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Abstract
If cues from different sensory modalities share the same cause, their information can
be integrated to improve perceptual precision. While it is well established that adults
exploit sensory redundancy by integrating cues in a Bayes optimal fashion, whether
children under 8 years of age combine sensory information in a similar fashion is still
under debate. If children differ from adults in the way they infer causality between
cues, this may explain mixed findings on the development of cue integration in earlier studies. Here we investigated the role of causal inference in the development of
cue integration, by means of a visuotactile localization task. Young children (6–8 years),
older children (9.5–12.5 years) and adults had to localize a tactile stimulus, which was
presented to the forearm simultaneously with a visual stimulus at either the same or a
different location. In all age groups, responses were systematically biased toward the
position of the visual stimulus, but relatively more so when the distance between the
visual and tactile stimulus was small rather than large. This pattern of results was better captured by a Bayesian causal inference model than by alternative models of forced
fusion or full segregation of the two stimuli. Our results suggest that already from a
young age the brain implicitly infers the probability that a tactile and a visual cue share
the same cause and uses this probability as a weighting factor in visuotactile localization.
KEYWORDS
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INTRODUCTION

uncertainty, adults optimally integrate overlapping sensory cues. More
specifically, the different cues are weighted according to their precision

When we perceive the world around us, properties of the environ-

(i.e., the reciprocal of the variance), so that the precision of the inte-

ment can often be sensed through more than one modality. For exam-

grated estimate is higher than those of estimates based on any of the

ple, when holding an object, information about its size is received both

cues in isolation (Ernst & Banks, 2002; van Beers et al., 1996, 1999).

haptically and visually. However, sensory input is noisy, which leads

Obviously, integration of two or more sensory cues should only

to uncertainty in the perceptual estimates. To reduce this perceptual

occur if they come from the same cause. Because cues are inherently
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noisy, this involves solving a causal inference problem (Kayser & Shams,
2015; Körding et al., 2007; Rohe & Noppeney, 2015). In statistical

RESEARCH HIGHLIGHTS

terms, this means that the brain must weigh the noisy cue information

∙ Presentation of a visual cue biases tactile localization in

on the likelihood that the cues share a common cause. In this weight-

young children (6–8 years), as well as older children (9.5–

ing, the brain incorporates its prior expectations on causality (through

12.5 years) and adults.
∙ The relative effect of a visual cue on tactile localiza-

a prior on common cause), based on an accumulated history of comparable sensory circumstances (see Figure 1a,b).

tion becomes smaller with increased spatial separation

Adults are known to rely on these computations, referred as

between the visual and tactile cues.
∙ Bayesian causal inference is a better model for visuotactile

Bayesian causal inference, in a wide range of perceptual tasks: from
multisensory cue localization (Körding et al., 2007; Wozny et al., 2010)

localization than either full fusion, segregation or switch-

and perception of self-motion (Acerbi et al., 2018) to the integration

ing.
∙ Children are more likely to combine visual and tactile cues

of sensory prediction and sensory reafference in spatial perception
(Atsma et al., 2016; Perdreau et al., 2019). These studies show that mul-

than adults, expressed by a higher prior on common cause.

tisensory perception in adults is Bayes optimal, not only by integrating
cues to maximize multisensory precision, but also by conditioning this
integration process on causality.
The developmental time course of the ability to integrate multisensory cues is still under debate. In some studies, only children older than

drens’ causality assessment leads to a higher tendency to segregate

8 years were found to integrate sensory cues in a Bayes optimal fash-

rather than integrate cues, which would explain why other studies fre-

ion (Dekker et al., 2015; Gori et al., 2008; Nardini et al., 2008, 2010,

quently found young children not to integrate.

2013; Petrini et al., 2014; Scheller et al., 2021), whereas in other studies, younger children also appeared to be able to integrate, potentially
as a result of differences in task and feedback (Negen et al., 2019; Rohlf

2

METHODS

et al., 2020), or due to training (Nava et al., 2020).
From the perspective of Bayesian causal inference, it is unclear

2.1

Participants

whether the typical lack of sensory fusion in young children is related to
the fusion process itself or to the process of detecting causality among

Twenty-one 6- to 8-year-old children (M = 7.1 years, SD = 7 months; six

multiple cues. In case of the latter, the lack of optimal integration in

girls), 25 9.5- to 12.5-year-old children (M = 11.0 years, SD = 8 months;

young children may be related to a lower prior on common cause in this

14 girls), and 20 adults (M = 24.7 years, SD = 3.8 years; 14 females)

age group compared to older children and adults: by applying a lower

were included in the study. One additional 6-year-old was tested but

prior on common cause, cues are more likely to be segregated rather

his data were not included in the analyses because he seemed to ran-

than integrated. Although a recent study argued that young children

domly press buttons and could not recall the task instructions upon

are able to infer causality in multisensory perception (Rohlf et al., 2020;

questioning. The data from all other participants were included in the

see also Dekker & Lisi, 2020), their results leave room for the possibil-

analyses. Of the included children in the youngest age group, six did not

ity of forced multisensory fusion with sub-optimal weights. To dissoci-

complete the full experiment. On average, those six children stopped

ate these explanations experimentally, multisensory perception stud-

after finishing two out of four blocks of trials. All other participants fin-

ies should include multiple disparities between the cues.

ished the whole experiment.

Using a psychophysical approach, we tested young children (6- to 8-

The children were recruited from and tested at a primary school in

year-old), older children (9.5- to 12.5-year-old) and adults in a visuo-

the Netherlands. Written informed consent was given by their care-

tactile localization task with different spatial disparities between the

givers. As a reward for participation, a science workshop was organized

visual and tactile cues. They were mechanically stimulated on their

for the whole class. Additionally, children from the youngest age group

forearm while a visual stimulus was simultaneously presented either

were rewarded with a sticker for each of the four blocks they com-

at the same or at a different location (Figure 1a,b). If causal infer-

pleted. Adults enrolled through a participant recruitment website; they

ence guides the integration of the visual and tactile input, the per-

signed an informed consent form prior to the experiment. They were

ceived location of the tactile stimulus should be biased towards the

rewarded with either a gift voucher (10 euro) or course credits for par-

visual stimulus, and the relative magnitude of this bias should decrease

ticipation. All procedures were approved by the local Ethics Committee

with a larger distance between the two stimuli (Figure 1d). To explain

of the Faculty of Social Sciences under approval ECSW-2019-089.

the data of each participant, we fitted three causal inference models and three commonly suggested alternatives: full fusion, segregation and cue switching. Moreover, we used the best fitting causal infer-

2.2

Apparatus and stimuli

ence model to obtain a prior on common cause for each participant.
A smaller prior on common cause in the young children compared to

Participants were seated on a chair behind a table. Tactile and visual

older children and adults would confirm the hypothesis that young chil-

stimuli were applied at one of five equidistant nodes that were
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F I G U R E 1 Causal inference (a-b) and model predictions (c-d). (a) Two causal models: common cause (C = 1) and separate causes (C = 2). Causal
inference makes use of the generative model that stimuli are generated according to C = 1 with a probability of pcommon (the prior on common cause),
and according to C = 2 with a probability of 1 − pcommon . (c) On each trial, an observer has to infer what the likelihood is of each model, given the
sensory input and the prior on common cause. This likelihood is termed the posterior on common cause, denoted by P(C = 1). For model averaging,
the final cue estimate is based on a weighing of the fully segregated and fully integrated sensory input, with a relative weight of P(C = 1) for the
segregated signal. (c) Predictions of various models of the response distributions on two example bimodal stimuli. The upper three models involve
causal inference, whereas the bottom three do not. (d) Model predictions for the relation between spatial disparity (the distance between visual
and tactile stimulus) and bias (the average shift of the tactile response towards the visual cue, as a percentage of this disparity). Causal inference
models predict a negative relation between bias and absolute disparity, while for the alternative models, the percent bias is constant. Parameter
values used in (c-d): pcommon = .7, σt = 1.5, μp = 3, σp = 100, wt = .5, pt = .5

embedded in a piece of fabric, attached in longitudinal direction on

Tactile stimuli consisted of two taps of 35 ms duration each, sepa-

the dorsal side of the left forearm (see Figure 2). Each node contained

rated by a 300 ms interval. Visual stimuli consisted two LED flashes of

a miniature electromagnetic solenoid-type stimulator, or “tactor”

35 ms duration each, simultaneous with the tactile taps, at either the

(Dancer Design, UK) on the inside (i.e., at the skin), and a red LED on

same or a different node. Registration of responses and controlling the

the outside. The distance between the centers of adjacent nodes was

sleeve was done using Presentation 20.0 (NeuroBehavioral Systems).

2.5 cm. The stimulation device was positioned midway the forearm,
such that it felt stable and comfortable for the participant.
For adults, a head- and armrest was used to fix posture across trials

2.3

Procedure

(Figure 2b). A computer screen was mounted directly behind the armrest, and was used for presentation of a fixation cross and the response

The experimental paradigm was an adapted version of the audiovisual

options. The fixation cross was positioned approximately 5 cm above

localization task by Körding et al. (2007), but with visual and tactile

the center node of the stimulus apparatus. Participants could provide

stimuli. We developed the paradigm first in adults and subsequently

their responses with a computer mouse. For the children, the left arm

tested it in children.

was placed on a piece of cardboard sheathed in fabric, which covered

Before the start of the experiment, participants were familiarized

the top half of a tablet (Asus Eee Slate). Children were asked to look at

with the stimuli by applying five congruent (i.e., spatially aligned)

their left arm when the stimuli were presented. Response options were

bimodal cues, one at each of the five nodes. Participants were told that,

presented on the bottom half of the tablet and responses were given

during the experiment, the visual and tactile stimuli could be either

using its touchscreen (Figure 2a).

at the same or at different locations. For the young children, this was

4 of 12

F I G U R E 2 Experimental setup for children (a) and adults (b). Participants had to report at which of five nodes a tactile stimulus was felt. On
five out of six trials, the tactile stimulus was accompanied by a visual stimulus, either at the same or at a different location. Responses were given
by selecting one of five circles on a touchscreen tablet (children) or using a computer screen and mouse (adults)

phrased as that the little light would sometimes, but not always, try to

parity and the response bias, expressed as a percentage of this dis-

fool them.

parity. Per participant, we computed the Spearman’s rank correlation

On each trial, a tactile stimulus was presented at one of the five pos-

between the percent bias and the absolute disparity over trials. If

sible locations. In five out of six trials, a concurrent visual stimulus was

causal inference guides perception, we expected that the localization

presented at a location that was independent of the tactile stimulus

responses would be drawn stronger towards the visual cue for small

location (bimodal trials). In the remaining one-sixth of trials, no visual

compared to large disparities. Hence, we then expect to find a negative

stimulus was presented (unimodal trials). During each block of 90 tri-

correlation between bias and disparity. For either pure integration (full

als, every stimulus combination (five tactile × five visual locations +

fusion) or pure segregation, the bias would be independent of dispar-

five tactile-only locations) was presented three times. Within a block,

ity (Figure 1d). Correlations were tested against zero at a group level

the order of trials was randomized. After each stimulus or stimulus-

using a one-sample t-test, and compared between age groups (young

pair, participants were asked to report the perceived location of the

children; older children; adults) using a one-way ANOVA.

tactile stimulus. Children performed four and adults six blocks of trials.
Between blocks there was a rest period between 10 s and 10 min.
Children used a touchscreen to give their response. The response

2.5

Modeling

options were depicted as five “o” shapes that were aligned with node
locations and turned into a “+” upon selection. Adults selected one of

Six different Bayesian models were examined as an account for the

five possible locations depicted on the computer screen, using a com-

response distributions in the localization task. Of those models, three

puter mouse. There was no time limit for giving a response. Partici-

involved causal inference (cf. Wozny et al., 2010): model averaging,

pants could start the next trial by clicking the mouse or touching the

model selection, and probability matching. The other models were a pure

touchscreen, which was followed by a randomly varying time interval

segregation model, a forced fusion model and a switching model.

between 800 and 1300 milliseconds before the next stimulus was presented. No feedback about performance was given.

The three causal inference models operate under the assumption
that participants estimate the posterior probability that the visual and

In addition to the localization task, adult participants performed

tactile stimulus have a common cause. A generative model is used that

a two-alternative forced-choice task, in which they had to report

states that the two stimuli (tactile and visual) either have a common

whether or not they perceived the visual and a tactile stimulus to be

cause, and hence come from the same location, or alternatively, that

at the same location. A report of this part of the experiment is available

they have multiple, independent causes, and hence may come from

as Supplemental Material with the online version of this paper.

different locations (Figure 1a). The a priori probability of the two stimuli being generated at the same location is referred to as the prior on
common cause, or pcommon . A posterior on common cause is computed

2.4

Data analysis

by multiplying pcommon with the likelihood of having the actual sensory
input under the common cause assumption. Hence, this posterior

To test whether a causal inference strategy guided the responses in

on common cause becomes smaller if the disparity between the

the localization task, we investigated the relation between the cue dis-

(unisensory) perceived visual cue and tactile cue becomes larger. The
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TA B L E 1

Parameters that were fitted through the MCMC procedure and their prior distributions
Used in model

Parameter

Model
averaging

Model
selection

Probability
matching

Forced
fusion

Segregation

Switching

Prior
distribution

✓

✓

✓

Cau(2)

pcommon

✓

✓

✓

σt

✓

✓

✓

μp

✓

✓

✓

✓

✓

✓

N(2,5)

σp

✓

✓

✓

✓

✓

✓

Cau(5)

U(0,1)

✓

wt

U(0,1)

pt
lapse rate

✓

✓

✓

✓

✓

✓

U(0,1)

✓

U(0, .2)

Note: The role of each parameter in the various models is described in the appendix. U(a,b): uniform distribution over the interval [a,b]; Cau(γ): half-Cauchy
distribution with scale parameter γ; N(μ,σ): normal distribution with mean μ and standard deviation σ. All lengths (σt , μp , σp ) are taken in units of inter-node
distance (2.5 cm).

posterior on common cause dictates to what extent the final estimate

lus location. This was confirmed by a small pilot experiment in which

of the tactile cue location is based on either the segregated tactile

the participant was asked to report which of the five lights had lit up

percept or the optimally integrated multisensory percept (Wozny

in a unimodal visual stimulus trial. For a detailed mathematical descrip-

et al., 2010). In model averaging (Figure 1b), a weighted sum is taken of

tion of the various models, we refer to the appendix.

the tactile percept and the integrated percept, with a relative weight
on the integrated percept equal to the posterior on common cause. In
model selection, the localization corresponds to the most likely causal

2.6

Model fitting

structure, given the posterior on common cause (a winner-takes-all
policy). Finally, in probability matching, the participant localizes either

Table 1 provides an overview of the fitted parameters of each

based on the integrated multisensory percept or the segregated tactile

model and their prior distributions in the fitting procedure. The

percept; the probability of choosing the multisensory percept in that

goal of the fitting procedure was to obtain a probability distribu-

trial is set such that it equals the posterior on common cause of that

tion over the parameter values for each model, given the data of

particular trial. Hence, the crucial difference between model selection

each individual participant, and use this distribution to compute the

and probability matching is that the former always discards the least-

model likelihood. We used the Goodman and Weare (2010) affine

likely causal structure, while in the latter, there is still a chance for the

invariant ensemble Markov Chain Monte Carlo (MCMC) sampler,

less likely causal structure to be used. The other three models do not

as implemented in Matlab by Grinsted (2018), to sample parame-

rely on a causal inference computation. According to these models,

ter values from this posterior distribution. Each step in the MCMC

localization is based solely on the segregated and integrated estimates.

sampler required computation of the log-likelihood of the data given

In the forced fusion model, a weighted average is taken between the

the model and a particular set of parameters. In the current case, the

sensed tactile and the visual location, with a fixed relative weighting.

log likelihood was given by:

This model allows sub-optimality by leaving the relative tactile weight
as a free parameter during the fitting, rather than forcing it to be equal

log L(model|{ni,j }) =

to the relative precisions of the individual sense. Unlike the causal

5
∑ ∑

ni,j log pi,j + constant,

(1)

j={sv ,st } i=1

inference (model averaging) model, the forced fusion model gives the
same weight to the tactile cue throughout the whole experiment, inde-

where {ni,j } are the response counts for each response option i in con-

pendent of cue disparity. In that sense, it assumes that the visual cue is

dition j, and {pi,j } are the respective modeled response probabilities

equally informative about the tactile stimulus location for any visual-

(Körding et al., 2007).

tactile stimulus pair. According to the segregation model, the visual

For each participant and every model, 24 chains of 417 samples

stimulus had no effect and hence the response location should always

(in total 10,008 samples) were taken from the posterior joint param-

correspond to the segregated tactile input location. The switching

eter distribution. The initial parameter values of each chain were

model operates under the assumption that, on every trial, a participant

drawn from their respective prior distributions. No burn-in was used,

chooses either the tactile or the visual stimulus and ignores the other,

but to improve chain mixing, every sample was the result of ten

with a probability for picking either one that is fixed over trials.

sampling-steps (i.e., a total of 100,080 samples were generated in each

In all six models, we assumed that the location of the visual stimulus

chain and every tenth sample was stored). Chain mixing and conver-

could be categorized perfectly. Consequently, the optimally integrated

gence were confirmed through visual inspection of the posterior distri-

multisensory percept always corresponded to the actual visual stimu-

butions.
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6 - 8 years

SL responses
Model fit

0
1

0
1

0
1

0
1

0
1

1

0
1

0
1

0
1

0
1

0
1

0
1

0
1

0
1

0
1

0
1

0

0

0

adults

9.5 - 12.5 years
1

Relative number of responses

LED
tap

Relative number of responses

Relative number of responses

1

12345 12345 12345 12345 12345

12345 12345 12345 12345 12345

12345 12345 12345 12345 12345

Stimulus location

Stimulus location

Stimulus location

(a)

(b)

(c)

F I G U R E 3 Average response distributions for the different conditions, per age group. Columns correspond to different tactile stimulus
locations, rows to different visual stimulus locations. Per condition, the fraction of responses for each location are averaged over participants,
shaded regions indicate standard errors. Dotted lines display model predictions, based on a group-level MCMC fit of the model averaging causal
inference model. Different panels correspond to different age groups: (a) 6- to 8-year-olds, (b) 9.5- to 12.5-year-olds and (c) adults. Node 1 was the
most proximal (close to the elbow), node 5 the most distal

The likelihood of a given model for each participant was determined

age groups, this unimodal response distribution is shifted leftwards

by computing the likelihood of the data for each of the MCMC sam-

(towards node 1) with respect to the actual location, indicating a bias

ples. The mean of those samples was chosen as a proxi for the overall

towards the elbow, in line with the tactile localization study of Badde

model likelihood. For each participant, the best model was defined as the

et al. (2020). When comparing column-by-column the lowest panels

model with the highest likelihood.

(tactile only) to the corresponding panels (bimodal) above, it is evident

Maximum a posteriori probability (MAP) estimates of the model

that responses in bimodal trials were shifted towards the visual stimu-

parameters for each participant and each model were obtained by tak-

lus location, indicating that the visual stimulus affected tactile localiza-

ing the sample from the combined MCMC chains that corresponded to

tion.

the highest likelihood.

Figure 4 shows the percent bias as a function of the disparity

We performed a comparison over the estimated parameter values

between the visual and tactile stimulus. Perfect localization is indi-

for the best-fitting causal inference model (i.e., the model that came

cated by a bias of zero, while a bias of 100% indicates that the

out as best in the largest number of subjects). For the comparison, a

tactile stimulus is localized at the visual stimulus location. As can

(non-parametric) Kruskal-Wallis test was used, because for all param-

be seen in the figure, the bias decreased with larger disparities.

eters, at least one of the groups showed a non-normal distribution,

This finding is in line with a causal inference strategy and contra-

as revealed by an Anderson-Darling test. In case of a significant age-

dicts full fusion, pure segregation or switching, all of which pre-

effect, a Wilcoxon rank-sum test was conducted to pairwise compare

dict that the percentual bias would be independent of disparity (see

the different age groups. We used an alpha level of 0.05 for all statisti-

Figure 1d).

cal tests. All analyses were performed using Matlab R2017a (The Mathworks, Inc.).

Statistical analyses confirmed that percent bias decreased with
larger disparities: the mean correlation between the bias and disparity differed significantly from zero for all age groups (mean correlations: rs = −0.44; −0.49; −0.22 for young children, older chil-

3

RESULTS

dren and adults, respectively; t(20) = −9.35; t(24) = −10.88; t(19)
= −5.18; all p’s < 0.001). There was a significant age effect on this

3.1

Behavioral observation

correlation (F(2,63) = 10.33, p < 0.001), with a weaker correlation
for adults compared to younger children (t(39) = 3.53, p < 0.01) and

Figure 3 presents the average responses of each age group. Differ-

older children (t(43) = 4.41, p < 0.01), indicating that the decrease

ent panels show the different stimuli-combinations, with the bottom

in bias with larger disparity was more prominent in children than in

panels showing the responses to the unimodal, tactile stimulus. In all

adults.
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cating very strong evidence in favor of a causal inference strategy (Kass
& Raftery, 1995).
6 - 8 years
9.5 - 12.5 years
adults

Tactile bias [%]

100

3.3

80

Parameter comparison

Because the model averaging model emerged as best fitting model in

60

all groups, we compared its parameter estimates across the three age
groups. Specifically, we hypothesized that if young children are more

40

likely to segregate rather than integrate cues, they would have a lower
prior on common cause, compared to older children and adults. How-

20

ever, a higher value for this parameter was found for both children
groups compared to adults (main effect of age: H(2) = 10.81, p < 0.005;

0
-4

-2

0

2

4

planned contrasts: p = 0.014 for young children vs. adults, p < 0.005 for

Disparity (visual - tactile) [nodes]

older children vs. adults, p = 0.12 for young children vs. older children).

F I G U R E 4 Response bias as a function of cue disparity. Disparity
is presented in units of inter-node distance, which correspond to 2.5
cm. A bias of zero indicates perfect localization, whereas a bias of
100% indicates that the tactile stimulus is localized at the visual
stimulus location. A negative relation between bias and absolute
disparity is indicative of a causal inference strategy

Figure 6 shows the mean and individual MAP estimates of pcommon ,
together with the other mean MAP parameter estimates of the model
averaging model.
To check the robustness of our statistical outcomes, we re-ran the
comparison of pcommon using only the participants in which “model averaging” was the best model. The results were the same as in the original
analyses: a significant main effect of age (H(2) = 12.73, p < 0.005), with
significantly higher pcommon for young children compared to adults (p <

3.2

0.005) and older children compared adults (p < 0.005), but no signifi-

Model comparison

cant difference between young children and older children (p = 0.28).
In all age groups, in nearly all participants, the model averaging model

Regarding the other model parameters, we only found significant

outperformed the other models (Figure 5a). The average (base e) log-

effects of age on the tactile standard deviation σt (H(2) = 9.46, p < 0.01),

likelihood difference of model selection with the best non-causal infer-

with adults (σt = 2.7) being less precise than young (σt = 1.4, p < 0.005)

ence model was 17 for young children, 40 for older children, and 47 for

and older (σt = 1.8, p = 0.013) children, and on lapse rate (H(2) = 11.15,

adults (see Figure 5b for the relative log-likelihoods of all models), indi-

p < 0.005), with younger children showing higher lapse rates (M = 0.07)

25

relative log e likelihood (compared to best)

-350

times selected as best model

20

15

10

5

0

-300

-250
model averaging
model selection
probability matching
forced fusion
segregation
switching

-200

-150

-100

-50

0

6-8 years

9.5-12.5
years

(a)

adults

6-8 years

9.5-12.5
years

adults

(b)

F I G U R E 5 Model comparison results. (a) The number of participants for which a particular model gave the best fit. (b) The average difference
in log likelihood between each model and the best fitting model for each participant (error bars indicate standard errors)
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location became smaller for larger disparities, which is a characteris-

p co m m o n

1

tic property of a causal inference strategy. Moreover, for the majority of participants, a causal inference model described the data better

p common

0.8

than either a forced fusion, a segregation or a switching model. In the
few participants for whom one of the alternative models was a bet-

0.6

ter descriptor, the model averaging model described the data almost

0.4

equally well, as evidenced by the small differences in the model likelihood. Hence, from a Bayesian perspective, we conclude that causal

0.2

inference plays a role in multisensory integration already in 6- to 8year-olds.

0
6-8 years

t

10
P

t

4

9.5-12.5
years

2

adults

P

gest an uneven relation between bias and disparity: for negative disparities (i.e., when the visual cue was closer to the elbow than the tac-

5

tile cue), a larger bias was observed than for positive disparities. Moreover, for positive disparities, the adult group showed a consistent per-

0

0

We found a negative relation between the visually induced tactile
bias and the absolute disparity. However, the results in Figure 4 sug-
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P

0
-5

ars ars lts
ye ye adu
6-8-12.5
9.5

lapse rate

P

5

0.1

lapse rate

0.05

bias that decreases with increasing disparity. The explanation of these
findings is that we used the actual tactile stimulus location when computing bias and disparity, while the perceived tactile stimulus location
was generally shifted towards the elbow (see bottom panels of Fig-
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ure 3a–c). This unisensory tactile shift leads to leftward biases being
overestimated and rightward biases being underestimated, in particular for disparities close to zero. Hence, the asymmetry in the relation between bias and disparity was due to a shift in tactile likelihood

F I G U R E 6 Estimates of parameter values for the model averaging
model. For pcommon , individual MAP estimates and 95% credible
intervals are shown. Red data points correspond to participants for
whom model averaging outperformed the other models, grey points
correspond to participants for whom one of the other models was
best. Bar plots show the mean MAP estimates for all parameters. For
μp the dotted lines correspond to the five node locations; μP =
3 corresponds to a prior centered at the middle node. pcommon : prior on
common cause; σt : standard deviation of tactile noise; σP , μP : standard
deviation and center of Gaussian location prior; lapse rate: proportion
of trials in which a random response is given

(cf. Badde et al., 2020), rather than due to an asymmetry in causal
inference.
Importantly, out of the candidate causal inference models, model
averaging outperformed model selection and probability matching.
This is an interesting finding, because in constrast to the two alternatives, model averaging involves weighted contributions of visual and
tactile information on a single trial. Taking a weighted average of different sensory cues is a requirement for optimal cue integration as
often described to occur in adults (Ernst & Banks, 2002; van Beers
et al., 1996, 1999). It has been debated whether young children take
weighted averages when integrating cues, or rather pick a single cue

than older children (M = 0.03, p < 0.005) and adults (M = 0.03, p <

(Gori et al., 2008) or switch between cues on a trial-by-trial basis (Nar-

0.005).

dini et al., 2010). Our results suggest that the ability to weigh different cues, at least when the weights are based on inference about the
causal structure of sensory input, is already present before 8 years of

4

DISCUSSION

age. Moreover, out of all the proposed models, model averaging is the
only one that assumes optimality in the sense that it aims at minimiz-

The aim of this study was to examine whether children use causal infer-

ing the squared error of the tactile location estimate. Hence, in the cur-

ence in multisensory perception, and if so, whether younger children

rent experiment, all age groups showed behavior that can be consid-

(6- to 8-year-old) are less likely to integrate different cues than older

ered optimal, given their individual prior belief that the visual and tac-

children (9.5- to 12.5-year-old) or adults. An increased tendency to seg-

tile cue share a common cause.

regate cues in younger children, expressed as a lower a priori belief

We note that gender distributions were not matched across the

that different cues originate from a single environmental source, would

three participant groups. Based on adult studies, it has been suggested

explain earlier findings that suggested that younger children do not

that women have a stronger tendency to bind multisensory signals

integrate multisensory cues.

than men (Barnett-Cowan et al., 2010; Claypoole & Brill, 2019; Col-

The current results suggest that children from a young age apply a

lignon et al., 2010; but see Magnotti & Beauchamp, 2018). However,

causal inference strategy, just like older children and adults. In all three

our results suggests that the adult group, which consisted of slightly

age groups, the relative effect of the visual cue on the felt tactile cue

more females, showed the smallest prior on common cause, and thus
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the weakest tendency to bind signals. Therefore, it is unlikely that the

evant visual cue is in line with earlier work by Petrini et al. (2015),

gender imbalance strongly affected the outcomes of the current study.

who found that 7- to 10-year-old children were biased towards a visual

When successfully integrating multiple cues, the precision of the

cue when judging the location of a sound, while adults’ responses were

combined estimate should be better than the precision for any of the

unaffected. In this light, a recent study by Badde et al. (2020) provides

cues presented in isolation. This property is often used as a criterion

an interesting insight. Using a visuotactile localization task very similar

for cue integration in children (Dekker et al., 2015; Gori et al., 2008;

to the one used in the current study, these authors showed, in adults,

Nardini et al., 2008, 2010, 2013; Nava et al., 2020; Negen et al., 2019;

that the prior on common cause can be lowered by directing the atten-

Petrini et al., 2014). However, for two reasons, our study design did not

tion towards either the visual or the tactile cue before the stimulus is

allow the quantification of precision improvement through cue weight-

presented. In the current study, participants were asked to specifically

ing. Firstly, when causal inference is applied, improved precision for

attend the tactile cue, which could have lowered the effective prior

combined-cue trials compared to single-cue trials is not generically

on common cause in adults. Potentially, this could explain why chil-

true for an ideal observer. Secondly, a visual cue was used that could

dren were found to have a higher prior on common cause than adults:

be perceived nearly infinitely precisely, at least with regard to the cat-

because inhibitory control is still developing up to 13 years of age at

egorical localization task used here. Therefore, practically no preci-

least (Davidson et al., 2006), children might have struggled to suppress

sion improvement was possible by combining cues, compared to using

the uninformative but salient visual cue.

the best unimodal cue. Under this assumption, any deviation from the

An alternative interpretation of the larger prior on common cause

visual stimulus location should be regarded as the result of segrega-

in children compared to adults is that this difference is an expression of

tion of the visual and tactile cues. Hence, the current study apparatus

an age related narrowing of multisensory binding windows. It has been

was particularly suitable to address causal inference, at the cost of not

found before that both the spatial and temporal windows in which two

being able to address precision improvement through optimal cue inte-

cues are judged as being concurrent shrink with age during childhood

gration.

(Greenfield et al., 2017; Hillock-Dunn & Wallace, 2012; Lewkowicz &

To date, only one study explicitly addressed the possibility that

Flom, 2014). A with age decreasing prior on common cause fits within

causal inference could explain the (apparent) sub-optimal cue inte-

this general developmental trend. Combining those findings of narrow-

gration that is often found in young children. Rohlf et al. (2020) used

ing binding windows with earlier findings of sub-optimal cue integra-

an auditory-visual localization experiment to study the ventriloquist-

tion in young children, it seems that over the course of development,

effect and cross-sensory recalibration in 5- to 9-year-old children. They

humans become less likely to integrate information from different cues,

showed, as in the current study, that a causal inference model explained

but become more proficient when they do.

their data better than an optimal integration (forced fusion) model or

Until a few years ago, children younger than 8–10 years of age were

a switching model. However, because their study only included a sin-

thought not to integrate different sensory modalities because they

gle disparity, the corresponding data could not tease apart a causal

might still be calibrating their senses (Gori, 2015; Gori et al., 2008),

inference model from a forced fusion model with sub-optimal weights.

resulting in dominance of one sense over the other (Gori et al. 2008;

While both “causal inference with model averaging” and “forced fusion”

Petrini et al., 2014). Also, it has been suggested that “the develop-

predict that an observer takes a weighted average of cues, the crucial

ing visual system may be optimized for speed and detecting sensory

difference between the predictions of these models is that in causal

conflicts” (Nardini et al., 2010, p. 17041). Recently, these ideas have

inference the respective weights depend on the disparity between

been challenged by studies showing near-optimal integration in this

cues. Hence, by using a range of stimulus disparities, we could dis-

age group (Bejjanki et al., 2020; Nava et al., 2020; Negen et al., 2019),

tinguish causal inference from sub-optimal forced fusion, and found

and in particular by Rohlf et al. (2020), who showed that integration

support for the first over the latter model. The current results thus

develops prior to cross-sensory recalibration. In the current study, we

strengthen the conclusion of Rohlf and colleagues that causal inference

found that even though perception of tactile stimuli is strongly affected

is indeed a better descriptor than “simple” integration, when it comes to

by the presence of a visual cue, the less-dominant modality (touch) still

multisensory cue localization in young children.

had an effect on the perceived stimulus location. Hence, the current

A priori, we hypothesized that young children would be less likely

study provides additional evidence that children’s multisensory per-

to take two cues to represent the same environmental property, com-

ception is not fully dominated by a single modality. Nonetheless, the

pared to older children and adults. However, we did not find a lower

lower effective prior on common cause in adults compared to children

prior on common cause for the 6- to 8-year-old children compared to

suggests that visual dominance becomes less pronounced with age,

the two older groups. Therefore, it is unlikely that the lack of multisen-

allowing adults to better segregate information from different senses.

sory integration in young children, as found in earlier studies (Gori et al.,

In conclusion, we found that 6- to 8-year-old children, like older

2008; Nardini et al., 2013; Petrini et al., 2014), can be explained by a

children and adults, apply causal inference when presented with

generally higher tendency to segregate rather than integrate multiple

two simultaneous cues in different sensory modalities. The current

cues. If anything, the current study suggests that the opposite is true:

experiment was set up in such a way that causal inference could be dis-

children (from both age groups) had a harder time than adults in dis-

tinguished from cue integration, by allowing the cue in one modality to

entangling information from different sensory streams, compared to

be perceived nearly infinitely precise, and showed that in such a case,

adults. This reduced ability in children to ignore or suppress an irrel-

cue localization indeed appears to be under the influence of causal
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inference. However, in real-world situations, causal inference and
weighted cue integration often go hand in hand, for example when
trying to swat a mosquito off one’s arm: one wants to be accurate in
localizing and to disentangle which of the sensations on the skin is
caused by the mosquito. Future developmental research could aim at
the interplay between these two aspects of multisensory perception,
causal inference and integration, by using tasks in which both are
required. The current results highlight that causal inference is an
important factor to take into account when studying the development
of cue integration.
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The variance associated to x̃ t (that is, the width of the posterior tactile stimulus location) is given by

𝜎̃ t2 =

𝜎p2 𝜎t2
𝜎p2 + 𝜎t2

.

(3)

Including a unisensory tactile bias in our model was motivated by the
observation that participants tended to report the tactile stimulus to
be shifted towards the elbow in unimodal trials (see the bottom rows
of plots in Figure 3). The location of the visual input signal xv was set
equal to the visual stimulus location sv .
The causal inference models had the underlying assumption that
when participants report the perceived tactile location, they have to
make an inference on whether or not the visual stimulus location was
informative about the location of the tactile stimulus. In the models,
such an inference is based on the (biased) sensory signals (̃xt and xv ), the
tactile uncertainty 𝜎̃ t and a prior probability on common cause pcommon .
According to the generative model used in each model, either the

SUPPORTING INFORMATION
Additional supporting information may be found in the online version

visual and tactile signal were generated at the same location (denoted
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by C = 1), or the two signals were generated independently (denoted by
C = 2), which allowed them to originate from different locations. In both
cases, stimuli are assumed to be drawn from a uniform distribution over
the five possible locations. Following Bayes rule, the probability of C=1
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p (x̃ t , xv C = 1) pcommon
.
p (x̃ t , xv C = 1) pcommon + p (x̃ t , xv C = 2) (1 − pcommon )
(4)

Here, the likelihoods are given by:
p (x̃ t , xv C = 1) =

APPENDIX A

∑

p (x̃ t s) p (xv s) p (s)

s∈S

Appendix Computational models
the localization task. Three of those where adaptations of the causal
inference models proposed by Körding et al. (2007) and Wozny et al.

(5)

1
=  (sv ; x̃ t , 𝜎̃ t )
5

We considered six candidate models to describe the responses in

and

(2010). In our versions of these models, we assumed that in the current task visual input was precise enough to be modeled as noise-

p (x̃ t , xv C = 2) = p (x̃ t C = 2) p (xv C = 2)

less, that is, we assumed that participants could always unambiguously
indicate at which of the five positions the LED was activated on each

(
=

trial.

∑

p (x̃ t s) p (s)

s∈S

=
Computing the posterior on common cause

)(
∑

)
p (sv s) p (s)

(6)

s∈S

1
 (s; x̃ t , 𝜎̃ t )
25

In all used models, the first step is to obtain unisensory estimates of

where S denotes the set of five possible stimulus locations and N(s; μ,σ)

the tactile and visual stimulus locations. In this step, a possible bias in

a normal distribution with mean μ and standard deviation σ, evaluated

tactile localization on the forearm is included, which was modeled by

at s. Note that the prior p(s) is equal to 1/5 for each location s. The left

introducing a prior on tactile stimulus location. The tactile input sig-

side of Equation (4) is called the posterior on common cause. This pos-

nal xt was assumed to be drawn from a normal distribution with vari-

terior has a value between 0 and 1 and reflects the probability that the

ance σ2; t centered at the actual tactile stimulus location st . The tactile

visual cue was informative about the tactile stimulus location.

prior was modeled as a Gaussian distribution with variance σ2; p and
mean μp . Integration of tactile input and prior results in a biased tactile

Estimation of tactile stimulus location

signal:

Following Wozny et al. (2010), we considered three different ways in
x̃ t =

𝜎p2 xt + 𝜎t2 𝜇p
𝜎p2 + 𝜎t2

which causal inference may have led to an estimate of tactile stimu.

(2)

lus location. In all cases, two separate estimates of the tactile stimulus location are computed: the integrated estimate and the segregated
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estimate. For the integrated estimate, the tactile and visual cues are

Non-causal-inference models

thought to be at the same location. Because we assumed that the visual

Aside from the three causal inference models described above, three

stimulus could be perceived with infinite precision, this integrated loca-

models which did not involve causal inference were fitted. In the forced

tion is equal to the visual stimulus location:

fusion model, the estimate of tactile location is computed by taking a
weighted average of the visual and tactile cue:

ŝ t,C=1 = sv .

(7)
ŝt = wt x̃ t + (1 − wt ) sv (forced fusion) ,

(12)

The segregated estimate, in which the visual cue is ignored, is given
by the (biased) unisensory tactile signal (Equation (2)):

where wt is the weight assigned to the (unisensory) tactile percept. In
the segregation model the visual cue is completely ignored:

ŝ t,C=2 = x̃ t .

(8)
ŝ t = x̃ t (segregation).

(13)

According to model averaging, the final percept is obtained by taking
a weighted average of these two estimates, with the posterior on common cause as weighing factor:

follows either the visual or the tactile cue, with a fixed probability:

ŝ t = p (C = 1̃xt , xv ) ŝ t,C=1 + (1 − p (C = 1̃xt , xv ))ŝ t,C=2 (model averaging) .
(9)
According to model selection, an observer selects the integrated or
segregated signal based on which of the two causal structures was
more likely according to the posterior on common cause:
⎧ŝ
, if p (C = 1̃xt , xv ) > 0.5
⎪ t,C=1
ŝ t = ⎨
⎪ŝ t,C=2 , if p (C = 1̃xt , xv ) ≤ 0.5
⎩

Lastly, the switching model postulates that an observer alternatively

⎧
⎪x̃ t , with probability pt
ŝt = ⎨
(switching) .
⎪sv , with probability 1 − pt
⎩

(14)

where pt is the probability of picking the tactile cue.
Providing a localization response

(model selection) .

(10)

In the experiment, participants reported the perceived tactile stimulus
location by selecting one of five possible locations. In the model fitting,
this was realized by selecting the location closest to ŝ t , following Körd-

Lastly, in probability matching, an observer randomly picks either the

ing et al. (2007). Lastly, to allow for attentional lapses, a lapse rate was

integrated or segregated signal, with the probability of picking the inte-

included in each model, representing the fraction of trials in which an

grated signal equaling the posterior on common cause:

observer randomly selects one of the five possible response locations,
independent of the stimulus presented.

⎧
⎪ŝt,C=1 , with probability p (C = 1̃xt , xv )
ŝt = ⎨
(probability matching) .
⎪ŝt,C=2 , with probability 1 − p (C = 1̃xt , xv )
⎩
(11)

