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Preface
One of the very nicest things about life is the way we must regularly stop whatever it is
we are doing and devote our attention to eating.
- Luciano Pavarotti
Luciano Pavarotti, the world-renowned opera singer, is remembered by many for
his magnificent and powerful voice. Pavarotti was also a food lover, as the opening
quote shows, with his passion for fine food second only to opera. Throughout his
career though, he struggled with a much-publicized weight problem (Kozinn, 1993).
Although he tried to lose weight, he never truly succeeded – the temptation of food
was simply too strong for him to resist.
Pavarotti is not alone in his struggle with maintaining a healthy body weight. One
dire problem the developed world is facing right now is the increasing prevalence
of overweight and obesity in its population. Elevated body weight is associated
with many health risks, such as cardiovascular diseases, diabetes and some forms of
cancers (Pavarotti died of pancreatic cancer in 2007. Obesity is one of the risk factors
for pancreatic cancer. See “Pancreatic Cancer - Risk Factors,” 2018). Increased intake
of energy-dense foods is one of the main culprits contributing to this obesity epidemic
(WHO, 2016). In addition to influencing our health, what food we choose to eat also
has a profound impact on the environment. To satisfy our needs for certain foods, the
terrains of the earth have been drastically changed by the food industry, often in a
way detrimental to the environment (Springmann et al., 2018; Tilman & Clark, 2014).
What we choose to eat therefore not only concerns each individual; collectively, our
food choices also leave a huge footprint on the global environment.
Given the important role food plays in our daily lives, and the public health
and environmental issues surrounding it, it is of utmost importance for us to better
understand how people make food choices, and whether their food choices can be
steered in a healthier and more sustainable direction. The seemingly simple act of
eating is actually a rather complex phenomenon, influenced by a plethora of factors
such as one’s physiology, prior experience, societal influence and cultural background,
to name just a few (Breslin, 2013; Delormier, Frohlich, & Potvin, 2009; Köster, 2009).
Fully understanding why people make certain food choices will therefore require
knowledge on all different levels. In the current dissertation, I approach the issue of
9
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food choices from a psychological perspective. More specifically, I focus on basic
psychological processes that determine food choices, such as affective reactions
toward food, and examine whether such processes can be modified to change food
choices and responses to food more generally.
Although people are becoming increasingly aware of the detrimental effects
their food choices may have on their health and the environment, changing food
choices remains difficult. One reason for this difficulty may be because food choices
are often made impulsively without much deliberation. The mere sight of palatable (yet
unhealthy or unsustainable) food may trigger a set of psychological processes, such
as the activation of the brain’s reward region (Tang, Fellows, Small, & Dagher, 2012)
and motor schemas related to the consumption of foods (Gupta & Aron, 2011), that
eventually lead to food intake. Importantly, these psychological processes may unfold
and exert a potent influence on people’s behavior despite their strong intentions to
change their diets. To change people’s food choices and eating behavior then, it may
be useful to target and modify these processes.
In this dissertation, I focus on one behavioral change intervention that may
potentially modify such psychological processes, named the food go/no-go
training. The food go/no-go training is a simple computerized training task in which
participants need to respond to images accompanied by a go cue (by pressing a
key on the keyboard), and not respond to images accompanied by a no-go cue (by
not pressing any key on the keyboard). When used as training for food, unhealthy or
unsustainable food items can be consistently presented together with the no-go cue,
while healthy food items or non-food items can be presented with the go cue. Some
promising findings have been reported with this simple manipulation. For instance,
the training has been shown to lead to decreased evaluation of no-go items (Veling,
Holland, & van Knippenberg, 2008), reduction in food intake (Houben, 2011; Houben
& Jansen, 2011; Lawrence, Verbruggen, Morrison, Adams, & Chambers, 2015a) and the
facilitation of weight loss (Lawrence, Sullivan, et al., 2015; Veling, van Koningsbruggen,
Aarts, & Stroebe, 2014). However, the underlying mechanism of this intervention is still
not fully understood. In the current dissertation, I report multiple series of experiments
in which we examined the effects of go/no-go training on food evaluation and food
choices, how these effects may be related to individual differences (such as body
weight and response inhibition capacity), and the longevity of training-induced
behavior change effects. Together, these findings provide more insights into how the
10
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go/no-go training may lead to changes in food evaluation and choices, and facilitate
the design of more effective interventions for application.

Overview of Chapters
In Chapter 1, I presented an overview of the empirical findings reported in the current
dissertation, and synthesized them with previous findings to critically evaluate a
theoretical account that has been proposed to explain the effects of food go/no-go
training, namely the Behavior-Stimulus Interaction (BSI) theory (Veling et al., 2008).
I reviewed empirical evidence (including the empirical findings reported in the
current dissertation) in light of two specific theoretical predictions by the BSI theory,
critically evaluated to what extent the BSI theory could fully account for the findings
in the literature, and proposed a theoretical framework to reconcile the observed
inconsistencies and new directions for future research.
In Chapter 2, the first empirical chapter, I reported a series of experiments
in which I investigated how not responding to palatable food items may lead to
decreased evaluation of these items. By systematically varying the presence of no-go
cues, the proportion of no-go trials, the palatability of food items and task instructions
(active training versus passive observation), I pitted multiple alternative explanations
against each other, and pinpointed the underlying mechanisms of go/no-go training.
In Chapter 3, I explored whether impulsive individuals would benefit more from
food go/no-go training. Individual inhibition capacity was measured with the stopsignal task, and then related to the magnitude of the devaluation effect induced by
food go/no-go training. This served as a direct test of theoretical predictions by the
BSI theory, and also explored the important question of whether the training would
be more effective for certain populations than for others.
In Chapter 4, I reported a study in which I administered an identical go/no-go
training in both morbidly obese individuals and normal-weight university students,
to assess whether findings from laboratory studies on go/no-go training performed
in university environments can be translated to clinical settings.
In the first three empirical chapters (Chapters 2-4), I mainly focused on the effect
of go/no-go training on food evaluation. In Chapter 5, I investigated the effect of go/
no-go training on food preferences. More specifically, I investigated whether go/
no-go training could change people’s preferences when they chose food items for real
11
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consumption. Furthermore, I explored whether the preference change effect would be
moderated by decision speed, the delay between training and food choices (making
choices immediately after training versus one week later) and the initial reward value
of food items, to explore the generalizability and potential boundary conditions of
the observed preference change effect.
In Chapter 6, I followed up on the delayed effect of go/no-go training on food
preferences (i.e., the effect on food preferences observed one week after training),
and investigated whether this delayed effect was caused directly by training or by the
choices people made immediately after training.

A Note on Open Science Practices
Each chapter of this dissertation is based on a scientific article and can be read
independently. Note that some overlap in theoretical background and methodology
may be encountered. All experiments reported in the current dissertation (19
experiments in total), except for Experiment 2.1 in Chapter 2, were preregistered
before data collection had begun. The preregistrations included planned sample
size, experimental procedure, data analysis plans and hypotheses (if there were any).
Preregistrations, anonymized raw data files and data analysis scripts were (or will
be) shared publicly on the Open Science Framework upon the publication of the
experiments in a scientific article. Links to projects on Open Science Framework are
provided in each empirical chapter.

12
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Chapter 1
How Does Food Go/No-Go Training
Change Eating Behavior?

A Critical Evaluation of the BehaviorStimulus Interaction Theory
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A Critical Evaluation of the BSI Theory

Abstract
Dietary choices have a profound influence on both individual health and the
environment. One recently developed training, namely the food go/no-go training
(GNG), may potentially change people’s unhealthy and unsustainable diets, by training
them to not respond to palatable energy-dense foods. To explain the effects of food
GNG, the Behavior-Stimulus Interaction (BSI) theory posits that the response conflict
triggered by approach tendency and response inhibition is negative, and the negative
affect devalues no-go food items to engender changes in eating behavior. Here we
critically evaluated the BSI theory by reviewing empirical evidence for two specific
predictions of the BSI theory, namely that the effect of food GNG will be larger when
foods trigger stronger approach tendencies and when stronger response inhibition
is engaged. Findings both consistent and inconsistent with these two predictions
were found. To reconcile these inconsistencies, we proposed that the effects of
GNG depend not only on the strength of response conflict, but also on how well
participants learn from GNG. The learning process is influenced by many factors,
including attention. More generally, we argued that future research on food GNG
would benefit from investigating the learning process during GNG. Systematically
answering three closely related questions, namely the nature of learned content from
GNG, conditions that facilitate learning, and how learning is revealed in performance,
will provide more understanding into how food GNG changes eating behavior. This
knowledge will enable us to design interventions that may more effectively steer
people’s diets in a more healthy and sustainable direction.

Keywords: food, eating behavior, response inhibition, cognitive conflict,
associative learning
16
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1. Introduction
Dietary choices have a profound influence on both human health and the environment.
Diets high in processed foods, refined sugars, saturated fats, oils and meats are an
important contributor to the global obesity epidemic (Swinburn et al., 2011). The
production process of foods included in such unhealthy diets (e.g., animal-based
foods) often has an adverse influence on the environment, such as the emission of
greenhouse gas, the pollution of fresh water, and the clearing of land (Springmann

1

et al., 2018; Tilman & Clark, 2014). A transition toward healthier and more sustainable
diets (e.g., more plant-based foods such as vegetables) will be beneficial for both
individual health and the global environment.
Being aware of the adverse influences of unhealthy and unsustainable diets,
however, does not seem sufficient to change people’s eating behavior or food
preferences (Marteau, Hollands, & Fletcher, 2012). One reason for the difficulty
of dietary change may be that eating behavior and food preferences are often
the result of a long history of basic learning and conditioning processes from our
daily lives (Bouton, 2011). The abundance of highly palatable energy-dense food
in the modern world creates numerous opportunities to associate these inherently
rewarding food items containing much sugar and fat (Epstein, Carr, Lin, & Fletcher,
2011) with cues in the environment (Pavlovian conditioning) and with behaviors that
lead to the consumption of these foods (instrumental conditioning). These strong
associative links can have a potent influence on people’s eating behavior, despite their
sometimes strong intentions to change their diets (Stroebe, Mensink, Aarts, Schut, &
Kruglanski, 2008; Stroebe, van Koningsbruggen, Papies, & Aarts, 2013). For instance,
the mere sight of palatable foods can activate brain regions associated with reward
processing (Tang et al., 2012) and excite the motor cortex (Gupta & Aron, 2011), so
that one is motivated and prepared to eat, even when one knows that indulging in
energy-dense foods can be detrimental to one’s health. To change people’s eating
behavior then, these automatic processes may be targeted (Marteau et al., 2012), by
modifying associations with foods, such that diets can be steered in a healthier and
more sustainable direction.
Till now, different tasks have been developed to modify associations with foods,
such as evaluative conditioning (Hollands, Prestwich, & Marteau, 2011), attention
bias modification training (Kakoschke, Kemps, & Tiggemann, 2014), and approach17
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avoidance training (Becker, Jostmann, Wiers, & Holland, 2015). In the current review,
we will focus on a specific training task named food go/no-go training (hereafter
food GNG). Specifically, we will critically evaluate a theoretical account that has been
proposed to explain the effects of food GNG on behavior (Veling et al., 2008), and
review findings both consistent and inconsistent with this theoretical account. To
reconcile the inconsistencies between the empirical findings, including the ones
obtained in this dissertation, on the one hand, and the current theorizing, on the
other hand, we propose a new theoretical explanation based on the learning process
in GNG, and end with outstanding questions and directions for future research.

2. Food Go/No-Go Training
As mentioned above, one training task that may modify associations with foods is
the food GNG. During food GNG, images of food or non-food items are presented in
close temporal proximity with cues that indicate whether participants need to respond
or not. For items presented with go cues, participants are instructed to execute a
simple motor response, often by pressing a key on a keyboard (go responses). For
items presented with no-go cues, participants instead withhold their responses (no-go
responses). The mapping between items and cues is often 100% consistent, so that
participants consistently respond to some items and consistently withhold responses
toward other items (Veling, Lawrence, Chen, van Koningsbruggen, & Holland, 2017).
The idea behind the training is that responses toward palatable foods can be modified
by consistently associating these foods with no-go responses.
Before reviewing previous work on food GNG, it is important to point out that
there are other training procedures that seem quite similar to GNG, such as the stopsignal training (SST; Lawrence, Verbruggen, Morrison, Adams, & Chambers, 2015)
and the cue-approach training (CAT; Schonberg et al., 2014), which have also been
used to change people’s eating behavior and food preferences. Some procedural
differences exist among these three training procedures. Compared to GNG, SST
contains more go trials than no-go trials, and only the no-go cue is included in the
training (i.e., participants are instructed to always respond by pressing a key unless the
no-go cue, or called the stop signal, is presented). Furthermore, the delay between
stimulus onset and the no-go cue (i.e., stop-signal delay) is dynamically adjusted based
on participant’s performance, making withholding responses challenging throughout
18
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the training. CAT, on the other hand, contains more no-go trials than go trials, and only
the go cue is included (i.e., participants are instructed to respond only when the go
cue is presented). The delay between stimulus onset and the go cue (i.e., go-signal
delay) is similarly dynamically adjusted on a trial-by-trial basis, to make responding
to go items relatively challenging (on average participants successfully respond to
go items in time about 75% of the time). In contrast to both SST and CAT, GNG often
contains an equal number of go and no-go trials, and both the go and no-go cue are
presented in the training. The delay between stimulus onset and the presentation of

1

cues is fixed in GNG, making the task relatively easy to perform.
Because of these procedural differences among the three trainings, different
underlying mechanisms have been proposed to explain their effects on eating
behavior and food preferences. SST has been argued to enhance one’s top-down
inhibitory control capacity (Houben & Jansen, 2011), while CAT is proposed to change
people’s food preferences by heightened attention toward go items (Bakkour et
al., 2016; Schonberg et al., 2014). The effects of GNG, on the other hand, are often
explained by modification of associations with specific no-go food items via training
(Veling, Lawrence, et al., 2017). In the current review, we will focus on food GNG, as
food GNG is widely used as a behavior change intervention for eating behavior and
its influence on various aspects of eating behavior has been explored in previous work
(for meta-analyses and reviews, see Allom, Mullan, & Hagger, 2016; Jones et al., 2016;
Turton, Bruidegom, Cardi, Hirsch, & Treasure, 2016; Veling et al., 2017).

3. A Brief Summary of Findings on Food GNG
The effects of food GNG on eating behavior, or responses to food more generally,
have been assessed in both between-participants and within-participant designs. In
between-participants design, responses of participants who receive food GNG are
compared to those who receive a control task. Participants in the training condition
receive a food GNG, where palatable energy-dense foods are paired with no-go cues,
while healthy foods or non-food items are paired with go cues (Lawrence, Sullivan,
et al., 2015; Veling et al., 2014). Participants in the control condition instead receive a
GNG that contains only non-food items (Lawrence, Sullivan, et al., 2015; Porter et al.,
2018) or a task in which they (sometimes) respond to food items (Houben & Jansen,
2011; Veling, Aarts, & Stroebe, 2013b). By comparing the responses of the two groups,
19
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food GNG has been shown to reduce choices for no-go food items (Porter et al.,
2018; Veling, Aarts, & Stroebe, 2013a; Veling et al., 2013b), the amount of food intake
(Folkvord, Veling, & Hoeken, 2016; Houben, 2011; Houben & Jansen, 2011; Lawrence,
Verbruggen, et al., 2015a; Oomen, Grol, Spronk, Booth, & Fox, 2018; Veling, Aarts, &
Papies, 2011) and self-selected portion size (Van Koningsbruggen, Veling, Stroebe,
& Aarts, 2014). Multiple sessions of food GNG have been shown to facilitate weight
loss attempts, with participants’ body weight measured objectively before and after
the training sessions (Lawrence, Sullivan, et al., 2015; Veling et al., 2014).
Alternatively, the effect of food GNG can be investigated within participants, by
comparing an individual’s responses toward no-go food items with his/her responses
toward go items and items that are not used in the training (i.e., untrained items). In
such cases, palatable foods are often presented on both go and no-go trials (Chen,
Veling, Dijksterhuis, & Holland, 2016, Chapter 2; 2018b, Chapter 4). From an applied
perspective, this procedure may not be ideal, as presenting palatable food items on
go trials and training people to respond to them may inadvertently increase their
preferences for these items (Schonberg et al., 2014). Nevertheless, investigating
the effects of food GNG within participants can be useful in providing fundamental
insights into the underlying mechanisms of the effects, as any differences in responses
toward go and no-go food items can be attributed to the treatment the items have
received (i.e., go versus no-go responses), rather than other features such as preexisting difference in palatability. By using this procedure, recent work has reliably
demonstrated that when asked to quickly choose between go and no-go items for
consumption after food GNG, participants tended to choose no-go items less often,
despite the fact that the reward value of go and no-go items was matched before
training (Chen, Holland, Quandt, Dijksterhuis, & Veling, 2019, Chapter 5; see also
Chapter 6). Food GNG thus leads to changes in food preferences within participants.
To summarize, not responding to palatable foods in food GNG has been shown
to influence various aspects of eating behavior, such as food preference, the amount
of intake, self-selected portion size and weight loss. While different accounts exist for
explaining these effects (Veling, Lawrence, et al., 2017), we will focus on and critically
evaluate a specific theoretical account that is widely used to explain these effects by
food GNG, namely the Behavior-Stimulus Interaction theory (Veling et al., 2008), in
the following sections.

20
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4. Behavior-Stimulus Interaction Theory
According to the Behavior-Stimulus Interaction theory (Veling et al., 2008), palatable
foods trigger strong approach tendencies. However, when these foods are presented
together with no-go cues, these approach tendencies need to be inhibited to prevent
the emission of the response. Response conflict arises from these two opposing
processes, namely the strong tendency to approach palatable foods and the response
inhibition process to withhold the response. As response conflict is associated with

1

negative affect (Dreisbach & Fischer, 2015; Fritz & Dreisbach, 2013), repeatedly
withholding responses toward palatable foods will lead to co-occurrence of the food
items and negative affect. Hence, the BSI theory predicts that not responding to
palatable foods in GNG will reduce the evaluations of these no-go items, in comparison
to food items that participants respond to (i.e., go items) and food items that are not
included in GNG (i.e., untrained items). Note that two baselines, namely both go and
untrained items, are needed to establish the no-go devaluation effect. Using only one
of the two baselines is not sufficient, as it fails to rule out alternative explanations. For
example, when only go items are used as baseline, the observed difference between
no-go and go items may be explained by increased evaluation of go items (Chen
et al., 2016a; Schonberg et al., 2014), rather than decreased evaluation of no-go
items. When only untrained items are used as baseline, the decreased evaluation of
no-go items relative to untrained items may be caused by some general features of
GNG, such as its tediousness. Only when the evaluation of no-go items is lower than
both go and untrained items, can we establish the decreased evaluation of no-go
items as a no-go devaluation effect. Using both go and untrained items as baselines,
devaluation of no-go items after GNG has been observed in previous studies (Veling et
al., 2008), including a series of preregistered experiments that investigated the effects
of food GNG on evaluations (Chen et al., 2016, Chapter 2; Chen, Veling, Dijksterhuis,
& Holland, 2018a, Chapter 3). This no-go devaluation effect induced by GNG thus
seems quite robust, and may have downstream influences on other aspects of eating
behavior, such as food preference and weight loss (Lawrence, Sullivan, et al., 2015;
Veling et al., 2013a).
In addition to predicting a no-go devaluation effect, the BSI theory further makes
specific predictions on factors that may moderate the effect size of devaluation and
other training-induced effects. Since the devaluation effect is assumed to be caused
21
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by the negative affect associated with response conflict, it follows that the effect size of
devaluation is determined by the magnitude of response conflict. As response conflict
arises from the interplay between the approach tendency and the response inhibition
process, factors that influence these two processes may therefore influence the effect
size of devaluation and other training-induced effects. Specifically, effects of GNG are
predicted to be larger (1) when no-go items trigger stronger approach tendencies,
and (2) when stronger response inhibition is engaged. Next, we review findings to
assess to what extent these two predictions are supported by empirical evidence.

5. Evaluating Prediction 1: The Role of the Strength
of Approach Tendency
The first prediction of the BSI theory is that GNG will more effectively change
responses toward food items that trigger stronger approach tendencies compared
to items that trigger less strong approach tendencies. The resulting devaluation and
other effects are accordingly predicted to be larger. This prediction has been tested
in two manners, by investigating whether the effects by GNG would be larger (a) for
stimuli with higher reward value (Chen et al., 2018a, Chapter 3), and (b) for individuals
with stronger approach tendencies toward foods.
Concerning the role of stimulus reward value, findings both consistent and
inconsistent with the prediction have been observed. In the article where the BSI
theory was first proposed, the devaluation effect was only observed for positive
(non-food) items, but not for neutral or negative items (Veling et al., 2008). A similar
moderation effect by stimulus reward value was found for foods, where GNG leads
to devaluation of palatable foods, but not when only relatively unpalatable foods
are used (Chen et al., 2016, Chapter 2). However, devaluation effects for neutral and
negative stimuli have also been observed in some studies (Ferrey, Frischen, & Fenske,
2012; Frischen, Ferrey, Burt, Pistchik, & Fenske, 2012). However, since in these latter
studies the evaluation of no-go items was compared to go items without including
untrained items as baseline, it was unclear whether the observed difference between
go and no-go items was indeed due to decreased evaluation of no-go items.
Work presented in the current dissertation (Chapter 3) suggests that devaluation
effects may not be stronger for more palatable foods. Two preregistered experiments
specifically tested whether withholding responses toward relatively unpalatable foods
22
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can lead to devaluation, using both go and untrained items as baselines (Chen et al.,
2018a). Different from previous work where the palatability of foods was manipulated
between participants (Chen et al., 2016, Chapter 2), in these two experiments both
palatable and relatively unpalatable food items were included in the same training.
Evaluations of go, no-go and untrained items were measured before and after food
GNG. In line with the proposition that an observed difference between go and
no-go items may not necessarily reflect a no-go devaluation effect, both increased
evaluation of go items and decreased evaluation of no-go items were observed

1

when untrained items were included as baseline. More importantly, the magnitude
of no-go devaluation effect (comparing no-go items to untrained items) did not differ
between palatable and unpalatable foods. Exploratory analysis on the performance
in GNG revealed that participants responded more quickly to palatable foods than
to unpalatable foods, suggesting that palatable foods indeed triggered stronger
approach tendencies in this study. However, contrary to the prediction of the BSI
theory, the stronger tendencies to approach palatable foods did not lead to larger
devaluation for palatable foods.
The above studies manipulated reward value of food items to investigate the role
of the strength of approach tendencies. Other studies have explored the influence
of individual differences related to the strength of approach tendencies toward
foods, most notably appetite, dietary restraint and body mass index (BMI). Food
GNG has been shown to induce larger devaluation effect and larger changes in food
preferences for individuals with high appetite (Chen et al., 2018b, Chapter 4; Veling
et al., 2013a, 2013b). These moderation effects by level of appetite were explained
by assuming that hungry individuals had stronger approach tendencies toward foods
than satiated individuals (Seibt, Häfner, & Deutsch, 2007).
Food GNG also appears to more effectively reduce the amount of food intake for
restrained eaters than for non-restrained eaters in some studies (Houben & Jansen,
2011; Lawrence, Verbruggen, et al., 2015a; Veling et al., 2011). Restrained eaters, or
chronic dieters, are individuals who repeatedly attempt to limit their caloric intake, but
with no success, and often indulge in the foods they want to avoid as a result (Herman
& Polivy, 1980). This vicious circle may arise, at least partly, because palatable foods
trigger strong approach tendencies in restrained eaters (Veenstra & de Jong, 2010),
making it difficult for them to resist the temptation of foods. The moderation effects
by dietary restraint may arise because restrained eaters have stronger approach
23
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tendencies toward foods, which in term leads to larger devaluation and other traininginduced effects for them.
Lastly, BMI has also been observed to moderate the effects of food GNG in some
studies. Participants with relatively high BMI have been shown to consume less of a
no-go food after receiving food GNG than after receiving a control training, while no
difference in the amount of consumption was found between the food GNG condition
and the control condition for those with relatively low BMI (Veling et al., 2011). Similarly,
individuals with high BMI have been shown to lose more weight after receiving four
sessions of food GNG than after control training, while for individuals with low BMI,
again no difference in weight loss was found between the training condition and
the control condition (Veling et al., 2014). These findings are in line with the idea
that individuals with high BMI have stronger approach tendencies toward palatable
foods (Batterink, Yokum, & Stice, 2010), which may make food GNG more effective
for them. However, inconsistent finding has also been reported. Chapter 3 of the
current dissertation reports a study that administered a same food GNG to a group
of undergraduate students with normal body weight and a group of morbidly obese
patients, and directly compared the two groups (Chen et al., 2018b). Both groups
received food GNG, in which they consistently responded to some palatable food
items and withheld responses toward other food items. Evaluations of go, no-go and
untrained items were measured both before and after training. Interestingly, in this
study, food GNG overall led to increased evaluation of go items rather than decreased
evaluation of no-go items, although exploratory analysis showed that participants
who were relatively hungry did show a typical no-go devaluation effect. Importantly,
despite the large difference in body weight between the two participant groups,
changes in food evaluation induced by GNG were highly comparable and yielded
no significant difference. Thus, contrary to the prediction of the BSI theory and some
previous findings (Veling et al., 2011, 2014), food GNG does not seem to induce larger
devaluation effect for individuals with higher BMI.
To sum up, mixed evidence has been observed for the first prediction of the
BSI theory. In some studies, stimulus reward value has been found to moderate the
training effects, while in other studies no such moderation effect was found when
both high-value and low-value items were used in training. Individual differences
presumably related to the strength of approach tendencies toward foods, such as
appetite, dietary restraint and BMI, have been shown to relate to the effectiveness
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of food GNG. This relationship, however, is also not always observed. Thus, overall
it seems that stronger approach tendencies toward foods do not necessarily lead to
larger devaluation and other effects by GNG.

6. Evaluating Prediction 2: The Role of the Strength
of Response Inhibition
The second prediction of the BSI theory, namely that the effects of GNG will be
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larger when stronger response inhibition is engaged, has also been examined in two
manners, (a) by either manipulating task characteristics related to response inhibition,
and (b) by investigating the role of individual differences in inhibitory control capacity.
In both cases, stronger response inhibition (either because of the requirement of
a task, or because of relatively low inhibitory control capacity of an individual) is
predicted to trigger stronger response conflict, which in turn leads to larger effects.
Most previous studies have used GNG with equal proportions of go and no-go
trials (Houben & Jansen, 2011; Veling et al., 2008, 2014). However, these proportions
can be varied, and go/no-go tasks in which no-go trials are rare have been shown
to demand stronger response inhibition on no-go trials than go/no-go tasks with
frequent no-go trials (Wessel, 2017). To test whether this variation in response
inhibition demand between different versions of GNG would lead to difference in
devaluation effects, in studies reported in Chapter 2, participants received GNG that
either required frequent responding (75% go trials and 25% no-go trials) or infrequent
responding (25% go trials and 75% no-go trials, or no responding at all when passively
viewing the task). Again, evaluations of go, no-go and untrained items were measured
before and after training. In line with the prediction that stronger response inhibition
leads to larger devaluation, food GNG that required frequent responding (hence
demand stronger response inhibition on no-go trials) led to devaluation of palatable
foods, while GNG that required infrequent responding or no responding at all did
not (Chen et al., 2016, Chapter 2).
Concerning the role of individual difference in inhibitory control capacity, as
mentioned above, food GNG has been found to produce larger effects for restrained
eaters than for non-restrained eaters (Houben & Jansen, 2011; Lawrence, Verbruggen,
et al., 2015a; Veling et al., 2011), and larger effects for individuals with high BMI (Veling
et al., 2014). Since restrained eaters have been shown to have lower inhibitory control
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capacity compared to non-restrained eaters (Nederkoorn, Van Eijs, & Jansen, 2004),
the moderation effect by dietary restraint may thus result from differences in the
response inhibition process. In a similar vein, as individuals with high BMI have been
shown to have lower capacity to inhibit responses triggered by palatable foods
(Batterink et al., 2010), the moderation effect by BMI may also be explained by
variations in inhibitory control capacity across individuals.
To directly test the hypothesis that individuals with lower response inhibition
capacity will show a larger devaluation effect, two recent preregistered studies
(Chapter 3) measured individual inhibitory control capacity using the stop-signal task
(Logan, Cowan, & Davis, 1984) and related it to the devaluation effect (Chen et al.,
2018a). Participants received a food GNG that included both palatable food items and
relatively unpalatable items (i.e., within-subject manipulation of stimulus reward value).
Devaluation effect was measured by comparing change in evaluation of no-go items
to that of untrained items. Contrary to the prediction of BSI theory, overall no reliable
correlation was found between an individual’s response inhibition capacity and the
magnitude of the devaluation effect (for both palatable and unpalatable food items).
In sum, concerning the role of response inhibition, findings both consistent and
inconsistent with the prediction of the BSI theory have been observed. Increasing
the proportion of no-go trials to decrease the demand on response inhibition seems
to decrease the effect size of devaluation. Individuals with presumably low inhibitory
control capacity show larger changes in eating behavior after training, but this relation
was not found when individual inhibitory control capacity was directly measured and
related to the devaluation effect. Evidence for this second prediction of the BSI theory
was therefore also mixed.

7. Reconciling the Inconsistencies: The Influence of
Attention on Learning
As discussed above, mixed evidence has been observed for both predictions of the
BSI theory, namely that food GNG would lead to larger devaluation and other traininginduced effects (1) when no-go items trigger stronger approach tendencies, and (2)
when stronger response inhibition is engaged. The effects of food GNG appeared
to be stronger for high-value items than for low-value items, and for individuals with
presumably stronger approach tendencies toward foods, but these moderation
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effects were not always observed. For the second prediction, similarly both consistent
and inconsistent findings have been observed.
Investigating the learning process during food GNG and factors that influence
learning may help reconcile these inconsistencies. That is, food GNG is essentially
a learning task, in which participants learn to respond to some food items and not
to others. The effects of food GNG are hence not only determined by the proposed
strength of response conflict on no-go trials, but also by how well participants
associate the specific food items with no-go responses and the negative affect
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that accompanies no-go responses. To date, this learning process has been largely
neglected as a possible determinant of the strength of the training effect. Research
in other domains points to attention as a prominent factor that influences learning, as
learning for attended stimuli has been shown to be facilitated compared to learning
for attentionally suppressed stimuli (Kruschke, 2003). We argue that this variation in
attention and learning may potentially explain the seeming inconsistencies in the
literature on GNG as discussed above.
Regarding the role of the strength of approach tendency, it has been shown that
stimuli with high reward value lead to stronger effects in some studies (Chen, Veling,
Dijksterhuis, & Holland, 2016b; Veling et al., 2008), but not in others (Chen et al.,
2018a, Chapter 3). Closer inspection of the previous studies revealed one procedural
difference that may explain the discrepancy. In the studies that found moderation
effect by stimulus reward value, reward value mainly varied between participants.
For instance, participants received a GNG either with only high-value items or with
only relatively low-value items (Chen et al., 2016a; Veling et al., 2008). Furthermore,
studies that explored the influence of individual differences (e.g., dietary restraint,
appetite and BMI) essentially also took a between-subjects approach. Although
the stimulus materials used were the same for all participants in these studies, the
individual differences of interest may make food items more or less rewarding for
specific individuals. Thus, for participants with high dietary restraint, appetite or BMI,
the food items in GNG may possess high reward value in general, whereas for their
counterparts with low dietary restraint, appetite or BMI, the food items may have low
reward value.
In contrast, in the studies that demonstrated no moderation effect, stimulus
reward value mainly varied within participants. That is, participants were exposed
to items of both high and low reward value within a single GNG (Chen et al., 2018a,
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Chapter 3; see also Ferrey et al., 2012; Frischen et al., 2012; Wessel, Doherty, Berkebile,
Linderman, & Aron, 2014). Although this procedural difference may seem innocuous,
whether reward value is manipulated between or within participants may influence
how attention is allocated to training, especially for low-value items. When reward
value varies between participants, those who are presented with only high-value items
may attend more to the training than those who are presented with only low-value
items. This difference in attention may lead to difference in the efficiency of learning,
and consequently how large the training-induced effect is. In contrast, when both
high-value and low-value items are intermixed and presented together in a single
training, similar amount of attention may be allocated to all items encountered
during training. In this case, learning for high-value and low-value items may be more
comparable, leading to no difference in training-induced changes for high-value and
low-value items in this case.
Although direct measures of attention in between-subject and within-subject
manipulation of reward value are currently lacking, indirect evidence suggests that this
design choice may indeed influence the efficacy of learning in food GNG. Specifically,
in studies reported in Chapters 2, 3 and 4 of the current dissertation, participants
received a memory recognition task after training, in which they were presented with
all items used in training one by one, and asked to indicate for each item whether it
was paired with responding or not responding (Chen et al., 2016a, 2018a, 2018b).
When stimulus reward value was manipulated between participants, participants who
received GNG with high-value items showed better memory of the contingencies
between items and responses than those who received the training with only lowvalue items (Chen et al., 2016, 2018a; Chapters 2 and 3). When stimulus reward value
was manipulated within participants, the memory advantage for high-value items
was largely reduced. In that case, participants remembered the contingencies almost
equally well for high-value and low-value items (Chen et al., 2018a; Chapter 3).
Memory of the stimulus-response contingencies in turn may be an indicator of
how well participants learn from GNG. In the study reported in Chapter 4 that directly
compared normal-weight individuals with morbidly obese patients, contingency
memory was found to be associated with the effect of training on food evaluation. For
individuals who remembered the contingencies better, the change in food evaluation
was larger (Chen et al., 2018b). Furthermore, contingency memory is also associated
with the magnitude of preference change induced by GNG. In the two experiments of
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Chapter 6, participants were trained to consistently respond to certain items and not
respond to other items in food GNG. After the training, they received a binary choice
task, in which they repeatedly chose between two items for consumption. Importantly,
the reward values of the two items were matched (based on self-reported wanting
before training), with one item associated with go responses and the other item with
no-go responses. Results showed that participants overall chose go items more often
when they made choices quickly, and the magnitude of preference change was similar
for both high-value items and for low-value items. More importantly, the strength
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of preference change was associated with participants’ contingency memory after
training. Interestingly, contingency memory immediately after training also predicted
participants’ preferences one week later, when they received the same choice task
again. Participants who remembered the contingencies better immediately following
training thus retained the training effect better one week later, and this finding still
holds when the contingency memory after one week is controlled for.
Between-participants and within-participant manipulation of reward value
therefore seem to differentially impact how well participants learn from GNG
(especially for low-value items), and this may explain why food GNG led to larger
effects for high-value items than low-value items in some studies (where reward
value varied between participants) but not in others (where reward value varied
within participants). Taking the learning process during food GNG into account may
also reconcile other inconsistencies in the literature. For instance, it may explain why
individuals with higher BMI showed a larger effect by GNG in some studies (Veling
et al., 2014), but not when morbidly obese individuals were directly compared to
normal-weight individuals in Chapter 4 (Chen et al., 2018b). That is, although obese
individuals may indeed have stronger approach tendencies toward foods (and hence
stronger response conflict on no-go trials), they also learned less well from food GNG
(Chen et al., 2018b), overall leading to no difference between groups.
Regarding the prediction on response inhibition, by the same token, larger
effects by GNG do not necessarily mean stronger response conflict is triggered on
no-go trials. For instance, reducing the proportion of no-go trials in GNG may not
only increase the demand on response inhibition, but may also increase the salience
of no-go trials. This increase in attention to no-go items may then facilitate learning.
Similarly, individuals with lower inhibitory control capacity may indeed experience
more conflict with withholding responses toward palatable foods. However, the
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eventual effects on eating behavior depend not only on the strength of response
conflict, but also on how well participants learn from GNG. To fully understand how
food GNG changes people’s eating behavior, it is important to delineate the learning
process that occurs during training. In the next section, we discuss outstanding
questions concerning the effects of food GNG in terms of the learning process, and
propose potential directions for future research.

8. Outstanding Questions and Directions for
Future Research
To fully understand how food GNG brings about behavior change, we need to
understand the learning process during training, such as what and how participants
learn from the training, and how these learned contents are expressed in various
behavioral outcomes. These three questions, namely the content of learning, the
conditions that facilitate learning, and how learning is revealed in the performance of
organisms, have been identified as three core questions that the study of any learning
processes need to answer (Rescorla & Holland, 1982). Answering these questions for
food GNG will help us better understand how not responding to foods engenders
changes in eating behavior.
The first important question is what participants learn from food GNG. BSI theory
proposes that participants acquire associative links between no-go foods and the
negative affective reactions triggered by response conflict. These stimulus-negative
affect associations decrease the evaluations of originally palatable foods (Veling et al.,
2008), and may have downstream influences on eating behavior (Veling et al., 2013a).
Although in line with the BSI theory, the effect of GNG on stimulus evaluation has
been reliably shown (Chen et al., 2016a, 2018a; Veling et al., 2008), till now no direct
evidence exists for negative affect on no-go trials during food GNG. To directly test
this core process proposed by the BSI theory, future research may use unobtrusive
measures of affective reactions, such as electromyographic activity over the corrugator
supercilli, a reliable indicator of negative affect (Larsen, Norris, & Cacioppo, 2003),
while participants receive food GNG. Stronger activation of the corrugator supercilli
on no-go trials, thus indicating more negative affect, would provide strong support
for the BSI theory and shed light on the learned content from food GNG.
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In addition to stimulus-negative affect associations, other forms of associative
links have also been proposed (Veling, Lawrence, et al., 2017). For instance, repeatedly
withholding responses toward stimuli may create associative links between no-go
items and stopping. Once such stimulus-stop associations are formed, the presentation
of no-go items can automatically trigger response inhibition to put behavior on hold.
Support for this claim comes from a series of experiments by Verbruggen & Logan.
(2008). In their experiments, participants were trained to respond to certain items and
withhold response toward other items during a training phase. During the test phase,
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the go/no-go mappings were reversed. The results showed that participants were
slower to respond to an item if the item had been paired with no-go responses before,
in comparison to novel items that had not appeared in training. Such stimulus-stop
associations may thus also form during food GNG. Repeatedly withholding responses
toward palatable foods may directly interfere with one’s responses toward these food
items, which may explain how food GNG leads to changes in eating behavior.
However, one important caveat with applying the previous work on stimulus-stop
learning to food GNG is that the acquisition of stimulus-stop associations is often
assessed by reversing the go/no-go mappings in a go/no-go task (Best et al., 2016;
Bowditch, Verbruggen, & McLaren, 2016; Verbruggen & Logan, 2008). In other words,
the stimulus-stop association has not been assessed in tasks that assess the effects
of food GNG, such as food evaluation and food choice tasks. It is therefore unclear
whether participants would show a similar slowdown in responding to no-go items in
tasks other than the go/no-go task. In fact, some work has shown that the presentation
of a no-go stimulus automatically triggers stopping only in an executive context where
active suppression of responses is required (Chiu, Aron, & Verbruggen, 2012). Thus,
although participants may acquire stimulus-stop associations from food GNG, these
associations may not necessarily influence their performance in subsequent tasks if
these subsequent tasks do not explicitly require participants to occasionally withhold
their responses. One important avenue for future research is therefore to explore
whether participants will slow down in responding to no-go items in tasks related
to eating behavior (e.g., food evaluation and choice tasks), and investigate how this
potential increase in reaction time may be related to the devaluation effect and other
training-induced effects.
Concerning the second question on the conditions that facilitate learning, as the
discussion in the previous section suggests, attention can be an important factor to
31

Zhang_Chen_inside_Final.indd 31

1/6/2020 09:36:29

A Critical Evaluation of the BSI Theory

consider in future research. Recent work on stimulus-stop learning corroborated this
claim, by showing that participants only slowed down in responding to no-go items
when the no-go items were made task-relevant and hence might have received more
attention (Best et al., 2016). To more directly test the role of attention, future work may
measure participants’ attention during food GNG using eye-tracking techniques, and
explore whether variation in attention during training predicts changes induced by
food GNG. Attention may also be manipulated to establish its causal role in impacting
learning and training-induced effects, for instance by directing attention toward or
away from certain items during training.
Another important factor closely intertwined with both attention and learning
is awareness of the contingencies between stimuli and responses. Contingency
awareness can be seen as an indicator of attention and learning (Chen et al., 2018a,
2018b; Chapters 3 and 4), as participants who pay more attention to training and learn
better are more likely to become aware of the stimulus-response contingencies. On
the other hand, contingency awareness may itself influence the allocation of attention
and hence learning in food GNG. For instance, instructions that inform participants
the consistent mapping between stimuli and responses in food GNG may help
participants direct attention toward the stimulus-response relation and facilitate
learning. To date, most studies on food GNG have used an ‘implicit’ training, in which
participants were not explicitly made aware of task contingencies. One exception is
a study by Lee and colleagues (2016), where half of participants received an ‘explicit’
training in which they were made aware of task contingencies prior to training, while
the remaining half received the regular ‘implicit’ training. After completing up to four
10-minute sessions in one week, both groups showed training-induced changes, such
as reduced liking and choice for energy-dense foods and reduction in body weight.
Importantly, although statistically not significant, training effects seemed consistently
larger in the explicit group than in the implicit group. This finding is in line with the
postulate that being aware of task contingencies may help direct attention to the
stimulus-response relation and facilitate learning. Importantly, passively observing
food GNG without actually performing the task did not lead to change in stimulus
evaluation (Experiment 2.5 in Chapter 2; Chen et al., 2016), suggesting that attending
to stimulus-response relation may be a necessary but not sufficient condition for
learning to occur. Understanding the role of attention and contingency awareness
will be crucial in delineating the learning process in food GNG.
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The last question, namely how learning is revealed in an organism’s performance,
contains two related sub-questions. The first sub-question concerns how learning is
revealed during training. To date, reliable indicators of learning during training are
lacking. Some studies have reported increase in the proportion of correct no-go
responses throughout training (Jones & Field, 2013; Lawrence, Verbruggen, et al.,
2015a), suggesting that this improvement in performance may be seen as an indicator
of learning. However, performance improvement is not always observed (Di Lemma &
Field, 2017), possibly because GNG is very easy to perform. Furthermore, some work
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has shown that improvement in performance does not strongly relate to traininginduced effect (Lawrence, Verbruggen, et al., 2015a). A second potential candidate
is awareness of stimulus-response contingencies. However, introducing questions on
contingency awareness into the training will disrupt the performance of the task, and
make participants aware of the contingencies. In a similar vein, reversing the go/no-go
mapping during training to measure the development of stimulus-stop associations
is also problematic, as it requires a modification of the training task and may reduce
the strength of any training effects (as participants occasionally respond to no-go
stimuli). Finding a reliable indicator of learning during training without modifying
the task therefore remains challenging. Physiological measures that can be obtained
unobtrusively alongside the performance of food GNG may be useful in tracking the
learning process (van de Vijver, van Schie, Veling, van Dooren, & Holland, 2018) and
may be a fruitful direction to pursue in future work.
The second sub-question concerns how learning is revealed in performance after
training. To date, a wide variety of behavioral measures have been used to assess
changes in eating behavior induced by food GNG. However, it is unclear whether
the learned contents (stimulus-negative affect association and/or stimulus-stop
association) are expressed indiscriminately in various behaviors, or that the influence
of learned contents on performance may be subject to certain boundary conditions.
Some recent findings suggest that the latter may be the case. Specifically, in a series
of experiments exploring the effect of food GNG on choices in Chapter 5 (Chen et
al., 2019), participants were trained to consistently respond to certain food items and
withheld responses toward other items. After the training, they repeatedly chose
between a go and a no-go food item for consumption. Crucially, some participants
received unlimited time for each choice, while other participants had to choose
under the time limit of 1.5 seconds. The results showed that when participants made
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choices quickly under time pressure, they reliably chose go items more often than
no-go items, while the values of the two items were matched based on a rating task
before training. Interestingly, when participants were given unlimited time, they did
not show this preference for go items. Thus, although both groups of participants
received the same food GNG, whether the learned contents impact preference
depends on how quickly they need to make their choices. More generally, whether
the learned contents from food GNG would be expressed in subsequent behaviors
may be influenced by specific features of both the target behavior and the situation
in which the behavior is executed. One challenge for future research is to identify
these features, and categorize various behaviors along these dimensions. In this way,
more precise predictions can be made with regard to which kinds of behaviors can
be changed by food GNG under what conditions.
The three questions outlined above likely cannot be answered in isolation.
Answering one of them may require knowledge of the other two. First, the conditions
facilitating learning may depend on the nature of the learned content. For instance,
the acquisition of stimulus-negative affect associations or stimulus-stop associations
may be facilitated by different factors, or certain manipulations may have opposing
influences on the acquisitions of these two associations. We speculate that
rewarding correct no-go responses may counteract any negative affect that normally
accompanies no-go responses, but may nevertheless strengthen the stimulus-stop
associations (Boehler, Hopf, Stoppel, & Krebs, 2012). Second, how learning is revealed
in performance may depend on the content of learning. For instance, it is possible
that the influence of stimulus-stop associations may be especially pronounced when
behaviors need to be expressed rapidly, while the influence of stimulus-negative
affect associations may be less sensitive to the speed of responding. Alternatively,
these learned contents might influence different aspects of behavior. In the domain of
food, stimulus-stop associations may have a direct suppression effect on consumption
behavior (e.g., by reducing the frequency with which one gets snacks), while stimulusnegative affect associations may have a more indirect effect by reducing liking for
certain foods. By investigating the underlying learning process, the three questions
proposed by Rescorla and Holland (1982) provide a useful framework to organize
unanswered questions about food GNG.
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9. Implications for Applied Use of GNG and Other
Training Paradigms
Given the promising results of the effects of food GNG on food-related responses,
there is a strong interest in using food GNG, or trainings that manipulate responses
toward foods in general, as a behavioral intervention in applied settings (Stice,
Lawrence, Kemps, & Veling, 2016a). The effects of these trainings have been explored
in behaviors other than eating, such as smoking (S. Adams, Mokrysz, Attwood, &
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Munafò, 2017; Scholten, Granic, Chen, Veling, & Luijten, 2019) and drinking alcohol
(e.g., Di Lemma & Field, 2017; Jones & Field, 2013; Jones et al., 2018; Liu, Hu, Smith, &
Mewton, 2019). The promise of changing unwanted behaviors by manipulating simple
responses with a computerized task thus seems appealing to health practitioners in
the field.
However, before GNG and other trainings such as SST and CAT can be used in
applied settings, much more still needs to be learned. For instance, the experiments
in Chapter 5 and 6 found that the effect of GNG on food preference is relatively shortlived, showing a large decrease in effect size one week after training. This finding thus
raises the question of whether and how more sustainable behavior change may be
achieved by GNG, an important question from an applied perspective. By focusing
on the learning process during GNG, the effects of factors that may facilitate learning
(e.g., attention, contingency awareness) can be explored, which may provide new
insights into how GNG can be made more effective. Furthermore, previous research
in the learning literature has identified techniques that may enhance the long-term
retention of learned materials (e.g., the testing effect, Roediger & Karpicke, 2006).
Such techniques may also be incorporated into GNG, to see whether the training
effects will become more long-lasting. Thus, by importing insights from the learning
literature, factors that can enhance learning efficiency and the retention of learned
materials may be incorporated into GNG, such that GNG may eventually lead to
sustainable behavior change in applied settings where the target behaviors are often
difficult to change.
The insights from the learning literature are relevant for understanding other
trainings as well, such as the SST and CAT. As discussed above, due to some
procedural differences, effects of SST and CAT are often explained by different
processes, such as the improvement of inhibitory control capacity (i.e., SST) and the
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heightened attention associated with go items (i.e., CAT). However, despite these
procedural differences, the trainings also share important similarities, as in all three
trainings, participants are trained to respond to certain objects and not respond to
others. Multiple learning processes may therefore operate simultaneously within one
training. For instance, the studies in the current dissertation show that the same GNG
may lead to a no-go devaluation effect in some situations (Chen et al., 2016, Chapter
2) but a go valuation effect in other situations (Chen et al., 2018b, Chapter 4), and
that both no-go devaluation and go valuation effect may occur in one training (Chen
et al., 2018a, Chapter 3). It is therefore important to understand what conditions may
facilitate the different learning processes respectively. This question is also important
from an applied perspective, as the reduction of unwanted behaviors alone is often
not sufficient; ideally, wanted behaviors should be promoted simultaneously to
consolidate behavior change in applied settings. Examining the learning processes
in different trainings will therefore not only provide understanding into the trainings
alone; together, they may inform how these trainings can be combined to engender
large and sustainable behavior change.

10. Conclusion
Consistently withholding responses toward palatable energy-dense foods in food
GNG has been shown to produce a wide range of behavior change effects. One
explanation for these effects is offered by the Behavior-Stimulus Interaction theory,
which posits that the response conflict triggered by the tendency to respond and
response inhibition is affectively negative, and the negative affect is attached to no-go
food items to reduce evaluations of these items. In the current review, we critically
evaluated the BSI theory by reviewing empirical evidence for two predictions of the BSI
theory, namely that the effect of food GNG will be stronger when foods items trigger
stronger approach tendencies and when stronger response inhibition is engaged
on no-go trials. Findings both consistent and inconsistent with these two predictions
were found. To reconcile this inconsistency, we proposed that the effects of GNG
depend not only on the strength of response conflict, but also on how well participants
learn from GNG. The learning process in GNG is influenced by many factors, such
as attention. More generally, we argued that future research on food GNG would
benefit from taking a learning perspective. Systematically answering three closely
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related questions, namely the nature of learned content from food GNG, conditions
that facilitate learning, and how learning is revealed in performance, will provide
more understanding into how not responding to palatable foods in food GNG leads
to changes in eating behavior. This knowledge will enable us to design interventions
that may more effectively change people’s unhealthy and unsustainable diets.
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Chapter 2
How Does Not Responding to

Appetitive Stimuli Cause Devaluation:

Evaluative Conditioning or

Response Inhibition?1

1

This chapter is based on Chen, Z., Veling, H., Dijksterhuis, A., & Holland, R. W. (2016). How
does not responding to appetitive stimuli cause devaluation: Evaluative conditioning or
response inhibition? Journal of Experimental Psychology: General, 145, 1687–1701.
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Abstract
In a series of 6 experiments (5 pre-registered), we examined how not responding
to appetitive stimuli causes devaluation. To examine this question, a go/no-go task
was employed in which appetitive stimuli were consistently associated with cues to
respond (go stimuli), or with cues to not respond (either no-go cues or the absence of
cues; no-go stimuli). Change in evaluations of no-go stimuli was compared to change
in evaluations of both go stimuli and of stimuli not presented in the task (untrained
stimuli). Experiments 2.1 to 2.3 show that not responding to appetitive stimuli in a
go/no-go task causes devaluation of these stimuli regardless of the presence of an
explicit no-go cue. Experiments 2.4a and 2.4b show that the devaluation effect of
appetitive stimuli is contingent on the percentage of no-go trials; devaluation appears
when no-go trials are rare, but disappears when no-go trials are frequent. Experiment
2.5 shows that simply observing the go/no-go task does not lead to devaluation.
Experiment 2.6 shows that not responding to neutral stimuli does not cause
devaluation. Together, these results suggest that devaluation of appetitive stimuli
by not responding to them is the result of response inhibition. By employing both go
stimuli and untrained stimuli as baselines, alternative explanations are ruled out, and
apparent inconsistencies in the literature are resolved. These experiments provide
new theoretical insight into the relation between not responding and evaluation, and
can be applied to design motor response training procedures aimed at changing
people’s behavior toward appetitive stimuli.

Keywords: go/no-go training, evaluation, response inhibition, devaluation, food
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Evaluations of the everyday objects in our environment are an important determinant
of our behavior toward them. Evaluations may automatically trigger behavioral
tendencies (Strack & Deutsch, 2004), or influence our intentions or deliberate
decisions, which in turn guide behavior (Ajzen, 1991, 2012; Strack & Deutsch, 2004).
Hence, the question of how evaluations of objects can be influenced is a central
theme in psychology (e.g., Gawronski & Bodenhausen, 2006; Olson & Zanna, 1993;
Zajonc, 1968). Interestingly, the idea that evaluations steer behavior has recently
been proposed as a possible means to reduce health-harming behaviors that
appear to result from the overvaluation of certain appetitive stimuli. For instance, the
overvaluation of alcohol and high-calorie foods can lead to health-harming behaviors

2

like binge drinking and unhealthy eating (Stice, Spoor, Bohon, Veldhuizen, & Small,
2008; Wrase et al., 2007) and lowering the evaluations of such stimuli has been shown
to change overt behavior toward them (Hollands et al., 2011; Houben, Havermans, &
Wiers, 2010).
One way of devaluing appetitive stimuli is via response inhibition training (e.g.,
Houben, Nederkoorn, Wiers, & Jansen, 2011; Lawrence, Sullivan, et al., 2015; Veling
et al., 2008). Until now, two response inhibition tasks have been used, namely the go/
no-go task (Donders, 1868/1969) and the stop-signal task (Logan, Cowan, & Davis,
1984). Both the go/no-go task (GNG) and the stop-signal task (SST) consist of two
types of trials: go trials in which people make a motor response (e.g., press a key),
and no-go trials (or stop trials) in which people do not respond (e.g., do not press
any key). When used as training, appetitive stimuli can be consistently presented
on no-go trials so that participants do not respond to them. Brief training with GNG
or SST has been shown to lower the evaluations of a variety of stimuli, such as high
calorie food stimuli (Veling, Aarts, & Stroebe, 2013a), alcoholic drinks (Houben et
al., 2011; Houben, Havermans, Nederkoorn, & Jansen, 2012), faces (Kiss, Raymond,
Westoby, Nobre, & Eimer, 2008; Doallo et al., 2012), sexual pictures (Ferrey, Frischen,
& Fenske, 2012) and geometric shapes that are associated with monetary values
(Wessel, O’Doherty, Berkebile, Linderman, & Aron, 2014). The effect of training is not
limited to evaluations; GNG and SST can influence food choice (Veling et al., 2013a;
Veling, Aarts, & Stroebe, 2013b), reduce the consumption of palatable food (Veling,
Aarts, & Papies, 2011; Houben, 2011; Houben & Jansen, 2011; Houben & Jansen,
2015; Lawrence, Verbruggen, Morrison, Adams, & Chambers, 2015), and reduce
drinking of alcoholic beverages (Houben et al., 2011; Houben et al., 2012; Jones &
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Field, 2013). Repeated training with high-calorie food stimuli has also been shown
to facilitate weight loss in two studies (Lawrence, O’Sullivan, et al., 2015; Veling, van
Koningsbruggen, Aarts, & Stroebe, 2014). These findings suggest that not responding
to appetitive stimuli can lead to their devaluation, which can be used to develop
behavioral change interventions.
One interesting aspect of using response inhibition training to devalue
appetitive stimuli is that the devaluation effect appears to be stronger for stimuli that
are perceived to be more appetitive (Veling et al., 2008; Veling et al., 2013b). This
seems different from devaluation effects that can be induced by another prominent
method to influence stimulus evaluations, evaluative conditioning, which tends to have
particularly strong effects on changing evaluations of neutral stimuli (Hofmann, De
Houwer, Perugini, Baeyens, & Crombez, 2010). Therefore, response inhibition training
may be especially suited for reducing health-harming behaviors that are triggered by
the overvaluation of appetitive stimuli (for a recent meta-analysis of the effect of such
trainings on health outcomes, see Allom, Mullan, & Hagger, 2015).
Devaluation effects induced by response inhibition training are generally
assumed to be caused by response inhibition. In line with this claim, previous
neurocognitive studies have found activation of the right inferior frontal cortex (rIFC), a
brain area underlying response inhibition, when participants did not respond in a go/
no-go task (e.g., Berkman, Burklund, & Lieberman, 2009; Konishi, Nakajima, Uchida,
Sekihara, & Miyashita, 1998; Konishi et al., 1999; for reviews, see Aron, Robbins, &
Poldrack, 2004; 2014). Another study suggests response inhibition toward affective
images is accompanied by a dampened affective response in the amygdala (Berkman
et al., 2009). Moreover, in an ERP-study the strength of emotional devaluation of faces
by response inhibition correlated with the no-go N2 component, an index of the
efficiency of response inhibition (Kiss et al., 2008). Combined, these results suggest
that not responding in GNG or SST may activate an inhibition process, which may
be associated with attenuated evaluations. By repeatedly inhibiting one’s response
toward an appetitive stimulus, an inhibitory ‘tag’ may be associated with the stimulus
(Verbruggen & Logan, 2008), leading to decreased evaluation when the stimulus is
subsequently encountered. The Behaviour Stimulus Interaction theory (BSI theory,
Veling et al., 2008) more specifically predicts that response inhibition only leads to
devaluation of appetitive stimuli. According to the BSI theory, appetitive or rewarding
stimuli trigger an approach tendency, which needs to be inhibited when the stimuli
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are paired with a no-go cue. To prevent continuous oscillation between theapproach
tendency and inhibiting this tendency, the evaluation of these appetitive stimuli is
decreased to facilitate subsequent courses of action. The BSI theory therefore predicts
that devaluation via response inhibition specifically serves to dampen the approach
tendency toward appetitive stimuli.

Alternative Explanations from Evaluative Conditioning
Although the evidence reviewed above is in line with the response inhibition
account, alternative explanations could be raised from the perspective of evaluative
conditioning (EC). In studies on EC, the evaluation of a stimulus can be changed by

2

presenting it in close temporal or spatial proximity with another stimulus. The first
stimulus is often referred to as conditioned stimulus (CS), and the second stimulus as
unconditioned stimulus (US). A large number of studies have shown that by pairing CS
with an either positive or negative US, the evaluation of CS changes in the direction
of the US. That is, the evaluation of CS becomes more positive after being paired with
a positive US, and becomes more negative after being paired with a negative US.
This transfer of valence is referred to as the EC effect (for a recent meta-analysis, see
Hofmann et al., 2010). In addition to this general finding, previous research has shown
that pairing appetitive (food) stimuli with negative US’s also leads to devaluation of
these stimuli (Hollands et al., 2011). To the extent that no-go cues or not responding
can be considered as negative US’s, EC accounts can explain the devaluation effects
observed after response inhibition training.
First, devaluation may be caused by associations between appetitive stimuli
and the no-go cue. Although there is no direct evidence showing that no-go cues
are negatively evaluated, there is research showing that words related to inaction
(e.g., ‘stop’) are evaluated more negatively than words related to action (e.g., ‘go’;
McCulloch, Li, Hong, & Albarracin, 2012). Therefore, by labeling a certain cue as a
stop or no-go cue, this specific cue may acquire a negative connotation. By repeatedly
pairing appetitive stimuli with a negative cue, the evaluations of these stimuli may
decrease through this association with the cue rather than due to response inhibition.
We term this account the no-go cue EC account.
A second EC account for devaluation can be that not responding, but not the
no-go cues per se, is perceived to be negative. For instance, the evaluative response
coding view (Eder & Rothermund, 2008) proposes that evaluative codes are part of the
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representation of behavioral responses. Not responding may be coded as negative,
for instance, via the instruction of ‘do not respond’ or ‘stop responding’ (McCulloch
et al., 2012). Furthermore, recent research on the interaction effects between valence
and action shows an inherent coupling between no-go responses and punishment,
suggesting that not responding in itself may be linked to punishment (Guitart-Masip
et al., 2012; Guitart-Masip, Duzel, Dolan, & Dayan, 2014). During the training, the
negativity of not responding may then be associated with appetitive stimuli in an EClike mechanism. We term this account the non-response EC account.
Although GNG and SST are often referred to as response inhibition training,
previous studies cannot disentangle these three accounts (i.e., the response inhibition
account, the no-go cue EC account and the non-response EC account) due to the
consistent mappings between appetitive stimuli, no-go cues and not responding.
Knowing which of these accounts is the underlying mechanism of devaluation is not
only theoretically relevant, but also practically important. Different implications can
be drawn from these three accounts for an effective training procedure. For instance,
according to the no-go cue EC account, the no-go cue is an indispensable component
to create devaluation, while according to the other two accounts it can be omitted.
Furthermore, while according to the non-response EC account, the percentage of
no-go trials would not influence the devaluation effect, the inhibition account predicts
that including many no-go trials in the go/no-go task (thereby reducing the recruitment
of inhibition on no-go trials, Bruin & Wijers, 2002; Nakata et al., 2005) would lead to
weaker devaluation. Based on these different predictions, in the current research
we systematically vary the presence of no-go cues and the trial percentages, to test
these three different accounts and gain more insight into the underlying mechanism
of the devaluation effect.

The Current Research
Considering the applied value of food-related response inhibition training, we use
pictures of food as stimuli in the current research. As reported by WHO, one main
cause of the worldwide obesity epidemic is the over-consumption of high-calorie food
(WHO, 2015), and food-related response inhibition training may have the potential
to change people’s eating behaviors and facilitate weight loss (Lawrence, O’Sullivan,
et al., 2015; Veling et al., 2014). We only use GNG, because GNG appears to yield
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stronger training effects on health behavior than SST (Allom et al., 2015; Jones et al.,
2016) and because we specifically test the role of no-go cues by removing them on
some trials. This cannot be achieved with SST, as SST includes only no-go or stop cues.
In the first part (Experiments 2.1 to 2.3), we test whether devaluation of appetitive
food stimuli on no-go trials is caused by the presence of no-go cues. Specifically,
we test the no-go cue EC account by manipulating the presence of no-go cues
independently of whether participants respond or not. If the devaluation effect is
stronger with no-go cues, at least part of the effect can be attributed to EC by no-go
cues. However, if the presence of no-go cues does not influence the effect, this no-go
cue EC account can be ruled out.

2

In the second part (Experiments 2.4 to 2.6), and to pit the non-response EC
account and the response inhibition account against each other, we first change the
percentage of no-go trials from 25% (Experiment 2.4a) to 75% (Experiment 2.4b). The
non-response EC account predicts devaluation of no-go stimuli in both experiments.
In contrast, the response inhibition account predicts weaker or no devaluation in the
75% no-go version, since the inclusion of many no-go trials weakens the engagement
of inhibition on no-go trials (Bruin & Wijers, 2002; Nakata et al., 2005). In Experiment
2.5 we instruct participants to observe the 25% no-go training instead of performing
the training. The non-response EC account predicts devaluation of both go and no-go
stimuli in this experiment, whereas the response inhibition account predicts no effect.
In Experiment 2.6 we again use the 25% no-go version, but in the training, we present
food stimuli that are relatively neutral instead of attractive to explore whether not
responding to relatively neutral stimuli also leads to devaluation.

Definition of the Devaluation Effect
We adopt a strict definition for devaluation in the current research. Most previous
studies with response inhibition training have compared no-go stimuli to either
go stimuli or stimuli that were not used in the training (hereafter untrained stimuli;
but see Veling et al., 2008). Although two baselines have been used in the research
area of distractor devaluation (see Fenske & Raymond, 2006), previous research
on devaluation induced by response inhibition failed to use these two baselines
consistently. Using only one of the baselines is not sufficient to show devaluation
from the training. For instance, if the evaluation of no-go stimuli is lower than that of
go stimuli but not than untrained stimuli, this could be due to increased evaluation
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of go stimuli (for a potential valuation effect of go stimuli, see Schonberg et al.,
2014). If the evaluation of no-go stimuli is lower than untrained stimuli but not go
stimuli, the devaluation is not specific to no-go stimuli, but may be due to general
characteristics of the training, for instance its tediousness. Only when the evaluation
of no-go stimuli is lower than both go and untrained stimuli, will we accept the effect
as a devaluation effect.

Pre-registrations
For the sake of transparency and to be able to distinguish between confirmatory
and exploratory analyses, we pre-registered the planned sample sizes, analyses
plans and expected results (except for Experiment 2.1). For an overview of the preregistrations, see the link to the project on Open Science Framework in Footnote2. This
overview also specifies when we deviated from the original preregistrations (e.g., one
or two baselines, see Footnote3; the exclusion criteria), and whether these changes
influenced the results.

Experiment 2.1
The purpose of Experiment 2.1 was two-fold. First, we tested whether devaluation
could be observed when using both go and untrained stimuli as baselines. Second, we
compared non-response trials in which the no-go cue was provided (hereafter no-go
trials) with non-response trials in which the no-go cue was not provided (hereafter
no-cue trials). Behaviorally the no-go and no-cue trials were identical: participants
did not respond. The only difference was whether the no-go cue was provided. By

2
3

For an overview of the pre-registrations, experimental materials, data files and supplementary material, see https://osf.io/9dxwa/
In the pre-registrations of Experiments 2.3, 2.4a, 2.4b and 2.5, only the untrained stimuli
were registered as the baseline. However, as explained in the main text, using only untrained
stimuli as the baseline does not rule out task tediousness as an alternative explanation.
We therefore decided to be more conservative than the pre-registrations by consistently
adopting two baselines. In addition, although evaluations of go stimuli were not explicitly
specified in some of our pre-registrations as a baseline, previous research has always compared no-go stimuli to go stimuli and used the difference as the evidence for the devaluation
effect. The difference between no-go and go stimuli could be expected based on previous
research (e.g., Veling et al., 2008; 2011; 2013a; 2013b).
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directly comparing no-go and no-cue trials, we aim to test whether the devaluation
effect would be influenced by the no-go cue.

Method
Sample Size
Based on a meta-analysis by the time of conducting this experiment, the average
effect size of GNG on health outcomes is Cohen’s d+ = 0.534, 95% CI [0.327, 0.741]
(Allom, 2014). Power analysis indicated that 30 participants would be needed to
achieve 80% power (G*Power, Faul, Erdfelder, Buchner, & Lang, 2009). In Experiments
2.1 to 2.3, our planned sample size was between 40 and 50, which exceeded the

2

required sample size.
Participants
Forty-five participants took part in the experiment for course credits or monetary
compensation. Different samples were used for all the experiments. Four participants
were excluded since their accuracy on go, no-go or no-cue trials in GNG was 3SD
below the mean. Forty-one participants remained in the final sample (7 males, 34
females, Mage = 21.7 years, SDage = 3.2). Exclusion of participants did not change
the results.
Materials
Eighty pictures of various palatable foods (e.g., desserts, full meals, fruits, vegetables,
candies etc.) were selected from the food-pics database (Blechert, Meule, Busch, &
Ohla, 2014). The procedure was implemented in PsychoPy (version v1.81.03; Peirce,
2007) and run on a Windows 7 computer individually for each participant.
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Procedure
Preparation
Participants were asked to refrain from eating for at least 4 hours before the
experiment. Experiments 2.1 to 2.3 were conducted after another food-related
training experiment4.
Pre-training Evaluation
Participants first received a self-paced evaluation task in which they indicated how
attractive they found each of the 80 foods by using a 200-point slider (-100 = Not
at all, 100 = Very much, the cursor always started at 0). The order of pictures was
randomized (see Figure 2.1).
Sorting and Selection
The 80 food pictures were ranked from the highest evaluation to the lowest. Since
we were mainly interested in decreasing the evaluations of highly appetitive stimuli
(but see Experiment 2.6), the 50 pictures with the highest evaluations were selected
for GNG. The selected pictures were further divided into 5 sets, with 10 pictures in
each set. The average evaluations from each set were matched. For the pre-training
evaluations of food in all training conditions, see Table 2.1.
Go/No-Go Training
After the selection procedure, participants received GNG. We randomly assigned
2 sets of pictures to the go trials (i.e., 20 pictures), 1 set to the no-go trials (i.e., 10

4

Participants first finished the cue-approach training (CAT, see Schonberg et al., 2014), which
took around one hour. After finishing CAT, they had a 5-minute break to consume one or two
snacks or fruits. The current research started after the break. Although Experiments 2.1-2.3
were preceded by CAT, we think the data is unlikely to be influenced by CAT, because: (1)
different stimulus materials were used in CAT and Experiments 2.1-2.3; (2) there were at least
20 minutes between the CAT training and the go/no-go training; (3) the between-subjects
manipulation in the CAT experiments does not moderate the reported effects; (4) the obtained effect sizes for stimulus devaluation in the present experiments are very close to the
effect sizes from similar research as reported in three recent meta-analyses (Allom et al.,
2015; Jones et al., 2016; Turton, Bruidegom, Cardi, Hirsch, & Treasure, 2016); (5) there is no
reason to suspect CAT would influence the critical within-subject comparison between the
no-go and no-cue training conditions in Experiments 2.1and 2.2.
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pictures), and 1 set to the no-cue trials (i.e., 10 pictures). The remaining set (i.e., 10
pictures) was not used in GNG and served as untrained baseline.
Each trial in GNG started with the presentation of a picture in the middle of the
screen. If the picture was assigned to the go trial, 100 ms after picture onset a tone
was played via a headphone, and participants were instructed to press the B key on
the keyboard as fast as possible before the picture disappeared. If the picture was
assigned to the no-go trial, a different tone was played 100 ms after picture onset,
and participants were asked to not press any key until the picture disappeared by
itself. Finally, if the picture was assigned to the no-cue trial, no tone was played, and
participants also did not need to respond. The two tones used as go and no-go cues

2

were counterbalanced across participants (frequencies: 400 and 1000 Hz, duration:
300 ms). In all trials, the picture remained on screen for 1 second. The inter-trial interval
randomly varied from 1.5 to 2.5 seconds, in steps of 100 ms.
Before the experimental blocks, participants received a practice block of 16 trials.
The 50 selected pictures were not used in practice. During practice, participants
received an error message if they made incorrect responses on go or no-go trials.
No performance feedback was provided for the experimental blocks. In each
experimental block, each of the 40 selected pictures was randomly presented once,
and the whole training consisted of 5 blocks, resulting in 200 trials in total.
Post-training Evaluation
After GNG, participants received a same evaluation task as before GNG. Only the 50
selected pictures were presented.
Questionnaires and Demographics
In the end, participants filled out the restraint eating scale (Herman & Polivy, 1980),
reported whether they were currently on a diet, the last time they consumed food,
their current hunger level, weight, height and for exploratory reasons one open-ended
question on their broad ideas about the aim of the study. Participants who explicitly
stated that not responding to stimuli made them appear less attractive were excluded
(one participant in Experiments 2.4a, 2.4b and 2.6, respectively).
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Figure 2.1 Diagram of general experimental procedure. A. Pre-training Evaluation. B. Go/No-Go
Training. C. Post-training Evaluation.
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Results
Main analyses were conducted in SPSS 23. For a summary of participants’ performance
in GNG, see Table 2.2. Because of the overall high accuracies, food stimuli associated
with occasional incorrect responses were not excluded from the analyses on
stimulus evaluations. For responses on questionnaires and demographics, see the
Supplementary Material.
Table 2.1 Evaluations Before GNG in Experiments 2.1 to 2.6
Experiment Untrained

Go

No-Go

No-Cue

F value

p value

2.1

40.70 (3.00) 40.83 (2.99) 40.64 (2.97) 41.12 (3.05)

F(3, 120) = 1.62

p = .188

2.2

43.78 (3.20) 43.29 (3.18) 43.31 (3.23) 43.52 (3.20)

F(3, 111) = 3.06

p = .031

2.3

36.28 (3.00) 36.51 (2.99) ---

F(2, 84) = 1.31

p = .277

2.4a

54.97 (2.53) 55.01 (2.48) 55.17 (2.52) ---

F(2, 52) = 0.84

p = .436

2.4b

46.73 (2.82) 46.67 (2.87) 46.91 (2.82) ---

F(2, 56) = 1.05

p = .355

2.5

54.61 (2.85) 54.53 (2.82) 54.46 (2.81) ---

F(2, 56) = 0.36

p = .699

2.6

-7.06 (3.35)

F(2, 76) = 0.08

p = .923

-6.99 (3.41)

-7.13 (3.39)

36.58 (2.96)

---

2

Note: Cells with a dashed line were not included in the experiment. Standard errors are
between brackets.

Table 2.2 Performance in GNG in Experiments 2.1 to 2.4 and 2.6
Experiment No-Go Accuracy

No-Cue Accuracy

Go Accuracy

Go RT (ms)

2.1

92.5% (0.8%)

99.8% (0.1%)

99.1% (0.2%)

437.4 (7.8)

2.2

87.6% (1.4 %)

98.3% (0.4%)

73.7% (0.2%)

278.2 (10.2)

2.3

---

97.8% (0.3%)

99.2% (0.4%)

355.7 (7.2)

2.4a

95.8% (0.8%)

---

99.7% (0.1%)

423.4 (13.1)

2.4b

99.1% (0.2%)

---

99.4% (0.3%)

433.2 (8.7)

2.6

93.5% (0.8%)

---

99.1% (0.2%)

439.3 (9.2)

Note: Cells with a dashed line were not included in the experiment. Standard errors are
between brackets.
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For each food training condition (i.e., go, no-go, no-cue and untrained), we first
calculated the average evaluation for both pre- and post- training. A difference score
was then calculated by subtracting the pre-training evaluation from the post-training
evaluation (i.e., difference score = post-training evaluation – pre-training evaluation).
A negative difference score indicates participants found the food less attractive after
GNG. The difference scores for the four training conditions were: untrained, M = -6.20,
SD = 8.87; go, M = -7.70, SD = 10.03; no-go, M = -11.68, SD = 9.87; no-cue, M = -12.31,
SD = 10.67. For all training conditions, the difference score was negative, indicating
a general decrease in evaluation. This general decrease is likely due to regression to
the mean and is not of main interest here.
To test whether the decrease in liking differed for different training conditions,
we first ran a repeated-measures ANOVA with training condition as the within-subject
factor and the difference score as the dependent variable. The main effect of training
condition was significant, F(3, 120) = 7.42, p < .001, η2 = .156 (see Figure 2.2). Note
that the main effect of training condition on the difference scores is equivalent to the
interaction effect between measurement time (pre- vs. post- training) and training
condition on the average evaluations, and we report the analyses on the difference
scores so that we do not need to break down the interaction effect for each ANOVA.
Next, we compared no-go foods with untrained and go foods respectively using
paired-samples t tests. Additional analyses were performed and reported in footnotes
if the assumption of normal distribution was not met. Results from paired-samples t
tests showed the difference score of no-go foods was significantly lower than that of
untrained foods, M = -5.48, SE = 1.59, t(40) = -3.45, p = .001, Cohen’s dunb = -0.573,
95% CI [-0.936, -0.225]5, and also significantly lower than that of go foods, M = -3.98,
SE = 1.52, t(40) = -2.61, p = .013, dunb = -0.392, 95% CI [-0.710, -0.085], suggesting
evaluations of no-go foods decreased more through training. This larger decrease
for no-go foods in comparison to both go and untrained foods is thus evidence for
devaluation. The difference score of no-cue foods was also significantly lower than
untrained foods, M = -6.11, SE = 1.77, t(40) = -3.46, p = .001, dunb = -0.611, 95% CI
[-0.997, -0.241], and go foods, M = -4.61, SE = 1.62, t(40) = -2.85, p = .007, dunb = -0.437,
5

Following the recommendations by Cumming (2012) and Lakens (2013), we use the average
standard deviation of both repeated measures as the standardizer for calculating Cohen’s d,
and then apply Hedges’ correction to get an unbiased estimation Cohen’s dunb (equivalent
to Hedges’ gav in Lakens, 2013). The calculation of Cohen’s dunb and the CI on d was carried
out in ESCI (Cumming, 2012).
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95% CI [-0.763, -0.122], indicating a devaluation effect for no-cue foods as well6. The
difference between no-go and no-cue foods was not significant, M = -0.63, SE = 1.43,
t(40) = -0.44, p = .661, dunb = -0.060, 95% CI [-0.333, 0.211].

2

Figure 2.2 Difference scores (post-training - pre-training evaluation) for different food training
conditions in Experiments 2.1 to 2.3. Error bars stand for within-subject standard errors.

To explore whether responding to go foods increased their evaluations, we also
directly compared go foods to untrained foods. The difference was not statistically
significant, M = -1.50, SE = 1.35, t(40) = -1.11, p = .274, dunb = -0.155, 95% CI [-0.440,
0.125].
Because of the difficulty of interpreting null-findings with conventional analyses,
the non-significant differences were also tested using Bayesian analyses (JASP, Version
0.7.1.12, Love et al., 2015; Cauchy prior width = 0.707). A Bayesian paired-samples t test
6

The difference between no-cue and untrained stimuli and the difference between no-cue
and go stimuli were not normally distributed. After we deleted 7 participants whose difference score was 1.5SD away from the mean, the normality assumption was met. This subsample led to the same result, Mnocue–untrained = -3.47, SE = 1.14, t(33) = -3.05, p = .005, dunb = -0.445,
95% CI [-0.765, -0.139]; Mnocue-go = -4.23, SE = 1.07, t(33) = -3.95, p < .001, dunb = -0.540, 95% CI
[-0.853, -0.245]. For the sake of consistency in the main text we reported the results based
on the 41 participants in the final sample.
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between no-go and no-cue foods gave a Bayes factor (BF) of 0.185, supporting the null
hypothesis that no difference occurred between no-go and no-cue stimuli (a BF below
1/3 is considered substantial evidence for the null hypothesis, see Dienes, 2014). BF
for the comparison between go and untrained stimuli was 0.299, which also supported
the conclusion that responding to go stimuli did not make them more attractive.

Discussion
In this first experiment, we showed that appetitive foods were devalued after being
presented on no-go trials. This result replicated previous findings but also served as
a stronger demonstration of the devaluation effect since we adopted both untrained
and go foods as baselines (cf. Veling et al., 2013a; Veling et al., 2013b). Crucially,
a similar devaluation effect was observed for no-cue foods, and no difference was
observed between no-go and no-cue stimuli, indicating that no-go cue does not
contribute to devaluation.
One potential limitation of the current experiment is that although the explicit
no-go cue was not provided on no-cue trials, participants may still have perceived
an ‘implicit’ no-go cue. Since the go and no-go cues were always presented 100 ms
after picture onset, participants may have learned that if no tone was played after
100 ms, the current trial must be a no-cue trial and they should not respond. The
absence of cues may therefore have become an ‘implicit’ no-go cue. Perceiving such
an ‘implicit’ no-go cue on no-cue trials may have then led to devaluation. We carried
out Experiment 2.2 to test this hypothesis of ‘implicit’ no-go cue.

Experiment 2.2
Experiment 2.2 used the same procedure from Experiment 2.1 with the following
changes. To make the ‘implicit’ no-go cue less clear, we delayed the presentation of
go cue and dynamically varied the delay using a staircase procedure (see Method
section below). The rationale is that in this case if participants did not hear any cue
after 100 ms, this did not mean that the current trial must be a no-cue trial; the go
cue could still be played later. This way, the absence of a cue may not serve as a clear
‘implicit’ no-go cue. If in this case the no-cue foods were not devalued, this would
support the ‘implicit’ no-go cue hypothesis; however, if we still found a devaluation
effect, the ‘implicit’ no-go cue hypothesis would be less plausible.
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Method
Participants
Forty participants participated in the experiment. Two participants were excluded due
to low accuracies on no-go or no-cue trials (3SD below the mean; Not pre-registered;
exclusion of participants did not change the results). Because we used a staircase
procedure that predetermined the go accuracy to be around 75%, go accuracies
were not used as an exclusion criterion. The final sample consisted of 38 participants
(8 males, 30 females, Mage = 22.6 years, SDage = 2.90).

2

Materials & Procedure
The same procedure from Experiment 2.1 was used. For GNG, we presented 20
pictures on go trials, 10 pictures on no-go trials, 10 pictures on no-cue trials and
the remaining 10 as untrained foods. The only difference was that we implemented
a staircase procedure on go trials. The go cue was played after a delay from picture
onset on go trials. This delay was initiated at 650 ms and dynamically adjusted. If
participants responded in time, the delay increased by 17 ms; if they failed, the delay
decreased by 50 ms. This procedure ensured that the accuracy on go trials would be
around 75%. More importantly, this procedure made the occurrence of go cues less
predictable. The no-go cue was still presented 100 ms after picture onset.

Results
To check the staircase procedure, we calculated the go accuracy and average go cue
delay for each participant. The average go accuracy across participants was 73.7%,
SD = 1.4%, which was close to the predetermined 75%. The average go cue delay was
600 ms (SD = 65.8), indicating that on average the go cue was played 600 ms after
picture onset, which was much later than the no-go cue. Since the presentation of go
cues was delayed and varied, the absence of cues at 100 ms after picture onset could
not serve as a clear ‘implicit’ no-go cue.
The main effect of food training condition from repeated-measures ANOVA was
significant, F(3, 111) = 15.41, p < .001, η2 = .294 (see Figure 2.2). The difference scores
were: untrained, M = -7.85, SD = 10.20; go, M = -4.70, SD = 9.47; no-go, M = -14.47,
SD = 11.36; no-cue, M = -13.69, SD = 12.31. Paired-samples t tests showed that
the difference score of no-go foods was significantly lower than untrained foods,
M = -6.62, SE = 1.86, t(37) = -3.57, p = .001, dunb = -0.601, 95% CI [-0.975, -0.245],
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and go foods, M = -9.77, SE = 1.68, t(37) = -5.82, p < .001, dunb = -0.915, 95% CI
[-1.309, -0.550], replicating the devaluation effect. Similar results were found for
no-cue foods: the difference score of no-cue foods was lower than untrained foods,
M = -5.85, SE = 1.80, t(37) = -3.25, p = .002, dunb = -0.507, 95% CI [-0.848, -0.181], and
go foods, M = -8.99, SE = 1.65, t(37) = -5.46, p < .001, dunb = -0.802, 95% CI [-1.163,
-0.467]. Direct comparison between no-go and no-cue foods revealed no significant
difference, M = -0.78, SE = 1.62, t(37) = -0.47, p = .643, dunb = -0.064, 95% CI [-0.341,
0.210], BF = 0.193.
Direct comparison between go and untrained foods showed that the difference
score of go foods was higher than that of untrained foods, M = 3.14, SE = 1.48,
t(37) = 2.12, p = .041, dunb = 0.358, 95% CI [0.080, 0.806]. This smaller decrease in
liking for go foods reflects a potential valuation effect. This finding is in line with the
valuation effect of go stimuli from recent research that also employed a staircase
procedure on go trials (Schonberg et al., 2014).

Discussion
In this experiment, we employed the staircase procedure on go trials to test the
‘implicit’ no-go cue hypothesis. Although the absence of cues could still serve as an
‘implicit’ no-go cue after around 600 ms (i.e., the average go cue delay), this ‘implicit’
no-go cue was rendered far less clear than in Experiment 2.1. The devaluation effect
was again replicated for both no-go and no-cue foods, suggesting that the devaluation
effect for no-cue foods cannot be fully explained by perceiving an ‘implicit’ no-go
cue. More importantly, the direct comparison between the no-go and no-cue foods
showed no difference, suggesting that presenting an explicit no-go cue does not
contribute to the devaluation effect.
In Experiments 2.1 and 2.2 (see Table 2.2), participants were more accurate on
no-cue trials than on no-go trials (Experiment 2.1, no-cue M = 99.8%, SD = 0.6%, no-go
M = 92.5%, SD = 5.2%, t(40) = 9.17, p < .001; Experiment 2.2, no-cue M = 98.3%,
SD = 2.3%, no-go M = 87.6%, SD = 8.7%, t(37) = 6.73, p < .001), while no difference
in devaluation is observed between these training conditions. This result suggests
that the strength of the devaluation effect is not influenced by the number of
commission errors.
Together, Experiments 2.1 and 2.2 showed that an explicit no-go cue does not
cause larger devaluation, which is not in line with the no-go cue EC account. However,
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in both experiments the no-go cue was still provided. In the next experiment, we used
a more simplified version of the training by leaving out the no-go cue altogether, to
explore whether the devaluation effect could still be observed.

Experiment 2.3
In Experiment 2.3, we included only go and no-cue trials, to further test whether the
no-go cue was required for the devaluation effect. If in this case no-cue foods were not
devalued, it would suggest that the no-go cue is still needed in the training, though not
on every non-response trial. However, if the no-cue foods were still devalued, it would

2

strongly suggest that the devaluation of no-go foods is not caused by no-go cue.

Method
Participants
Forty-five participants participated in the experiment. Two participants were excluded
since their accuracies on either go or no-cue trials were 3SD below the mean (preregistered). Forty-three participants remained in the final sample (9 males, 34 females,
Mage = 23.8 years, SDage = 7.6).
Materials & Procedure
The same materials and general procedures were used as in Experiment 2.1. The only
difference was that in GNG, we presented 20 pictures on go trials (without the staircase
procedure), and 20 pictures on no-cue trials. The no-go cue was not provided. The
remaining 10 pictures were again used as untrained baseline.

Results
The main effect of training condition on difference score in repeated-measures
ANOVA was significant, F(2, 84) = 8.52, p < .001, η2 = .169 (see Figure 2.2). The
difference scores were: untrained, M = -8.59, SD = 12.88; go, M = -7.28, SD = 10.63;
no-cue, M = -14.65, SD = 13.26. Paired-samples t tests showed that the difference
score of no-cue foods was significantly lower than that of untrained foods, M = -6.06,
SE = 2.07, t(42) = -2.92 , p = .006, dunb = -0.455, 95% CI [-0.787, -0.135], and go foods,
M = -7.37, SE = 1.70, t(42) = -4.34, p < .001, dunb = -0.601, 95% CI [-0.915, -0.304]. In
line with Experiments 2.1 and 2.2, we showed the devaluation effect for no-cue foods,
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when the no-go cue was not provided at all in the whole training. The difference
between go and untrained foods was not significant, M = 1.31, SE = 1.92, t(42) = 0.68,
p = .500, dunb = 0.109, 95% CI [-0.210, 0.430], BF = 0.205.

Discussion
In this experiment, we did not provide no-go cue altogether. The devaluation
effect was again observed, suggesting that the devaluation effects we observed in
Experiments 2.1 and 2.2 were not due to the occasional presence of no-go cue.
Across Experiments 2.1 to 2.3, we consistently showed the devaluation effect
when participants did not respond to palatable food stimuli, regardless of the
presence of no-go cues. These results strongly indicate that the devaluation effect
is independent of no-go cues, which contradicts the prediction of the no-go cue EC
account. Second, by adopting both go and untrained stimuli as baselines, our results
provide a very strong demonstration of the devaluation effect. After ruling out the
no-go cue EC account, we tested the non-response EC account against the response
inhibition account in the next part.

Experiment 2.4a
Not responding may cause devaluation either via the evaluative meaning of not
responding or via response inhibition. To test the non-response EC account and the
response inhibition account, we varied the percentage of no-go trials from 25% to
75%. The non-response EC account predicts devaluation with both low and high
proportion of no-go trials. The response inhibition account, on the other hand,
predicts devaluation only when the proportion of no-go trials is relatively low, or at
least not higher than go trials (e.g., Experiments 1-3; Veling et al., 2008). In Experiment
2.4a, we first lowered the percentage of no-go trials to 25% to see how this would
influence the devaluation effect. In Experiment 2.4b, the percentage of no-go trials was
increased to 75%. Since previous neuroscience studies have shown the involvement of
the inhibition system (i.e., rIFC) during go/no-go task (Berkman et al., 2009; Konishi et
al., 1998; Konishi et al., 1999) especially when go trials are more frequent (e.g., Bruin
& Wijers, 2002; Nakata et al., 2005), and because one specific form of EC, namely the
no-go cue EC account, was ruled out in Experiments 2.1 to 2.3, we expected to obtain
evidence for the response inhibition account. Therefore, we predicted devaluation for
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25% no-go (Experiment 2.4a) but weaker or no devaluation for 75% no-go (Experiment
2.4b) in our pre-registrations of Experiments 2.4a and 2.4b.
At the end of the experiments, we added a recall task in which participants were
asked to indicate, for each food picture, whether it was a go or no-go stimulus. This
recall task was included as a measurement for the amount of attention participants
paid to the training task, under the assumption that participants who paid more
attention to the training would show a better memory for the associations. This was
important because we wanted to rule out that any null effects of the training on
evaluations in the experiments (e.g., the predicted null effect in Experiment 2.4b)
could be explained by a lack of attention to the task. For instance, participants might

2

pay less attention to the training in Experiment 2.4b because this version only required
occasional responding. The absence of devaluation in Experiment 2.4b could then be
explained by the fact that participants were not paying a sufficient amount of attention,
rather than by the absence of response inhibition. Indeed, recent research showed that
attention might play an important role in learning the associations between stimuli
and stopping responses (Best, Lawrence, Logan, McLaren, & Verbruggen, 2016). In
sum, the recall task was included to address differences in attention as an alternative
explanation for differences in devaluation effects across studies.

Method
Sample Size
Since no difference was observed between no-go and no-cue stimuli from Experiments
2.1 to 2.3, we combined them into non-response stimuli. These non-response stimuli
were then compared with go and untrained stimuli for conducting a power analysis.
When untrained stimuli were used as baseline, the average effect size of devaluation
was Cohen’s dunb = -0.537, 95% CI [-0.724, -0.350]; when go stimuli were used as
baseline, the average effect size was Cohen’s dunb = -0.697, 95% CI [-0.999, -0.394]
(meta-analyzed with ESCI, see Cumming, 2012). We used Cohen’s dunb = -0.537 as
the expected effect size in our own setup and calculated the required sample size to
be 30 for achieving 80% power. The planned sample sizes for Experiments 2.4 to 2.6
were therefore determined to be at least 30 to achieve sufficient power.
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Participants
Thirty participants took part in the experiment. Two were excluded due to low
accuracies in GNG (3SD below the mean). One correctly indicated the study aim
and was excluded. Exclusion criteria were not pre-registered; however, exclusion of
participants did not change the results. Twenty-seven participants remained (3 males,
24 females, Mage = 23.3 years, SDage = 4.67). Due to exclusion, the achieved power was
76.6% (Faul et al., 2009).
Materials & Procedure
The same general procedure from Experiment 2.1 was used. In Experiments 2.4 to
2.6, participants were asked to fast for at least 3 hours instead of 4. In addition, these
experiments were conducted independently. In GNG, we presented 30 pictures on
go trials and 10 pictures on no-go trials so that 25% of the trials were no-go trials.
Although the no-go cues are not needed in the training (see Experiments 2.1-2.3),
we kept both go and no-go cues in the task so that the go and no-go trials were
similar with regard to the number of events per trial. For this experiment, and all
subsequent experiments, the pictures were repeated 6 times in GNG. After the
second evaluation, participants received a recall task in which all the 40 pictures
from GNG were presented one by one, and they indicated for each picture whether
it was associated with responding or not responding in the training.

Results
The main effect of training condition was significant, F(2, 52) = 9.85, p < .001, η2 = .275
(see Figure 2.3). The difference scores were: untrained, M = -10.97, SD = 13.28; go,
M = -6.58, SD = 9.79; no-go, M = -19.04, SD = 19.85. The difference score of no-go
foods was significantly lower than untrained foods, M = -8.06, SE = 2.86, t(26) = -2.82,
p = .009, dunb = -0.464, 95% CI [-0.830, -0.118], and go foods, M = -12.45, SE = 3.34,
t(26) = -3.73, p = .001, dunb = -0.773, 95% CI [-1.261, -0.319], replicating the devaluation
effect. The difference score of go foods was marginally significantly higher than
untrained foods, M = 4.39, SE = 2.23, t(26) = 1.97, p = .060, dunb = 0.366, 95% CI [-0.015,
0.762]. The percentage of correct responses in the recall task was calculated for each
participant. On average, participants showed good memory of the associations,
M = 80.2%, SD = 16.0%, indicating that they paid attention to the training.
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Figure 2.3 Difference scores (post-training - pre-training evaluation) for different food training
conditions in Experiments 2.4 to 2.6. Error bars stand for within-subject standard errors.

Experiment 2.4b
Method
Participants
Thirty-one participants were recruited. Three participants’ accuracy scores on no-go
trials were 3SD below the mean. However, this was due to the overall high accuracy
scores of all the participants (see Table 2.2), rather than low performance of these
three participants (their scores were around 95%). These three participants were
therefore kept in the analysis. One participant correctly indicated the study aim and
was excluded. One participant indicated not understanding part of the instruction
(in Dutch) and was excluded. Exclusion criteria were not pre-registered; however,
exclusion of participants did not change the results. Twenty-nine participants
remained in the final sample (5 males, 24 females, Mage = 21.2 years, SDage = 2.31).
The achieved power was 79.7%.
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Materials & Procedure
For GNG in the current experiment, we presented 10 pictures consistently on go trials
and 30 pictures on no-go trials. The percentage of no-go trials thus increased to 75%.
The rest remained the same as in Experiment 2.4a.

Results
The main effect of training condition was not significant, F(2, 56) = 0.89, p = .418,
η2 = .031, BF = 0.204 (see Figure 2.3). The difference scores were: untrained,
M = -12.89, SD = 9.92; go, M = -11.47, SD = 14.76; no-go, M = -14.63, SD = 9.55. The
difference score of no-go foods did not differ significantly from that of untrained
foods, M = -1.73, SE = 1.78, t(28) = -0.98, p = .338, dunb = -0.173, 95% CI [-0.537,
0.184], BF = 0.305, and that of go foods, M = -3.16, SE = 2.66, t(28) = -1.19, p = .244,
dunb = -0.247, 95% CI [-0.677, 0.172], BF = 0.3747. The difference score of go foods did
not differ significantly from that of untrained foods, M = 1.43, SE = 2.60, t(28) = 0.55,
p = .587, dunb = 0.110, 95% CI [-0.293, 0.518], BF = 0.227. The average accuracy in the
recall task was M = 80.7%, SD = 20.0%.
To directly compare devaluation effects of Experiments 2.4a and 2.4b, we first
calculated two devaluation scores for each participant by subtracting the difference
scores of untrained and go foods from the no-go foods (i.e., devaluation1 = difference
score of no-go – difference score of untrained; devaluation2 = difference score of
no-go – difference score of go). A lower devaluation score stands for a stronger
effect. These devaluation scores were then compared between experiments with
independent samples t tests. When untrained foods were used as baseline, the
devaluation score was significantly lower in Experiment 2.4a than in Experiment
2.4b, M = -6.33, SE = 3.32, t(54) = 1.91, p = .031 (one-tailed), dunb = -0.503, 95% CI
[-1.041, 0.025]; when go foods were used as baseline, the devaluation score was again
significantly lower in Experiment 2.4a, M = -9.29, SE = 4.24, t(54) = 2.19, p = .016
(one-tailed), dunb = -0.578, 95% CI [-1.119, -0.048]. Both analyses suggested stronger
devaluation effects when no-go trials were rare.
Moreover, the accuracies from the recall task did not differ between Experiments
2.4a and 2.4b, t(54) = 0.104, p = .918, BF = 0.271, suggesting that the absence of
7

For one participant the difference between no-go and go stimuli was 3SD from the mean.
Deleting this participant led to normal distribution, and the result was the same, M no= -1.53, SE = 2.18, t(27) = -0.70, p = .488, dunb = 0.127, 95% CI [-0.495, 0.236], BF = 0.251.
go-go
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devaluation in Experiment 2.4b was not due to lower attention to the training. Both
devaluation effects remain stronger in Experiment 2.4a than in Experiment 2.4b when
memory is entered as a covariate in ANCOVA. In sum, the devaluation effects were
present in Experiment 2.4a, but not in 2.4b, which is in line with the prediction of the
response inhibition account.

Discussion
In Experiments 2.4a and 2.4b, we employed a percentage of no-go trials of 25%
and 75% respectively. In line with the prediction of the response inhibition account,
devaluation was observed in Experiment 2.4a where the percentage of no-go trials

2

was relatively low, but not in Experiment 2.4b where the no-go trials were more
frequent. Increasing frequency of no-go trials did not lead to devaluation. The nonresponse EC account therefore does not fit with the empirical evidence.
In both Experiments 2.4a and 2.4b, participants showed high levels of memory
for the associations between food stimuli and cues, while the devaluation effect was
observed only in Experiment 2.4a. The absence of devaluation in Experiment 2.4b
is therefore unlikely the result of less attention to the GNG. Moreover, this finding
suggests that high level of memory for stimulus-cue associations is not sufficient to
induce devaluation effects. In the next experiment we further tested whether merely
not responding to stimuli could lead to devaluation by asking participants to simply
observe the training. If merely not responding to stimuli leads to devaluation, both
go and no-go stimuli should be devalued compared to untrained stimuli, while the
response inhibition account again predicts no devaluation (i.e., no difference between
no-go and untrained stimuli), as the inhibition process is not engaged.

Experiment 2.5
In Experiment 2.5, we used the same procedure as in Experiment 2.4a, but changed
the task. Instead of actually performing the GNG, participants were instructed to
view the training and try to remember the associations between foods and cues.
The memory instruction was given to participants to ensure that they would pay
attention to the training, and to make sure memory of the associations would be at
least as high as in Experiment 2.4a. The absence of devaluation in this case would
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again suggest that merely not responding without response inhibition is not sufficient
for devaluation.

Method
Participants
Thirty-nine participants took part in the experiment. Five participants were excluded
because they made responses in GNG (counter to the instructions), and another 5 were
excluded since their memory accuracy was lower than 50%, suggesting that they may
have remembered the association wrongly (pre-registered exclusion criteria). Twentynine participants remained in the final analysis (5 males, 24 females, Mage = 22.0 years,
SDage = 3.05). The achieved power was 79.7%.
Materials & Procedure
The same procedure was used as in Experiment 2.4a. Participants first read the
instruction for GNG, and received the practice block to ensure the go and no-go cues
were represented as cues for responding and withholding responses, respectively.
However right before the experimental blocks, they were instructed to not do the
training, but instead just watch the training and try to remember for each picture
whether it was paired with responding or not responding. At the end of the experiment
they were asked to indicate how often they looked at the pictures during GNG
(1 = Never; 2 = Sometimes; 3 = About half of the time; 4 = Most of the time; 5 = All
the time).

Results
Of the 29 participants in the final sample, 16 reported looking at the pictures all
the time; 12 looked most of the time; 1 looked about half of the time. In general,
participants paid attention to GNG according to their self-report. In line with the selfreport, they also showed high memory, M = 90.5%, SD = 10.9%, confirming that they
indeed paid attention to the task and learned the associations.
The main effect of training condition was not significant, F(2, 56) = 1.44, p = .246,
η = .049, BF = 0.316 (see Figure 2.3). The difference scores were: untrained, M = -10.66,
2

SD = 9.72; go, M = -12.66, SD = 10.40; no-go, M = -14.95, SD = 16.44. The difference
score of no-go foods did not differ significantly from that of untrained foods, M = -4.29,
SE = 2.77, t(28) = -1.55, p = .133, dunb = -0.309, 95% CI [-0.725, 0.096], BF = 0.573, and
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also did not differ significantly from that of go foods, M = -2.29, SE = 2.83, t(28) = -0.81,
p = .424, dunb = -0.162, 95% CI [-0.570, 0.240] , BF = 0.2678. The difference between
go and untrained stimuli was also not significant, M = -1.99, SE = 1.89, t(28) = -1.06,
p = .300, dunb = -0.193, 95% CI [-0.568, 0.175], BF = 0.327.

Discussion
In Experiment 2.5, we used the procedure from Experiment 2.4a but changed the
task, so that participants learned the associations between food stimuli and cues
without actually receiving the training. In this way participants did not respond, but the
response inhibition process was eliminated. Devaluation was again absent, indicating
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that in line with the response inhibition account, merely not responding without
engaging in response inhibition did not cause devaluation. Furthermore, participants
reported that they paid attention to the training task, and they also displayed a high
level of memory for the associations between stimuli and cues. Hence, the absence
of a devaluation effect in Experiment 2.5 cannot easily be explained by a lack of
attention to the task.

Experiment 2.6
In Experiments 2.1 to 2.5, we used highly appetitive stimuli to investigate the
devaluation effect. Hence, it is unclear whether relatively low valued stimuli can also be
devalued through the same training procedure. Some previous work with GNG found
the devaluation effect only for positive stimuli, or in a sample for which the target
stimuli were rewarding, but not for neutral stimuli (e.g., Veling et al., 2008; Veling et
al., 2011; Houben, 2011; Veling et al., 2013b). On the other hand, devaluation of neutral
and negative no-go stimuli compared to go stimuli has also been demonstrated
(Frischen, Ferrey, Burt, Pistchik, & Fenske, 2012; but see Koster, Duzel, & Dolan, 2015,
in which negative no-go stimuli were evaluated more positively than negative go
stimuli in a choice-induced preference change paradigm). This inconsistency in the
literature may be due to the employment of different baselines. Specifically, studies
showing devaluation of neutral and negative stimuli employed only one baseline (i.e.,
8

For 1 participant the difference between no-go and go stimuli was 3SD away from the mean.
Deleting this participant improved the normal distribution and led to the same results, Mno= -0.61, SE = 2.35, t(27) = -0.26, p = .797, dunb = -0.054, 95% CI [-0.474, 0.364], BF = 0.207.
go-go
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go stimuli), so it is unclear whether this effect is due to increased evaluations of go
stimuli or decreased evaluations of no-go stimuli. Experiment 2.6 was carried out to
explore the devaluation effect on relatively low rated stimuli by using the same general
procedure of the current research, where two baselines were employed.

Method
Participants
Forty-two participants were recruited. Two participants whose accuracies on go
or no-go trials were 3SD below the mean were excluded (pre-registered exclusion
criterion). Another participant correctly indicated the study aim and was also excluded
(exclusion did not change the results). Thirty-nine participants remained in the final
sample (6 males, 33 females, Mage = 22.7 years, SDage = 4.02).
Materials & Procedure
The same procedure from Experiment 2.4a was used. The only difference was
that we selected the 50 pictures with the lowest ratings (average rating before
training = -7.06, SE = 3.34, on a scale from -100 to 100) and used them in GNG and
the second evaluation.

Results
The main effect of training condition was significant, F(2, 76) = 6.91, p = .002, η2 = .154
(see Figure 2.3). The difference scores were: untrained, M = 5.43, SD = 11.62;
go, M = 11.33, SD = 10.52; no-go, M = 4.15, SD = 11.49. Different from previous
experiments, the difference scores were all positive, which is again likely due to
regression to the mean. The difference score of no-go foods did not differ significantly
from untrained foods, M = -1.28, SE = 2.12, t(38) = -0.60, p = .550, dunb = -0.109, 95%
CI [-0.471, 0.251], BF = 0.205, while it was significantly lower than that of go foods,
M = -7.18, SE = 2.35, t(38) = -3.06, p = .004, dunb = -0.639, 95% CI [-1.091, -0.205]9. The
difference score of go foods was significantly higher than that of untrained foods,

9

Excluding 5 participants whose difference between go and no-go stimuli was 1.5SD away
from the mean led to normal distribution. The difference between no-go and go foods
became marginally significant, M = -2.57, SE = 1.44, t(33) = -1.78, p = .084, dunb = -0.284,
95% CI [-0.616, 0.038].
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M = 5.90, SE = 1.65, t(38) = 3.57, p = .001, dunb = 0.522, 95% CI [0.214, 0.845]. The
memory accuracy was M = 73.1%, SD = 14.7%.

Discussion
In Experiment 2.6, we selected relatively low valued food pictures and used them
in the training. In line with previous findings (Frischen et al., 2012), go stimuli were
rated more positively than no-go stimuli. However, comparing go and no-go stimuli
to the untrained baseline suggests that this difference could be more parsimoniously
explained as a potential valuation effect of go stimuli, rather than devaluation of no-go
stimuli. This might explain the seemingly inconsistent findings in the literature, as
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different baselines were often employed in different studies.
The absence of devaluation effect for relatively low rated stimuli is in line with the
BSI theory, which explicitly predicts that response inhibition leads to devaluation, but
only for appetitive stimuli. A pure response inhibition account may predict devaluation
for positive, neutral and negative stimuli alike (Frischen et al., 2012). Nonetheless, the
absence of devaluation for relatively low rated stimuli could still be post hoc explained
by the response inhibition account. For instance, less appetitive stimuli may attract
less attention compared to appetitive stimuli, and task attention might determine
the learning of the associations between stimuli and response inhibition. Indeed,
the memory recall accuracy in Experiment 2.6 was lower than in Experiment 2.4a,
(73.1% vs. 80.2%), which could be due to less attention paid to lowly rated stimuli, but
this comparison did not reach significance, t(64) = -1.867, p = .067. Nevertheless, all
else being equal, response inhibition to neutral stimuli does not lead to devaluation,
whereas response inhibition to appetitive stimuli does.

General Discussion
To gain more insight into the underlying mechanism of GNG in influencing evaluations,
the current research examined two potentially important task components, namely
the no-go cue and not responding. To explore the role of the no-go cue in causing
devaluation, in the first part we manipulated the presence of no-go cues independently
of not responding. Results showed appetitive stimuli were evaluated as less attractive
when participants did not respond to them, regardless of the presence of no-go cues.
Devaluation was also observed when the timing of the ‘implicit’ no-go cue was made
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less clear and when the no-go cue was not provided altogether. The no-go stimuli
were devalued compared to both untrained and go stimuli. Devaluation of no-go
stimuli can hence not be explained by increased evaluations of go stimuli or exposure
in the GNG. Overall, the devaluation effect appears not to be contingent on the no-go
cue, suggesting that the effect is driven by not responding, but not by no-go cue. This
conclusion is further corroborated by the results of Experiment 2.5. In Experiment 2.5,
participants were instructed to memorize the associations between stimuli and go
and no-go cues. Despite high levels of memory, learning these associations did not
cause lower evaluations of no-go stimuli. Together, these experiments do not support
the no-go cue EC account of the devaluation effect.
In the second part, we examined the nature of not responding in causing the
devaluation effect. The non-response EC account and the response inhibition
account were pitted against each other. Across Experiments 2.4a and 2.4b we varied
the percentage of no-go trials to 25% and 75%. In line with the response inhibition
account and our predictions, devaluation occurred when the percentage of no-go
trials was 25%, but disappeared when the percentage of no-go trials increased to
75%. In Experiment 2.5, we used the same procedure from Experiment 2.4a (i.e., 25%
no-go trials) but instructed participants to learn associations without performing the
training. The devaluation effect was again absent. In Experiment 2.6 we explored
whether the 25% no-go training would devalue lowly rated stimuli, and found no
devaluation. Based on these findings, we conclude devaluation is not caused by the
evaluative meaning of not responding. Merely not responding is not sufficient to cause
devaluation; instead, devaluation occurs when people inhibit their responses toward
appetitive stimuli in a context of frequent responding.
Taken together, these results rule out two EC accounts and support the response
inhibition account. Response inhibition training by means of GNG is therefore not just
a specific form of evaluative conditioning. Our results are in line with the previous
correlational neuroscience findings (Kiss et al., 2008; see also Berkman et al., 2009);
furthermore, by manipulating the percentage of no-go trials, we provide strong
behavioral evidence for the causal role of response inhibition in devaluation.

Comparison Between SST and GNG
As mentioned in the introduction, both SST and GNG are used as response inhibition
trainings. Although they are often used interchangeably, recently there are some
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debates on the differences between these two tasks (Verbruggen & Logan, 2008;
Wessel et al., 2014). In GNG, both the go and no-go cues are provided. Participants
respond when they perceive a go cue, and do not respond when they perceive a no-go
cue. The percentages of go and no-go trials are often equal. In SST, only the no-go cue
(i.e., the stop signal) is provided. Participants respond when there is no cue, and do
not respond when they perceive a no-go cue. The percentage of no-go trials is often
lower than go trials and a staircase procedure is often implemented on no-go trials
(i.e., presentation of the no-go cue is delayed in the next no-go trial after a successful
stop) to discourage waiting for the no-go cue. Some researchers have accordingly
argued that SST is more clearly about stopping an ongoing response, while GNG is
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more like a decision-making paradigm, in which participants simply decide to respond
or not (Wessel et al., 2014). This view does not entirely fit with the current findings,
because if simply deciding to respond or not is sufficient to cause devaluation, we
would observe a devaluation effect in both 25% no-go and 75% no-go version of the
training, and may even find the effect when participants observed the training. The
underlying mechanism of GNG appears therefore also to be response inhibition.
SST and GNG differ in the percentage of no-go trials. Based on the current
findings, one might expect SST to be more effective than GNG, as in SST 25% of
the trials are no-go trials, which should more strongly engage the inhibition system.
However, the result of a recent meta-analysis showed the opposite: studies employing
GNG yielded an effect size of Cohen’s d+ = 0.503, 95% CI [0.348, 0.658], while SST
yielded a smaller effect size, d+ = 0.190, 95% CI [0.000, 0.380] (Allom et al., 2015). A key
difference between the 25% no-go version of GNG in the current study and the SST
is that due to the implementation of a staircase procedure on no-go trials in the SST,
the proportion of successful inhibition on no-go trials is typically lower in the SST than
in GNG. The proportion of successful inhibition has been shown to be a significant
predictor of the training effects (Jones et al., 2016), so that a higher proportion of
inhibition leads to a larger devaluation effect. This suggests that for the training to be
effective, people must form associations between appetitive stimuli and the successful
inhibition of response. A second observation is that the devaluation effect in 25%
no-go (Experiment 2.4a) is dunb = -0.464, 95% CI [-0.830, -0.118], while the average
devaluation effect in 50% no-go (in Experiments 2.1-2.3, where half of the trials were
non-response trials) is dunb = -0.537, 95% CI [-0.724, -0.350] (using untrained stimuli
as baseline). Descriptively, these two effect sizes are very similar, and the magnitudes
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also converge with the results of recent meta-analyses (Allom et al., 2015; Jones et al.,
2016; Turton et al., 2016). This suggests that including 50% no-go trials may already
be sufficient to engage the inhibition system, and decreasing the amount of no-go
trials may not further enhance the effectiveness.

How Does Inhibition Cause Devaluation?
Although the current research suggests that devaluation of appetitive stimuli is
caused by response inhibition, how response inhibition causes devaluation exactly
still remains an important question that awaits future research. Previous work on
distracter devaluation has shown that stimuli ignored in visual search are evaluated
more negatively than attended or novel stimuli (for a review, see Fenske & Raymond,
2006), an effect similar to devaluation induced by response inhibition. To explain this
distractor-devaluation effect, an attentional inhibition account has been proposed,
which posits that during visual search, associations between attentional inhibition and
ignored stimuli are established and when ignored stimuli are encountered in later
evaluations, these associations are re-instantiated (Goolsby, Shapiro, & Raymond,
2009). A similar response inhibition account can be proposed for the current findings.
These accounts, however, do not directly answer how inhibition leads to devaluation.
Three different accounts may be proposed to explain this association between
inhibition and devaluation.
First, according to the BSI theory, the automatic approach tendency triggered
by appetitive stimuli and the task requirement of inhibition constitute a conflict, and
conflict signal is generally experienced as aversive (Dreisbach, & Fischer, 2015). A
second explanation is that inhibiting one’s attention or one’s motor responses may
both activate inhibition process, which may have spillover effects on other brain areas
that encode affective responses (Berkman et al., 2009). A third explanation is that the
inhibition process may occupy visual working memory capacity (Goolsby et al., 2009;
Chiu & Egner, 2015a; 2015b), leaving fewer attentional resources for representing
the stimuli encountered during inhibition. Less accurate representation of the no-go
stimuli may then lead to lower evaluations. More studies are still needed to delineate
the neurological and cognitive mechanism of how inhibition causes devaluation.
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Potential Valuation Effects for Go Stimuli
For exploratory reasons, we also compared evaluations of go stimuli with untrained
stimuli in each experiment. Consistent with previous findings (Veling et al., 2008),
when half of the trials were go trials, as in Experiments 2.1 and 2.3, responding to
appetitive stimuli did not further increase their evaluations. However, when the
staircase procedure was implemented on go trials, which required rapid go responses,
a valuation effect for go stimuli was observed (in Experiment 2.2). Interestingly, this
result appears consistent with recent findings from cue-approach training (Schonberg
et al., 2014). Responding rapidly to go stimuli may lead participants to allocate more
attention to these stimuli, and increased attention to go stimuli may increase the value
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of these stimuli (Schonberg et al., 2014).
Furthermore, Experiments 2.4a and 2.6 (which employed 25% no-go trials)
suggest that responding to go stimuli frequently on a task-level may also increase
the evaluation of go stimuli. This finding may post hoc be understood in light of work
on the interaction between action and valence. This work has shown that similar brain
areas underlie the anticipation of go actions and the responses to reward (GuitartMasip et al., 2014). Extra engagement of the go circuitry may be required to generate
rapid go responses (as in Experiment 2.2) or when the go responses are anticipated to
be frequent (Experiments 2.4a and 2.6). This engagement may lead to the valuation of
go stimuli. Future research can more systematically investigate this potential valuation
effect by manipulating task characteristics and adopting multiple baselines.

Implications for Behavioral Interventions
Since the response inhibition trainings discussed in the current paper are being
developed into behavioral interventions for problematic behaviors, some suggestions
can be given based on our results. First, since the devaluation effect is not driven
by the no-go cue, the no-go cue can be omitted, which may provide more flexibility
in designing interventions. Second, the percentage of no-go trials should not be
higher than go trials, otherwise the inhibition process may not be engaged and the
training may be rendered ineffective. Third, making participants responding rapidly
or frequently to go stimuli may increase the evaluation of these stimuli, which might be
useful if an alternative behavior can be enhanced to replace the unwanted behavior.
One remaining question that is of both theoretical and practical importance
is to what extent the devaluation effect caused by response inhibition generalizes
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to new stimuli. All experiments in the current research used untrained stimuli as a
baseline, which assumed no generalization. To support this assumption, the untrained
stimuli were not devalued compared to go stimuli (in Experiments 2.1 and 2.3, see also
Veling et al., 2008), suggesting that the devaluation effect is specific to the trained
food and does not generalize. It is important to examine whether the devaluation
effect is indeed stimulus-specific, or whether this lack of generalization in the current
context was caused by the stimuli used (e.g., different food pictures that do not share
visual features) or specific task characteristics (e.g., presenting food pictures on both
go and no-go trials). Future studies can further investigate whether the devaluation
effect generalizes to untrained foods that share certain features with no-go foods,
and whether certain procedural change (e.g., presenting non-food stimuli on go trials
and food stimuli on no-go trials, as already implemented in some training procedures)
may facilitate the generalization of devaluation.

Limitations and Future Directions
The results of the current research fit with the response inhibition account. However,
the inhibition process was not directly measured. It remains interesting to test how the
involvement of inhibition may be moderated by task characteristics and how this relates
to devaluation. A related question is whether inhibiting motor responses specifically,
or a general inhibition process, is responsible for devaluation. Neuroimaging tools
such as EEG and fMRI are needed to answer these questions in future research.
In all experiments, explicit stimulus evaluations were used as the dependent
variable. This makes it possible to directly compare results across experiments,
and connects the present work to research on evaluative conditioning (Hofmann et
al., 2010). Evaluations can also be measured indirectly by implicit measures (e.g.,
implicit association test and affective priming task, De Houwer, Teige-Mocigemba,
Spruyt, & Moors, 2009). Using this kind of measure to assess evaluation of no-go
stimuli, however, may impose a methodological challenge. Research suggests that
responses toward no-go stimuli slow down after participants acquire the stimulusstop associations (Giesen & Rothermund, 2014; Best et al., 2016; Bowditch et al.,
2015), and since implicit evaluations are often inferred from reaction times, the
implicit measurement of evaluation could be influenced by such associations. Future
studies may overcome this challenge by using indirect measures that are not based on
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reaction times (e.g., the affective misattribution procedure; Payne, Cheng, Govorun,
& Stewart, 2005).
In addition to evaluations, the effect of training can also be assessed with other
behavioral measurements, for instance by asking participants to indicate their choice
for food items, or their willingness to pay (WTP; Wessel et al., 2014; Schonberg et al.,
2014). We are now conducting new studies along these lines, and preliminary results
suggest that GNG as employed here also influences snack choices (see also Veling et
al., 2013a, 2013b) and WTP for snacks. However, we aim to conduct a series of studies
(including exact replications and pre-registered studies) using these dependent
measures before drawing conclusions with regard to the effectiveness of the currently
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employed go/no-go training on influencing food choice and WTP for food items.
In Experiments 2.4-2.6, we included a memory recall task to assess participants’
memory of the stimulus-cue associations. Participants showed high levels of memory
across all experiments, while the devaluation effect was only observed when they
had to inhibit their response toward highly appetitive stimuli. This finding suggests
that remembering these associations is not a sufficient condition for the devaluation
effect. Although it does not seem sufficient, memory for the associations may still
be a necessary component for devaluation of no-go stimuli. Future research may
experimentally manipulate memory to further observe its role in devaluation.
Finally, we recruited predominantly female college students as participants.
Due to this recruitment strategy, the samples were homogeneous in terms of
demographics, BMI and restraint eating scores (see supplementary material).
Recruiting homogenous samples precludes potential alternative explanations in
interpreting the results across experiments, but also raises the question whether
the devaluation effect can also be found with different samples, for instance male
participants and people with a relatively high BMI. Replications in such samples are
needed to assess the generalizability of the present findings.

Conclusion
In the current project, we investigated how not responding to appetitive stimuli (e.g.,
attractive food) causes devaluation. We showed that this devaluation effect is not due
to the association between stimuli and the no-go cue; furthermore, it is not caused
by the association between stimuli and the evaluative meaning of not responding.
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The underlying mechanism of devaluation is qualitatively different from evaluative
conditioning; it is driven by inhibiting pre-potent go response toward appetitive
stimuli in a context of frequent responding. Across 6 experiments, we consistently and
reliably showed the devaluation of no-go stimuli in comparison to both go stimuli and
untrained stimuli when response inhibition was engaged. Potential valuation effect of
go stimuli was occasionally observed when participants engaged in rapid or frequent
responding; however these findings were not a priori predicted and should be more
systematically investigated. Overall, these results shed more light on the underlying
mechanism of response inhibition training and also have implications for applied
behavioral change interventions.
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Chapter 3
Do Impulsive Individuals Benefit More

from Food Inhibition Training?

Testing the Role of Inhibition Capacity

in the No-Go Devaluation Effect1

1

This chapter is based on Chen, Z., Veling, H., Dijksterhuis, A., & Holland, R. W. (2018). Do
impulsive individuals benefit more from food go/no-go training? Testing the role of inhibition
capacity in the no-go devaluation effect. Appetite, 124, 99–110.
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Abstract
Recent research showed not responding to food items in a go/no-go task leads
to devaluation of these food items, which may help people regulate their eating
behaviors. The Behavior Stimulus Interaction (BSI) theory explains this devaluation
effect by assuming that inhibiting impulses triggered by appetitive foods elicits
negative affect, which in turn devalues the food items. BSI theory further predicts
that the devaluation effect will be stronger when food items are more appetitive and
when individuals have low inhibition capacity. To directly test these hypotheses, in
the current study we manipulated the appetitiveness of food items and measured
individual inhibition capacity with the stop-signal task. Food items were consistently
paired with either the go or no-go cue during training, so that participants responded
to some items and not to others. Evaluations of these food items were measured
before and after the training. Across two preregistered experiments, we consistently
found after the training no-go foods were liked less compared to both go foods and
foods not used in the training. Unexpectedly, devaluation effect occurred for both
appetitive and less appetitive food items, and exploratory signal detection analysis
suggested this might be explained by comparable learning of the contingencies for
these items. Furthermore, the strength of devaluation did not consistently correlate
with individual inhibition capacity, and Bayesian analyses combining data from both
experiments provided moderate support for the null hypothesis. In sum, the current
project reliably demonstrated the devaluation effect induced by the go/no-go
training, but failed to obtain evidence for BSI theory. While more work is still needed,
the result reinforces the notion that the go/no-go training may be a promising tool to
help people regulate their eating behaviors.

Keywords: food, go/no-go task, devaluation, response inhibition, stop-signal
paradigm, impulsivity
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Today’s world is filled with appetitive foods: in kiosks at train stations, in supermarkets
and grocery stores, on television, appetitive foods are everywhere. Appetitive foods
automatically attract our attention (Nijs, Muris, Euser, & Franken, 2010), activate the
brain’s reward region (Wang et al., 2004), and excite the motor system (Gupta & Aron,
2011), so that we may easily notice, desire, and eventually obtain and consume them.
Because of our innate preference for calories (Breslin, 2013), appetitive foods are
often energy-dense and contain much sugar and fat. Excessive intake of appetitive
yet energy-dense foods is broadly considered a major contributor to increased body
weight and the worldwide obesity epidemic we are facing right now (WHO, 2016).
Although many people are living in an obesogenic environment, gaining weight
is not inevitable. Appetitive energy-dense foods may trigger potent impulses and
urges, but people also have the capacity to inhibit these impulses and regulate their
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thoughts and behaviors. This capacity to inhibit predominant responses is termed
inhibition, which is one of three main executive functions (inhibition, updating and
shifting, respectively; Miyake & Friedman, 2012). Individuals differ in their capacity
to inhibit impulses, and this difference in inhibition capacity may have implications
for regulating eating behaviors. For instance, individuals with relatively low inhibition
capacity consume more appetitive foods in the lab (Guerrieri et al., 2007), and their
consumption of foods is more strongly determined by their automatic affective
reactions to foods than individuals with high inhibition capacity (Hofmann, Friese, &
Roefs, 2009). People with low inhibition capacity and strong implicit preferences for
snack foods also gain most weight over a year (Nederkoorn, Houben, Hofmann, Roefs,
& Jansen, 2010). Furthermore, obese and overweight individuals show lower inhibition
capacity in comparison to healthy controls (Kulendran et al., 2014; Nederkoorn,
Braet, Van Eijs, Tanghe, & Jansen, 2006a; Nederkoorn, Smulders, Havermans,
Roefs, & Jansen, 2006b; for a meta-analysis, see Lavagnino, Arnone, Cao, Soares, &
Selvaraj, 2016), suggesting that low inhibition capacity may be a contributing factor
to overweight.
If the problem in regulating eating behaviors stems from the difficulty in inhibiting
impulses evoked by appetitive foods, reducing the strength of the impulses triggered
by foods should help people to better regulate their eating behaviors. Inspired by
this idea, several training procedures have been developed, and one such training is
the go/no-go training (GNG training), in which participants consistently respond to
some stimuli (e.g., by pressing a key, go trials) and withhold their responses to other
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stimuli (e.g., do not press any key, no-go trials). When used as training on foods,
appetitive energy-dense foods can be consistently presented on no-go trials so that
participants do not respond to these foods. Previous research showed that after GNG
training, appetitive foods are evaluated less positively (Veling, Aarts, & Stroebe, 2013a;
Chen, Veling, Dijksterhuis & Holland, 2016) and are chosen less often (Veling et al.,
2013a; Veling, Aarts, & Stroebe, 2013b). When offered a chance to consume these
appetitive foods in the laboratory, participants consume fewer of them if these foods
have been paired with no-go trials in the training (Houben, 2011; Houben & Jansen,
2011; Houben & Jansen, 2015; Lawrence, Verbruggen, Morrison, Adams, & Chambers,
2015b; Veling, Aarts, & Papies, 2011; Folkvord, Veling & Hoeken, 2016). Moreover,
repeated training with high-calorie foods has been shown to facilitate weight loss
attempts in two studies (Lawrence et al., 2015a; Veling, van Koningsbruggen, Aarts,
& Stroebe, 2014; for a recent meta-analysis, see Allom, Mullan, & Hagger, 2015).
Not responding to appetitive foods thus leads to decreased evaluation. One
explanation for such devaluation effect is offered by the Behaviour Stimulus Interaction
theory (BSI theory, Veling, Holland, & van Knippenberg, 2008). According to the BSI
theory, exposure to appetitive foods triggers an impulse to approach the foods.
However, when these foods are presented together with a no-go cue, participants
need to engage in response inhibition in order to overcome this impulse. This conflict
between the impulse to respond and response inhibition elicits negative affect. After
repeated pairings, the negativity of the conflict is attached to the appetitive foods,
leading to decreased evaluation of them.
The BSI theory posits that the strength of the conflict is jointly determined by
two competing processes: the initial impulses triggered by the food items, and
the response inhibition process to overcome and inhibit these impulses. The first
prediction from the BSI theory is that the devaluation effect induced by response
inhibition in GNG training should be stronger for stimuli that are more appetitive,
since appetitive stimuli trigger stronger impulses, and the strength of the resulting
conflict is accordingly higher. In line with this idea, previous research has shown that
GNG training is more effective in lowering the evaluations of positive stimuli than that
of neutral or negative stimuli (Veling et al., 2008; Chen et al., 2016; but see Frischen,
Ferrey, Burt, Pistchik, & Fenske, 2012). The influence of GNG training on food choices
is also stronger when people have a relatively high appetite, presumably because
individuals with a high appetite experience strong impulses toward appetitive
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foods (Veling et al., 2013a). Furthermore, several studies showed that GNG training
is especially effective for restrained eaters (Houben, 2011; Houben & Jansen, 2011;
Lawrence et al., 2015b; Veling et al., 2011). Restrained eaters chronically restrict food
intake to lose weight, but are mostly unsuccessful and often end up consuming more
than non-restrained eaters (Fedoroff, Polivy, & Herman, 1997; Stirling & Yeomans,
2004). One reason for their failure to control body weight is that restrained eaters
respond more strongly to appetitive foods (Brunstrom, Yates, & Witcomb, 2004;
Harvey, Kemps, & Tiggemann, 2005; Papies, Stroebe, & Aarts, 2007; Veenstra & de
Jong, 2010), and this might again explain why GNG training is more effective for them.
The second prediction from the BSI theory is that the effectiveness of GNG
training depends on the response inhibition process. In line with this idea, recent
research found that increasing the proportion of no-go trials in GNG training, thereby
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presumably reducing the engagement and activation of response inhibition on no-go
trials, renders the GNG training procedure unsuccessful in triggering devaluation,
suggesting a causal role of response inhibition in inducing devaluation (Chen et
al., 2016; for discussions on to what degree GNG training evokes motor inhibition
toward the stimuli, also see Wessel, O’Doherty, Berkebile, Linderman, & Aron, 2014;
Veling, Lawrence, Chen, van Koningsbruggen, & Holland, 2017). Furthermore, Adams
and colleagues (2017) recently showed that inhibition trainings (GNG training and
stop-signal training) with higher rates of inhibition accuracy are more effective in
modifying food intake, corroborating the idea that successful response inhibition
leads to devaluation. Another way to address this question is by examining individual
differences in inhibition capacity. More specifically, for individuals with low inhibition
capacity, inhibiting an impulse might be more difficult and conflict-inducing than for
individuals with high inhibition capacity. The devaluation effect may therefore be
larger when individuals have lower inhibition capacity. Indirect evidence came from
studies with restrained eaters (Houben, 2011; Houben & Jansen, 2011; Lawrence et
al., 2015b; Veling et al., 2011). As mentioned above, GNG training is more effective for
restrained eaters, and as restrained eaters in general have lower inhibition capacity
(Nederkoorn, Van Eijs, & Jansen, 2004; measured by the stop-signal task, Logan,
Cowan, & Davis, 1984), this pattern of results could thus be interpreted as in line with
this second prediction. Note that since restrained eaters are both highly responsive
to food cues and have low inhibition capacity, these findings cannot disentangle the
two predictions made by the BSI theory. More direct evidence came from a study by
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Houben (2011), in which participants first received the stop-signal task to measure
their inhibition capacity, and then performed response inhibition training (albeit a
training based on the stop-signal task, not the GNG training) on high-calorie foods.
Food intake was reduced after the training, but only for individuals with low inhibition
capacity, indicating that the training is indeed more effective for individuals with low
inhibition capacity.
Combined, these two predictions suggest an interesting and useful feature of
the GNG training. That is, GNG training becomes more effective when food items
are more appetitive and when people have low inhibition capacity to inhibit their
impulses – the situation predicting excessive intake of calories (Nederkoorn et al.,
2010). Although all the findings reviewed above are in line with these two predictions,
the evidence is still relatively scarce, especially for the role of inhibition capacity
in such devaluation effect. Furthermore, to the best of our knowledge, these two
predictions have never been jointly tested in one design. This interactive process
between the impulsive approach tendencies and the response inhibition process, as
outlined by the BSI theory, is therefore still not entirely clear. Further examining this
process will not only provide more theoretical insight into the underlying mechanism
of the devaluation effect, but will also be useful for applied use. For instance, knowing
which individuals (e.g., low on inhibition capacity) may benefit more from GNG training
in which situations (e.g., for food items for which they have strong cravings) could
enable us to better tailor and personalize GNG training to maximize the efficiency
of the training.
In the current research, we used evaluations of foods as the dependent
measurement, since the liking for foods has been considered the strongest motivation
underlying people’s food choices (Phan & Chambers, 2016) and has been shown to
mediate the effect of GNG training on food choice (Veling et al., 2013a). The change in
evaluation also correlates with change in body weight after GNG training (although the
mediation effect was not significant; Lawrence et al., 2015a). We included food items
that were evaluated as highly appetitive and food items that were evaluated as less
appetitive, to test the role of approach tendencies in devaluation, as more appetitive
foods are assumed to trigger stronger approach tendencies (Seibt, Häfner, & Deutsch,
2007). To measure individual inhibition capacity, we used the stop-signal task, because
this task allows the estimation of the covert latency of stopping and is currently one
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of the most widely used measurements of response inhibition (Verbruggen & Logan,
2008).

Experiment 3.1
To reduce flexibility in data analysis, and to be able to distinguish clearly between
confirmatory and exploratory analyses, we preregistered the sample size, analyses
plans and predictions for this experiment. More specifically, we predicted that highrated no-go foods would be devalued in comparison to both go and untrained foods
(i.e., foods not used in GNG training, see Method below), while no devaluation or a
smaller devaluation effect was predicted for low-rated no-go foods. Furthermore, we
expected that lower inhibition capacity would be associated with stronger devaluation
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effect for high-rated foods, while no specific association was predicted for low-rated
foods. The preregistration can be found at osf.io/cz8zr/.

Method
Sample Size
Based on our previous work on stimulus evaluation in which a similar task was used
(Chen et al., 2016), 30 participants were required to achieve 80% power for the
devaluation effect (defined as the difference between no-go items and items not
used in the training. Using the difference between no-go and go items gave a smaller
sample size in power analysis). Note that in previous work, participants were often
required to fast for a few hours before the experiment (e.g., Chen et al., 2016; Adams
et al., 2017), to control the level of appetite. However, such requirement to fast might
increase their overall appetite and make all food items appear appetitive (Veling et
al., 2013a), reducing the difference between highly appetitive and less appetitive
food items. In the current study, we therefore did not ask participants to fast before
the experiment. Furthermore, both high- and low-rated items were used, which led
to fewer stimuli in each cell. To compensate for the potential decrease in effect size
due to these two differences, we planned to recruit 70 participants. Sensitivity analysis
revealed that with 70 participants, we were able to detect a devaluation effect as
small as Cohen’s dz = 0.340 with 80% power. For the correlation between inhibition
capacity and no-go devaluation effect, no prior effect size was found. Sensitivity
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analysis showed that with 70 participants, a correlation effect no smaller than .327
can be detected with 80% power.
Participants
Participants, mainly students at Radboud University, were recruited via the online
participation system. They received either course credit or money as compensation
for their participation.
Materials
Eighty pictures of various foods (e.g., desserts, fruits, vegetables, candies, full meals
etc.) were selected from the food-pics database (Blechert, Meule, Busch, & Ohla, 2014;
for the images used, see osf.io/cz8zr/). The procedure was implemented in PsychoPy
(version v1.81.03; Peirce, 2007) and run on a Windows 7 computer individually for
each participant.
Procedure
Stop-Signal Task
Upon arrival, participants first received a stop-signal task to measure their inhibition
capacity. A circle was presented on the screen, and for each trial, an arrow pointing
either to the left or to the right was presented in the middle of the circle. Participants’
primary task was to indicate the direction of the arrow by pressing F or J, for left or
right respectively. Each arrow was presented for 1000 ms and the inter-trial interval
randomly varied between 1000 ms and 2000 ms, in steps of 100 ms. Occasionally
(on 25% of the trials) a beep (i.e., the stop signal, 700 Hz, 300 ms) was played via a
headphone, signaling to the participants that they should not respond for the current
arrow. This stop signal was played at a delay (i.e., the stop-signal delay, SSD) from
the arrow onset. SSD was initially set to 250 ms and dynamically adjusted based
on participants’ performance: SSD increased by 50 ms after a successful stop, and
decreased by 50 ms after a failed stop. This tracking procedure ensures the overall
probability of stopping when a stop signal occurs would be around 50%. The whole
stop-signal task contains 4 blocks, with 20 stop-signal trials and 60 no signal trials in
each block. After each block, participants took a short break, and the performance in
the current block (e.g., average goRT, p(stop|signal) and average SSD) was provided
to the experimenter. Based on the performance, the experimenter instructed
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participants to either respond faster or to slow down (Verbruggen et al., 2013). The
behavioral parameters we aimed to achieve were: goRT between 400 ms and 650 ms,
p(stop|signal) between .4 and .6, and the average SSD above 100 ms (see Wessel et
al., 2014, in which the same behavioral parameters were adopted).
Unrelated Questionnaires
After finishing the stop-signal task, participants filled out a few questionnaires on
self-forgiveness, rumination and mindfulness for another study. Details and data from
these questionnaires will not be further discussed.
Rating Before the Training
Participants then received a self-paced evaluation task, in which they rated each of the
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80 food images on how attractive each food looked to them at the moment, by using
a 200-point slider (from -100 = not attractive at all to 100 = very attractive).
Ranking and Selection
The experimental program then rank ordered the 80 food items from the highest
rating to the lowest. Twenty-five high-rated (ranked 11-35) and 25 low-rated (ranked
46-70) items were selected. For both high-rated and low-rated foods, the 25 images
were further divided into 5 sets, with the average evaluation for each set matched.
Go/No-Go Training
Of the 5 sets of high-rated foods, 3 sets were randomly selected as go stimuli, 1 set
selected as no-go stimuli and the remaining set was not used in the training and
served as an untrained baseline. The same selection was used for the 5 sets of lowrated foods. During the GNG training, a food image was presented in the middle
of the screen. 100 ms after image onset, a beep was played via headphone (1000
Hz, 300 ms or 400 Hz, 300 ms; the assignment of beeps as go and no-go cues was
counterbalanced across participants; see Chen et al., 2016). If they heard a go cue,
participants were instructed to press the B key on the keyboard as fast as possible,
before the image disappeared from screen; if they heard a no-go cue, they were
instructed to withhold their response and just wait till the image disappeared. In
either case, the image stayed on screen for 1000 ms. No performance feedback was
provided in the experimental blocks, and the inter-trial interval randomly varied from
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1000 to 1500 ms, in steps of 100 ms. The training started with a practice block of 10
trials (different images were used in practice), and then proceeded with 6 experimental
blocks. Each of the 40 images was randomly presented once in each block, and the
whole training consisted of 240 trials.
Rating After the Training
After the training, participants received a rating task that was the same to the one they
received before the training. Only the 50 selected images were used in this second
rating task.
Memory Recall
After that, participants received a memory recall task, in which each of the 40 images
that were shown in the GNG training was presented again. For each image, they
had to indicate whether it was associated with pressing B or not pressing B. The
memory recall task was included to assess participants’ learning of the stimulusresponse associations.
Demographics
For exploratory reasons, participants filled out the restraint eating scale (Herman
& Polivy, 1980), reported whether they were currently on a diet, the last time they
consumed food, whether they had lunch or not, their current hunger level, weight
and height.

Results
Participants
Seventy-one participants (8 males, 63 females, Mage = 20.7 years, SD = 2.74) took
part in the experiment. No participant met the preregistered exclusion criteria (i.e.,
accuracy on go or no-go trials 3SDs below sample mean and below 90%) and all data
were included in the analyses.
Performance in GNG Training
The average accuracy on go trials was 99.0%, SD = 1.48%; the average accuracy on
no-go trials was 89.6%, SD = 9.67%. For the calculation of mean go reaction time (go
RT), the incorrect go trials were first removed. The go trials on which the RT was 3SDs
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from a participant’s own mean were further removed and the average go RT on the
remaining go trials was then calculated for each participant. The average go RT was
397.8 ms, SD = 45.7. Overall, participants performed well in the GNG training. For the
performance across blocks in the training, see the supplementary material.
Stimulus Evaluation
A repeated-measures ANOVA (rmANOVA) with rating level (high vs. low), measurement
time (pre- vs. post-training) and training condition (go vs. no-go vs. untrained) as
within-subject factors and the average rating as dependent variable was conducted.
The Greenhouse-Geisser correction was used when the assumption of sphericity was
violated. The results showed that the three main effects were all statistically significant:
for the main effect of rating level, F(1, 70) = 488.7, p < .001, η = .875; for the main
2
p
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effect of measurement time, F(1, 70) = 25.4, p < .001, η p2 = .266; for the main effect of
training condition, F(1.69, 118.1) = 15.4, p < .001, ηp2 = .181. The interaction between
rating level and measurement time was significant, F(1, 70) = 48.8, p < .001, η p2 = .411;
the interaction between measurement time and training condition was also significant,
F(1.70, 119.1) = 14.9, p < .001, ηp2 = .176. Unexpectedly, the interaction between training
condition and rating level was not significant, F(2, 140) = 1.08, p = .342, ηp2 = .015, and
the three-way interaction was also not significant, F(2, 140) = 1.02, p = .363, ηp2 = .014.
See the left panel of Figure 3.1 for the results.

Figure 3.1 Evaluations of food items in Experiment 3.1 (left) and Experiment 3.2 (right). Error
bars stand for within-subject standard errors.
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To break down the interaction effect between measurement time and training
condition, we further conducted two separate rmANOVAs with rating level (high vs.
low) and training condition (go vs. no-go vs. untrained) as within-subject factors for the
pre-training and the post-training ratings, respectively. The rmANOVA on pre-training
ratings showed a significant main effect of rating level, F(1, 70) = 647.3, p < .001,
ηp2 = .902, indicating that the high-rated items (M = 54.0, SE = 2.12) were indeed rated
as more attractive than the low-rated items (M = -10.6, SE = 2.81). More important,
the main effect of training condition was not significant, F(1.76, 123.2) = 1.98, p = .149,
ηp2 = .027. The interaction between rating level and training condition was also not
significant, F(1.79, 125.7) = 0.076, p = .910, ηp2 = .001. This result confirmed that the
selection procedure succeeded in creating sets of images that were matched on the
average ratings before the training.
For the rmANOVA on post-training ratings, the main effect of rating level remained
significant, F(1, 70) = 303.2, p < .001, ηp2 = .812. Moreover, the main effect of training
condition became significant, F(1.69, 118.3) = 15.3, p < .001, ηp2 = .179. The interaction
effect was not significant, F(2, 140) = 1.07, p = .347, ηp2 = .015. Pairwise comparisons
showed that the rating of no-go food items (M = 11.8, SE = 2.74) was significantly lower
than the rating of go food items (M = 19.4, SE = 2.43), Mdiff = -7.63, t(70) = -4.76, p <
.001 (p values were adjusted for multiple comparisons using Bonferroni correction),
and untrained items (M = 17.6, SE = 2.49), Mdiff = -5.80, t(70) = -3.69, p = .001, while
the difference between go and untrained items did not reach statistical significance,
Mdiff = 1.83, t(70) = 1.68, p = .294. Combined, these results suggested that while before
the training, the ratings of all food items were equivalent; no-go foods were rated as
less attractive than both untrained and go foods after the training. This decrease in
evaluation for no-go foods is the devaluation effect.
Devaluation and Valuation Indices
Although on average, the ratings of food items in three training conditions were
matched before the training, this does not mean that they were rated exactly the
same for each participant. To account for the small variations in pre-training ratings
and get a more accurate estimation of the devaluation effect, for each participant, we
calculated a difference score by subtracting the average pre-training rating from the
average post-training rating (i.e., difference score = post-training rating - pre-training
rating) for each training condition. A negative value thus indicates decrease in rating
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while a positive value indicates increase. Although the rating level does not seem to
moderate the effect, this factor is still of theoretical interest. We therefore calculated
the difference scores for high-rated and low-rated items separately. A devaluation
index for no-go items was further calculated by subtracting the difference score of
no-go items from that of untrained items (i.e., devaluation index = difference score
of untrained items – difference score of no-go items). A higher devaluation index
stands for a larger devaluation effect (i.e., more decrease in liking for no-go items in
comparison to untrained items). For exploratory reasons, a valuation index for go items
was similarly calculated by subtracting the difference score of untrained items from
that of go items (i.e., valuation index = difference score of go items – difference score
of untrained items). Note that we defined devaluation effect as the evaluation of no-go
items being lower than both go items and items that were not used in the training (i.e.,
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untrained items), to rule out alternative explanations (see Chen et al., 2016). For the
calculation of the devaluation index, only untrained items were used as the baseline,
as the difference between no-go and go items could partially be explained by the go
valuation effect. For a summary of the devaluation and valuation indices for high- and
low-rated items, see Tables 3.1 and 3.2.
Table 3.1 Effect Sizes of No-Go Devaluation Effects.
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Table 3.2 Effect Sizes of Go Valuation Effects.

Stop-Signal Reaction Time (SSRT)
To estimate the SSRT, we used the block-based integration approach recommended
by Verbruggen and colleagues (2013). More specifically, SSRT was calculated for each
block with the integration approach (for details on the calculation, see Verbruggen et
al., 2013), and the average of these four SSRTs was then used as an index of individual
inhibition capacity. Two participants had SSRT 3SDs away from the sample mean (one
in each direction). Closer inspection of raw data revealed that one participant slowed
down significantly in two blocks and had SSRTs below 100 ms in those two blocks,
while the other participant did not stop at all in one block and had SSRT above 900
ms in one block. These two participants were therefore excluded. Of the remaining 69
participants, mean go RT (M = 526.9 ms, SD = 60.5) was significantly longer than the
mean failed-stop RT (M = 453.4 ms, SD = 59.6), t(68) = 28.08, p < .001, validating the
independence assumption of the race model (Verbruggen & Logan, 2009). Direction
errors (M = 1.39%, SD = 1.37%) and miss rates (M = 0.92%, SD = 1.16%) were low.
The average stop rate was 49.5%, SD = 1.85%, which is close to the pre-determined
50%. The average SSD was 259.5 ms, SD = 82.7, and the average SSRT was 263.1 ms,
SD = 32.8.
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Figure 3.2 Correlations Between Inhibition Capacity (SSRT) and No-Go Devaluation Effect of
High-Rated Items in Experiment 3.1 (left panel), Experiment 3.2 (middle panel) and combined
(right panel).

3

Figure 3.3 Correlations Between Inhibition Capacity (SSRT) and No-Go Devaluation Effect of
Low-Rated Items in Experiment 3.1 (left panel), Experiment 3.2 (middle panel) and combined
(right panel).

Correlation Between Devaluation and Inhibition
For the correlation between SSRT and the devaluation index of high-rated no-go
items, 2 out of 69 participants were identified as bivariate outliers (Cook’s distance
> 4/N, exclusion criterion not preregistered) and removed, leading to the predicted
significant Pearson’s r(67) = .242, p = .048 (see the left panel of Figure 3.2). For the
correlation between SSRT and the devaluation index of low-rated no-go items, 5 out
of 69 participants were identified as bivariate outliers (Cook’s distance > 4/N). This
led to non-significant correlation for low-rated items, Pearson’s r(64) = -.186, p = .140
(see the left panel of Figure 3.3).
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Discussion
In Experiment 3.1, we investigated the influence of GNG training on food evaluation
and how this devaluation effect induced by GNG training may be influenced by the
attractiveness of food items and individual inhibition capacity. Overall, we found that
no-go items were rated as less attractive than both go items and items not used in
the training. This devaluation effect was observed for both high-rated and low-rated
items. Furthermore, as predicted, a positive correlation between this devaluation
effect and inhibition capacity (i.e., SSRT) was found, while the correlation between
inhibition and devaluation for low-rated items was not statistically significant. Since
the observed effects were small (e.g., correlation between inhibition and devaluation
for high-rated items) and an unexpected devaluation effect for low-rated items was
observed, we carried out a replication in Experiment 3.2.

Experiment 3.2
Experiment 3.2 is a replication and extension of Experiment 3.1. In addition to
measuring participants’ inhibition capacity, we also measured the other two
components of executive control, namely the updating and shifting components for
exploratory reasons. The methods and results concerning the updating and shifting
components can be found in the supplementary material. Since we included more
measurements of executive control, the experiment was divided into two sessions,
with the executive control tasks on Session 1 and the GNG training tasks on Session
2. Session 2 occurred 1 to 5 day(s) after Session 1. We expected to replicate the
devaluation effect for high-rated food items, and more important, the positive
correlation between inhibition (i.e., SSRT) and the devaluation effect for high-rated
no-go items. To encourage conservative analyses, we also preregistered an additional
exclusion criterion (i.e., Cook’s distance > 4/N) for excluding bivariate outliers. The
preregistration can be found at osf.io/cz8zr/.
Method
Sample Size
With a correlation of .242 as the expected effect size (based on Experiment 3.1),
a power analysis indicated 104 participants for achieving 80% power with a onetailed correlation test when 5% was used as the alpha level. We therefore decided to
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recruit 110 participants, which exceeded the required sample size and allowed for
potential exclusion.
Participants
As in Experiment 3.1, participants were recruited via the university’s online
participation system and received course credit or money after the experiment.
Procedure
The current experiment was conducted in two sessions, with the second session
scheduled 1 to 5 day(s) after the first session. Since the GNG training is often referred
to as inhibitory control training in the literature and sometimes argued to increase the
top-down inhibitory control capacity (Houben, & Jansen, 2011), receiving the GNG
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training first may influence participants’ subsequent performance in the stop-signal
task (although the evidence available till now seems to argue against this account; see
Veling et al., 2017). To reduce such potential influence, we therefore first measured
participants’ inhibition capacities in Session 1, and then gave them the GNG training
in Session 2.
Session One
During the first session, participants received the stop-signal task, which was exactly
the same as the one used in Experiment 3.1. In addition to the stop-signal task,
participants also received the number-letter task and the 2-back task to measure
their shifting and updating capacity, respectively. The order of these three executive
function tasks was counterbalanced across participants. For the procedures and
results of the number-letter task and the 2-back task, see the supplementary material.
At the end of the session participants filled out the restraint eating scale, and reported
demographics such as whether they were currently on a diet, height and weight.
Session Two
During the second session, participants first received unrelated questionnaires for
another study, which took around 20 minutes. After a 5-minute break, the current
research started. The procedure was exactly the same with Experiment 3.1 (from
Rating Before the Training to Memory Recall). At the end of the session, participants
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reported the last time they consumed food, whether they had lunch or not and their
current hunger level.

Results
Participants
One hundred and nine participants participated in the study. Three participants had
accuracies on go or no-go trials 3SDs below the sample mean and below 90%. These
three participants were excluded (preregistered exclusion criterion). The final sample
consisted of 106 participants (30 males, 76 females, Mage = 23.2 years, SD = 6.46). On
average, participants finished the second Session 2.26 days after the first session
(SD = 1.62; two participants participated in the second session 8 and 10 days after the
first session, respectively. Excluding these two participants did not change the results).
Performance in GNG Training
The average accuracy on go trials was M = 99.2%, SD = 1.68%; the average no-go
accuracy was M = 91.9%, SD = 7.18%. The average go reaction time was M = 415.3
ms, SD = 57.3.
Stimulus Evaluation
A rmANOVA with rating level, measurement time and training condition as withinsubject factors and the average rating as dependent variable was conducted. As in
Experiment 3.1, all three main effects were significant: rating level, F(1, 105) = 640.7,
p < .001, ηp2 = .859; measurement time, F(1, 105) = 38.5, p < .001, ηp2 = .268; training
condition, F(2, 210) = 20.4, p < .001, ηp2 = .162. Further replicating the results of
Experiment 3.1, the interaction between rating level and measurement time was
significant, F(1, 105) = 54.5, p < .001, ηp2 = .342; the interaction between measurement
time and training condition was also significant, F(2, 210) = 22.2, p < .001, ηp2 = .174.
The interaction between training condition and rating level was not significant, F(2,
210) = 0.592, p = .554, ηp2 = .006, and the three-way interaction effect was also not
significant, F(2, 210) = 0.604, p = .547, ηp2 = .006. See the right panel of Figure 3.1 for
the results.
As in Experiment 3.1, we subsequently conducted two rmANOVAs, on the pretraining and post-training ratings separately. As would be expected, before the
training there was a significant difference between high- and low-rated items, F(1,
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105) = 750.1, p < .001, ηp2 = .877, while the main effect of training condition, F(1.82,
191.3) = 0.264, p = .748, ηp2 = .003, and the interaction effect, F(1.85, 193.7) = 0.409,
p = .648, ηp2 = .004, were not significant. The main effect of rating level remained
significant after the training, F(1, 105) = 490.8, p < .001, ηp2 = .824, and the main effect
of training condition also became significant, F(2, 210) = 21.6, p < .001, ηp2 = .171, while
the interaction effect was again not significant, F(2, 210) = 0.602, p = .549, ηp2 = .006.
Therefore, the overall pattern on stimulus evaluation replicates the findings of
Experiment 3.1. Pairwise comparisons suggested that no-go items (M = 3.11, SE = 2.46)
were rated as less attractive than both go items (M = 9.96, SE = 2.47), Mdiff = -6.85,
t(105) = -6.57, p < .001, and untrained items (M = 6.34, SE = 2.59), Mdiff = -3.24,
t(105) = -2.85, p = .005. Unlike Experiment 3.1, the go items were rated more positively
than untrained items, Mdiff = 3.62, t(105) = 3.84, p < .001.
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Stop-Signal Reaction Time (SSRT)
One participant had an invalid value of SSRT (~ 2500 ms). Closer inspection of the
data suggested that this participant hardly stopped at all in the first three blocks
(p(stop) = 0.0%, 5.0% and 5.0%, respectively) and was therefore excluded. One
participant showed SSRT more than 3SDs above the sample mean and was excluded
(criterion preregistered). Note that a third participant, with SSRT 2.8 SDs above sample
mean, was also excluded. Although his/her SSRT fell in the 3SDs range, inspection of
the data showed that he/she made substantial errors on go trials (both direction errors
and miss rates were above 20%; compare this to the performance of the remaining
participants below), and stopped on only 23.75% of the stop trials. Of the remaining
103 participants, mean go RT was 541.0 ms (SD = 72.7), which was significantly longer
than the failed-stop RT (M = 464.1 ms, SD = 62.3), t(102) = 28.9, p < .001. Direction
errors (M = 1.78%, SD = 2.09%) and miss rates (M = 1.38%, SD = 1.90%) were again
low. On average, participants stopped on 49.5% (SD = 2.71%) of the stop trials. The
average SSD was 262.3 ms (SD = 80.1), and the average SSRT was 276.9 ms (SD = 35.1).
Correlation Between Inhibition and Devaluation
Before conducting the main correlation analysis, we identified outliers step by step
as specified in our preregistration. Univariate outliers that are 3SDs from the sample
mean were first removed. This led to the exclusion of 3 more participants since their
devaluation index for high-rated no-go items was 3SDs away from sample mean (2
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above and 1 below). Bivariate outliers (Cook’s distance > 4/N, 1 identified) were then
removed. Ninety-nine participants remained in the analysis. Contrary to our prediction
and the finding in Experiment 3.1, the correlation was not significant, r(99) = -.018,
p = .861 (see the middle panel of Figure 3.2). The same procedure was used for
calculating the correlation between inhibition and devaluation for low-rated no-go
items. Unexpectedly and contrary to the finding in Experiment 3.1, the correlation
reached statistical significance, r(95) = .220, p = .033, so that participants with lower
inhibition capacity (i.e., longer SSRT) showed stronger devaluation effect for low-rated
items (see the middle panel of Figure 3.3).

Discussion
In Experiment 3.2, we predicted and replicated the devaluation effect for
high-rated items. Although unexpected, the devaluation effect for low-rated items
was again found, replicating the result of Experiment 3.1. Furthermore, a valuation
effect was found for go items, where such a valuation effect failed to reach statistical
significance in Experiment 3.1.
Experiment 3.2 failed to replicate the positive correlation between inhibition
and devaluation for high-rated items as observed in Experiment 3.1, and quite
unexpectedly (and inconsistent with the finding in Experiment 3.1), a positive
correlation between inhibition and devaluation emerged for low-rated items. Given
these inconsistencies in the results of Experiments 3.1 and 3.2, and the similarities in
experimental procedures, in the next part we combined data from two experiments
and carried out combined and exploratory analyses.

Combined and Exploratory Analyses
Stimulus Evaluation
To evaluate whether the strength of no-go devaluation and go valuation effects differs
between two experiments and between high-rated and low-rated items, we combined
the data from two experiments. First, the devaluation indices were submitted
to a rmANOVA with rating level (high vs. low) as the within-subject factor and the
experiment as the between-subject factor. None of the effects reached statistical
significance, Fs < 1.38, ps > .241. Since the conventional NHST approach has difficulty
in interpreting non-significant results, a Bayesian rmANOVA was carried out with JASP
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(JASP Team, 2016). For all effects, the Bayes factor (i.e., BF) was below 1/3, which
provided moderate support for the null model (Dienes, 2014; for the output of the
Bayesian rmANOVA, see the supplementary material), suggesting that the devaluation
effect was similar in both experiments and also did not differ for high-rated and lowrated items.
Since no difference in the strength of devaluation effects was found between the
high-rated and low-rated items and between Experiment 3.1 and 3.2, we collapsed the
four devaluation indices. The overall effect size of the devaluation effect is d = 0.346,
95% CI [0.194, 0.497]. A same rmANOVA was conducted on the go valuation indices,
and none of the effects reached statistical significance, Fs < 1.88, ps > .172. Bayesian
rmANOVA on valuation indices gives BFs below 1/3, again suggesting that the go
valuation effects did not differ between high- and low-rated items or between the
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two experiments. The overall effect size of the go valuation effect is d = 0.312, 95%
CI [0.161, 0.463].
Contrary to our expectations, the low-rated items were devalued to the same
extent as the high-rated items. This raised the question of to what extent the highrated items were indeed more impulse-invoking that the low-rated items. To explore
this, we divided the GNG training into two parts, trials on which high-rated items were
presented, and trials on which low-rated items were presented. Performance in these
two parts was then compared. As can be seen from Table 3.3, in both Experiments
3.1 and 3.2, participants responded to high-rated items more quickly than to lowrated items, and their accuracy in responding to high-rated items was also higher.
Furthermore, they made more mistakes when they needed to inhibit their responses
to high-rated items in comparison to low-rated items, although this difference on
no-go accuracies did not reach statistical significance in Experiment 3.1. Overall, these
results suggest that in line with our expectations, high-rated items indeed invoked
more impulses (in this case, to respond to the food and difficulty to stop toward food)
than low-rated items did.
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Table 3.3 Performance on trials with high-rated and low-rated food items in the go/no-go
training. Standard deviations are reported in parentheses.
Exp

Exp 3.1

Exp 3.2

Parameter

High-Rated

Low-Rated

t value

p

Go Accuracy

99.2% (1.44%)

98.8% (1.78%)

t(70) = 2.31

.024

No-Go Accuracy

89.0% (11.4%)

90.3% (10.2%)

t(70) = -1.11

.269

Mean GoRT (ms)

393.8 (45.8)

402.1 (45.9)

t(70) = -6.66

< .001

Median GoRT (ms)

390.5 (43.5)

394.5 (42.0)

t(70) = -2.78

.007

Go Accuracy

99.4% (1.36%)

98.9% (2.21%)

t(105) = 3.37

.001

No-Go Accuracy

91.1% (9.06%)

92.7% (7.23%)

t(105) = -2.13

.036

Mean GoRT (ms)

410.9 (58.0)

420.0 (57.8)

t(105) = -6.42

< .001

Median GoRT (ms)

405.9 (56.6)

413.7 (55.6)

t(105) = -5.53

< .001

Since the food-pics database (Blechert et al., 2014) also provided caloric density
information for all the food images, we also extracted this information for the selected
food images. For each participant, the average caloric density was calculated for the
high-rated and low-rated items separately. Paired-sample t tests suggested that in
both experiments, the average caloric density was higher for the low-rated items than
the high-rated items (Experiment 3.1: low-rated items, M = 290.7, SD = 31.7; high-rated
items, M = 267.4, SD = 28.3, t(70) = 3.58, p < .001, dz = 0.425, 95% CI [0.181, 0.667].
Experiment 3.2: low-rated items, M = 290.4, SD = 34.3; high-rated items, M = 261.1,
SD = 35.7, t(105) = 4.77, p < .001, dz = 0.463, 95% CI [0.262, 0.662]). This finding is
in line with the overall pattern observed in the food-pics database. That is, the low
calorie-dense foods in the food-pics database received higher ratings of palatability
and desire to eat than high calorie-dense foods (Blechert et al., 2014). This result may
be due to the inclusion of certain food items (e.g., low calorie-dense food items that
are highly appetitive) in the database and in the current study.
In the current study, high- and low-rated items were used in the same training,
whereas in previous work, rating level was often manipulated between subjects (e.g.,
Chen et al., 2016; but see Veling et al., 2008; Experiment 2). Previous work employing a
similar general procedure and same stimuli has found that when the training contained
only high-rated items, devaluation effect was observed (Experiment 4a; Chen et al.,
2016), whereas when the training contained only low-rated items (Experiment 6;
Chen et al., 2016) this effect was absent. To explore whether these different results
could be explained by differences in learning the stimulus-response contingencies,
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we carried out signal detection analysis on the memory recall data from the current
study (i.e., within-subject manipulation of rating level) and previous work (Experiments
4a and 6, Chen et al., 2016; between-subjects manipulation of rating level). The signal
detection analysis is superior to analyses on overall accuracies, as it disentangles
two distinct components, namely discriminability and response bias (Macmillan, &
Creelman, 2004). In this case, the discriminability parameter shows to what extent
participants could discriminate the go items from the no-go items, and is thus an
indicator of learning. The response bias parameter, on the other hand, indicates
participant’s general tendency to say whether an item was a go or no-go item in
the memory recall task. For the data analysis steps and the complete result, see the
supplementary material (Table S3.4). Overall, we found that when rating level was
manipulated between subjects, participants showed higher discriminability towards
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high-rated items than low-rated items (effect size Hedge’s g ranged from 0.483 to
0.535), whereas the response bias parameter was comparable (Hedge’s g ranged from
-0.182 to -0.016). The pattern is opposite when rating level was manipulated within
subjects (as in the current study): participants showed slightly higher discriminability
towards high-rated items than low-rated items (Hedge’s g ranged from 0.081 to 0.110),
and much stronger negative response bias towards high-rated items than low-rated
items (Hedge’s g ranged from -0.790 to -0.479). Overall, these results suggest that
participants learnt the contingencies better for high-rated items in between-subjects
design, but this advantage in learning for high-rated items is much less pronounced
in within-subject design. On the contrary, when high-rated and low-rated items
were included in one training, participants had a strong response bias to say a highrated item was a go item, whereas this bias is much smaller in a between-subjects
design. The difference in learning as a function of the procedural difference may be
explained by the amount of attention participants devote to the training. Recent work
on stimulus-stop learning showed that participants learned the associations between
stimulus and stopping only when they paid sufficient attention to the task (Best,
Lawrence, Logan, McLaren, & Verbruggen, 2016). By presenting both appetitive and
less appetitive stimuli in one training, participants may have paid more attention to the
whole training and therefore have learnt the contingencies for low-rated items as well.
When rating level was manipulated between subjects, this may lead to low attention
to the training when neutral or low-rated stimuli were presented (i.e., because these
stimuli are relatively uninteresting), and the devaluation effect was thus absent.
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Correlation Between Inhibition and Devaluation
Before combining the data, it is useful to note the procedural difference between
Experiments 3.1 and 3.2. That is, while in Experiment 3.1 participants finished both
the stop-signal task and the go/no-go training in one session, in Experiment 3.2
these two tasks were separated into two sessions, with on average 2.26 days in
between. In hindsight, one potential explanation for the diverging findings is that
one’s inhibition capacity may fluctuate, and inhibition capacity measured temporally
close to the training may be more predictive of the training’s effectiveness. Although
plausible, we think this procedural difference could not easily explain the difference
between Experiments 3.1 and 3.2, since inhibition capacity is often conceptualized
as an individual trait (e.g., the stop-signal reaction time has been shown to correlate
with self-report measurement of impulsivity, Logan, Schachar, & Tannock, 1997) and
has genetic origins (Friedman, Miyake, Young, DeFries, Corley, & Hewitt, 2008), and
therefore is assumed to be relatively stable over time (test-retest reliability of the
stop-signal reaction time is .65 on two session 8.6 days apart from each other; Weafer,
Baggott, & de Wit, 2013).
We then combined data from two experiments. For the correlation between
SSRT and the devaluation effect for high-rated items, 166 participants remained
in the combined analysis (see the right panel of Figure 2). The correlation was not
statistically significant, r(166) = .059, p = .446. Bayesian correlation analysis gave a
BF of 0.129 (Beta* prior width = 1; JASP team, 2016), which provided support for
the null hypothesis. For the correlation between SSRT and the devaluation effect for
low-rated items, 159 participants remained in the combined analysis (see the right
panel of Figure 3.3). The correlation was also not significant, r(159) = .033, p = .682,
BF = 0.108, which also supported the null hypothesis. Overall, the combined analysis
on Experiments 3.1 and 3.2 suggested that there was no correlation between
individual inhibition capacity and the strength of devaluation effect.

General Discussion
In two experiments, we investigated the effect of GNG training on food evaluation
and tested whether this effect is influenced by the attractiveness of food items and
individual inhibition capacity. In two experiments, we consistently found a devaluation
effect for no-go items, for both high- and low-rated foods, and a valuation effect for
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go items (the effect was not significant in Experiment 3.1 though), again for both highand low-rated foods. The predicted correlation between inhibition and devaluation
for high-rated foods was found in Experiment 3.1, but not in Experiment 3.2 and not
in a combined analysis of Experiments 3.1 and 3.2. The correlation between inhibition
and devaluation for low-rated foods was also not significant in the combined analysis.
We discuss the implications of these results below.

Stimulus Evaluation
As expected, and consistent across two experiments, we found that high-rated no-go
items were evaluated as less attractive in comparison to both go and untrained items.
However, contrary to our expectations, but consistent across two experiments, the
devaluation effect was also found for low-rated items. Furthermore, the strength of
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the devaluation effect did not differ between high- and low-rated food items.
This devaluation effect for low-rated items seems not in line with previous
findings that showed GNG training is more effective in reducing the evaluations of
positive or appetitive stimuli (Veling et al., 2008; Chen et al., 2016), or in samples for
which the food stimuli were more appetitive (Houben, 2011; Houben & Jansen, 2011;
Lawrence et al., 2015b; Veling et al., 2011; Veling et al., 2013a). Our exploratory analysis
showed that participants responded faster to high-rated items than to low-rated items
in GNG training, suggesting that high-rated items were indeed more impulse invoking.
However, the low-rated foods had higher caloric density than the high-rated foods
(in line with the general pattern observed in the food-pics database; Blechert et al.,
2014), suggesting that even the low-rated items might still be appetitive enough to
elicit impulsive responses in GNG training, which were inhibited upon the presentation
of no-go cues. Furthermore, our exploratory signal detection analysis showed that
participants learnt the stimulus-response contingencies to similar degrees for highrated and low-rated items, suggesting that presenting low-rated items together with
high-rated items may have increased attention towards these items and facilitated
learning. To tackle this problem and further explore the role of attention in such
training, future research may directly manipulate attention and observe its influence
on learning and behavioral outcomes.
In addition to the no-go devaluation effect, we also found a go valuation effect.
That is, the evaluation of go items was higher than that of untrained items, and the
strength of this effect did not differ between rating levels. This go valuation effect was
101

Zhang_Chen_inside_Final.indd 101

1/6/2020 09:36:45

The Role of Inhibition Capacity in No-Go Devaluation

consistent across two experiments (although it did not reach statistical significance
in Experiment 3.1), and was also in line with our previous findings in which a similar
training procedure was used (Chen et al., 2016, Experiments 2.4a and 2.6). This result
may be explained by the recent work on the interaction effect of action and valence
(Guitart-Masip, Duzel, Dolan, & Dayan, 2014). More specifically, this line of work
showed that reward and behavioral activation (e.g., go responses), and punishment
and behavioral inhibition (i.e., no-go responses) are closely coupled and have some
overlapping neurological and physiological underpinnings (Guitart-Masip et al., 2014).
Since the anticipation of go actions activates similar brain areas as the response to
reward, responding frequently may engage the reward region on the go trials, thereby
increasing the evaluation of go foods. Future work can employ neuroimaging tools
such as fMRI to elucidate the nature and the underlying mechanism of such a go
valuation effect.

Correlation Between Inhibition and Devaluation
In Experiment 3.1, we observed the predicted association between inhibition and
devaluation for high-rated foods, and a non-significant correlation for low-rated
foods. However, an opposite pattern was found in Experiment 3.2: a non-significant
correlation for high-rated foods, and a positive correlation (albeit also small) for
low-rated foods. When combining the data from both experiments, none of the
correlations was statistically significant, and Bayesian correlation analyses further
showed moderate support for the null hypothesis.
One potential explanation for the absence of correlation can be that different
types of inhibition are measured with the stop-signal task and are engaged on the
no-go trials in GNG training. In the stop-signal task, participants are required to
indicate the direction of an arrow unless a stop-signal is played; a general inhibition
capacity is assumed to be engaged in order to successfully stop. In GNG training,
however, the tendency to respond is triggered by the food item presented, and in
order to inhibit this impulse triggered by foods, a food-specific inhibition capacity may
be required. Houben and colleagues (2014) measured participants’ general inhibition
capacity with a stop-signal task with nonfood items (like the one used in the current
research), and food-specific inhibition capacity with a modified stop-signal task in
which food items were presented, and found that food-specific inhibition capacity,
but not the general inhibition capacity, was correlated with body weight. Note that
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although previous studies have shown that body weight is related to the general
inhibition capacity, most such studies relied on the comparison between overweight
or obese individuals and healthy controls (Lavagnino et al., 2016). In a sample with
normal body weight, as the sample in the current study, the general inhibition capacity
may not be strongly related to the food-specific inhibition capacity and may not be
very predictive of the effectiveness of GNG training.
One may also question the assumption that individuals with lower (general or
food-specific) inhibition capacity experience more conflict on the no-go trials in GNG
training, and hence benefit more from the training. Like previous studies on GNG
training (e.g., Chen et al., 2016), participants performed quite well in GNG training
in the current study, and made very few errors. The training is not very challenging:
participants were instructed to press a key or not based on the tones they heard, and

3

the relatively long response window (i.e., 900ms) provided ample time to respond. It
is therefore possible that this task did not pose a strong challenge on the inhibition
capacities of our participants. Hence, the strength of the conflict experienced by the
participants may be comparable regardless of the individual inhibition capacities,
since it is well within all participants’ capabilities to withhold their responses in such
an easy training task.

Alternative Explanations and Future Directions
The two predictions of the BSI theory rest on the core assumption that conflict between
an approach tendency toward a stimulus and response inhibition leads to stimulus
devaluation. Although previous work indeed suggests that conflicts are registered
as aversive signals (Botvinick, 2007; Dreisbach, & Fischer, 2015), it remains unclear
whether the devaluation effect observed in GNG training is caused by such aversive
conflict signals. For instance, Wessel and colleagues showed that presenting items
on incongruent trials in a Simon paradigm did not lead to devaluation (Wessel et
al., 2014, Experiment 3), and concluded that devaluation might be caused by action
stopping, but not response conflict. Successful action stopping can have a global
motor suppressive effect (Wessel, & Aron, 2017) and this inhibitory effect may spill
over to the amygdala (Berkman, Burklund, & Lieberman, 2009), thereby reducing
the affective responses towards the stimulus associated with action stopping. In
addition to action stopping, other findings suggest that inhibition in general may have
negative affective consequences for the inhibited stimulus, as inhibition of attention
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towards a stimulus (Fenske, & Raymond, 2006) and inhibition of stimulus memory (De
Vito, & Fenske, 2017) have both been shown to devalue the stimulus. These studies
mainly used neutral stimuli (e.g., abstract patterns, unfamiliar faces, neutral words
and objects) and the devaluation effect has also been consistently observed. To
explain such effects, inhibition (attention or memory) has also been directly linked
to devaluation without recourse to response conflict. Such a pure devaluation-byinhibition account (i.e., an account that does not assume a role for response conflict)
would predict devaluation effect for positive and neutral stimuli alike, and perhaps
also similar effects for individuals with different inhibition capacities.
Related, the devaluation-by-inhibition account also provides a different prediction
than BSI theory (Veling et al., 2008) on the generalizability of the devaluation effect to
stimuli other than food. While effects of GNG training have been found on evaluations
of alcoholic drinks (Houben, Nederkoorn, Wiers, & Jansen, 2011; Houben, Havermans,
Nederkoorn, & Jansen, 2012), faces (Kiss, Raymond, Westoby, Nobre, & Eimer, 2008;
Doallo, Raymond, Shapiro, Kiss, Eimer, & Nobre, 2012) and sexual pictures (Ferrey,
Frischen, & Fenske, 2012), most of the stimuli used were relatively rewarding.
According to BSI theory, one prerequisite of the devaluation effect is for the stimulus
to evoke an approach tendency; hence the effect may generalize to other types of
stimuli as long as they are impulse evoking. The devaluation-by-inhibition account, on
the other hand, does not make such an assumption and may predict generalization
of the devaluation effect to neutral or even negative stimuli (see e.g., Frischen et al.,
2012; but see Chen et al., 2016). Till now, many of the studies using GNG training
have examined effects on positive stimuli (e.g., palatable food, alcoholic drinks etc.),
given the apparent applied value of devaluing such positive stimuli. Future work may
include more neutral or even negative stimuli in GNG training to gain more theoretical
understanding of the underlying mechanisms.
In addition to investigating devaluation of neutral stimuli, neuroimaging measures
may also be helpful to test these different accounts. For instance, it remains interesting
to examine how the brain regions related to motor excitation, reward processing, and
response inhibition may interact (for a map of brain regions potentially associated
with the underlying mechanisms of such trainings, see Stice, Lawrence, Kemps, &
Veling, 2016). Future work may also directly measure the strength of conflict in GNG
training, for instance conflict-related activity in the anterior cingulate cortex (Kerns,
Cohen, MacDonald, Cho, Stenger, & Carter, 2004) and test its role in devaluation.
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Note that these different accounts are not necessarily mutually exclusive, and different
processes may be engaged at different stages of the training (Veling et al., 2017). A
neuroimaging approach may hence also be useful in providing more insight into the
potential changes in the underlying mechanisms as the training progresses.
Furthermore, future research may also consider that inhibition process might
influence the consumption of high-calorie food either directly (i.e., inhibit the
consumptive behavior itself) or indirectly (i.e., reduce the craving responses that
underlie consumption; see Hall, 2016). By using explicit food evaluation as the
dependent measurement, we mainly focused on the indirect route. Note that Houben
(2011) used the amount of consumption as the dependent measurement and showed
that inhibition training was more effective for individuals with lower (general) inhibition
capacity. In light of this difference, future work may take into account the differences
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between various measurements and explore how these different measures may be
selectively influenced by the training and individual inhibition capacity. For instance,
to measure food evaluations, future work may use either explicit self-report (as in
the current study) or more indirect measurements (e.g., implicit association test and
affective priming task, De Houwer, Teige-Mocigemba, Spruyt, & Moors, 2009), as the
predictive validities of explicit and implicit measures may differ depending on the
context and situation (Friese, Hofmann, & Wänke, 2008). From an applied perspective,
it is important to use behavioral measures in addition to food evaluation (explicit or
implicit), such as the amount of consumption, food choice etc., to better understand
the multiple facets of real eating behaviors, and the influences of GNG training on
these different aspects.

Conclusion
In conclusion, across two experiments we predicted and consistently found that
inhibiting responses to appetitive foods in GNG training leads to lower evaluation
of these foods. An unexpected, but also consistent devaluation effect was found
for less appetitive foods as well. Exploratory signal detection analysis on memory
recall data suggests that participants may have learnt the contingencies between
stimulus and response equally well for appetitive and less appetitive food items
in the current setting. Regarding the question raised in the title of this article, do
impulsive individuals benefit more from food inhibition training, the answer is no,
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individuals with lower (general) inhibition capacity do not show a larger devaluation
effect. These two findings are thus not in line with the predictions made by BSI theory.
Future work may measure food-specific inhibition capacity and investigate whether
it better predicts the effectiveness of training, or measure the strength of conflict
directly to test the assumption of BSI theory that devaluation in GNG training is driven
by response conflict between impulses and response inhibition. In sum, the current
research reinforces the notion that inhibiting responses toward appetitive foods
in GNG training may be a promising way to help people eat more healthily in this
obesogenic world.
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21.94 (2.92)

21.56 (2.74) b
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Note: a. Participants were asked to report how many minutes before the experiment they consumed food. We transformed the value into hours for
the calculation. b. Two participants did not provide weight. The calculation of BMI was based on the remaining 69 participants
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Performance in GNG Training Across Blocks.
Data from two experiments were combined (N = 177). For each block, accuracies
on go and no-go trials were first calculated. As can be seen from Figure S3.1, while
participants’ accuracy on go trials remained stable (fixed effect of block number,
t(159.2) = -1.55, p = .124), their accuracy on no-go trials significantly decreased during
the training (fixed effect of block number, t(169.92) = - 6.21, p < .001). For the go trials
with correct responses in each block, we then (1) calculated the median Go reaction
time; (2) removed trials with reaction time 3SDs away from the block mean and
calculated the mean Go reaction time. Both analyses suggested that over the training,
participants became faster to respond to go items (fixed effect of block number on
median Go RT, t(518.4) = -8.48, p < .001; on mean Go RT, t(517.5) = -8.68, p < .001;
see Figure S2). Note that in previous work (e.g., Lawrence et al., 2015), participants’
performance improved after the training (i.e., more accurate on both go and no-go
trials, shorter reaction time on go trials), which was often used as evidence for the
acquisition of stimulus-specific go and no-go associations. In this study, although
participants responded faster on go trials over the course of training, indicating
the learning of stimulus-go associations, their accuracies on no-go trials actually
decreased. Important, note that one procedural difference between the current
study and previous work is that in the current study we included more go trials (i.e.,
75% vs. 50% in previous work). Including more go trials in the training increased the
frequency of responding, which may have created a stronger tendency to respond,
thus making the inhibition of such tendencies more difficult on no-go trials at the end
of the training.
Figure S3.1 Accuracies Across Blocks in GNG Training. Left: accuracy on go trials; Right:
accuracy on no-go trials. Error bars stand for within-subject standard errors.
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Figure S3.2 Go Reaction Times Across Blocks in GNG Training. Left: mean Go reaction time;
Right: median Go reaction time. Error bars stand for within-subject standard errors.

3
The Two-Back Task
In the two-back task, participants were shown letters on the screen consecutively.
Each letter was presented for 500 ms, followed by a blank screen of 1500 ms. For
each letter, participants were asked to indicate whether the current letter was the
same with the one presented two positions back, by pressing F (same) or J (different)
respectively. They were instructed to always respond and respond before the next
letter appeared. Participants first received a practice of 12 trials to get familiar with
the task. Error messages were shown for 500 ms if they made a mistake (‘Wrong!’) or
did not respond in time (‘Too slow!’). No feedback was provided in the experimental
block. The experimental block consisted of 47 trials, with 3 one-back trials (i.e., trials on
which the letter matched the letter presented one position back), 14 two-back trials,
3 three-back trials and the remaining 27 trials as non-matching trials. One-back and
three-back trials were included to increase the difficulty of the task. Note that the first
two trials are always non-matching trials, and the performance on these two trials was
not taken into account when calculating the updating index, because by definition
these two trials cannot be two-back trials.
Preprocessing the Updating Index
The average accuracy in the 2-back task (on the remaining 45 trials after excluding
the first 2 trials) was calculated as the updating index. However, not every participant
managed to respond within the 2-second time window for each letter. We therefore
first calculated the non-response rate for each participant, and the 5 participants
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whose nonresponse rate was 3SDs above the sample mean (from 48.9% till 77.8%)
were removed from the sample. For the remaining 101 participants, not responding
on a certain trial was always counted as an error when calculating the updating index.
Another 3 participants had updating index 3SDs below the sample mean and were
excluded. For the remaining 98 participants, the average updating index was 82.5%,
SD = 9.78%.
Correlation Between Updating and Devaluation
A general procedure was used for calculating the correlations between updating and
devaluation: first, univariate outliers (3SDs away from sample mean) were removed;
bivariate outliers (Cook’s distance > 4/N) were then removed. For the correlation
between updating and devaluation for high-rated no-go items, 88 participants
remained in the final correlation analysis, r(88) = .137, p = .202. For low-rated no-go
items, 93 participants remained, r(93) = -.059, p =.571.

Figure S3.3 Correlation Between Updating and Devaluation of High-Rated Items
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3
Figure S3.4 Correlation Between Updating and Devaluation of Low-Rated Items

The Number-Letter Task
In the number-letter task, a number-letter pair (e.g., 3A) was presented in one of the
four quadrants on screen. Depending on the rule, participants were asked to indicate
whether the number was odd or even, or whether the letter was a vowel or consonant,
by pressing F or J as accurately and quickly as possible. The number-letter pair stayed
on screen till participants made a response or the 5-second response deadline was
met, and the next pair was presented 150 ms after the response or the deadline. In
the first block (32 trials), the pair only appeared in one of the top two quadrants and
participants were asked to indicate whether the number was odd or even (even: 2, 4,
6, 8; odd: 3, 5, 7, 9). In the second block (32 trials), the pair only appeared in one of the
two bottom quadrants and participants were asked to indicate whether the letter was a
consonant or a vowel (consonant: G, K, M, R; vowel: A, E, I, U). In the critical block (128
trials), the third block, the pair appeared in all four quadrants in a clockwise rotation.
Participants again were asked to indicate whether the number was odd or even when
the pair appeared in the two top quadrants, and whether the letter was a consonant or
a vowel when the pair appeared in the two bottom quadrants. When the pair appeared
in the top-right or the bottom-left quadrant, the trial was a non-shifting trial, as the
task was the same as the previous trial; when the pair appeared in the top-left or the
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bottom-right quadrant, the trial was a shifting trial, as the task was different from the
previous trial and participants had to shift between two sets of rules.
Preprocessing the Shifting Index
Data from the third block were used to calculate the shifting index. Three participants
had accuracies on both shifting and non-shifting trials 3SDs below the sample mean
and were excluded. Only the trials where participants made correct responses were
included in the calculation, since we were interested in how much time it took them
to successfully shift from one set of rules to another. To reduce the influence of overly
fast or slow responses, trials with reaction time below 200 ms or above 2500 ms
were removed; of the remaining trials, trials with reaction time 3SDs away from each
participant’s own average were further removed. Finally the average reaction times
were calculated for shifting and non-shifting trials, respectively. The average reaction
time on shifting trials (i.e., the trial which had a different task from its previous trial)
minus the average reaction time on non-shifting trials (i.e., the trial which had a same
task as its previous trial) was the shifting index. One participant had the shifting index
3SDs above sample mean and was excluded. One hundred and two participants
remained after applying the exclusions step by step. The overall accuracy was high,
M = 95.9%, SD = 3.23%, and participants were more accurate on non-shifting trials,
M = 97.5%, SD = 2.79% than on shifting trials, M = 94.2%, SD = 4.51%, t(101) = 8.88,
p < .001, Cohen’s dz = 0.879. The average shifting index was 399.3 ms, SD = 145.1.
Correlation Between Shifting and Devaluation
The step-by-step method for identifying univariate and bivariate outliers was again
used before conducting the correlation analyses. For the correlation between shifting
and devaluation for high-rated no-go items, r(93) = -.113, p = .279. For low-rated items,
r(96) = -.018, p = .858.
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Figure S3.5 Correlation Between Shifting and Devaluation of High-Rated Items

Figure S3.6 Correlation Between Shifting and Devaluation of Low-Rated Items

Comparing No-Go Devaluation and Go Valuation Effects
To evaluate whether the strength of no-go devaluation and go valuation effects differs
between two experiments and between high- and low-rated items, we combined data
from two experiments. First, the devaluation indices were submitted to rmANOVA with
rating level (high vs. low) as within-subject factor and experiment as between-subjects
factor. None of the effects reached statistical significance, Fs < 1.38, ps > .241. Since
the conventional NHST approach has difficulty in interpreting non-significant results,
a Bayesian rmANOVA was carried out with JASP (JASP Team, 2016), with rating level
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as within-subject factor and experiment as between-subjects factor. For all effects,
the Bayes factor (i.e., BF) was below 1/3, which provided support for the null model
(Dienes, 2014; for the output of the Bayesian rmANOVA, see Table S3.2), suggesting
that the devaluation effect was similar in both experiments and also did not differ for
high- and low-rated items. The overall effect size of the devaluation effect is dz = 0.346,
95% CI [0.194, 0.497].
rmANOVA was also conducted on the go valuation indices, with rating level (high
vs. low) as within-subject factor and experiment as between-subjects factor. None of
the effects reached statistical significance, Fs < 1.88, ps > .172. Bayesian rmANOVA
on valuation indices gives BFs below 1/3 (see Table S3.3), again suggesting that go
valuation effect did not differ between high- and low-rated items or between the
two experiments. The overall effect size of the go valuation effect is dz = 0.312, 95%
CI [0.161, 0.463].
Table S3.2 Bayesian rmANOVA on No-Go Devaluation Effects
Model Comparison - dependent
Models

P(M)

P(M|data)

BF M

BF 10

Null model (incl. subject)

0.200

0.708

9.705

1.000

Rating Level

0.200

0.082

0.359

0.116

experiment

0.200

0.181

0.884 0.256 0.882

Rating Level + experiment

0.200

0.022

0.091

0.032 3.685

0.200

0.006

0.025

0.009 3.359

Rating Level + experiment
+ Rating Level ✻ experiment

% error
1.510

Note. All models include subject.
Analysis of Effects - dependent
Effects

P(incl)

P(incl|data)

BF Inclusion

Rating Level

0.600

0.111

0.083

experiment

0.600

0.210

0.177

Rating Level ✻ experiment

0.200

0.006

0.025

114

Zhang_Chen_inside_Final.indd 114

1/6/2020 09:36:47

Chapter 3
Table S3.3 Bayesian rmANOVA on Go Valuation Effects
Model Comparison - dependent
Models

P(M)

P(M|data)

BF M

BF 10

Null model (incl. subject)

0.200

0.651

7.468

1.000

Rating Level

0.200

0.158

0.751

0.243

0.759

experiment

0.200

0.144

0.673

0.221

0.847

Rating Level + experiment

0.200

0.036

0.150

0.056

1.842

0.200

0.010

0.042 0.016

2.985

Rating Level + experiment
+ Rating Level ✻ experiment

% error

Note. All models include subject.

3

Analysis of Effects - dependent
Effects

P(incl)

P(incl|data)

BF Inclusion

Rating Level

0.600

0.205

0.172

experiment

0.600

0.191

0.157

Rating Level ✻ experiment

0.200

0.010

0.042

Comparing Performance in GNG Training with High- and Low-Rated Items
To explore whether high-rated items were indeed more impulse-invoking than lowrated items, we divided GNG training into two parts: trials on which high-rated items
were presented, and trials on which low-rated items were presented. Performance
in these two parts was then compared. As can be seen from Table S3.4, in both
Experiments 3.1 and 3.2, participants responded to high-rated items more quickly
than to low-rated items, and their accuracy in responding to high-rated items was
also higher. Furthermore, they made more mistakes when they needed to inhibit
their responses to high-rated items in comparison to low-rated items, although this
difference on no-go accuracies did not reach statistical significance in Experiment
1. Overall, these results suggest that in line with our expectations, high-rated items
indeed invoked more impulses (in this case, to respond to the food and difficulty to
stop toward food) than low-rated items did.
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Table S3.4 Performance on Trials with High-Rated and Low-Rated Food Items in GNG Training.
Exp

Exp 3.1

Exp 3.2

Parameter

High-Rated

Low-Rated

t value

p

Go Accuracy

99.2% (1.44%)

98.8% (1.78%)

t(70) = 2.31

.024

No-Go Accuracy

89.0% (11.4%)

90.3% (10.2%)

t(70) = -1.11

.269

Mean GoRT (ms)

393.8 (45.8)

402.1 (45.9)

t(70) = -6.66

< .001

Median GoRT (ms)

390.5 (43.5)

394.5 (42.0)

t(70) = -2.78

.007

Go Accuracy

99.4% (1.36%)

98.9% (2.21%)

t(105) = 3.37

.001

No-Go Accuracy

91.1% (9.06%)

92.7% (7.23%)

t(105) = -2.13

.036

Mean GoRT (ms)

410.9 (58.0)

420.0 (57.8)

t(105) = -6.42

< .001

Median GoRT (ms)

405.9 (56.6)

413.7 (55.6)

t(105) = -5.53

< .001

Note. Standard deviations are reported in parentheses.

Comparing Calorie Density of High- and Low-Rated Items
Since the food-pics database (Blechert, Meule, Busch, & Ohla, 2014) also provided
caloric density information for all the food images, we extracted this information for
the selected items. For each participant, the average caloric density was calculated
for the high-rated and low-rated items separately. Paired-sample t tests suggested
that in both experiments, the average caloric density was higher for low-rated items
than high-rated items (Experiment 1: low-rated items, M = 290.7, SD = 31.7; high-rated
items, M = 267.4, SD = 28.3, t(70) = 3.58, p < .001, dz = 0.425, 95% CI [0.181, 0.667].
Experiment 2: low-rated items, M = 290.4, SD = 34.3; high-rated items, M = 261.1,
SD = 35.7, t(105) = 4.77, p < .001, dz = 0.463, 95% CI [0.262, 0.662]). This finding is
in line with the overall pattern observed in the food-pics database. That is, the low
calorie-dense foods in the food-pics database received higher ratings of palatability
and desire to eat than high calorie-dense foods (Blechert et al., 2014). This result may
be due to the inclusion of certain food items (e.g., low calorie-dense food items that
are highly appetitive) in the database and in the current study.

Additional Analyses on the Correlation Between Inhibition
and Devaluation

In the stop-signal task, participants were given instructions after each block, so that
their behavioral parameters would be within the predetermined ranges: goRT between
400 ms and 650 ms, p(stop|signal) between .4 and .6, and the average SSD above
100 ms. Despite our effort, these behavioral parameters were not always achieved.
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For instance, for some participants, p(stop|signal) might be above .6 or below .4,
which might have influenced the estimation of SSRT. To investigate this possibility, we
conducted additional analyses. Data from two experiments were combined (N = 177).
From each participant, only blocks with p(stop|signal) between .4 and .6 were included
in the calculation of SSRT. From the 177 participants, 2 had 0 block that met the
criterion, 5 had 1 block, 21 had 2 blocks, 33 had 3 blocks and the remaining 116 had
4 blocks. The average SSRT from the remaining valid blocks (i.e., with p(stop|signal)
between .4 and .6) was then calculated. Univariate and bivariate outliers were again
excluded based on the 3SDs and Cook’s distance > 4/N criteria. For high-rated items,
the correlation between inhibition and devaluation was r(162) = .101, p = .200 (see
Figure S3.7). For low-rated foods, the correlation between inhibition and devaluation
was r(149) = .060, p = .468 (see Figure S8). The results are thus the same as the ones

3

reported in the main text, suggesting that the null effect was not due to bias or
deviation in the estimation procedure of SSRT.

Figure S3.7 Correlation Between Inhibition and Devaluation of High-Rated No-Go Items
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Figure S3.8 Correlation Between Inhibition and Devaluation of Low-Rated No-Go Items

Signal Detection Analysis on Memory Recall Data
The memory recall data from Experiment 4a (N = 27) and Experiment 6 (N = 39) of
Chen, Veling, Dijksterhuis, & Holland (2016) were used. The procedure of Experiment
4a and 6 is very similar to the general procedure used in the current study, except
that in Experiment 4a only high-rated food items were selected for the training, and
in Experiment 6 only low-rated items were selected for the training. The rating level
is thus manipulated between subjects in previous work. We observed in Chen et al.
(2016) that when only high-rated items were used, a devaluation effect was found,
whereas when only low-rated items were used, the devaluation effect was absent (i.e.,
the comparison between no-go and untrained items was not significant).
One explanation for these different patterns of results in between- and withinsubject manipulation of rating level is that when both high- and low-rated items are
presented in one training, participants may pay more attention to the whole training
and therefore acquire the stimulus-response contingencies for high- and low-rated
items equally well. However, if the rating level is manipulated between subjects, the
training containing only low-rated items may receive less attention and participants
may also learn the associations less well.
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To test this explanation, we used signal detection analysis on the memory recall
data, for between-subjects design (Chen et al., 2016) and within-subject design (i.e.,
the current study) respectively. In the terminology of the signal detection theory,
a trial with a go item in the memory recall task was defined as a signal trial, and a
trial with a no-go item was defined as a noise trial. Based on participant’ responses,
there were four possible outcomes: hit, a go item correctly identified; miss, a go item
identified as a no-go item; false alarm, a no-go item identified as a go item; and correct
rejection, a no-go item correctly identified. The hit rate and false alarm rate was then
calculated for each participant (i.e., hit rate = hit/(hit + miss); false alarm rate = false
alarm/(false alarm + correct rejection)). We then used two commonly used corrections
to adjust proportions of 0 and 1 (Macmillan, & Creelman, 2004). Proportions of 0
and 1 were converted to 1/(2N) and 1-1/(2N), respectively, where N is the number of

3

trials on which the proportion was based (correction 1). A second method was to add
0.5 to all counts before calculating the proportions (correction 2). The parametric
estimates of discriminability and bias, d′ and β, and the non-parametric estimates
of discriminability and bias, A′ and B″D, were calculated with the R code provided in
Pallier (2002). These parameters were then compared between high- and low-rated
items, with Welch two-sample t test for between-subjects design, and paired-sample
t test for within-subject design, respectively. Note that the parameters reported in
Table S5 stand for differences between high- and low-rated items. Comparing the
within-subject and between-subjects design based on p values in this case may be
misleading, as the within-subject design (i.e., the current study) contained more data
points and has higher statistical power than the between-subjects design. Therefore
in the main text, we based the comparison on the effect size Hedge’s g, as it can be
used to compare between-subjects effect with within-subject effect (Lakens, 2013).
Hedge’s g was calculated based on the formula provided in the spreadsheet of Lakens
(2013), and correspond to Hedge’s gs in between-subjects design and Hedge’s gav in
within-subject design. For the complete results, see Table S3.5.
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2

1

2

1

Correction

-0.372
0.127

d′

-0.359

-0.238

β
B″D

B″D

0.017

A′

0.018

[-0.319, -0.158]

0.136

d′

-0.247

[-0.008, 0.043]

-0.007

A′

[-0.344, 0.216]

-0.064

β
B″D

β

[-0.001, 0.162]

0.080

A′

[-0.219, 0.205]

[-0.456, -0.262]

[-0.348, -0.147]

[-0.006, 0.043]

[0.007, 0.247]

[-0.466, -0.278]

[0.015, 0.257]

[-0.211, 0.198]

[0.032, 1.281]

-0.007
0.656

[-0.373, 0.186]

d′

-0.094

β

[-0.001, 0.166]

[0.034, 1.304]

95% CI

B″D

0.669
0.082

d′
A′

Mean Diff

Parameters

< .001
< .001
.038

t(176) = -5.83
t(176) = -7.84
t(176) = 2.09

< .001

.179

t(176) = 1.35

t(176) = -7.29

.027

t(176) = 2.22

.141

.948

t(53.7) = -0.07

< .001

.646

t(35.4) = -0.46

t(176) = 1.48

.053

t(57.8) = 1.98

t(176) = -4.86

.948
.040

t(55.4) = -0.07

.501

t(40.2) = -0.68
t(50.4) = 2.11

.039
.053

t(51.6) = 2.11
t(58.6) = 1.98

p Value

t Value

-0.751

-0.479

0.087

0.104

-0.790

-0.521

0.081

0.110

-0.016

-0.128

0.485

0.537

-0.016

-0.182

0.483

0.535

Hedge’s g

Note: Correction: 1 – proportions of 0 and 1 are converted to 1/(2N) and 1-1/(2N), respectively, where N is the number of trials on which the
proportion is based; 2 – a constant of 0.5 is added to all data cells. Mean Diff: the mean difference between high-rated and low-rated items.
Parameters: d′ and β are parametric estimates of discriminability and bias, whereas A′ and B″D are non-parametric estimates of discriminability
and bias. Estimates of discriminability are on grey background to facilitate inspection of the table. t Value: for between-subjects design, Welch two
sample t test was used; for within-subject design, paired-sample t test was used. Hedge’s g: the pooled SD was used as the standardizer, calculated
based on the formula provided in the spreadsheet of Lakens (2013).

Within

Between

Design

Table S3.5 Results of Signal Detection Analysis on Memory Recall Data for Between and Within Design
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Chapter 4
Go/No-Go Training Changes
Food Evaluation in both
Morbidly Obese and

Normal-Weight Individuals1

1

This chapter is based on Chen, Z., Veling, H., de Vries, S. P., Bijvank, B. O., Janssen, I. M. C.,
Dijksterhuis, A., & Holland, R. W. (2018). Go/no-go training changes food evaluation in both
morbidly obese and normal-weight individuals. Journal of Consulting and Clinical Psychology, 86, 980–990.
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Abstract
Objective: Not responding to appetitive food items in the go/no-go training has
been shown to reduce the evaluation of these items in normal-weight university
students. In this preregistered study, we administered an identical go/no-go training
in both morbidly obese individuals and normal-weight university students, to assess
whether findings from laboratory studies on go/no-go training performed in university
environments can be translated to clinical settings.
Method: Obese individuals (N = 59, 14 males, Mage = 46.10, MBMI = 44.49) and university
students (N = 58, 15 males, Mage = 23.21, MBMI = 22.64) were trained to consistently
respond to certain food items (go) and withhold responses to other items (no-go).
Evaluations of the go and no-go items, along with items not used in the training
(untrained), were measured both before and after the training.
Results: Before the training, evaluations of go, no-go and untrained items were
matched; after the training, go items were evaluated more positively than no-go
(p = .031 and p = .002 in obese and normal-weight individuals) and untrained items
(p = .003 in normal-weight individuals). Only relatively hungry participants rated no-go
items as less attractive than both go and untrained items (no-go devaluation effect).
More important, effects of the training on food evaluation did not differ between the
two participant groups.
Conclusions: Obese and normal-weight individuals showed similar responsivity to
the go/no-go training on food evaluation, suggesting that insights from laboratory
studies may be translated to clinical settings to develop effective interventions to
regulate food intake.

Key words: food, eating, obesity, go/no-go training, response inhibition
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Public Health Significance Statements:
This translational study shows that the go/no-go training, in which people consistently
respond to certain food items and withhold responses toward other food items,
changes food evaluation in both morbidly obese individuals and normal-weight
university students. Direct comparisons suggest many similarities but also some
differences between the two groups. This information is useful for understanding
whether developing cognitive training tasks in university environments is a
useful approach to arrive at clinical interventions to help people regulate their
eating behavior.
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The world population is putting on weight. Since 1980, the prevalence of worldwide
obesity has more than doubled, resulting in 39% of the world’s adult population being
overweight (body mass index above 25 kg/m2) and 13% being obese (body mass
index above 30 kg/m2) in 2014. Elevated body mass index (BMI) is a major risk factor
for non-communicable diseases such as cardiovascular diseases and diabetes, which
combined account for around 50% of all non-communicable disease deaths each
year (WHO, 2016).
Informing people about the health-harming consequences of a high BMI,
however, does not seem sufficient to halt this worrisome trend (Marteau et al., 2012).
This may be because many unhealthy behaviors underlying this global obesity
epidemic, such as lack of physical exercise or over-consumption of energy-dense
foods (WHO, 2016), are not the result of careful deliberation on the consequences of
these behaviors, but rather carried out automatically without much reflection (Marteau
et al., 2012). For instance, many people nowadays live in a food-rich environment and
are constantly exposed to appetitive foods, especially those that contain much sugar
and fat (Swinburn et al., 2011). Exposure to such high-calorie unhealthy foods may
automatically trigger people to choose and consume them, despite their intentions
to eat more healthily (Stice, Lawrence, Kemps, & Veling, 2016b; Stroebe et al.,
2013). To help people keep a healthy diet in such an obesogenic food environment,
interventions that target the impulsive and automatic processes of eating are needed.
In the current project, we focus on one such behavioral intervention, called the
food-specific go/no-go training (Allom et al., 2016; Jones et al., 2016; Jones, Hardman,
Lawrence, & Field, 2017; Veling, Lawrence, et al., 2017). In the GNG training, people
are trained to consistently withhold their responses toward certain appetitive food
items when a no-go cue is presented (i.e., no-go items), and consistently respond
to other food or non-food items when a go cue is presented (i.e., go items). Recent
research has consistently shown that inhibiting responses toward appetitive food
items leads to decreased explicit evaluations of no-go items compared to go items and
items not presented during the training (Chen et al., 2016a, 2018a; Jones et al., 2016).
Furthermore, both adults and children consumed less of certain foods immediately
after the training if these food items had been paired with response inhibition in the
training (Folkvord et al., 2016; Houben, 2011; Houben & Jansen, 2011, 2015; Lawrence,
Verbruggen, et al., 2015a; Veling et al., 2011). Food items associated with response
inhibition were also chosen less often for consumption after training (Porter et al.,
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2018; Veling et al., 2013a, 2013b). Lastly, participants who practiced withholding
responses to appetitive high-calorie foods in the GNG training on multiple sessions
lost more weight in the short-term (Lawrence, Sullivan, et al., 2015; Veling et al.,
2014), suggesting that the GNG training changed actual eating behavior outside
the laboratory.
Different theoretical accounts have been proposed to explain the effects of GNG
training on changing responses to food items. First, the training may reduce evaluation
of no-go food items via response conflict. According to the Behaviour Stimulus
Interaction theory (Chen et al., 2016a; Veling et al., 2008), exposure to appetitive
food items triggers automatic approach tendencies toward the foods, which need
to be inhibited when the foods are presented together with no-go cues in the GNG
training. The approach tendency toward the foods and the response inhibition process
leads to response conflict. The negative affect elicited by the conflict (Dreisbach
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& Fischer, 2015) is then attached to the no-go food items, leading to subsequent
decreased evaluation of these items (Veling et al., 2008). Second, repeatedly inhibiting
responses towards no-go items during GNG training may lead to the formation of
stimulus-stop associations (Best et al., 2016; Bowditch et al., 2016; Houben & Jansen,
2015; Verbruggen & Logan, 2008). When these no-go items are next encountered
outside the training, these learned stimulus-stop associations may evoke response
inhibition reflexively. Furthermore, since action and valence are closely coupled, such
that response inhibition is associated with punishment while action is associated with
reward (Guitart-Masip, Duzel, Dolan, & Dayan, 2014a; Guitart-Masip et al., 2012), the
valence of no-go items may also be reduced via their associations with automatic
response inhibition. In line with this account, the effectiveness of the training is
positively related to the proportion of successful response inhibition in the training
(Jones et al., 2016), presumably because successfully inhibiting responses leads to
stronger stimulus-stop associations. Note that these explanations are not necessarily
mutually exclusive. They may jointly explain the effects of GNG training, or different
aspects of the training effects.
Although the findings mentioned above suggest that the GNG training may be
a promising tool to help change people’s unhealthy eating behaviors by modifying
responses to food items, an important limitation is that most previous work was
conducted in controlled laboratory settings where participants were undergraduate
students with healthy body weight (BMI between 18.5 and 25 kg/m2). Conducting
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controlled experimental studies in laboratory settings is important for understanding
the underlying mechanisms of the training (Cristea, Kok, & Cuijpers, 2016), and
keeping a healthy diet is also without doubt important for individuals with healthy
weight. However, it is at least equally important to see whether the GNG training
similarly changes eating behaviors of overweight and obese individuals in clinical
settings, as this group is in a more dire need of an effective intervention to regulate
their eating behaviors. A recent meta-analysis (Allom et al., 2016) included 14 studies
that investigated the effect of response inhibition trainings (with the GNG training as
a widely used paradigm) on eating behaviors, and all 14 studies used undergraduate
students or community samples with healthy body weight as participants. One notable
exception is Lawrence, Sullivan, et al., (2015), where mostly overweight individuals
were recruited and the training was found to be effective for them. Furthermore,
a multi-faceted food-training program (including the GNG training) on obese and
overweight individuals has shown that the intervention reduced body fat over a 4-week
period (Stice, Yokum, Veling, Kemps, & Lawrence, 2017).
However, to the best of our knowledge, to date there is no study that directly
compares laboratory studies conducted on undergraduate students in university
environments, to studies with overweight and obese individuals in clinical settings.
Hence, it is unclear whether the findings from laboratory studies can be directly
translated into clinical settings. Clinical samples differ from undergraduate students
not only in terms of body weight, but also in many other aspects, such as age, or
educational background. Such differences may influence how people perform a
training task, and/or influence which psychological processes are recruited during the
execution of the task, posing the question whether previous laboratory findings based
on undergraduate students are generalizable to clinical samples in clinical settings.
On the one hand, overweight and obese individuals may benefit more from the
training compared to undergraduate students, as overweight and obese individuals
in general have lower inhibitory control capacity (Lavagnino, Arnone, Cao, Soares,
& Selvaraj, 2016) and may hence have more to gain from the training (Chen et al.,
2018a). On the other hand, their hyper-responsiveness to food may also impair their
performance in the GNG training, rendering the training less effective (R. C. Adams,
Lawrence, Verbruggen, & Chambers, 2017; Jones et al., 2016). A direct comparison
between university students and obese individuals will therefore allow us to
evaluate whether developing behavioral training tasks in university laboratories with
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undergraduate students would be a useful approach to arrive at clinical interventions
that can help people regulate their responses to food in clinical settings.
In the current research, we administered the same GNG training in both normalweight and morbidly obese individuals, to directly compare these two groups in two
different settings. Normal-weight individuals were mostly undergraduate students
from Radboud University in Nijmegen, the Netherlands, and they were tested in
the psychology laboratory. Morbidly obese individuals were recruited from the
Nederlandse Obesitas Kliniek (NOK, Dutch Obesity Clinic). The NOK is an outpatient
clinic with treatment program for obese (BMI > 35 kg/m2) and morbidly obese (BMI
> 40 kg/m2) patients who will undergo bariatric surgery. In addition to the bariatric
procedure, patients also undergo group counseling by a multidisciplinary team, which
starts before the surgery and is focused on behavioral change. Obese individuals
were tested in the clinic. In short, both groups were trained to consistently respond

4

to certain food items and withhold responses to other food items in the GNG training.
Evaluations of the go and no-go items, along with items not used in the training, were
assessed both before and after the training. In addition to the GNG training and food
evaluation tasks, we also assessed participants’ memory of the stimulus-response
associations in a memory recall task (as an index of how well they learned the stimulusresponse associations from the GNG training), their hunger level, time since last food
intake, and demographic information such as BMI, age and gender, to explore whether
any potential differences between the two groups could be attributed to differences
on these measures.
Note that we used food evaluation as the outcome measurement of the training,
to test the basic devaluation effect of no-go food items in the two different settings.
Food evaluation is also practically relevant, as it has been related to other behavioral
measurements, such as food choice (Veling et al., 2013a) and weight loss (Lawrence,
Sullivan, et al., 2015). Although the ultimate aim of the training is often to help people
lose weight, using body weight as the outcome measurement in this particular case
would be problematic, because of the large difference in body weight between the
two groups before the training and the fact that the obese group will undergo bariatric
surgery to lose weight after the training.
In line with previous work (Chen et al., 2016, 2018a), when the evaluation of no-go
items decreased more strongly than both go items and items not used in the training
(i.e., untrained food items, see Method below), the effect was defined as the no-go
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devaluation effect. Preregistrations containing planned sample size, exclusion criteria
and analyses plans, materials used in the experiments, data and analysis scripts can
be found on Open Science Framework 2. The Ethics Committee of the Faculty of Social
Sciences at Radboud University reviewed the study and granted ethical approval, and
all participants provided written informed consent.

Method
Planned Sample Sizes
At the time of conducting the experiment with morbidly obese individuals, we
estimated the effect size of devaluation induced by the GNG training to be Cohen’s
dz = 0.543, based on previous work in which a highly similar procedure was used (Chen
et al., 2016a). A-priori power analysis with G*Power indicated that 28 participants were
needed to achieve 80% power with an alpha level of .05 and with paired-samples t
test as the planned analysis (Faul, Erdfelder, Lang, & Buchner, 2007). We planned to
recruit 40 participants to leave room for potential exclusion. However, when clients
in the clinic were approached, more than expected showed interest to participate.
In total 62 clients from the clinic participated in the study. For the experiment with
normal-weight individuals (which was executed after the experiment in the clinic), we
therefore also planned to recruit 60 participants, which exceeded the required sample
size and was comparable to the sample size of obese group.

Procedure
Participants from both groups followed the same experimental procedure as described
below. The only difference was that obese individuals participated during a break of
their treatment program in a computer room within the clinic, with a maximum number
of 10 participants each time. Since the experiment was scheduled during a break of
their program, it was not possible to ask the participants to fast for a few hours (Chen
et al., 2016). Normal-weight individuals (mostly undergraduate students at Radboud
University) were recruited via the online participation system of the university. Normalweight participants (who were also not asked to fast to keep this aspect comparable
with the obese participants) were tested individually in cubicles and compensated
with either course credits or money. Thus, the two groups performed the tasks in
2

https://osf.io/cb89f/
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quite different environments, which allowed us to examine whether the laboratorydeveloped task works similarly in a relevant field setting.
Pre-Training Rating
Participants were first presented with eighty pictures of various appetitive food items,
one by one. The pictures were selected from the food-pics database (Blechert, Meule,
Busch, & Ohla, 2014). Each picture was presented once in the middle of the screen,
with the question “How attractive does this food item look to you?” presented above
the food picture. For each picture, participants gave a rating by clicking on a 200-point
slider (from -100 = Not at all to 100 = Very much; the cursor always started at the middle
point, i.e., 0). The slider and the question were chosen so that the current experiment
would closely follow previous work that employed this procedure and found no-go
devaluation effects across multiple experiments (Chen et al., 2016, 2018a). The food

4

picture remained on screen until participants clicked on a ‘Continue’ button below
the slider to advance to the next trial. The task was self-paced and participants could
respond at their own speed. The order of pictures was randomized.
Ranking and Item Selection
After participants rated all 80 pictures, the program rank ordered all pictures from
the highest rating to the lowest for each participant. The 54 pictures with the highest
ratings were selected and divided into go, no-go and untrained condition (every
3 pictures were assigned into the 3 conditions in a counterbalanced order). This
selection procedure was used to create 3 sets of 18 pictures, with the average rating
of each set matched (for the average ratings in each condition, see Table 4.1).
Go/No-Go Training
The pictures selected into the go and no-go conditions were then used in the GNG
training. On each trial, a food picture was first presented in the middle of the screen.
One hundred milliseconds after picture onset, a colored border was presented around
the picture. We used two different colors (blue and grey) and the color served as
the go and no-go cue. The assignment of different colors as go or no-go cue was
counterbalanced across participants. If the color was a go cue, participants were
instructed to respond as fast as possible, by pressing the B key on keyboard; if the
color was a no-go cue, participants should withhold their response and should not
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press any key. In both cases, the picture remained on screen for 1 second, and the
inter-trial interval randomly varied between 1.0 and 1.5 seconds, in steps of 100 ms.
Before the experimental blocks, participants received a practice block with 10 trials to
get familiar with the task. An error message was provided for 2 seconds if they made
a mistake during practice. Pictures used in the practice block were not used in the
experimental blocks. In the experimental blocks, no error message was provided. The
whole training consisted of 6 blocks, with each of the 18 go pictures and 18 no-go
pictures randomly presented once in each block, resulting in 216 trials in total.
Post-Training Rating
The rating task was then repeated, but this time with only the 54 selected pictures.
Participants again indicated how attractive each food appeared to them at that
moment on a 200-point slider3.
Memory Recall
Participants then received a memory recall task. Each of the 36 pictures previously
used in the GNG training was presented one by one. For each picture, they were
asked to press the B key if they thought they responded to the picture in the training,
and press the N key if they thought they did not respond. Each picture remained on
screen until participants made a response. The memory recall task was self-paced and
proceeded at participants’ own speed, and the order of presentation was randomized.
Demographics and Other Questions
Participants filled out their age, gender, current hunger level (-100 = Not hungry at all;
100 = Very hungry) and how many hours ago they consumed food. Normal-weight
individuals also reported their height and weight for the calculation of BMI. The BMI
information of the obese individuals was obtained from the clinic after obtaining
their consent. Their BMI was calculated based on objectively measured weight and
height. At the end of the experiment, all participants were debriefed, compensated
(for student participants) and thanked.

3

At the end of Post-Training Rating, participants also rated the attractiveness of 10 non-food
images (hammers, tapes etc.). This task was included to back up the cover story, which was
that the current study was about people’s evaluation of both food and non-food objects in
their daily life. Data from this task will not be further discussed.
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Results
Analyses were conducted using R (R Core Team, 2017) and the jmv package for R
(Selker, Love, & Dropmann, 2018).

Participants
In total, 62 participants in the obese group and 60 participants in the normalweight group took part in the experiment. Based on the preregistered exclusion
criterion (accuracy on go or no-go trials 3SD below sample mean and below 90%), 3
participants from the obese group and 2 participants from the normal-weight group
were excluded. The final sample consisted of 59 participants from the obese group
and 58 participants from the normal-weight group. For a summary of participant
characteristics, see Table 4.1.

4

Performance in Go/No-Go Training
Performance of obese individuals was directly compared to the performance
of normal-weight individuals using Welch two-sample t-tests. For a summary of
performance in the GNG training, see Table 4.1. Overall, accuracies on go and no-go
trials did not differ significantly between two groups, t(63.72) = -1.64, p = .105, and
t(82.51) = -0.68, p = .498, respectively. Obese individuals, however, responded
more slowly on go trials than normal-weight individuals, t(108.22) = 11.27, p < .001.
The slower responses in obese individuals may have different causes such as more
distraction during the training due to group testing, or the fact that obese individuals
in our study may be less familiar with this kind of computer task, or due to some
difference in demographics (e.g., age).
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Table 4.1 Summary of Demographics, Performance in the Go/No-Go Training and Food
Evaluations for Obese and Normal-Weight Group
Parameter

Obese Group

Normal-Weight Group Group Difference

Female/Male

45/14

43/15

χ2 (1) = 0.003, p = .958

Age

46.10 (11.46)

23.21 (5.08)

t(80.1) = 14.0, p < .001

BMI

44.49 (5.56)

22.64 (2.96) a

t(89.0) = 26.5, p < .001

BMI Range

34.0 – 60.0

18.4 – 32.3a

-

Go Accuracy (%)

97.85 (7.11)

99.41 (1.57)

t(63.7) = -1.6, p = .105

NoGo Accuracy (%)

97.94 (3.71)

98.31 (1.74)

t(82.5) = -0.7, p = .498

Go RT (ms)

445.80 (52.37)

349.00 (39.83)

t(108.2) = 11.3, p < .001

Go Pre-Rating

36.93 (24.67)

37.14 (18.20)

t(106.7) = -0.1, p = .959

NoGo Pre-Rating

36.84 (24.65)

37.33 (18.18)

t(106.7) = -0.1, p = .904

Untrained Pre-Rating

36.84 (24.50)

37.30 (18.13)

t(106.9) = -0.1, p = .909

Go Post-Rating

28.48 (26.03)

29.67 (21.10)

t(111.0) = -0.3, p = .787

NoGo Post-Rating

25.36 (24.70)

24.54 (21.87)

t(113.8) = 0.2, p = .849

Untrained Post-Rating

26.66 (25.55)

25.51 (22.08)

t(113.2) = 0.3, p = .795

Note: M = male; F = female; BMI = body mass index (kg/m2); Standard deviations are
reported in parentheses. a: One participant did not report his or her weight. BMI was
calculated for the remaining 57 participants.

Stimulus Evaluation
To check whether the ratings of go, no-go and untrained items were matched before
the training, we first performed repeated-measures ANOVA, with training condition
as within-subject factor, group as between-subject factor and the average ratings
before the training as the dependent variable. The main effect of training condition
was not significant, F(2, 230) = 0.18, p = .833, ηp2 = .002, suggesting that the ratings of
go, no-go and untrained items were indeed matched before the training (see Table
4.1). The main effect of group, and the interaction effect between group and training
condition on pre-training ratings, were also not statistically significant, F(1, 115) = 0.01,
p = .924, ηp2 < .001, and F(2, 230) = 1.67, p = .191, ηp2 = .014, respectively.
For each training condition, a difference score was calculated by subtracting
the average rating before the training from the average rating after the training.
Note that analyses on the difference scores were equivalent to adding time (i.e.,
pre- vs. post-training) as an extra independent variable when ratings were used
as the dependent variable. We use difference scores as the dependent variable to
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simplify the interpretation of the results, as we do not need to break down interaction
effects with time. In both groups, the difference scores were negative (obese
group, Mgo = -8.45, SDgo = 11.42, Mno-go = -11.48, SDno-go = 10.53, Muntrained = -10.18,
SDuntrained = 9.93; normal-weight group, Mgo = -7.47, SDgo = 11.08, Mno-go = -12.79, SDnogo

= 11.88, Muntrained = -11.79, SDuntrained = 11.27), indicating that in general the ratings of

the selected items decreased after the training. This general decrease in evaluation
is likely due to regression to the mean.
More important, to assess the change in evaluation induced specifically by the
training and explore potential differences between the two groups, the difference
scores were submitted to repeated-measures ANOVA, with training condition as
a within-subject factor and group as a between-subject factor. The main effect of
condition was significant, F(1.89, 217.32) = 10.35, p < .001, ηp2 = .083. The main effect
of group, and the interaction effect between group and condition, were not significant,

4

F(1, 115) = 0.14, p = .709, ηp = .001, and F(1.89, 217.32) = 1.11, p = .330, ηp = .010,
2

2

respectively. Pairwise comparisons showed that the difference between go and
no-go items, and the difference between go and untrained items, were statistically
significant, t(116) = 3.97, p < .001, Hedges’s g = 0.366, 95% CI [0.106, 0.625], and
t(116) = 3.23, p = .002, Hedges’s g = 0.297, 95% CI [0.038, 0.556], respectively. The
difference between untrained and no-go items was not statistically significant,
t(116) = 1.36, p = .177, Hedges’s g = 0.125, 95% CI [-0.133, 0.383].
Due to the difficulty in interpreting non-significant results with null hypothesis
significance testing, we also conducted Bayesian analysis to assess evidence in
support of the null hypotheses (Dienes, 2014). Bayesian repeated-measures ANOVA
implemented in BayesFactor package for R (Morey, Rouder, & Jamil, 2014) showed that
the Bayes factors for the main effect of group and for the interaction effect were 0.250
and 0.148, respectively (the Bayes factor for the main effect of training condition was
314.8). In other words, the data is 4 times (1/0.250 = 4) more likely under the null model
than under the model with the main effect of group, and 6.77 times (1/0.148 = 6.77)
more likely under the model without the interaction effect than under the model
with the interaction effect. These two Bayes factors suggest that the observed data
provided support for the absence of the main effect and the absence of the interaction
effect between group and training condition. Despite the differences between two
groups in terms of BMI, age, educational background and testing environments,
these results suggest that the GNG training similarly changed food evaluations for
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both morbidly obese and normal-weight individuals. However, contrary to previous
findings (Chen et al., 2016, 2018a), after taking the untrained items into account, the
overall effect could be better explained as a go valuation effect (i.e., less decrease in
evaluations of go items over time) rather than a no-go devaluation effect (i.e., more
decrease in evaluations of no-go items over time).
Although the previous analysis showed that there was no difference between
the obese and the normal-weight group, it may still be interesting and useful to
learn the effect sizes of the training within each group. We therefore also carried
out repeated-measures ANOVA for each group separately, as outlined in our
preregistrations. For the obese group, the main effect of training condition was
close to but did not reach statistical significance, F(2, 116) = 2.76, p = .067, ηp2 = .045,
whereas the effect was statistically significant for the normal-weight group, F(1.77,
100.72) = 8.31, p < .001, ηp2 = .127. In the obese group, only the difference between
go and no-go items reached statistical significance, t(58) = 2.21, p = .031, Hedges’s
g = 0.286, 95% CI [-0.080, 0.653]. The difference between untrained and no-go items,
and the difference between go and untrained items, were not statistically significant,
t(58) = 1.04, p = .304, Hedges’s g = 0.134, 95% CI [-0.231, 0.499], and t(58) = 1.38,
p = .174, Hedges’s g = 0.178, 95% CI [-0.187, 0.544], respectively. For the normal-weight
group, the difference between go and no-go items, and the difference between go
and untrained items, were significant, t(57) = 3.34, p = .001, Hedges’s g = 0.435, 95%
CI [0.063, 0.807] and t(57) = 3.14, p = .003, Hedges’s g = 0.410, 95% CI [0.038, 0.781],
respectively. The difference between untrained and no-go items was not statistically
significant, t(57) = 0.870, p = .388, Hedges’s g = 0.114, 95% CI [-0.255, 0.482]. Note
that although the significance patterns were slightly different between the obese
group and the normal-weight group, the previous analyses involving group as a factor
suggest that there was no main effect of group or an interaction between group and
training condition. The overall pattern was therefore highly comparable between
these two groups (see Figure 4.1 for results).
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Figure 4.1 Change in Food Evaluation Induced by the Go/No-Go Training in Obese (left panel)
and Normal-Weight (right panel) Individuals. Error bars stand for within-subject standard errors
of mean.

Self-Reported Hunger as Potential Moderator
Next, we carried out exploratory analyses to explore the discrepancy between the

4

current results (i.e., a go valuation effect) and previous findings (Chen et al., 2016). A
notable difference between the current study and the previous experiments is that
in the previous experiments participants were required to fast for at least 3 hours
before taking part. This was done because previous work has shown that the no-go
devaluation effect induced by the GNG training was stronger for participants with
relatively high appetite (Veling et al., 2013a, 2013b). This moderation is explained
by assuming that participants with relatively high appetite show stronger approach
tendencies toward appetitive food items. According to the BSI theory (Veling et al.,
2008), the resulting response conflict is therefore also stronger, leading to a stronger
devaluation effect. To explore whether appetite moderates the strength of no-go
devaluation effect in the current study, we explored the role of self-reported hunger.
Since no differences in food evaluation were found between the normal-weight and
obese groups, we performed analysis on collapsed dataset.
A repeated-measures ANOVA on the difference scores of pre- and post-training
ratings was performed, with training condition (go vs. no-go vs. untrained) as the
within-subject factor, group (normal-weight vs. obese) as the between-subject factor,
and self-reported hunger added as a covariate. The interaction effect between training
condition and hunger was significant, F(1.88, 213.81) = 3.65, p = .030, ηp2 = .031.
When participants were relatively not hungry (hunger rating one standard deviation
below mean), the differences between go and no-go items, untrained and no-go
items, and untrained and go items, were all not significant, estimate = 1.98, SE = 1.47,
137

Zhang_Chen_inside_Final.indd 137

1/6/2020 09:36:50

GNG in Morbidly Obese and Normal-Weight Individuals

z = 1.35, p = .363; estimate = -1.09, SE = 1.17, z = -0.93, p = .622; and estimate = -3.07,
SE = 1.33, z = -2.31, p = .053, respectively (see left panel of Figure 4.2). Importantly,
when participants were relatively hungry (hunger rating one standard deviation above
mean), the differences between go and no-go items and between untrained and
no-go items were statistically significant, estimate = 6.35, SE = 1.47, z = 4.34, p < .001,
and estimate = 3.40, SE = 1.17, z = 2.90, p = .011, respectively. The difference between
untrained and go items was not statistically significant, estimate = -2.95, SE = 1.33,
z = -2.23, p = .066 (see right panel of Figure 4.2). Thus, relatively hungry participants
exhibited the no-go devaluation effect, similar to what has been observed in previous
work (Chen et al., 2016, 2018a).

Figure 4.2 Change in Food Evaluation Induced by the Go/No-Go Training in Participants with
Low (one standard deviation below mean; left panel) and High Self-Reported Hunger (one
standard deviation above mean; right panel). Error bars stand for within-subject standard errors
of mean.

Memory of Stimulus-Response Associations as Potential Moderator
At the end of the experiment, participants received a memory recall task to assess
their learning of the stimulus-response associations. Previous work has shown that
merely remembering the stimulus-response associations without engaging in the
training is not sufficient to induce the devaluation effect (Chen et al., 2016a). Motor
responses, or more precisely, the inhibition of response tendencies on no-go trials, are
therefore required for the devaluation effect. Nonetheless, learning stimulus-response
associations may contribute to the effect of the training on stimulus evaluations. Recent
work indeed suggests that differences in learning stimulus-response associations
may explain the presence and absence of the no-go devaluation effect with different
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experimental procedures (Chen et al., 2018a). Therefore, we explored whether the two
groups differ in learning stimulus-response associations, and directly tested whether
the learning of stimulus-response associations moderates the effects.
Signal detection analysis was used on the memory recall data to disentangle the
discriminability and bias components in recognition memory (Macmillan & Creelman,
2004). In the terminology of signal detection theory, a hit was defined as a go item
correctly identified as go, a false alarm was defined as a no-go item identified as go,
a correct rejection was defined as a no-go item correctly identified as no-go, and a
miss was defined as a go item identified as no-go. Hit rate and false alarm rate were
calculated for each participant. Proportions of 0 and 100% were converted to 1/(2N)
and 1-1/(2N), respectively, where N is the number of trials on which the proportion was
based (Macmillan & Creelman, 2004). Proportions after applying such edge correction
method were used to calculate indices of discriminability and bias (Pallier, 2002). Using

4

another edge correlation method as recommended by (Macmillan & Creelman, 2004)
namely adding 0.5 to all counts before calculating the hit and false alarm rates, or
using the non-parametric indices of discriminability and bias, does not change the
results reported below.
Welch’s two sample t-tests suggest that obese individuals showed lower
discriminability (M obese = 0.38, SDobese = 0.71) than normal-weight individuals
(Mcontrol = 1.45, SDcontrol = 1.13), t(95.71) = -6.15, p < .001, Hedges’s g = -1.11, 95% CI
[-1.525, -0.736]. Furthermore, obese individuals also showed lower bias (Mobese = 1.00,
SDobese = 0.38) than normal-weight individuals (M control = 1.37, SDcontrol = 0.70),
t(86.76) = -3.52, p < .001, Hedges’s g = -0.646, 95% CI [-1.022, -0.270]. The results on
discriminability suggest that overall normal-weight individuals learned the stimulusresponse associations better than obese individuals.
The discriminability index was then added as covariate to the repeated-measures
ANOVA on difference scores, with training condition and group as independent
variables. The interaction effect between discriminability and training condition
was significant, F(2, 228) = 11.38, p < .001, ηp2 = .091. When participants did not
learn the associations well (discriminability index one standard deviation below
mean), they showed neither go valuation nor no-go devaluation effect (see Figure
4.3, left panel). The differences between go and no-go items, between go and
untrained items, and between untrained and no-go items, were all statistically not
significant, estimate = 0.10, SE = 1.39, z = 0.07, p = .997; estimate = - 0.58, SE = 1.24,
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z = 0.47, p = .887; and estimate = 0.67, SE = 1.21, z = 0.56, p = .842, respectively.
When participants learned the associations relatively well (discriminability index
one standard deviation above mean), they showed a strong go valuation effect (see
Figure 4.3, right panel). More specifically, pairwise comparison showed significant
difference between go and no-go items, and between go and untrained items,
estimate = 8.24, SE = 1.39, z = 5.91, p < .001, and estimate = 6.60, SE = 1.24, z = 5.32,
p < .001, respectively. The difference between untrained and no-go items was not
statistically significant, estimate = 1.64, SE = 1.21, z = 1.36, p = .362. The bias index
did not significantly interact with training condition, F(1.87, 213.51) = 1.83, p = .166,
ηp2 = .016.

Figure 4.3 Change in Food Evaluation Induced by the Go/No-Go Training in Participants with
Low (one standard deviation below mean; left panel) and High Discriminability Score (one standard deviation above mean; right panel). Error bars stand for within-subject standard errors
of mean.

Discussion
In the current research, both morbidly obese and normal-weight individuals were
trained to consistently respond to certain food items and withhold responses toward
other food items, in a clinical setting and a controlled laboratory setting, respectively.
Between-group comparisons suggest that the two groups behaved strikingly
similarly to the employed experimental procedures, despite the differences in
testing environments (group versus individual testing) and participant characteristics
(BMI, age). (a) First, both groups rated the food items as equally attractive before
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the training. (b) They also performed equally well in the GNG training as measured
by the error rates. (c) Furthermore, the GNG training similarly changed evaluations
of food items in both groups. The go food items were evaluated more positively
than both no-go and untrained food items after the training, indicating overall a go
valuation effect. Differences between groups were observed for go reaction times
and performance in the memory recall task.
These observed similarities between two very different participant groups in
responsiveness to the GNG training suggest that the approach taken by many previous
studies, namely developing the GNG training task in controlled university laboratories
and later on translating the findings into clinical interventions in different settings,
is a reasonable way of developing effective behavioral interventions (Allom et al.,
2016; Jones et al., 2016). That is, our results show that changes in stimulus evaluation
induced by the GNG training in university laboratories may result in similar changes

4

when obese participants are tested in clinical settings. The GNG training can thus
be further optimized in controlled laboratory studies, and translated into clinical
interventions at a later stage, once the effect of the training proves to be strong and
durable in the laboratory. This approach is efficient, as testing the training task in
university laboratories is often relatively cheap and convenient. Overweight or obese
individuals may eventually perform the training in clinics or at home, which could be
a useful complement to traditional treatment programs.
It is important to emphasize that overall we found a go valuation effect (i.e.,
after the training, go items were evaluated more positively compared to no-go and
untrained items), but not the no-go devaluation effect. The absence of the no-go
devaluation effect in the current research may seem surprising in light of previous
work that used almost the same materials and procedures and has reliably found the
no-go devaluation effect (Chen et al., 2016a). One important difference between these
previous experiments and the current research is that in previous work participants
were always asked to not eat anything during the three hours before participating
in the experiments (Chen et al., 2016a), whereas in the current research it was not
possible to ask participants to fast. This procedural difference may explain the
discrepancy between the current research and the previous findings (Chen et al.,
2016a). Specifically, participants with a relatively high appetite may have stronger
approach tendencies toward appetitive food items, and hence, the resulting response
conflict when they inhibit their responses on the no-go trials may be stronger. This
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may lead to a larger decrease in food evaluation induced by the GNG training
compared to when people are relatively satiated (Veling et al., 2013b, 2013a). In line
with this post-hoc explanation, the exploratory analysis showed that self-reported
hunger moderated the effect of training, such that relatively hungry participants
rated no-go items less positively than both the go and untrained items, in line with
the no-go devaluation effect observed in previous work (Chen et al., 2016, 2017;
Veling et al., 2008). This finding suggests that in future examinations of the possible
no-go devaluation effect among obese individuals, care should be taken such that
the training is conducted when participants are relatively hungry. This conclusion,
however, should be treated with caution, as it is based on exploratory analyses, and
self-reported time since last food intake did not moderate the training effects (see
Footnote4). Future work needs to more extensively replicate and investigate this effect
in preregistered studies before drawing strong conclusions.
Go valuation effects have been observed in previous work, where participants
responded rapidly or frequently to go items (Chen et al., 2016, 2018a). Post hoc,
our current finding on the go valuation effect is in line with the theoretical account
that action and valence are closely coupled, such that inaction is associated with
punishment and action (i.e., go responses) is associated with reward (Guitart-Masip et
al., 2014a, 2012). Related, recent work on a different food training paradigm (Bakkour
et al., 2016; Schonberg et al., 2014; Veling, Chen, et al., 2017; Zoltak, Veling, Chen,
& Holland, 2017) has shown that rapidly responding to go items led to choices for
these go items over no-go items, and potentially also increased the reward value
of go items (Schonberg et al., 2014). The fact that food items can be made more
attractive by linking them to a simple motor response is interesting and potentially
useful. Although this go valuation effect was shown here for food items that were
already attractive, other experiments have revealed that the effect can also occur
for food items that are relatively unattractive (Chen et al., 2016, 2018a). Future work
4

Note that in previous work, appetite was manipulated by recruiting participants before and
after lunch (Veling et al., 2013a, 2013b), whereas the self-reported appetite did not correlate
with the no-go devaluation effect (Veling et al., 2013a). In the current research, participants
also reported time since last food intake (in hours). Time since last food intake, however,
did not moderate the training effects. Misunderstanding of the question among some of
the participants (i.e., reporting the exact time of last food intake, instead of hours since last
food intake) makes the interpretation of the results difficult. Future work may look into how
appetite can be accurately assessed with self-reports and which measurement may best
moderate the effects.
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may use this go valuation effect by presenting low-calorie healthy food items on go
trials, to see whether responding to these healthy food items may increase people’s
liking for them.
We also explored the role of memory of the cue-food contingencies in relation
to the food evaluations using signal detection analysis. Overall, obese participants
showed lower discriminability and lower bias scores than normal-weight participants.
The discriminability score moderated the training effect, such that individuals
who learned the stimulus-response associations relatively well showed a strong
go valuation effect, whereas those who did not learn the associations well did not
show any effect. The bias score did not moderate the training effects. The nature
of the learning process in the GNG training, and why some individuals learned the
associations better than others, however, is not entirely clear. Some individuals learned
the associations better, maybe because they paid more attention to the training

4

(Best et al., 2016) and/or they were more familiar with this kind of computer tasks.
Future work may test whether revealing the structure of the training (i.e., consistent
mapping between a stimulus and a certain response) would lead to better learning
of the associations, and thereby stronger behavioral effects. This knowledge will be
useful in practical settings where researchers strive to improve the effectiveness of
the training.
Although these present results are interesting, some limitations with the current
work still warrant more future research. First, the training effects were relatively
weak. Future research may look at factors that can further increase the effectiveness
of the training. For instance, exploratory analyses on self-reported hunger and
memory of stimulus-response associations suggest that conditions that increase
participants’ appetite and those that facilitate stimulus-response learning may
increase the effectiveness of the training. These factors can be potential candidates
for future investigations. Second, we only included food evaluation as the outcome
measurement. Although change in food evaluation via the GNG training has been
related to weight loss in previous work (Lawrence, Sullivan, et al., 2015), it remains
interesting to see whether the training changes actual eating behavior and eventually
body weight in the long term, especially for obese individuals. Note also that in the
current research, we measured explicit evaluations of food items. As mentioned
before, a recent review suggests that when stimulus evaluation is assessed with
implicit association tests, the training may not induce devaluation (Jones et al.,
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2016). Future work may examine whether the training changes implicit evaluations,
and how and when GNG changes implicit and explicit evaluations respectively.
Related, in the current research we directly trained participants’ responses towards
(images of) specific food items. However, our environment is also filled with nonfood cues that have been associated with food, such as symbols of fast food chains,
food advertisements, or very visible environmental cues for food such as snacking
machines. Previous work has shown that such food-associated cues may elicit food
seeking even when people were satiated (Watson, Wiers, Hommel, & De Wit, 2014),
and severely obese individuals were particularly sensitive to cues that have been
associated with high-calorie food (Watson, Wiers, Hommel, Gerdes, & de Wit, 2017).
In light of these findings, it is interesting for future research to explore whether training
people’s responses toward such food-associated cues could also change their eating
behaviors. Finally, the obese individuals in the current research were all motivated to
lose weight, and were about to undergo surgery. This raises the question whether the
effect may generalize to obese individuals with relatively low motivation to lose weight
(Veling et al., 2014). All these questions need to be more systematically addressed
in future work.
To conclude, in the current research we adopted a translational approach
and directly compared two groups in different settings. The results showed that
both groups performed well in the GNG training, and the GNG training changed
food evaluation in the same direction for both normal-weight and morbidly obese
individuals. More specifically, after the training, participants rated go items as more
attractive than both no-go and untrained items. Furthermore, participants who learned
the stimulus-response associations relatively well showed a strong go valuation effect,
and those who were relatively hungry showed a typical no-go devaluation effect.
These results are encouraging, as they suggest that the theoretical insights gained
from controlled laboratory studies with undergraduate students can be translated into
more practical settings with clinical samples, despite the differences in participant
characteristics and testing environments. Our research therefore serves as a step in
bridging the gap between laboratory research and work in more applied settings.
More future work is needed, both fundamental and translational, to help develop
effective interventions to combat obesity.
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When Mere Action Versus Inaction Leads to

Robust Preference Change1
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This chapter is based on Chen, Z., Holland, R. W., Quandt, J., Dijksterhuis, A., & Veling, H.
(2019). When mere action versus inaction leads to robust preference change. Journal of
Personality and Social Psychology, 117, 721–740.
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Abstract
Understanding the formation and modification of preferences is important for
explaining human behavior across many domains. Here we examined when and how
preferences for food items can be changed by linking mere action versus inaction to
these items. In 7 preregistered experiments, participants were trained to consistently
respond to certain food items (go items) and not respond to other items (no-go
items) in a go/no-go training. Next, to assess preferences, they repeatedly chose
between go and no-go items for consumption. Decision time during the choice task
was manipulated and measured. Immediately after training, participants chose go
items more often for consumption when choosing under time pressure, for both highvalue and low-value choice pairs. Preferences were reliably changed in favor of go
items for choices between unhealthy foods, between healthy foods, and between
healthy and unhealthy foods. Furthermore, preference change was still observed one
week after training, although the effect size largely decreased. Interestingly, when
participants made choices without time pressure, the effect became weaker and
statistically nonsignificant. These results suggest that preference change induced by
mere responding versus not responding is constrained to situations where people
take little time to make decisions, and the effect is relatively short-lived. By showing
the reliability, generalizability and boundary conditions of the effect, these findings
advance our understanding of the underlying mechanisms of go/no-go training,
provide more insights into how the training can be effectively applied, and raise new
theoretical questions on how mere action versus inaction impacts preferences.

Keywords: preference, food choice, go/no-go task, stimulus-response association,
behavioral change
148

Zhang_Chen_inside_Final.indd 148

1/6/2020 09:36:52

Chapter 5

Everyday life presents numerous occasions in which we need to indicate our
preferences by making choices. From the mundane situations of deciding which
clothes to wear and what foods to eat, to more important decisions such as which job
to take and where to live, preferences are expressed in all the choices that we make
in various life domains. It is therefore important to understand how preferences are
formed and may be modified.
While some preferences are innate (e.g., preferences for sugary, salty and fatty
foods; Breslin, 2013), we humans can also acquire new preferences and modify
existing ones (including some innate preferences) by learning from experiences. One
prominent form of learning is reinforcement learning, in which different courses of
action lead to either reward or punishment (Sutton & Barto, 1998). After an organism
learns the contingencies between its responses and the rewarding or punishing
outcomes, responses that lead to reward become preferred and are more likely to
occur again than responses that lead to punishment (the law of effect; Thorndike,
1911). The principles of reinforcement learning play an important role in the creation

5

and modification of preferences, and have been implicated in many recent models of
decision-making (e.g., Dayan & Niv, 2008; Doya, 2008; Rangel, Camerer, & Montague,
2008).
Interestingly, some recent work suggests that simple responses that are not
reinforced by reward or punishment may also lead to preference change (Schonberg
et al., 2014). For instance, consistently responding to certain objects (e.g., pressing
a key on a keyboard; go items) and withholding responses toward other objects
(no-go items) have been shown to create preferences for go items over no-go items
under some conditions (Bakkour et al., 2016; Schonberg et al., 2014; Veling, Chen, et
al., 2017; Zoltak, Veling, Chen, & Holland, 2018). Notably, no reward or punishment
was delivered after the go/no-go responses in these experiments, suggesting that
manipulating non-reinforced go/no-go responses toward objects can change people’s
preferences. However, it is unclear whether mere action versus inaction per se, or other
processes that accompany the execution or restraint of responses (e.g., attentional
process), lead to the preference change effect. Understanding the role of mere action
versus inaction in the modification of preferences is important, as human behaviors,
despite their apparent diversity, can be reduced into two fundamental categories:
the execution of behavioral responses, or the absence thereof (Guitart-Masip, Duzel,
Dolan, & Dayan, 2014). In the current research, we are hence interested in when and
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how linking mere action versus inaction to objects in the absence of other potentially
confounding factors can influence people’s preferences for these objects.
Different tasks have been used to manipulate responding versus not responding
to objects, such as the stop-signal training (SST; Lawrence, Verbruggen, Morrison,
Adams, & Chambers, 2015; Wessel, Doherty, Berkebile, Linderman, & Aron, 2014), the
cue-approach training (CAT; Schonberg et al., 2014) and the go/no-go training (GNG;
Veling, Holland, & van Knippenberg, 2008). In all three trainings, participants are
presented with images of different objects and asked to execute or withhold a simple
response (e.g., press a key on a keyboard) depending on a cue (or the absence of cue)
that is presented in close temporal proximity with the image. The pairing between
an item and a response cue is often consistent, so that for some items participants
always respond, while for other items they always do not respond during the training.
Importantly, some procedural differences exist between the trainings. In SST,
no-go trials are accompanied by a no-go cue, while no cue is presented on go trials.
The training contains more go trials than no-go trials. The reverse is true for CAT:
only go cues are used, and the training contains more no-go trials than go trials.
Because of these differences between the go and no-go trials in SST and CAT, effects
of SST and CAT on preferences may not be completely explained by mere action
versus inaction. For instance, effects of CAT on preferences have been explained
by sustained attention rather than by mere motor responses (Bakkour et al., 2016).
In contrast, the go and no-go trials in GNG are closely matched. Both go trials and
no-go trials in GNG are accompanied by a cue that signals to respond or not respond,
respectively. Furthermore, GNG generally includes an equal number of go and no-go
trials. We therefore used GNG in the current research to assess whether mere action
versus inaction can impact preferences.
Although manipulating go/no-go responses toward objects with GNG has been
shown to change people’s preferences (Porter et al., 2018; Veling, Aarts, & Stroebe,
2013a, 2013b), the mechanisms underlying the preference change effect have
remained unclear. In the current research, we investigated three important theoretical
questions concerning the effect of GNG on preferences, namely (1) whether the effect
would be influenced by the amount of decision time used to indicate one’s preference;
(2) the durability of the preference change effect; and (3) whether the initial reward
value of objects would moderate the effect. As explained below, answering these
three questions provides insights into when merely responding versus not responding
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to objects can lead to preference change, and advances knowledge on the underlying
mechanisms that give rise to this effect.

Decision Speed
Decision speed, or information processing speed in general, features prominently in
decades of theorizing on judgment and decision-making (Kahneman, 2011). Based
on processing speed, some models have dichotomized mental processes into one of
two distinct types, one that is fast and impulsive, and one that is slow and reflective
(e.g., the reflective-impulsive model; Strack & Deutsch, 2004). Other models have
treated processing speed as a continuum where more time allows for the integration
of more information into a decision process (e.g., Berkman, Hutcherson, Livingston,
Kahn, & Inzlicht, 2017; Forstmann, Ratcliff, & Wagenmakers, 2016; Krajbich, Armel, &
Rangel, 2010). Both types of models converge on the idea that decisions differ as a
function of decision speed, with fast decisions based on more basic information that
is readily accessible. For instance, when making food choices, fast choices tend to be
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more strongly based on basic features such as tastefulness rather than more complex
features such as healthfulness (Friese, Hofmann, & Wänke, 2008; Sullivan, Hutcherson,
Harris, & Rangel, 2015).
GNG has been proposed as a useful behavior change intervention, because it
may change behavior under conditions where people do not take much time to think
about their responses. Specifically, the reflective-impulsive model (Strack & Deutsch,
2004) has been used as a theoretical framework to explain the effects of GNG (e.g.,
Veling, Aarts, & Papies, 2011; Veling, van Koningsbruggen, Aarts, & Stroebe, 2014).
According to the reflective-impulsive model, repeatedly executing certain responses
toward objects in people’s daily lives (e.g., approach and consume palatable foods)
may lead to the acquisition of associative links between the objects and responses.
Once acquired, the associative links can strongly impact people’s behavior when
time is limited and people do not carefully reflect on their behaviors (e.g., the mere
perception of palatable foods may trigger approach tendency; Seibt, Häfner, &
Deutsch, 2007). To change people’s behavior then, GNG can be used to modify
these learned associative links, so that behavior is changed even when people do
not carefully reflect on their behaviors. However, evidence for this claim is lacking, as
to date no study compared the effects of GNG between situations where people can
think about what to do and situations where this opportunity for reflection is reduced.
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To complicate matters, some findings seem to suggest the opposite, that GNG
influences behavior when there is sufficient time to think about one’s responses.
Specifically, responding or not responding to objects has been shown to reliably
change evaluations of these objects (i.e., no-go items are evaluated less positively
than go or untrained items), when evaluation was assessed with explicit self-reports
(Chen, Veling, Dijksterhuis, & Holland, 2016, 2018; Doallo et al., 2012; Frischen,
Ferrey, Burt, Pistchik, & Fenske, 2012; Lawrence, Sullivan, et al., 2015; Veling et al.,
2008). In these studies, participants had unlimited time to indicate their evaluations.
In contrast, a meta-analysis indicates that when evaluations are assessed with the
implicit association test, a reaction time measure that encourages speeded responses
(Greenwald, McGhee, & Schwartz, 1998), no effects of GNG on evaluation are found
(Jones et al., 2016). These results thus seem to suggest that GNG changes behavior
in situations where there is enough time to reflect on one’s responses.
It is thus unclear whether preference change induced by GNG would be weaker
or stronger depending on the amount of decision time available for making choices.
GNG may modify associations with objects (e.g., associations between objects and
basic affective or motor responses), which may be quickly incorporated into a decision
process (Berkman et al., 2017; Strack & Deutsch, 2004). In that case, effects of GNG
may be more visible when people have little time to indicate their preferences.
Alternatively, GNG may modify one’s explicit knowledge about go or no-go items,
such as explicit evaluations or knowledge about the contingencies between specific
items and responses, which may require more time to be incorporated into a decision.
This would mean that the effects of GNG might be stronger when there is more time
for making choices. To gain insight into this question, we examined whether the effect
of GNG on preferences depends on how much time people have for making choices,
and for this we manipulated the amount of decision time available in the choice task.
Since decision time varies on a continuum, we also conducted an exploratory analysis,
in which decision time was used as a continuous predictor of choice.
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The Durability of Preference Change
The second important question concerns the durability of the effects induced by GNG.
A recent meta-analysis on the effects of GNG and SST on health behavior showed
that when behavior was assessed one to seven days after training, the overall effect
size was already smaller than immediately after training (Allom, Mullan, & Hagger,
2016). However, since different measures were often used at different time points, it
is unclear whether this decrease in effect size truly reflects the decay of the training
effects, or is due to the different measurements employed to assess behavior. To
overcome this problem, and to have an objective measure of the effect size of the
potential decay, we measured preference both immediately after training and one
week later in the current research, with the same behavioral measurement.
Note that the seemingly short-term influence of GNG on behavior stands in stark
contrast to preference change induced by CAT, which has been shown to be highly
durable in retest sessions performed one to six months after training (Salomon et al.,
2018; Schonberg et al., 2014). Strikingly, in a six-month follow-up study in Salomon
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et al., (2018), participants still preferred go items around 60% of the time, showing a
decrease of merely 4 percentage points compared to immediately after training. One
explanation for this potential difference in the longevity of training effects by GNG and
CAT are the different processes via which the trainings influence behavior. Another
explanation may be the different dependent measurements used in these two lines
of research. Till now, almost all studies with CAT have used choice as the dependent
measurement (Bakkour et al., 2016; Salomon et al., 2018; Schonberg et al., 2014; Veling,
Chen, et al., 2017; Zoltak et al., 2018), whereas studies with GNG have employed a wide
range of behavioral measures, with choice occasionally measured as the outcome of
training (Porter et al., 2018; Veling et al., 2013b, 2013a). This methodological difference
makes the comparison between GNG and CAT difficult. In the current research, we
focused on the effect of GNG on choices, and used the same choice task that has been
used in previous work on CAT. Our aim was to provide a high-quality dataset on the
effect of GNG on choices, which can then allow a comparison between the results
obtained by CAT and GNG. Such a comparison will provide insights into which task
works better to induce long-term preference change.
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The Role of Reward Value
The third question concerns whether the effect of GNG on preferences would be
moderated by the reward value of objects. This question is interesting as it potentially
pits two accounts that explain the effects of GNG against each other (for a recent
theoretical review, see Veling, Lawrence, Chen, van Koningsbruggen, & Holland, 2017).
According to the first account, the Behaviour Stimulus Interaction theory (BSI theory,
Veling et al., 2008), appetitive items automatically trigger approach tendencies that
need to be inhibited when a no-go cue is presented. The response conflict resulting
from approach tendency and response inhibition is negative (Dreisbach & Fischer,
2015; Fritz & Dreisbach, 2013). The negativity is then attached to no-go items through
repeated pairings, thereby decreasing the reward value of (Chen et al., 2016; Veling
et al., 2008) and the preference for no-go items.
Repeatedly not responding to an object can also create stimulus-stop associations
(Best et al., 2016; Verbruggen, Best, Bowditch, Stevens, & McLaren, 2014; Verbruggen
& Logan, 2008). Once formed, response inhibition can be automatically triggered and
interferes with responses toward no-go items, for instance reducing the frequency or
vigor of responses. Since preference is often expressed with certain responses (e.g.,
pointing at or grabbing a preferred object), inhibiting responses toward no-go items
may hence reduce preferences for no-go items.
These two accounts make different predictions for whether GNG will lead to
preference change for low-value items. According to the BSI theory, no-go response
changes preferences only when the item possesses high reward value, as response
conflict only arises when people have strong initial approach tendencies (Chen et
al., 2016; Veling et al., 2008). The stimulus-stop association account, on the other
hand, does not assume a causal role of response conflict and predicts preference
change for both high-value and low-value items. Most previous work till now has used
positive items in the training, and focused on evaluation rather than preference. In
the few cases where the effect of GNG on evaluation of neutral or negative items was
examined, results were mixed (Chen et al., 2016; Chen, Veling, Dijksterhuis, et al.,
2018a; Frischen et al., 2012; Veling et al., 2008). Systematically examining whether
GNG changes preference for low-value items, in addition to high-value items, will
therefore be theoretically informative in distinguishing the two accounts.
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The Present Research
To address the three questions outlined above, we conducted 7 experiments. In all
experiments, participants were trained to consistently respond to certain food items
(both of high value and of low value; go items) and withhold their responses toward
other food items (no-go items) in GNG. After the training, they repeatedly chose
between go and no-go items in a food choice task for consumption, with either limited
(1.5 seconds for each choice; Experiments 5.2, 5.4-5.7; see Schonberg et al., 2014;
Veling, Chen, et al., 2017) or unlimited time (Experiments 5.1 and 5.3). The durability
of preference change was explored by measuring preferences both immediately
following training and one week later (Experiments 5.4-5.6). For a summary of the key
design features across all experiments, see Table 5.1. Food choice was selected as the
main dependent variable, to enable comparisons with previous work (Schonberg et
al., 2014; Veling et al., 2013b). A second reason for targeting food choice is that many
people nowadays are struggling with making healthy food choices. With the rising rate
of overweight and obesity worldwide (WHO, 2016), our ability to address the obesity
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epidemic depends on our understanding of how food choices may be changed.
For the sake of transparency, we preregistered all 7 experiments. Preregistrations
containing planned sample sizes, analysis plans and directional hypotheses can be
found at https://osf.io/zy9w3. Experimental materials (stimuli and Python scripts), raw
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data and analyses scripts are also available. For deviations from preregistrations and
the reasons for deviations, see Footnotes 2,3.
At the start of the project, we predicted preference change for high-value items
when people have unlimited time. This prediction was based on the findings that
GNG reliably devalued high-value items when evaluation was measured with explicit
self-report without time pressure (Chen et al., 2016; Veling et al., 2008). To preview
the results, we found that GNG led to preference change for both high-value and lowvalue items when decision time was limited, but not when people chose with unlimited
time. Preference change was still observed one week after training, but the effect
size was smaller than immediately after training. Our theoretical stance was adjusted

2

3

Experiments 5.1 and 5.2 were conducted simultaneously, by assigning participants to one
of the two conditions in a counterbalanced order. For the sake of consistency with other
experiments reported in the current paper, we refer to them as two separate experiments.
The preregistration for Experiments 5.1 and 5.2 contained some inconsistency. In the introduction of the preregistration, we discussed previous work showing that the training effect
is more pronounced for items that are perceived to be more appetitive (in line with the BSI
theory discussed in the main text). In the Hypotheses section, we accordingly predicted an
effect on choices for the high value pairs in the slow choice condition (i.e., Experiment 5.1),
but not for the low value pairs. For the fast choice condition (i.e., Experiment 5.2), we did
not have directional hypotheses. However, regarding the effect of GNG on item value as
measured by the auction task, we predicted an effect for both Experiment 5.1 and 5.2, but
failed to mention that this effect was predicted only for high-value items. Furthermore, in
the Analysis Plan part we failed to mention these predictions, and instead described data
analyses in an exploratory manner. In the main text, we present directional hypotheses in
line with the ones outlined in the Hypotheses part (plus that the effect on the auction task
was only expected for high-value items), to stay close to the BSI theory that we subscribed
to while conducting the first two experiments. Note that these predictions are actually not
in line with the results we observed. Furthermore, the preregistration failed to mention that
in the choice task with time limit (i.e., Experiment 5.2), when participants failed to choose
within 1.5 seconds, the image would be replaced by a prompt saying “Choose Faster!” for
500ms. This prompt was actually used when conducting the experiments. The method
section in the main text now correctly mentions the use of this prompt when time limit was
used in the choice task.
The number of participants recruited exceeded the planned sample size by one in Experiment 5.1, 5.2, and 5.7. This is because participants registered for the experiments via an
online participation system, and despite the experimenters’ close monitoring, the number
of sign-ups exceeded the planned sample size before the sign-up portal could be closed.
In the interest of retaining all data, we decided to not discard the data from the extra one
participant for these three experiments. An overview of planned sample size and exclusion
of participants for all experiments can be found in Table S5.1 in the Supplemental Materials.
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based on the observed results during the project. Specific predictions can be found
in the introduction for each experiment and in the preregistrations.

Experiment 5.1 – Slow Choice
In Experiment 5.1, we investigated the effect of GNG on preference when people had
unlimited decision time. As mentioned above, a priori we expected GNG to lead to
preference change for high-value items. For low-value items, we expected no effect.
We also measured the value of food items after training with an auction task, in which
no time limit was implemented. In line with previous work of GNG on evaluation (Chen
et al., 2016; Chen, Veling, Dijksterhuis, et al., 2018a; Veling et al., 2008), we expected
reduction in the reward value of no-go items compared to go items, but again only
for high-value items2.

5

Method
Sample Size
Previous work on the effect of GNG on food evaluation estimated the effect size
of devaluation to be around Cohen’s dz = 0.537 (Chen et al., 2016). Assuming the
effect of GNG on preference is similar to that on evaluation, we used this estimate
as the expected effect size. Power analysis with G*Power 3 (Faul, Erdfelder, Lang,
& Buchner, 2007) suggested 30 participants for achieving 80% power (alpha level
of 0.05, paired-samples t test4). We therefore planned to recruit 30 participants for
Experiment 5.1. In Experiments 5.1 and 5.2, mostly undergraduate students at the
University of Amsterdam were recruited as participants. In Experiments 5.3-5.7, mostly
undergraduate students at Radboud University were recruited. Repeated participation
was not allowed, to ensure that each experiment would contain different samples. The
ethics committee at the department of psychology at the University of Amsterdam
and the ethics committee at the Faculty of Social Sciences at Radboud University
provided ethical approvals. All participants provided written informed consent before
participating in the experiments.

4

Note that we preregistered repeated-measures logistic regression as the planned analysis,
while in power analysis we used paired-samples t test as the planned analysis when calculating power. This inconsistency was resolved from Experiment 5.3 on. See Footnote 5 for
a power simulation based on repeated-measures logistic regression.
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Participants
Thirty-one participants took part in Experiment 5.1. Based on the preregistered
exclusion criteria (1. participants who were not between 18 and 26 years old;
2. participants who bid less than 25 cents on more than 40 food items in the first
auction task; 3. participants whose accuracy on go or no-go trials in the training was
3SD below sample mean and below 90%), 7 participants were excluded, leaving 24
participants in the final sample. For an overview of exclusion based on each criterion
for all experiments, see Table S5.1 in the Supplemental Materials.
Materials
Sixty images of high-calorie snacks (e.g., chips, cookies, chocolate bars, candies etc.)
were selected from previous work (Veling, Chen, et al., 2017). On each image, both
the packaging and content were clearly visible against black background. All snacks
were available in local supermarkets and familiar to participants. The tasks were
programmed in PsychoPy (Peirce, 2007) and executed individually for each participant.
Procedure
Preparation
Participants were asked to not eat anything for at least 3 hours before coming into
the lab (drinking water was allowed). Upon arrival, they were asked to verbally report
the last time of food consumption to the experimenter. Those who did not adhere to
the fasting requirement were asked to reschedule the experiment.
Pre-Training Auction
Participants first received 2 euros (1 euro, 50 cent, 20 cent, 2*10 cent, and 2*5 cent)
from the experimenter to bid in an auction task based on the Marschak-DeGrootBecker procedure (Marschak, DeGroot, & Becker, 1964), which has been used to
assess the willingness to pay (WTP) for snacks in previous work (Schonberg et al.,
2014; Veling, Chen, et al., 2017). For each of the 60 snacks, they were asked to place a
bid by moving a mouse cursor along an analog scale that ranged from 0 to 2 euro (see
Panel A of Figure 5.1). They were told that at the end of the experiment, the program
would randomly pick one snack and generate a bid for the selected snack. If their bid
was higher than the bid from the computer, they could buy the snack at the computer’s
bid. To reduce the number of snacks we needed to purchase, we had a selection of
158

Zhang_Chen_inside_Final.indd 158

1/6/2020 09:36:53

Chapter 5

snacks in the lab and the program picked one snack out of this reduced selection. For
a more detailed description of the auction rules, see the OSF repository.
Item Selection
After participants placed bids for all 60 snacks, the program rank ordered the snacks
from the highest WTP to the lowest. Eight relatively high-value items (ranked from
8 to 15) and 8 relatively low-value items (ranked from 46 to 53) were selected for
each participant and divided into the go and no-go condition in a counterbalanced
manner. This division procedure ensured that the average WTP of go and no-go items
was matched before training, for high-value and low-value items separately. Another
8 items (4 relatively high-value and 4 relatively low-value) were further selected
into the no-go condition and used on the filler trials in the choice task (see Food
Choice below). In total, 16 snacks were assigned to the no-go condition, and the
remaining 44 to the go condition. For the selection procedure, see Figure S2 in the
Supplemental Materials.

5

Go/No-Go Training
Participants then received the GNG (Panel B of Figure 5.1). In the training, one snack
image was presented on each trial. One hundred milliseconds after image onset, a
beep was played via headphone. Two different beeps were used as the go and no-go
cue, respectively (frequencies 1000 Hz and 400 Hz, duration 300 ms; the assignment
of beeps as go and no-go cues was counterbalanced across participants). If the played
beep was a go cue, participants needed to press the B key on the keyboard as fast as
possible; if it was a no-go cue, they should not respond. In both conditions, the images
stayed on screen for one second to control for exposure time. The inter-trial interval
randomly varied between 1.5 and 2.5 seconds, in steps of 100 ms. Participants first
received a practice block of 8 trials, during which an incorrect response was followed
by an error message (X in red) for 500 ms. The images used in the practice block were
not used in the experimental blocks. In the experimental blocks, no performance
feedback was provided after each trial, but the overall accuracy was provided after
every two blocks. Each image was randomly presented once in each experimenta
l block, and the whole training consisted of 8 blocks, resulting in 480 trials in total.

159

Zhang_Chen_inside_Final.indd 159

1/6/2020 09:36:53

GNG Leads to Robust Preference Change

Food Choice
Participants then received a food choice task (Panel C of Figure 5.1). On each trial, two
snacks were presented side by side, and participants chose by pressing the U (left) or
the I (right) key. They were told that at the end of the experiment, one trial would be
randomly selected and they would receive the snack chosen on the selected trial. Two
rigged trials were added to the end of the choice task, with snacks that were available
in the lab, so that we did not need to purchase all 60 snacks. The choice task consisted
of two types of trials, the experimental trials and the filler trials. On the experimental
trials, the two snacks had matched value (both high or both low, 32 unique pairs in
total); one was paired with go responses in the training, whereas the other was paired
with no-go responses. On the filler trials, both snacks were paired with go or no-go
responses; one had high value, whereas the other had low value (32 unique pairs in
total). Different items were used on the experimental trials and the filler trials. Each
pair was presented twice to counterbalance the left-right position. The whole task
consisted of 128 trials (excluding the two rigged trials). Participants received unlimited
time for each choice. After participants chose, the chosen item was surrounded by
a yellow frame for 500 ms as confirmation. The inter-trial interval varied between 1.0
and 2.0 seconds, in steps of 100 ms.
Memory Recognition
A memory recognition task was included to assess participants’ memory of the snackresponse contingencies. For each snack, they indicated whether it had been paired
with pressing B (i.e., go response) or not (i.e., no-go response) during GNG.
Post-Training Auction
To measure changes in food value, participants then received a second auction task,
with the same auction rules as the one they received before the training.
Demographics
Finally, participants filled out demographic information such as height, weight,
whether they were currently on a diet, current hunger level (-100 = Not hungry at all;
100 = Very hungry), number of hours since last food consumption, and the restraint
eating scale (van Strien, Peter Herman, Engels, Larsen, & van Leeuwe, 2007). Age
and gender were reported when the experimental program was started. After
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answering the demographic questions, all participants received one snack based on
a trial selected from the choice task (i.e., one of the two rigged choice trials). If they
won the auction, they received a second snack. Participants were then debriefed,
compensated and thanked.

5

Figure 5.1 Sequence of Main Experimental Tasks. (A) Auction task in experiment 5.1, 5.2 and
5.7; rating task in experiments 5.3-5.6; (B) The go/no-go training; (C) Binary choice task, with
(experiments 5.2 and 5.4-5.7) or without (experiment 5.1 and 5.3) time limit. In experiments
5.4-65., binary choice task (C) was repeated in retest session. Images are for illustration. For
the stimuli and the scripts used in the experiments, see the OSF repository.
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Results
Main analyses (repeated-measures logistic regression and multilevel models) were
conducted with the lme4 package in R (Bates, Maechler, Bolker, & Walker, 2015; R Core
Team, 2017). For a summary of participant demographics (Table S2), performance
in GNG (Table S3), and performance in the memory recognition task (Table S4), see
the corresponding tables in the Supplemental Materials. An exploratory analysis
on the development of GNG performance across blocks is also reported in the
Supplemental Materials.
Food Value
To check the selection procedure, the average WTP of the items selected for the
experimental choice trials (8 high-value and 8 low-value items, divided into go and
no-go condition) was calculated for each participant, and then submitted to repeatedmeasures ANOVA with training condition (go vs. no-go) and value level (high vs. low)
as independent variables. As can be seen from Table 5.2, participants were willing to
pay more for high-value items than for low-value items. More importantly, the main
effect of training condition was not significant, indicating that the selection procedure
succeeded in selecting go and no-go items with matched WTP before training.
To see whether the training influenced the value of snacks, a repeated-measures
ANOVA was conducted, with measurement time (before vs. after training), value
level (high vs. low) and training condition of items (go vs. no-go) as the independent
variables, and the average WTP before and after training as the dependent variable.
The interaction effect between measurement time and training condition of items
was close to, but did not reach statistical significance, F(1, 23) = 3.92, p = .060,
η2 = .002. Before the training, there was no significant difference in WTP between
go and no-go items; after the training, participants were willing to pay more for the
go items (Mhigh = 1.083, SD = 0.43; Mlow = 0.437, SD = 0.35) than for the no-go items
(Mhigh = 0.982, SD = 0.48; Mlow = 0.429, SD = 0.36), although this main effect of training
condition on post-training WTP was not statistically significant, F(1, 23) = 3.64, p = .069,
η2 = .007. Although after training, the value difference between go and no-go items
was numerically larger for high-value items (Mdiff = 0.101) than for low-value items
(Mdiff = 0.008), the interaction effect between value level and training condition on
post-training WTP, however, was not statistically significant, F(1, 23) = 1.82, p = .190,
η2 = .005.
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Food Choices
Choices from the experimental trials, where go items were paired with similarly valued
no-go items, were analyzed with repeated-measures logistic regression3. Overall,
participants did not choose go items more often than chance level, mean proportion
of go choices = 53.0%, Odds Ratio (OR) = 1.14, 95% CI = [0.87, 1.50], p = .327 (see
Figure 5.2, upper panel). Contrary to our expectation, for both the high-value and
low-value choice pairs, participants did not choose go items significantly more often
than no-go items, mean proportion of go choices = 55.1%, OR = 1.26, 95% CI = [0.90,
1.78], p = .183 and mean proportion = 50.9%, OR = 1.06, 95% CI = [0.56, 2.00], p = .869,
respectively. Although numerically participants did choose go items more often for
the high-value pairs than for the low-value pairs, the difference was not statistically
significant, OR = 1.19, 95% CI = [0.55, 2.59], p = .653 (Figure 5.2, lower panel).
On the filler trials, participants chose between high-value and low-value items,
where both items were paired with go or no-go responses in the training. Repeatedmeasures logistic regression showed that participants chose high-value items more

5

often than chance level, mean proportion of choosing high-value items = 83.7%,
OR = 9.69, 95% CI = [5.06, 18.57], p < .001 (see Figure 5.3). For a summary of the
choices on the experimental and filler trials, as well as the median choice reaction
times in each experiment, see Table 5.3. For brevity we will not discuss the result on
decision time per experiment, but will instead analyze the data from all experiments
combined in the end.

Discussion
Contrary to our predictions, participants did not choose go items more often when
they had unlimited decision time. Furthermore, the proportion of go choices did not
differ significantly between high-value and low-value pairs. This absence of effect on
the experimental trials cannot be explained by participants’ indifference or lack of
motivation, as they showed a strong preference for high-value items on the filler trials
that were intermixed with the experimental trials. Results on post-training value were
in the expected direction, but did not reach statistical significance.
Due to the large number of excluded participants, the final sample consisted of 24
participants. The experiment may therefore have been underpowered. This potential
problem of insufficient power was addressed in later experiments (Experiments 5.35.7) by doubling the sample size. Next, we continue with the investigation on the role
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of decision time and report the effect of GNG on preference when people made
choices with time limit in Experiment 5.2.

Figure 5.2 Probability of choosing go items on experimental trials in Experiments 5.1-5.6, combining (upper panel) and separating (lower panel) high-value and low-value choice pairs. Slow
indicates choices made without time limit and fast indicates choices made within 1500 milliseconds. Reps indicates how many times the go and no-go items were presented in the training.
The p values in the upper panel are calculated from repeated-measures logistic regression
comparing the overall probability of choosing go items against the 50% chance level. The p
values in the lower panel are calculated from repeated-measures logistic regression comparing
the probability of choosing go items between high-value and low-value pairs. Error bars stand
for standard errors of mean proportions.
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5

Figure 5.3 Probability of choosing high-value items on filler trials in Experiments 5.1-5.6, separated for both go and both no-go pairs. Slow indicates choices made without time limit and
fast indicates choices made within 1500 milliseconds. Reps indicates how many times the go
and no-go items were presented in the training. Error bars stand for standard errors of mean
proportions.
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Experiment 5.2 – Fast Choice
In Experiment 5.2, participants made choices under time limit (1.5 seconds for each
choice) after training. A priori we did not have directional hypothesis for whether
GNG would influence such fast choices. For the post-training auction task with no
time limit, similar to Experiment 5.1, we expected a devaluation effect for high-value
no-go items, but not for low-value no-go items.

Method
Participants
Thirty-one participants participated in Experiment 5.2. Based on the preregistered
exclusion criteria (1. participants who were not between 18 and 26 years old; 2.
participants who bid less than 25 cents on more than 40 food items in the first auction
task; 3. participants whose accuracy on go or no-go trials in GNG was 3SD below
sample mean and below 90%), 2 participants were excluded, leaving 29 participants
in the final sample.
Procedure
The procedure of Experiment 5.2 was identical to Experiment 5.1, except that in the
choice task participants had 1.5 seconds for each choice. If they did not choose in time,
the current pair of snacks would be replaced by a prompt saying ‘Choose Faster!’ for
500 ms. The missed trial would be presented again at a later point until they chose
in time. If participants chose in time, the chosen snack was surrounded by a yellow
frame for 500 ms as confirmation.
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Table 5.1 Summary of Experimental Designs
Experiment

Stimulus

Go/No-Go

Training

Decision

Delay

Proportion

Length

Speed

(Range)

Exp5.1

Snacks

75%/25%

8

Slow

-

Exp5.2

Snacks

75%/25%

8

Fast

-

Exp5.3

Candies

50%/50%

6

Slow

-

Exp5.4

Candies

50%/50%

6

Fast

12.4 (7-19)

Exp5.5

Candies

50%/50%

10

Fast

8.1 (7 - 14)

Exp5.6

Candies

50%/50%

14

Fast

8.3 (7 - 14)

Exp5.7

Snacks, fruits

50%/50%

10

Fast

-

and vegetables
Note: Go/No-Go Proportion: the proportion of Go trials and the proportion of No-Go trials
in the training. Training Length: the number of repetitions for stimuli in training. Decision
Speed: Fast: 1.5-second time limit; Slow: no time limit.

5

Table 5.2 Value of Go and No-Go Items Before Training
Exp

High Value

Low Value

Go vs. No-Go

Go

No-Go

Go

No-Go

Exp5.1

1.11 (0.30)

1.11 (0.29)

0.29 (0.29)

0.29 (0.29)

F(1, 23) = 1.38, p = 0.252

Exp5.2

1.16 (0.30)

1.16 (0.31)

0.43 (0.31)

0.43 (0.30)

F(1, 28) = 0.01, p = 0.931

Exp5.3

1.58 (0.32)

1.58 (0.32)

0.35 (0.37)

0.36 (0.37)

F(1, 59) = 1.87, p = 0.176

Exp5.4

1.58 (0.30)

1.58 (0.29)

0.27 (0.29)

0.28 (0.29)

F(1, 62) = 0.09, p = 0.764

Exp5.5

1.52 (0.24)

1.52 (0.23)

0.40 (0.31)

0.41 (0.30)

F(1, 56) = 1.58, p = 0.214

Exp5.6

1.53 (0.29)

1.53 (0.28)

0.37 (0.32)

0.38 (0.32)

F(1, 58) = 2.46, p = 0.123

Exp5.7

0.92 (0.41)

0.91 (0.41)

0.78 (0.45)

0.78 (0.44)

F(1, 69) = 0.15, p = 0.696

Note: In Experiment 5.7, the high value level refers to unhealthy foods, and the low value level
refers to healthy foods. Standard deviations are reported in parentheses.
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HV Pairs

55.1% (19.4%)

54.2% (19.0%)

50.1% (19.9%)

52.0% (21.0%)

48.4% (21.4%)

59.9% (20.4%)

57.2% (18.3%)

53.5% (21.2%)

62.1% (20.9%)

(Decision Speed)

Exp5.1 (slow)

Exp5.2 (fast)

Exp5.3 (slow)

Exp5.4 (fast)

Exp5.4 – Retest (fast)

Exp5.5 (fast)

Exp5.6 (fast)

Exp5.5&5.6 – Retest (fast)

Exp5.7 (fast)

60.8% (21.7%)

54.2% (21.3%)

56.9% (24.6%)

63.7% (23.3%)

52.0% (23.0%)

59.4% (23.1%)

47.8% (24.0%)

58.9% (22.5%)

50.9% (27.5%)

LV Pairs

704.0 (142.9)

697.0 (98.1)

748.6 (103.2)

742.0 (115.7)

700.5 (104.6)

749.0 (106.2)

1460.0 (703.4)

744.9 (107.9)

1142.6 (409.8)

Median ChoiceRT

-

84.2% (16.3%)

85.3% (14.9%)

87.2% (14.0%)

85.9% (15.3%)

89.8% (13.9%)

85.9% (19.8%)

80.1% (14.3%)

83.6% (20.8%)

Go Pairs

Filler Trials

-

85.2% (15.4%)

88.4% (13.6%)

88.4% (13.6%)

85.6% (15.1%)

89.4% (12.6%)

90.5% (12.0%)

78.6% (18.7%)

83.7% (20.7%)

No-Go Pairs

-

659.3 (90.4)

701.8 (92.7)

691.5 (100.8)

647.3 (93.6)

681.6 (89.8)

1119.7 (484.6)

715.7 (95.9)

908.8 (290.2)

Median ChoiceRT

Note: HV Pairs: High-value pairs; LV Pairs: Low-value pairs. ChoiceRTs are reported in milliseconds. Standard deviations are reported in parentheses.

Experimental Trials

Experiment

Table 5.3 Percentages of Choosing Go Items on Experimental Trials and of Choosing High-Value Items on Filler Trials
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Results
Food Value
To investigate the effect of GNG on food reward value, we carried out a repeatedmeasures ANOVA on WTP before and after training, with measurement time (before
vs. after training), value level (high vs. low) and training condition of items (go vs.
no-go) as independent variables. The interaction effect between measurement time
and training condition of items was statistically significant, F(1, 28) = 4.52, p = .043,
η2 = .001. While before the training, there was no difference in WTP between go and
no-go items (see Table 5.2), after the training, the main effect of training condition
was statistically significant, F(1, 28) = 4.68, p = .039, η2 = .004. Participants were willing
to pay more for go items (Mhigh = 1.094, SD = 0.40; Mlow = 0.579, SD = 0.42) than for
no-go items (Mhigh = 1.080, SD = 0.38; Mlow = 0.512, SD = 0.35). However, the training
was not more effective for high-value items, as the interaction effect between training
condition and value level on post-training WTP was not statistically significant, F(1,
28) = 0.66, p = .424, η2 = .002. If anything, the value difference between go and no-go

5

items was numerically larger for low-value pairs (Mdiff = 0.067) than for high-value pairs
(Mdiff = 0.014) after the training, opposite to the initial prediction.
Food Choices
When choosing with time limit, participants overall chose go items significantly
more often, mean proportion = 56.6%, OR = 1.32, 95% CI = [1.06, 1.64], p = .013.
Furthermore, participants chose go items more often for low-value pairs than for highvalue pairs (Figure 5.2, lower panel), but the difference was not statistically significant,
OR = 1.24, 95% CI = [0.73, 2.11], p = .430. On the filler trials, participants chose highvalue items more often, mean proportion = 79.3%, OR = 4.78, 95% CI = [3.34, 6.83],
p < .001 (see Figure 5.3). This shows that even under such strict time limit (see Table
5.3 for median choice reaction times), participants still could assess the value of the
snacks and make value-based decisions.

Discussion
GNG increased people’s preferences for go items when they chose quickly. The initial
value of snacks did not seem to moderate the effect, as participants chose go items
similarly often for high-value pairs and for low-value pairs (if anything, they seemed to
choose go items more often for low-value pairs). These fast choices were meaningful
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choices, as participants were well informed that they were choosing snacks for real
consumption. In addition, on the filler trials participants overall preferred high-value
over low-value items, suggesting that they could make value-based decisions within
the strict time limit of 1.5 seconds.
GNG also influenced the value of go and no-go items as assessed by the auction
task. Participants were willing to pay more for the go snacks than for the no-go snacks
after training, while before the training the two were matched in WTP. Similar to the
findings on choices, this effect was not moderated by the reward value of items. If
anything, value change induced by training was larger for low-value items than for
high-value items, which is not in line with the BSI theory. However, since the second
auction task was conducted after the choice task, this change in value could either be
caused by GNG, or by the choice task preceding the second auction task. The current
design does not allow us to disentangle these two possibilities, and we will focus on
the effect of GNG on choice rather than value in the remainder of this paper.

Experiment 5.3 – Slow Choice
In Experiment 5.3, we aimed to repeat and extend Experiment 5.1, by recruiting more
participants, and using different stimuli and a different task for measuring value. Since
the results of Experiment 5.1 and 5.2 were not in line with our initial predictions, for
this experiment a priori we did not have directional hypotheses.

Method
Sample Size
In Experiment 5.3, we planned to recruit between 60 and 65 participants. This
increase in sample size was motivated by the observation that due to the exclusion
of participants, the final sample size was smaller than the planned sample size in
Experiments 5.1 and 5.2. Doubling the sample size left more room for potential
exclusion. In Experiments 5.1 and 5.2, paired-samples t test was used as the planned
test in power analysis, whereas when analyzing the choice data, repeated-measures
logistic regression was used. To resolve this inconsistency, we simulated data to
evaluate the power of repeated-measures logistic regression with 60 participants.
Power simulation suggested that with 60 participants, we have around 90% power at
an alpha level of .05, with repeated-measures logistic regression as the planned test
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and Cohen’s d of 0.5 as the expected effect size. Details on the power simulation can
be found in footnote5.
Participants
Sixty participants took part in the experiment, and no participant met the preregistered
exclusion criterion (accuracy on go or no-go trials in the training 3SD below sample
mean and below 90%). For why we only used GNG performance as the exclusion
criterion in the current experiment, see footnote6.
Materials and Procedure
Experiment 5.3 was similar to Experiment 5.1, except a few changes. First, instead of
using snacks, we used images of 60 different candies (e.g., gummies, hard candies,
nougats, chocolate etc.). All candies were purchased from local candy stores and
5

6

For the power simulation, we first defined a beta distribution with shape parameters 3 and 2
as the population distribution of the underlying probability of choosing go over no-go items.
The mean of this beta distribution is 60%, and the SD is 20%, which is comparable to what
we observed in the fast choice condition in Experiment 5.1. Furthermore, this population
distribution corresponds to Cohen’s d of 0.5, which is also close to previous meta-analyzed
effect size (Allom et al., 2016). After defining the population distribution, we simulated
10000 experiments: for each experiment, we randomly sampled 60 data points from the
population distribution, and these data points corresponded to the underlying probabilities of choosing go items for 60 subjects. For each subject, we further generated 64 trials
with the Bernoulli distribution (0 = no-go, 1 = go; each subject’s probability of choosing
go items was used as P(1)). Repeated-measures logistic regression was conducted on each
simulated experiment. Overall, in about 90% of the 10000 experiments, the intercepts were
significantly higher than 0 at the .05 level. In other words, the current setup has about 90%
power to detect the effect.
Note that in Experiments 5.3 to 5.7, we removed the exclusion criterion that participants who
was not between 18 and 26 years old would be excluded, and instead used age between 18
and 35 as an eligibility criterion when recruiting participants. The exclusion criterion on age
was initially used in Experiment 5.1 and 5.2 to ensure homogenous samples for each experiment, which would then enable the comparison of results across experiments. We used a
slightly larger age range to facilitate the recruitment of participants for later experiments,
while still making the samples homogenous and similar. Furthermore, we also removed
the exclusion criterion that participants who bid less than 25 cents on more than 40 snack
items would be excluded (except in Experiment 5.7, where an auction task was again used
to assess value of food items). This exclusion criterion is more relevant when an auction task
is used, as participants may underbid in order to keep the monetary reward. This strategy is
no longer applicable when they are asked to indicate how much they would like to consume
different food items, as was the case in the remaining experiments, except Experiment 5.7.

5
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familiar to participants. Each type of candies was placed on a white plate against grey
background, and arranged to occupy a similar amount of area on the plate.
Second, instead of using an auction task, in Experiment 5.3 we used a rating task
in which participants reported how much they wanted to eat each of the candies at
that moment by using a 200-point scale (0 = Not at all; 2 = Very much; see Krajbich
et al., 2010, where a similar question was used to probe the value of food items).
Because of the small amount of candies on each image (e.g., two nougats, six gummy
bears), monetary bids may not be sensitive enough to the variation in reward value as
participants might bid relatively low for all items. We therefore used the rating task
instead when candies were used as stimuli (Experiments 5.3-5.6). The auction task was
used again in Experiment 5.7 where snacks, fruits and vegetables were used as stimuli.
Third, in Experiments 5.1 and 5.2, all 60 images were used in the training.
The GNG contained more go trials (around 75%) than no-go trials (around 25%). In
Experiment 5.3, only the 32 selected images were used in the training: of which 16
were paired with no-go responses and 16 with go responses. The GNG in Experiment
5.3 and all following experiments thus contained an equal number of go and no-go
trials (see Table 5.1 for an overview). This change enabled us to better isolate the
effect of mere action versus inaction on preferences. The selection procedure in
Experiment 5.3 was the same with the one used in Experiment 5.1 and 5.2, except
that all unselected items were not used. See Figures S2 in the Supplemental Materials
for the selection procedure.
Lastly, GNG included 6 blocks (instead of 8) in Experiment 5.3, resulting in 192
trials in total. In Experiment 5.3 and all the following experiments, participants did not
receive a rating or auction task after training. In short, in Experiment 5.3 participants
received the following tasks in order: rating task, GNG, food choice task without time
limit, memory recognition task and demographic questions.

Results
In line with Experiment 5.1, on the experimental trials, participants did not choose go
items more often, mean proportion = 48.9%, OR = 0.95, 95% CI = [0.79, 1.13], p = .546.
The difference between high-value and low-value pairs was not statistically significant,
OR = 0.90, 95% CI = [0.62, 1.30], p = .571. Although we used different stimuli and a
different task to assess food value, on the filler trials participants still preferred highvalue items, mean proportion = 88.2%, OR = 19.06, 95% CI = [11.46, 31.71], p < .001,
172

Zhang_Chen_inside_Final.indd 172

1/6/2020 09:36:56

Chapter 5

suggesting that they still made value-based choices and that self-reported wanting
is a valid measure of food reward value.

Discussion
Using a larger sample size, we did not find an effect of GNG on slow choices. The
absence of effect in Experiment 5.1 was thus replicated. This again could not be
explained by participants’ indifference or lack of motivation, as the choices on the
filler trials were clearly guided by the value of candies. Again, there was no significant
difference between choices with high-value pairs and with low-value pairs. However,
to show that this absence of effect was not due to any procedural changes from
Experiments 5.1 and 5.2 to Experiment 5.3 (i.e., difference in stimuli used, tasks for
assessing value, length of training), but a genuine moderation effect by decision time,
it is important to show the effect of GNG on preferences with time limit again, with
the same setup. In Experiment 5.4, we used the setup from Experiment 5.3 but added
the 1.5-second time limit on choices, to see whether the results from Experiment 5.2

5

could be replicated.

Experiment 5.4 – Fast Choice
Experiment 5.4 was a replication and extension of Experiment 5.2. We predicted that
after training, participants would choose go items more often. Since no significant
difference between high-value and low-value pairs had been observed, we did not
have a specific hypothesis concerning whether the reward value of items would
moderate the effect.

Method
Sample Size
As in Experiment 5.3, we planned to recruit between 60 and 65 participants.
Participants
Sixty-three participants took part in the experiment, and none of them met the
preregistered exclusion criterion (accuracy on go or no-go trials in the training 3SD
below sample mean and below 90%).
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Materials and Procedure
The procedure of Experiment 5.4 was the same as Experiment 5.3, except that in the
choice task participants had 1.5 seconds for each choice.

Results
Replicating the results of Experiment 5.2 and in line with our prediction, participants
chose go items more often on experimental trials, mean proportion = 55.7%,
OR = 1.28, 95% CI = [1.08, 1.52], p = .005. Descriptively, the effect was stronger
for low-value pairs than for high-value pairs, but the difference was not statistically
significant, OR = 1.40, 95% CI = [0.97, 2.03], p = .074. On the filler trials, participants
again chose high-value items more often, mean proportion = 89.6%, OR = 12.92, 95%
CI = [9.55, 17.47], p < .001.

Discussion
Using a larger sample size and a slightly different procedure, results from Experiment
5.2 were replicated: participants preferred go items when choosing under time
pressure. Although not in line with our predictions (we predicted an effect for
slow choices with high-value items in Experiment 5.1), the results from the first four
experiments were quite consistent. GNG changed people’s preferences when they
chose quickly, but not when they had more time to decide. Furthermore, item reward
value did not seem to moderate the effect. Direct comparisons between high-value
and low-value pairs did not show significant difference in all four experiments. In the
remaining experiments, we therefore did not have directional hypotheses for item
reward value. The effect of item reward value will be explored in the final exploratory
analyses with data from all experiments combined.

Experiment 5.4 Retest – Fast Choice
In all four experiments presented till now, participants received the choice task
immediately after training. It was unclear whether the training-induced preference
change would still be observed after some delay. To explore this question and
estimate the effect size of potential decay, participants from Experiment 5.4 were
invited back to the lab at least one week after training, and received the same choice
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task again (i.e., with time limit of 1.5 seconds). This experiment was exploratory in
nature and we did not have directional hypotheses.

Method
Sample Size
Sample size could not be determined a priori as it depended on how many of the 63
participants from Experiment 5.4 would respond to the invitation for the retest session.
Participants
In total, 47 participants responded to the invitation and took part in the retest session.
The average delay between the training and the retest session was 12.4 days (SD = 3.1,
range = [7, 19]).
Materials and Procedure
Participants were required to not eat anything for at least 3 hours. They received a

5

same food choice task as the one they received in the first session, with 1.5-second
time limit. After the choice task, they received the same memory recognition task, and
reported their current hunger level (-100 = Not hungry at all; 100 = Very hungry) and
hours since the last time of food consumption. They then received one bag of candies
based on a trial selected from the choice task, and were compensated and thanked.

Results
Participants did not choose go items more often on the experimental trials, mean
proportion = 50.2%, OR = 1.01, 95% CI = [0.83, 1.22], p = .959. This proportion of go
choices was significantly smaller than that immediately following training, OR = 0.86,
95% CI = [0.76, 0.98], p = .024. For an exploratory analysis on the decay of the effect
as a function of the delay between two sessions, see the Supplemental Materials.
The difference between high-value and low-value pairs was again not statistically
significant, OR = 1.18, 95% CI = [0.77, 1.83], p = .450. On the filler trials, participants
still preferred high-value items, mean proportion = 85.7%, OR = 8.39, 95% CI = [6.09,
11.57], p < .001.
To explore the consistency of choices on experimental trials between two sessions,
choices in Session 1 (i.e., whether the chosen item was a go or no-go item) were used
to predict choices in Session 2 with a repeated-measures logistic regression. For the
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trials where participants chose go items in Session 1, they were more likely to choose
go items again in Session 2 (mean proportion of go choices = 69.5%, SD = 15.3%),
compared to the trials where they chose no-go items in Session 1 (mean proportion
of go choices = 27.4%, SD = 14.0%), OR = 7.40, 95% CI = [5.83, 9.40], p < .001. In other
words, on average participants made the same choices for about 70% of the trials,
suggesting that their choices were fairly consistent.

Discussion
By administering the same choice task to participants one week after training, we
explored to what extent the effect of GNG on preference was durable. Overall, the
training effect showed a large decrease, to the extent that participants did not choose
go items more often in the retest session. This seemed to suggest that GNG did not
have durable influence on preference. However, the consistency in choices revealed
by the exploratory analysis suggested that preference change after one week might
be observed if we could (1) increase the effect size of training-induced preference
change and (2) increase sample size to have sufficient power for detecting a small
effect. In Experiment 5.4, all items were repeated 6 times in training. One way to
increase the effectiveness of training may be to increase the number of repetitions
in training. In the next two experiments we increased both the number of repetitions
and the sample size to (1) explore the effect of training length on the effectiveness
of training and (2) see whether the training could influence delayed preference with
more statistical power.

Experiment 5.5 & 5.6 – Fast Choice
Experiments 5.5 and 5.6 were conducted with three aims: (1) to examine the reliability
of the effect of GNG on fast choices with two more replications; (2) to explore whether
the number of repetitions in training would influence its effectiveness, by presenting
each item 10 times in GNG in Experiment 5.5 and 14 times in Experiment 5.6; (3)
to examine the delayed effect with a larger sample. We predicted that participants
would prefer go items immediately after training, in both Experiment 5.5 and 5.6.
Anticipating a small delayed effect, we a priori decided to combine data from both
experiments when examining the delayed effect. For this combined dataset, we
predicted that participants would choose go items more often than no-go items.
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Method
Sample Size
We planned to recruit between 60 to 65 participants for each experiment.
Participants
Sixty participants took part in Experiment 5.5, of which 3 were excluded based on
preregistered exclusion criterion (accuracy on go or no-go trials in the training 3SD
below sample mean and below 90%). The final sample consisted of 57 participants.
Sixty participants took part in Experiment 5.6, of which 1 was excluded (same exclusion
criterion as in Experiment 5.5). The final sample consisted of 59 participants.
Materials and Procedure
The procedure of Experiments 5.5 and 5.6 was the same as Experiment 5.4, except
that the GNG contained 10 blocks in Experiment 5.5, and 14 blocks in Experiment 5.6.

5

Results
As predicted, in both Experiment 5.5 and 5.6, participants chose go items more often
on experimental trials, mean proportion = 61.8%, OR = 1.74, 95% CI = [1.40, 2.16],
p < .001, and mean proportion = 57.0%, OR = 1.37, 95% CI = [1.13, 1.65], p = .001,
respectively. The differences between low-value pairs and high-value pairs were not
statistically significant, OR = 1.37, 95% CI = [0.92, 1.83], p = .137 in Experiment 5.5 and
OR = 1.05, 95% CI = [0.74, 1.49], p = .781 in Experiment 5.6. They also preferred highvalue items on the filler trials, mean proportion = 87.8%, OR = 10.74, 95% CI = [7.78,
14.84], p < .001 in Experiment 5.5, and mean proportion = 86.9%, OR = 8.79, 95%
CI = [6.77, 11.41], p < .001 in Experiment 5.6.
Directly comparing Experiment 5.5 with Experiment 5.4 showed that participants
in Experiment 5.5 chose go items more often than those in Experiment 5.4, OR = 1.35,
95% CI = [1.03, 1.77], p = .029. However, further increasing the number of repetitions
did not increase the effect size further. If anything, participants chose go items a bit
less often in Experiment 5.6 than in Experiment 5.5, OR = 0.79, 95% CI = [0.60, 1.04],
p = .093. There was also no significant difference between Experiment 5.6 and 5.4,
OR = 1.07, 95% CI = [0.82, 1.39], p = .631.
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Discussion
In line with our predictions and the results from Experiments 5.2 and 5.4, the effect of
GNG on fast choices immediately following training was replicated when participants
received longer training. Although increasing the number of stimulus repetition from
6 to 10 increased the training effect size, further increasing it to 14 did not make the
training more effective. Next, we present results from the retest session, combining
data from both Experiments 5.5 and 5.6.

Experiment 5.5 & 5.6 Retest – Fast Choice
Method
Participants
One hundred and fifteen participants took part in the retest session. Average delay
between the two sessions was 8.2 days (SD = 1.8, range = [7, 14]).
Materials and Procedure
The procedure was the same with the retest session of Experiment 5.4.

Results
In line with our prediction, participants preferred go items on the experimental trials,
mean proportion = 53.8%, OR = 1.18, 95% CI = [1.04, 1.34], p = .009. For the delayed
effect for Experiment 5.5 and 5.6 separately, see the Supplementary Materials. This
delayed effect was again significantly smaller than the immediate effect, OR = 0.78,
95% CI = [0.72, 0.84], p < .001. Participants’ choices were fairly consistent. They
selected go items more often in the retest session if they had chosen the go items
in Session 1 (mean proportion = 71.3%, SD = 13.6%), than if they had chosen no-go
items before (mean proportion = 30.4%, SD = 17.1%), OR = 7.39, 95% CI = [6.25, 8.72],
p < .001. Comparison between high-value pairs and low-value pairs revealed no
statistically significant difference, OR = 1.04, 95% CI = [0.82, 1.32], p = .757. On the
filler trials, high-value items were still chosen more often, mean proportion = 84.7%,
OR = 7.57, 95% CI = [6.19, 9.27], p < .001.
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Discussion
As predicted, by increasing the number of stimulus repetition in training and using
a larger sample, we observed an effect of training on preference one week after
training. The effect of GNG on preference therefore seems durable and not limited
to immediately following training. Admittedly, the effect size was quite small after one
week, and again a significant reduction in effect size was observed, showing that the
effect of training has decayed with the passage of time.
In all experiments presented so far, participants were trained to respond to certain
high-calorie food items (e.g., snacks, candies) and not respond to other high-calorie
food items. In the choice task after training, they chose between two high-calorie food
items that were matched on value. This procedure enabled us to isolate the effect of
GNG from some confounding factors (e.g., type of food, difference in reward value),
but also left an important question unanswered. That is, whether GNG could be used
to promote healthy choices, when people choose between healthy and unhealthy
foods. Examining this question is not only interesting from an applied perspective,

5

but may also extend the effect of training to a situation where the value of food items
is not matched, a situation that has not been examined in the previous experiments.

Experiment 5.7 – Promoting Healthy Choices?
In Experiment 5.7, participants were trained to respond to certain healthy (i.e., fruits
and vegetables) and unhealthy food items, and to not respond to other healthy
and unhealthy food items in GNG. After training, they chose between healthy and
unhealthy items (among other choices) for consumption, again within 1.5 seconds. We
predicted that participants would choose healthy items more often, when the healthy
items were associated with go responses and unhealthy items with no-go responses
(i.e., healthy-trained trials), in comparison to when both items were not included in
the training (i.e., untrained trials). Note that the untrained choices were included as
a baseline to which the healthy-trained choices will be compared. This modification
was introduced because a priori the average value of healthy and unhealthy items
cannot be matched, hence the choices cannot be compared to the 50% chance level
as in previous experiments. We also included choices in which the unhealthy items
were paired with go responses and the healthy items with no-go responses (i.e.,
unhealthy-trained trials). These trials were included to make go and no-go responses
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toward healthy and unhealthy items equally likely. For the comparison between
unhealthy-trained and untrained choices, we did not have directional hypothesis,
as the preexisting preference for unhealthy items might make any further increase
in unhealthy choices difficult to observe (i.e., ceiling effect). Lastly, participants also
made choices between two healthy items and between two unhealthy items, with
one paired with go responses and the other with no-go responses. As in previous
experiments, the average value of these go and no-go items were matched. For these
choices, we expected to replicate previous results, such that participants would prefer
go items for these choices.

Method
Participants
For Experiment 5.7, we planned to recruit 72 participants, which exceeded the sample
sizes used in previous experiments and left room for potential exclusion. Seventy-three
participants participated. Three participants were excluded based on predetermined
exclusion criteria (1. participants who bid less than 25 cents on more than 40 food
items in the first auction task; 2. participants whose accuracy on go or no-go trials was
3SD below sample mean and below 90%), leaving 70 participants in the final sample.
Materials
Thirty unhealthy high-calorie snacks were selected from Experiments 5.1 and 5.2.
Thirty low-calorie food items that were generally considered healthy (i.e., fruits and
vegetables; Tilman & Clark, 2014) were selected from previous work (Veling, Chen,
et al., 2017).
Procedure
Participants were asked to fast for 3 hours before the experiment started. Upon
arrival, they received two euros to bid on each of the 60 food items (30 healthy and
30 unhealthy, mixed and randomized). After the auction, the program rank ordered all
items from the highest WTP to the lowest, for healthy and unhealthy foods separately.
Food items were then selected into different training conditions based on rankings.
Eight healthy and eight unhealthy items (ranked from 12 to 19 within the healthy and
unhealthy category) were selected into the within-category choice trials. Half of the
eight selected items were assigned into the go condition, whereas the remaining
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half was assigned into the no-go condition. These within-category choices were the
same with the experimental choices participants in previous experiments received.
On the within-category choice trials, participants chose between two healthy or two
unhealthy items with matched WTP, one paired with go responses and the other with
no-go responses.
Eighteen healthy and eighteen unhealthy items (ranked from 3 to 11 and from
20 to 28 within the healthy and unhealthy category) were selected for the betweencategory choices (i.e., choices between healthy and unhealthy items). Crucially, the
between-category choices were further divided into three conditions: healthy-trained
condition, in which healthy go item was paired with unhealthy no-go item; unhealthytrained condition, in which healthy no-go item was paired with unhealthy go item; and
untrained condition, in which both the healthy and unhealthy item were not used in
the training but included in the choice task. Note that the unhealthy-trained condition
was included to ensure an equal number of healthy and unhealthy items in both go
and no-go trials. This made it difficult to infer the structure of GNG, and ensured that

5

healthy choices could not simply be explained by demand characteristics. When used
in applied settings, these unhealthy-trained trials should be omitted to avoid the
promotion of unhealthy food choices.
After the selection procedure (for the exact selection procedure see Figures
S3 and S4 in the Supplemental Materials), the 40 selected items were used in GNG
and repeated 10 times. After the training, participants received a choice task with
1.5-second time limit. The choice task consisted of 32 choices between two healthy
items, 32 choices between two unhealthy items, 36 unhealthy-trained choices, 36
healthy-trained choices, and 36 untrained choices. Different types of choices were
mixed and presented in a random order. After the choice task, participants received
a memory recognition task and filled out some demographic questions. Results from
the choice task and the auction task were revealed, and participants received one or
two food items. They were debriefed, compensated and thanked.

Results
Food Value
For the result of the selection procedure for items used in within-category choices,
see Table 5.2. To check the selection procedure for items used in between-category
choices, the average WTP of the items was calculated, for healthy and unhealthy
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items separately. The WTP was submitted to repeated-measures ANOVA, with item
category (healthy vs. unhealthy) and choice trial type (healthy-trained, unhealthytrained vs. untrained) as independent variables. There was a small non-significant
difference between healthy and unhealthy items, showing that participants were
willing to pay more for unhealthy items, F(1, 69) = 2.93, p = .091, η2 = .016. Crucially,
there was no significant interaction with choice trial type, F(2, 138) = 0.33, p = .721,
η2 < .001, suggesting that the value difference between healthy and unhealthy
items was matched across different types of choices. In other words, any change in
preference could not be explained by preexisting value difference between healthy
and unhealthy items.
Within-Category Choices
As predicted, and replicating previous findings, for within-category choices in which
participants chose between go and no-go items (both healthy or both unhealthy, with
matched WTP), overall they preferred go items, mean proportion = 61.5%, OR = 1.69,
95% CI = [1.41, 2.03], p < .001. This effect was found for both unhealthy items, mean
proportion = 62.1%, OR = 1.85, 95% CI = [1.43, 2.39], p < .001, and healthy items, mean
proportion = 60.8%, OR = 1.74, 95% CI = [1.33, 2.29], p < .001 (Figure 5.4, left panel).
Between-Category Choices
To compare healthy choices between healthy-trained and untrained choice trials, a
repeated-measures logistic regression was conducted, with choice trial type as the
predictor and whether the chosen item was a healthy item or not as the outcome.
As predicted, the main effect of choice trial type was significant, OR = 1.63, 95%
CI = [1.25, 2.12], p < .001, indicating that participants chose healthy items more
often on healthy-trained trials (mean proportion of healthy choices = 46.2%) than on
untrained trials (mean proportion of healthy choices = 39.4%; see Figure 5.4, right
panel). Similarly, although we did not predict the effect, people chose healthy items
less often in unhealthy-trained trials (mean proportion of healthy choices = 32.6%)
than on untrained trials, OR = 0.66, 95% CI = [0.48, 0.91], p = .010.
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Figure 5.4 Probability of choosing go items on within-category choices (left panel) and probability of choosing healthy items on between-category choices (right panel) in Experiment
5.7. P values are calculated from repeated-measures logistic regression. Error bars in the left
panel stand for standard errors of mean proportions; error bars in the right panel stand for
within-subject standard errors of mean.

5

Discussion
Experiment 5.7 replicated and extended the previous findings, by showing that GNG
modified not only choices between unhealthy items, but also choices between healthy
items. Moreover, the training also promoted healthy food choices, when people chose
between healthy and unhealthy items. Note that the promotion of healthy food choices
by GNG is in a relative sense, but not in an absolute sense. That is, although in all
three between-category choice conditions, participants chose healthy items less
than 50% of the time (see Figure 5.4, right panel), their preference for healthy items
increased when they chose between a healthy go item and an unhealthy no-go item,
in comparison to when both items were untrained (i.e., the increase of healthy choices
from untrained condition to healthy-trained condition; see Figure 5.4, right panel).
Although the effect of GNG on choices between healthy and unhealthy items has
been shown before (Porter et al., 2018; Veling et al., 2013b), the current finding is still
noteworthy because of the methodological improvement (i.e., repeated choices for
real consumption rather than one-shot hypothetical choice). Furthermore, the inclusion
of different types of choices and the 1.5-second time limit (which were not used in
previous work) makes it very unlikely that the observed results were due to demand
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characteristics. The current finding therefore serves as a strong demonstration that
GNG can promote healthy food choices.
Furthermore, this finding also suggests that the effect of GNG on preference
is not limited to situations where the value of two choice options is closely matched.
Rather, the training seems able to overcome value difference (at least to some extent)
and increase choices for relatively low-value items. Although no filler choice trials
were included, the choices participants made were arguably still value-based, as the
overall proportion of healthy choices was below 50%, which mirrors the finding that
the average WTP was lower for healthy items than for unhealthy items. The value
difference between healthy and unhealthy items was admittedly small and statistically
not significant. Future research may look into whether the training changes preference
when the value difference is more substantial.
In all experiments reported so far, we consistently found that GNG changed
preference, but only when participants chose under time limit. Furthermore, item
reward value did not seem to moderate the effect. Next, we conducted exploratory
analyses on combined datasets to further explore whether and how decision time and
item reward value may moderate the effect.

Exploratory Analyses on Decision Time
To directly compare fast choices with slow choices, data from all choice tasks
immediately after training were combined (i.e., Experiments 5.1-5.3, 5.7 and the
first session of Experiments 5.4-5.6). Only the trials on which people chose between
two similarly valued go and no-go items were included in this analysis. Multilevel
logistic regression was used, with trials nested within participants, and participants
nested within experiments. Overall, when participants had unlimited time to make
choices (Experiments 5.1, 5.3; 84 participants, 5376 trials), they did not choose go
items significantly more often than no-go items, mean proportion = 50.0%, OR = 1.00,
95% CI = [0.86, 1.16], p = .997. However, when participants chose within 1.5 seconds
(Experiments 5.2, 5.4-5.7; 278 participants, 17792 trials), they chose go items more
often for consumption, mean proportion = 59.6%, OR = 1.48, 95% CI = [1.32, 1.66],
p < .001. The difference between fast and slow choices was statistically significant,
OR = 1.47, 95% CI = [1.18, 1.82], p = .001. These results thus suggest that GNG more
effectively influenced fast choices than slow choices. Note that based on these results,
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it is premature to conclude that slow choices cannot be changed by GNG. In the two
experiments on slow choices reported here (Experiment 5.1 and 5.3), a relatively
small number of stimulus repetitions were used. The possibility remains that with a
more extensive training by repeating the stimuli more times, choices made without
time limit may eventually also be changed. We are currently conducting another line
of research that may provide more insights into this question.
One and a half seconds was used as an arbitrary cut-off value to distinguish
between fast and slow choices. However, decision time varies on a continuum. To
gain a more nuanced understanding of how decision time influences the effect, we
carried out an exploratory analysis by using decision time as a continuous predictor. To
reduce the influence of extreme values, for each participant choice trials with extreme
reaction times were first removed (more than 2.5 absolute deviation from the median;
Leys, Ley, Klein, Bernard, & Licata, 2013). For the remaining trials, decision time was
standardized for each participant and used as predictor for choices. All random
intercepts and random slopes were included. For participants who received the choice
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task with time limit, longer decision time was associated with fewer choices for go
items, OR = 0.88, 95% CI = [0.84, 0.92], p < .001. For those who received the choice
task without time limit, the effect of decision time was not statistically significant,
OR = 0.96, 95% CI = [0.87, 1.06], p = .387. Interestingly, for the retest session in which
participants chose with time limit, longer decision time was again related to lower
likelihood of choosing go items, OR = 0.91, 95% CI = [0.85, 0.96], p = .002 (see Figure
5.5). The pattern of the results remained the same when choice trials with extreme
decision times were included.
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Figure 5.5 Probability of choosing Go items predicted by decision time (standardized). Trials with extreme reaction times were removed (more than 2.5
absolute deviation from the median). Shaded region stands for 95% confidence interval. Heights of bars stand for the average frequencies of choosing
Go items (bottom) and choosing No-Go items (top) within each reaction time bin.
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Exploratory Analyses on Reward Value
In the first six experiments, the effect of GNG on preference was not significantly
moderated by item reward value. To more reliably assess whether GNG more
effectively changed preferences for high-value items, we combined the choice data
from Experiments 5.1 to 5.6. Data from Experiment 5.7 were not included, as item
reward value was not manipulated in Experiment 5.7. Multilevel analysis was used, with
trials nested within participants, and participants nested within experiments. Whether
the two items presented were of low or high value was used as the predictor, and
whether the chosen item was a go or no-go item was used as the outcome. All random
intercepts and random slopes were included. For experiments in which participants
made choices with time limit (i.e., Experiments 5.2, 5.4-5.6; 208 participants), they
chose go items less often when both items were of high value compared to when
both items were of low value, OR = 0.81, 95% CI = [0.66, 0.98], p = .029. This effect,
however, was not found for delayed choices (i.e., retest session of Experiments 5.4-5.6;
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162 participants), OR = 0.93, 95% CI = [0.74, 1.15], p = .491, and for choices without
time limit (i.e., Experiments 5.1 and 5.3; 84 participants), OR = 1.14, 95% CI = [0.81,
1.60], p = .443.
A key assumption of the BSI theory is that the strength of response conflict is
jointly determined by the initial approach tendency and ensuing response inhibition
process. In the current research, we selected items based on participants’ monetary
bids or self-reported wanting, and assumed high-value items evoked stronger
impulses than low-value items. To directly test this assumption, items that were
used in the experimental choice trials were selected for each participant, and go
and no-go trials involving these items were selected from GNG. The results showed
that compared to low-value items, participants responded to high-value items more
accurately on go trials, t(291) = 2.66, p = .008, Hedges’s g = 0.155, 95% CI = [-0.008,
0.318], and less accurately on no-go trials, t(291) = -4.20, p < .001, Hedges’s g = -0.245,
95% CI = [-0.409, -0.082]. Furthermore, on go trials they responded to high-value items
more quickly compared to low-value items, t(291) = -7.45, p < .001, Hedges’s g = -0.435,
95% CI = [-0.600, -0.271] when using median reaction time, and t(291) = -8.57, p < .001,
Hedges’s g = -0.501, 95% CI = [-0.666, -0.336] when using mean reaction time. These
results are in line with previous findings (Chen, Veling, Dijksterhuis, et al., 2018a), and
suggest that the high-value items indeed triggered stronger impulses to respond than
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low-value items. However, the impulse-invoking quality of high-value items does not
seem to lead to stronger preference change for these items.

General Discussion
In the current research, we conducted 7 preregistered experiments to investigate
when linking mere action versus inaction to objects would lead to preference change.
Three questions concerning training-induced preference change were examined,
namely the influence of decision speed, the durability of the effect and the role of item
reward value. GNG reliably led to preference change when participants made choices
within 1.5 seconds (Experiments 5.2, 5.4-5.7), but not when they chose without time
limit (Experiments 5.1 and 5.3). Within fast choices, they were more likely to choose
go items on trials where they chose quickly. Preference change induced by GNG was
still observed one week later, although the effect size largely decreased compared to
immediately after training. High-value items seemed to invoke stronger go responses
than low-value items, but this did not translate into larger preference change for highvalue items. Next we discuss the implications of these findings in turn.

Decision Speed
Contrary to our initial prediction, preference change induced by GNG seems to
be constrained to fast choices. By repeatedly responding to certain food items
and withholding responses toward other items, participants may form associations
between food items and simple motor responses (Logan, 1988; Verbruggen et al.,
2014) and/or associations between foods items and affective reactions that accompany
the responses. For instance, withholding responses may trigger negative affect (Chen
et al., 2016; Veling et al., 2008), while responding to food items may elicit positive
affect (Guitart-Masip et al., 2014), and the affective reactions may become attached
to food items. Although the exact content of the acquired associations is not clear (i.e.,
whether the food items are associated with simple motor responses or with affective
reactions), it seems that the acquired associations can be rapidly retrieved and
influence people’s choices when they choose quickly under time pressure (Berkman
et al., 2017; Forstmann et al., 2016; Strack & Deutsch, 2004). When more decision
time is allowed, the transient activation of the learned associations may quickly decay.
More decision time may allow for the incorporation of more information into the
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construction of preferences (Sullivan et al., 2015). As more information is incorporated
into a decision process, the influence of the initially retrieved associations may weaken.
Interestingly, reliable effects of GNG on evaluation have been found when
evaluation was assessed with self-paced explicit rating (Chen et al., 2016; Chen,
Veling, Dijksterhuis, et al., 2018a; Lawrence, Sullivan, et al., 2015; Serfas, Florack,
Büttner, & Voegeding, 2017a; Veling et al., 2008). Evaluation is thus susceptible to
the influence of GNG when people rate objects without time pressure, whereas
preferences are influenced by GNG when people choose quickly under time pressure.
One explanation for this inconsistency can be that the thoroughness of information
processing may differ between evaluating and choosing food items. When evaluating
a food item, people may sample as minimal information as possible, as the accuracy
of the evaluation does not have any immediate behavioral consequences. Thus, the
affective reactions or the response tendencies triggered by a food item may be
sufficient input for one to arrive at an evaluation. More decision time does not lead to
the revision of this initial immediate evaluation, as people may not be motivated to take
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more information into account (e.g., the iterative reprocessing model of evaluation;
Cunningham & Zelazo, 2007; Cunningham, Zelazo, Packer, & Van Bavel, 2007). In
contrast, when choosing for real consumption, people are more likely to consider all
relevant information thoroughly when there is sufficient time. The initial preference
for go items induced by GNG may thus decrease when other information (e.g., the
caloric content of each food, what one ate before etc.) enter the decision process.
Essentially, this explanation suggests that decision time itself is not crucial;
rather, the effect of GNG on preference depends on whether more information
is integrated into a decision process to reduce the influence of GNG. In that case,
factors other than decision time that also influence the incorporation of information
can also moderate the effect of GNG, such as people’s motivation to consider all
information (as discussed above) and the opportunity afforded by the situation, such
as whether they are under cognitive load or not (Fazio, 1990). These questions need
to be explored to further understand how different factors, including decision time,
influence the training effects.
The current finding also raises new questions on how to interpret previous
findings showing effects of GNG on more distal outcomes such as eating behavior
or weight loss that did not manipulate time pressure. For instance, previous work has
found that GNG can facilitate weight loss attempts (Lawrence, Sullivan, et al., 2015;
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Veling et al., 2014). Based on the present finding, it seems possible that the training
may have contributed to weight loss by changing people’s fast food decisions, but
not or less so when people spend more time to carefully think about what food items
to choose. This hypothesis is difficult to test, but has important implications for the
application of GNG. For instance, GNG may not work well in tandem with interventions
that aim to facilitate weight loss by promoting deliberative decision-making. This may
explain why combining GNG with an implementation intention intervention (Gollwitzer,
1999) that reminds people about their weight loss goals so that they are more likely to
carefully think about their food choices did not lead to an additive effect on weight
loss compared to using one of the two interventions alone (Veling et al., 2014).
Lastly, the finding that effects on preferences are only observed under time
pressure argues against the possibility that participants merely apply a simple rule
to choose go items during the choice task. The accurate application of a rule would
likely benefit from having more time, which would lead to larger preference change
with longer decision time. This reasoning suggests preference changes induced by
GNG are unlikely due to demand characteristics to choose go items over no-go items.

The Durability of Preference Change
In line with a previous meta-analysis that estimated the effects of GNG across time
across different studies (Allom et al., 2016), the effect of GNG on preferences shows a
large decrease in effect size from immediately after training to one to two weeks later.
Importantly, by using the same behavioral measure to assess effects over time, the
present finding shows that the lack of longevity of GNG-induced effects observed in
previous work (Allom et al., 2016) is not simply an artifact of the different behavioral
measures used. Rather, behavior change induced by GNG may indeed by relatively
short-lived.
In contrast to the relatively short-term effect of GNG, CAT has been shown to
induce highly durable preference changes, up to six months after training (Salomon
et al., 2018). Some procedural features of CAT distinguish it from GNG, such as the
inclusion of more no-go trials than go trials, the absence of no-go cues (participants
are asked to respond to go cues and not respond when no cue is presented), and the
dynamic adjustment of the delay between stimulus onset and the go cues (go cues are
presented such that participants manage to respond in time on approximately 75%
of the trials). Because of these procedural features, preference change induced by
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CAT is often not explained by simple motor responses, but by heightened attention
that accompanies the execution of go responses (Bakkour et al., 2016; Schonberg
et al., 2014). In GNG, go trials and no-go trials are equally frequent and both go and
no-go cues are presented, which allows us to examine the effect of mere action versus
inaction without other potentially confounding factors. The current findings therefore
serve as a strong demonstration that merely responding or not responding to objects
can change people’s preferences.
In terms of the longevity of the training-induced preference change, GNG and
CAT show quite different patterns. Here we explored the effect of GNG one to two
weeks after training, a time frame much shorter than the ones explored in previous
work on CAT (from one to six months; Salomon et al., 2018; Schonberg et al., 2014).
However, after this relatively short delay, preference change by GNG already shows
a large decrease. For comparison, the effect of GNG one to two weeks post-training
is numerically smaller than that obtained with CAT six months post-training (Salomon
et al., 2018). This large difference in the durability of the effects is consistent with
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the argument that CAT and GNG lead to preference change via different underlying
mechanisms. CAT therefore seems more suitable for long-term preference change.
Future work is needed to better understand the different natures of the associations
learned during CAT and GNG, and how these associations lead to sustainable changes
in preferences.

The Role of Reward Value
We originally predicted that GNG would lead to preference change only for highvalue items when participants made choices without time limit, as only high value
items require strong inhibition of impulsive responses once a no-go cue is presented
(Veling et al., 2008). Contrary to this expectation, we find that GNG more strongly
changed preference when participants made choices with time limit, and the effect
was not stronger for high-value items. This unexpected result leads to interpretational
difficulties with explaining how preferences were changed. For instance, it could be
that stimulus-stop associations have been acquired for both high- and low-value items,
and that these associations influence preferences for high- and low-value food items
alike. Alternatively, it could be that high-value no-go items were devalued (Chen et
al., 2016; Serfas, Florack, Büttner, & Voegeding, 2017b; Veling et al., 2008), while lowvalue go items increased in value (Chen et al., 2016; Chen, Veling, Dijksterhuis, et al.,
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2018a). The underlying mechanisms for preference change may differ between highand low-value items, but the behavioral outcome can remain the same. The current
data do not allow us to disentangle these different accounts.

Implications for Applied Behavioral Interventions
Tasks that manipulate simple responses (including GNG) have been shown to
influence a range of behavioral outcomes, such as volume of consumption (Bowley
et al., 2013; Folkvord, Veling, & Hoeken, 2016; Houben, 2011; Houben, Havermans,
Nederkoorn, & Jansen, 2012; Houben & Jansen, 2011, 2015; Jones & Field, 2013;
Lawrence, Verbruggen, et al., 2015; Veling et al., 2011), and self-selected portion size
(Van Koningsbruggen, Veling, Stroebe, & Aarts, 2014). Multiple sessions of training
have even been shown to facilitate weight loss in two samples (Lawrence, Sullivan, et
al., 2015; Veling et al., 2014; see also Stice, Yokum, Veling, Kemps, & Lawrence, 2017).
Manipulating simple responses toward objects therefore seems feasible as a behavior
change intervention.
In light of the interest of using these tasks in applied settings, we explored
two questions that are important from an applied perspective. First, we varied the
number of stimulus repetition in training (Experiments 5.4-5.6) to observe its influence
on the effect. Although initially increasing the number of repetitions increases the
effectiveness of training, further lengthening the training does not lead to more
effectiveness. This may be because learning during training is a function of both the
number of repetitions and the amount of attention allocated to the training. While
increasing repetitions provides more instances to learn, it also makes the training more
taxing. To maximize efficiency, training may ideally be provided in multiple sessions
to avoid decrease in attention. Spacing the training also has the added benefit of
promoting long-term behavior change (Bakkour et al., 2018), which is an important
goal for behavior change interventions.
Second, the effect of GNG was examined for choices between healthy and
unhealthy foods. To date, preference change as a result of go/no-go responses has
mostly been examined for choices between items from the same category (Bakkour
et al., 2016; Salomon et al., 2018; Schonberg et al., 2014; Veling, Chen, et al., 2017;
Zoltak et al., 2018). The current work thus extends the effects of GNG to cross-category
choices. However, the task employed here cannot be used in applied settings directly,
as it contains healthy and unhealthy items on both go and no-go trials. As the result on
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the unhealthy-trained condition shows, this may inadvertently create preferences for
unhealthy items to which people respond. When used as an intervention, the training
should contain only healthy items on go trials, and only unhealthy items on no-go
trials (Lawrence, Sullivan, et al., 2015). This modification may also promote learning
on a category level (e.g., healthy food = go, unhealthy food = no-go) rather than on
an item level, which may make the effect more generalizable. Generalization of the
effect from trained to untrained items is important for the application of GNG, and
needs to be further pursued.

Limitations and Future Directions
Due to the lack of untrained items, it is unclear whether preference for go items over
no-go items reflects an effect of the go items, an effect of the no-go items, or a
combination of both. This difficulty in the interpretation of the results applies not only
to the current research, but also to all previous work on CAT, where the same choice
task has been used. Future work may pit untrained items with both go and no-go items
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in the choice task, to directly test whether the effects induced by CAT and GNG are
different in nature.
Slow choices seem resistant to the influences of GNG. Interestingly, previous work
on CAT has similarly shown that the effect of CAT on preferences is also constrained
to situations where people choose under time pressure (Veling, Chen, et al., 2017).
These findings thus raise the question of whether slow choices can be trained at all.
As mentioned earlier, in addition to GNG and CAT, the stop-signal task (SST) has
also been used to change behavior, although the results seem mixed (e.g., Houben,
2011; Schonberg et al., 2014). The effect of SST on health behavior change is also
smaller than that of GNG in recent meta-analyses (Allom et al., 2016; Jones et al.,
2016). Nevertheless, SST is often proposed to strengthen top-down inhibitory control
capacity for effortful inhibition of impulses triggered by objects (Houben, 2011). SST
may have a stronger influence on choices when there is sufficient time for the topdown suppression of impulses, but this possibility remains to be tested.
Lastly, it is unclear whether the observed results can generalize to other samples,
such as overweight or obese individuals. Previous work has shown that repeated
GNG with unhealthy food items facilitated weight loss in an overweight community
sample (Lawrence, Sullivan, et al., 2015), suggesting that the effects are not confined
to undergraduate students with healthy body weight. Furthermore, a recent study
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directly compared an undergraduate student sample to a clinical sample of morbidly
obese individuals, and found that GNG changes food evaluation in both samples
in similar ways (Chen, Veling, Dijksterhuis, & Holland, 2018b). However, important
differences were also identified. Student participants learned the stimulus-response
contingencies better than the clinical sample, and the learning of stimulus-response
contingencies predicted the effect of GNG on evaluation. In light of these findings,
the generalizability of the current findings to different samples and contexts may
depend on how well individuals can learn from training, which also needs to be
further explored.

Conclusion
To summarize, GNG reliably changed people’s preference when they made choices
with time limit, but not with unlimited time. This effect was still observed one week
after training. Furthermore, item reward value did not moderate the effect. Overall,
these findings are in line with the idea that preferences are dynamically constructed
in choice situations (Slovic, 1995). The construction of preferences is influenced by
recent learning histories (such as whether one has responded to certain items or not),
especially when preferences need to be expressed quickly. By showing the reliability,
generalizability and boundary condition of preference change induced by mere action
versus inaction, the current work provides more insight into the underlying mechanism
of the effect, how trainings that manipulate responding versus not responding to
objects may be used in applied settings, and raise new questions on what people
learn from repeated stimulus-response pairings and how these learned content
impact preferences.
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Supplemental Materials
Table S5.1 Overview of Participant Exclusion for All Experiments.
Exp

Planned

Recruited Exclusion1

Exclusion2

Exclusion3

Excluded Final

Exp5.1

30

31

1

4

2

7

24

Exp5.2

30

31

0

2

1

2a

29

Exp5.3

60~65

60

NA

NA

0

0

60

Exp5.4

60~65

63

NA

NA

0

0

63

Exp5.5

60~65

60

NA

NA

3

3

57

Exp5.6

60~65

60

NA

NA

1

1

59

Exp5.7

72

73

NA

1

2

3

70

Note: Planned: planned sample size in preregistrations; Recruited: number of participants
recruited; Exclusion 1: age not between 18 and 26 years; Exclusion 2: bid less than 25 cents
on more than 40 items; Exclusion 3: accuracy on go or no-go trials 3SD below sample mean
and below 90%. Excluded: total number of participants excluded; Final: final number of
participants remaining in the analysis. NA when a certain exclusion criterion was not used. a.
One participant met both exclusion criterion 2 and 3.
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0
3

60

63

47

60

60

Exp5.3

Exp5.4

Exp5.4-Retest

Exp5.5

Exp5.6

Exp5.5&5.6-Retest 115

Exp5.7

3

0

0

0

2

70 (59/11)

115 (94/21)

59 (52/7)

57 (43/14)

47 (44/3)

63 (54/9)

60 (49/11)

29 (22/7)

22.8 (3.1)

20.8 (2.2)

20.7 (2.3)

20.9 (2.1)

19.6 (1.2)

19.6 (1.2)

20.3 (2.3)

21.4 (2.2)

4.0 (2.2)
4.0 (1.4)

41.1 (32.3)
49.4 (27.5)

b

21.8 (3.1)

22.4 (3.8)

4.5 (2.3)

4.7 (3.2)

45.7 (32.5)
45.0 (36.4)

3.7 (0.9)

4.4 (2.4)

6.2 (2.2)

6.2 (4.3)

5.4 (3.3)

4

14

8

6

7

8

9

6

4

10.0 (4.1)

11.7 (4.5)

11.8 (4.3)

11.6 (4.7)

12.7 (4.0)

11.8 (4.3)

11.8 (4.4)

11.1 (4.9)

11.5 (4.0)

Fasting Hours On Diet Restraint Eating

39.9 (41.9)

45.0 (44.3)

50.1 (40.3)

45.9 (21.2)

49.2 (32.8)

Hunger

a

a

22.3 (3.7)

22.4 (3.9)

21.8 (2.9)

21.6 (2.7)

21.6 (2.7)

22.3 (2.9)

21.7 (1.9)

BMI

Note: Standard deviations are reported in parentheses. a. One participant indicated a height of 75, which is likely a typo and results in BMI of 133.3.
BMI was calculated based on the remaining participants. b. One participant indicated a weight of 25, which is likely a typo and results in BMI of
8.6. One participant indicated a height of 60, which is likely a typo and results in BMI of 166.7. A third participant did not provide weight. BMI was
calculated based on the remaining participants.

73

1

31

22.1 (2.5)

Exp5.2

24 (22/2)

31

Exp5.1

7

Initial Sample Exclusion Final Sample (F/M) Age

Experiment

Table S5.2 Participant Demographic Information
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Table S5.3 Performance in the Go/No-Go Training
Experiment

No-Go Accuracy

Go Accuracy

Median GoRT (ms)

Exp5.1

94.5% (6.2%)

99.3% (1.1%)

426.9 (51.7)

Exp5.2

95.6% (3.9%)

99.1% (1.4%)

426.7 (52.1)

Exp5.3

97.7% (2.4%)

99.4% (0.9%)

353.4 (66.5)

Exp5.4

98.2% (1.5%)

99.5% (1.0%)

373.2 (52.4)

Exp5.5

97.7% (2.0%)

99.5% (1.1%)

346.4 (52.3)

Exp5.6

97.8% (1.7%)

99.0% (1.8%)

365.3 (64.1)

Exp5.7

98.2% (1.8%)

99.6% (0.7%)

446.5 (48.0)

Note: Standard deviations are reported in parentheses.
Table S5.4 Performance in the Memory Recognition Task
Experiment

Overall Memory

Go Memory

No-Go Memory

Exp5.1

68.1% (12.3%)

75.9% (14.9%)

46.6% (17.1%)

Exp5.2

67.5% (14.6%)

73.8% (16.7%)

50.0% (21.1%)

Exp5.3

55.7% (13.7%)

56.1% (16.1%)

55.2% (16.4%)

Exp5.4

60.2% (13.8%)

61.4% (15.2%)

58.9% (16.6%)

Exp5.4 - Retest

52.2% (10.0%)

52.7% (12.0%)

51.7% (13.9%)

Exp5.5

68.9% (15.4%)

70.7% (18.3%)

67.1% (18.2%)

Exp5.5 - Retest

54.9% (9.6%)

53.9% (12.5%)

55.9% (13.7%)

Exp5.6

67.9% (13.8%)

68.0% (13.9%)

67.8% (17.6%)

Exp5.6 - Retest

53.4% (9.8%)

50.2% (12.4%)

56.7% (16.5%)

Exp5.7

75.0% (18.8%)

75.1% (18.7%)

74.9% (21.3%)

5

Note: Standard deviations are reported in parentheses.
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Exploratory analysis: Performance in GNG across blocks
To explore the development of go and no-go performance throughout the training,
data from the GNG of all 7 experiments were combined. To see how accuracy on
the go trials developed across blocks, all go trials were selected (362 participants,
66800 trials in total). A multilevel logistic regression model was used, with block
number as the predictor, and whether the response on the go trial was correct or not
as the outcome. Trials were nested within participants, and participants nested within
experiments. The random intercepts on the level of participants and on the level of
experiments, and the random slope of block number on the level of participants
were included in the model as random effects. The results showed that the effect
of block number was not statistically significant, OR = 1.00, 95% CI = [0.94, 1.08],
p = .903. In other words, participants did not become more accurate in responding
to go items as the training progressed. A similar analysis on the accuracy on no-go
trials (362 participants, 54928 trials in total), however, revealed a small but statistically
significant main effect of block number, OR = 1.05, 95% CI = [1.02, 1.08], p < .001,
such that participants gradually became more accurate in not responding to no-go
items. Lastly, multilevel linear regression with the reaction time on go trials as the
outcome showed that participants gradually slowed down over the course of training,
Estimate = 1.23 ms, SE = 0.42 ms, t(333.7)= 2.95, p < .003. Overall, these results
suggest that participants’ performance in GNG did improve in terms of the accuracy on
no-go trials. However, this improvement in no-go performance maybe due to the fact
that participants slightly slowed down in responding to go items throughout training,
which makes withholding responses easier. Overall, we did not find strong evidence
for the improvement of performance throughout training. This may potentially be
explained by a ceiling effect, since GNG is easy to perform, which leaves little room
for further improvement. See Figure S5.1 for the results.
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5

Figure S5.1 Development of Go/No-Go Performance Across Blocks in GNG. Error bars stand
for within-subject standard errors.
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Exploratory analysis: Decay of training effect as a function of the delay
between two sessions

To explore whether the decay of training effect would be moderated by the number
of delayed days between two sessions, we conducted an exploratory analysis for
Experiment 5.4 – Retest and Experiment 5.5 & 5.6 - Retest, separately. In the exploratory
analysis, data from the experimental choice trials of both sessions were combined.
Session number, the number of delayed days (centered) and their interaction were
used as predictors in repeated-measures logistic regression, with whether the chosen
item on each choice trial was a go item or not as the outcome. For the retest session
of Experiment 5.4, both the main effect of delayed days and the interaction effect are
not statistically significant, OR = 0.98, 95% CI = [0.92, 1.05], p = .634, and OR = 0.98,
95% CI = [0.94, 1.03], p = .414, respectively. Similar results are found for Experiment
5.5 & 5.6 - Retest: for the main effect of delayed days, OR = 0.93, 95% CI = [0.86, 1.01],
p = .092, and for the interaction effect, OR = 1.03, 95% CI = [0.98, 1.08], p = .269.
The lack of interaction effect suggests that the difference between Session 1 and
Session 2 does not become significantly larger when the delay between two sessions
increases in the current data. This finding may suggest that the preference change
effect induced by GNG already shows a large decrease within one week, and further
increasing the delay does not lead to further large decreases of the effect. This
absence of interaction, however, may also be caused by the small range of delayed
days used in the current project (i.e., between one and two weeks; furthermore, the
majority of participants in Experiments 5.5 and 5.6 participated in the retest session
7 or 8 days after training).
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Experimental Pairs

Filler Pairs

High Go

High NoGo

High Go

Low Go

8

9

16

38
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13

20

15

14

22

44

Low Go

Low NoGo

High NoGo

Low NoGo

46

47

17

39

48

19

51

21

52

23

11
12

49
50
53

X

X

X

X

40
42

41
43
45

Figure S5.2 Selection procedure used in Experiments 5.1-5.6. Numbers stand for the rankings,
with 1 being the item with the highest willingness to pay (Experiment 5.1 and 5.2) or rating
(Experiments 5.3-5.6). Note that in Experiment 5.1 and 5.2, all unselected items (i.e., items
whose rankings were not shown above) were presented on go trials, resulting in 16 no-go
items and 44 go items in training. In Experiments 5.3-5.6, the unselected items were not used
in training, resulting in 16 go items and 16 no-go items in training. Each item on the left of the
multiplication sign is paired with each item on the right once to create unique pairs to be used
in the choice task.

5

Figure S5.3 Illustration of items selected for within-category and between-category choices
in Experiment 5.7.
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Figure S5.4 Selection procedure used in Experiment 5.7. H: healthy food items (i.e., fruits and
vegetables); U: unhealthy food items (i.e., high-calorie snacks). Numbers stand for the rankings,
with 1 being the item with the highest willingness to pay. Items ranked from 3 to 11 and items
ranked from 20 to 28 are selected for between-category choices. For every three items, one is
assigned to the Healthy-Trained condition, one to the Unhealthy-Trained condition, and one to
the Untrained condition. The assignment is done in a counterbalanced manner, for each participant randomly. The numbers presented in the table for between-category choices are results
from one such random assignment process and are used as an illustration. Items selected for
the Untrained condition were used in the choice task but not included in the training.
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Abstract
Understanding how sustainable preference change can be achieved is of both
scientific and practical importance. Recent work shows that merely responding or
not responding to objects can change people’s preferences for some duration, by
assessing preferences both immediately after response manipulation and after one
week. However, it is unclear whether the delayed preference change is caused directly
by response manipulation or indirectly by the choices people made immediately
following training. To address this question, in two preregistered experiments,
participants responded to go food items and not to no-go food items in a go/no-go
training. Immediately after training, they made choices for half of the items. One
week later, participants made choices again, where half of the choices had been
presented immediately following training (i.e., repeated choices), and the other
half not (i.e., new choices). Participants preferred go items both immediately after
training and one week later. Furthermore, the delayed effect was observed for both
repeated and new choices, revealing a direct effect of go/no-go training on delayed
preference change. Exploratory analyses revealed that the delayed effect is strongly
related to explicit memory of the stimulus-response contingencies immediately after
training, and that this memory is impaired by choices. Thus, paradoxically, indicating
preferences impairs memory of stimulus-response contingencies, which may in turn
reduce preferences for go items. These findings thus show that mere action versus
inaction can directly induce preference change over time, and the explicit memory
representations of stimulus-response contingencies play a crucial role in this effect.

Keywords: go/no-go, preference, choice, memory, behavior change
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Preferences play an important role in various domains of behavior. To understand
the formation and modification of preferences, past research has mainly focused on
reinforcement learning (Sutton & Barto, 1998), in which responses or behaviors that
lead to positive outcomes become preferred, whereas ones that lead to negative
outcomes tend to be avoided (Thorndike, 1911). Although reinforcement learning
plays a prominent role in shaping preferences (Daw & O’Doherty, 2013; Doya, 2008),
some recent work suggests that merely responding or not responding to objects
without reinforcement may also lead to preference change (Chen et al., 2019; Salomon
et al., 2018; Schonberg et al., 2014). Since human behaviors can be divided into two
broad categories, namely the execution of behavioral responses and the absence
of any response (Guitart-Masip, Duzel, Dolan, & Dayan, 2014b), understanding the
influence of mere action versus inaction on preferences may provide important
insights into how preferences are created and modified.
Different paradigms have been used to manipulate whether participants respond
or not respond to certain stimuli, such as the stop-signal training (SST; Lawrence,
Verbruggen, Morrison, Adams, & Chambers, 2015; Wessel, O’Doherty, Berkebile,
Linderman, & Aron, 2014), the cue-approach training (CAT; Schonberg et al., 2014)

6

and the go/no-go training (GNG; Veling et al., 2008). In the current research, we focus
on the GNG training rather than the SST or the CAT, as we are mainly interested in
the effects of mere action versus inaction on preferences. The GNG training is more
suited for this purpose, as the go and no-go trials in the GNG training are closely
matched, except for whether participants respond or not. Any effects of GNG training
on preferences may therefore be attributed to mere action versus inaction. The go
and no-go trials in the SST and the CAT, on the other hand, have multiple procedural
differences in addition to whether participants respond or not. The effects by the
SST and the CAT on preferences may therefore by explained by other processes
(i.e., attentional process) rather than mere action versus inaction (for a more detailed
discussion, see Chen et al., 2019).
As a demonstration of the effect of mere action versus inaction on preferences,
in a recent series of experiments (Chen et al., 2019), participants were trained to
consistently respond to certain food items by pressing a key on a keyboard, and not
respond to other items in a GNG training. Note that no reward or punishment was
provided after the go and no-go responses, thus the responses were not reinforced.
After the training, participants repeatedly made choices between go and no-go food
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items for consumption. The results consistently showed that participants exhibited
preferences for go items when they made choices quickly, i.e. under time pressure.
Furthermore, this effect was still observed one week after training, when participants
received the same choice task again. However, when given unlimited time for making
choices, they did not show preference for go items. Similar results have been observed
with the CAT. The CAT leads to preference change when people make choices under
time pressure, but not when they have unlimited time (Veling, Chen, et al., 2017);
furthermore, preference change induced by CAT is observable up to six months after
training (Salomon et al., 2018; Schonberg et al., 2014).
Till now, different theoretical accounts have been proposed to explain the effect
of mere action versus inaction in the GNG training on preferences (Veling, Lawrence,
et al., 2017). According to the Behavior Stimulus Interaction theory (the BSI theory),
positive stimuli automatically trigger a tendency to respond. However, when positive
stimuli are presented together with no-go cues, participants need to inhibit their
response tendencies. The tendency to respond triggered by positive stimuli, on the
one hand, and the response inhibition process required by the task, on the other
hand, lead to a response conflict. Since response conflicts are aversive (Dreisbach
& Fischer, 2015; Fritz & Dreisbach, 2013), the value of positive stimuli decrease via
their repeated pairing with response conflict (Chen et al., 2016; Veling et al., 2008),
and the preferences for these stimuli are accordingly reduced (Veling et al., 2013a).
Another account, the stimulus-stop association account, posits that throughout
the GNG training, the no-go stimuli become associated with stopping (Best et al.,
2016; Verbruggen & Logan, 2008). Once formed, such stimulus-stop associations
can be retrieved automatically when no-go stimuli are encountered later on, thereby
suppressing responses toward no-go stimuli. This suppression effect may then reduce
preference for no-go stimuli, as preferences often need to be expressed by executing
a certain response (i.e., pointing at or grabbing a preferred object).
The current research does not seek to evaluate the relative merit of the BSI theory
and the stimulus-stop association account in explaining the preference change effect
induced by the GNG training. Rather, the main research question of the current paper
concerns the nature of the delayed effect, observed one week after participants
received the training. In the previous experiments that examined the delayed effect
(Chen et al., 2019), participants always received a (fast) food choice task immediately
following training; one week later, they received the same (fast) choice task again.
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The preference change effect observed in the second session can therefore be
explained by one of two different processes: (1) first, changes induced by the GNG
training (i.e., either the reduced reward value of no-go stimuli, or the stimulus-stop
associations established for no-go stimuli) may be maintained over time, and may
influence preferences when the stimuli are encountered one week later (hereafter
the direct effect account; see Figure 1); (2) alternatively, the delayed effect may be
caused by the effect of GNG training on immediate choices (hereafter the indirect
effect account). To support this indirect effect account, previous work on choiceinduced preference change has shown that choosing certain items can increase the
value of the chosen items, thereby increasing preferences for the chosen items (Sharot,
Fleming, Yu, Koster, & Dolan, 2012; Sharot, Velasquez, & Dolan, 2010). According to
the indirect effect account, the changes induced by the GNG training may dissipate
quickly with the passage of time; the changes induced by the immediate choice task,
on the other hand, may be maintained and influence choices in the second session.

6

Figure 6.1 Schema illustrating the two accounts for the delayed effect. The delayed effect of
GNG training may be mediated by the effect on immediate choices (indirect effect account,
top), or without the mediation of the immediate effect (direct effect account, bottom).

The design of the previous experiments (Chen et al., 2019) does not allow us to
disentangle these two different accounts. That is, since the delayed choice task was
always preceded by the same choice task immediately following training, either of the
two processes could have contributed to the delayed effect. A similar question arises
concerning the delayed effect obtained with the CAT. Although the CAT has been
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shown to influence people’s preferences up to six months after training across a wide
variety of stimuli in multiple experiments (Salomon et al., 2018; Schonberg et al., 2014),
because the same choice task was always included immediately following training,
it has remained unclear whether the effect of the CAT, or the effect of immediate
choices, was maintained over such a long duration.
In the present research, we seek to disentangle the direct influence of GNG
training and the indirect influence via immediate choices on the delayed effect, by
manipulating whether certain food items were presented in the immediate choice task
or not. Half of the food items were used in both the choice task immediately following
training and the choice task after some delay (i.e., the repeated choices), whereas the
remaining half was presented only in the delayed choice task (i.e., the new choices).
According to the direct effect account, preference change of similar magnitude would
emerge for both the repeated and new choices in the delayed choice task. The indirect
effect account, on the other hand, predicts preference change only for the repeated
choices, but not for the new choices. It is possible that both processes may contribute
to the delayed effect simultaneously. In that case, preference change would occur for
both types of delayed choices, but will be more pronounced for the repeated than
for the new choices.
In addition to pitting the two theoretical accounts, the current research also
explored the possibility of using immediate fast choices to change delayed slow
choices. To date, slow choices seem impervious to the influence of GNG training.
Participants who received the choice task without time pressure overall did not prefer
go items; for those who received the choice task under time pressure, the preference
for go items decreased on trials with longer reaction times (Chen et al., 2019). These
results raised the question of whether the influence of GNG training on preference is
confined to situations where people make choices quickly. This question is of practical
interest, as in real life people often do have sufficient time for making choices. The
indirect effect account suggests an interesting possibility in this regard. According
to the indirect effect account, one way to modify slow choices is to first use the GNG
training to modify people’s fast choices. Choosing certain items in such fast choice
tasks may increase the value of the chosen items (Sharot et al., 2010), which in turn
may lead to choices for the same items in the future, even when people have unlimited
time. The present research explored this possibility by giving participants a choice
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task with time limit immediately after training, and a choice task without time pressure
one week later (Experiment 6.1).
Memory of stimulus-response contingencies was assessed in both sessions with
a memory recognition task, as an exploratory measure of how well participants have
learned the contingencies from training. Contingency memory has been shown to
correlate with the effect of GNG training on stimulus evaluation in previous work,
where participants with better contingency memory showed a larger effect of GNG
training on food evaluation (Chen et al., 2018b). To explore whether contingency
memory is similarly related to the effect of GNG training on preference, and the role
contingency memory potentially plays in the delayed effect, the current research
included measurements of stimulus-response contingency memory after the choice
task in both sessions.
To summarize, in the present research, participants were trained to consistently
respond to certain food items and not respond to other items in GNG training.
Immediately after training, they received a food choice task in which they chose
between go and no-go items for consumption. One week later, the same items were
again used in a delayed food choice task (i.e., repeated choices), along with items that

6

were not used in the immediate choice task (i.e., new choices). Memory of the stimulusresponse contingencies was assessed after both choice tasks, to explore the role of
contingency memory in the delayed effect. Planned sample sizes, data analysis plans
and hypotheses were all preregistered. The experimental materials, preregistrations,
raw data and analysis scripts can be found at https://osf.io/r8ya6/.

Experiment 6.1
When conducting Experiment 6.1, we expected to obtain results in line with the
indirect effect account. This expectation was motivated by the following observations.
First, choice-induced preference change has been shown to be quite long-lasting in
previous research (Sharot et al., 2012). It therefore seems plausible that such change
induced by choices in Session 1 can be maintained over a week and influence choices
in Session 2. Second, to the best of our knowledge, no empirical findings till date had
shown that the changes induced by GNG training, be it the reduced reward value
of no-go stimuli or the formation of stimulus-stop associations, can be maintained
over one week. Although previous work has shown that repeated GNG training
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facilitates weight loss in two samples (Lawrence, Sullivan, et al., 2015; Veling et al.,
2014), suggesting to some extent the durability of training-induced changes, the
underlying mechanisms that mediate such weight loss effects have remained unclear.
These findings therefore do not unequivocally support the claim that training-induced
changes can be maintained. Last, the fact that participants would receive a choice
task without time pressure in Session 2 makes it more difficult to obtain support for
the direct effect account. That is, since slow choices made immediately following
training seemed insusceptible to the influence of training (Chen et al., 2019), even if the
training-induced changes could be maintained, their influence on preferences would
at best be small when participants were given unlimited time to choose in Session 2.
Taking all these considerations into account, we predicted participants would choose
go items more often in the immediate fast choice task. When the same choices were
repeated one week later, they would still prefer go items. For the new choices in the
delayed choice task, we expected no effect.

Method
Sample Size
A previous experiment with a similar setup showed the effect size of delayed effect
for repeated choices to be Cohen’s d = 0.243 (Experiments 5 and 6, Chen et al., 2019).
For this experiment, we planned to recruit 150 participants. With 150 participants
and Cohen’s d = 0.243 as the expected effect size, the experiment has 84% power
for detecting a statistically significant effect (Faul et al., 2007). The Psychology
Ethics Committee at Leiden University reviewed and approved the experiment. All
participants provided written informed consent before participation.
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Participants
One hundred and fifty-one participants (mostly undergraduate students at Leiden
University) took part in the experiment1. Three participants were excluded based on
preregistered exclusion criteria (accuracy on go or no-go trials 3SDs below sample
mean and below 90%), leaving 148 participants for analysis in Session 1 (41 males,
Mage = 23.0, SDage = 3.2). Four participants did not finish Session 2, leaving 144
participants in Session 2. With 144 participants, the achieved power (with Cohen’s
d = 0.243 as the expected effect size) is around 82.5%.
Materials
Sixty pictures of different candies were selected from previous work (Chen et al., 2019)
and used as stimuli in the current experiment. All candies were purchased from local
supermarkets and candy stores, and hence familiar to our participants. All candies
were placed on a white plate against gray background, and covered more or less the
same amount of area on the plate. The experiment was programmed in PsychoPy
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(Peirce, 2007) and executed for each participant individually.
Procedure
Preparation in Session 1
Participants were asked to fast for 3 hours before the session started. Those who failed
to adhere to this requirement were asked to reschedule the experiment.

1

Due to the large amount of studies conducted on the GNG training and lectures on related
topics at Radboud University, the participants might be relatively familiar with the GNG training. To explore whether such familiarity with the experimental paradigm would influence the
results, we conducted the first experiment at Leiden University, where the participant pool
was less familiar with the task. Note also for both Experiment 6.1 and 6.2, we planned to recruit 150 participants in our preregistrations. However, the number of recruited participants
exceeded the planned sample size by one participant in both experiments. This is because
participants signed themselves up for the experiments via an online participation system.
Despite the experimenters’ close monitoring, the number of sign-ups exceeded the planned
sample size before the sign-up portal could be closed. In the interest of retaining all data,
we decided to not discard the data from the extra one participant for both experiments.
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Evaluation
Participants first received an evaluation task, in which 60 pictures were presented one
by one. For each picture, they indicated how much they wanted to eat the depicted
candies at the moment by using a slider (-100 = Not at all; 100 = Very much).
Ranking and Selection
After getting the ratings of all pictures, the program ranked the pictures from the
highest rating till the lowest for each participant. Thirty-two pictures (high value,
ranked from 8 till 23; low value, ranked from 38 till 53) were selected and used in the
following tasks. These 32 selected pictures were further divided into two sets, with
one set used only in the choice task in Session 2, and the other set used in the choice
tasks in both sessions. Within each set, half of the items were of relative high value,
and the other half was of relative low value. These items were assigned into the go
and no-go condition in a counterbalanced manner, for high-value and low-value items
separately, such that the average rating of go and no-go items would be matched
before training. See Appendix for the item selection procedure.
Go/No-Go Training
Participants then received the GNG training. Each picture was presented on screen
for 1 second. One hundred milliseconds after picture onset, a tone (300ms, 1000 Hz
vs. 400 Hz) was played via a headphone. If the played tone was a go cue, participants
needed to press the B key on a keyboard as fast as possible; if it was a no-go cue,
participants should not respond. The assignment of two different tones as go and
no-go cue was counterbalanced across participants. The inter-trial interval randomly
varied between 0.5 and 1.5 seconds, in steps of 0.1 second. Before the experimental
blocks, participants received a practice block of 8 trials to get familiar with the task.
Pictures used in practice were not used in the experimental blocks. During practice,
performance feedback was provided after each trial (O in green after a correct
response, and X in red after an incorrect response). The real training consisted of 10
blocks, with each of the 32 selected pictures presented once in each block. Order of
presentation was randomized within each block, and no performance feedback was
provided after each trial. After every two blocks, the average accuracy in the preceding
two blocks was displayed, and participants could take a short break if necessary.
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Food Choice in Session 1
After the training, participants received a choice task. They were informed that at
the end of the session, one choice trial would be randomly selected and they would
receive a small bag of the candies they had chosen on the selected trial. To reduce
the amount of candies we needed to purchase, two additional trials were added to
the end of the choice task, with candies that were present in the lab, and the program
always selected from these two choice trials. These two trials were not included in
data analysis. On each trial, two candy pictures were presented side by side. The two
candies had similar rating (both high or both low), with one previously associated
with go response and the other with no-go response in the training. Participants
indicated their preferences by pressing either the U or I key, for the left and right
candy, respectively. Participants received 1.5 seconds for each choice. If they did not
choose in time, the trial would be replaced by a prompt saying “Choose faster!” in red
for 500 ms, and the missed trial would be repeated later until participants chose in
time. If participants chose in time, the chosen candy was surrounded by a green frame
for 500 ms as confirmation. The inter-trial interval varied between 1.0 and 1.5 seconds,
in steps of 0.1 second. In this choice task, only half of the 32 selected pictures were
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presented. These 16 pictures were used to create 32 unique pairs (see Appendix),
and each pair was presented twice to counterbalance the left-right position, resulting
in 64 trials in total.
Memory Recognition in Session 1
All 32 selected pictures were shown again one by one, and participants indicated
for each picture whether it was associated with pressing B (i.e., go response) or not
pressing B (i.e., no-go response) in the training.
Demographics in Session 1
At the end of Session 1, participants filled out the restrained eating scale (van Strien,
Peter Herman, Engels, Larsen, & van Leeuwe, 2007) and reported height, weight, the
last time of food consumption, and the current hunger level (-100 = Not hungry at all;
100 = Very hungry). Age and gender were reported when the experimental program
was started. The result from the choice task was revealed, and participants received
a small bag of candies of their choice.

215

Zhang_Chen_inside_Final.indd 215

1/6/2020 09:37:04

Preference Change by GNG Persists Over Time

Preparation in Session 2
Session 2 was scheduled one week after Session 1 (except 2 participants, who took
part in Session 2 eight days after Session 1, instead of seven days). Participants were
again asked to fast for at least 3 hours before the session started.
Food Choice in Session 2
Upon arrival, participants received a choice task where they made choices for
consumption. The procedure of the choice task was the same with the choice task in
Session 1, except two important changes. First, in this delayed choice task, participants
received unlimited time for each choice. Second, the choice task was twice as long
as the one from Session 1. Half of the trials were repetitions of the choice trials from
Session 1, while the remaining half was presented for the first time. Like the repeated
choice trials, on these new trials, the two candies had similar rating (both high or
both low), with one paired with go response and the other with no-go response in
the training. The whole choice task consisted of 128 trials, with the repeated and new
trials randomly mixed.
Memory Recognition in Session 2
All 32 pictures were presented again, and participants again indicated for each
picture whether it was associated with pressing B or not pressing B in the training
they received one week earlier.
Demographics in Session 2
In the end participants indicated the last time of food consumption, and the current
hunger level (-100 = Not hungry at all; 100 = Very hungry). The result from the food
choice task was revealed, and participants again received a small bag of candies of
their choice. They were debriefed, compensated and thanked.
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Figure 6.2 Sequence of Main Experimental Tasks. (A) Evaluation Task; (B) The Go/No-Go Training; (C) Choice Task in Session 1 (Immediate Choice); (D) Choice Task in Session 2 (Delayed
Choice).
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Results
Performance in GNG Training
Participants performed very well in the GNG training: for accuracy on go trials,
M = 98.6%, SD = 3.1%; for accuracy on no-go trials, M = 97.9%, SD = 2.1%; and for
median go reaction time, M = 518.0 ms, SD = 60.4 ms. For the development of
performance throughout training, see the Supplemental Materials.
Stimulus Evaluation
To check whether the selection procedure succeeded in creating go and no-go items
that were matched on evaluation before training, average ratings of the selected
pictures were submitted to a repeated-measures ANOVA, with rating level (high-value
vs. low-value), training condition (go vs. no-go) and choice type (new vs. repeated
choices) as independent variables. Only the main effect of rating level was statistically
significant, F(1, 147) = 838.2, p < .001, such that participants rated high-value items
higher than low-value items (Mhigh = 35.3, SD high = 37.9; Mlow = -49.8, SD low = 39.3).
None of the other effects was statistically significant, Fs < 1.30, ps > .256. Inspection
of the means across cells showed that before the training, the average ratings of go
and no-go items were closely matched, for high-value and low-value items separately,
and for both items used on new and repeated choice trials. See Table S6.1 in the
Supplemental Materials.
Choice in Session 1
Choice trials from Session 1 were analyzed with multilevel logistic regression, using
the glmer function from the lme4 package in R (Bates, Maechler, Bolker, & Walker,
2015; R Core Team, 2017). In line with previous findings (Chen et al., 2019) and our
prediction, participants chose go items more often for consumption when they chose
under time pressure, Odds Ratio (OR) = 1.53, 95% CI = [1.36, 1.72], p < .001 (see Figure
6.3, left panel).
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Figure 6.3 Percentages of choosing go items in different conditions in Experiment 6.1 (left panel)
and Experiment 6.2 (right panel). P values are calculated from multilevel logistic regressions that
compare the percentages of go choices against the 50% chance level (lower row) or between
two conditions (upper row). Error bars stand for standard errors of mean.

Choice in Session 2
For the repeated choices from Session 2, in line with our prediction, participants still
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preferred go items, OR = 1.22, 95% CI = [1.08, 1.37], p = .002. The size of this delayed
effect was much smaller than that of the immediate effect, OR = 0.80, 95% CI = [0.73,
0.87], p < .001. Contrary to our prediction, on the new choice trials, participants also
showed a preference for go items, OR = 1.45, 95% CI = [1.26, 1.66], p < .001. Directly
comparing new choices and repeated choices further showed that preference for
go items was stronger for new choices than for repeated choices, OR = 1.19, 95%
CI = [1.00, 1.41], p = .046.
Exploratory Analyses on Choice Reaction Time
To explore the influence of choice reaction time on the choices participants made,
the standardized z score of reaction time on each choice trial was used as a predictor
in multilevel logistic regressions, with whether the chosen item on each trial was a
go or no-go item as the outcome. Random intercept and random slope for reaction
time were included. In both Session 1 and Session 2 (and for both repeated and new
choices in Session 2), slower reaction time was associated with lower probability of
choosing go items, OR = 0.85, 95% CI = [0.80, 0.91], p < .001 in Session 1; OR = 0.94,
95% CI = [0.88, 0.99], p = .030 for the repeated choices in Session 2; and OR = 0.87,
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95% CI = [0.82, 0.92], p < .001 for the new choices in Session 2. These results remained
the same when trials with extreme reaction times were removed (more than 2.5
absolute deviation from the median; Leys, Ley, Klein, Bernard, & Licata, 2013). For
the results when trials with extreme reaction times were removed, see Figure 6.4.

220

Zhang_Chen_inside_Final.indd 220

1/6/2020 09:37:04

Figure 6.4 Probability of choosing Go items predicted by standardized reaction time on each choice trial in Experiment 6.1. Trials with extreme reaction times were removed. Shaded region stands for 95% confidence interval. Heights of bars stand for the average frequencies of choosing Go items
(bottom) and choosing No-Go items (top) within each reaction time bin.
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Discussion
In line with our prediction, and replicating previous findings, participants preferred
go items when they chose under time pressure immediately after training. When the
same choices were repeated one week later, preference change was still observed.
Importantly, in the delayed choice task, no time pressure was implemented. Contrary
to our prediction, participants also showed a preference for go items with the new
choices in Session 2. The magnitude of the preference change effect was even
slightly larger for the new choices than for the repeated choices. This pattern of
results suggests that the GNG training had a direct influence on delayed choices,
and repeating the choices did not lead to a stronger delayed effect.
As noted above, the setup of the current experiment made it difficult to obtain
support for the direct effect account, by using a choice task without time pressure in
Session 2. Despite this design feature, participants still showed a preference for go
items for the new choices in Session 2. While this result provides strong support for the
direct effect account, it also highlights an inconsistency between the current findings
and the results obtained by previous research (Chen et al., 2019). That is, previous work
has shown that immediately following training, participants overall did not choose go
items more often in a choice task without time pressure, while here the training led
to preference change for choices with unlimited time after a delay of one week. It is
unclear how and why the changes induced by GNG training seemed to have failed to
influence immediate slow choices in previous work, while their influence on delayed
slow choices re-emerged with the passage of time.
Exploratory analyses on choice reaction time showed that for both immediate and
delayed choices, longer choice reaction time was associated with lower probability of
choosing go items. The claim that fast choices are more susceptible to the influence
of GNG training therefore still seems to hold. One explanation for the inconsistency
discussed above can be that whether participants show an overall preference for go
items in a choice task without time pressure depends on how fast they respond on
average. Since participants in the current experiment first received a choice task with
time limit immediately following training, it seems plausible that they may have learned
to make choices relatively quickly, and this response strategy in the delayed choice
task led to an overall preference change effect. No such influence would occur if
participants were never exposed to the fast choice task. In Experiment 6.2, we sought
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to eliminate such potential influence of immediate fast choices on delayed choices,
by implementing a choice task without time pressure in both sessions.

Experiment 6.2
The procedure of Experiment 6.2 was the same with Experiment 6.1, except that both
immediately after training and one week later, participants received a choice task
without time pressure. The purpose of this modification was two-fold. First, this was
to revisit the question of whether the GNG training can influence immediate choices
without time pressure, with a more extensive training and a larger sample size than
in previous experiments. Second, by using a choice task without time pressure in
Session 1, participants would presumably not learn the response strategy of choosing
quickly. This allows us to test whether the delayed effects observed in Experiment
6.1 were purely due to such a strategy. Based on previous work, we predicted that
when participants received choices without time pressure in Session 1, they would
not prefer go items. For the delayed choices (both new and repeated) in Session 2,
we had no directional hypotheses.

6

Method
Sample Size
As in Experiment 6.1, we planned to recruit 150 participants. The Ethics Committee
at the Faculty of Social Sciences of Radboud University reviewed and approved the
experiment. All participants provided written informed consent.
Participants
One hundred and fifty-one participants took part in the experiment (mostly
undergraduate students at Radboud University). Five participants were excluded
based on preregistered exclusion criteria (same as in Experiment 6.1), leaving 146
participants in Session 1 (21 males, Mage = 21.7, SDage = 3.3). Five participants did not
finish Session 2, thus leaving 141 participants in Session 2 (1 participant took part in
Session 2 six days after Session 1). With 141 participants, the achieved power (with
Cohen’s d = 0.243 as the expected effect size) is around 81.7%.
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Materials and Procedure
The same materials as in Experiment 6.1 were used. The procedure was also the same,
except one change. That is, participants received a choice task without time pressure
in Session 1. The rest remained the same as in Experiment 6.1.

Results
Performance in GNG Training
Similar to Experiment 6.1, overall participants showed good performance: for accuracy
on go trials, M = 99.2%, SD = 1.7%; for accuracy on no-go trials, M = 98.2%, SD = 1.6%;
and for median go reaction time, M = 463.9 ms, SD = 46.3 ms.
Stimulus Evaluation
Repeated-measures ANOVA was conducted on average ratings before training, with
rating level (high-value vs. low-value), training condition (go vs. no-go) and choice
type (new vs. repeated choices) as independent variables. The main effect of rating
level was statistically significant, F(1, 145) = 1272.5, p < .001 (Mhigh = 41.5, SDhigh = 32.0;
Mlow = -44.7, SD low = 37.2). All other effects were not statistically significant, Fs <
2.13, ps > .146. Before the training, the average ratings of go and no-go items were
therefore matched.
Choice in Session 1
Contrary to our prediction, immediately after the training, participants preferred go
items for consumption when they had unlimited time for making choices, OR = 1.35,
95% CI = [1.17, 1.54], p < .001. Although participants overall showed a stronger
preference for go items in Experiment 6.1 than in Experiment 6.2, this difference was
not statistically significant, OR = 1.14, 95% CI = [0.95, 1.37], p = .156.
Choice in Session 2
For the repeated choices, participants still chose go items more often, OR = 1.23, 95%
CI = [1.08, 1.39], p = .001. This delayed effect was again smaller than the immediate
effect, OR = 0.90, 95% CI = [0.83, 0.99], p = .023. Replicating the results of Experiment
6.1, for the new choices, participants also showed a preference for go items, OR = 1.33,
95% CI = [1.17, 1.51], p < .001. The difference between new and repeated trials was
not statistically significant, OR = 1.09, 95% CI = [0.92, 1.29], p = .331, although as in
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Experiment 6.1, numerically participants also chose go items more for the new choices
(see Figure 6.3, right panel).
Exploratory Analyses on Choice Reaction Time
Replicating results from Experiment 6.1, participants were less likely to choose go
items on trials with large reaction times: OR = 0.86, 95% CI = [0.81, 0.92], p < .001 in
Session 1; OR = 0.92, 95% CI = [0.88, 0.97], p = .003, for repeated choices in Session
2; and OR = 0.89, 95% CI = [0.84, 0.95], p < .001, for new choices in Session 2. For the
results with trials with extreme reaction time removed, see Figure 6.5.

6
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Figure 6.5 Probability of choosing Go items predicted by standardized reaction time on each choice trial in Experiment 6.2. Trials with extreme reaction times were removed. Shaded region stands for 95% confidence interval. Heights of bars stand for the average frequencies of choosing Go items
(bottom) and choosing No-Go items (top) within each reaction time bin.
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Discussion
Contrary to our prediction, participants chose go items more often when they had
unlimited time for making choices in Session 1. Numerically, the magnitude of this
immediate effect was smaller than that observed in Experiment 6.1, but the difference
did not reach statistical significance. Replicating results from Experiment 6.1, for both
the repeated and new choices in Session 2, participants chose go items more often
for consumption. The pattern of results again provided support for the direct effect
account. The finding that the delayed effects were replicated without first exposing
participants to a choice task with time pressure suggests that the delayed effects
observed in Experiment 6.1 were unlikely purely due to the learned response strategy
of choosing quickly. Exploratory analyses further revealed that as in Experiment 6.1,
longer reaction time in the choice tasks were associated with lower probability of
choosing go items, for both the immediate and the delayed choices.
In the current experiment, choices made without time pressure were found to
be influenced by the training, while no such influence was observed in previous work.
Post-hoc, we think the claim that the GNG training cannot influence choices without
time pressure (Chen et al., 2019) was unwarranted for two reasons. First, participants

6

who received a choice task without time pressure could in principle still choose as
fast as those who received a choice task with time pressure. Since shorter reaction
time was linked to higher probability of choosing go items in both experiments, it is
plausible that the GNG training may lead to preference change in a choice task without
time pressure, as long as participants choose quickly on a substantial amount of trials.
This speculation is corroborated by the observation that descriptively, participants in
the current research seemed to make choices more quickly than those in a previous
experiment, when a choice task without time limit was used after the GNG training
and no effect of GNG training on preferences was found (Experiment 3, Chen et al.,
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2019). See footnote2 for more details. Second, the experiments from previous work
used a relatively short training and found no significant effect (Chen et al., 2019). In
contrast, the current experiment employed a longer training. This difference in dosage
may also explain the inconsistent results.

Exploring the Difference Between Repeated and
New Choices
The Aim and Overview of Exploratory Analyses
The results of the two experiments consistently showed that the GNG training led
to preference change one week after training. Supporting the direct effect account,
this delayed effect was observed without presenting the choices immediately after
training (i.e., the new choices). Furthermore, repeating the choices did not seem to
strengthen the magnitude of the delayed effect. If anything, participants chose go
items more often with the new choices than with the repeated choices, although this
difference failed to reach statistical significance in Experiment 2. Since neither account
predicted such an effect, such an unexpected finding was interesting and worthy of
further exploration. In a series of exploratory analyses presented in this section, we
first explored whether the magnitude of delayed effects indeed differed between
the new and the repeated choices, by combining data from both experiments. After
establishing a statistically significant (albeit small) difference, potential difference in
learning for the repeated and new items was explored, by comparing the memory
recognition performance for these two types of items. The results revealed that
participants remembered the contingencies better for the new items than for the
repeated items in Session 1, and Session 1 memory predicted choices in Session 2.
2

The means of median choice RT in Experiment 6.1 were: choices in Session 1, M = 790.1
ms, SD = 109.1; repeated choices in Session 2, M = 1086.8 ms, SD = 367.7; new choices in
Session 2, M = 1129.0 ms, SD = 374.7. In Experiment 6.2, choices in Session 1, M = 1254.5
ms, SD = 444.3; repeated choices in Session 2, M = 979.3 ms, SD = 256.2; new choices in
Session 2, M = 1049.6 ms, SD = 290.0. In Experiment 3 of Chen et al., (2019), where the same
experimental stimuli and general procedure were used, the average median choice RT is
1460.0 ms, SD = 703.4. In Experiment 1 of Chen et al., (2019), where different experimental
stimuli were used, the average median choice RT is 1142.6 ms, SD = 409.8. Descriptively,
participants in the current research seemed to make choices faster than those in Experiment
3 of Chen et al., (2019), where the experimental setup was more comparable to the one used
in the current research.
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The new and repeated items differed in whether they were presented in the choice
task in Session 1, thus it seemed plausible that the choices in Session 1 might have
interfered with participants’ contingency memory for the repeated items. The last
set of exploratory analyses confirmed this possibility. At the end of this section, we
summarized the results in the temporal order in which the different processes might
have taken place throughout the experiment.

Comparing New and Repeated Choices in Session 2
In Experiment 1 we observed a larger delayed effect for the new choices than for
the repeated choices. A similar effect was observed in Experiment 2, although the
difference failed to reach statistical significance. To evaluate the difference between
repeated and new choices, in the current exploratory analysis we combined data from
both experiments. Although the two experiments differed in procedures (i.e., whether
the choice task in Session 1 was with or without time pressure), the results obtained
from both experiments were highly similar, indicating that the two experiments may
be sufficiently similar to be combined in exploratory analyses.
For this exploratory analysis, data from Session 2 choices from both experiments
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were combined. A multilevel logistic regression was used, with choice trials nested
within participants. Whether a certain choice trial was new or repeated was used
as the predictor, and whether the chosen item was a go or no-go item was used
as the outcome. All random slopes and random intercepts were included. With the
combined dataset, the difference between new and repeated choices in Session 2
turned out to be statistically significant, OR = 1.14, 95% CI = [1.01, 1.28], p = .035.
Overall, participants therefore showed a stronger preference for go items for new
choices than for repeated choices.

Exploring Differences in Memory for New and Repeated Items
Being fully aware that the difference between new and repeated choices in Session
2 was exploratory in nature and small in size, we nevertheless deemed further
exploration of this (potential) difference interesting and worthwhile. This is because
none of the two accounts we described in the introduction predicted such an effect.
This unexpected finding therefore deserved more exploration.
One candidate for explaining this potential difference is participants’ memories
of the stimulus-response associations. Recent work has shown that the GNG training
229
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has a larger influence on stimulus evaluation for participants who remembered
the contingencies better (Chen et al., 2018b). In the present research, the memory
recognition task was included in both sessions after the choice task, where the
contingency memory for all items (i.e., items used for both new and repeated choices)
was measured. To assess whether memory performance differed between new and
repeated items, two multilevel logistic regressions were conducted, one for each
session. For both analyses, whether the item was new or repeated was used as
predictor, and whether the recalled response category (i.e., go vs. no-go) was correct
or not was used as outcome. Random intercept and random slope were included on
the level of participants. In Session 1, participants remembered the response category
better for new items than for repeated items, OR = 2.13, 95% CI = [1.83, 2.47], p < .001,
whereas no memory advantage was observed in Session 2, OR = 1.03, 95% CI = [0.94,
1.12], p = .492. These results thus showed that participants’ contingency memory was
better for the new items than for the repeated items in Session 1.
Since the memory recognition task was a forced binary choice task, correct
responses could also result from guessing. To disentangle participants’ ability to
tell go and no-go items apart (i.e., discriminability) and general bias in responding
(i.e., bias), we also applied signal detection analysis to the memory recognition data
(Macmillan & Creelman, 2004). In line with the results reported above, in Session 1
participants showed better discrimination between go and no-go items for the new
items, while the difference was not statistically significant in Session 2. For the details
of these analyses, see the Supplemental Materials. Next, we explored whether better
memory for new items compared to memory for repeated items in Session 1 was
related to choices in Session 2.

Exploring the Influence of Contingency Memory on Delayed Effect
The previous exploratory analyses identified a difference in contingency memory
in Session 1 for new and repeated items. To explore whether such a difference in
contingency memory could explain the difference in choices in Session 2, two memory
indices were calculated for each choice trial in Session 2, based on participants’
memory in Session 1 and Session 2, respectively. Trials on which both items were
correctly remembered as go and no-go item were coded as 1, trials on which only
one item was correctly remembered were coded as 0, and trials on which both items
were incorrectly remembered were coded as -1. For each choice trial in Session 2,
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we looked up participants’ memory responses for the two items in Session 1, and
assigned a value to the Session 1 memory index based on the coding rules outlined
above. The value of the Session 2 memory index was similarly determined by looking
up participant’s memory responses for the two items from the memory recognition
task in Session 2. This coding strategy allows us to describe participants’ contingency
memory on the trial level, and relate these memory indices to choices in Session 2.
The memory indices were then used as predictors in a series of multilevel logistic
regressions. In all models, whether the trial was new or repeated was always included
as a predictor, and whether the chosen item was a go or no-go item was used as
outcome. Random intercept and random slopes for all predictors were included on
the participant level. In the first model, the memory index from Session 1 was added
as predictor, to explore whether Session 1 memory could predict choices in Session 2.
The effect for Session 1 memory was statistically significant, OR = 1.64, 95% CI = [1.48,
1.82], p < .001, suggesting that participants tended to choose go items more often
in Session 2 on trials for which they had better memory in Session 1. In other words,
memory in Session 1 predicted choices in Session 2. Interestingly, the difference
between new and repeated trials became statistically non-significant after including
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Session 1 memory, OR = 1.06, 95% CI = [0.93, 1.20], p = .373. To control for the
influence of Session 2 memory, in a second multilevel logistic regression, Session 2
memory was further added as a predictor. This did not change the results. Session 1
memory remained a positive predictor of Session 2 choices, OR = 1.49, 95% CI = [1.34,
1.65], p < .001, and the difference between new and repeated trials remained nonsignificant, OR = 1.07, 95% CI = [0.94, 1.22], p = .315. Session 2 memory was also a
significant predictor of choices in Session 2, both when entered together with Session
1 memory, OR = 1.61, 95% CI = [1.46, 1.78], p < .001 or when enter alone, OR = 1.66,
95% CI = [1.50, 1.84], p < .001. However, when Session 2 memory alone was used
as predictor, the difference between new and repeated items remained statistically
significant, OR = 1.14, 95% CI = [1.00, 1.29], p = .044. Together, these results suggest
that memory in Session 1 predicted choices in Session 2, even after controlling for
memory in Session 2 (which also correlated with choices in Session 2). Since the
difference between repeated and new choices in sessions seemed to decrease
descriptively after including memory in Session 1 as a predictor, the difference in
Session 1 memory between new and repeated items may potentially explain why
participants showed a stronger delayed effect for new choices in Session 2.
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As mentioned above, random guessing in the memory recognition task can
also lead to correct responses. Although the analyses reported above permitted the
assessment of the influence of memory on the trial level, they failed to account for
such guessing process or potential response biases. The discriminability index from
signal detection analysis, on the other hand, does not suffer from the contamination
of response bias. Similar results were obtained when discriminability indices from
both sessions were used as predictors for Session 2 choices. For details see the
Supplemental Materials. However, since the discriminability index was calculated
based on sets of items, the inferences can only be made on the participant level,
rather than on the trial level. Combined, these two sets of analyses suggested that
contingency memory in Session 1 predicted choices in Session 2: on the trial level,
participants were more likely to choose go items in Session 2 on trials for which they
had better memory in Session 1; on the participant level, participants who learned
the stimulus-response associations better in Session 1 were more likely to choose go
items in Session 2 in general.

Choices Interfere with Contingency Memory
The exploratory analyses presented so far identified contingency memory in Session
1 as a potential cause of the difference between new and repeated choices in Session
2. One remaining question was thus why participants had better contingency memory
for new items than for repeated items in Session 1. This last set of exploratory analyses
aimed to answer this question.
The defining difference between repeated and new items was that repeated
items were presented in the choice task in Session 1, preceding the memory
recognition task. Since in the choice task, participants also responded to items when
making choices, it seemed plausible that such responses might have interfered with
contingency memory. To test this hypothesis, for each repeated item, we calculated
how often it was chosen in Session 1. In a multilevel logistic regression, the training
condition of the item (i.e., go vs. no-go), the standardized choice count and their
interaction were used as predictors. Whether participants indicated the item as a
go or no-go item was used as outcome. All random intercepts and random slopes
were included. As would be expected, participants were more likely to indicate a
go item as go than to indicate a no-go item as go, OR = 6.26, 95% CI = [4.95, 7.90],
p < .001, suggesting that they acquired the stimulus-response contingencies from
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training. More interestingly, choice count was also a positive predictor, OR = 1.73,
95% CI = [1.51, 1.97], p < .001. Participants were more likely to categorize an item
as go if they had chosen the item more often in the preceding choice task. The
interaction effect was not statistically significant, OR = 1.06, 95% CI = [0.89, 1.26],
p = .523. In line with this non-significant interaction effect, the effects for choice
count were comparable for go items, OR = 1.83, 95% CI = [1.60, 2.10], p < .001, and
for no-go items, OR = 1.76, 95% CI = [1.53, 2.02], p < .001. Similar results were found
for Session 2: overall, items chosen more often in Session 2 were also more likely to
be remembered as go items, OR = 1.30, 95% CI = [1.21, 1.39], p < .001. This pattern
again was found for both go items, OR = 1.17, 95% CI = [1.10, 1.23], p < .001, and for
no-go items, OR = 1.30, 95% CI = [1.21, 1.39], p < .001.
The finding that responding to items in a choice task influenced the contingency
memory for these items may explain why participants had better memory for new
items in Session 1, and why this memory advantage for new items disappeared in
Session 2. In Session 1, only the repeated items were presented in the choice task.
Although choosing go items (i.e., responding to go items) may have facilitated
participants’ memory for the go items, choosing no-go items however led to
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interference in memory. In the two experiments, participants chose go items in Session
1 around 60% of the time, which means that on average they chose and responded
to no-go items in the remaining 40% of the choice trials. The interference effect may
outweigh the facilitation effect. Since participants already acquired stimulus-response
contingencies from training, it may be easier for the choice task to interfere rather than
further facilitate memory. The net result of choices on memory is hence interference.
Immune from such interferences from choices, contingency memory for new items was
therefore retained better in Session 1. This memory advantage may have dissipated
with the delay of one week between two sessions. Furthermore, since both new and
repeated items were used in Session 2 choices, any interference effects from choices
would be of similar magnitude, leading to similar levels of contingency memory for
repeated and new items in Session 2.

Summary of Exploratory Analyses: Temporal Order of Events
Note that this series of exploratory analyses started with the unexpected effect that
needed to be explained (i.e., participants showed stronger preferences for go items
for new rather than repeated choices in Session 2), and identified the contingency
233
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memory in Session 1 as a potential cause of this effect. Contingency memory in
Session 1 itself was then related to participants’ choices preceding the memory
recognition task. In the experiments, this sequence of events unfolded in an opposite
order. That is, in line with the order in which the tasks were presented, making choices
in Session 1 interfered with participants’ contingency memory for repeated items.
Session 1 contingency memory then influenced participants’ choices in Session 2,
hence the memory advantage for new items in Session 1 potentially translated into
more choices for go items on the new choices in Session 2 (although again the effect
was obtained with an exploratory analysis and small in effect size). Choices in Session
2 then influenced participants’ contingency memory in Session 2, for both new and
repeated items. The implications of the processes involved in this chain of events will
be discussed next.
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General Discussion
In the current research, we investigated the nature of the delayed effect of GNG
training on preferences, by presenting half of the items from the GNG training in both
the immediate and delayed choice task, and the remaining half in only the delayed
choice task. Contrary to our initial expectations to obtain support for the indirect
effect account, in both experiments, participants preferred go items for the new
choices in Session 2, suggesting that the changes induced by GNG training had a
direct influence on delayed choices, without the mediating influence of immediate
choices. Furthermore, repeating the choices did not lead to stronger delayed effect.
In fact, participants seemed to show a stronger preference for go items for the new
choices than for the repeated choices in Session 2. Overall, this pattern of results
provides strong support for the direct effect account.
A series of exploratory analyses was conducted to explore the unexpected
difference between the new and the repeated choices in Session 2. These analyses
showed that choices in Session 1 interfered with participants’ contingency memory
for the repeated items, and contingency memory in Session 1 in turn predicted

6

participants’ choices in Session 2. The interference effect of choices on contingency
memory in Session 1 may therefore explain participants’ slightly stronger preferences
for go items with the new choices in Session 2. In light of these results, the choiceinduced preference change process proposed by the indirect effect account may not
be fully ruled out. The immediate choices may have two distinct influences on delayed
choices: on the one hand, choosing certain items may indeed increase the reward
value of the chosen items; on the other hand, as the exploratory analyses revealed,
the responses made in the choice task may interfere with participants’ contingency
memory, which in turn can lead to reduced delayed effect. The net influence of these
two competing processes, as observed in the current research, is that immediate
choices slightly interfered with the maintenance of the delayed effects.
The comparison between the new and repeated choices in Session 2 was included
to pit the two accounts against each other. The results, however, revealed that the
answer might be more nuanced than a simple either-or answer. Both accounts seem to
hold merit. The consistent finding that the new choices in Session 2 were susceptible
to the influence of GNG training one week earlier provided strong support for the
direct effect account. Immediate choices also influenced delayed choices, but the
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influence was more complicated than the indirect effect account formulated originally.
The GNG training therefore influences delayed choices both directly and indirectly,
depending on whether items were included in the immediate choice task or not.
Next we discuss the effect of choice on contingency memory, and the maintenance
of training-induced changes in turn.

Choices Interfere with Contingency Memory
In both sessions, we observed that choices predicted participants’ contingency
memory for items, such that items that were selected more often were more likely
to be remembered as go items. When asked to indicate whether a certain item was
paired with the go or no-go response in the memory recognition task, participants
might need to retrieve past instances in which the item was encountered (Logan, 1998;
2002). The responses they executed on the retrieved instances then serve as input for
determining the categorization response they gave in the memory recognition task.
The finding that making choices interfered with contingency memory may result from
participants’ confusion over the context in which a response was previously executed.
That is, although the instruction of the memory recognition task explicitly referred to
the GNG training task, participants may nevertheless fail to distinguish between the
responses made in the GNG training and the ones made in the choice task. When
asked to indicate the response paired with a certain item in the GNG training, the
aggregate of all past instances in which the item was encountered may be retrieved
(i.e., including trials from both the GNG training and the choice task). For items that
were paired with go responses in the GNG training, and items that participants
frequently chose and hence responded to in the choice task, more instances involving
go responses can be retrieved, and the probability of remembering the item as paired
with go responses accordingly increased.
The choice task is therefore not a pure measurement of the training effect; in
contrast, it also modifies any effect the GNG training has on preference. Since the
responses used for selecting preferred items in the choice task were highly similar to
the responses used in the GNG training, the choice task can essentially be seen as a
training task in itself. Closer inspection of the choice task showed that each food item
was presented for 8 times, which were another 8 instances for participants to acquire
stimulus-response associations (compare this to the 10 repetitions of each stimulus in
the GNG training). Since the stimulus-response mappings in the choice task were not
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always consistent with the mappings used in the GNG training (i.e., overall participants
chose and responded to go items around 60% of the time), the net effect of the choice
task was to interfere with learning from GNG training. From this perspective, the
immediate choice task is essentially a counter-training to the GNG training.
The interference effect of choices on contingency memory is attributed to
participants’ confusion over the context of responses. To test this claim, future work
may use different responses in the GNG training and the choice task to see whether
the contingency memory would be less susceptible to the influence of the choice
task. In any case, the interference effect suggests that go and no-go responses are
such basic elements of many psychological tasks and human actions in general, that
the influence of go and no-go responses on preferences may be quite ubiquitous.
This shows the wide applicability of using simple go and no-go responses to modify
preferences, but at the same time may also pose a challenge when such effects are
studied in laboratory studies. Extra caution is therefore needed to carefully examine
all parts of an experiment, to ensure that the effect of the GNG training is not modified
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by participants’ responses in other tasks.

The Maintenance of Training-Induced Changes Over Time
Delayed choices in Session 2 were influenced by the GNG training participants
received one week earlier, suggesting that the training-induced changes can be
maintained over time. The factors that contribute to the maintenance of such traininginduced changes, however, are not entirely clear. The exploratory analyses identified
one potential candidate related to the retention of the effect, namely the contingency
memory of stimulus-response associations. More specifically, contingency memory in
Session 1 predicted choices in Session 2, after controlling for contingency memory
in Session 2. To explain this effect, contingency memory in Session 1 may be seen
as a summary of all stimulus-response pairings participants have experienced for a
certain stimulus in the whole session, and thus act as a proxy of learning. The better
participants had learned in Session 1, the stronger the influence of training on choices
in Session 2. The amount of learning therefore determines the amount that can be
retained and retrieved.
In addition to being an assessment of learning that occurred in Session 1, the
memory recognition task may also have contributed to the maintenance of the
acquired associations. Previous research has shown that testing participants on
237
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learned materials proves to be a powerful mnemonic enhancer, leading to better
long-term retention of learned knowledge, even in comparison to repeated studying
of the same materials (Karpicke & Roediger, 2008; Roediger & Butler, 2011; Roediger
& Karpicke, 2006a). The memory recognition task in the present experiments is akin to
such a retrieval practice, in which participants need to retrieve the previous responses
associated with a certain stimulus. The benefits identified for such retrieval practice
may therefore apply to the memory recognition task as well. One important difference
between the current experiments and previous studies on the testing effect, however,
is that while in previous studies participants’ learning of the materials was often tested
with a memory test, in the current experiments the training effect was tested by asking
participants to make choices. This raises an interesting question, namely whether
testing participants’ explicit contingency memory would lead to better maintenance
of the training-induced changes, despite the difference in the contents of the retrieval
practice and the final test. Exploring the testing effect in the context of GNG training
may be a fruitful direction for future research, as it may help elucidate the role of
contingency memory in the delayed effects and provide effective methods for
increasing the retention of training effects in applied settings.
Although the delayed effects were consistently observed, the magnitude of
the delayed effects was smaller than that of the immediate effects for repeated
choices in both experiments, suggesting that forgetting or decaying of learned
changes has occurred over one week. In contrast, more stable delayed effect has
been demonstrated with the CAT (Salomon et al., 2018; Schonberg et al., 2014).
Some procedural differences may have contributed to this difference. For instance,
previous work investigating the delayed effect of the CAT normally employed a more
intensive training (from 12 to 20 repetitions) than the one employed here, and the
uneven distribution of go and no-go items in the CAT (around 25% of items were
used as go trials; compare this to the even distribution in the GNG training) may
have made learning the stimulus-response contingencies easier. Furthermore, the
immediate choice task and the memory recognition task were always included in
Session 1, which may also have contributed to the retention of delayed effects. Apart
from these procedural differences, a more interesting possibility is that the difference
in the stability of the delayed effects obtained with the CAT and the GNG training may
lie in the different underlying mechanisms. The effect of CAT on preference has been
ascribed to heightened attention associated with go items via training (Schonberg et
238
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al., 2014), which may be more easily retained than stimulus devaluation or stimulusstop associations presumably induced by the GNG training. This possibility needs to
be further tested with the CAT. As all previous experiments on the delayed effects
of the CAT included immediate choices with the same items, it has remained unclear
whether the stable delayed effects obtained with the CAT are due to the direct
influence of the training, or rather induced by the immediate choices and the memory
recognition task. Using a procedure similar to the one employed here will shed light
on this important question.

Limitations and Future Directions
The results of the present experiments convincingly showed that training-induced
changes could be maintained over time, and influence people’s preferences when the
same items are encountered again in a choice context. However, the training-induced
changes were not directly measured. According to the BSI theory, not responding to
appetitive food items reduces the reward value of these items (Chen et al., 2016a;
Veling et al., 2008), and the reduction in reward value in turn leads to other behavioral
change effects, including the preference change effect observed here (Veling et al.,

6

2013a). Alternatively, the stimulus-stop associations formed during the GNG training
may underlie the preference change effects. Stimulus-stop associations can be
measured by pairing a no-go stimulus with a go cue, and reaction time toward the
no-go stimulus can then be measured. The increase in reaction time toward no-go
stimuli in comparison to go stimuli or stimuli that are not used in the training can
be used as an index of stimulus-stop associations (Best et al., 2016; Verbruggen &
Logan, 2008). Future work may directly measure stimulus evaluation and stimulus-stop
associations before immediately after training and after some delay, to see whether
these proposed training-induced changes can indeed be maintained, and how they
relate to the preference change effects observed here.
Another interesting question concerns the role of contingency memory in the
delayed effect. As discussed above, contingency memory may capture the extent of
learning. If this is indeed the case, contingency memory should correlate with changes
induced by training, such as stimulus devaluation or stimulus-stop associations.
In support of this idea, recent work has shown that participants who had better
contingency memory after training indeed showed larger change in evaluation of food
items (Chen et al., 2018b). The relation between contingency memory and stimulus239
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stop associations, to the best of our knowledge, has not been tested and still awaits
further investigation.
Memory recognition may be more than a pure measure of learning. The robust
testing effect found in other learning contexts suggests the interesting possibility that
testing participants’ contingency memory may in itself contribute to the retention of
the delayed effect. To test this possibility, whether such a memory recognition task
is included after training can be manipulated, and the influence of this manipulation
on delayed choices can then be measured. Further exploring the role of contingency
memory will provide more understanding on the underlying mechanisms of the
delayed effects of GNG training. This knowledge will also be useful in applied settings
where obtaining long-lasting behavior change is often the ultimate goal.

Conclusion
To conclude, in two experiments we consistently found that participants’ food choices
were influenced by mere action versus inaction in the GNG training they received
one week earlier, both when these choices were encountered for the first time and
when these choices were repeated. These findings strongly suggested that changes
induced by the GNG training can be retained over time, without the mediating
influence of immediate choices. Exploratory analyses showed that choices interfered
with contingency memory, and contingency memory measured at the end of training
session reliably predicted choices one week later. Contingency memory may therefore
be a summary of all previous stimulus-response pairings, and measuring memory
may have the additional benefits of retaining the learned associations. While more
research is still needed for understanding the exact mechanism that underlies the
delayed effects, the current research unequivocally showed that manipulating mere
action versus inaction toward items has a lasting influence on people’s preferences
for these items. Tasks that manipulate such simple go/no-go responses, such as the
GNG training, hence hold promise as tools for achieving long-lasting and sustainable
behavior change.
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Appendix
Choice Pairs 1

Choice Pairs 2

High Go

High No-Go

High Go

High No-Go

8

9

16

17

10

19

13

20

15

14

23

22

Low Go

Low No-Go

Low Go

Low No-Go

46

47

38

39

48

41

51

42

52

45

11
12

49
50
53

X

X

X

X

18
21

40
43
44

Figure 6.6 Selection procedure used in Ranking and Selection. Numbers stand for the rankings.
Choice pairs 1 and 2 are used as repeated choice trials or new choice trials in a counterbalanced
order across participants.
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Supplemental Materials
Development of Go/No-Go Performance Across Blocks
Multilevel models were used to assess the development of go and no-go performance
across blocks in the training. For all models presented below, trials were nested
within participants, and participants were nested within experiments. Block
number (centered) was used as predictor and all random intercepts and random
slopes were included in the models. The results showed that over the course of the
training, participants’ accuracies on go trials remained relatively stable, OR = 1.02,
95% CI = [0.94, 1.10], p = .669. Similarly, the accuracies on no-go trials also did not
significantly improve across training blocks, OR = 1.02, 95% CI = [0.99, 1.05], p = .141.
Lastly, participants’ reaction times on go trials also did not show systematic change,
Estimate = -1.90 ms, SE = 0.51 ms, t(1.82)= -3.74, p = .075. This lack of improvement
in performance may be due to a ceiling effect: since the task was easy to follow,
participants might already be performing at a very high level at the beginning of the
task, leaving little room for further improvement. For a visual display of the results,
see Figure S6.1.
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6

Figure S6.1 Development of Go and No-Go Performance Across Blocks. Error bars stand for
within-subject standard errors of the mean.
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Evaluation of Pictures Across Conditions Before Training
Table S6.1 Mean Rating of Pictures Across Conditions Before Training
High Value
Exp

Exp1
Exp2

New

Low Value
Repeated

New

Repeated

Go

No-Go

Go

No-Go

Go

No-Go

Go

No-Go

34.94

34.97

35.49

35.66

-49.27

-49.43

-50.38

-50.32

(36.68)

(36.52)

(39.38)

(39.22)

(39.28)

(38.90)

(39.60)

(39.57)

41.48

41.12

41.80

41.59

-44.41

-44.24

-44.88

-45.07

(33.88)

(33.51)

(30.19)

(30.16)

(36.63)

(36.17)

(38.22)

(37.81)

Note: Standard deviations are reported in parentheses.

Exploring Differences in Memory for New and Repeated Items – Signal
Detection Analysis

As mentioned in the main text, the memory recall task was a forced binary choice task.
For this kind of recognition memory data, the signal detection analysis is well-suited
for disentangling discriminability and response bias (Macmillan & Creelman, 2004). In
the terminology of signal detection theory, we defined a response as (1) hit when a go
item was correctly categorized as go; (2) false alarm when a no-go item was incorrectly
categorized as go; (3) correct rejection when a no-go item was correctly categorized
as no-go; and (4) miss when a go item was incorrectly categorized as no-go. Counts
of hits and false alarms were calculated for repeated and new items, for each session
and each participant separately. Since hit rate and false alarm rate of 0% and 100%
posed a difficulty in calculating the discriminability and response bias indices, two
different edge correction methods were used (Macmillan & Creelman, 2004). With
the first edge correction method, proportions of 0 and 1 were converted to 1/(2N)
and 1-1/(2N), respectively, where N was the number of trials on which the proportion
was based. In this case, N was 8. With the second edge correction method, 0.5 was
added to all data cells (i.e., counts of all four types of events) before hit rate and
false alarm rate were calculated. Discriminability (d’) and response bias (β) were then
calculated based on the hit and false alarm rate (Pallier, 2002). In line with the results
reported in the main text, participants showed higher discriminability for new items
than for repeated items in Session 1, t(284) = 8.57, p < .001, Hedges’s g = 0.507, 95%
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CI = [0.340, 0.674] when using the first edge correction method, and t(284) = 9.46,
p < .001, Hedges’s g = 0.559, 95% CI = [0.392, 0.727] when using the second edge
correction method. This memory advantage for new items was not observed anymore
in Session 2, t(284) = 0.63, p = .531, Hedges’s g = 0.037, 95% CI = [-0.127, 0.202] when
using the first edge correction method, and t(284) = 0.49, p = .623, Hedges’s g = 0.029,
95% CI = [-0.135, 0.194] when using the second edge correction method. No significant
difference in response bias was found. In Session 1, t(284) = 1.56, p = .120, Hedges’s
g = 0.092, 95% CI = [-0.072, 0.257], with the first edge correction method, and
t(284) = 1.66, p = .098, Hedges’s g = 0.098, 95% CI = [-0.066, 0.263] with the second
edge correction method. In Session 2, t(284) = 0.76, p = .449, Hedges’s g = 0.045, 95%
CI = [-0.120, 0.209], with the first edge correction method, and t(284) = 0.39, p = .697,
Hedges’s g = 0.023, 95% CI = [-0.142, 0.188] with the second edge correction method.

Exploring the Influence of Contingency Memories on Delayed Effects Signal Detection Analysis

For simplicity, here we only used the discriminability indices calculated with the first
edge correct method. The results remained the same when the discriminability indices

6

calculated with the second edge correct method were used. The discriminability index
from Session 1 was a significant positive predictor for Session 2 choices, OR = 1.27, 95%
CI = [1.21, 1.33], p < .001. This effect remained statistically significant when controlling
for the discriminability index from Session 2, OR = 1.20, 95% CI = [1.13, 1.27], p <
.001. In both models when Session 1 discriminability was entered as a predictor, the
difference between new and repeated items became statistically non-significant,
OR = 1.02, 95% CI = [0.90, 1.15], p = .800 when only Session 1 discriminability was used,
and OR = 1.04, 95% CI = [0.92, 1.17], p = .564 when indices from both sessions were
used. Session 2 discriminability was also a significant predictor of Session 2 choice,
both when entered alone, OR = 1.34, 95% CI = [1.24, 1.44], p < .001, or together with
Session 1 discriminability, OR = 1.19, 95% CI = [1.09, 1.30], p < .001. However, when
Session 2 discriminability was entered alone as a predictor, the difference between
new and repeated choices in Session 2 remained statistically significant, OR = 1.13,
95% CI = [1.00, 1.27], p = .043. These results were the same as the ones reported in
the main text, where memory performance was calculated on the trial level.
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Summary

English Summary
Dietary choices have a profound influence on both individual health and the
environment. However, despite people’s strong intentions to adopt healthier and
more sustainable diets, changing eating behaviors has remained a challenge for
many people. One reason for this difficulty may be that palatable energy-dense
foods can trigger a set of potent psychological processes, such as the activation
of hedonic thoughts or motor impulses, that motivate and prepare people to eat,
despite their intentions to act otherwise. To change people’s eating behaviors and
food preferences then, these unintentional, more or less automatic, processes may
be targeted and modified.
In this dissertation, I focus on one behavioral intervention that may potentially
modify such processes, called the food go/no-go training. The food go/no-go
training is a computerized training in which participants respond to certain food
items accompanied by a go cue by pressing a key on a keyboard (go food items),
and not respond to other food items accompanied by a no-go cue (no-go food items).
Some promising findings have been reported in the past that employed this simple
intervention, such as decreased evaluation of no-go food items, reduction in intake
of no-go food items, and even facilitation of weight loss attempts after participants
had been trained to not respond to a variety of energy-dense foods. However, the
underlying mechanisms of go/no-go training are still not fully understood.
In this dissertation, I report multiple series of experiments in which I examined
the effects of go/no-go training on food evaluation and food choices, and explored
how these effects may be moderated by specific task characteristics and individual
differences, to gain more insights into the underlying mechanism of go/no-go training.
Other important questions such as the applicability of the training in clinical settings,
the replicability of the basic effects, and the longevity of training-induced preference
change were also systematically investigated.
In Chapter 1, I present an overview of the current dissertation, and synthesize
the empirical findings with previous work to critically evaluate a theoretical account
that has been proposed to explain the effects of food go/no-go training, namely
the Behavior-Stimulus Interaction (BSI) theory. The BSI theory posits that inhibiting
approach tendencies toward palatable foods leads to response conflict, and the
negative affect triggered by response conflict becomes attached to no-go food items
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during training. This process explains the decreased evaluations of no-go food items
observed after training, and other behavioral effects as downstream consequences
of this devaluation effect. The BSI theory further predicts that training effects will
be larger (1) when no-go items trigger stronger approach tendencies and (2) when
stronger response inhibition is engaged. By reviewing empirical evidence for these
two predictions, I showed that the BSI theory cannot fully explain the findings in
the literature, including some in this dissertation. To reconcile the inconsistencies,
I proposed that future research on food go/no-go training would benefit from
investigating the learning process (e.g., the nature of learned content, conditions
that facilitate learning, and how learning is revealed in behavior) involved in training.
In Chapter 2, I tested several basic hypotheses offered by the BSI theory, by
systematically varying the presence of no-go cues, the proportion of no-go trials,
the palatability of food items and task instructions (active training versus passive
observation). The results were largely in line with the BSI theory, suggesting that (a)
the effect of go/no-go training on food evaluation was stronger when food items
were more attractive, and (b) the effect of go/no-go training on food evaluation was
stronger when not responding to food items required stronger inhibition within the
task setting.
In Chapter 3, I tested again whether the go/no-go training would more strongly
devalue high-value food items than low-value food items, but in a within-subject
design. Moreover, I tested whether impulsive individuals would exhibit stronger
devaluation effects of no-go items, as predicted by the BSI theory. In two experiments,
I consistently found that after training, no-go food items were evaluated less positively
compared to both go and untrained food items. However, this devaluation effect
was found for both high-value and low-value items. Furthermore, the strength of
devaluation did not consistently correlate with individual inhibition capacity. These
findings thus demonstrated the devaluation effect for no-go food items induced by
go/no-go training, but failed to obtain evidence for the BSI theory.
In Chapter 4, I offered an identical go/no-go training to both morbidly obese
individuals and normal-weight university students, to explore whether insights from
laboratory studies may be translated to clinical settings. This study again served
as a test of the BSI theory, as the BSI theory predicts larger effects for individuals
with higher body mass index, who presumably have stronger approach tendencies
toward foods and lower inhibition capacities. I found that obese and normal-weight
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individuals showed similar responsivity to the training, thus suggesting the promise of
using go/no-go training in clinical settings. However, the absence of group difference
was again not in line with the BSI theory.
In Chapter 5, I extended the effect of go/no-go training from food evaluation
as measured on rating scales to food preferences as measured by choices. I found
that immediately after training, participants chose go items over no-go items more
often for consumption when choosing under some time pressure (observed in five
experiments across a variety of stimuli). Furthermore, the preference for go items
was still observed one week after training, although the effect size largely decreased.
Interestingly, when participants made choices without time pressure, the effect
became weaker and statistically non-significant. Preference change induced by go/
no-go training thus seems constrained to situations where people take little time
to make decisions, and the effect is relatively short-lived. These findings showed
the reliability, generalizability and boundary conditions of the effect of go/no-go
training on preference, and raised new questions on how the BSI theory may explain
these findings.
In Chapter 6, I followed up on the time course of the effect of go/no-go training
on food preferences, and explored whether preference for go items over no-go items
after a week is caused directly by training or by the choices people made immediately
after training. I found a direct influence of go/no-go training on preference, such that
the training led to preference change one week after training without the mediation
of immediate choices. Exploratory analysis further revealed that memory of learned
stimulus-response contingencies may play an important role in the maintenance of
training-induced preference change. To fully understand how go/no-go training
changes response toward food, and how this change may be maintained over time,
it is hence important to look into the learning process that takes place during training.
In conclusion, the theoretical review in Chapter 1 critically evaluated the BSI
theory, highlighted the importance of understanding the learning process in food
go/no-go training (e.g., what is learned during training, the conditions that facilitate
learning, and how learning is revealed in the performance of participants), and
provided important and novel directions for future research. Chapters 2-6 extended
previous research by systematically investigating the effects of go/no-go training
on food evaluation and food preference, and explored the moderation of the
effects by both theoretically and practically important factors, such as specific task
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characteristics, individual differences and testing situations. Together, this dissertation
has advanced our understanding of the underlying mechanisms of go/no-go training,
and provided important insights on how the training may be further optimized to
achieve sustainable behavior change in the long run.
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Dutch Summary
Voedselkeuzes hebben een grote impact op zowel individuele gezondheid als onze
leefomgeving. Het veranderen van voedselkeuzes vormt een voortdurende uitdaging
voor veel mensen, zelfs wanneer zij graag willen veranderen. Een reden hiervoor
zou kunnen zijn dat smakelijke en energierijke voedingsmiddelen een krachtige
psychologische reactie kunnen uitlokken, zoals de activatie van hedonische gedachten
of motor impulsen die de persoon motiveren en voorbereiden om te gaan eten,
ondanks hun intentie om dat niet te doen. Om voedsel preferenties en eetgedrag
te veranderen zouden we ons daarom kunnen richten op de verandering van deze
onwillekeurige en min of meer automatische processen.
In deze dissertatie richt ik me op de “food go/no-go training”; een
gedragsinterventie die deze processen mogelijk zou kunnen beïnvloeden. De
food go/no-go training is een training waarbij deelnemers met behulp van het
computer-keyboard reageren op afbeeldingen van bepaalde voedingsmiddelen die
vergezeld zijn van een “go” cue (go items) en niet reageren op afbeeldingen van
voedingsmiddelen die vergezeld zijn van een “no-go” cue (no-go items). Eerdere
onderzoeken die van deze simpele interventie gebruik maakten rapporteerden een
aantal veelbelovende resultaten zoals een verminderde waardering van “no-go” items,
een vermindering van de consumptie van deze no-go items en zelfs de bevordering
van een poging om wat af te vallen nadat deelnemers getraind waren om niet te
reageren op energierijke voedingsmiddelen. De onderliggende mechanismen van
deze go/no-go training zijn echter nog niet volledig bekend.
Om meer inzicht te verkrijgen in deze mechanismen, rapporteer ik in deze
dissertatie meerdere series van experimenten waarin ik de effecten van go/no-go
training op de waardering van voedingsmiddelen en op voedingskeuzes onderzocht en
exploreerde hoe deze effecten gemodereerd zouden kunnen zijn door specifieke taak
karakteristieken en individuele verschillen. Andere belangrijke vragen over zaken zoals
de toepasbaarheid van deze training in een klinische context, de repliceerbaarheid
van de basis effecten en de duurzaamheid van de voorkeursveranderingen die door
de training worden geïnduceerd zijn ook systematisch onderzocht.
In hoofdstuk 1 geef ik een overzicht van de dissertatie en vat ik de empirische
bevindingen van eerder werk samen om een kritische evaluatie te geven van de
“Behavior-Stimulus Interaction (BSI)” theorie die is voorgesteld om de effecten van
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food go/no-go training te verklaren. De BSI theorie stelt dat de inhibitie van een
toenaderingstendens richting lekker eten tot een respons conflict leidt, en dat de
negatieve gevoelens die door dat conflict worden opgewekt gekoppeld worden aan
het no-go food item tijdens de training. Dit proces verklaart de lagere waardering
van no-go food items na de training en andere gedragseffecten als consequenties
van dit devaluatie proces. De BSI theorie voorspelt daarnaast dat trainingseffecten
groter zullen zijn als (1) no-go items een sterkere toenaderingsrespons uitlokken en (2)
de respons sterker wordt geïnhibeerd. Op basis van empirisch bewijs voor deze twee
voorspellingen laat ik zien dat de BSI theorie de bevindingen in de literatuur en in deze
dissertatie niet volledig kan verklaren. Om deze inconsistenties tot overeenstemming
te brengen stel ik voor dat vervolgonderzoek naar food go/no-go training baat
zou hebben bij inachtneming van de leerprocessen (bijv. de aard van hetgeen dat
is geleerd, de voorwaarden die leren faciliteren, en hoe het geleerde vervolgens
terugkomt in gedrag) die een rol spelen in de training.
In hoofdstuk 2 test ik een aantal fundamentele hypothesen die door de BSI
theorie worden voorgesteld door het systematisch variëren van de aanwezigheid van
no-go cues, de proportie van no-no trials, de aantrekkelijkheid van de food items en
de taakinstructies (actieve training versus passieve observatie). De resultaten waren
hoofdzakelijk in overeenstemming met de BSI theorie en suggereerden dat (a) het
effect van de go/no-go training sterker was bij meer aantrekkelijke food items, (b) het
effect van go/no-go training op de waardering van de food items groter was als er
een sterkere inhibitie nodig was om niet te reageren op food items in de taak setting.
In hoofdstuk 3 testte ik opnieuw of de go/no-go training een grotere devaluatie
zou bewerkstelligen voor hoog gewaardeerde food items dan voor laag gewaardeerde
food items, maar nu met een binnen-proefpersonen design. Bovendien testte ik of
impulsieve personen een sterkere devaluatie van no-go voedsel items zouden laten
zien, zoals voorspeld door de BSI theorie. In twee experimenten vond ik steeds dat na
training no-go food items minder hoog gewaardeerd werden dan go- en ongetrainde
food items. Echter, deze devaluatie gold voor zowel laag- als hoog gewaardeerde
items. Verder correleerde de sterkte van devaluatie niet met de individuele capaciteit
van inhibitie. Deze bevindingen laten dus zien dat er inderdaad een devaluatie effect
is van de no-go food items, maar geven geen bewijs voor de BSI theorie.
In hoofdstuk 4 bood ik een identieke go/no-go taak aan mensen met morbide
obesitas en studenten met een normaal gewicht, om verder te onderzoeken of
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inzichten verkregen door experimenteel onderzoek vertaald kunnen worden naar een
klinische setting. Deze studie was opnieuw een test van de BSI theorie die een groter
effect voorspelt voor individuen met een hogere body mass index waarvan wordt
verondersteld dat ze een sterkere toenaderingstendens hebben naar voedsel en een
lagere capaciteit van inhibitie. Ik vond dat obese mensen en mensen met een normaal
gewicht hetzelfde reageerden op de training, wat suggereert dat de go/no-go training
veelbelovend is voor gebruik in een klinische setting. De afwezigheid van een verschil
tussen de groepen was echter niet in overeenstemming met de BSI theorie.
In hoofdstuk 5 heb ik het effect van de go/no-go training zoals gemeten op
aantrekkelijkheid uitgebreid door het effect te meten op keuzegedrag. De resultaten
lieten zien dat, meteen na de training, deelnemers vaker kozen voor go- dan voor
no-go items als ze iets moesten kiezen voor consumptie wanneer ze onder enige
tijdsdruk stonden (geobserveerd over vijf experimenten over een verscheidenheid aan
food items). Verder konden we deze preferentie voor go items ook nog een week na
de training terugvinden , hoewel de grootte van het effect afnam. Als er geen tijdsdruk
was, dan werd het effect van de training op keuze zwakker en was het niet meer
statistisch significant. Het lijkt er dus op dat de verandering in voorkeur geïnduceerd
door de go/no-go training beperkt is tot situaties waarin tijdsdruk een rol speelt en
dat het effect van korte duur is. Deze bevindingen brachten de betrouwbaarheid,
generaliseerbaarheid en voorwaarden aan het licht van het go/no-go trainings effect
op voedselvoorkeur en wierp nieuwe vragen op aangaande hoe de BSI theorie deze
bevindingen kan verklaren.
In hoofdstuk 6, heb ik een vervolg onderzoek gedaan naar het tijdsverloop
van het effect van go/no-go trainingen op voedselvoorkeuren, en geëxploreerd of
de voorkeur voor go food items ten opzichte van no-go food items na een week
veroorzaakt wordt door de training of door de voedselkeuzes die worden gemaakt
net na de training. Ik vond een rechtstreekse invloed van de go/no-go training op
voedselvoorkeur; de training leidde rechtsreeks tot een verandering van voorkeur een
week na de training zonder mediërende invloed van voedselkeuzes na de training.
Een exploratieve analyse bracht verder aan het licht dat de herinnering van de
geleerde stimulus-response verbanden een belangrijke rol zouden kunnen spelen
in het behoud van de training-geïnduceerde voorkeursverandering. Om volledig te
begrijpen hoe go/no-go training de respons tegenover voedselproducten verandert
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en hoe deze verandering in de tijd behouden kan blijven, is het daarom van belang
om het leerproces in ogenschouw te nemen dat plaatsvindt tijdens de training.
Tot slot, het theoretische overzicht in hoofdstuk 1 geeft een kritische kijk op de
BSI theorie en legt de nadruk op het belang van het begrijpen van de leerprocessen
in de food go/no-go training (bv. Wat er wordt geleerd tijdens de training, de
omstandigheden die het leren faciliteren en hoe het leerproces wordt geuit in de
prestaties van de deelnemers), en geeft belangrijke en vernieuwende richtingen aan
voor vervolg onderzoek. Hoofdstukken 2-6 bouwden voort op eerder onderzoek
door de effecten van de go/no-go training op de waardering en voorkeur voor
voedingsmiddelen systematisch te onderzoeken en exploreerde de moderatie van die
effecten door zowel praktisch als theoretisch relevante factoren zoals taak-kenmerken,
individuele verschillen en test-situaties. Samengenomen heeft deze dissertatie ons
begrip van de onderliggende mechanismen van de go/no-go training bevorderd, en
heeft het belangrijke inzichten opgeleverd in hoe de training geoptimaliseerd zou
kunnen worden om duurzame gedragsveranderingen te kunnen bewerkstelligen.
Translated by Dr. Raquel London
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