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Abstract

The development of cognitive control is known to follow a long and protracted development.
However, whether interference effect in conflict tasks in children would entail the same core
processes as in adults, namely an automatic activation of incorrect response and its subsequent
suppression, remains an open question. We applied distributional analyses to reaction times
and accuracy of 5- to 6-year-old children performing three conflict tasks (flanker, Simon and
Stroop) in a within-participants design. This revealed both strong commonalities and differences
between children and adults. As in adults, fast responses were more error-prone than slow ones
on incompatible trials, indicating a fast “automatic” activation of the incorrect response. In
addition, the strength of this activation differed across tasks, following a pattern similar to adults.
Moreover, modeling the data with a Drift Diffusion Model adapted for Conflict tasks allowed
to better assess the origin of the typical slowing down observed in children. Besides showing
that advanced distribution analyses can be successfully applied to children, the present results
support the notion that interference effects in 5- to 6-year-olds are driven by mechanisms very
similar to the ones at play in adults but with different time courses.

Introduction

Cognitive control refers to a set of higher cognitive functions that regulate behavior to ensure
goal attainment. Recent studies have revealed that the efficiency of cognitive control in child-
hood can predict individual differences in many domains of cognitive development such as early
language ability or theory of mind, but also in academic achievement such as mathematics (Bull
& Lee, 2014) and literacy (Colé, Duncan, & Blaye, 2014; see Diamond, 2013, 2014 for reviews).
More generally, cognitive control proved to be more strongly correlated with school readiness
than is IQ (e.g., Blair & Razza, 2007) and its efficiency in childhood revealed one of the best pre-
dictors of health and employment at adult age (Daly, Delaney, Egan, & Baumeister, 2015; Moffitt
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et al., 2011). The broad relevance of cognitive control in children stresses the importance of un-
derstanding its development. Cognitive control in adults is often investigated through so-called
“conflict tasks”, such as the Stroop (Stroop, 1935), flanker (Eriksen & Eriksen, 1974) or Simon
(Simon, 1990) tasks. While those three tasks differ in some respects (see Kornblum, Hasbroucq,
& Osman, 1990), they share a common structure: stimuli are composed of two dimensions; one
being relevant for the task and determining the correct response, while the second one, irrelevant
for the task, shares common features with the stimulus or response sets. In the Stroop task, par-
ticipants are requested to name the color of a written word. The word can be compatible with
its color (for example ’red’ written in red) or incompatible (’green’ written in red). In a standard
version of the flanker task, participants must issue a right- or left-hand response as a function of
the nature of a central letter (for example ’H’ or ’S’) flanked by distractors that can be a replica-
tion of the target (for example ’HHH’, compatible trials) or a replication of the alternative target
(’SHS’, incompatible trials). In the Simon task, a lateralized response is required to a non-spatial
dimension (for example the color) of stimuli that are presented either on the same side as the
requested response (compatible trials) or on the opposite side (incompatible trials). In all those
tasks, one usually assumes that the stimuli are processed along two parallel routes: a “fast” one,
processing the irrelevant dimension in an automatic way, and a slower one, processing the rele-
vant dimension in a more controlled way. On incompatible trials, the irrelevant dimension tends
to activate the incorrect response which then needs to be suppressed to produce the correct re-
sponse, whereas on compatible trials, both the relevant or irrelevant dimensions lead to the same
correct response. Worse performance (longer RT and higher error rate) on incompatible trials
as compared to compatible ones indexes the interference effect induced by the irrelevant dimen-
sion on the processing of the relevant one. Children-adapted versions of those tasks have been
used to assess interference processing, even in very young children (around 3-4 years of age)
(e.g., Davidson, Amso, Anderson, & Diamond, 2006; Gerstadt, Hong, & Diamond, 1994; Ikeda,
Okuzumi, & Kokubun, 2013, 2014; Prevor & Diamond, 2005; Rueda et al., 2004; Wright, Water-
man, Prescott, & Murdoch-Eaton, 2003). Developmental studies suggest a long and protracted
development of cognitive control (e.g., Cao et al., 2013; Luna & Sweeney, 2004; Macdonald
et al., 2014; Prevor & Diamond, 2005; Ridderinkhof, van der Molen, Band, & Bashore, 1997)
likely sustained by a late maturation of neural networks engaged in conflict resolution (see e.g.,
Abundis-Gutiérrez, Checa, Castellanos, & Rosario Rueda, 2014; Durston & Casey, 2006; Rueda
et al., 2004). These studies globally show decreased interference effects with age. However,
interference effects have been evaluated with summary statistics, blind to the dynamics of the
interference effects and hence to the underlying processes. Indeed, in the last few years, there
has been growing evidences that the mean RT and error rate provides incomplete information.
More specifically, RT distributions are not normally distributed but instead have a characteristic
heavy right tail. Analyzing the shape of the RT distributions can provide essential information.
This can be done in different ways, briefly summarized below. A first type of analysis con-
sists in fitting statistical, non-gaussian, distributions to the acquired data. Different theoretical
distributions have been used such as, for example, the log-normal (Ulrich & Miller, 1993) the
Ex-Gaussian (Hohle, 1965, Burbeck & Luce,1982), the gamma (McGill & Gibbon, 1965) or the
Weibull distributions (Logan, 1988). After having fitted the chosen distribution, one can then
average the parameters across participants and create an “average” distribution representative of
all the participant’s one. Softwares to fit such distributions have been made available to the com-
munity (see e.g. QMPE, available at http://www.newcl.org/node/8). This descriptive approach
proved useful in some circomstances. For example, Leth-Steensen, King Elbaz, and Douglas
(2000) using ex-gaussian fitting in Attention Deficits with-or-without Hyperactivity Disorders
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(AD/HD) children evidenced excessive long RTs in this population in warned reaction time task.
However, altough those distributions can provide useful statistical descriptions of the data, in-
ferring the dynamics of the underlying processes from the parameters of the fitted distribution
is generally not straigtforward and must be done with caution (see Matzke and Wagenmakers,
2009 for a discussion).

Another, distribution free, approach (that will be used in the present study) is to construct an
average distribution, representative of the individual ones, without assuming any a priori given
shape. The general underlying idea is to take some common characteristic points describing
each individual RT distributions and to average these characteristic points across participants to
reconstruct a distribution whose properties are central tendencies of the individual distributions.
To do so, data are classified into bins of same size. From there, different measures can be taken.
One can take the boundaries of the created bins, referred to as quantiles. For some families of
distribution (for example the so-called “location-scale” distributions), it can be shown that quan-
tiles averaging provides an unbiased averaged distribution (Jiang, Rouder & Speckman, 2004).
An alternative popular technique is the “Vincentization” (Vincent, 1912, Ratcliff, 1979) which
bins the distribution into classes of equal sizes and takes the mean of each class (see methods
for more details). These two measures provide very similar estimations of the distribution shape.
This approach has proved extremely useful to reveal automatic response activations and their
subsequent suppression in conflict tasks (Burle et al., 2002, Ridderinkhof, 2002, Pratte, Rouder,
Morey & Feng, 2010, Burle, Spieser, Servant, & Hasbroucq, 2014)

Finally, one can use formal decision-making models to account for RT distributions: based
on a set of parameters supposedly modeling the different processes underlying the reaction time,
those models generate RT distributions that can be compared to the empirical ones. One class
of models, the “accumulation to bound” type, revealed very successful in accounting for RT dis-
tribution shapes (Ratcliff, 1978, Ratcliff & McKoon, 2008). Although different types of models
have been proposed, they all share the assumption that evidence from the environment is accu-
mulated at a given rate (µ) until a predefined threshold (b) is reached and a response is given.
An additional non-decisional time – Ter – is also usually added to account for the whole RT.
Importantly, the best parameters accounting for a given data set can be inferred through fit-
ting procedures, providing information about the processes at play in the reaction period. For
example, differences in the accumulation rate parameter (µ) across experimental conditions is
classically interpreted as reflecting a change in processing speed (see e.g. Palmer et al, 2005), a
change in the response threshold (b) will index a variation of response caution (see e.g. Bogacz et
al., 2009), and a variation of Ter indexes an effect on the non-decision component (e.g. Ratcliff
& McKoon, 2015). This approach will also be used in the present study.

In the context of conflict tasks, distribution analyses in adults have revealed that the interfer-
ence effect (in terms of RT and error rate) is not constant across the RT distribution (see below
for more details). Figure 1 shows different toy examples to illustrate different dynamics of in-
terference effect despite identical mean effects. The left panel depicts three examples where the
dynamics of the interference effect varies as a function of RT length, despites equal mean inter-
ference effects (equal to 30 ms on these examples). These dynamics, often depicted as “delta-
plots”, are derived from the vincentized cumulative density functions of RT in incompatible and
compatible trials, by plotting the interference (incompatible – compatible RTs) as function of the
response latency (see below for more details). The right panel of Figure 1 shows three different
repartitions of errors as a function of RT, for the same mean error rate (10% errors). This anal-
ysis is often referred to as “Conditional Accuracy Functions” (CAF, Gratton, Coles, Sirevaag,
Eriksen, & Donchin, 1988, Lappin & Disch, 1972). As can be seen from this figure, the mean
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Figure 1: Schematic representation of different dynamics leading to identical mean effects. The left panel show three
examples in which the mean compatibility effect on RT is equal to 30 ms, but the evolution of this effect across RTs
is different. The right panel illustrates three examples of evolution of proportion of correct response as a function of
response speed in which the global percentage of correct response is identical (90% correct).

error rate can mask important differences in the dynamics of error production.
As evidenced in the adult literature, such differences in dynamics provide essential informa-

tion about the underlying processes (Ridderinkhof, 2002, Pratte, et al., 2010, Ulrich, Schröter,
Leuthold, & Birngruber, 2015). Indeed, the three main conflict tasks (Stroop, Flanker and Si-
mon) differ in the dynamics of the interference effects across RTs (Burle, et al., 2014; Pratte et
al., 2010; Servant, Montagnini, & Burle, 2014). The interference effect on RT increases as RTs
get longer in the flanker and Stroop tasks but decreases and even often disappears for long RTs
in the Simon task. From a functional point of view, these between-tasks differences have been
linked to changes in the strength of the incorrect-response suppression (Burle et al., 2002, 2014,
Ridderinkhof, 2002, Ridderinkhof, Van den Wildenberg, Wijnen, & Burle, 2004). Between-task
commonalities and differences in CAF have been less systematically studied. A common feature
is that on incompatible trials, errors tend to largely concentrate on the fastest RTs, and error rate
decreases as RTs lengthen (Gratton, et al., 1988; van den Wildenberg et al., 2010). CAF on com-
patible trials tend to be much higher and much flatter than on incompatible ones. The difference
in error rate between incompatible and compatible trials is hence essentially due to the fastest
responses. This initial drop in accuracy for fast incompatible responses has been proposed to be
due to the automatic response activation by the irrelevant dimension of the stimulus (Gratton,
Cole, & Donchin, 1992; van den Wildenberg et al., 2010).

Very few studies have looked at RT distributions in children. First evidence of the useful-
ness of delta plot analyses in comparing cognitive control between different children popula-
tions comes from Ridderinkhof, Scheres, Oosterlaan, & Sergeant (2005). They compared the
distributions of RTs on an arrow version of the flanker task in AD/HD children and in typically-
developing children (mean age: 9.6, age range 6-12). Such analysis revealed steeper delta-plots
in unmedicated AD/HD but medication led to delta-values much more similar to normally devel-
oping children. This was interpreted as reflecting suppression deficits that can be overcome by
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medication. Bub, Masson, & Lalonde (2006) compared two groups of elementary school chil-
dren below and above 9 years of age (age range 7-11) on a Stroop task. The delta plot analyses
for older children (9- to 11-year-olds) were consistent with the generally observed adult pattern:
the interference effect increased with RT. For younger children (7- to 9-year-olds), however, the
Stroop effect diminished for the longest response latencies. According to the authors, this un-
expected pattern suggests that younger children applied more suppression of word reading than
did the older children. Nevertheless, this pattern of results might be accounted for by more vari-
ability in reading fluency in the younger age group that would have particularly affected the last
segments of the delta function time (that have been shown to be very sensitive to noise; e.g.,
Schwarz & Miller, 2012). Concerning the Simon task, Iani, Stella, & Rubichi (2014) showed
that the Simon effect was present for fast responses and decreased as RT increased in 1st and 2nd
graders (6 and 7 years old), as for adults. This decrease appeared weaker in 1st graders where
the Simon effect remained significant for all bins whereas it was no more significant for the last
bin in 2nd graders, leaving open the question of the shapes of the distributions at an earlier age.
To the best of our knowledge, distribution analyses have never been applied under the age of 6,
and no systematic comparisons of the three main conflict tasks (flanker, Stroop, and Simon) have
been done with these tools.

As for RT distributions, very few studies have used CAF in children (Bub et al., 2006; Rid-
derinkhof et al., 2005; Stins, Polderman, Boomsma, & de Geus, 2007). Stins et al. (2007)
analyzed CAF’s in 12-year-old children on an arrow-flanker and a Simon tasks (see also Rid-
derinkhof et al., 2005 for similar results in 6- to 12-year-olds on an arrow-flanker task). They
found a pattern of results similar to the one observed in adults: congruence effects were more
pronounced for fast responses in both tasks. The CAFs obtained by Bub et al. (2006) in 7- to
11-year-olds performing a Stroop task also showed the typical decreased accuracy for faster RTs
on incompatible trials. However, the distributions also revealed decreased performance for the
longest RTs (for both compatible and incompatible trials), raising further doubt on Bub et al’s
(2006) interpretation of enhanced suppression in young children based on the delta plots. Al-
together, these studies revealed that children present a bias toward responding to the irrelevant
dimension of the stimulus that diminishes as RT increased, as if they were more likely to avoid
errors when they take more time to respond. This parallels data obtained in preschoolers (range
from 3 to 6, depending on studies) showing that incompatible settings leading to longer RTs are
generally associated with better accuracy (Gerstadt et al., 1994, Diamond, Kirkham, & Amso,
2002; Ling, Wong, & Diamond, 2016; Simpson et al., 2012; Simpson & Riggs, 2007). The
first goal of the present study is hence to characterize the dynamics of interference effect, on RT
and error rate, in kindergarten children (5-6 years old), in the three main conflict tasks described
above, namely the flanker, Simon and Stroop tasks.

Besides this distribution-free approach, we fit a model of conflict tasks recently developed in
adults (Ulrich et al., 2015) to go one step further in characterizing the dynamics of the processes
engaged by children. This model hereafter referred to as Diffusion Model for Conflict tasks,
DMC), allows to quantify, among other psychological components, response caution and the
quality of perceptual processing and to parametrically estimate the time course of the automatic
response activation. This model, which has recently received support thanks to neurophysiolog-
ical measurements (Servant, White, Montagnini, & Burle, 2016), is currently the only one being
able to account for the differences in the shape of RT distributions across conflict tasks. Fitting
this model to kindergarten children’s performance will allow to assess whether the same under-
lying processes are at play in young children and adults, and to unveil the dynamics of processes
underpinning the overall mean interference effects.
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In the present study, we re-analyzed data collected and reported in Ambrosi, Lemaire, &
Blaye (2016). These authors investigated interference processing in 5- and 6-year-old children
using a Stroop, a Simon and a flanker task in a within-subject design. Results showed interfer-
ence effects both on latencies and error rates in the three tasks albeit with a weaker accuracy
interference effect in the flanker- than in the two other tasks. The opportunity to combine con-
siderations from delta-plots, conditional accuracy functions, and fits of a formal model in such a
young age range across three conflict tasks offers a new approach to assess the processes under-
lying the engagement of control processes in kindergartners, an age at which cognitive control is
still partially immature.

Method

Participants

Fifty-three children completed the three tasks in the study reported by Ambrosi et al. (2016):
29 five-year-olds (14 girls; mean age= 67 months, SD=3 months) and 32 six-year-olds (16 girls;
Mean = 79 months, SD=2 months).

Materials and Procedure

Material and procedures are described in detail in Ambrosi et al. (2016) A brief overview of
critical details is recounted below. The three conflict tasks, that are the focus of the present study,
were initially included in a larger battery of cognitive tasks. The fatiguability of young children
and their overall limited attentional resources required to split the experiment in two sessions.
Children were individually tested in two sessions, taking first the flanker task and, one week later,
the Simon followed by the Stroop tasks. Based on a pilot experiment, this fixed order was se-
lected as a plausible order of ascending difficulty of the tasks2. The tasks were administered on a
laptop computer (15-inch monitor Dell Latitude E6410ATG) running E-Prime R© software. Each
task began after a short training phase. It involved six blocks of 17 trials, with a break in-between
each block. Each task contained four different stimuli, two compatible and two incompatible. In
the flanker task (adapted from Rueda et al., 2004), stimuli consisted of a row of five yellow fish.
Participants must issue a right or left response as a function of the direction of the central fish
flanked by distractors that swim in the same direction (compatible trials) or in the opposite di-
rection (incompatible trials). In the Simon task (adapted from Simon & Berbaum, 1988) stimuli
were a blue square and a red circle. A lateralized response was required to the shape/color di-
mension (i.e., left for blue square and right for red circle) of stimuli that were presented on the
same side as the requested response (compatible trials) or on the opposite side (incompatible tri-
als). In the Color-Object Stroop task (adapted from Archibald & Kerns, 1999), stimuli consisted
of a colored line drawing of a carrot or a salad presented in the center of the screen. Children
were requested to press the response key corresponding to the stimulus canonical color (i.e., or-
ange for carrot and green for salad). The color displayed on the screen and the canonical color

2Although motivated by practical considerations, the use of the fixed order of tasks did not seem to have produced
any carry-over effects. Indeed, such carry-over effects, when they exist, are normally expressed by a reduced interference
effect after first performing another conflict task The analyses run by Ambrosi et al. (2016) on the magnitude of the
interference effect did reveal between-tasks differences only when computed on accuracy but the weaker effect was
observed on the flanker task presented on session 1 and there were no differences between the Simon and the Stroop
effects ran in session 2.
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matched in compatible trials but differed in incompatible trials. A total of 48 trials per trial type
and per task were hence created. Each trial began with a fixation cross (+) displayed for 850 ms
in the center of the screen. Then, the stimulus was displayed and remained on the screen until
a response key was pressed. Children had to respond on the bases of the values of the relevant
dimensions by pressing either the left (s) or the right (l) response key on an AZERTY keyboard.

Data processing

Children’s RT data are known to be variable and very prone to lapses of attention, leading
to excessively long RTs on some trials. Data were hence pruned by removing all RTs larger
than 3 standard deviations from participants’ mean RT for each trial type (0.8%). All reported
results are based on those cleaned data. Mean RT and accuracy have already been described in a
previous report (Ambrosi et al., 2016). We will here focus on distribution analyses.

RT Distributions analysis

To perform distributions analysis, the “Vincent averaging” or “vincentization” technique was
used (Ratcliff, 1979; Vincent, 1912). Basically, the RTs were sorted in ascending order, binned
in classes of equal size (same number of trials), and the mean of each bin was computed. This
was done for each participant, task (flanker, Simon and Stroop), and trial type (compatible and
incompatible) separately, including only correct trials preceded by correct trials. For each task
and trial type, the mean of each bin was averaged across participants to obtain an average dis-
tribution of RT representative of the individual ones. “Delta-plots” were then computed from
these averaged distributions: This was done by plotting the difference between incompatible and
compatible RTs in each bin against the mean RT of the same two values.

Conditional accuracy functions

Conditional accuracy functions are constructed with the same logic, but differ on two main
points. First, vincentization is performed on correct and erroneous trials put together. Second,
for each bin, the probability of correct responses is computed, and plotted against the mean
RT of the bin. Plotting all bins provides the probability of a correct response as a function of
response speed. This was also done for each participant, each compatibility condition and each
task separately, and then averaged across participants.

Statistical analysis

A first set of ANOVAs were performed with Task (flanker, Simon, Stroop), Trial type (com-
patible vs. incompatible trials) and Quantile (from 1 to 5) as within-participant factors and Age
(5 vs. 6 years of age) as a between-participants factor (although, based on Ambrosi et al. 2016
results, we do not expect any effect of age). The analyses of variance were conducted with the
R software (R Core Team, 2015, version 3.2.3 for linux) using the ezANOVA function of the
‘ez’ package (version 4.4-0, Lawrence, 2016). Mauchly’s test (Mauchly, 1940) indicated that
the assumption of sphericity had been violated for all the comparisons that included the factors
Quantile, and Task. Degrees of freedom were therefore corrected using Greenhouse-Geisser esti-
mates of sphericity (ε) (Greenhouse & Geisser, 1959); ε and p-value after correction are reported
for significant effect along with Partial Eta squared (η2

p) values that index effect size measures (J.
Cohen, 1973).
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Figure 2: Cumulative density function and delta plots. The upper panels shows distribution for compatible (black circle)
and incompatible (white circle) condition in the flanker task (left), in the Simon task (middle), and in Stroop task (right)
as a function of response times. The lower panels show the corresponding delta plots.

Results

RT Distribution analysis
Analyses on RTs revealed no effect of Age, neither as a main effect (F(1, 51) = 1.09, p =

.301,MS E = 701402), nor as an interaction term (all Fs < 1, except Age × Task × Compatibil-
ity, F(2, 102) = 1.67,MS E = 20392, p = .193). Figure 2 shows the cumulative density functions
(upper row) for each task and each trial type, along with the corresponding delta function (lower
row)3. Main effects of Task (F(2, 102) = 26.06, ε = .941,MS E = 226490, p < .001,η2

p = .34),
Trial type (F(1, 51) = 76.92,MS E = 24854, p < .001,η2

p = .60), and a trivial effect of Quantile
(F(4, 204) = 482.86, ε = .267,MS E = 45499, p < .001,η2

p = .90) were observed. The fac-
tors Task and Quantile interact significantly (F(8, 408) = 30.47, ε = .267,MS E = 20392, p <
.001,η2

p = .37) indicating that the shapes of the RT distributions differ between tasks. Trial type
and Quantile also interact (F(4, 204) = 482.86, ε = .414,MS E = 3400, p < .001,η2

p = .16)
showing that compatibility also affects the shape of RT distributions. More interestingly, the
interaction between Task, Trial type and Quantile was also significant (F(8, 408) = 4.22, ε =

.267,MS E = 5368, p = .001,η2
p = .08) revealing that the effect of compatibility on the shapes

of the RT distributions is different between tasks. Indeed, as Figure 2 shows, whereas the dif-
ference between compatible and incompatible trials distributions increases as RTs lengthen for
flanker and Stroop task, it decreases for the Simon task.

3The values of the “delta plots”, or even their slopes, are often used as dependent variables. However, this amounts to
reducing an interaction to a main effect. As a matter of fact, an effect on delta plots corresponds to an interaction between
quantiles and trial type. We prefer to keep the interaction rather than reducing it to a main effect.
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Figure 3: Conditional accuracy function. Probability of correct responses for compatible (black circle) and incompatible
(white circle) condition in the flanker task (left), in the Simon task (middle), and in Stroop task (right) as a function of
response times.

CAF analysis

As for RTs, no effect of age was observed on accuracy, nor as a main effect, nor as an
interaction term (all Fs < 1). Figure 3 plots the CAF for each of the three tasks and each Trial
type. Main effects of Task (F(2, 102) = 4.26, ε = .815,MS E = .019, p = .024,η2

p = .60), Trial
type (F(1, 51) = 75.84,MS E = .02, p < .001,η2

p = .08), and Quantile (F(4, 204) = 56.46, ε =

.617,MS E = .011, p < .001,η2
p = .53) were observed. The interaction between Trial type

and Quantile was significant (F(4, 204) = 34.44, ε = .808,MS E = .006, p < .001,η2
p = .40)

indicating a general decrease in accuracy for fast incompatible responses. The Task by Trial type
interaction also proved significant (F(2, 102) = 5.79, ε = .837,MS E = .015, p = .007,η2

p =

.10). More importantly, the two way interaction between Task, Trial type and Quantile was also
significant (F(8, 408) = 6.68, ε = .747,MS E = 007, p < .001,η2

p = .12) and revealed that the
dynamics of the interference effect differ between the three tasks. Two main aspects are driving
this interaction. First, accuracy for fast responses on incompatible trials is lower for the Simon
than for the other tasks (see Figure 3). The increase in accuracy with RT (i.e., the left part of the
curve) is also steeper for the Simon task. Second, while the probability of correct response tends
to converge towards 1 for flanker and Simon task (for both compatible and incompatible trials),
it stays lower for incompatible trials in the Stroop task.

Model fitting

To go one step further in assessing the similarity of processes between children and adults,
we fit a formal model of conflict tasks (DMC) recently proposed by Ulrich et al. (2015), which
implements the dual route architecture introduced above. The DMC builds upon the well-
established “Drift Diffusion Model” of perceptual decision making (DDM, Ratcliff, 1978; Rat-
cliff & McKoon, 2008). The general logic underlying the DDM is that, during a decision, noisy
samples of task-relevant sensory information are accumulated at a given speed (µ) until a pre-
defined level of evidence (b) is reached, at which point the decision terminates in a choice and
the response is executed. The DMC extends this framework by incorporating components of
automatic processing (Cohen, Dunbar, & McClelland, 1990; Logan, 1980). The automatic and
controlled processing routes (see above) converge at the decision level, where both task-relevant
and task-irrelevant sensory information are accumulated. The contribution of the automatic pro-
cessing route is short-living, presumably due to passive decay, active suppression, or both. This
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architecture has proven successful to capture data from flanker and Simon tasks (Servant et al.,
2016; Ulrich et al., 2015). The model explains RT distributional differences between the two
tasks by the relative speed of automatic and controlled processes. Specifically, an automatic
activation that develops relatively early (or late) tends to generate an interference effect that de-
creases (or increases) as decision time increases. We will first briefly present the parameters of
the model and then the results of the fits.

As mentioned above, the DDM relies on the idea that noisy samples of task-relevant sensory
evidence from the environment are accumulated from a starting point to a criterion called deci-
sion threshold (b or −b, for correct and incorrect responses). We assume that the starting point is
at 0, halfway between the two thresholds, since the two responses are equiprobable4. Changing
the decision threshold allows to regulate the speed-accuracy trade-off: Higher thresholds produce
slower but more accurate responses. The mean rate of evidence accumulation is called the drift
rate (µ), and is determined by the quality of sensory evidence and the efficiency of attentional
processes. The total RT is equal to the sum of the time to reach a decision threshold, called
decision latency, and residual sensory encoding and motor execution latencies (grouped into one
parameter Ter). In the DMC, the controlled route (processing the relevant dimension,) is mod-
eled as a standard DDM. In addition, the DMC assumes an automatic process that operates on the
task-irrelevant sensory information. The automatic process is transient and modeled as a pulse-
like function that represents its short-living contribution to decision making. Formally speaking,
it is modeled as a (scaled) gamma function (see Ulrich et al., 2015 for more details). Without
going into technical details, two relevant parameters concerning this automatic activation are its
peak amplitude (parameter A) and latency (τ)5. The automatic process briefly spills over to the
decision-making process. Decision making is thus determined by superimposed activations of
controlled and automatic processes. The model generates a correct (incorrect) response when
this superimposed process hits the correct (incorrect) decision threshold b (−b). On compatible
trials, automatic and controlled processes converge on activation of the correct response, thereby
facilitating RT and accuracy. On incompatible trials, the early incorrect automatic activation
hampers the decision process and increases the likelihood of an incorrect choice.

To summarize, by fitting the model to data, one can extract 5 main parameters, namely: µ
= drift rate (i.e. speed of information accumulation) of the controlled process, b = height of
the decision threshold, Ter = mean duration of non-decisional processes, A = peak amplitude
of the automatic activation, and τ = peak latency of the automatic activation. Following Ulrich
et al. (2015), we added two assumptions inherited from the standard DDM: variability in non-
decision time (normally distributed with mean Ter and standard deviation σr) and starting point
(uniformly distributed with range σz). Unlike most applications of the standard DDM, we did
not incorporate between-trial variability in the drift rate of the controlled process. The diffusion
noise was fixed at 4 to satisfy a mathematical scaling property of the model (see Ulrich, Schröter,
Leuthold & Birngruber, 2016, corrigendum for a theoretical justification). The only parameter
allowed to vary between compatible and incompatible trials was the sign of the amplitude of
the gamma function modeling the automatic activation, leading to a positive gamma impulse

4We verified empirically that participants were not biased: the ratio between left and right response is equal to .9974,
which was considered as being close enough to 1 to assume unbiaised response

5The parameter τ is actually the characteristic time of the function, and the peak latency of the gamma automatic
activation is located at τ(α−1), where α is the shape parameter of the gamma function. To simplify parameter estimation,
we fixed α at 2, consistent with Ulrich et al. (2015). The parameter τ thus directly corresponds to the peak latency of the
automatic activation.
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Table 1: Best-fitting model parameters for the current data.
Task Parameter

b µ Ter A τ σR σZ

Children Flanker 99.8 0.276 555.7 15.0 441.8 88.3 123.9
Simon 80.6 0.358 532.4 28.8 59.4 89.6 85.7
Stroop 100.4 0.199 525.6 12.6 504.2 88.8 102.1

Ulrich et al. (2015) Flanker 51.3 0.69 331.8 19.2 118.3 36.6 nf
Simon 54.6 0.69 332.8 16.0 34.94 38.6 nf

Servant et al. (2016) Simon 60.5 0.47 334.9 15.1 29.4 46.4 nf
Note. For sake of comparison, the parameters obtained in adults in previous studies are reported. b, correct response de-
cision threshold; µ, mean drift of the controlled process; Ter, nondecision time; A, amplitude of the automatic activation;
τ, characteristic time of the gamma function (in the current case the latency of its peak) representing the automatic acti-
vation; σR, standard deviation of nondecision time; σZ , starting point range. The τ given for Servant et al. corresponds
to the highest color saturation of this study. nf, not fitted.

in compatible trials (i.e., favoring the correct response) and a negative impulse in incompatible
trials (i.e., favoring the incorrect response).

For each conflict task, the DMC was fit simultaneously to the cumulative RT data and to
the conditional accuracy functions by minimizing the weighted root-mean-squared error statistic
(see Ulrich et al., 2015, Appendix E). Data from 5- and 6-year-old children were merged to
improve the signal-to-noise ratio, leading to a sample of 53 children. We fit data aggregated
across children, because individual fits would have required computational power beyond our
current resources.

Inferences from RT models are valid if their parameters are adequately recovered. White,
Servant, & Logan (2017) recently conducted a parameter-recovery study for the DMC model.
While this study found relatively high correlations between simulated and recovered parameters,
these correlations were computed from individual fits, and not based on aggregated data, and
thus cannot be used to support the validity of our model parameters. Assessing the validity of
our parameters would require a similar parameter recovery study, but on data averaged across
subjects. However, the computational burden makes such studies impractical for each individual
dataset. This is a limitation of our approach, which requires great caution in interpreting model
fits. We will focus on large parametric modulations to reduce the likelihood of drawing erroneous
conclusions.

The best fitting parameters are summarized in Table 1, and the quality of the fit can be ap-
preciated in Figure 4 that plots the predicted (lines) and observed data (symbols) for the flanker,
Simon and Stroop tasks. Although designed to account for data obtained in adults, the DMC
nicely captures children data in the three tasks6. This provides further support for the similarity
of the underlying processes in both populations. Best fitting parameters presented in Table 1
follow a pattern in agreement with previous standard DDM fits, but also reveal interesting new
features. Concerning general DDM parameters (non-decision time - Ter, boundary separation -
b and drift rate of the controlled process – µ), the present results extend to conflicts tasks the find-
ings of previous fits of DDM to children data (Weeda et al., 2014, Janczyk et al., 2017, Schuch
& Konrad, 2017). First, the non-decision time (Ter) is much longer (around 530 ms) than what
was usually reported in adults (300-350 ms, Servant et al., 2016; Ulrich et al., 2015). Second, the

6It is interesting to note that the model also accounts for performance on the Stroop task, for which it has not yet been
tested on adults
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Figure 4: Model fitting. The experimental data are depicted as circles, and the predicted ones a lines. The upper row
shows the cumulative density functions, the lower one presents the CAFs.

decision threshold (b) is higher (almost twice in the present dataset) in children than in adults,
suggesting that children adopt a more conservative decision criterion. Third, the drift rate for
the controlled process (µ) is lower (almost twice) in children (between .2 and .36) than in adults
(between .40 and .70).

Concerning the parameters specific to conflict tasks, several aspects are worth mentioning.
First, the main between-tasks difference is observed in the dynamics of the automatic activation.
This can be inferred from the τ parameter. To better visualize this effect, Figure 5 plots the
reconstructed time course of the automatic activation. It reveals much more transient in the
Simon than in the Flanker task, as reported on adults. Although no direct comparison with
adult data is possible with the Stroop, dynamics in this task are rather similar to the flanker in the
children fits, which parallels the fact that the RT distributions are also similar between flanker and
Stroop but largely differ from Simon in this population. Although the between-tasks differences
in the dynamics of the automatic activation reveal very similar to the ones in adults, within each
task, the latencies of the peak of activation are delayed in children compared to adults (parameter
τ, 442, 59 and 504 ms respectively for flanker, Simon and Stroop in children vs. 118 and 29-35ms
for flanker and Simon, as reported by Servant et al., 2016 and Ulrich et al., 2015 in adults).

Discussion

Conflict processing is one of the core aspects of cognitive control. In adults, it has largely
been studied through the so-called “conflict tasks”, among which the flanker, Simon and Stroop
tasks are the most often used. Adapted versions of these tasks have revealed useful to investigate
conflict processing in children (see Best & Miller, 2010; Diamond, 2013; Garon, Bryson, &
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Smith, 2008; Rueda, Posner, & Rothbart, 2005 for reviews). Although longer RTs and higher
error rates are reported on incompatible trials compared to compatible ones, in both children
and adults, such mean effects mask the underlying dynamics of interference control. The main
goal of the present study was to assess whether distributional tools used in adults to track the
dynamics of correct and incorrect response activations, can also be applied in children as early as
5-6 years old. Besides showing that it is indeed the case, the present study revealed both strong
commonalities but also some differences between children and adults that will be discussed in
turn.

Similar dynamics in children and adults
Distributional analyses of RTs support the idea that interference effects at 5-6 years of age,

an age at which inhibitory control is still considered as immature, have similar relative dynam-
ics as in adults, both within and between tasks. In adults, it has repeatedly been shown that
while in both Stroop and flanker tasks chronometric interference effect increase with RTs, this
effect decreases in the Simon task (Burle et al., 2014, Pratte et al., 2010, Ulrich et al., 2015).
Interestingly, despite much slower responses in children than in adults, the same between-tasks
differences were observed. CAFs were also comparable in children and adults: as in adults, the
fastest RTs on incompatible trials were associated to a dramatic drop in accuracy. This initial
drop in accuracy, largely participating to the mean interference effect, was present in all three
tasks, although with different dynamics. Between-task differences have been less systematically
studied on CAF than on RT distributions, but the differences between Simon and flanker tasks
resemble the ones reported by Servant et al. (2014) in adults: the initial drop appears steeper and
shorter in the Simon than in flanker tasks. The comparable dynamics evidenced in both RT and
accuracy distributions between children and adults strongly support the hypothesis of a similarity
of the processes at play in the two populations.

The CAF and the shape of the delta-plots (that are often used to summarize effects across
RT distributions) have been proposed to, respectively, index automatic response activation and
suppression (Ridderinkhof, 2002, Wylie et al, 2010, van den Wildenberg et al., 2010 for an
overview). Although the link might be less straightforward than initially proposed (see Fluchère
et al., 2015, Spieser et al., 2015, Burle et al., 2014, Ulrich et al., 2015 for discussions), these
markers remain very good proxys of the underlying processes. As for adults, it hence appears
that interference stems from an “automatic” and (rather) transient response activation by the
irrelevant dimension. Interestingly, in the Stroop task, even if the interference effect on error rates
also reduces as RTs lengthen, it remains present for long RTs. A similar pattern was observed by
Bub et al. (2006) in 7- to 9-year-old children. The origin of this sustained interference requires
further investigations.

The reduction of the Simon effect for long RTs, observable in the delta-plots, has been pro-
posed to reflect the “suppression” of the response activated by the stimulus position (De Jong et
al., 1994, Ridderinkhof, 2002). This reduction was very strong in the Simon task, much weaker
or even abscent in the flanker and the Stroop task. Based on both empirical data (Burle et al.,
2014) and on theoretical considerations (Ulrich et al., 2015), this difference likely stems from a
quantitative difference in the magnitude and/or timing of the suppression, rather than a qualita-
tive difference. According to this view, in young children as in adults, the suppression is stronger
and/or faster in the Simon task than in the two other tasks, in which it is likely not strong enough
to take over and reduce the interference effect. Although another study already reported negative
going delta-plots in the Simon task in 6-year-old children (Iani et al., 2014), we here show that
this pattern is specific to this task, as the same children present steadily increasing delta-plots in
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Figure 5: Representation of the dynamics of the automatic response activation for the three tasks. The solid lines
correspond to the current dataset, and the dotted lines correspond to Ulrich et al. (2015) and Servant et al. (2016) data in
adults. a.u., arbitrary units.

the other tasks. This has direct functional consequences. Indeed, if one accepts that the negative-
going delta-plots is linked to the active suppression of the incorrect response activation (Burle,
et al., 2002; Ridderinkhof, 2002), this would suggest that this suppression mechanism is already
present at 5 years of age, at least in the Simon task. Whether it is already mature, or whether its
efficiency keeps on improving with age would require investigations on a wider age range.

The hypothesis of common processes at play in adults and in young children is further
strengthened by fits of the DMC model to data. Although best fitting parameters have to be
taken with caution (see model fitting section), several aspects are worth mentioning. First, the
DMC model, initially developed to account for adults’ data, was shown to also nicely fit the
children’s ones. This suggests that children’s and adults’ data have the same underlying structure
and can be described as parametric variations of each other. Second, the same between-tasks
difference between children and adults further supports this common architecture. Indeed, as in
adults, the “automatic” activation lasts longer for the flanker than for the Simon task (see Figure
5 for adults – dotted lines, and children – solid lines, no adult fits are available for the Stroop
task).

Altogether, the above results illustrate the feasibility and relevance of applying non-parametric
distribution analyses to children. Along with the modeling results, they support the notion that
interference effects in 5- to 6-year-old children are driven by mechanisms very similar to the ones
at play in adults.

. . . But with a different within-trial time course

Besides the similarities in the processes involved between children and adults, the present
data also provide evidence for important differences in their time course (see also Rueda et al.
2004). Indeed, RTs are much longer in children than in adults. Fitting the DMC to young children
data provide some clues on the origin of their slowed responses. As already mentioned, the DMC
inherits some parameters from the standard DDM, and incorporates new ones related to the
“automatic” response activation. Concerning the parameters of the “standard” DDM, our results
are consistent with the few previous studies that fitted the standard DDM (in simple 2-choice
tasks) to children data (Weeda et al., 2014, Janczyk et al., 2017, Schuch & Konrad, 2017). First,
the non-decision time (Ter), is much longer than in adults, suggesting that a substantial part of
the RTs increase in children is not related to decision processes. The respective contributions of
sensory encoding and motor processes in this lengthening require further investigations. Second,
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children seem to adopt a more conservative decision criterion than adults, since their decision
thresholds (b) are almost twice higher than in adults. In contrast to what traditional impulsivity
measures suggest (e.g., Kagan, Rosman, Day, Albert, & Phillips, 1964; Messer, 1976; Salkind
& Wright, 1977, see Ling, Wong, & Diamond, 2016 for more recent discussion), young children
tend to be careful before engaging a response. Note that this higher threshold also contributes
to the longer RTs in children. A third cause of RT lengthening is the low drift rate for the
controlled process suggesting that the quality of evidence being accumulated is much lower in
children than in adults. Although the current data do not allow to trace the reasons for this
low drift rate, one can speculate on its potential sources. In general, developmental studies
suggest a protracted development of sustained attention from preschool years to young adulthood
(Fortenbaugh et al., 2015). Based on a recent study by Lewis, Reeve, Kelly, and Johnson (2017),
more lapses of attention in 6-year-olds than in older age groups can be envisaged, that would
degrade the sampling of information conveyed by the stimulus, hence leading to a slower and/or
more variable (McVay & Kane, 2012) accumulation.

Besides these general aspects, the time course of the supposedly “automatic” response ac-
tivation also differs largely. The activation of the incorrect response on incompatible trials is
often considered “fast and automatic” in adults (Kornblum et al., 1990). In agreement with this
view, the drop of accuracy on the CAF is usually observed around 200-300 ms in adults. Al-
though the same drop is observed in children, it occurs much later, around 550-600 ms. As
mentioned above, DMC fits revealed that non-decisional latencies (Ter including perceptual and
motor processes) are much longer in children than in adults. Could a long sensory encoding time
potentially explain this delay? This is very unlikely since early sensory processes, as assessed
by electroencephalography visual evoked potentials, are almost mature at the ages considered
here and occur in the same time range in adults and children (Courchesne, 1978). Furthermore,
in an EEG study of the flanker task in 4-year-olds, Rueda et al. (2004) reported latencies of the
early (N1 and N2) event-related potentials (ERP) that were very close to the ones measured in
adults (between 20 and 30 ms differences maximum) suggesting that a visual representation of
the irrelevant dimension does not emerge much later in children than in adults. The activation of
the incorrect response hence appears delayed compared to the visual processing, casting doubts
on the direct, automatic link between sensory processing and motor activation (see Valle-Inclán
& Redondo, 1998, for a similar discussion in adults). Response activation by the irrelevant di-
mension does not only start later in children, it also lasts longer (about twice longer, see Figure
5). This is true for the three tasks. Whether this duration is due to a passive decay or an active
suppression is still an open issue. But, whatever the reason, the incorrect response activation
seems to reach its peak much later and vanishes much more slowly in children than in adults.
This indexes difficulties in coping with the irrelevant dimension. Further work will be needed to
clarify the origin of these dynamics. Beyond the specificities of time courses, the considerable
longer delays of responses in children compared to adults are worth considering further. Inter-
estingly, a key finding of research on the development of inhibitory control is that longer delays
before responding help. For example, several studies using the day-night version of the Stroop
task (Gerstadt et al., 1994,) or Go-Nogo tasks (e.g., Barker & Munakata, 2015, Wiebe, Sheffield,
& Espy, 2012) have shown that when young children take more time to respond, they tend to be
more accurate. This led to the notion that the interfering effect of the prepotent response activa-
tion (i.e., naming the picture in the day-night task, and producing a go response in the Go-Nogo
task) is only transient. Following Diamond et al. (2002), several studies revealed that imposing
a delay before responding both in Stroop and Go-Nogo tasks was indeed beneficial (see also
Ling, et al., 2016; Montgomery & Fosco, 2012; Simpson et al., 2012; Simpson & Riggs, 2007,
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see however Barker & Munakata, 2015 for a lack of benefit). A recent, still open, debate is
why does delays help (Barker & Munakata, 2015; Ling et al., 2016). Whereas, Diamond and
colleagues conclude the underpinning mechanism consists in “allowing the prepotent response
to subside and the more-considered answer to reach response threshold”, Barker and Munakata
suggest that most studies include a factor confounded with the longer imposed delays namely,
hints that could play a role of goal reminders. Their findings actually support this hypothesis.
Although the present study was not designed to specifically address this debate, the time course
analysis of activation and suppression processes used here confirmed that response accuracy on
incompatible trials improves with longer RTs, even without resorting to any external intervention
that might have contributed to reactivate the goal. This does not imply that the extra time taken
on slow trials was not associated to a spontaneous goal rehearsal. But CAFs allow to analyze
the impact of delay within participants and without artificially introducing any external delay, by
simply relying on the spontaneous variability in response time (see Barker & Munakata, 2015
for more arguments on the difference between spontaneous and externally imposed delays). We
suggest that investigating the influence of goal reminders proposed immediately before stimulus
onset on CAFs shapes, could shed new light on the debate. If goal reminding is the key factor, it
should support the activation of the correct response that should exceed the response production
threshold earlier on and, as a consequence, should allow performance on incompatible trials to
become closer to ceiling. More generally, CAF analysis, which relevance in characterizing the
time course of automatic response activation in children as young as 5 has been established here,
opens new avenues to re-examine developmental issues related to control development.

Conclusion

The present study has both methodological and theoretical implications for the study of con-
flict processing in children. First, it establishes the feasibility of dynamic analyses of perfor-
mance though distribution analyses, in children as young as 5-6 years, thereby evidencing the
possibility of examining interference control processes separately. Furthermore, it reveals that
the two main components evidenced in adults, namely automatic activation and its subsequent
suppression, are already present. The time course of these processes differs from the one ob-
served in adults. It, however, presents similar inter-task characteristics. Altogether, the present
findings provide a framework to investigate the developmental paths of the different control pro-
cesses from early childhood on.
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Ulrich, R., Schröter, H., Leuthold, H., & Birngruber, T. (2015). Automatic and controlled stimulus process-
ing in conflict tasks: Superimposed diffusion processes and delta functions. Cognitive Psychology, 78,
148–174. https://doi.org/10.1016/j.cogpsych.2015.02.005
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