypotheses (Wols, Lichtwarck-Aschoff, Schoneveld, & Granic,
2018). As expected, children reported feeling fearful of the monsters in the game (ie,
exposure worked). More importantly, increases in children’s capacity to shine their
“mindlight” (the light indicating relaxation measured with neurofeedback) across game
sessions predicted reductions in anxiety symptoms 3 months later.
We presented MindLight in this paper as an example to illustrate how the
framework in Figure 3 can be concretely applied to the development and research of a
digital intervention tool for mental health. We also attempted to highlight how the DT
framework was integral to developing an effective digital anxiety intervention tool that
was eagerly played by children repeatedly. Importantly, this framework should be
applicable to a wide range of digital interventions and is certainly not restricted to applied
game development.
Implementation Considerations
The last stage of Figure 3 is the implementation phase with the “gold release”
version of the DMH product, adjusted with insights from the RCTs and mediation studies
and polished for distribution purposes. Related to the second DT tenet, rolling out DMH
interventions requires a multidisciplinary effort (Novins, Green, Legha, & Aarons, 2013).
For digital tools, in particular, we may need to engage more people than stakeholders and
policy makers and consider the unique expertise of marketing experts, business leaders,
and technical support teams. There are crucial issues to be considered with commercially
oriented partners (eg, scientific integrity and conflicts of interest), but if scalability and
broad impact are the aims, marketing and business experts may be key to developing
optimal models of service delivery. In this final stage, at the game-development level, it is
important to consider whether young people discover the games we develop on their own
through their own online search initiatives; whether they are interested in engaging with
our content; whether we can retain that attention and motivate them to practice skills;
and the extent to which they share these DMH programs with peers and family that might
benefit similarly from them. On the intervention-development level, implementation tests
may need to go beyond RCTs. Current technologies rapidly change in a few years, and
there is no reason to believe this rate of change will slow down. In the midst of this rapidly
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shifting technological landscape, the traditional research designs that require
interventions to remain stable across many years may be less practical, useful, and
feasible (Mohr et al., 2015; Murray et al., 2016; Swendeman, Comulada, Ramanathan,
Lazar, & Estrin, 2015). Researchers are reconceptualizing the scientific framework,
methodology, and implementation strategies that might better suit implementation and
outcome studies in the DMH context (Mohr et al., 2015; Murray et al., 2016; Swendeman
et al., 2015). DT and its evaluation practices, with their focus on qualitative and
participatory studies, seem to have some useful recommendations in this regard.
Conclusions
Several reviews have indicated the enormous potential of technology to improve
effectiveness, efficiency, cost, reach, personalization, and appeal of mental health
interventions for young people. However, significant challenges including engagement,
retention, fidelity, lack of personalization, and cognitive load continue to hinder progress
in this field. Thus far, all meta-analyses and reviews have highlighted these barriers but
have not offered any avenues for actionable solutions (Hilgart et al., 2012; Mohr et al.,
2014; Orlowski et al., 2015). We introduced three tenets of DT—empathy,
multidisciplinary ideation, and experimentation—and showed how these mindsets and
practices can inform the development of future digital interventions. We also provided
concrete examples from our work to demonstrate how this new approach can be
implemented for young people and provided some preliminary evidence that it can
improve outcomes and have an impact on engagement. Ultimately, we argued that
integrating DT mindsets and practices with conventional scientific approaches is a
promising avenue through which digital tools can address youth mental health. However,
we are only at the beginning of merging design and science in the mental health arena. As
a discipline, design has been criticized for its lack of quality control, the absence of
systems to evaluate the quality, and standardization or documentation of the various DT
methods (Orlowski et al., 2015; Prud'homme van Reine, 2017). In the future, it will be
critical for social scientists and clinical researchers who are interested in appropriating DT
to use their scientific standards, methods, and review outlets to evaluate the contribution
of DT.
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The most important
lesson I have learned
from playing HitnRun
is that the teamplay
was a proxy for quitting
smoking: I relied on my
team members to be
successful in beating
other teams and
beating smoking”
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Abstract
Smoking is a major cause of worldwide morbidity and mortality. Almost no evidence-based
intervention programs are available to help youth quit smoking. We argue that ineffective
targeting of peer influence and engagement difficulties are significant barriers to successful
youth’ smoking cessation. To address these barriers, we developed the mobile game
intervention HitnRun. A two-armed randomized controlled trial (n = 144) was conducted and
young smokers (Mage = 19.39; SDage = 2.52) were randomly assigned to either play HitnRun
or read a psychoeducational brochure. Prior to, directly following the intervention period,
and after three-month follow-up, weekly smoking behavior, abstinence rates, intervention
dose, and peer- and engagement-related factors were assessed. Results indicated similar
reductions in weekly smoking levels and similar abstinence rates for both groups. Yet, we
found a dose effect with HitnRun only: The longer participants played HitnRun, the lower
their weekly smoking levels were. In the brochure group, a higher dose was related to higher
weekly smoking levels at all measurement moments. Exploratory analyses showed most
powerful effects of HitnRun for participants who connected with and were engaged by the
intervention. Future work should build on this promising potential of HitnRun, by increasing
personalization efforts and strengthening peer influence components.
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Smoking is one of the leading public health problems in the world, each year
killing about seven million people worldwide (WHO, 2018). In the Netherlands alone,
about 20,000 people die due to tobacco-related diseases every year (RIVM, 2016a).
Despite a decrease in the number of Dutch smokers under 16 years, the number of
young smokers between the ages of 16 and 25 has shown a small increase (CBS, 2016;
2017; internationally, there are similar smoking prevalence increases in this age group:
U.S. Department of Health and Human Services, 2014). It is therefore critical to invest
in interventions to help youth quit smoking. In the remainder of this paper, when
we refer to youth we specifically mean the group of adolescents and young adults
between 16 and 25 years of age.
Young smokers have been largely overlooked in intervention research and
policy building (Bader et al., 2007; McClure et al., 2013; Villanti et al., 2010), as the
major burden of smoking-related diseases falls on the adult population (Fanshawe
et al., 2017). Yet, almost all smokers (98%) start smoking before the age of 26 years
(U.S. Department of Health and Human Services, 2012), and the percentage of
effective self-initiated quit attempts among young people is extremely low. Without
intervention very few young people quit smoking (Centers for Disease Control and
Prevention, 2006; Fritz et al., 2008; Lane et al., 2011; Mermelstein, 2003). Crucially,
quitting smoking before the age of 30 reduces more than 97% of the lifelong health
consequences related to smoking (Pirie et al., 2013; Thun et al., 2013).
A recent review on smoking cessation interventions specifically for young
people demonstrated that there is not enough evidence to recommend one specific
intervention model for youth (Fanshawe et al., 2017). Both in the Netherlands and
worldwide, there are not many studies focusing on this at-risk group (Fanshawe et al.,
2017; McClure et al., 2013; Nationaal Expertisecentrum Tabaksontmoediging, 2013),
and the available studies suffer from limitations such as no proven evidence-base,
poor methodological design, or the lack of long-term effects (Fanshawe et al., 2017;
Stockings et al., 2016; Towns et al., 2017; Villanti et al., 2010). The limited evidence
available seems to suggest that complex interventions that address a variety of
mechanisms related to smoking among youth are most promising (Fanshawe et al.,
2017; Gabble et al., 2015). Most of these complex interventions include some sort
of combination of a cognitive behavioral component, a motivational interviewing or
enhancement component, a transtheoretical model of change component, and/or
a social cognitive component, but some studies also include other elements such as
meditation or acupressure. However, it remains unclear which exact mechanism(s)
drive observed effects and how these mechanisms could be effectively targeted
(Fanshawe et al., 2017; Gabble et al., 2015; Waldron & Turner, 2008).
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Barriers to Successful Smoking Cessation for Youth
Our lack of successful change in smoking behavior of young people is likely
because of ineffective targeting of one of the most important predictor of youth’ smoking
initiation and continuation in interventions: peer influence (Gabble et al., 2015; Goodnight
et al., 2006; Kim et al., 2009; Liu et al., 2017; Dishion & Owen, 2002). Substantial research
has documented the profound impacts of peer influence on youths’ development and
well-being (Choukas-Bradley & Prinstein, 2014; Rubin, Bukowski, & Bowker, 2015), and
specifically for smoking behavior: youth are about twice as likely to initiate or continue
smoking if their peers or friends smoke (Liu et al., 2017). Several intervention programs
integrate peer influence processes in one way or another, such as by including social
skill training aimed at helping youth say no to smoking peers, by non-smoking youth
giving support and advice to smoking youth, or by suggesting to spend less time with
their smoking peers (Golechha, 2016; Sussman & Sun, 2009). These programs remain
highly problematic, however, for several reasons: (1) the content is still solely targeted
at the individual instead of a broader peer group (Gabble et al., 2015), (2) imbalanced
relationships between the support-giver and –taker are not helpful (Lenkens et al., 2019),
and (3) these programs instigate high resistance among young smokers (Harakeh & Van
Nijnatten, 2016; Schenk et al., 2018; Wolburg, 2006).
A second important barrier to successful smoking cessation among young
people are difficulties with recruitment and retention of youth to intervention programs
(Villanti et al., 2010). A key underlying reason for these recruitment and retention issues
are youths’ difficulties to find the resources and services they find initially engaging
and relevant to their needs, and that will support them in a way that speaks to their
preferences and modes of learning (Bader et al., 2007; Scholten & Granic, 2019). Young
smokers are a highly heterogeneous group: not only do they differ greatly in their reasons
to smoke and to quit, but also in their backgrounds (McClure et al., 2013; Moran et al.,
2004). For example, youth often define themselves as ‘occasional’ or ‘social’ smokers,
instead of daily smokers (McClure et al., 2013; Moran et al., 2004). Yet, these ‘occasional’
or ‘social’ smokers are usually not invited for smoking cessation interventions, which is
problematic as this intermittent smoking can lead to escalation to established smoking
(Berg & Schauer, 2012; McDermott et al., 2007; White et al., 2009).
Furthermore, youth from lower educational backgrounds are equally likely to
attempt to quit smoking as their higher educated counterparts, but are less successful
and drop out much more often from intervention programs (Hill, Amos, Clifford, & Platt,
2014; Hiscock, Bauld, Amos, Fidler, & Munafò, 2012; Kotz & West, 2009; McCarthy,
Siahpush, Shaikh, Sikora Kessler, & Tibbits, 2016; Springvloet, Kuipers, & Van Laar, 2017).
Smoking cessation research should therefore aim to include a heterogeneous group of
young smokers in cessation trials. Moreover, a one-size-fits-all approach, that ignores
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the different needs and motivations among young smokers, is probably not going to
have major reach among this heterogenous group of youth (Carlson et al., 2018). Taken
together, the lack of targeting peer influences and the mismatch between the design of
intervention programs and the needs of young people strongly suggest novel approaches
are critical to engage young smokers in cessation interventions (McClure et al., 2013; Thrul
& Ramo, 2017).
Intervention Development
The initiation, continuation, and cessation of smoking behavior is influenced by
several mechanisms, including individual (e.g., psychological, cognitive) and contextual
(e.g., social) mechanisms. These mechanisms interact with each other in a complex and
multidimensional way (Unger et al., 2003). The foundation of the current study was
inspired by Tom Dishion’s seminal work on peer influence processes. A transactional
model by Wills & Dishion (2004), accounts for the potential interaction between selfcontrol as individual mechanism, and peer influence as contextual mechanism, on youths’
substance use. In a previous study, we developed a game to train inhibitory control
through a modified version of a Go/No-Go training (Lawrence et al., 2015a; Veling et al.,
2014) to help youth quit smoking. The goal of that study was to test the effects of this
training on smoking-specific inhibitory control and perceived attractiveness of smoking
stimuli, and possible contributions to smoking cessation. Although we found promising
effects on the devaluation of smoking related stimuli through Go/No-Go training, we
had no positive impact on smoking cessation (Scholten et al., under review). We believe
that the lack of effects on smoking behavior could be tackled by dealing with the two
barriers in intervention design described before: the inclusion of peer processes and the
improvements in game design to increase engagement, making the game feel relevant and
fun to youth.
Peer processes
Social interactions take on increased importance in adolescence (Crone & Dahl,
2012) and often provide the context in which youth start to engage in risky behaviors,
such as substance use (Dishion & Owen, 2002). These risky behaviors are often the
consequence of a process called peer contagion, conceptualized as a mutual influence
process between peers that includes behaviors and emotions that potentially undermine
one’s own development or cause harm to others (Dishion & Tipsord, 2011). Peer contagion
works through positive reinforcement between peers: actions or dialogue that receive
a positive response increase in frequency (Dishion & Snyder, 2016). Indeed, a wealth
of research shows that affiliation with deviant peer groups is related to increases in
aggression, and an amplification of problem behaviors, including substance use (Dishion &
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Tipsord, 2011). Yet, these precise peer contagion processes can also be harnessed to
support, amplify, and maintain positive behavioral change. Consistent with principles
of developmental psychopathology more generally, youths’ peer relationships offer
unique contributions for the introduction of support and close bonds, and these
relationships serve as resources that boost youths’ competence as well as a buffer
against stress (Dishion & Patterson, 2006). In particular, we propose that peer
contagion processes can be positively exploited to support young people who are
attempting to quit smoking.
If we are able to ‘infiltrate’ peer systems and instantiate positive peer
contagion processes, this supportive context could trigger long lasting change for
youth (Dishion & Patterson, 2006; Dishion & Snyder, 2016). A particularly promising
way to infiltrate the peer system is through social, digital technologies (i.e., social
media, YouTube, mobile games etc.), given that these are the ubiquitous contexts
currently being used for peer interaction, identity exploration, and social norm
creation (boyd, 2014; Ehrenreich & Underwood, 2016; McFarland & Ployhart, 2015;
Peter & Valkenburg, 2013; Prinstein & Giletta 2016; Subrahmanyam & Smahel, 2010).
Youth are connected with their peers instantaneously and continuously through
interactive media, and this near-constant access provides an enormous amount
of time for both positive and negative reinforcement processes to take hold (for
reviews, see Lenhart, 2015a,b; Nesi et al., 2018). Indeed, the features of digital media
provide unique opportunities to rapidly disseminate content, to promote positive
norms among peers, and to reach youth who feel stigmatized or do not connect with
traditional forms of prevention or intervention (Nesi et al., 2018).
To our knowledge, an intervention that attempts to ‘infiltrate’ the broader
peer system through interactive media for the purposes of supporting smoking
cessation has not been done before. The current study was aimed at designing and
testing a social mobile game intervention that brought together like-minded youth
who wanted to quit smoking, incorporating both cooperative and competitive teambased gameplay. Within their teams, participants publicly committed to quitting
smoking, communicated with each other about their team performance, encouraged
each other to participate, as well as supported each other’s quit attempts.
Engagement processes
To address the mismatch between intervention programs and the needs of
young people, we developed our intervention following design thinking principles and
through a participatory process (Scholten & Granic, 2019). By recruiting smoking youth
from the outset of the design process and by finding out how these youth interact and
seek information, we have a better chance of understanding their situation and design
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an intervention that is engaging, retains attention, and matches their needs (boyd, 2014).
Specifically, we ran focus groups with a diverse group of smoking youth, iterated on several
version of the game, and employed play testing, leading us to two key lessons.
First, we learned that there is a common misconception that youth do not
want to quit smoking because they just started smoking and they are uninformed of the
health consequences of smoking. In fact, young people are just as motivated to quit as
adults (Ramo et al., 2018), yet they are less likely to use the available ‘adult’ evidencebased smoking cessation interventions (e.g., nicotine replacement therapy, medication,
counseling, quit lines) and, instead, try quitting on their own (Curry et al., 2007; Fiore
et al., 2008; Solberg et al., 2007; Thrul & Ramo, 2017). Indeed, young people value selfreliance and self-sufficiency (Lenkens et al., 2019; Schenk et al., 2018), which require both
the capability of insight into your own situation and needs, and the availability of social
capital (Lauriks et al., 2014). Therefore, most youth expressed the wish to quit smoking
using their own ‘strength’ (Bader et al., 2007; Lenkens et al., 2019; Schenk et al., 2018),
and wanted help with their quit attempt, but not when this advice was didactic, outdated,
or boring (Bader et al., 2007).
Second, we discovered that there was a great deal of variability in terms of
where and when young people chose to smoke, suggesting the importance of tailoring an
intervention to youths’ individual preferences. We learned that smoking served several
functions: to cope with stress, to overcome boredom during the day (e.g., waiting for the
bus) and, crucially, to socialize with friends during breaks. Many youth felt ‘captivated’ by
their smoking addiction, and although they knew that most smoking moments were driven
by habitual behavior they could not distract themselves from their feelings of craving.
From these conversations with youth, we designed a game intervention to
serve as a functional replacement for the smoking habit that could be played during
individualized moments of high craving on a mobile phone. Both distraction from feelings
of craving (Kong et al., 2014; Ploderer et al., 2014; Whittaker et al., 2016), and tailoring
an intervention to individual preferences (An et al., 2008; Kong et al., 2014; Vilanti et
al., 2010; Whittaker et al., 2016; Zanis et al., 2011) are practices that are helpful and
recommended to effectively quit smoking.
Design and Hypotheses
In the present pre-registered two-armed randomized controlled trial (RCT) we
examined the effects of HitnRun, a social mobile game, in young smokers who were
motivated to quit smoking. We targeted young smokers ranging from 16 to 26 years of
age, with a specific focus on youth between 16 and 18. In the Netherlands, youth from this
subgroup are often excluded from research as it is legally forbidden to purchase tobacco
under 18 years of age. In addition, many youth between 16 and 18 do not tell their parents
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that they smoke, yet previous Dutch legislation necessitated parental consent for participation
of youth under 18. This legislation changed just after we started recruitment, and therefore
we updated our IRB approval to include participants between 16 and 18 years of age, without
the necessity of parental consent. Furthermore, we aimed to include a diverse group of young
people, ranging from light, intermittent smokers to heavy-dependent smokers (McClure et
al., 2013; Villanti et al., 2010), and ranging from lower educational to higher educational
backgrounds (Hiscock et al., 2012; Springvloet et al., 2017). A psychoeducational brochure,
which is a common intervention for smoking cessation that does not include any components
actively targeted in HitnRun (Boot et al., 2013), was selected as the active control intervention.
We examined the effects of HitnRun, compared to the psychoeducational brochure, on weekly
smoking behavior and abstinence rates, at pre-test, post-test, and three-month follow-up.
We expected that the game group, compared to the brochure group, would show
larger decreases in weekly smoking behavior and higher abstinence rates at post-test and
three-month follow-up. In addition, we expected that we would find a dose-response effect
in the game group: the more time spent playing the game the larger the decrease in weekly
smoking behavior. Furthermore, based on Tom Dishion’s social reinforcement and contagion
research, we aimed to harness the power of the peer system and its potential to support
change processes by including a text-based, peer support component to HitnRun. Our
preliminary, and modest, goal at this early stage was to track how youth naturally used and
navigated through our digital intervention, with a specific focus on the peer-based support
opportunities and engagement properties of HitnRun. We did not have the resources to build
a fully integrated communication system in HitnRun and therefore we resorted to the Google
Hangouts function on participants’ mobile phones that they were encouraged to use to
communicate with their team members. These team-based conversations were expected to be
a rich source of information for exploring the effects of our peer-based design on intervention
dose and smoking behavior. Our intention was to use simple, text-based analytic methods to
investigate whether the frequency of communication with each other, as well as the use and
frequency of certain types of words (e.g., emotion words), would be related to outcomes.
Because HitnRun has never been evaluated or implemented, we also collected
intervention evaluation measures to understand whether our engagement goals were met
and to inform further iterations of the game. In order to consider the design of HitnRun
successful, HitnRun should have been able to engage youth, otherwise our rationale for using
design thinking and participatory design principles is lost. We hypothesized that participants
in the game group would rate the game as more favorable after intervention, compared to the
brochure group. In addition, we predicted that, within the game group, higher game evaluation
scores would be related to higher dose of gameplay and a larger decrease in smoking behavior
over time.
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Materials and Methods
Participants
Youth were recruited through flyers on campus and through online
advertisements on Facebook and Instagram. We also recruited through high schools
and vocational education institutions and administered screening questionnaires with
active consent from participating youth. Our electronic screening questionnaire included
questions about smoking frequency and quantity, environmental smoking, motivation to
quit, demographics, questions related to the exclusion criteria, and if participants wanted
to, their contact details. Screening data were collected between April 2017 and May 2018,
before and during the intervention was carried out. Study inclusion criteria were: (1) aged
16 to 26 years, (2) at least a weekly smoker, (3) motivated to quit smoking for at least four
weeks during study participation (Prochaska et al., 1994), and (4) willing to give informed
consent. Exclusion criteria included: (1) taking psychotropic drugs, and (2) receiving
psychosocial care.
When participants were between 16 and 18 years of age, we asked if their parents
were aware of their smoking. If yes, we asked for their permission to talk to their parents
and inform them about the study. If no, we encouraged youth to talk to their parents
about their smoking behavior and participation in the current study. Yet, we did not force
youth to tell their parents about their smoking behavior, neither did we exclude them from
the study as formally we did not need parental consent for youth of 16 years and older.
We got explicit permission from the ethical committee for this procedure, as we found
it important to include this vulnerable group of youth. In the Netherlands, it is legally
forbidden to purchase tobacco under 18 years of age and therefore many youth between
16 and 18 do not tell their parents that they smoke, which results in youth from this
subgroup often being excluded from research.
In total, 144 young people (54.9% females) took part in the study, with a mean
age of 19 (Mage = 19.39; SDage = 2.52; range = 16-27). We succeeded to include more
participants with a lower education level (56%) than participants with a higher education
level (44%). Participants smoked at least one day per week (M = 6.18, SD = 1.55, range
= 1-7), and smoked on average 71 cigarettes per week (M = 70.63, SD = 47.82, range
= 1-252). Fagerström scores (FTND) were suggestive of moderate levels of nicotine
dependence, M = 2.72, SD = 2.16, range = 0–10 (Heatherton et al., 1991; Vink et al., 2005).
Finally, 63% of participants attempted to quit smoking before, with an average of 2.91 quit
attempts (M = 2.91, SD = 2.44, range = 0-16). All participant characteristics are displayed in
Table 1.
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Sample size
Target sample size was set at 128 participants, based on a priori power analysis
using G*Power 3 (Faul et al., 2007; Repeated Measures Analysis of Variance (ANOVA),
between subjects design; η2 = 0.06, α = 0.05, power = 0.80). In total, 144 young people
were enrolled in the study, allowing for 10% attrition.
Randomization
A blocked randomization scheme was used, as we randomized 12 participants
to one intervention cohort that started the intervention at the same day and time.
Randomization of the cohorts was performed by an independent researcher using random
number generation. The intervention scheme was (0 = brochure intervention; 1 = game
intervention): 0, 1, 0, 1, 1, 0, 0, 1, 0, 1, 0, 1.
Procedure
Data were collected at the Behavioural Science Institute Laboratory of the
Radboud University. Participants were asked to refrain from smoking at least one hour
before the start of the first lab visit (i.e., pre-test). At the first lab visit, participants
provided informed consent and were randomized into either the game group (n =
72) or the brochure group (n = 72). Test procedures lasted approximately 120-180
minutes, with a number of neurocognitive and EEG measures that were administered
as part of a larger research project. The current study focuses on the outcomes to
assess intervention effectiveness, dose-response effects, and peer influence and
engagement factors.
After all testing procedures, participants received an explanation of the
intervention they were randomly assigned to. Participants in the brochure group were
instructed to read the brochure at least once at home during the intervention period,
and were reminded halfway through the intervention period to engage with the
intervention via a personalized email. Participants in the game group were instructed
to play the game at least once per day for 2-5 minutes, and received tailored prompts
to keep them engaged with the intervention and remind them of the purpose of the
game. The official start of the intervention period of four weeks was determined by
the inclusion of twelve participants in one cohort; after twelve participants visited
the lab the complete group was informed about their official quit day with at least a
four day notice. All twelve participants in one cohort quit smoking together at their
official quit date. Participants were allowed to use other smoking cessation aids to
help them stay abstinent during their quit attempt; we asked them to report on these
aids at post-test. Nine participants reported to have used other aids during their quit
attempt, ranging from food-related replacements (lollipops or other candy, oranges,
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chewing gum; n = 4), shisha pens (without nicotine; n = 2), or nicotine replacement
aids (e-cigarette or nicotine patches; n = 3)1.
After the four week intervention period, participants came to the lab for the
second time (i.e., post-test) and completed the same procedure as at pre-test (with the
exception that we added some reading/playing frequency and evaluation questions to
the questionnaire, to get insights about engagement with intervention materials). Three
months after the second lab-visit, participants received a digital questionnaire at home
for follow-up assessment. After filling out the three-month follow-up questionnaire,
participants received course credits or a €60 gift certificate for their participation. Pre-test
and post-test data were collected between September 2017 and August 2018. Followup data were collected between January and October 2018. The current study was
approved by the ethics committee of the Faculty of Social Sciences at Radboud University
(ECSW2017-1303-487; Amendment: ECSW-2017-001) and registered at the Dutch Trial
Register (No. NTR6706).
Loss to Follow-up
At pre-test, 144 youth took part in the study (see Figure 1). The response rate
for the post-test in the lab was 91% (n = 131). Of the thirteen youth that did not show up
for post-test, two were randomized to the game group and eleven to the brochure group.
Although these thirteen people did not visit the lab at post-test, four of them still filled out
the questionnaire part of this study at home (n = 135, response rate = 94%). Two of those
participants were randomized to the game group and two to the brochure group. The
response rate for the three-month follow-up was 97% (n = 135). Of the five participants
that did not complete the three-month follow-up questionnaires at home, zero were
randomized to the game group and five to the brochure group. Of the nine youth that
did not fill out the post-test questionnaire, four did fill out the three-month follow-up
questionnaire.
Attrition analyses were conducted to examine if youth who stayed in the
study and completed the follow-up assessment differed on sex, age, education, study
condition, and baseline weekly smoking levels from youth who were lost to follow-up.
Logistic regression analyses with loss to follow-up as the dependent variable showed no
differences on sex (p = .403), age (p = .256), education (p = .988), study condition (p =
.997), and baseline weekly smoking levels (p = .472).
1

We re-ran our confirmatory analyses without the nine participants that reported to
use additional aids to quit smoking. These results did not differ from the results over
the whole sample, nor did the additional use of smoking cessation aids moderate the
effect of group on smoking outcomes. Therefore, we did not co-vary for the use of
additional smoking cessation aids.
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Assessed for eligibility
(n = 1,394)
Excluded (n = 1,250)
- No contact (n = 889)
- Refused to participate (n = 164)
- Not meeting inclusion criteria:
• No smoker or ex-smoker (n = 78)
• Not motivated to quit (n = 101)
• Medication or treatment (n = 18)

Pre intervention assessment
(n = 144)

Analysis

Post-test and Follow-up

Allocation

Randomization
(n = 144)

Allocated to experimental condition
(n = 72)
• Received experimental intervention
(n = 72)

Lost to post-test (n = 0)

Lost to follow-up (n = 0)

Analyzed n = 71
Excluded from analysis n = 1

Figure 1. Flow of participants through trial.
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Allocated to control condition
(n = 72)
• Received control intervention
(n = 72)

Lost to post-test (n = 9)
•Did not fill out post-test assessments
n=9

Lost to follow-up (n = 5)
•Did not fill out follow-up assessments
n=5

Analyzed n = 72
Excluded from analysis n = 0
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Interventions
Game. The current version of the social mobile game HitnRun is the second
iteration of this game, and is based on a genre usually referred to as a “runner” game.
In runner games, players control an avatar that is running forward continuously while
collecting points along the way by moving the character up-and-down or left-to-right.
The first iteration of HitnRun was fully focused around principles of Go/No-Go training
(Lawrence et al., 2015a; Veling et al., 2014), and was tested on its effects on inhibitory
control and evaluation of smoking stimuli (Scholten et al., under review) and food stimuli
(Poppelaars et al., 2018). In this second iteration of HitnRun, we stuck to the integration of
Go/No-Go training as we found promising decreases in evaluations of smoking stimuli over
time in the game group compared to the brochure group (Scholten et al., under review). In
addition, we added features to the game to ‘infiltrate’ the peers system and to maximize
engagement processes. The most important features of the current version of HitnRun are
described below (see Figure 2).

Figure 2. Screenshots HitnRun game play.

We altered the delivery mode of HitnRun as we brought the game to mobile.
Mobile phones offer resources for coping in high-risk situations when quitters may be
tempted to (re)lapse, as support is available at any time and place (Whittaker et al.,
2016). We wanted HitnRun to serve as a functional replacement for participants’ smoking
habit psychologically and physically (i.e., keeping their hands busy; Struik et al., 2018),
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and therefore we needed a method of delivery that was flexible, portable and relevant.
Smoking is triggered for a variety reasons, such as boredom, stress, or being in the
company of smoking friends (McClure et al., 2013); thus, we designed the game to be
played during individualized moments of high craving, stress, or boredom. The runner
genre lends itself perfectly for short bursts of intensive gameplay (i.e., 3-5 minutes per
session), which is also the approximate time it takes to overcome a craving moment, or
to smoke a cigarette (O’Connell et al., 1998). During pre-test, we put emphasis on this
information: participants were specifically told that these moments only take a short while
and that distracting yourself during those moments helps overcome craving. Furthermore,
we designed tailored prompts that reminded users to play when suffering from high levels
of craving.
These tailored prompts were constructed for each individual separately and
relied on three sources of information. Participants filled out a craving diary in which
they indicated at what exact moments during each week- and weekend day they
experienced high levels of craving and why. In addition, we asked participants for their
top three motivations to quit smoking and wrote them down for them. Finally, we
primed participants to think about their future self as a non-smoker and the benefits
related to that (Scholten et al., 2019). These motivations and future benefits were used
in combination with the craving diary information at pre-test in composing the tailored
prompts that were sent to participants once or twice a day in the first two weeks. As we
expected craving levels to go down over intervention time (Struik et al., 2018), participants
received less emails in the last two intervention weeks.
In addition, we tried to take advantage of the effects of peer influence on smoking
behavior in a supporting and reinforcing way using game-based experiences that were
fundamentally interactive. We brought youth together with like-minded peers who were
motivated to quit. Participants were rewarded for prosocial instead of antisocial behaviors
by using cooperative team-based gameplay; all participants were member of a team of
four people. We applied “friendly” peer pressure in playful nudges to encourage players
to engage with the game, thereby implicitly reminding participants they were all quitting
together. Specifically, each day a bonus could be obtained which was contingent on the
participation of all team members, when one or more team members did not play, no
bonus was given. Competitive team play elements were added to keep up motivation,
commitment and engagement, without us having to resort to didactic or stigmatizing scare
tactics. There were three teams of four members competing against each other who all
had the same quit date (they belonged to the same cohort of 12 participants).
Within teams, players could communicate with each other through the Google
Hangouts function on their mobile phone. Participants were instructed at pre-test to use
this function to motivate their fellow team members to play the game and to seek and
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give support regarding their quit attempt. On average participants played the game 18.86
times (SD = 11.48; range = 0-60); in total, they played 114.26 minutes (SD = 106.07; range =
0-450) over all play sessions.
Brochure. The freely available self-help brochure Wat je zou moeten weten
over stoppen met roken (What you should know about quitting smoking) by the Trimbos
Institute (2014) was provided to participants in the brochure group. This brochure,
designed for the general public, aims to optimally prepare individuals for a quit attempt
by addressing the benefits of quitting smoking, describing the withdrawal symptoms
individuals will probably encounter and how to cope with these, references to specialist
support and supporting methods such as nicotine replacement therapy. Participants
received a digital version of this 16-page brochure, on the day before their official quit
day, to read at least once in the intervention period and more often if they wanted to. On
average participants read the brochure 2.52 times (SD = 1.19; range = 1-6).
Measures
Weekly smoking behavior. Weekly smoking behavior was assessed at pre-test,
post-test, and at three-month follow-up by multiplying two questions, namely a question
measuring the number of smoking days: “How many days per week do you smoke on
average?” and a question measuring smoking quantity per day: “On a day that you smoke,
how many cigarettes do you smoke on average? I smoke approximately … cigarettes a day”.
Abstinence. Abstinence was assessed at post-test and three-month follow-up
by the question: “Have you smoked in the last 24 hours, even if it was just one puff?”.
Participants could answer this question with yes (= 1) or no (= 0).
Intervention dose. At post-test, participants estimated the amount of minutes
they spent on reading the brochure or playing the game (dose). Specifically, they
answered the following question: “How many minutes in total did you spent on reading
the brochure/playing the game?” Participants could respond by typing in a number
representing the dose of reading the brochure/playing the game. Based on a median split,
we created a dichotomous variable indicating either low vs. high dose of reading/play
sessions (i.e., hereafter referred to as dose). In the brochure group the median for dose
was 30 (nlow = 42; nhigh = 19), and for the game group the median for dose was 80 (nlow = 37;
nhigh = 35).
Text-based analyses – game group only. Participants in the game group
could communicate with each other through the Google Hangouts function. The
textual Hangouts data for all participants in the 18 groups was saved and used for
analysis with a computerized text analysis program, Linguistic Inquiry and Word Count
(LIWC2015; Pennebaker, Boyd, Jordan, & Blackburn, 2015). LIWC has been shown to
be a reliable and valid method for measuring psychological constructs, particularly
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emotion (Tausczik & Pennebaker, 2010). A complete list of the standard LIWC2015
scales can be found in the supplementary materials or in the article by Pennebaker
and colleagues (2015).
For our purposes, we extracted the data from LIWC2015 on a group level and
fed that into SPSS to relate the textual data to our outcome variables, weekly smoking
behavior and the dose of game play. Although LIWC2015 can analyze text along more than
90 linguistic dimensions, several categories were excluded from the present analyses. First,
variables were excluded from all subsequent analyses if they were not expected to be
relevant in the current study (Newman, Pennebaker, Berry, & Richards, 2003). Second, any
linguistic variables that were used at extremely low rates (less than 0.2% of the time) were
excluded (Newman et al., 2003). For example, we were interested in the results related to
the categories ‘focus future’, ‘money’, ‘death’, and ‘friend’, but these categories had too
low base rates to be interpreted. The final list of variables that were employed, then, was
reduced to eleven variables.
We were specifically interested in 1) the overall word count (M = 234; SD = 440.13),
as previous work on small groups or communities suggests that group cohesion increases if
more words are used (Leshed, Hancock, Cosley, McLeod, & Gay, 2007). In turn, higher group
cohesion is related to better outcomes (Tamersoy, Chau, & De Choudhury, 2017; Tausczik &
Pennebaker, 2010); 2) emotional tone, as positive affect words are associated with low risk
of smoking relapse (Murnane & Counts, 2014; Tamersoy et al., 2017); 3) first person singular
pronouns, as first person singular pronouns are associated with high risk of smoking relapse
(Tamersoy et al., 2017); 4) first person plural pronouns, as group cohesion increases if more
first person plural pronouns are used (the ‘we can do this’-feeling; Sexton & Helmreich,
2000); 5) second person pronouns, as lower use of second person pronouns is indicative of
lowered social interaction with the greater community and linked to increased risk of relapse
(Tamersoy et al., 2017); 6) impersonal pronouns, as impersonal pronouns might indicate
distancing oneself from their internal state (Collins et al., 2009); 7) social, as the use of social
words is related to better team cohesion (Neubauer, Woolley, Khooshabeh, & Scherer, 2016);
8) affiliation, as affiliation is seen as an indicator of identification with the community one
belongs too (Best, Bliuc, Iqbal, Upton, & Hodgkins, 2018); 9) focus past, as past tense words
are associated with low risk of smoking relapse (Tamersoy et al., 2017); 10) focus present,
as the use of present tense words is associated with high risk of smoking relapse (Tamersoy
et al., 2017); 11) assent, as group cohesion increases if more assent words are used (i.e.,
“agree”, “OK”; Tausczik & Pennebaker, 2010).
Intervention evaluation. Evaluations of each intervention were assessed at
post-test, with five questions related to the intervention participants were assigned to.
Participants responded on a 5-point scale ranging from 1 (totally disagree) to 5 (totally agree)
to the following questions: (1) “I liked to read/play the brochure/game,” (2) “I think that the
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brochure/game is attractive to others,” (3) “What I learn in the brochure/game I can use in
my daily life,” (4) “While I studied/played the brochure/game, I forgot everything around
me,” and (5) “I like the fact that the brochure/game is a brochure/game.” Sum scores were
calculated for evaluations of the intervention participants were assigned to; the minimum
score participants could obtain was 5 and the maximum score 25.
In addition, the intrinsic motivation inventory (IMI; McAuley, Duncan, & Tammen,
1987; Ryan, 1982) was used to assess participants’ subjective experience related to
HitnRun gameplay at post-test. We included the subscales interest/enjoyment (n = 71; α
=.90), perceived competence (n = 71; α =.86), effort (n = 71; α =.79), value/usefulness (n =
71; α =.95), and perceived choice while performing a given activity (n = 71; α =.86), yielding
five subscale scores with excellent reliability scores. Example items for the subscales are
respectively: “I enjoyed doing this activity very much”, “I think I am pretty good at this
activity”, “I tried very hard on this activity”, “I believe doing this activity could be beneficial
to me”, and “I believe I had some choice about doing this activity”. Participants answered
these items on a 7-point scale ranging from “1 = not at all true” to “7 = completely true”.
We performed additional intervention evaluation analyses and report on them in the
supplementary materials.
Strategy of Analysis
Prior to analyses, we checked for outliers in our data (± 3IQR; Walfish, 2006). In
accordance with the intent-to-treat principle (ITT), all participants that were randomized to
a group were included in the weekly smoking and abstinence analyses. Thus, participants
that did not show up for the post-test lab session or did not fill out the three-month
follow-up questionnaire were included as non-abstinent, using the same values as at
pre-test. Therefore, only one participant was excluded from analyses regarding weekly
smoking behavior (outlier), and no participants were excluded from abstinence analyses.
One participant was excluded (outlier) from analyses regarding game dose-response
effects; eleven participants were excluded (two due to outliers; nine due to missing data)
from analyses regarding brochure dose-response effects.
We performed Chi-square tests and independent sample t-tests to examine
whether randomization resulted in an equal baseline distribution of relevant participant
characteristics across the two intervention groups (see Table 1). Significant differences
at baseline were controlled for in our subsequent analyses. In addition, we performed
correlations for the difference scores of weekly smoking behavior from pre-test to
post-test and from pre-test to follow-up, and a variety of measures (i.e., age, education
level, prior gaming experience, nicotine dependence, craving levels, motivation to quit,
expectations, number of smoking friends, and peer environmental smoking) for the whole
sample. Full explanations of how these participant characteristics were measured can be
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found in the supplementary materials. Furthermore, we performed independent sample
t-tests for sex and difference scores of weekly smoking behavior from pre-test to post-test
and from pre-test to follow-up for the whole sample.
Confirmatory analyses
Weekly smoking behavior was analyzed with a Group (brochure vs. game) x Time
(pre-test vs. post-test vs. three-month follow-up) RM-ANOVA comparing group differences
for smoking quantity per week. In addition, we performed Chi-square tests to examine
whether abstinence rates differed between groups (brochure vs. game) at post-test and at
three-month follow-up. Furthermore, we performed analyses for both intervention groups
separately to check for dose-response effects on weekly smoking behavior using two Dose
(low vs. vs. high dose of reading the brochure/number of game play sessions) x Time (pretest vs. post-test vs. follow-up) RM-ANOVA’s on weekly smoking behavior. GreenhouseGeisser corrections were used when the assumption of sphericity was violated. Followup t-tests with a Bonferroni correction for multiple comparisons were employed when
interaction effects were significant. In the supplementary materials, we report on
additional Bayesian RM-ANOVAs and Chi-square tests for all our confirmatory analyses to
inform the interpretation of null findings.
Exploratory analyses
Based on our confirmatory analyses, we found out that the majority of change
in weekly smoking rates took place between pre-test and post-test (overall decrease
of 62% in weekly smoking rates from pre-test to post-test; a small overall increase
of 9% in weekly smoking rates was observed from post-test to follow-up). Because
our exploratory analyses are meant to understand the type of peer processes and
engagement processes that might be beneficial to successful smoking cessation among
young people, we chose to focus exploratory analyses on the time window between
pre-test and post-test where most change took place.
Text-based analyses – game group only. We exported the textual Hangouts
data to SPSS to perform Pearson’s correlations between a difference score of weekly
smoking behavior from pre-test to post-test and a continuous measure of game play
dose, and all LIWC variables except word count and emotional tone. Word count was
not normally distributed and was therefore transformed into a dichotomous variable
based on a median split (median split = 65; nlow = 36, and nhigh = 36; Iacobucci, Posavac,
Kardes, Schneider, & Popovich, 2015). Emotional tone is a summary variable and
includes both positive and negative emotion dimensions; numbers below 50 reflect
a more negative tone, numbers above 50 reflect a more positive tone. Therefore,
emotional tone was transformed into a dichotomous variable excluding missing cases,
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based on this cut-off of 50 (nnegative = 32, and npositive = 24). The differences in sample
sizes are due to the fact that not all participants expressed themselves in the Hangouts
conversations, therefore leading to less data to analyze. Repeated measures ANOVA’s
were used to examine the relation between weekly smoking from pre-test to posttest, and word count and emotional tone. Again, Greenhouse-Geisser corrections
were used when the assumption of sphericity was violated. Follow-up t-tests with
a Bonferroni correction for multiple comparisons were employed when interaction
effects were significant. Independent sample t-tests were used to examine the relation
between game dose, and word count and emotional tone.
Intervention evaluation. An independent samples t-test was performed
to test for differences between groups on intervention evaluation. In addition,
we performed correlational analyses, separate for each intervention group, for
intervention evaluation measures and a difference score of weekly smoking measures
from pre-test to post-test and continuous intervention dose measures. Finally, we
performed correlational analyses for participants’ subjective experience related to
HitnRun gameplay, and a difference score of weekly smoking levels from pre-test to
post-test and game dose.

Results
Table 1 presents descriptive statistics of participant characteristics and outcome
variables per group at pre-test. No group differences were observed at pre-test, indicating
random assignment was successful. In Table 2, we present the correlations between a
range of different participant characteristics and smoking behavior from pre-test to posttest, and from pre-test to follow-up for the whole sample. These correlational analyses
showed that larger decreases in weekly smoking behavior from pre-test to post-test, and
from pre-test to follow-up were associated with lower education level, higher prior gaming
experience, higher baseline nicotine dependence levels, higher motivation to quit at
baseline, and higher exposure to peer smoking. Additionally, greater decreases in weekly
smoking behavior from pre-test to post-test was also associated with higher baseline
expectations. An independent samples t-test for sex and smoking outcomes showed that
males showed larger decreases in smoking behavior from pre-test to post-test (t(142) =
-2.76; p = .007), and this same trend was observed for decreases in smoking behavior from
pre-test to follow-up (t(141) = -1.96; p = .052). Notably, giving the large age range, there
were nevertheless no relations found with age and other variables, including smoking
behavior.
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Confirmatory Analyses
Weekly smoking behavior
A Group × Time RM-ANOVA on number of cigarettes smoked per week revealed
a main effect of Time, F(1.81, 254.95) = 120.43, p < .001, ηp2 = .46, indicating a general
decrease in cigarettes per week from pre-test to follow-up (see Figure 3). There was no
main
effect of Group, F(1, 142) = .00, p = .979, ηp2 < .01, nor an interaction effect for Group ×
Time, F(1.81, 254.95) = .87, p = .412, ηp2 = .01. Thus, contrary to our hypotheses, both
intervention groups showed a steep decrease in number of cigarettes from pre-test to
post-test (p < .001) and a small increase in number of cigarettes from post-test to follow-up
(p < .001), but there were no differences between groups.

90
80

Cigarettes per week

70
60
50
Game

40
30

Brochure

20
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0

Pre-test

Post-test

Follow-up

Time
Figure 3. Cigarettes per week for game group and brochure group.

Abstinence
A Chi-square test revealed no significant effect of group on abstinence levels
at post-test, X2 (1, n=144) = .00, p = 1.000, and follow-up, X2 (1, n=144) = .03, p = .856.
This indicates, contrary to our hypotheses, that there were as many participants in the
brochure group and in the game group that were abstinent at post-test and follow-up (see
Table 3).
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n (%)

Mean (SD)

n (%)

Mean (SD)

Mean (SD)

Mean (SD)

n (%)

Mean (SD)

Sex

Age

Education
level

Prior game
experience

Years of
smoking

Nicotine
dependence

Smoking
frequency

Cigarettes per
week

34 (47.2%)

Female

45 (62.5%)

27 (37.5%)

Game
Group
X2 (1, n=144) = 3.39, p = .065

Test statistic (t-test or Χ2- test)

7 (9.7%)
22 (30.6%)

(Preparatory) higher general
education (i.e., HAVO and HBO)

(Pre-) university education (i.e.,
VWO and WO)

51 (70.8%)

Daily

70.17
(46.05)

21 (29.2%)

Weekly

2.79 (2.21)

4.28 (2.18)

6.30 (8.00)

43 (59.7%)

Vocational education (i.e., VMBO
and MBO)

71.08
(49.85)

48 (67.7%)

24 (33.3%)

2.64 (2.12)

4.03 (2.63)

6.40 (9.00)

25 (34.7%)

10 (13.9%)

37 (51.4%)

t(142) = -.11; p = .910

X2 (1, n=144) = .29, p = .590

t(142) = .94; p = .672

t(140) = .61; p = .545

t(140) = -.07; p = .945

X2 (2, n=144) = 1.17, p = .557

19.63 (2.59) 19.15 (2.45) t(142) = 1.13; p = .262

38 (52.8%)

Male

Brochure
Group

Participant Characteristics and Outcome Variables per Group at Pre-Test

Table 1
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n (%)

Mean (SD)

n (%)

Motivation to
quit

Expectations

Number of
smoking
friends

Exposure
n (%)
to peer
environmental
smoking

Mean (SD)

Craving

1 (1.4%)
10 (13.9%)
43 (59.7%)
17 (23.6%)

A little bit

Neutral

Much

Very much

14 (19.4%)

44 (61.1%)

11 (15.3%)

3 (4.2%)

0 (0%)

32.26
(12.24)

X2 (4, n=144) = 2.35, p = .672

t(142) = -.84; p = .403

25 (41.7%)
19 (31.7%)

Very often (multiple times a day)

56 (77.8%)

Five or more friends

Often (almost daily)

7 (9.7%)

Four friends

11 (18.3%)

4 (5.5%)

Three friends

Regularly (not daily, but weekly)

3 (4.2%)

Two friends

5 (8.3%)

1 (1.4%)

One friend

Sometimes (less than once a week)

1 (1.4%)

No one

24 (37.5%)

15 (23.4%)

11 (17.2%)

14 (21.9%)

54 (75%)

6 (8.3%)

7 (9.7%)

3 (4.2%)

2 (2.8%)

0 (0.0%)

X2 (3, n=124) = 7.22, p = .065

X2 (5, n=144) = 2.27, p = .811

13.10 (4.74) 13.22 (4.71) t(142) = -.16; p = .874

1 (1.4%)

Not at all

30.50
(12.99)
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.16 (.062)
.16 (.014)
.17 (.047)
.10 (.146)
.23 (.001)

7. QSU

8. Motivation to quit

9. Expectations

10. Number of smoking friends

11. Peer environmental smoking

.33 (<.001)

.14 (.039)

.03 (.611)

.13 (.116)

.22 (.001)

.11 (.182)

.35 (<.001)

-.10 (.161)

-.18 (.012)

-.10 (.255)

.30 (<.001)

-.13 (.110)

-.06 (.510)

-.06 (.452)

.25 (<.001)

1

3.

-.11 (.172)

-.10 (.206)

-.21 (.002)

.01 (.910)

-.21 (.002)

-.36 (<.001)

-.22 (.002)

1

4.

-.02 (.783)

.07 (.335)

.11 (.199)

.06 (.423)

-.03 (.717)

.19 (.024)

1

5.

.20 (.007)

.04 (.613)

.20 (.015)

.04 (.586)

.35 (<.001)

1

6.

.16 (.017)

-.05 (.488)

.05 (.529)

.11 (.094)

1

7.

Note. We performed bivariate Pearson correlations for continuous variables; Kendal’s tau correlations were applied for ordinal variables.
p-values are represented between parentheses for each correlation. Significant correlations are bolded.

.28 (.001)
.46 (<.001)

5. Prior gaming experience

6. FTND

-.16 (.017)

.10 (.218)

.09 (.278)
-.18 (.007)

3. Age

4. Education level

1

.71 (<.001)

2.Difference score weekly smoking pretest – follow-up

2.

1.
1

Measure

1. Difference score weekly smoking pretest - post-test

Correlations between Intervention Evaluation Variables and Smoking Outcome Variables

Table 2

.00 (.977)

-.00 (.962)

.11 (.114)

1

8.

.07 (.353)

.02 (.783)

1

9.

.23 (.004)

1

10.

1

11.
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Table 3
Abstinence Rates at Post-test and Follow-up
Post-test
Brochure group

Game group

Total

Abstinence post-test

25

25

50

Non-abstinence post-test

47

47

94

Total post-test

72

72

144

Follow-up
Brochure group

Game group

Total

Abstinence follow-up

22

21

43

Non-abstinence follow-up

50

51

101

Total follow-up

72

72

144

Dose-response effects
Brochure. A Dose x Time RM-ANOVA revealed a main effect of Time, F(1.50,
88.41) = 63.13, p < .001, ηp2 = .52, indicating a general decrease in cigarettes per week
from pre-test to follow-up. Furthermore, a significant effect of Dose was found F(1, 59) =
20.73, p < .001, ηp2 = .26, indicating higher weekly smoking rates for participants reporting
to have invested more time in reading the brochure than participants that invested less
time in reading the brochure (see Figure 4). There was no significant interaction effect for
Dose × Time, F(1.50, 88.41) = 2.52, p = .101, ηp2 = .04.
Game. A Dose x Time RM-ANOVA revealed a main effect of Time, F(2, 138) =
79.50, p < .001, ηp2 = .54, indicating a general decrease in cigarettes per week from pre-test
to follow-up. No significant effect of Dose was found F(1, 69) = 1.47, p = .230, ηp2 = .02. As
expected, a significant interaction effect of Dose × Time was found, F(2, 138) = 3.23, p =
.043, ηp2 = .05. Follow-up tests indicate that only at post-test (not at pre-test or follow-up)
there was a significant difference (p = .027) between low and high dose of gaming
sessions, with lower weekly smoking levels for participants that reported a higher dose of
gaming sessions compared to participants with a lower dose of gaming sessions (see Figure
5). Additional follow-up tests showed that there were significant differences between all
measurement moments for the low and high dose group. All follow-up tests are reported
in the supplementary materials (see Table S2).
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Figure 4. Cigarettes per week for brochure group with brochure dose as moderator.
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Figure 5. Cigarettes per week for game group with game dose as moderator.
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Exploratory Analyses
Text-based analyses – game group only
All correlations between the decrease in weekly smoking behavior and intervention
dose on the one hand, and LIWC categories on the other hand are displayed in Table 4. These
correlations show that more use of first person singular pronouns is associated with larger
decreases in weekly smoking rates from pre-test to post-test and higher dose of gameplay.
More use of second person pronouns is associated with larger decreases in weekly smoking
from pre-test to post-test, and with a higher dose of gameplay. Finally, high usage of assent
words was related to larger decreases in weekly smoking rates from pre-test to post-test.
Interestingly, high use of first person singular pronouns and second pronouns and assent
words seem to co-occur, and are all three related to better outcomes. Thus, more use of first
person singular, second person pronouns, and assent words is related to larger decreases
in weekly smoking rates from pre-test to post-test. No significant correlations were found
for first person plural, impersonal pronouns, past focus, present focus, social and affiliation
categories, and our outcomes.
A Word Count x Time RM-ANOVA revealed a main effect of Time, F(1, 70) =
131.50, p < .001, ηp2 = .65, indicating a general decrease in cigarettes per week from pretest to post-test. No significant effect of Word Count was found F(1, 70) = .05, p = .833,
ηp2 < .01. Finally, a trend of Word Count × Time was found, F(1, 70) = 3.19, p = .078, ηp2 =
.04. Follow-up tests indicated that the decrease in weekly smoking from pre-test to posttest was significant for both participants with a low and high word count. No significant
differences were found between participants with a low and high word count on either
pre-test or post-test.
An Emotional Tone x Time RM-ANOVA revealed a main effect of Time, F(1, 54) =
111.96, p < .001, ηp2 = .68, indicating a general decrease in cigarettes per week from pretest to post-test. No significant effect of Emotional Tone was found F(1, 54) = .16, p = .696,
ηp2 < .01. Finally, no significant interaction effect of Emotional Tone × Time was found,
F(1, 54) = 2.19, p = .145, ηp2 = .04. All follow-up tests are reported in the supplementary
materials (see Table S2).
An independent samples t-test showed a trend between low and high word
count on game dose, t(59.14) = -1.79; p = .079. This indicates that participants using
more words in the Hangouts conversations also played HitnRun for longer durations (M =
136.60, SD = 124.50), than the participants using less words (M = 92.75, SD = 78.74). An
independent samples t-test showed a significant difference between negative and positive
emotional tone on game dose, t(31.42) = -2.36; p = .024. This indicates that participants
that expressed themselves in the Hangouts conversation more positively also played
HitnRun for longer durations (M = 83.98, SD = 70.15), than the participants that expressed
themselves more negatively (M = 158.46, SD = 141.93).
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-.12 (.304)

.31 (.008)

10. Focus present

11. Assent

.17 (.145)

-.03 (.798)

-.10 (.427)

-.04 (.745)

.36 (.002)

-.01 (.905)

.27 (.021)

.51 (<.001)

-.12 (.298)

-.10 (.385)

-.20 (.093)

-.20 (.087)

-.15 (.223)

.63 (<.001)

-.15 (.203)

1

3.

-.13 (.270)

-.01 (.912)

-.20 (.100)

.96 (<.001)

.96 (<.001)

.14 (.238)

-.02 (.902)

1

4.

.49 (<.001)

-.03 (.825)

-.17 (.159)

-.05 (.666)

-.01 (.937)

-.07 (.564)

1

5.

-.13 (.270)

.80 (<.001)

-.16 (.185)

-.00 (.983)

.20 (.092)

1

6.

Note. p-values are represented between parentheses for each correlation. Significant correlations are bolded.

-.06 (.602)

9. Focus past

-.02 (.844)

-.07 (.584)

-.05 (.693)

.23 (.050)

-.19 (.112)

5. Second person pronouns

6. Impersonal pronouns

7. Social

-.06 (.594)

4. First person plural
pronouns

8. Affiliation

-.00 (.996)

.27 (.025)

3. First person singular
pronouns

1

.39 (.001)

2. Dose

2.

1.

1

Measure

1. Difference score weekly
smoking pre-test - post-test

Correlations between LIWC Categories, Weekly Smoking Levels, and Game Dose

Table 4

-.15 (.208)

.03 (.829)

.00 (.983)

.97 (<.001)

1

7.

-.14 (.224)

-.14 (.239)

.05 (.689)

1

8.

-.17 (.163)

-.08 (.532)

1

9.

.14 (.259)

1

10.

1

11.
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.12 (.370) .05 (.690) 1

3. Intervention Evaluation
1

.84 (<.001)

.34 (.006) .22 (.062)

1

.64 (<.001)

.46 (<.001)

.30 (.010)

-.00 (.982)

5.

.29 (.013)

.21 (.074)

7.

1

1

.28 (.020)

.76 (<.001) .26 (.032)

.67 (<.001) .48 (<.001)

.58 (<.001) .57 (<.001)

.39 (.001)

.10 (.393)

6.

1

.53 (<.001)

.52 (<.001)

.47 (<.001)

.72 (<.001)

.75 (<.001)

.30 (.012)

.23 (.052)

8.

Note. Numbers above the diagonal represent correlations for the game group only, whereas number below the diagonal represent
correlations for the brochure group only.
IMI = Intrinsic Motivation Inventory; IMI scores were not obtained for the brochure group.
p-values are represented between parentheses for each correlation.
Significant correlations are bolded.

8. IMI - Value

7. IMI – Perceived Choice

6. IMI – Effort

5. IMI – Perceived
Competence

4. IMI – Interest

.25 (.050) 1

2. Dose

4.

.38 (.001) .15 (.219) .08 (.523)

1

3.

1. Difference score weekly
smoking pre-test - posttest

2.

1.

Measure

Correlations between Intervention Evaluation, Weekly Smoking Levels, and Intervention Dose

Table 5
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Intervention evaluation
An independent samples t-test showed a significant difference between the game
group and the brochure group on intervention evaluation, t(124) = -2.50; p = .014. This
indicates that participants in the game group rated the game intervention more favorable
(M = 15.21, SD = 4.10), than the participants in the brochure group rated the brochure
intervention (M = 13.49, SD = 3.53). Separate correlational analyses were performed for
each intervention group for intervention evaluation, and the difference score of weekly
smoking behavior from pre-test to post-test and a continuous measure of intervention
dose (see Table 5). In line with our previous RM-ANOVA findings, we found that a higher
dose of gameplay was associated with larger decreases in number of weekly cigarettes
from pre-test to post-test. No significant correlations were found between decreases in
weekly smoking from pre-test to post-test and the dose of reading the brochure.
In addition, a higher intervention evaluation within the game group was
associated with a higher dose of HitnRun gameplay. In contrast, the correlations within
the brochure group showed no relation between the dose of reading the brochure and
intervention evaluation. No direct correlations were found between decreases in weekly
smoking from pre-test to post-test and intervention evaluation in either group. Finally,
the intrinsic motivation inventory variables did not correlate with weekly smoking
measures, but with dose of gameplay. Specifically, higher dose of gameplay was associated
with higher perceived competence, effort, perceived choice, and value (see Table 5). In
addition, higher intervention evaluation was related to higher levels of interest, perceived
competence, effort, perceived control, and value.

Discussion
The current two-armed RCT tested the effectiveness of the social mobile game
intervention HitnRun in young smokers who were motivated to quit smoking. The
game intervention was compared to an active brochure intervention to test effects on
weekly smoking and abstinence rates, as well as dose-response effects. Contrary to our
expectations, no differences were found between participants in the game and brochure
intervention on weekly smoking behavior and abstinence rates. Yet, we did find a doseresponse effect for the game group only: participants that played HitnRun for a longer
period of time over all gaming sessions, also showed lower weekly smoking levels than
participants that played HitnRun for a shorter period of time at post-test. This effect faded
away, however, at the three-month follow-up. In the brochure group, we only found that
participants that read the brochure for longer periods of time, also reported higher levels
of weekly smoking behavior at all measurement moments.
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Although we hoped to find stronger beneficial effects of HitnRun on weekly
smoking levels and abstinence levels over time, we know that smoking cessation in this
group of young smokers is very hard to reach, especially since the majority of this group
had a lower education level (Hill et al., 2014; Springvloet et al., 2017). Nevertheless, we
were able to help 35% (post-test) and 30% (three-month follow-up) of all participants quit
smoking in this study, which is high compared to other studies that estimate 9% abstinence
rates following interventions (Fanshawe et al., 2017; Nationaal Expertisecentrum
Tabaksontmoediging, 2013; Sussman, Sun, & Dent, 2006). Also, we were able to reach
youth that are difficult to recruit and retain in smoking cessation trials: largest effects
on smoking behavior were established within a group of participants that had a lower
education level, were more severely addicted, and were more exposed to peer smoking
(these effects are mostly driven by the game group; see Table S1 in the supplementary
materials). Altogether, it seems that we have been quite successful in both intervention
groups to help youth quit smoking.
The equal improvements in weekly smoking behavior and abstinence rates
in both groups can be understood in two ways. First, as parts of this study took place
in a controlled research environment with multiple “live” contact moments between
participants and researchers, non-specific factors, such as motivation to quit smoking,
expectations, “therapeutic” alliance, and mindset, may have played a large role in
boosting smoking cessation in both intervention groups (Boot et al., 2013; Crum,
Leibowitz, & Verghese, 2017; Crum & Phillips, 2015; Dweck, 2006; McCuller et al., 2006;
Newman, Szkodny, Llera, & Przeworski, 2011). For example, it may be that our ‘casual’
talks with participants during pre-test and post-test measurements, whereby we tried
to be independent and non-judgmental listeners to their stories and to understand
their personal reasons and needs to quit smoking, might have been effective by actively
supporting this highly motivated group of participants to help them quit smoking (Lenkens
et al., 2019; Schenk et al., 2018). These non-specific effects can be very valuable (Crum
et al., 2015; 2017), but they indeed may have limited the impact of the game mechanics
specifically, which may have been found with an otherwise wait-list control. Future studies
will benefit from measuring these non-specific factors, to disentangle such alternative
explanations.
The second explanation for equal improvements in both groups is related to the
design of our study: in RCT’s, participants are randomized to different treatment groups
to ensure that they do not differ in any systematic way (Suresh, 2011). Although there are
multiple very good reasons to use RCT designs, this design also contradicts the designthinking principles that likewise guide our work. In an RCT, participants are randomized
to take part in one of two interventions with which they do not necessarily connect.
In contrast, according to participatory-driven design principles, participants should be
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matched to interventions that best fit their preferences, demographics, personalities,
and needs (Scholten & Granic, 2019). In our study, participants that liked playing games
benefitted most from this game intervention, as substantiated by the positive association
between prior game experience and decreases in weekly smoking over time (see Table
S1 in the supplementary materials). Exactly because of this reasoning, we planned the
dose-response analyses because they give us more insight into the potential connection
participants had with the intervention.
As expected, higher game play dose was related to larger decreases in weekly
smoking levels from pre- to post-test, but this effect faded over the three-month followup. It is promising that we were able to motivate a hard-to-reach group of young smokers
to be involved in the game intervention and thereby helping this subgroup to reduce
smoking, especially since there are almost no evidence-based interventions available at
this moment (Fanshawe et al., 2017; Nationaal Expertisecentrum Tabaksontmoediging,
2013). Although promising, we were not able to maintain this positive effect on smoking
behavior over the three-month follow-up period. Therefore, we need to strengthen the
intervention itself and additionally maybe add booster sessions over longer follow-up
periods in order to show long-term intervention effectiveness (Hale, Fitzgerald-Yau, &
Viner, 2014).
While we did not have strong expectations regarding a dose-response effect for
the brochure group, we found that participants that read the brochure for longer periods
of time surprisingly reported higher levels of weekly smoking behavior at all measurement
moments. It might be that highly motivated participants in the brochure group, who were
also suffering from high craving, high nicotine dependence levels, and multiple friends
smoking in their environment etc., tried to cope with those feeling by reading the brochure
very often, but the brochure was not a strong enough intervention to help them. This
explanation is supported by the fact that of the thirteen participants that dropped out
at post-test, eleven were randomized to the brochure group and only two to the game
group. To further investigate the type of peer processes and communication that might
be underlying the beneficial effects of playing HitnRun, we explored potential peer-based
game factors that could have affected smoking outcomes.
Peer Processes
HitnRun was designed to bring together like-minded youth who wanted to quit
smoking to instantiate a supportive peer context that could trigger long lasting smoking
cessation. Our text-based exploratory analyses of communication between teams were used
to investigate the affordances of these peer-influence based game factors on smoking behavior
and game dose. We found that participants that used more first person singular pronouns
and second person pronouns, also played HitnRun more often and showed larger decreases
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in weekly smoking rates from pre-test to post-test. These results might reflect participants’
increased levels of self-disclosure, which in turn promotes closeness to others (Laurenceau,
Barrett, & Pietromonaco, 1998; Rankin-Esquer, Burnett, Baucom, & Epstein, 1997).
Empirical studies show that the use of first person singular pronouns is related
to conversational engagement, informal and socially oriented communication, emotional
disclosure, and psychological closeness (Pennebaker & King, 1999; Pennebaker, Mehl,
& Niederhoffer, 2003; Seih, Lin, Huang, Peng, & Huang, 2008). Second person pronouns
are found to stimulate the dialogue one can have with oneself in the form of self-support
(Seih et al., 2008). This social cohesion and support hypothesis is also corroborated by our
findings that the use of more positive and more assent words is related to higher doses
of HitnRun gameplay and better smoking outcomes respectively. Previous literature has
shown that more positive and endorsing language towards each other is related to higher
levels of agreement, responsiveness, and cohesion (Tausczik & Pennebaker, 2017), and
that, in turn, group cohesion is related to better outcomes (Tamersoy et al., 2017; Tausczik
& Pennebaker, 2010). In sum, these exploratory analyses suggest that creating a cohesive,
supportive, and positive peer context can indeed help youth successfully quit smoking.
Engagement Processes
Through the design of HitnRun we attempted to address the mismatch between
current intervention programs and the needs of young people. Overall, HitnRun was
evaluated more positively than the brochure. It is very important that we found that
HitnRun was able to engage youth, otherwise our rationale for using design thinking
and participatory design principles would have been lost. Within the brochure group, no
relations were found between intervention evaluations, and dose and weekly smoking
levels. Within the game group, intervention evaluation measures were not consistently
and convincingly related to decreases in weekly smoking levels from pre-test to posttest, yet higher doses of HitnRun (i.e., more time playing the game) gameplay was
associated with higher intervention evaluation, and higher perceived competence, effort,
perceived choice, and value. Probably, the more participants connected with HitnRun,
operationalized by higher intervention evaluations, the more time they invested in playing
it, which in turn could have led to better smoking outcomes. In sum, HitnRun seems to
have provoked feelings of autonomy, competence, and relatedness, thereby not only
motivating individuals to play more (i.e., dose), but also enhancing psychological wellbeing
or changing behavior (Baranowski, Baranowski, Thompson, & Buday, 2011; Orji, Mandryk,
& Vassileva, 2017; Przybylski, Rigby, & Ryan, 2010; Ryan et al., 2006).
Although promising, these results only inform us about engagement of participants
in the game group compared to the control group, but that does not directly translate into
engagement success or retention of engagement over time. Based on qualitative interviews
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with participants at post-test, we learned that participants got annoyed by technical
difficulties that sometimes came up during HitnRun gameplay. Furthermore, participants
reported that four weeks of HitnRun gameplay was a bit long, which was also substantiated
by a decrease in number of game play sessions over time, demonstrated by our back-end
data analytics. Probably, this was due to the repetitiveness of the same elements of the
game, as we did not add new content to HitnRun over the intervention weeks. Thus, to
retain engagement of participants over time, the next iteration of HitnRun should deal
with the technical issues reported by the participants and new content should be added to
improve replay ability of HitnRun. All of these peer-process and engagement-process findings
encourage us to explore further participant and intervention characteristics that lead to
beneficial effects for specific subgroups of young people.
Limitations
A first limitation of the current study is the length of follow-up measurements.
While setting up this study, a lot more time and resources than expected went into the
actual game design, which required a great deal of multidisciplinary collaborations and
applying (new-to-us) design thinking principles to maximize youth engagement. Thus, due
to unexpected time constraints, we were only able to include a three-month follow-up for
this trial. Preferably, we would have included a six-month and even a one-year follow-up
to find out whether effects lasted over longer periods of time, and we strongly suggest
to include longer time follow-ups for future studies (as also recommended by Fanshawe
et al., 2017; Garrison et al., 2003; Simon et al., 2015; Stockings et al., 2016; Villanti et al.,
2010).
Another limitation is the strong reliance on self-report data, which may have led
to an overestimation of our results because of shared method variance (Kim & Cicchetti,
2010). In the current study it was difficult to include other informants (De Los Reyes,
2011; Hunsley & Mash, 2007; Mash & Hunsley, 2005), such as parents, because many
parents were not aware of the smoking status of their child. Including parental ratings
would exclude a large group of youth from our trial, as they would not have participated
if parental contact was mandatory. However, we strongly endorse the use of additional
informants in future studies (Cicchetti, Ackerman, & Izard, 1995; Kobus, 2003; Zeman,
Klimes-Dougan, Cassano, & Adrian, 2007), especially if future studies include existing peer
groups as part of the intervention (Foster, Linehan, Kirman, Lawson, & James, 2010; Maher
et al., 2014). If youth who already know each other within established peer groups could
be recruited to participate, we could mimic conditions similar to young people’s real-world
digital social experiences, allowing for the potential of almost limitless peer-to-peer social
support, as well as the potential to incorporate assessments from multiple informants
(Vandelanotte & Maher, 2015).
287

Chapter 7

Furthermore, if possible, we recommend biochemical verification of smoking
behavior, such carbon-monoxide (CO) levels in breath, or cotinine levels in saliva,
blood, urine, or hair (Deveci, Deveci, Açik, & Ozan, 2004; Florescu et al., 2009).
However, biochemical verification often contrasts with other intervention aims we
have such as anonymity and accessibility, especially in future studies testing the
effects of HitnRun ‘in the wild’. Therefore, we also suggest to work towards the use of
ecological momentary assessment (Shiffman, 2009) and, in the near future, passive
assessment of smoking behavior through mobile phones (Lind, Byrne, Wicks, Smidt, &
Allen, 2018).
Finally, although we did not find any significant associations between our
smoking outcome measures and age, we did include a broad range of ages in our
sample. A more narrow age range would not only make more sense developmentally,
but might also have implications for the intervention game design. In the design
process of the current version of HitnRun we could work around the broad age
range by inviting youth of different ages to our focus groups and iterative testing
sessions, and by choosing the ‘casual’ runner genre as the basis for HitnRun as we
know this game genre is ‘age-independent’ and runner games are equally played by
children, adolescents, and adults (Parkin, 2013). Yet beyond these efforts, the needs,
motivations, and preferences of a 16-year old adolescent to smoke or quit smoking
probably differ from those of a 25-year old young adult, and these needs, motivations,
and preferences were the basis of the design of HitnRun as well (Scholten & Granic,
2019). By narrowing down the age range, we may be able to address more specifically
the needs, motivations, and preferences of youth, thereby trying to understand
peer and engagement processes even better for this specific sub-group to hopefully
increase our chance for successful smoking cessation.
Future Intervention and Game Design Implications
We found evidence for a dose-response effect and our exploratory analyses
have given us an important perspective on who benefited most from HitnRun. We
are encouraged by these results because they provide concrete directions to further
iterate on the game. It is one of the most difficult assignments to effectively provide
opportunities for social connection in the context of young adult smoking cessation
(Struik et al., 2018), and we succeeded partly: we showed that for those who
connected with and were engaged by the intervention the effects on smoking behavior
were the largest. Though, this also means that there was a group of young people that
we did not reach and that did not connect with our intervention. Some participants
did not use the peer support opportunities of HitnRun, or did not like playing games or
our game specifically.
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Our next challenge is to find out how we can further promote players’
connections to and engagement with the intervention. For example, we could encourage
conversations with other team members by designing in-game incentives or by priming
players to think about their future selves more concretely through playful photo-sharing
mechanics that help them visualize themselves as older. Yet, there is also a group of
youth that will probably never connect with HitnRun, and for these youth there should
be other intervention possibilities available to help them quit smoking. We will need a set
of experimental studies to find out for whom HitnRun is a suitable intervention option.
Screening tools can then be deployed to target at-risk individuals with recommendation
algorithms that can offer HitnRun as their best option for successful quitting. For those
with different screening characteristics, different resources including face-to-face coaching
or other options could be offered. Furthermore, we need to find out which factors
amplify connection to and engagement with HitnRun, and whether youth would pick up
HitnRun themselves, before we move on to an ultimate implementation trial. Within these
experimental studies we need to move beyond RCTs towards more creative or appropriate
designs, such as machine learning approaches that can be used to develop just-in-time
adaptive interventions (Fisher & Soyster, 2019) or single-case experimental designs
(Wolery, Dunlap, & Ledford, 2011) to evaluate the effectiveness of different versions of
interventions on participants and make decisions about which of those versions is most
effective. Our ultimate goal is to develop a suite of interventions, from which youth have
the opportunity to choose the product, digital or otherwise, that best fits their needs and
can empower them to change their behavior.
The next iteration of HitnRun should incorporate ecological momentary
assessments, instead of the retrospective reporting in the current study, to track mood,
smoking moments, and craving over time in the month before the quit date (Fisher &
Soyster, 2019; Lind et al., 2018). This information can be fed back into the game system,
which then automatically prepares the personalized triggers that will be sent to the
participants during the intervention period (Fisher & Soyster, 2019). Furthermore,
the game system itself will incorporate a messaging system that allows participants to
communicate with their team members, and this messaging system will also deliver
feedback to the teams about their and other teams’ performance.
The basis of the current study was inspired by Tom Dishion’s seminal work
on peer influence processes. The next step would be to use more sequential, timeseries type of data collected within the game system of HitnRun, to identify the same
types of social learning mechanisms that predicted peer support which, in turn,
predicted outcomes like substance use many years later (Dishion, Capaldi, Spracklen,
& Li, 1995; Dishion & Tipsord, 2011). This more fine-grained analysis can give us
specific suggestion of how to iterate on the peer chat function in the game, providing
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youth with more opportunities to seamlessly support, and socially reinforce positive
behavioral change and, conversely, minimize reinforcement of antisocial talk (e.g.,
about smoking potential or cravings).
Another important and related design iteration is the upgrade in personalization
of HitnRun. Personalization is consistently mentioned as one of the biggest advantages
of digital solutions, but has not been realized in many game-based interventions (Orji
et al., 2017; Scholten & Granic, 2019). Also within the current version of HitnRun only
the tailored messages were personalized, and we believe that we need to optimize this
to reach more young people and strengthen the potential of HitnRun. The next version
of HitnRun could start with an empty picture library: during the month before the start
of the intervention participants will be prompted by the game system to take selfies
of themselves smoking, these selfies will be included in the picture library as “no-go”
pictures. Then, when the intervention period starts, they will be prompted to take selfies
of themselves not smoking, these pictures will be included as “go” pictures. When playing
this new version HitnRun, participants will repeatedly respond to their own personal
pictures that will be updated over the intervention period, whereas they will not respond
to “their previous self” over and over again.
Conclusion
In conclusion, the current study revealed equal improvements in weekly smoking
behavior and abstinence rates for the game and brochure group. Yet, the game group
showed a dose-response effect directly after the intervention, which faded over the threemonth follow-up. Thus, when participants connected with the game intervention and
played it for longer periods of time, they also reported lower smoking levels. Exploratory
analyses showed that most powerful effects for HitnRun on weekly smoking levels over
time were found for those who connected with and were engaged by the intervention.
It is promising that we were able to help a sub-group of hard-to-reach young
people quit smoking, especially since HitnRun was most successful in a group of
participants with lower education levels, that were more severely addicted, and were
more severely exposed to peer smoking, but yet also had a higher motivation to change.
Future work should build on the potential of HitnRun, by increasing personalization efforts
and strengthening peer influence components, advancing the aim of developing a multicomponent intervention that is dynamically adjustable to individual needs to reach as
many young people as possible.
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Supplementary Materials Chapter 7
S1. LIWC categories
LIWC calculates an overall word count of the text file, four summary language
variables (analytical thinking, clout, authenticity, and emotional tone), three general
descriptor categories (words per sentence, percent of target words captured by
the dictionary, and percent of words in the text that are longer than six letters), 21
standard linguistic dimensions (e.g., personal pronouns, impersonal pronouns, articles,
conjunctions, verbs, etc.), 41 word categories tapping psychological constructs (e.g.,
affect, cognition, biological processes, drives, etc.), six personal concern categories
(e.g., work, home, leisure activities, etc.), five informal language markers (assents,
fillers, swear words, non-fluencies, netspeak), and 12 punctuation categories (e.g.,
periods, comma’s, etc.).
S2. Correlation analyses
We correlated a variety of participant characteristics (i.e., age, education
level, prior gaming experience, nicotine dependence, craving levels, motivation to quit,
expectations, number of smoking friends, peer environmental smoking), for the brochure
group and game group separately, with difference scores of weekly smoking behavior
from pre-test to post-test and from pre-test to follow-up, and with intervention dose. In
addition, we performed independent sample t-tests for sex and all outcome variables for
the brochure and game group separately.
S2.1. Additional measures
Prior gaming experience. Prior game experience was assessed at pre-test with the
question: “On average, how many hours per week do you play video games?” Participants
could respond by typing in a number (up to 2 decimals) representing the number of hours
they generally play video games.
FTND. The Dutch version of The Fagerström Test for Nicotine Dependence (FTND;
Vink et al., 2005) was used to measure nicotine dependence at all measurement moments.
The FTND is a 6-item questionnaire, including some items that are answered on a 4-point
scale, and other items that are yes (=1) or no (=0) questions. An example item is: “Do you
find it difficult to refrain from smoking in places where it is forbidden?”. The FTND showed
acceptable reliability in previous research and correlated significantly with number of
cigarettes smoked per day in a Dutch sample (Vink et al., 2005). Internal consistency of the
FTND items in the present sample was acceptable (pre-test: n = 144, α =.67; post-test: n =
68, α =.72; follow-up: n = 118, α =.64).
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QSU. The Questionnaire of Smoking Urges (QSU-Brief; Cox et al., 2001; Tiffany &
Drobes, 1991) was assessed to measure subjective craving to smoke at all measurement
moments. The QSU-Brief consists of ten items answered on a 7-point likert scale ranging
from “strongly disagree” (=1) to “strongly agree” (=7). An example item is: “I would do almost
anything for a cigarette now?”. The QSU showed good psychometric properties in a Dutch
sample (Littel et al., 2011). Internal consistency of the QSU-Brief items in the present sample
was high (pre-test: n = 144, α =.91; post-test: n = 135, α =.93; follow-up: n = 135, α =.94).
Motivation to quit. Motivation to quit was assessed at pre-test, post-test and
at three month follow-up by the question: “Indicate to what extent you are currently
planning to quit smoking”. Participants answered this question on a 5-point scale ranging
from 1 (not at all) to 5 (very much). When participants were abstinent at post-test and/
or follow-up they answered the question: “Indicate to what extent you are currently
motivated to stay abstinent”.
Expectations. Expectations for the effectiveness of each intervention were primed
and assessed at pre-test. This was done to rule out participants differing expectations as
explanation for potential group differences on outcome measures (Boot et al., 2013; Crum
& Phillips, 2015). Participants were presented with brief descriptions of each intervention
highlighting their potential for strengthening control to prime equal expectations.
Participants then indicated on a 6-point scale ranging from 1 (not at all) to 6 (very much)
to what extent they thought that the brochure and the game would make them (1)
“quit smoking,” (2) “smoke less impulsively,” (3) “have more control over their smoking
behavior,” (4) “be more motivated to quit smoking,” and (5) “experience less pressure from
your social environment to smoke.” Sum scores were calculated for expectations related to
the intervention participants were assigned to.
Number of smoking friends. To assess the number of smoking friends we used
the question at pre-test: “How many of your friends smoke?” that could be answered on
5-point scale (1 = no one; 5 = five or more friends).
Peer environmental smoking. To measure the extent to which participants’
friends smoke in their environment we used the question at pre-test: and “How often do
your friends smoke when you are around?” that could be answered on a 4-point scale (1 =
sometimes; 4 = very often).
S2.2. Results correlations
All correlations between our outcome measures and the participants
characteristics for the brochure group and game group separately are displayed in Table
S1. For the game group only, larger decreases in weekly smoking behavior from pre-test
to post-test were associated with higher age, lower education level, higher prior gaming
experience, higher baseline nicotine dependence levels, higher exposure to peer smoking,
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and (borderline significant) higher motivation to quit at baseline. Greater decreases in
weekly smoking behavior from pre-test to follow-up were related to a higher age, higher
prior game experience, higher baseline nicotine dependence levels, and higher motivation
to quit at baseline. A higher game dose was related to higher prior gaming experience,
higher baseline nicotine dependence levels, and higher expectations of the game. For
the game group, no significant differences between males and females were found on
decreases in weekly smoking behavior from pre-test to post-test (t(70) = -1.17; p = .245),
and from pre-test to follow-up (t(69) = -1.57; p = .120), and dose (t(70) = -1.48; p = .145).
For the brochure group only, greater decreases in weekly smoking behavior
from pre-test to post-test were related to higher prior game experience, higher baseline
nicotine dependence levels, and a higher number of smoking friends. Greater decreases
in weekly smoking behavior from pre-test to follow-up were associated with higher prior
game experience, higher baseline nicotine dependence levels, and (borderline significant)
baseline craving levels. A higher brochure dose was related with a lower age, a lower
education level, and higher baseline nicotine dependence levels. For the brochure group,
an independent samples t-test showed a significant difference between the males and
females and decreases in smoking behavior from pre-test to post-test, t(70) = -2.81; p =
.006. This indicates that males (M = 53.50, SD = 45.51) showed a larger decrease in the
number of weekly smoked cigarettes than females (M = 27.31, SD = 31.35). No significant
differences were found for sex and decreases in smoking behavior from pre-test to followup (t(70) = -1.12; p = .268), and dose (t(59) = -1.82; p = .073).
S2.3. Discussion correlation analyses
We were specifically interested in potential non-specific factors that could have
could have led to lower smoking rates irrespective of the intervention group participants
were randomized to. In this study, we measured the motivation to quit smoking and
the intervention expectations that participants had before the start of the intervention
and correlated them with our outcome measures. As can be seen in Table S1, higher
motivation to quit was on a trend level related to decreases in weekly smoking rates from
pre-test to post-test and follow-up in the game intervention group, and on a trend level
related to decreases in weekly smoking rates from pre-test to follow-up in the brochure
intervention group. Higher expectations were only related to high intervention dose in the
game intervention group.
S3. Additional intervention evaluation analyses
Evaluations of each intervention were assessed at post-test, with five questions
related to the intervention participants were assigned to. Participants responded on
a 5-point scale ranging from 1 (totally disagree) to 5 (totally agree) to the following
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questions: (1) “I liked to read/play the brochure/game,” (2) “I think that the brochure/game
is attractive to others,” (3) “What I learn in the brochure/game I can use in my daily life,” (4)
“While I studied/played the brochure/game, I forgot everything around me,” and (5) “I like the
fact that the brochure/game is a brochure/game.” We performed five separate independent
samples t-tests to obtain a more fine-grained overview of the evaluation of both interventions.
Next to the intervention evaluation questions that were asked for both intervention
groups, there were three questions only answered by participants in the game group that
evaluated specific game features. Participants responded on a 10-point scale ranging from 1
to 10 to the following questions: 1) “Which grade do you give for the look of the game?;” 2)
“Which grade do you give for the game experience?;” 3) “Which grade do you give for the
game in total?” We performed correlational analyses for the three game grading questions and
a difference score of weekly smoking levels from pre-test to post-test and game dose.
S3.1. Results additional intervention evaluation analyses
The independent samples t-tests for the five separate intervention evaluation items
showed that participants in the game group rate the game significantly higher, compared to
the brochure group, on how attractive they find the game (t(128) = -2.82; p = .005; Mgame =
3.54, SDgame = .86; Mbrochure = 3.08, SDbrochure = .99), and how much they like the fact that the
intervention is a game versus a brochure (t(127.32) = -3.07; p = .003; Mgame = 3.30, SDgame = 1.26;
Mbrochure = 2.69, SDbrochure = .97). No differences between intervention groups were found for
how much participants liked the intervention (t(127.85) = -1.60; p = .112; Mgame = 3.27, SDgame
= 1.24; Mbrochure = 2.97, SDbrochure = .92), and how well the game or brochure was able to help
participants forget the environment around (t(131.78) = -1.43; p = .154; Mgame = 2.45, SDgame =
1.21; Mbrochure = 2.17, SDbrochure = 1.03). Interestingly, there was one question were an opposite
effect was found: participants in the brochure group rated the brochure to be more useful in
their daily life, compared to participants in the game group (t(132) = 2.65; p = .009; Mgame =
2.28, SDgame = 1.10; Mbrochure = 2.79, SDbrochure = 1.14).
If we then split our dataset based on group, we looked at correlations between the
five separate intervention evaluation items, and a difference score of weekly smoking behavior
from pre-test to post-test and a continuous measure of intervention dose (see Table S3). Within
the game intervention group, a higher dose of gameplay was associated with higher liking, and
higher appreciation of HitnRun being a game; there we no significant correlations between
the five separate intervention evaluation items and weekly smoking behavior. No significant
correlations between the five separate intervention evaluation items and brochure dose or
weekly smoking behavior were found.
Finally, when we focused on the game group only, we also had information about
how high participants graded the game on looks (M = 6.24, SD = 1.37), game experience (M
= 6.30, SD = 1.64), and the game in total (M = 6.39, SD = 1.57), and participants’ subjective
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experience related to HitnRun gameplay. We correlated all these measures with all outcome
measures (Table S4). The results showed that participants that gave HitnRun higher grades on
attractiveness, also reported larger changes in weekly smoking behavior from pre-test to posttest. No significant correlations were found between the game grades and dose of gameplay.
S3.2. Discussion additional intervention evaluation analyses
Although HitnRun was evaluated more positively then the brochure intervention
on almost all measures, there was one measure where we found the opposite effect: the
brochure group rated the brochure to be more useful in their daily life compared to the game
group. While one could interpret this last finding as a lack of transfer to the daily lives of
participants, we believe this effect could be driven by the belief of young people that games are
inherently fun and therefore not easily linked to a therapeutic or behavioral change context.
We have observed this paradoxal usefulness effect more often (Schoneveld et al., 2018), and
we think that this phenomenon could be used as a ‘trojan horse’ to deliver content in a way
that circumvents players’ psychological defenses and that triggers a more receptive mindset
(Kaufman & Flanagan, 2015).
Lower-educated young people that smoke are often described as ‘treatment’
resistant: discourses on youth smoking separate youth into those who are able to control
themselves and to make responsible decisions, and those who are not – often basing these
distinctions on social class (Frohlich, Mykhalovskiy, Poland, Haines-Saah, & Johnson, 2012).
Therefore, common methods used for tobacco control do not necessarily work for this at-risk
group. In fact, control-based interventions for individuals with a lower education level often
induce feelings of inferiority, resistance, and defense mechanisms as youth feel patronized
and not taken seriously (Frohlich et al., 2012; Hill et al., 2014; Lenkens et al., 2019; Scholten &
Granic, 2019).
S4. Bayesian statistics
Due to difficulty interpreting null findings with conventional analyses, additional
Bayesian RM-ANOVA’s and one Bayesian Chi-Square test were conducted for all confirmatory
analyses using default priors (see Mulder & Wagenmakers, 2016) in JASP (Version 0.9.1; JASP
Team, 2018). Again, one participant was excluded from analyses regarding weekly smoking
behavior (i.e., outlier), and no participants were excluded from analyses regarding abstinence
rates. Bayesian analyses are reported in Table S5a to S9b. Overall Bayes factors indicate
substantial support for the reported null findings (BF < 1/3; Dienes, 2014), yet data offer mere
anecdotal evidence for or against the inclusion of the inclusion of Time × Dose in the RMANOVA on weekly smoking behavior in the brochure group only, and the inclusion of Dose in
the RM-ANOVA on weekly smoking behavior in the game group only.
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1

.74 (<.001)

.25 (.050)

-.08 (.529)

-.21 (.083)

.32 (.006)

.40 (<.001)

.20 (.096)

.18 (.128)

.19 (.103)

.26 (.030)

.13 (.307)

1. Difference score
weekly smoking pre-test
- post-test

2.Difference score
weekly smoking pre-test
– follow-up

3. Dose

4. Age

5. Education level

6. Prior gaming
experience

7. FTND

8. QSU

9. Motivation to quit

10. Expectations

11. Number of smoking
friends

12. Peer environmental
smoking

.18 (.168)

.17 (.151)

.21 (.074)

.21 (.072)

.22 (.068)

.30 (.010)

.31 (.008)

-.20 (.092)

-.11 (.358)

.19 (.144)

1

.66
(<.001)

2.

-.10 (.480)

.21 (.109)

.14 (.272)

.02 (.889)

.00 (.995)

.27 (.034)

.12 (.352)

-.28 (.028)

-.27 (.034)

1

.23 (.055)

.38 (.001)

3.

-.30 (.022)

-.24 (.043)

-.12 (.298)

.33 (.004)

-.03 (.803)

-.09 (.475)

-.21 (.073)

.41 (<.001)

1

.15 (.215)

.37 (.001)

.32 (.007)

4.

-.09 (.498)

-.28 (.018)

-.22 (.061)

.12 (.336)

-.20 (.087)

-.40 (.001)

-.24 (.043)

1

.22 (.058)

-.15 (.208)

-.12 (.336)

-.27 (.021)

5.

-.10 (.468)

.07 (.550)

.02 (.858)

-.03 (.805)

-.05 (.705)

.12 (.338)

1

-.19 (.116)

.08 (.527)

.39 (.001)

.35 (.003)

.24 (.044)

6.

.09 (.484)

.12 (.298)

.10 (.415)

-.03 (.799)

.35 (.002)

1

.26 (.029)

-.44 (<.001)

-.03 (.803)

.24 (.047)

.42 (<.001)

.54 (<.001)

7.

.33 (.009)

.15 (.201)

.02 (.884)

.22 (.064)

1

.36 (.002)

-.02 (.883)

-.36 (.002)

-.24 (.044)

.05 (.702)

-.01 (.921)

.07 (.425)

8.

.00 (.983)

.14 (.228)

.22 (.067)

1

.10 (.417)

.15 (.218)

.07 (.565)

-.07 (.534)

.32 (.007)

.02 (.847)

.23 (.050)

.22 (.063)

9.

-.04 (.746)

.05 (.662)

1

.12 (.337)

.09 (.456)

.32 (.007)

.19 (.117)

-.28 (.017)

-.06 (.600)

.25 (.031)

.03 (.789)

.13 (.267)

10.

.38 (.003)

1

-.07 (.578)

-.05 (.685)

-.31 (.008)

-.03 (.813)

.07 (.592)

.12 (.325)

-.21 (.084)

-.04 (.747)

-.05 (.683)

-.04 (.714)

11.

Note. Numbers above the diagonal represent correlations for the game group only, whereas number below the diagonal represent correlations for the brochure group only.
p-values are represented between parentheses for each correlation.
Significant correlations are bolded.

1.

Measure

Correlations between Intervention Evaluation Variables and Smoking Outcome Variables for Intervention Groups Separately

Table S1

1

.22 (.079)

.12 (.341)

-.04 (.756)

.12 (.347)

.38 (.002)

.08 (.512)

-.11 (.378)

-.21 (.097)

.10 (.426)

.18 (.164)

.38 (.002)

12.
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Table S2
Means, Standard Errors and p-values of Repeated Measures ANOVA’s
RM ANOVA weekly smoking behavior
Time

Mean

SE

p-value

Pre-test

69.90

3.96

Pre-post: <.001

Post-test

27.17

3.09

Post-FU: <.001

Follow-up

37.18

3.45

Pre-FU: <.001

Group

Mean

SE

p-value

Brochure group

44.83

4.37

Game group

44.67

4.40

0.979

Time*Group (1)
Time

Group

Pre-test

Brochure group 70.17

5.58

Game group

69.62

5.62

Brochure group 29.04

4.35

Game group

25.30

4.38

Brochure group 35.28

4.87

Game group

39.09

4.90

0.582

Group

Time

Mean

SE

p-value

Brochure group

Pre-test

70.17

5.58

Pre-post: <.001

Post-test

29.04

4.35

Post-FU: 0.190

Follow-up

35.28

4.87

Pre-FU: <.001

Pre-test

69.62

5.62

Pre-post: <.001

Post-test

25.30

4.38

Post-FU: <.001

Follow-up

39.09

4.90

Pre-FU: <.001

Post-test
Follow-up

Mean

SE

p-value
0.944
0.545

Time*Group (2)

Game group

RM ANOVA dose-response effect brochure group
Time

Mean

SE

p-value

Pre-test

77.13

5.85

Pre-post: <.001

Post-test

25.77

3.79

Post-FU: <.001

Follow-up

38.84

4.32

Pre-FU: <.001
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Table S2
Continued
Dose

Mean

SE

Low dose

28.85

4.26

High dose

63.63

6.34

p-value
<.001

Time* Dose (1)
Time

Dose

Mean

SE

Pre-test

Low dose

53.99

6.53

High dose

100.26

9.70

Low dose

13.43

4.22

High dose

38.11

6.28

Low dose

19.14

4.83

High dose

52.53

7.18

<.001

Dose

Time

Mean

SE

p-value

Low dose

Pre-test

53.99

6.53

Pre-post: <.001

Post-test

13.43

4.22

Post-FU: 0.331

Follow-up

19.14

4.83

Pre-FU: <.001

Pre-test

100.26

9.70

Pre-post: <.001

Post-test

38.11

6.28

Post-FU: 0.024

Follow-up

52.53

7.18

Pre-FU: <.001

Post-test
Follow-up

p-value
<.001
0.002

Time*Dose (2)

High dose

RM ANOVA dose-response effect game group
Time

Mean

SE

p-value

Pre-test

69.60

5.82

Pre-post: <.001

Post-test

24.90

4.17

Post-FU: <.001

Follow-up

38.80

5.03

Pre-FU: <.001

Dose

Mean

SE

p-value

Low dose

50.00

6.36

High dose

38.86

6.63
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Table S2
Continued
Time * Dose (1)
Time

Dose

Mean

SE

Pre-test

Low dose

70.05

8.05

High dose

69.15

8.40

Low dose

34.30

5.77

High dose

15.50

6.02

Low dose

45.65

6.96

High dose

31.94

7.26

0.177

Dose

Time

Mean

SE

p-value

Low dose

Pre-test

70.05

8.05

Pre-post: <.001

Post-test

34.30

5.77

Post-FU: 0.039

Follow-up

45.65

6.96

Pre-FU: <.001

Pre-test

69.15

8.40

Pre-post: <.001

Post-test

15.50

6.02

Post-FU: 0.002

Follow-up

31.94

7.26

Pre-FU: <.001

Post-test
Follow-up

p-value
0.938
0.027

Time * Dose (2)

High dose

RM ANOVA Hangouts word count and weekly smoking behavior
Time

Mean

SE

Pre-test

71.08

5.91

Post-test

25.44

4.22

<.001

Word count

Mean

SE

p-value

Low word count 49.26

6.70

High word count 47.26

6.70

p-value

0.833

Time * Word count (1)
Time

Word count

Mean

SE

Pre-test

Low word
count

68.53

8.36

High word
count

73.64

8.36

Low word
count

30.00

5.97

Post-test

p-value

0.667
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Table S2
Continued
High word
count
Time * Word count (2)
Word count
Time
Low word count Pre-test
Post-test
High word count Pre-test
Post-test

20.89

5.97

0.284

Mean
68.53

SE
8.36

p-value

30.00

5.97

<.001

73.64

8.36

20.89

5.97

<.001

RM ANOVA Hangouts emotional tone and weekly smoking behavior
Time
Mean
SE
p-value
Pre-test
73.89
7.72
Post-test
25.67
Emotional tone Mean
Negative
52.08
emotional tone
Positive
47.48
emotional tone
Time * Emotional tone (1)
Time
Emotional tone
Pre-test
Negative
emotional tone
Positive
emotional tone
Post-test
Negative
emotional tone
Positive
emotional tone
Time * Emotional tone (2)
Emotional tone Time
Negative
Pre-test
emotional tone
Post-test
Positive
emotional tone

300

5.15
SE
7.65

<.001
p-value

8.84

0.696

Mean
72.81

SE
9.46

p-value

74.96

10.92

0.882

31.34

6.75

20.00

7.79

0.276

Mean
72.81

SE
9.46

p-value

31.34

6.75

<.001

Pre-test

74.96

10.92

Post-test

20.00

7.79

<.001

.25 (.050)
.20 (.110)
.11 (.397)
.08 (.559)
.02 (.884)
.07 (.620)

2. Dose

3. Liking

4. Attractiveness

5. Useful daily life

6. Distraction

7. Game/Brochure

2.

3.

.41 (.001)

.48 (<.001)

1

.26 (.028)

.18 (.125)

-.00 (.981) .48 (<.001)

-.06 (.673) .20 (.125)

.05 (.686)

.17 (.204)

.23 (.069)

1

.38 (.001)

4.

.33 (.010)

.37 (.003)

.55 (<.001)

1

.47 (<.001)

.14 (.246)

.09 (.483)

5.

6.

.38 (.001)

.49 (<.001) .14 (.289)

.43 (<.001) 1

1

7.

.24 (.042)

.11 (.353)

1

.44 (<.001)

.52 (<.001)

.41 (.001)

.51 (<.001) .73 (<.001)

.17 (.159)

.16 (.194)

.44 (<.001) .22 (.076)

.55 (<.001

.20 (.101)

.18 (.131)

Note. Numbers above the diagonal represent correlations for the game group only, whereas number below the diagonal represent
correlations for the brochure group only.
n intervention evaluation brochure = 59 (9 due to missing data; 4 due to outliers); n intervention evaluation game = 67 (1 due to
missing data; 4 due to outliers).
p-values are represented between parentheses for each correlation.
Significant correlations are bolded.
Liking = “I liked to read/play the brochure/game”; Attractiveness = “I think that the brochure/game is attractive to others”; Useful
daily life = “What I learn in the brochure/game I can use in my daily life”; Distraction = “While I studied/played the brochure/game,
I forgot everything around me”; Game/Brochure = “I like the fact that the brochure/game is a brochure/game”

1.
1

Measure

1. Difference score weekly smoking
pre-test - post-test

Correlations between Intervention Evaluation Variables and Outcome Variables

Table S3
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Table S4
Correlations between Game Grade Variables and Outcome Variables
Measure

1.

2.

3.

4.

5.

1. Difference score weekly
smoking pre-test - post-test

1

2. Dose

.38 (.001)

3. Grade attractiveness game

.41 (<.001) .11 (.363)

1

4.Grade game experience

.13 (.302)

.06 (.640)

.53 (<.001) 1

5.Grade total game

.17 (.163)

.13 (.291)

.63 (<.001) .84 (<.001) 1

1

Note. n grade attractiveness = 70 (2 due to missing data); n grade experience = 70 (2 due
to missing data); n grade total game = 69 (2 due to missing data; 1 due to an outlier).
p-values are represented between parentheses for each correlation.
Significant correlations are bolded.

Table S5a
Model Comparison of Group × Time Bayesian Repeated Measures ANOVA on Weekly
Smoking Behavior (Prior Model Probabilities, Posterior Model Probabilities, BFM , BF01 and
Estimation Error Percentage)
Null model (incl. subject)

BF01 % error

P(M)

P(M|data)

BFM

0.200

5.158e-36

2.063e-35

1.000

Time

0.200

0.779

14.064

6.624e-36

1.201

Group

0.200

1.0417e-36

4.165e-36

4.953

1.291

Time + Group

0.200

0.202

1.010

2.559e-35

1.752

Time + Group + Time × Group

0.200

0.020

0.081

2.591e-34

2.396

Note. All models include subject.
Table S5b
Model Averaging of Group × Time Bayesian Repeated Measures ANOVA on Weekly
Smoking Behavior (Prior Inclusion Probabilities, Posterior Inclusion Probabilities, BFInclusion)
P(incl)

P(incl|data)

BFInclusion

Time

0.600

1.000

∞

Group

0.600

0.221

0.190

Time × Group

0.200

0.020

0.081
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Table S6a
Bayesian Contingency Table of Group on Abstinence Rates Post-Test
Abstinence post-test
Group

Non-abstinent

Abstinent

Total

Brochure

47

25

72

Game

47

25

72

Total

94

50

144

Table S6b
Bayesian Contingency Effect Table of Group on Abstinence Rates Post-Test
Value
BF01 independent multinomial

5.102

N

144

Table S7a
Bayesian Contingency Table of Group on Abstinence Rates Follow-Up
Abstinence follow-up
Group

Non-abstinent

Abstinent

Total

Brochure

50

22

72

Game

51

21

72

Total

101

43

144

Table S7b
Bayesian Contingency Effect Table of Group on Abstinence Rates Follow-Up
Value
BF01 independent multinomial
N

5.219
144
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Table S8a
Model Comparison of Dose × Time Bayesian Repeated Measures ANOVA on Weekly
Smoking Behavior for Brochure Group Only (Prior Model Probabilities, Posterior Model
Probabilities, BFM , BF01 and Estimation Error Percentage)
P(M)
Null model (incl. subject)

0.200

Time

0.200

Dose

0.200

Time + Dose

0.200

Time + Dose + Time × Dose

0.200

BFM

BF01

1.556e-19 6.222e-19

1.000

P(M|data)
0.003

0.012 5.257e-17

2.887e-17 1.155e-16

% error
0.594

0.005

1.189

0.670

8.109 2.323e-19

1.579

0.327

1.947 4.752e-19

2.988

Note. All models include subject.
Table S8b
Model Comparison of Dose × Time Bayesian Repeated Measures ANOVA on Weekly
Smoking Behavior for Brochure Group Only (Prior Inclusion Probabilities, Posterior
Inclusion Probabilities, BFInclusion)
P(incl)

P(incl|data)

BFInclusion

Time

0.600

1.000

5.005e+15

Dose

0.600

0.997

224.625

Time × Dose

0.200

0.327

1.947

Table S9a
Model Comparison of Dose × Time Bayesian Repeated Measures ANOVA on Weekly
Smoking Behavior for Game Group Only (Prior Model Probabilities, Posterior Model
Probabilities, BFM , BF01 and Estimation Error Percentage)
P(M)
Null model (incl. subject)

0.200

Time

0.200

Dose

0.200

Time + Dose

0.200

Time + Dose + Time × Dose

0.200

Note. All models include subject.
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BFM

BF01

6.897e-21 2.759e-20

1.000

P(M|data)
0.423

2.936 1.629e-20

3.592e-21 1.437e-20

% error
0.580

1.920

0.617

0.273

1.500 2.528e-20

1.168

0.304

2.747 4.269e-20

1.482
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Table S9b
Model Comparison of Dose × Time Bayesian Repeated Measures ANOVA on Weekly
Smoking Behavior for Game Group Only (Prior Inclusion Probabilities, Posterior Inclusion
Probabilities, BFInclusion)
P(incl)

P(incl|data)

BFInclusion

Time

0.600

1.000

∞

Dose

0.600

0.577

0.908

Time × Dose

0.200

0.304

2.747
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“

The most important
lesson I have learned is
that my body and mind
changed very quickly
after quitting smoking: I
had more energy and felt
better about myself”

Chapter 8
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“

The most important
lesson I have learned is
from playing HitnRun is
that there are other
people going through the
same hard time and I can
talk to them about my
own experiences”
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General discussion

In the current thesis we designed and tested the game intervention HitnRun to
help youth quit smoking. We took a combined theory-driven and engagement-driven
approach, in an effort to address the two main barriers to successful smoking cessation,
i.e., the lack of multi-component interventions with mechanistic designs and the mismatch
between youths’ needs and intervention supply. We designed a game-based intervention
around a set of transdiagnostic mechanisms of change related to the onset, persistence,
and cessation of smoking in adolescence, specifically inhibitory control, delay discounting,
and peer influence. Furthermore, and equally important, we used a design thinking
approach to amplify engagement processes. Figure 1 gives an overview of the barriers that
we identified in the youth’ smoking cessation literature, and the solutions that we came
up with to address these barriers. It also shows how these solutions were translated into
HitnRun’s game mechanics.
This approach resulted in a number of ambitious aims including: (1) the review
and testing of mechanisms of change previously related to the initiation, continuation, and
cessation of smoking behavior; (2) the development of a framework to improve digital
interventions for youth based on design principles; and (3) the application of lessons
learned from the first two aims to a three-stage iterative intervention design process that
ultimately culminated in an engaging mobile game targeting young smokers. Table 1 gives
an overview of this three-stage iterative intervention design process, and the
accompanying thesis chapters. During the first stage of our iterative intervention design,
we performed a proof-of-concept study and a literature review for the mechanisms of
change inhibitory control and delay discounting respectively, and we ran focus groups
with a diverse group of smoking youth and employed play testing of pilot versions of
HitnRun. Based on our experiences in this stage we developed the first iteration of
HitnRun, which aimed to test the principles of our first mechanism of change, i.e.,
inhibitory control, in a game context. In this second intervention design stage, we were
able to show promising effects of HitnRun on inhibitory control, but we did not show any
effects on smoking behavior.
We hypothesized this was due to low power, the lack of a multi-component
intervention (i.e., delay discounting and peer influence were not added yet), and the
omission of an overall framework guiding us in improving our game design to increase
engagement. Thus, in our third intervention design stage, we added delay discounting and
peer influence to our intervention design, focused on the amplification of engagement
through design thinking principles, and increased our sample size, resulting in the second
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Figure 1. Barriers, solutions, and game mechanics to successful smoking cessation for youth.
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design iteration of HitnRun1. In this General Discussion, we first discuss the theory-driven
considerations we took into account during the intervention design process, namely our
mechanisms of change throughout the three-stage iterative intervention design process.
The results related to our engagement-driven considerations, including intervention
evaluation, are discussed in the second part. Subsequently, the results of HitnRun on
smoking outcomes are reviewed and discussed. In the final part of this General Discussion,
we reflect on the limitations of this thesis and on the implications for intervention
research, game design, and clinical practice and policy building.
Table 1
Overview of Three-Stage Iterative Intervention Design Process

1

Theory-driven
considerations

Engagement-driven
considerations

Game
version

First
intervention
design stage

- Proof-of-concept
inhibitory control in
smoking sample
(Chapter 2)
- Systematic review delay
discounting
(Chapter 3)

- Focus groups with
smoking youth
- Paper prototyping
- Choice of game as
vehicle for intervention

Second
intervention
design stage

Inhibitory control in
game format
- Young adult smokers
(Chapter 4)
- Young adult sample
wanting to eat more
healthily and/or lose
weight 
transdiagnostic
hypothesis
(Chapter 5)

Choice of game as
vehicle for intervention

First full
iteration of
HitnRun
(Chapter 4)

Third
intervention
design stage

- Delay discounting
added to intervention
design
(Chapter 7)

Focus on amplification
of engagement
processes through
design principles
(Chapter 6)

Second full
iteration of
HitnRun
(Chapter 7)

https://youtu.be/mpDZDfALe14
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- Peer influence added to
intervention design
(Chapter 7)

Theory-Driven Considerations
Inhibitory control.
Inhibitory control was the first mechanism of change that was hypothesized to be
associated with the initiation, continuation, and cessation of smoking in young people.
Past research has shown that young people who smoke more often have poorer control
over their impulses than young people that do not smoke (specifically in youth: Yin et al.,
2016; meta-analysis including young adults and adults: Smith et al., 2014). In addition,
four meta-analyses have shown significant effects of training inhibitory control on alcohol
or food intake (Allom et al., 2016; Aulbach et al., 2019; Jones et al., 2016; Turton et al.,
2016), yet there were no published studies available at the time of launching this whole
thesis project testing the effect of a Go/No-Go training on smoking behavior. Therefore
we started with a proof-of-concept study to find out whether we could extend the
devaluation effect of a traditional Go/No-Go training found in the food and alcohol
domain to the context of smoking in Chapter 2. Then, in a next step, we translated the
principles of a traditional Go/No-Go training into a game context in the first iteration of
HitnRun, presented in Chapter 4. Finally, deficits in inhibitory control capacity are also
observed among other substance-dependent individuals (e.g., cocaine, MDMA) or
individuals with behavioral addictions (e.g., food, internet addiction; Lavagnino et al.,
2016; Smith et al., 2014), pointing towards its transdiagnostic properties. Therefore, to
examine this hypothesis regarding the transdiagnostic nature of inhibitory control, we
tested the first iteration of a food version of HitnRun in a sample of young adults that
wanted to eat more healthily and/or lose weight in Chapter 5.
In Chapter 2 we presented the results of an experimental study in which we
attempted to attain proof-of-concept for a traditional Go/No-Go training in the context of
smoking. We included smokers and nonsmokers that received a training in which they had
to respond immediately to neutral stimuli, but inhibit their reaction when smoking stimuli
were presented. Before and after this training, participants evaluated smoking and neutral
stimuli, where part of these stimuli were subsequently presented in the training, and the
other part was not used in training. Not responding to smoking stimuli in a Go/No-Go
training led to decreased evaluations of trained smoking stimuli compared to untrained
smoking stimuli. This is a replication of food and alcohol studies and an extension of the
devaluation effect to smoking-related cues; this devaluation effect was found for both
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smokers and non-smokers. This was a very important first step, as we established that
smoking-related cues could be trained to be devalued, thereby showing the potential for
Go/No-Go training in smoking cessation interventions.
In Chapter 4, we took our proof-of-concept one step further and translated the
principles of Go/No-Go training into a game context in the first iteration of HitnRun. This
study was specifically designed to dive deeper into two of the potential underlying
mechanisms of Go/No-Go training, specifically the top-down control account and the
devaluation account (for a review, see Veling et al., 2017). In the Go/No-Go training
literature, it is commonly assumed that such a training reinforces a top-down executive
control process, thereby directly increasing the capacity to resist impulses toward the
behavior one wants to reduce (e.g., Andrés, 2003). However, recently a large literature
has emerged that showed that devaluation of attractive stimuli after repeated pairing with
No-Go cues as measured with visual analogue scales might be responsible for the effects
of Go/No-Go training on food- and alcohol intake (e.g., Chen et al., 2016; Chen et al.,
2017; Lawrence et al., 2015a; Veling et al., 2008). The only available study testing a
Go/No-Go training in smokers that was published during the current research project
(Adams et al., 2017a) tested the top-down control account and did not find any
improvements of top-down inhibitory control after training, yet this study did not include
measures to test the devaluation account.
We tested the first iteration of HitnRun against a psychoeducational brochure in a
five-week intervention period, and assessed smoking-specific top-down control capacity,
consisting of Go reaction times and No-Go accuracy, and perceived attractiveness of
smoking cues at pre-test and post-test. Results indicated equal decreases in smoking NoGo accuracy and equal improvements in Go reaction times for both intervention groups,
suggesting a speed-accuracy trade-off after the intervention period (Zhao et al., 2016).
This pattern of coupled results, where an increased speed comes at the cost of decreased
overall accuracy, is especially observed in smokers when exposed to low No-Go probability
and short picture presentation times (Zhao et al., 2016). In addition to pre-test and posttest measurements of top-down control, we also measured in-game No-Go accuracy (i.e.,
in-game performance) for every session that participants played HitnRun. The results
showed that HitnRun was capable of increasing in-game performance across game training
sessions, and these increases in in-game performance were associated with stronger
decreases in weekly smoking from pre-test to post-test. Thus, although we were not able
to shown an overall beneficial effect of HitnRun over the psychoeducational brochure on
top-down control, we did see that participants that were able to become more accurate
over time in the game sessions also showed better smoking outcomes.
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Finally, a robust decrease in perceived attractiveness of smoking pictures was
observed in both intervention groups. Yet importantly, this decrease in evaluation scores
was stronger in the HitnRun group compared to the brochure group. Thus, we again
showed that we were able to show a robust decrease in perceived attractiveness of
smoking pictures by as in the traditional Go/No-Go training in Chapter 2, but now with a
Go/No-Go training in a game context. In sum, Go/No-Go training seems to be effective in
training devaluation of smoking stimuli rather than top-down control processes. This was
the first study including a Go/No-Go training among young smokers that assessed both the
top-down control account and the devaluation account, and our results need to be
replicated. We specifically suggest studies including another, traditional Go/No-Go
training, intervention arm to disentangle the added value of using a game format for these
kind of cognitive training regimens.
In addition, to examine our hypotheses regarding the transdiagnostic nature of
inhibitory control, we tested a food-version of HitnRun, in comparison to a
psychoeducational brochure, in a sample of young adults who wanted to eat more
healthily and/or lose weight. Prior to and directly following an intervention period of
seven days, food-specific top-down control, perceived attractiveness of food pictures, and
caloric intake were assessed. Results revealed no improvements in No-Go accuracy and
equal increases in Go reaction times in both the food HitnRun and brochure group. Similar
decreases in perceived attractiveness of food-related stimuli were observed for both
groups. Finally, no differences were found between groups for caloric intake. Thus, in
contrast with Chapter 4, we did not replicate the decrease in evaluation scores in this food
study. This was unexpected as we hypothesized that we would find similar results in both
Chapter 4 and 5, given previous literature (Chen et al., 2016; 2017) and the
transdiagnostic properties of inhibitory control.
We propose multiple explanations for the diverging findings between Chapter 4
and 5, and between Chapter 5 and other traditional food Go/No-Go training studies
(Devaluation effect: Chen et al., 2016; 2017; No devaluation effect: Lawrence et al.,
2015a). A main difference between the food and smoking HitnRun studies was the
intervention length and dose: participants in the food HitnRun study were instructed to
play the game every day for at least ten minutes for a period of seven consecutive days,
whereas participants in the smoking HitnRun study were instructed to play the game at
least once a week for at least ten minutes for a period of five weeks. Other traditional
Go/No-Go studies used different training doses, ranging from four sessions of 10 minutes
over four consecutive days (Lawrence et al., 2015a), to one session of approximately 10
minutes (Chen et al., 2016; 2017). Note that Lawrence and colleagues, although they were
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able to find a significant effect on weight loss due to food Go/No-Go training, did not find
a difference between the control training and the food Go/No-Go training on picture
evaluation. Another difference between our food HitnRun study and the other traditional
Go/No-Go training studies is the mean No-Go accuracy. Where the food HitnRun study
reported No-Go accuracy rates of around 66%, all the other studies report much higher
mean No-Go accuracy rates ranging from 80% to even 98%. Thus, differences in training
dose and difficulty level might have led to the unexpected findings in Chapter 5.
Another important difference between the food HitnRun study and the other
traditional food Go/No-Go trainings is the content of the Go versus No-Go stimuli. Chen
and colleagues (2016; 2017) trained participants to respond to some food items but not to
others. We and Lawrence and colleagues (2015a) exclusively included neutral pictures as
Go stimuli, such that participants would not be trained towards food-related stimuli. Both
we and Lawrence and colleagues (2015a) showed decreases in food evaluations after
training, but no differences between the control and active training condition. The design
of the studies by Chen and colleagues (2016; 2017) was slightly different, as they did not
include a control group receiving no or a control training task. Instead, they used an
within-subject design to test for differences between Go, No-Go and untrained food
stimuli. In these studies, it was consistently found that No-Go foods were devalued more
than untrained and Go foods. Only including food pictures as No-Go pictures might have
increased the chance that specific trained food items generalized to untrained food items.
This generalized devaluation effect could thus explain the equal decrease in evaluation for
trained No-Go food items and untrained food items in the food HitnRun study.
Another explanation is that participants in the food HitnRun study were included
based on participants’ expressed wish to eat more healthily and heightened disinhibited
eating self-reports, but we did not have selection criteria specifically targeting more
overweight or obese young adults. Although our choice of selection criteria was based on
a study by Lawrence and colleagues (2015a), they were able to include significantly more
overweight and obese participants than we did (78% vs. 30%). In contrast, the smoking
HitnRun study included a target population of at least weekly young smokers, who are
arguably somewhat more ‘addicted’ and therefore possibly more susceptible for change.
In addition, Veling and colleagues (2014) tested the moderating role of BMI and found
that Go/No-Go training was not able to help participants lose weight when they had a low
BMI. It might therefore be the case that most beneficial effects of Go/No-Go training can
be found amongst more ‘addicted’ – in this case overweight or obese – populations.
Finally, based on our results in Chapter 4 and the study by Adams and colleagues (2017a),
it might well be that Go/No-Go training is not specifically targeting top-down control, but
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devaluation instead (see also the non-significant correlations between top-down control
capacity and devaluation scores in Chen et al., 2017). Based on this reasoning, selecting
participants on self-reported disinhibited eating does not make sense, as we are maybe
not including the participants that are ‘sensitive’ to this kind of training.
Delay discounting.
The second main mechanism that was hypothesized to be associated with
smoking in young people, and changes in smoking in successful interventions, was delay
discounting. Increased delay discounting rates are characteristic of tobacco use among
young people (e.g., Audrain-McGovern et al., 2009; Fields, Leraas, Collins, & Reynolds,
2009), and there is growing attention and initial evidence for trainings and manipulations
that successfully target and decrease heightened delay discounting (e.g., Bickel et al.,
2015; 2019; Koffarnus et al., 2013). The first way we targeted delay discounting in this
thesis was by diving deeper into the possibility of including this mechanism in our ultimate
intervention game for smoking cessation. Therefore, we conducted a systematic review of
ninety-eight studies testing behavioral trainings and manipulations to decrease delay
discounting, presented in Chapter 3. Findings showed that it is possible to decrease delay
discounting, thereby showing that delay discounting is profoundly changeable in certain
contexts.
More specifically, data showed that both longer lasting and more thorough
trainings, such as acceptance-based/mindfulness-based trainings, and more short lived inthe-moment manipulations, such as manipulations involving a future orientation, were
superior strategies to decrease delay discounting and, ultimately, change behavior.
Especially manipulations involving a future orientation were grounded in solid theory,
were able to show robust effects on delay discounting, and showed effects on different
types of behavior in both healthy and various clinical samples. Additionally, future
orientation is a flexible target of intervention as there are multiple ways to manipulate
one’s future orientation, for example by making the future easier to imagine, by altering
the way future rewards or delays are perceived, or by providing a salient and richer
context for the future reward (Israel et al., 2014; Kuo et al., 2016; Pronin et al., 2008;
Sheffer et al., 2016). Finally, and even more important, in-the-moment manipulations
might be a very effective and elegant solution to shortly change discounting rates at
“critical” time points such as moments of high craving for smokers, thereby ultimately
being able to help youth quit smoking (Rung & Madden, 2018). Based on these findings it
seemed promising to include a manipulation involving a future orientation in our game
intervention, and that was the second way we targeted delay discounting in this thesis
project.
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In the second design iteration of HitnRun, we chose to prime participants to think
about their future self as a non-smoker and the benefits related to that. We wrote down
these future benefits during the pre-test lab session and used this information in
combination with the information about participants’ individual moments of high craving,
in composing the tailored prompts that were sent to participants during the intervention
period. In addition, participants committed, by participating in this research, to a month of
not smoking. In the pre-test lab session they committed to this towards the researcher
present, and in the beginning of HitnRun they committed to this towards their other team
members (Giné et al., 2010; Matjasko et al., 2016; Ploderer et al., 2014). Unfortunately,
we have not directly tested the effects of our manipulation involving a future orientation
on delay discounting and smoking behavior accordingly, due to time constraints.
Therefore, we encourage future research to include and investigate the effects of frequent
in-the-moment manipulations on delay discounting and health behavior in intervention
trials, as that would generate new directions for game and intervention design.
Peer processes
The third mechanism that has been repeatedly shown to be related to the
initiation, continuation and cessation of smoking are peer processes. This has not only
been documented over and over again in the literature (Gabble et al., 2015; Goodnight et
al., 2006; Kim et al., 2009; Liu et al., 2017; Dishion & Owen, 2002), but also in qualitative
exit interviews by the youth that participated in our studies. These youth reported that
the primary reason for not quitting smoking or having difficulties with quitting smoking
was a social one; in both large studies presented in this thesis over two thirds of all
participants reported that the presence of smoking friends and peers, and the
accompanying peer pressure, was the hardest part of quitting smoking and also often a
reason for (re)lapse. In Chapter 7, we presented the results of a two-armed randomized
controlled trial (RCT) in which young smokers were randomized to either play the second
iteration of HitnRun or to read a psychoeducational brochure; in this study we specifically
tried to deal with the lack of effective targeting of peer influence in smoking cessation
interventions.
We designed this version of HitnRun to bring together like-minded youth who
wanted to quit smoking by instantiating a supportive peer context that could trigger long
lasting change in smoking behavior. Although it is one of the most difficult tasks to
successfully offer opportunities for social connection in the context of youth smoking
cessation (Struik et al., 2018), we succeeded partly. We used exploratory text-based
analyses of communication between teams, presented in Chapter 7, to examine the
affordances of peer influence processes on game dose and smoking behavior. The use of
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more first person singular and second person pronouns, and more positive and more
assent words, was related to more HitnRun game play and larger decreases in weekly
smoking behavior. All of these affordances have been linked in the empirical literature to
more socially oriented communication, higher psychological closeness and cohesion,
conversational engagement and agreement, and emotional disclosure (Pennebaker &
King, 1999; Pennebaker et al., 2003; Seih et al., 2008; Tausczik & Pennebaker, 2017). Thus,
the creation of a social, cohesive, supportive, and positive peer context seemed indeed to
be valuable for youth smoking cessation; yet only when youth make use of it.
Our exploratory analyses further indicated that there was a group of young
people that we did not reach. Based on our exit questionnaires it seems that there is a
group of participants that did not use the peer support opportunities in HitnRun. Also
some participants did not like playing games or HitnRun in particular, and others had
technical problems with the mobile phone and/or HitnRun. Our next challenge is to
optimize intervention design for those players that could potentially connect to and
engage with HitnRun, by for example including teams of youth that actually know each
other, prompting youths’ conversations with other team members, or amplifying team
competition. Yet, there is also a group of youth that would probably not connect with
HitnRun, and for these youth there should be other intervention possibilities available to
help them quit smoking. We will need a set of experimental studies to find out for whom
HitnRun is a suitable intervention option, which factors amplify connection to and
engagement with HitnRun, and whether youth would pick up HitnRun themselves, before
we move on to an ultimate implementation trial.
Engagement-Driven Considerations
One of the main barriers to effective youth smoking cessation is the mismatch
between the design of intervention programs and the needs of young people. This main
barrier drove our intervention decisions and emphasizes the importance of engagementrelated considerations for the design of an effective intervention for youth smoking
cessation. The first, basic design decision we made was to create a game-based
intervention; yet, we were missing an overall framework guiding us in improving our game
design to increase engagement. During the last few years we learned that design is a
rigorous, longstanding discipline whose impact cannot be underestimated (Brown, 2008):
the mere choice for a game shell as the intervention delivery method does not necessarily
mean that this intervention is engaging and fun. We needed enduring collaborations with
game designers to truly understand what is needed to design an engaging experience for
youth and what methods and evaluation criteria we need to test these engagementrelated considerations.
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Based on these collaborations with designers and our experiences, we wrote the
Viewpoint presented in Chapter 6. We introduced the three tenets of design thinking empathy, multidisciplinary ideation, and experimentation (Brown, 2008; Brown & Wyatt,
2010) - and showed how these mindsets and practices can inform intervention
development. Empathy-driven design is a human-centered approach that keeps the
motivational, functional, and emotional needs of end-users at the core of the design
process. Multidisciplinary ideation involves cross-disciplinary teamwork with scientists
collaborating from the outset with designers, artists, and programmers. Finally,
experimentation, is the rapid prototyping and iterative testing process of products or
services involving end-users, throughout the whole development phase. This design
thinking framework underlies the work in this thesis and in our Games for Emotional and
Mental Health (GEMH) lab more generally. Despite having this framework, it nevertheless
remained a difficult problem to move from our general ideas about the importance of
engagement for intervention success (first design iteration HitnRun), to acting on a
complete and concrete framework for game design as presented in Chapter 6 (second
design iteration HitnRun). Therefore, in this General Discussion, it seems particularly
useful to discuss and compare the differences between intervention evaluations and the
impact of the changes on intervention dose and smoking outcomes, for the first and
second design iterations of HitnRun.
In Table 2, we give an overview of the same intervention evaluation measures
used in the study testing the first design iteration of HitnRun (Chapter 4), and the second
design iteration of HitnRun (Chapter 7). Most importantly, there were no significant
differences found between the HitnRun group and the psychoeducational brochure group
on overall intervention evaluation in the study testing the first iteration of HitnRun,
whereas in the study testing the second iteration of HitnRun, HitnRun was rated more
favorable compared to the psychoeducational brochure. Specifically, in the study testing
the first iteration of HitnRun, participants in the game group (compared to the brochure
group) only rated one out of five items in favor of HitnRun: the game being more
distracting than the psychoeducational brochure. In the study testing the second design
iteration, participants in the game group reported HitnRun to be more attractive to
others, and appreciated more that HitnRun was a game intervention, than participants in
the brochure group. Thus, it seems that our intention to improve the design between
iterations, thereby increasing participant engagement, was at least partially successful.
Remarkably, in both studies there was one question where the
psychoeducational brochure outperformed HitnRun: participants in the brochure group in
both studies rated the brochure to be more useful in their daily life compared to the game
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group. Of course, a psychoeducational brochure, compared to HitnRun, is a much more
explicit way of intervening in someone’s smoking situation. While one could interpret this
finding as a lack of transfer from HitnRun to the daily lives of participants, this effect could
also be driven by the belief of young people that games are inherently fun and therefore
may not be easily linked to a therapeutic or behavioral change context. Indeed, we have
observed this paradoxical usefulness effect more often in game intervention research
(Schoneveld et al., 2018), and we think that this phenomenon could be used as a ‘trojan
horse’. By this we mean that we can deliver ‘behavior change’ content in a way that
circumvents players’ psychological defenses, such as feelings of inferiority, resistance, and
not being taken seriously (Frohlich et al., 2012; Hill et al., 2014; Lenkens et al., 2019;
Scholten & Granic, 2019), thereby laying the foundation for a more receptive mindset
(Kaufman & Flanagan, 2015).
Table 2
Comparison Intervention Evaluation First and Second Design Iteration HitnRun
First design iteration HitnRun (Chapter 4)
Brochure group

Game group

Statistics

Mean

SD

Mean

SD

Overall
intervention
evaluation
Liking
Attractiveness

12.78

4.76

13.15

4.24

t(101) = -.42, p = .678

2.82
2.73

1.13
1.15

2.81
2.96

1.33
1.19

Useful daily life

2.76

1.26

1.56

.70

Distraction

1.90

1.03

2.79

1.18

Game/Brochure

2.57

1.24

3.04

1.36

t(101) = .07 p = .948
t(101) = -1.02, p =
.308
t(77.77) = 6.00, p <
.001
t(101) = -4.07, p <
.001
t(101) = -1.84, p =
.069

Second design iteration HitnRun (Chapter 7)

Overall
intervention
evaluation
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Brochure group

Game group

Mean

SD

Mean

SD

13.49

3.53

15.21

4.10

Statistics
t(124) = -2.50, p =
.014
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Liking

2.97

.92

3.27

1.24

Attractiveness

3.08

.99

3.54

.86

Useful daily life

2.79

1.14

2.28

1.10

Distraction

2.17

1.03

2.45

1.21

Game/Brochure

2.69

.97

3.30

1.26

t(127.85) = -1.60 p =
.112
t(128) = -2.82, p =
.005
t(132) = 2.65, p =
.009
t(131.78) = -1.43, p =
.154
t(127.32) = -3.07, p =
.003

Note. Overall intervention evaluation is a sum score of the five separate intervention
evaluation questions.
Liking = “I liked to read/play the brochure/game”; Attractiveness = “I think that the
brochure/game is attractive to others”; Useful daily life = “What I learn in the
brochure/game I can use in my daily life”; Distraction = “While I studied/played the
brochure/game, I forgot everything around me”; Game/Brochure = “I like the fact that
the brochure/game is a brochure/game”.
Significant effects are bolded.

In Table 3, we present the correlational analyses we performed between the
game intervention evaluation measures, and game dose and decreases in weekly smoking
behavior from pre-test to post-test, for both studies. Although we already showed a
significant, but weak, association between higher game dose and larger decreases in
weekly smoking behavior in the study testing the first iteration of HitnRun, there were no
other significant associations between intervention evaluation and game dose or weekly
smoking behavior. In the study testing the second design iteration, we were able to
strengthen the association between higher game dose and larger decreases in weekly
smoking behavior. Furthermore, higher overall intervention evaluation, higher liking, and
higher appreciation of HitnRun being a game, were related to higher doses of HitnRun
gameplay. No significant correlations were found between intervention evaluation and
decreases in weekly smoking behavior. Probably, the more participants were engaged by
HitnRun, operationalized by higher intervention evaluations, the more time they invested
in playing it, which in turn could have led to better smoking outcomes.
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Table 3
Correlations between Intervention Evaluation Variables and Outcome Variables for
Game Group Only
1.
Difference
score
weekly
smoking
pre-test post-test
2. Dose
3. Overall
intervention
evaluation
4. Liking
5.
Attractiveness
6. Useful
daily life
7.
Distraction
8.
Game/Bro
chure
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1.

2.

3.

4.

5.

6.

7.

8.

1

.38
(.001)

.15
(.219)

.18
(.125)

.09
(.483)

.18
(.131)

.16
(.194)

.11
(.353)

.29
(.048)
.06
(.657)

1

.34
(.006)
1

.26
(.028)
.85
(<.001)

.14
(.246)
.64
(<.001)

.20
(.101)
.73
(<.001)

.17
(.159)
.66
(<.001)

.24
(.042)
.81
(<.001)

.05
(.742)
-.04
(.763)

.23
(.118)
.08
(.608)

.83
(<.001)
.74
(<.001)

1

.47
(<.001)
1

.55
(<.001
.44
(<.001)

.51
(<.001)
.22
(.076)

.73
(<.001)
.41
(.001)

.19
(.186)
.09
(.540)
.02
(.892)

.23
(.109)
.13
(.383)
.23
(.117)

.55
(<.001)
.69
(<.001)
.78
(<.001)

.41
(.002)
.43
(.002)
.54
(<.001)

.33
(.016)
.33
(.016)
.43
(.002)

1

.38
(.001)
1

.52
(<.001)
.44
(<.001)
1

.24
(.102)

.58
(<.001)

.29
(.037)
.27
(.056)

.45
(.001)
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Note. Numbers below the diagonal represent correlations for the game group only in
the study testing the first iteration of HitnRun, whereas numbers above the diagonal
represent correlations for the game group only in the study testing the second iteration
of HitnRun.
Study first iteration HitnRun: there was one positive significant correlation for the
brochure group only between brochure dose and the usefulness of the brochure in
daily life.
Study second iteration HitnRun: there were no significant correlations for the brochure
group only between brochure dose and smoking behavior, and intervention evaluation.
p-values are represented between parentheses for each correlation.
Significant correlations are bolded.

In sum, we did a much better job in the second design iteration of HitnRun in
engaging participants in the intervention, thereby not only motivating individuals to play
more (i.e., dose), but also changing behavior. Attention to engagement-driven
considerations, and using design thinking principles to inform intervention development,
is therefore a necessity for successful (smoking cessation) intervention design. Through
our focus on theory-driven and engagement-driven considerations in the design of
HitnRun, we attempted to design an intervention that would be able to reduce smoking
behavior among young smokers; these smoking outcomes will now be discussed.
Smoking Outcomes
In Chapter 4 we presented the results of an experimental study comparing the
first iteration of HitnRun, the ‘casual’ runner based on Go/No-Go principles, to a
psychoeducational brochure. Weekly smoking levels from pre-test to post-test decreased
after both HitnRun and the psychoeducational brochure in a sample of 106 young adult
smokers who were motivated to quit smoking. Important to note, this study was explicitly
designed to examine proximal mechanisms of change and powered accordingly, therefore
it was underpowered for testing whether HitnRun was more successful in changing
smoking behavior over time. In the second iteration of HitnRun (presented in Chapter 7),
we added game mechanics that targeted delay discounting, peer influence, and an
increased focus on engagement considerations and tested it against the
psychoeducational brochure. Smoking behavior was assessed at pre-test, post-test, and at
three-month follow-up in a sample of 144 young smokers that were motivated to quit,
and was appropriately powered for potentially detecting moderate effects on smoking
behavior. Again, we found similar decreases in weekly smoking behavior for both HitnRun
and the brochure from pre-test to post-test to follow-up. In addition, we did not find any
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differences between groups on abstinence rates at either post-test or three-month followup.
In contrast to our expectations, we found that participants in both the HitnRun
and brochure group showed equal improvements in smoking behavior at post-test and
three-month follow-up. It could be that neither HitnRun nor the psychoeducational
brochure had an advantageous effect on smoking behavior or that both groups were
equally effective. By not including a no-contact control group, such as a wait list, we
cannot be sure that the decrease in smoking behavior was any greater than without any
intervention at all. Nevertheless, in Chapter 4 we were able to help 37% of all participants
quit smoking at post-test, and in Chapter 7 we accomplished an abstinence rate of 35% at
post-test and an abstinence rate of 30% at three month follow-up. At best, previous
systematic reviews and meta-analyses estimated abstinence rates ranging from 9-12%
following smoking cessation interventions specifically for youth (Fanshawe et al., 2017;
Sussman & Sun, 2009; Sussman et al., 2006). Thus, although we hoped to elicit stronger
advantageous effects of HitnRun on weekly smoking levels and abstinence levels over
time, we still have been quite successful in helping our sample of young people to quit
smoking. On top of that, in Chapter 7, we were able to reach youth that are especially
difficult to recruit and retain in smoking cessation trials, those from lower education
tracks.
Previous research has shown that youth from lower educational tracks are
particularly at risk: smoking among Dutch youth at the lowest educational level is more
than twice as common (20%) as in Dutch youth in higher educational tracks (9%; Van
Dorsselaer et al., 2016; Verdurmen, Van Dorsselaer, & Monshouwer, 2016), and they also
show higher smoking prevalence and higher accompanying nicotine dependence rates
(Hiscock et al., 2012; McCarthy et al., 2016). Although youth from a lower educational
track attempt to quit smoking as often as their higher educated counterparts, they are less
successful (Hiscock et al., 2012; Kotz & West, 2009; McCarthy et al., 2016). This could be
partly explained by the fact that they often do not use available smoking cessation
interventions, and drop out much more often from these programs than youth with higher
education levels (Hill et al., 2014; Springvloet et al., 2017). In Chapter 7, most promising
effects on smoking behavior were established within a group of participants that had a
lower education level, were more severely addicted, and were more exposed to peer
smoking. Even more encouraging, these beneficial effects were mostly driven by
participants randomized to HitnRun.
Although both groups showed a reduction in smoking behavior, it is still unclear
why no differences in smoking behavior were found between the HitnRun and brochure
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group in both Chapters 4 and 7. We believe that these equal improvements in both
groups can be explained in two ways. First, non-specific factors may have played a large
role in boosting smoking cessation in both intervention groups. There is a consistent body
of evidence that shows that nonspecific factors - factors not specific to any mechanisms of
change hypothesized to influence the outcome - play an important role in positive
intervention outcomes (e.g., Ahn & Wampold, 2001; Hajek, 1996; McFall & Hammen,
1971). In fact, factors specifically targeting theory-based mechanisms of change explain
less variance in outcome measures than these non-specific factors (Ahn & Wampold,
2001; McFall & Hammen, 1971). Examples of the most important and most researched
non-specific factors include motivation to quit smoking (McCuller et al., 2006; McFall &
Hammen, 1971; Prochaska & Norcross, 2001), loyalty between the participant and a
program, therapist, or group (Aveyard & Raw, 2012; Hajek, 1994; McFall & Hammen,
1971; Newman et al., 2011), expectations for improvement (Boot et al., 2013; Crum &
Phillips, 2015; Hajek, 1994), and mindset (Crum, Leibowitz, & Verghese, 2017; Crum &
Phillips, 2015; Dweck, 2006).
For example, it may have been that our moments of contact in the lab and on the
phone during which we had ‘casual’ non-judgmental talks, might have been supportive
and motivating to help youth quit smoking (Lenkens et al., 2019; Schenk et al., 2018).
Another example relates to expectations: we know expectations can play a big role in
intervention effects, and therefore we attempted to equalize participants’ expectations
about the effects of HitnRun and the psychoeducational brochure by presenting them with
a short description of the interventions and their goals (Boot et al., 2013; Crum & Phillips,
2015). However, by equalizing their expectations we may have primed our participants to
expect a beneficial effect on their smoking behavior which, in turn, may have led to
improved outcomes. We believe that these non-specific effects can be very valuable and
powerful mechanisms through which youth change their behavior (Crum et al., 2015;
2017), but they indeed may have limited the specific impact of HitnRun. Measuring these
non-specific factors to help us disentangle specific factors from non-specific ones can
inform further intervention design, pointing to how to harness these powerful nonspecific effects in the future.
The second explanation for similar improvements in both intervention groups is
related to the design of our studies: an RCT. RCT’s strive to reach independence of
measurements and eliminate sources of bias, by randomizing participants to different
intervention groups to insure that they do not differ in any systematic way (Concato, Shah,
& Horwitz, 2000; Suresh, 2011). Although RCTs are a useful design for answering
important intervention success questions – e.g., does this intervention work better than a
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waitlist control? - they are not able to deepen the knowledge of how a certain
intervention works (Gazzillo, Schimmenti, Formica, Simonelli, & Salvatore, 2017;
Vandelanotte & Maher, 2015). Most problematic are the related issues of treating
individual participants as one homogenous group, ignoring individual differences, and
using one uniform intervention program for everyone, which are all necessary research
design elements of randomized intervention trials; Gazzillo et al., 2017; Vandelanotte &
Maher, 2015).
All in all, RCT design constraints can often work directly counter to the designthinking principles that were central to our work. According to these design-thinking
principles, individuals should be able to select the intervention that best fit their
demographics, preferences, needs, and personalities (Scholten & Granic, 2019). ‘Forcing’
youth into a certain intervention group that they do not click with or they are not engaged
by, will probably result in no changes in smoking behavior over time. This was
substantiated by our data in Chapter 7, where we showed that participants that liked
playing games in their private life benefitted most from HitnRun, whereas youth that did
not particularly like playing games reported that, as quoted by one of our participants: ‘I
would have probably been helped more with the brochure condition’. It is precisely
because we so strongly endorse the design-based framework that we planned the doseresponse analyses in Chapter 7 as that type of analysis can help us understand the effect
of the potential connection participants had with the intervention on outcomes.
Based on the dose-response analyses, we showed that participants who played
the second iteration of HitnRun for a longer period of time also showed lower weekly
smoking levels than participants who played HitnRun for a shorter period of time, whereas
such a beneficial dose effect was not found for the brochure group. The dose-response
effect in the HitnRun group was found at post-test but faded over the three-month followup period. This finding stresses the need to add booster sessions over longer follow-up
periods in future iterations of HitnRun (Hale et al., 2014), at least for those youth who
enjoy playing the game and benefit from it. In sum, we were able to motivate a sub-group
of hard-to-reach young smokers to be involved in playing HitnRun, which in turn led to
reduced smoking behavior. We believe that we have taken a number of systematic,
promising steps, especially given how few evidence-based interventions are available at
this moment for these youth (Fanshawe et al., 2017; Nationaal Expertisecentrum
Tabaksontmoediging, 2013).
Limitations
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This thesis had a number of ambitious aims including: (1) reviewing mechanisms
of change previously associated with smoking behavior; (2) developing a framework for
improving digital-based interventions for youth based on design principles; and (3)
applying the lessons from the first two aims to a three-stage iterative design process that
ultimately culminated in an engaging mobile game that targeted young people who want
to quit smoking. The diversity and complexity of the approaches across the various
chapters in this thesis also led to a number of important limitations that should be
highlighted.
A first limitation is that, although this whole thesis project was focused on
designing an intervention that could help youth quit smoking, we only included one wellpowered study to actually identify (medium) effects on smoking behavior. A lot of time
and resources during this project went into showing proof of concept for underlying
mechanisms of change, and applying design thinking to amplify engagement processes.
We still believe that our efforts were necessary to ultimately develop an intervention that
addresses the needs of young smokers, yet we also argue that we need larger trials to
detect smaller effects after new design iterations of HitnRun. Although we have been
critical about the RCT design, it is still also the design of choice for answering important
intervention success questions. Therefore, we specifically suggest well-powered
traditional RCT designs including a third arm, a waiting list group, to investigate the
potential effects of non-specific factors on smoking outcomes. Subsequently, we suggest
large implementation studies (Mazzucca et al., 2018; Michie, Yardley, West, Patrick, &
Greaves, 2017) as we need data collected in less well-controlled research environments,
such that we can find out whether HitnRun will be picked up by youth themselves and
what the retention rates are of HitnRun ‘in the wild’.
A second, and related, limitation is the length of follow-up measurement. Again,
due to time constraints, we were only able to include a three month follow-up for the trial
testing effects on smoking behavior. Preferably, we would have included a six-month and
even a one year follow-up to find out whether effects lasted over longer periods of time,
and we strongly suggest to include longer time follow-ups for future studies (as also
recommended by Fanshawe et al., 2017; Garrison et al., 2003; Simon et al., 2015;
Stockings et al., 2016; Villanti et al., 2010).
A final limitation of this thesis is the strong reliance on self-report data. Youth
might have given socially desirable answers (Crowne & Marlowe, 1960), which may have
biased the reporting of smoking behavior and abstinence. Additionally, this might have led
to an overestimation of our results because of shared method variance (Kim & Cicchetti,
2010). There are other methods to more objectively measure (a proxy of) smoking
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behavior, by measures of smoking topography, carbon-monoxide (CO) levels in breath, or
cotinine levels in saliva, blood, urine, or hair (Deveci, Deveci, Açik, & Ozan, 2004; Florescu
et al., 2009; Lee et al., 2003). Although the use of more objective methods to measure
smoking is frequently recommended (Fanshawe et al., 2017; Simon et al., 2015; Towns et
al., 2017), the most frequently used method (easy and least invasive) for this, CO levels in
breath, is not always as reliable as in adults given its insensitivity to the episodic nature of
youth smoking because of a short CO half-life (Muramoto, Leischow, Sherrill, Matthews, &
Strayer, 2007). Furthermore, self-reports are also often the preferred way of data
collection (Crutzen & Göritz, 2010). Self-reports require fewer logistical and financial
resources, are less invasive, and have higher specificity regarding frequency and quantity
of use, compared to more objective biochemical measures (Crutzen & Göritz, 2010).
But even more importantly, smoking cessation interventions are nowadays more
and more delivered through the Internet (Naslund et al., 2017; Taylor et al., 2017; Webb,
Joseph, Yardley, & Michie, 2010), whereby these interventions can be accessed
anonymously and at any place and time. The use of more objective biochemical measures
is therefore less feasible on any scalable level. In addition, previous research has shown
that self-reports of smoking are accurate in most studies (Crutzen & Göritz, 2010; Patrick
et al., 1994). Therefore, we would suggest that biochemical verification is helpful, but not
an absolute necessity especially when it contrasts with other intervention aims such as
anonymity and accessibility. Otherwise, we would recommend the use of ecological
momentary assessment (i.e., the repeated real-time assessment of behavior in
participants’ natural contexts) and in the near future passive assessment of smoking
behavior through mobile phones (Lind et al., 2018), as other methods to capture smoking
patterns not measured by questionnaires, retrospective data, or biochemical
measurements (Shiffman, 2009).
Implications for Intervention Research, Game Design, Clinical Practice and Policy
Although we have learned a great deal through the intervention and game design
iterations we went through in this thesis, there is still so much to do in order to help youth
quit smoking. We call for a change in perspective in clinical practice and policy building,
with design thinking principles at the forefront to help us understand the authentic needs
and motivations of smoking youth and to help us design interventions that feel valuable
and relevant to youth themselves. We will discuss the strengths and implications of our
work related to the separate, but crucially interacting, worlds of intervention research,
game design, and clinical practice and policy building.
Intervention research
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We call for the inclusion of a more diverse and wider sample of young smokers in
research, and to step away from smoking cessation research that is fully based on adult
literature. Young smokers are a highly heterogeneous group as they often do not describe
themselves as ‘daily smokers’, but more as ‘occasional’ or ‘social’ smokers (McClure et al.,
2013; Moran et al., 2004). In addition, we argued before that most smoking cessation
research, often unintentionally, only offers support to youth from higher education
streams as youth with lower educational backgrounds are more difficult to recruit or more
often drop out along the way (Hill et al., 2014; Springvloet et al., 2017). By ignoring this
heterogeneity, interventions are only offered to youth that closely resemble the average
adult smoker (i.e., daily smoker and nicotine dependent), thereby missing out on a large
group that maybe needs help with smoking cessation even more (Berg & Schauer, 2012;
Fagan & Rigotti, 2009; McClure et al., 2013; McDermott et al., 2007; Song & Ling, 2011;
White et al., 2009). Thus, for too long already we have been investing in one-size-fits-all
smoking cessation approaches, but these have not shown any benefit for the majority of
young smokers.
Furthermore, in this thesis we invested in a multi-component and transdiagnostic
approach. We built upon a transactional model for adolescent drug use that accounted for
individual (self-control: inhibitory control and delay discounting) and environmental (peer
influence) mechanisms (Wills & Dishion, 2004), and the complex and multidimensional
interaction between these individual and environmental mechanisms. Changing these
mechanisms individually or the interaction between these mechanisms of change, could
ultimately lead to smoking cessation. We attempted to measure the impact of these
mechanisms of change separately, by performing multiple studies and including measures
in our research design to test for associations between these mechanisms of change and
smoking outcomes. Yet, due to research design and time restrictions, we were not able to
test the differential impact of each component specifically on smoking outcome in one
study, to investigate which component predicted the most variance. We therefore
recommend stepwise component studies (Harachi, Abbott, Catalano, Haggerty, & Fleming,
1999; Linnan & Steckler, 2002) and dismantling studies (Brandon et al., 2004; McCarthy,
Bolt, & Baker, 2007; Pellecchia et al., 2015), to identify the necessary and active
ingredients leading to intervention effectiveness.
In addition, our choice of mechanisms of change was also informed by their
transdiagnostic nature. Transdiagnostic approaches aim to target a central set of
psychopathological processes underlying many behaviors and disorders, instead of
focusing one a specific diagnosis and how to intervene on that (Garland & Howard, 2014;
Goschke, 2014; Mansell et al., 2008; Taylor & Clark, 2009; Sofuoglu et al., 2016). We
attempted to show the premise of the transdiagnostic nature of inhibitory control in
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Chapter 5, but unfortunately were not able to do so. Due to the limitations reported in
Chapter 5 and the promising findings in other traditional food Go/No-Go training studies
(Chen et al., 2016; 2017; Lawrence et al., 2015a; Veling et al., 2014), we still believe that
the impact of this thesis might go beyond the smoking field. Successful manipulation of
the transdiagnostic mechanisms of change (i.e., inhibitory control, delay discounting, and
peer influence) could in the end be useful to change a broader range of health behaviors.
Hence, our future plans include not only iterating on the promising effects found
for HitnRun in youth’ smoking cessation, but also extending our game framework and
mechanics to other behaviors such as unhealthy eating and internalizing symptoms. For
example, HitnRun capitalizes on the social peer influence structure of youth, by increasing
motivation, engagement, and commitment, through interactive game-based experiences
with like-minded peers. These social processes are equally important in the design of
interventions for anxious and depressed youth, as social ties play a beneficial role in
maintaining psychological well-being and mental health (Barnett & Gotlib, 1988; Kawachi
& Berkman, 2001; Kiuru et al., 2012; La Greca & Harrison, 2005). We also encourage other
researchers to take a multi-component and transdiagnostic approach, because it may not
only boost chances for successful behavior change, but also extends the resources and
times invested in a particular subject to other areas of research and practice.
Finally, and highly related to game design discussed next, is our challenge to find
out how we can promote players’ connections to and engagement with HitnRun. As we
discussed before, we have been able to engage a subgroup of participants in playing
HitnRun, but there was also a substantial group that did not connect with the intervention.
To strengthen the supportive peer context in HitnRun and to examine the affordances that
amplify this context, we need to move beyond RCT designs. Apart from the limitations of
RCT designs that we have already discussed, there is another major disadvantage of RCT
designs to digital contexts specifically. The inherent features of RCTs restrict researchers
to only include participants who do not know each other (i.e., who are not friends or
acquaintances). This is because RCTs require researchers to avoid contamination, protect
confidentiality, and to isolate the intervention context and its participants from external
factors in order to “control” as much of the experimental setting as possible
(Vandelanotte & Maher, 2015). Yet, these exact features also change the nature of digital
social experiences such that they no longer represent the true potential of socially
networked experiences that are available in young people’s everyday lives (Vandelanotte
& Maher, 2015).
In the case of HitnRun, merely providing the tools to communicate and connect
with each other does not necessarily imply that a social network will arise and exist over
time. To further illustrate this point, in Maher and colleagues’ (2014) systematic review
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that examined the effects of health behavior change interventions through online social
networks, only one study was able to successfully change behavior and show high levels of
engagement: this study included participants that already knew each other (Foster et al.,
2010). Hence, future intervention development could consider the inclusion of already
existing peer ‘networks’, or to first demonstrate that peer networks have originated
through the digital context offered to youth that were unknown to each other (Maher et
al., 2014; Vandelanotte & Maher, 2015). Mimicking real conditions of digital social
experiences, through ecologically valid or pragmatic study designs (Vandelanotte et al.,
2017; Ware & Hamel, 2011), facilitates almost unlimited peer-to-peer social support.
These and other alternative research designs such as machine learning approaches,
observational, or single-case experimental designs (Fisher & Soyster, 2019; Kazdin, 2019;
Mazzucca et al., 2018; Wolery et al., 2011), also offer the ability to address other
questions that cannot be answered by RCT’s, such as questions about whether HitnRun is
effective within the individual, how to attract and retain users, the optimal dose of
HitnRun, and the discoverability of HitnRun in the real world (Vandelanotte & Maher,
2015).
Game design
Beyond our more general call for the uptake of design thinking principles, we also
have a number of specific game design suggestions to improve the effectiveness of future
versions of HitnRun. First, it seems important to focus on building upon and strengthening
the mechanics that help tailor HitnRun to individuals’ needs and foster just-in-time nudges
in the intervention. Instead of retrospective reporting of craving, smoking moments, and
mood before quitting to smoke, the next iteration of HitnRun should incorporate
ecological momentary assessments to track these behaviors over time before the quit
date (Fisher & Soyster, 2019; Lind et al., 2018). The game system can then use this
information to automatically prepare the personalized triggers that will be sent to the
participants during the intervention period (Fisher & Soyster, 2019). The game system
itself will also benefit from incorporating a messaging system that delivers feedback
regarding individual and team performance (both of their own team and of other teams),
and, of course, allows participants to communicate with their team members. This more
sequential, time-series type of data collected within the game system of HitnRun could be
used to find out how to iterate and improve on the peer chat function in the game. These
data help us to understand how to successfully support and reinforce peer support within
this game system, while minimizing reinforcement of antisocial talk (e.g., about smoking
potential or cravings), and provide information about how these processes relate to
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smoking outcomes over time (these ideas are based on early work by Tom Dishion:
Dishion et al., 1995; Dishion & Tipsord, 2011).
In addition, we plan to add a journaling feature to HitnRun that encourages
participants to write down their thoughts and feelings regarding their quit attempt
(Graham, Rouncefield, & Satchell, 2009). In addition, this feature would also prompt
participants with goal setting exercises and primes for their future self, and allow
participants to share their thoughts and feelings as well as their progress in the game. A
wealth of studies shows that writing about (difficult) experiences and situations supports
individuals in creating a coherent narrative about their life, and emotion helps to shape
this narrative (Bohanek, Fivush, & Walker, 2005; Pennebaker & Seagal, 1999; Rees,
Monrouxe, & McDonald, 2013). Especially during periods of upheaval or change, creating
and, most importantly, sharing a coherent and emotionally integrated narrative about
overcoming adversity can help individuals gain control over negative experiences, leading
to improved psychological well-being and behavior change (Pennebaker & Seagal, 1999;
Rees et al., 2013). For example, a study by Ames and colleagues (2007), evaluated the
efficacy of expressive writing as an addition to standard smoking cessation treatment (i.e.,
brief office smoking cessation intervention plus nicotine patch therapy). They found higher
end of treatment abstinence rates in the group that received standard treatment plus
expressive writing, compared to the group that only received standard treatment. This
suggest that expressive writing has promise as an add-on component to complex smoking
cessation interventions.
Similarly to our exploratory text-based analyses in Chapter 7, this text-based
journaling data could be used to investigate the affordances of peer based game factors
on smoking outcomes (Murnane & Counts, 2014; Tamersoy et al., 2017). Yet, because this
data is much richer, we can also examine change in language use and sentiment over time
within the individual, the team, and the whole group of players, and relate that to
smoking cessation outcomes (Chen et al., 2019; Murnane & Counts, 2014; Wang, Kraut, &
Levine, 2012). Finally, the continuous tracking of language data within the game system
can be used as an assessment and feedback tool (Coppersmith, Leary, Crutchley, & Fine,
2018; Fisher & Soyster, 2019; Myneni, Sridharan, Cobb, & Cohen, 2018; Schubert, Durruty,
& Joyner, 2018; Sharma & Baig, 2015). For example, a previously very active
communicator using a lot of positive and assent words, that reverts back to less
communication and more negative words might be at risk for (re)lapse; the game system
could act on that information by prompting the individual itself with their future
aspirations and goals, or by priming other team members for social support.
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Second, HitnRun should be upgraded on its personalization features, as in the
current version only the tailored messages were personalized to the individual. Although
personalization is one of the most often mentioned advantages of digital interventions
over more conventional interventions, it has not been realized in many game-based
solutions (Orji et al., 2017; Scholten & Granic, 2019). One of our future design plans is to
personalize the picture library used in the Go/No-Go runner. Individuals start with an
empty picture library and during the month that we are tracking their craving and smoking
moments and mood, we will also prompt them to take selfies of themselves smoking.
Then, when the intervention period starts, they will be prompted to take selfies of
themselves while not smoking. The smoking pictures will be included in the picture library
as No-Go pictures, and the non-smoking pictures will be included as “Go” pictures.
In this version of HitnRun, players will continuously respond to their own personal
non-smoking pictures that will be updated over the intervention period, whereas they
need to refrain from responding when encountering “their previous self” over and over
again. Successful game play, substantiated by in-game performance indicators such as
daily high score, improved No-Go accuracy scores, or a finished journal prompt, could be
used to unlock new opportunities for taking non-smoking selfies which in turn can be
shared through the game system with team members.
Clinical practice and policy building
We hope that our work will be at the forefront of a change in perspective. We
strongly advocate an altogether different approach to youth-based interventions: we
cannot continue to “push” traditional adult smoking cessation interventions that have
little or no appeal to youth. Young smokers have a voice and we, as researchers, game
designers, clinicians, or policy makers, should honor their autonomy and needs. We
recognize that this change of perspective is hard to attain and certainly not the easiest
road. Instead of excluding subgroups of youth that do not fit within our intervention
framework, we need to approach them even more and find out what their motivations
and needs are. For example, recruiting and retaining youth with lower educational
backgrounds in intervention programs often takes more time and, importantly, a more
socially connected and personal approach (Bader et al., 2007; Lenkens et al., 2019; Schenk
et al., 2018). Yet, we have argued before that current intervention programs have been
investing in one-size-fits-all smoking cessation approaches, including large sample sizes
and minimal contact (Bader et al., 2007; Fanshawe et al., 2017; Hill et al., 2014). This
difference in how to approach different subgroups of young smokers should not prevent
us from still trying to do so. As F. Scott Fitzgerald told us a long time ago: "Nothing any
good, isn’t hard".
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Our ultimate goal is to work toward a pull-model instead of a push-model of
intervention design and deployment, in which youth have the opportunity to choose the
interventions or products, digital or otherwise, they most need to grow and change their
behaviors. Instead of providing products from a paternalistic “I know what is good for
you” perspective, we need an empowerment model that engages young people to ask for
what they need and choose from a suite of tools that provide experiences that best fit
their self-expressed needs. This requires a switch in the way we, researchers, game
designers, clinicians, and policy makers, have been approaching young people. We should
aim to be good non-judgmental listeners, to decrease the distance between youth and
“the professional”, and to be prepared to delve deeper to find the authentic motivations
driving young smokers.
Fortunately, we are not the only ones who tried to change our perspective
through a participatory-driven lens. There are other, although very different, projects that
applied this same lens to smoking cessation for harder to reach groups. For example, the
Dutch community based approach “Wijkchallenge Stoppen met Roken”
(https://ivo.nl/wijkchallenge-stoppen-met-roken/), set up by a collaborative effort of
Dutch universities, addiction knowledge centers, and addiction treatment clinics, aims to
lower the bar for smoking cessation. In short, they try to reach socially vulnerable groups
to participate in a smoking cessation group training, through organizing these trainings in
accessible and familiar settings, by including trusted figures in the community in the
training (i.e., the imam, or a social worker), and by a very personal and tailored approach
for each individual. Thus, there are several initiatives aiming to design personal and
tailored experiences that match the needs of specific subgroups (e.g., youth, individuals
with a lower educational background), which in the future will hopefully enable individuals
to choose the intervention or product that works best for them when attempting to quit
smoking.
Conclusion
In the current thesis, we designed and tested the game HitnRun to help youth
quit smoking. Through reviewing the state of smoking cessation intervention research and
focused conversations with young smokers, we identified barriers to conventional
smoking cessation interventions. Then a combined theory-driven and engagement-driven
approach was taken to deal with the identified barriers in smoking cessation research,
thereby aiming to design an experience that young smokers could authentically connect
and engage with. In contrast to our expectations, we found that participants in both the
HitnRun and brochure group showed equal improvements in smoking behavior over time.
Yet, participants who played the second iteration of HitnRun for a longer period of time
334

General discussion

also showed lower weekly smoking levels than participants who played HitnRun for a
shorter period of time. Thus, HitnRun shows promise as a smoking cessation intervention
for youth, mostly for those who connected with and were engaged by the game-based
intervention. Strengthening connection and amplifying engagement through new game
design iterations is therefore necessary to reach out to youth that did not benefit from
playing HitnRun yet. Our current promising findings, and future design iterations of
HitnRun, are highly important given the current paucity of evidence-based interventions.
Taken together, we call for a change in perspective to work towards a “pull” instead of
“push” model, in which we, as researchers, game designers, clinicians, or policy makers,
will honor youths’ autonomy and needs, and give them the opportunity to choose the
tools that have actual value to them.
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Roken is nog steeds één van de belangrijkst oorzaken van ziekte en sterfte.
Wereldwijd sterven er elk jaar ongeveer zeven miljoen mensen aan roken gerelateerde
aandoeningen; in Nederland alleen zijn dat er 20.000 per jaar. Hoewel we in Nederland de
laatste jaren gelukkig een daling hebben gezien in het aantal rokers onder de 16 jaar en
volwassen rokers, zien we helaas een lichte stijging in het aantal jonge rokers tussen de 16
en 25 jaar. Naast alle belangrijke initiatieven om roken onder jongeren te voorkomen, is
het dus ook cruciaal om te investeren in interventies die jongeren kunnen helpen stoppen
met roken.
Onderzoek en beleid hebben zich lange tijd niet gefocust op interventies die er
specifiek op gericht zijn om jongeren te helpen stoppen met roken, aangezien de
consequenties van roken zich vaak pas op latere leeftijd openbaren. Echter, de meeste
rokers (98%) starten met roken tijdens de adolescentie, en jong beginnen met roken is een
belangrijke voorspeller van nicotineverslaving tijdens de volwassenheid. Daarnaast heeft
roken tijdens de adolescentie ook een direct negatief effect op de fysieke en mentale
gezondheid. Tot slot is het percentage jongeren dat het lukt om zelf, dus zonder
interventie, succesvol te stoppen met roken zeer laag, terwijl stoppen met roken voor het
30e levensjaar 97% van de gevolgen van roken reduceert.
Het gebrek aan specifieke focus op jongeren in het stoppen met roken onderzoek
en beleid werd veroorzaakt door enerzijds de gedachte dat jongeren niet zouden willen
stoppen met roken, en anderzijds het idee dat de bewezen stoppen met roken
interventies voor volwassenen, zoals nicotine vervangende middelen of medicatie, even
effectief zouden zijn voor jongeren. Echter, recent onderzoek laat zien dat bewezen
interventies voor volwassenen vaak niet effectief zijn voor jongeren, en dat er voor
jongeren andere mechanismen ten grondslag liggen aan de initiatie en de instandhouding
van rookgedrag. Op basis van het weinige internationale onderzoek dat er is gedaan naar
interventies specifiek gericht op jongeren, blijkt dat er te weinig bewijs is om één specifiek
interventiemodel aan te raden.
Bovendien is de opzet van het onderzoek dat is gedaan vaak methodologisch
onder de maat, zijn de resultaten die worden gevonden vaak gemixt of worden er
eenvoudigweg geen interventie-effecten gevonden. De interventies die wel effectief
bleken te zijn, laten deze verbeteringen vaak alleen op de korte termijn zien. Lange
termijn effecten worden zelden gevonden of lange termijn metingen werden niet gedaan.
In Nederland is slechts één van de 11 stoppen met roken interventies in een nationale
interventiedatabase op maat gemaakt voor jonge rokers. Hoewel deze op jongeren
411

Nederlandse samenvatting (Dutch summary)

gerichte interventie goed is onderbouwd met theorie, is er geen bewijs om de effectiviteit
ervan te ondersteunen. Daarom is er een duidelijke behoefte aan nieuwe benaderingen
om jonge rokers met succes te betrekken bij stoppen met roken interventies.
Waarom zijn stoppen met roken interventies voor jongeren niet effectief?
Er zijn twee belangrijke redenen die de effectiviteit van stoppen met roken
interventies voor jongeren in de weg staan. Ten eerste laat het weinige onderzoek dat er
is zien dat complexe interventies die zich richten op verschillende mechanismen
gerelateerd aan roken onder jongeren het meest veelbelovend zijn. Echter, het is
onduidelijk welke exacte mechanismen het meeste invloed hebben op de effectiviteit.
Daarom is het belangrijk om onderliggende mechanismen verantwoordelijk voor de
initiatie en instandhouding van rookgedrag onder jongeren te identificeren en aan te
pakken in interventies. Naast veel onwetendheid over de werkbaarheid van de
verschillende mechanismen van verandering, is er de afgelopen jaren ook veel tijd en geld
geïnvesteerd in one-size-fits-all aanpakken. Echter, de groep jonge rokers in Nederland en
wereldwijd is zeer divers en daarom zal zo’n one-size-fits-all aanpak waarschijnlijk niet
veel effect hebben.
De tweede reden waarom stoppen met roken interventies voor jongeren niet
effectief zijn is de mismatch tussen wat jongeren nodig hebben en willen en wat ze wordt
aangeboden in bestaande stoppen met roken programma’s. Er wordt nog steeds vaak
gedacht dat jongeren niet willen stoppen met roken omdat ze net begonnen zijn. Echter,
jongeren zijn net zo gemotiveerd om te stoppen met roken als volwassenen, alleen zullen
ze minder snel de bestaande stoppen met roken interventies gebruiken, en proberen ze
eerder zelf te stoppen met roken. Redenen die jongeren hebben om zonder hulpmiddelen
of interventie te stoppen met roken zijn enerzijds dat ze vaak niet op de hoogte zijn van de
beschikbare middelen om ze te helpen stoppen met roken. Anderzijds wordt deze wens
gevoed door de behoefte zelfredzaam te zijn: veel jongeren geven aan dat de bestaande
stoppen met roken interventies geen rekening houden met hun autonomie. Dit is ook één
van de belangrijkste redenen waarom jongeren uit stoppen met roken interventies
stappen: zij ervaren de inhoud van deze interventies vaak als didactief, verouderd en saai.
De ontwikkeling van een game om jongeren te helpen stoppen met roken
In een poging om bovenstaande problemen aan te pakken, hebben we een
interventie ontwikkeld op basis van een gecombineerde wetenschappelijke en doelgroep
gerichte aanpak. We hebben er daarbij voor gekozen om een game te bouwen, omdat
games als aantrekkelijk ervaren worden door jongeren, een uitstekende trainingsbasis
vormen om vaardigheden te oefenen en een sterk gevoel van autonomie bieden. We
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hebben een interventie ontwikkeld bestaande uit meerdere wetenschappelijke
mechanismen van verandering gerelateerd aan de initiatie, de instandhouding en het
stoppen met roken van jongeren. Bovendien, en even belangrijk, hebben we een
doelgroep gerichte benadering gebruikt. Dit hield in dat we niet alleen een interventie
vóór jonge mensen hebben ontworpen, maar ook met hen, en dat hebben we gedaan
vanaf het begin van het ontwerpproces. Bovendien was ons ontwerpproces
noodzakelijkerwijs interdisciplinair, waarbij wetenschappers vanaf het begin
samenwerkten met ontwerpers, kunstenaars en programmeurs. Dit interdisciplinaire
samenwerkingsproces vond plaats gedurende de gehele ontwerpcyclus, waarbij we
nieuwe versies van de game steeds hebben getest en weer verbeterd op basis van
feedback van jongeren. Figuur 1 geeft een overzicht van de twee hierboven beschreven
belangrijkste belemmeringen om jongeren succesvol te helpen stoppen met roken en de
oplossingen en game mechanics die wij hebben geïncludeerd om deze belemmeringen
aan te pakken.
Op basis van de wetenschappelijke literatuur, hebben we ervoor gekozen een
interventie te ontwikkelen die uit verschillende componenten bestaat, namelijk: 1) het
versterken van de zelfcontrole, door middel van een zelfcontrole training; 2) het vergroten
van de connectie met de toekomst; 3) en het creëren van een ondersteunend netwerk van
leeftijdsgenoten. Naast deze wetenschappelijke aanpak, zijn we ook in gesprek gegaan
met de doelgroep zelf om beter te begrijpen waarom jongeren beginnen met roken, of ze
überhaupt willen stoppen met roken en wat ze nodig hebben van ons om dat hopelijk zo
succesvol mogelijk te kunnen doen. Op basis van deze gesprekken is de interventie op de
volgende manier opgebouwd: 1) jongeren vroegen om een individuele aanpak, waarbij er
rekening gehouden wordt met hun eigen behoeftes; 2) jongeren gaven aan vooral een
interventie nodig te hebben die er is op momenten dat ze die het meest nodig hebben,
namelijk wanneer hun craving het hoogst is; 3) jongeren gaven aan dat roken voor hen
veelal een sociale activiteit is en dat de sociale context dus ook onderdeel moest zijn van
de interventie.
HitnRun
We hebben al deze wetenschappelijke en doelgroep gerichte input
samengebracht en in twee ontwerprondes hebben we de game HitnRun ontwikkeld. In
Figuur 2 hebben we screenshots van zowel de eerste als de tweede versie van HitnRun
geïntegreerd. Volg de link in de voetnoot voor een video van HitnRun gameplay1.

1

https://youtu.be/mpDZDfALe14
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De basis van HitnRun is gebaseerd op een genre dat 'casual runner' wordt
genoemd, waarin spelers een avatar besturen die constant vooruit loopt, terwijl ze langs
obstakels navigeren en punten verzamelen door middel van naar links en rechts en op en
neer te bewegen. We hebben dit runner-genre gekozen omdat het enerzijds enorm
populair is onder jongeren en het anderzijds precies voldeed aan onze eisen voor een
zelfcontrole training, namelijk continu nauwkeurig en snel moeten reageren. In een
standaard zelfcontrole training zoals die in de wetenschap wordt gebruikt, worden
deelnemers aan zo’n training gevraagd zo snel en accuraat mogelijk te reageren op een
bepaalde stimulus, bijvoorbeeld een blauwe rand om een foto heen, en hun reactie te
onderdrukken bij een andere stimulus, bijvoorbeeld een gele rand om een foto heen. In
een training om individuen te helpen stoppen met roken, bevatten de foto’s met een
blauwe rand altijd neutrale inhoud, zoals een potlood, en bevatten de foto’s met een gele
rand altijd rook-gerelateerde inhoud, zoals een sigaret. Deelnemers leren hierdoor altijd te
reageren op neutrale inhoud, maar hun reactie te onderdrukken bij rook-gerelateerde
inhoud, en de hoop is dat die reactie zich vertaalt naar het dagelijks leven van de
deelnemers. In de eerste ontwerpronde van HitnRun hebben we dan dus ook getest of we
in staat waren om de zelfcontrole van deelnemers aan ons onderzoek te trainen door het
spelen van HitnRun op een computer.

Figuur 2. Screenshots van de eerste (twee foto’s boven) en tweede (vier foto’s beneden) versie van HitnRun.
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In de tweede ontwerpronde van onze game behielden we de zelfcontrole
training, omdat uit de studie met de eerste versie van HitnRun bleek dat deelnemers na
het spelen van de game een veelbelovende afname lieten zien in hun evaluaties van rookgerelateerde stimuli. Met andere woorden: deelnemers vonden rook-gerelateerde foto’s
minder aantrekkelijk en dat zou ertoe kunnen leiden dat ze gemakkelijker kunnen stoppen
met roken omdat ze minder aangetrokken worden door rook-gerelateerde stimuli in hun
dagelijkse omgeving. Dit is ook gevonden in onderzoek waarbij een zelfde soort
zelfcontrole training werd gebruikt, maar dan om individuen te laten minderen met
alcohol of af te laten vallen. Naast de zelfcontrole training, hebben we ook de andere
wetenschappelijke mechanismen van verandering en de doelgroep gerichte aanpak
toegevoegd aan de tweede versie van HitnRun. Als eerste stap hebben we HitnRun van de
computer naar mobiel gebracht, omdat we wilden dat onze game een just-in-time
interventie zou zijn die de rookgewoonte van de deelnemers kon vervangen, zowel op
fysiek (d.w.z. hun handen bezig houden) als psychologisch niveau. Mobiele telefoons zijn
hiervoor de perfecte methode, omdat ze op elk moment en elke plaats ondersteuning
kunnen bieden en daardoor jongeren strategieën aanbieden om de momenten van
craving waarin de kans op terugval groot is te doorstaan.
Ten tweede hebben we HitnRun ontworpen om te worden gespeeld tijdens
geïndividualiseerde momenten van hoge craving, omdat jonge rokers aangaven dat ze om
verschillende redenen rookten, zoals verveling, stress of in het gezelschap van rokende
vrienden. Runner games lenen zich perfect voor korte momenten van gameplay (d.w.z. 35 minuten per spelsessie); 3-5 minuten is ook de geschatte tijd die nodig is om een sigaret
te roken of de tijd die een craving moment in beslag neemt. Daarnaast hebben we
geprobeerd jongeren meer te laten focussen op de toekomst in plaats van op het heden
door middel van vragen over hun toekomstige zelf als niet-roker en de voordelen die
daarmee gepaard gaan. De toekomstige voordelen die deelnemers het belangrijkst
achtten, werden geïntegreerd in op maat gemaakte prompts die deelnemers eraan
herinnerden HitnRun te spelen op momenten van hoge craving. Tevens verbonden
deelnemers zich door middel van hun deelname aan een stoppoging van een maand, en
deze toezegging deden zij publiekelijk bij de onderzoekers in het lab en via een
introductiefilmpje bij hun teamgenoten.
Ten slotte probeerden we het bredere sociale systeem te 'infiltreren' om stoppen
met roken voor jonge rokers te ondersteunen. In de tweede versie van HitnRun brachten
we gelijkgestemde jongeren die wilden stoppen met roken samen in teams, met zowel
coöperatieve als competitieve gameplay. Coöperatieve teamplay werd ingezet om
jongeren de kans te geven te leren dat er veel gelijkgestemde leeftijdsgenoten zijn die
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willen stoppen met roken en dezelfde problemen ervaren wanneer ze proberen te
stoppen met roken. Binnen hun teams verbonden deelnemers zich publiekelijk aan hun
stoppoging van een maand, communiceerden ze met elkaar over hun teamprestaties,
moedigden ze elkaar aan om HitnRun te spelen, en ondersteunden ze elkaars
stoppogingen. De competitieve elementen werden opgenomen om de motivatie en een
focus op hun stoppoging te vergroten, terwijl deze competitieve elementen tegelijkertijd
andere online sociale games nabootsten waarmee jongeren al bekend waren.
Resultaten HitnRun
In een grote studie waaraan 142 jongeren deelnamen hebben we getest of de
uiteindelijke versie van HitnRun daadwerkelijk in staat was om jongeren te helpen
stoppen, ten opzichte van een controle groep die een brochure over stoppen met roken
kreeg. Jongeren die mee wilden doen aan het onderzoek, werden random toegewezen
aan enerzijds de HitnRun groep of anderzijds de brochure groep. In de HitnRun groep
speelden de deelnemers tenminste 1x per dag op een mobiele telefoon voor een periode
van vier weken. Deelnemers in de brochure groep werd gevraagd om de brochure
minimaal 1x te lezen. Voorafgaand aan en na afloop van beide interventies werden
rookgedrag en meerdere onderliggende mechanismen van verandering gemeten; ook
werd er een drie maand follow-up uitgevoerd voor rookgedrag. Deelnemers stopten met
roken bij aanvang van de studie.
Uit onze resultaten bleek dat zowel deelnemers in de HitnRun als in de brochure
groep significant minder waren gaan roken na de interventies en drie maanden later;
echter werd er geen verschil gevonden tussen beide groepen. Hoewel dit niet de
resultaten waren die we gehoopt hadden, hebben we met deze studie wel 30% van de
deelnemers geholpen om te stoppen met roken en gestopt te blijven tot drie maanden na
afloop van de studie. Eerdere studies laten in het beste geval percentages variërend van 912% zien van jongeren die succesvol zijn gestopt met roken na stopinterventies specifiek
voor jongeren. Dus, hoewel we gehoopt hadden betere resultaten te vinden voor de
HitnRun groep ten opzichte van de brochure groep, zijn we er nog steeds behoorlijk in
geslaagd onze steekproef van jongeren te helpen stoppen met roken. Bovendien waren
we in staat om jongeren te bereiken die bijzonder moeilijk te werven en vast te houden
zijn in dit soort stoppen met roken onderzoek, namelijk jongeren met een lager
opleidingsniveau. De meest veelbelovende effecten op rookgedrag werden vastgesteld
binnen een groep deelnemers met een lager opleidingsniveau, die ernstiger verslaafd
waren en die meer werden blootgesteld aan rokende leeftijdsgenoten. En nog
bemoedigender, deze gunstige effecten werden vooral gevonden onder deelnemers die in
de HitnRun groep zaten.
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Uit aanvullende dosis analyses bleek dat deelnemers die HitnRun vaker en langer
speelden, ook lagere wekelijkse rookniveaus lieten zien dan deelnemers die HitnRun
minder of bijna niet speelden. Een dergelijk gunstig dosiseffect werd niet gevonden voor
de brochuregroep. Verkennende analyses lieten zien dat jongeren die het echt leuk
vonden om HitnRun te spelen en die in staat waren om een sociale, ondersteunende en
positieve sociale context te creëren inderdaad de grootste afnames in wekelijkse
rookniveaus lieten zien. Jongeren die niet hielden van het spelen van games, die HitnRun
zelf niet leuk vonden of geen gebruik maakten van de mogelijkheden om een sociale
context te creëren en daar steun te ontvangen, hadden het minst profijt van de HitnRun
op hun stoppoging. Voor toekomstige versies van HitnRun willen we er ons dan ook op
richten om het speelplezier binnen HitnRun te verhogen en om de mogelijkheden voor het
creëren van een sociale context aantrekkelijker te maken en aan te moedigen.
Conclusie
In het huidige proefschrift hebben we de game HitnRun ontworpen en getest om
jongeren te helpen stoppen met roken. Door de staat van het onderzoek naar stoppen
met roken te evalueren en gerichte gesprekken met jonge rokers te voeren, hebben we
belemmeringen van conventionele interventies voor stoppen met roken vastgesteld.
Vervolgens werd een gecombineerde wetenschappelijke en doelgroep gerichte aanpak
gekozen om de geïdentificeerde belemmeringen in het onderzoek naar stoppen met roken
aan te pakken, met als doel een interventie ervaring te ontwerpen waar jonge rokers
enthousiast van zouden worden en die zou aansluiten bij hun leefwereld. In tegenstelling
tot onze verwachtingen, vonden we dat deelnemers in zowel de HitnRun als de
brochuregroep over tijd gelijke verbeteringen in rookgedrag vertoonden. Toch toonden
deelnemers die HitnRun voor een langere periode speelden ook lagere wekelijkse
rookniveaus dan deelnemers die HitnRun voor een kortere periode speelden. HitnRun kan
dus veelbelovend zijn als een stoppen met roken interventie voor de jeugd, en dan vooral
voor degenen die zich verbonden voelden met en betrokken waren bij de game
interventie. Het versterken van de verbinding en het vergroten van de betrokkenheid door
middel van nieuwe ontwerprondes is daarom nodig om jongeren te bereiken die nog niet
hebben geprofiteerd van het spelen van HitnRun. Onze huidige veelbelovende
bevindingen en toekomstige ontwerprondes van HitnRun zijn van groot belang gezien de
huidige schaarste aan effectieve interventies. Samen roepen we op tot een verandering
van perspectief om te werken aan een "pull" in plaats van een "push" -model, waarin wij
als onderzoekers, game-ontwerpers, clinici of beleidsmakers de autonomie en behoeften
van jongeren zullen eren en hen de mogelijkheid geven om de tools te kiezen die
daadwerkelijk waarde voor hen hebben.
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Acda en de Munnik - Vandaag ben ik gaan lopen
Vandaag ben ik gaan lopen
Ik was het maanden al van plan
Maar pas toen iedereen gezegd had dat het niet kon
Ging ik lopen
Kijk me lopen toch
Hier loop ik dan
Vandaag ben ik gaan lopen
Ik heb de meningen geteld
En heb bedacht dat het niets uit maakt
Ook als men niks vind
Wordt zelfs dat nog als een mening je verteld
Vandaag ben ik gaan lopen
En waar ik loop is van nu af aan een weg
Vandaag ben ik gaan lopen
Ik maak me klein bij elk geluid
Ik ben veel banger dan ik was
Toen ik nog stil stond
Mag zo wezen
Maar ik kom eindelijk
Ik kom eindelijk vooruit
Vandaag ben ik gaan lopen
En waar ik loop is van nu af aan een weg
Kijk me lopen, 7 sloten
Hoogste bergen andersom
Ik ben hoe dan ook gaan lopen
Ik zie wel waar ik kom
Diepe dalen, mooie paden
Ik glim bij wat ik zachtjes
haast onhoorbaar fluisterend zegt
Waar ik gelopen heb
Is van nu af aan van een weg
Vandaag ben ik gaan lopen
Omdat dat is wat ik wou
Heb geen idee waarom men zei dat het niet kon
Zeg liever ga maar, dat is leuk
En moet je doen
Want kijk me lachen man
Hier loop ik nou
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playlists op Spotify op zware schrijfmomenten. Samen kunnen wij alles. Ik hou van jou.

Hanneke

P.S. Twee derde van dit proefschrift is geschreven met de fijne klanken van Acda en de
Munnik over de speakers en daarom mochten zij dan ook niet ontbreken in dit
dankwoord. Laat me dan ook afsluiten met hun woorden die ik hopelijk nog ontzettend
vaak in de praktijk mag brengen:
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Acda en de Munnik
Alles gaat voorbij
Zolang ik hier maar niet vandaan hoef
Zolang ik hier maar mag bestaan
Zolang je lach maar voor mij bedoeld blijft
Je alle andere laat staan, kan er echt niet beter gaan
We hoeven niet te plannen
Het geeft toch niet wat je doet
Want het leven danst haar eigen dans
En op haar manier best goed
En wat moet gebeuren moet
Alles gaat voorbij, maar eerst genieten we ervan, eerst genieten we ervan
Alles gaat voorbij, maar eerst genieten we gelukkig, genieten we ervan
Hele dagen gaan verloren
Aan het gevecht tegen de tijd
Die al had gewonnen, ver voordat je was begonnen
Dus laat vallen toch die strijd
Wie wint nou van de eeuwigheid?
Laten we leven wat we kunnen
Het is het enige dat kan
En we kijken maar niet te ver vooruit
En wat fout gaat, jammer dan
Geniet er nou maar van

Alles gaat voorbij, maar eerst genieten we ervan, eerst genieten we ervan
Alles gaat voorbij, maar eerst genieten we gelukkig, genieten we ervan
Zoals de roem hier waaien kwam
Waait ie ook wel weer voorbij
En zo zal ook de liefde weer verdwijnen
M'n lief, m'n vrienden, blijf bij mij, dichterbij. Nog dichterbij
Zing zolang het lied blijft klinken, en we dansen, en we kussen, en we lachen naar elkaar
En we zullen ons vanavond nog bedrinken,
Denk niet aan de kater, geniet, geniet nou maar
Alles gaat voorbij, maar eerst genieten we ervan, eerst genieten we ervan
Alles gaat voorbij, maar eerst genieten gelukkig, genieten we ervan.
Maar eerst genieten we ervan, genieten we ervan
Alles gaat voorbij, maar eerst genieten we gelukkig, genieten we ervan

