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1
Introduction:
What is this thesis about?

“It's all in the mind.”

8

-George Harrison

Yet, few researchers believe that these cognitive functions result from one region, or even
one network in the brain: there is not one region responsible for response inhibition, attention
or motivation. These days it is accepted knowledge that the brain is not subdivided in
phrenological regions, as was once believed, with a frontal lobe in charge of cautiousness (see
Websters academic dictionary 1895). The question arises whether the aim should be to find
cognitive functions that best describe the ADHD symptoms, or to describe cognitive functions
in terms that follow from how the brain is organised.
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1.1. What is this thesis about?
Almost a century ago it was thought that ADHD symptoms followed from minimal brain
damage, and thus were symptomatic of a non-specific problem in the functioning of the
brain (see Lange et al., 2010). In more recent history, classification has been refined, and
symptoms have been divided in categories: inattentive symptoms, hyperactive symptoms
or a combination thereof. Neuroimaging research into ADHD has been along the lines of
this categorisation, investigating which cognitive functions underlie ADHD symptoms of
inattention, or hyperactivity, and which regions of the brain support these functions. The
result is a heterogeneous set of behavioural symptoms, which are described by an equally
heterogeneous set of cognitive functions, such as inhibition, or motivation.

The latter approach is reflected in an increasing trend, accommodated in the latest edition of
the Diagnostic and Statistical Manual of Mental Disorders, the DSM V (American Psychiatric
Association, 2013) to categorise ADHD symptoms on a dimensional scale, where ADHD
symptoms are seen as severe on a scale that describes normal behaviour (Swanson et al.,
2009). Thus, to describe ADHD in terms of how the normal brain is organised.
But what exactly is normal behaviour? This is an increasingly important question in this
context. Given that ADHD is a developmental disorder, the question should thus be how
ADHD deviates from typical development. In this thesis we have aimed to investigate ADHD
through a developmental perspective: can developmental changes in the brain be measured
independent of behaviour? And what behaviour exactly is under development?
2.1. Cognitive changes during development
It is hard to think of behaviour that is age invariant. And how could there be? The developmental
changes that occur during childhood and adolescence result from a dynamic interplay of
behaviour, environment and genes, as described by Gottlieb: ’Cognitive changes during
development cannot be seen independent of the neural changes that occur during the same
period; in turn, neither can be seen as independent from the genetic and environmental
influences, and the interaction between those, that occur during development’ (Gottlieb,
2007). As every parent will know children seek out their own experiences, and create their
own environment. One consequence of this is that there is a lot of individual variation in
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the trajectory of developmental change of different behaviours. Capturing this variation is
an important goal of developmental (imaging) studies (Poldrack, 2010; Siegler, 1994). This
requires a specific analysis approach to neural activation data (see paragraph 5.3.), but equally
demands a thorough investigation of the basic functions that underlie the development of
more complex functions during development. One of these complex functions is cognitive
control: the ability to monitor and control behaviour in a goal directed manner. Cognitive
control is the topic of a large number of studies into both typical and atypical development,
and is thought to be the outcome of a dynamic interplay of different executive functions
(Sabb et al., 2008). Here, I will discuss three functions that, in different ways, may give a more
detailed insight in what aspect of cognitive control is under development.
2.2. Intra-individual response variability
Intra-individual response variability (IIV) refers to the moment-to-moment performance
fluctuation on a cognitive task, or, in other words, the consistency of response generation. The
ability to perform consistently is tightly linked to age (Li et al., 2009a; Williams et al., 2005;
Williams et al., 2007a), and high IIV is additionally characteristic of a number of disorders
including autism (Geurts et al., 2008; Verté et al., 2005) bipolar disorder (Bora et al., 2006)
dementia (Hultsch et al., 2000), ADHD (Buzy et al., 2009a; Epstein et al., 2011; Leth-Steensen
et al., 2000; Uebel et al., 2010; Vaurio et al., 2009) schizophrenia (Kaiser et al., 2008) and of
traumatic brain injury (Segalowitz et al., 1997; Stuss et al., 1994). In addition IIV is negatively
associated with executive functioning, which is an important cognitive impairment in these
groups (Bellgrove et al., 2004; West et al., 2002). The relation between IIV and these different
disorders is independent of mean performance, and suggests that not the ability to respond in
general, but specifically the ability to consistently perform on a given task is impaired in these
brain disorders.
The processes that underlie increased IIV are only partly understood; both alterations in
dopamine signalling pathways, and age-related changes in white matter integrity play a
role, thought to result from resulting in inefficient neural signal transduction and increased
neural noise respectively (Bäckman et al., 2010, 2006; MacDonald et al., 2006; Moy et al., 2011;
Tamnes et al., 2012; Walhovd and Fjell, 2007).
2.3. proactive and reactive response inhibition
Response inhibition has long been considered a unitary, all or none process. On the basis of
recent studies this idea is shifting towards a dual-process model, in which successful response
inhibition relies on the balance between expectation (proactive inhibition) on one hand, and
last minute adjustments (reactive inhibition) on the other hand (Aron, 2011; Braver et al., 2007).
Proactive inhibition is goal-directed, triggered by warning cues, and serves to restrain actions;
reactive inhibition is stimulus-driven, triggered by salient stop-signals, and used to stop actions
completely. This dual-process model is better at describing deficits observed in psychiatric
disorders such as Tourette’s syndrome (Barkley, 1997), depression (West et al., 2010), OCD
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(Chamberlain et al., 2005), schizophrenia (Barch et al., 2001; Zandbelt et al., 2011) and ADHD
(Burgess et al., 2010), but also ageing, where proactive inhibition appears selectively impaired
(Braver et al., 2005, 2001). It is ecologically valid in that in many cases the implementation of
inhibition requires a goal to be kept in mind for the duration of a task (proactive control), whilst
adjusting the response to this goal on the basis of information from the environment (reactive
control). Most importantly, it accommodates individual differences in response inhibition:
subjects can have a preferred way of responding, because the cost and benefits related to
each mode are subject to individual differences: for example, the ease of actively maintaining
goal representations, or the perceived benefit of doing so. Neuroimaging studies that have
investigated proactive and reactive inhibition have implicated a set of predominantly right
lateralized brain regions, including the inferior frontal gyrus, supplementary motor complex,
angular gyrus, and the striatum, with temporally distinct patterns of activation related to
proactive and reactive inhibition (Chikazoe et al., 2009; Jahfari et al., 2011; Swann et al., 2012;
Zandbelt and Vink, 2010).
3. Neural markers of development
3.1. Developmental changes in brain structure
The changes in brain structure during development are the result of maturational
changes that follow from pre-programmed genetic expression, environmental influences
(experience), and interactions between the two (e.g. (Stiles, 2008)). These structural changes
lay the groundwork for the functional changes that occur in the same period. Although most
observable changes in behaviour occur during childhood and adolescence, it is important to
note that the structural changes in the brain that underlie these behavioural changes may
occur earlier, even before birth, and continue into adulthood (Mills and Tamnes, 2014, for
review). Structural changes in the brain during development are reflected in grey matter,
which is composed of neurons and other cell types, and white matter, which consists of the
myelinated axons that form connections between grey matter cells. Grey matter and white
matter each have their own timeline of development.
One way to estimate the amount of grey matter, at micro-scale, is to measure the amount of
connections (synaptic density) between neurons. Post-mortem histological data have shown
that synaptic density follows an inverted U-shape between birth and mid-adolescence; the
precise timing of the peak in synaptic density differs between brain regions (Huttenlocher,
1979; Huttenlocher and Dabholkar, 1997). Magnetic Resonance Imaging (MRI) estimates of
grey matter, at a much larger spatial scale, have confirmed this idea, and show that regions
that subserve primary functions, such as sensory and motor functions, reach peak values
first, followed by regions involved in higher-order functions (Ostby et al., 2009; Paus, 2005;
Shaw et al., 2008; Tamnes et al., 2010; Wierenga et al., 2014) In contrast to grey matter, white
matter increases in a roughly linear fashion from childhood into the second and third decade
(Benes, 1989; Gogtay et al., 2004; Mills and Tamnes, 2014; Yakovlev and Lecours, 1967).
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3.2. Developmental changes in functional activation patterns
Age-related changes in neural activation as assessed by fMRI (see paragraph 5.1.), are reflected
in the height of activation, the extent of activation, but also in lateralisation and specialisation.
The general pattern, when corrected for differences in task performance, is that over age
there is a shift from diffuse to focal activation (Durston and Casey, 2006; Durston et al., 2006),
an increase in lateralisation (Holland et al., 2001), and reduced activation in task irrelevant
regions, reflecting increased regional specialisation (Rivera et al., 2005). Although there have
been no studies that have directly investigated the neurobiological background of this shift
from diffuse to focal activation, this process is likely the result of an elimination process of
functionally inappropriate axons and axon branches (Price et al., 2006).
3.3. Developmental changes in functional connectivity
Local activation patterns show functional specialisation of the brain. Although informative,
these activation patterns do not provide information on how the brain as a whole is involved
in behaviour. For this reason, there is increasing interest in functional connectivity, where
the communication between brain regions is subject of investigation. When distributed
brain regions display strongly correlated patterns of change, this is taken as evidence that
these regions are functionally connected. Connectivity changes during development are
characterised by two processes: 1) functional segregation, reflecting separation of networks
into functionally specialised networks, and 2) a shift from local to global network organisation,
characterised by predominantly short range connectivity at young age, which develops over
age into long-range connections, supporting more global whole-brain networks (Fair et al.,
2007; Fair et al., 2009, 2008; Supekar et al., 2009) .
3.4. Processes that link developmental changes in structure, function and connectivity
An important question is what the relationship is between the observed developmental
changes in brain structure, function, and organisation. So how do functional networks
develop? Anatomically, developmental increases in the thickness of myelination facilitate
signal propagation, resulting in functional integration of distant regions (Brody et al., 1987;
Bunge and Wright, 2007; Giedd et al., 1999; Luna and Sweeney, 2004; Paus et al., 2001).
Functional changes over development, are related to these structural changes: anatomically
distant regions which are functionally connected, share the same the rate of developmental
change (Alexander-Bloch et al., 2013; Hagmann et al., 2008; Honey et al., 2007; Lu et al.,
2009; Sowell et al., 2001). This close link between structure and function ties in with the
Hebbian idea of “fire together, wire together” (Hebb, 1949), which states that “when activity in
one cell repeatedly elicits action potentials in a second cell, synaptic strength is potentiated”,
providing a mechanism for function-driven changes. This idea has also been used to explain
how developmental changes in functional activation may be related to connectivity changes,
through facilitation of firing between functionally connected regions.
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4.1. ADHD
ADHD is a common developmental disorder that affects approximately 5-10% of all children
(Faraone 2003) and 4% of adults (Kessler 2006). Symptoms include age- inappropriate levels of
inattention, hyperactivity and impulsivity. The proposed cognitive deficits in ADHD are diverse,
and include reduced executive functioning (i.e. response inhibition, interference suppression,
working memory), altered reward sensitivity, and impaired visuospatial processing and motor
execution. Results of functional imaging studies are equally diverse, yet consistently implicate
regions that are part of the fronto-striatal circuity, including the (dorsal) Anterior Cingulate
(ACG), Inferior Frontal Gyrus (IFG) dorsolateral prefrontal cortex (DLPFC), orbitofrontal cortex
(OFC), superior parietal cortex (SPC) basal ganglia, and cerebellum (Dickenstein et al., 2006;
Bush et al., 2010 for review).
Connectivity studies have added to this picture by showing that ADHD is characterised both
by altered connectivity in networks supporting these functions, such as the frontoparietal
network, and the dorsal attention network, (Castellanos 2012, Konrad 2012) but additionally
by altered activity in the default mode network (DMN). The DMN is a subset of regions
that show coherent activity, suppression of which appears instrumental in successful task
performance. (Christakou et al., 2013; Fassbender et al., 2009; Liddle et al., 2011; SonugaBarke, 2005; Weissman et al., 2006). Results from an increasing number of studies suggest
altered connectivity within the DMN in subjects with ADHD (Helps et al., 2010; Hoekzema et al.,
2014; Sun et al., 2012; Uddin et al., 2008) and reduced suppression of this network during the
performance of cognitive tasks (Fassbender et al., 2009; Querne et al., 2014); both of which
may contribute to the observed behavioural impairments in ADHD.
In an attempt to combine these diverse findings into a unifying construct, a multiple pathway
model has been proposed, which describes how disruptions in different neural circuits can
independently lead to an overlapping set of symptoms: cognitive control deficits, linked
to disruptions in the dorsal frontostriatal circuit, reward processing, linked to the ventral
orbitofrontal-striatal circuit, and temporal processing, associated with fronto-cerbellar
connections (Durston et al., 2011a; Sonuga-Barke et al., 2010).
4.2 ADHD & development
An estimated 50% of affected children outgrow ADHD (Halperin et al., 2008; Lara et al.,
2009; Schweren et al., 2013), suggesting that development itself may be a factor in the
aetiology of ADHD. There is converging evidence from structural imaging studies that ADHD is
characterised by a delay in neural development. Both longitudinal and cross-sectional studies
have shown that subjects with ADHD, when compared to typically developing children have
local reductions of both cortical thickness (Shaw et al., 2007) and white matter integrity.
Grey matter reductions are most pronounced in the prefrontal cortex, the caudate and the
cerebellum (Berquin et al., 1998; Bussing et al., 2002; Castellanos, 2002; Castellanos et al.,
2001, 1996; Durston et al., 2004; Filipek et al., 1997; Mostofsky et al., 2002, 1998; Shaw and
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Rabin, 2009a; Shaw et al., 2006), and white matter alterations are specific to the same frontostriatal circuitry (Casey et al., 2007; Silk et al., 2009). Overall, the trajectories of developmental
change in grey and white matter in ADHD parallel the developmental changes in typically
developing subjects, suggesting a delay of about 3-5 years in development rather than an
altered trajectory. At the individual level, these changes in structural brain development
have been linked to phenotypic differences such as clinical outcome and medication status.
Subjects that received stimulant medication showed less grey matter reduction in affected
regions compared to subjects that did not receive medication (sample of children 12.5-16.4
years old), and clinical outcome in adolescence was predicted by both the amount of cortical
thinning and the normalisation of this thinning pattern in adolescence in subjects whose
symptoms remitted (Shaw and Rabin, 2009a; Shaw et al., 2006, 2013). These data suggest
that for those subjects with ADHD whose symptoms remit over age, this might be the result of
the structural and functional normalisation of the cortex.
So far, there have been no studies that have directly investigated the developmental trajectory
of changes in neural activity and connectivity in ADHD in a cross sectional or longitudinal
design. There have been some studies of neural connectivity in ADHD, but they have looked
at activation patterns during rest, so in the absence of task (activation) data: a recent study
showed altered connectivity in children with ADHD during rest, specifically in networks that
had previously been shown to undergo most changes during development (Fair et al., 2012),
and similarly another study showed immature, but not atypical connectivity between regions
of the DMN in ADHD during rest (Sato et al., 2012).
Put together, there is strong evidence for a graded link between ADHD symptomatology and
a delay in cortical maturation. This fits in with the notion of ADHD as a dimensional disorder,
where deviations in developmental trajectories of specific neural circuits may give rise to
ADHD symptoms.
5. Methodology & methods
5.1. Functional Magnetic Resonance Imaging
Functional MRI (fMRI) allows for the observation of activity in the living brain. To be more
precise, with fMRI it is possible to estimate the blood supply in the brain at any moment in time
during the scan. MRI imaging is based on the principle of magnetic resonance imaging (MRI)
that detects proton signals from water molecules; functional MRI relies on the principle that
oxygen-rich blood (oxyhemoglobin) and blood without oxygen (deoxyhemoglobin) respond
differently to the magnetic field within the MRI machine. This difference in MR signal is referred
to as the blood-oxygen level dependent (BOLD) contrast. The BOLD response is relatively slow
compared to the underlying neural activity, and the consequence of this is that the ability to
distinguish between two brain responses in time, the temporal resolution, is relatively slow
at about 1-2 seconds (Menon and Kim, 1999). In standard MRI analysis, the BOLD response is

14

computed under different task conditions, for example a go condition (a button press) and
a no-go condition (button press withheld). The interpretation of the BOLD response is then
based on the contrast between these conditions, in this case often go vs. no-go, by computing
which brain regions show more or less activation under this condition.

Introduction

5.2. Resting state fMRI
A problem in the interpretation of fMRI data of developmental samples is that age- related
differences in task performance cloud the interpretation of age-related differences in brain
activation. Even when performance is equalised through a staircase procedure, or a parametric
design, age-related changes in how the task is performed could account for activation
differences (i.e. strategy). An alternative, and increasingly popular, method to investigate
developmental changes is to investigate age-related changes in neural activation in the
absence of a task, during rest. During resting-state fMRI (RS-fMRI) subjects are instructed to
think of nothing in particular, and rest with their eyes open.

1

5.3. Independent Component Analysis
As discussed in 5.2., performance differences between subjects pose a problem for the
interpretation of functional imaging data. In a standard fMRI analysis, inference is based
on the General Linear Model (GLM). In a GLM-based analysis, the BOLD response is fit on a
contrast between task conditions, and the interpretation of any activation is limited to the
meaning of that contrast. In addition to this,performance differences between subjects pose
a problem for the statistical analysis of FMRI data, as the number of correct trials affects the
power to detect differences between groups.
Data-driven analysis methods allow for the analysis of fMRI data without the use of an a-priori
defined model, thus circumventing this particular problem. One of these model free methods
is Independent Component Analysis (ICA), a data driven method that uses algorithms to
decompose functional imaging data into spatially independent, but temporally coherent brain
networks, each with their own time course (Calhoun and Adali, 2001; Calhoun et al., 2006,
2009, 2002b; McKeown and Sejnowski, 1998). Apart from the fact that it is model-free, there
are a number of other advantages to ICA: ICA decomposes the brain into multi-voxel functional
networks, which greatly reduces the number of multiple comparisons made and is therefore
more sensitive than GLM analysis, which is performed on each voxel separately (Congdon et al.,
2010; McKeown and Sejnowski, 1998). Moreover, these temporally coherent functional networks
can occur concurrently within the same voxel: one voxel can be involved in multiple (temporally)
different responses. This provides a way to measure the involvement of one region across
different cognitive processes. This involvement of one region in multiple processes has been
shown to be the case in animal studies (Brecht, 2007; Lubke and Feldmeyer, 2007; Quintana and
Fuster, 1999; Verduzco-Flores et al., 2009), but has received little attention in the fMRI literature;
in part because overlap in neural activity might be hidden in traditional GLM analysis (Beldzik et
al., 2013; Xu et al., 2013a).
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To illustrate the difference compared to a standard GLM based analysis, here is an example: say
you are a young post-doc, looking for a job, and you are at a cocktail party held at a conference.
Performing a standard GLM analysis is akin to listening in to the room where the party is held,
and filter all that is being said on the presence of certain words, say ‘large grant’, ‘tenure track
position’ and ‘directly available’, spoken by someone 40+ years old. An ICA analysis on the other
hand would be akin to separating all that is being said by speaker, irrespective of what is being
said. Then, conversations can be identified by selecting those speakers who mention ‘large
grant’ at the same time. By doing so, your data were not influenced a-priori by some people
speaking loudly, being older, speaking a lot more than others or any other apriori assumptions
that should be irrelevant to the question you are trying to answer. Moreover, some people
might be involved in more than one conversation, which in this context may be worth listening
to.
Lastly in the light of the data presented in this thesis, it is worth mentioning that the application
of ICA to fMRI data is extremely well-suited to remove artefacts from data (McKeown et al.,
2003). An artefact per definition does not have a predefined timing or appearance. Some
fMRI artefacts however have a temporally or spatially unique pattern, such as the SWORD
artefact that plagued my data. Spatially,it is characterised by vertical ‘bands’ of signal loss, at
varying locations between subjects, only visible at specific sagittal or coronal slices, caused by
insufficient fat suppression during the acquisition. Because of the temporal coherence of the
artefact (transient signal loss in a number of voxels at unspecified locations) it showed up as
an ICA component that was clearly distinguishable from other components by its band-like
shape, and could be removed from further analyses.
6. Outline of this thesis
In this thesis we have aimed to investigate the fabric of developmental changes: to find out
what is under development, how to capture these changes, and ultimately, understand how
certain ADHD behaviour fits in with developmental changes in typical child behaviour.
In chapter 2 we investigate the presence of developmental changes in neural networks in
rest, and during a task. Specifically, we aim to statistically separate the effects of age and task
performance on activity in neural networks in both rest and during task performance. Are
the developmental changes that are observed in neural networks state-dependent? Is ontask performance reflected in network activity during rest? By investigating this, we want to
address the problem that neural markers of improved task performance with age cannot be
untangled from inherent developmental changes. In other words: does the difference in taskrelated neural activation between an 8-year old and a 20-year old result from a difference in
neural development, or from a difference in effort/strategy to maintain task performance?
To investigate this question, we use ICA to select a set of networks that is present across
individuals both during a task and during rest, in a sample of healthy volunteers aged 7-24
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years old. We then test the independent contribution of age and task performance on activity
within these networks during the task condition and the rest condition separately. Since
each subject’s age is invariant, this will allow us to investigate the selective effect of task
performance on network activation both during a task, and during rest. The results will inform
the interpretation of findings from developmental imaging studies, but also the interpretation
of a growing number of studies that investigate developmental changes in the brain during
rest only.

Introduction

In chapter 3 we aim to elucidate the complex concept of cognitive control, by investigating
proactive and reactive forms of response inhibition. There is increasing evidence that
proactive and reactive inhibition are selectively impaired in both neuropsychiatric conditions
and in ageing, and might provide a better explanation for some of the neuropsychological
deficits common to these populations. Here we use a large population of typically developing
adolescents and adults to investigate the functional organisation of the brain during proactive
and reactive inhibition, in order to find out if these two modes of inhibition rely on separable
neural networks, or on a common network.

1

In chapter 4 and 5 we investigate another subcomponent of cognitive control: intra-individual
response variability. Like many other cognitive functions implicated in ADHD intra-individual
variability is associated with prefrontal structure and functioning. Yet, intra-individual response
variability is also closely linked to age, and might function as a neurobiological marker for
developmental changes in the prefrontal cortex. In chapter 4 we investigate this link between
intra-individual variability, age, and task performance in a sample of ADHD subjects aged 6-19
years old, and a matched control sample. After assessing the relation between intra-individual
variability, task performance and age within each group, we test whether there is a difference
between the groups in the relative contribution of age and intra-individual variability on
response inhibition. In the same sample, we then use ICA to identify task related networks
across both groups, and probe neural activation related to age related changes in response
inhibition and intraindividual variability.
In chapter 5 we further investigate the age-related changes in intra-individual variability in
ADHD, and its specificity as a marker for ADHD. We do this by investigating a large dataset of
595 subjects with ADHD, Autism Spectrum Disorder (ASD), and controls. Instead of matching
subjects for age, we use Propensity Score Matching, to ensure that the influence of age on
intra-individual variability is equalised across the groups. We then use hierarchical regression
to test for group effects on the developmental trajectories of intra-individual variability.
In both studies described in chapter 4 & 5, we use the ex-Gaussian response distribution to
describe the response time distribution, instead of the mean and standard deviation of reaction
times (mRT and sdRT). This parameterization of the response times includes a measure for
infrequent extremely slow responses (tau). The presence of these extremely slow responses
is increased in ADHD, and can bias the estimation of the normal mean and standard deviation.
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2
Developmental
changes in network activity are
dependent on the context in
which they are assessed
In preparation as:
Janna van Belle, Tamar van Raalten, Dienke J. Bos, Sarah Durston.
Developmental changes in network activity are dependent on the context in which they are assessed

ABSTRACT
Brain development is characterized by an improved functional integration of neural networks
that parallels developmental improvements in cognition. To date, many studies of brain
network development have focused on network activity in the brain during rest, without
investigating network activity during cognitive tasks in the same individuals. In doing so,
the assumption is made that changes in network activity in rest are related to cognitive
improvements over development and is therefore comparable to developmental changes
detected during task fMRI. However, it has never been addressed whether this is in fact the
case. In this study, we compared the age -related changes in network activity from fMRIscans obtained during both task and rest, to investigate to what extent scanning conditions
affect developmental measures of network activity. We analyzed our data using Independent
Component Analysis (ICA), a method that was developed to separate noise and (motion)
artifacts from signals of interest. Group-level ICA (GICA) was run on both task and resting
state fMRI-data from 30 typically developing individuals aged 7-24 years. We then selected
components, which were (1) involved in task performance and (2) present in both the task
and the rest condition. Results showed that developmental changes in network activity during
rest were unrelated to task performance. In contrast, developmental changes in network
activity during task fMRI were related to both age and improvements in task performance.
As such, the interpretation of developmental change differed between the two conditions.
This means that, despite reports in adult samples of a relation between task performance and
task network strength in rest, studies of the development of neural networks should not be
confined to rest: developmental changes in network activity are not independent of testing
conditions, but rather are dependent on the context in which they are assessed.
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1. INTRODUCTION
During childhood and adolescence, cognitive functions develop and improve in parallel to
widespread functional changes in the brain (Casey et al., 2005; Durston et al., 2006). These
functional changes are reflected in changes in interactions between brain regions that can be
studied by numerous methods including seed correlations, independent component analysis
(ICA) or graph analysis. Studies are often conducted in the absence of a task, when subjects of
various ages are asked to simply rest, so called resting state fMRI (RS-fMRI).

A key assumption underlying the interpretation of results obtained during rest is that the
strength of neural networks present in rest conditions mirrors the strength of these networks
during task conditions. For adults, this assumption has been shown to be valid, as brain
networks engaged during cognitive tasks can also be reliably identified using resting state
fMRI ((Fox & Raichle, 2007; Lewis, et al, 2009; Smith et al., 2009). Moreover, it has been shown
that in adults, individual differences in network activity during rest predict performance on a
number of different cognitive tasks (Fox & Raichle, 2007; Lewis et al., 2009; Seeley et al.,
2007). Hence, it is possible to identify task networks during rest, without subjects actually
performing a task. This has led to a similar approach in developmental studies, where task
networks have been identified in children during rest, and age-related changes in these
networks have been investigated (Fair et al., 2007; Stevens, et al., 2009; Supekar et al., 2010).

2

Developmental changes in network activity

Results from previous studies show that functional neural networks can be observed
during rest from early infancy (Fair et al., 2007; Fransson et al.,2007) and that they undergo
substantial changes over development, both in terms of network organization and the
strength of connections. Developmental changes in network organization include a decrease
in short-range connections, accompanied by an increase in long-range connections (Fair et al.,
2008) leading to functionally well-integrated networks in adulthood that are predominantly
characterized by long-range connections (Damoiseaux et al., 2006; De Luca et al., 2006;
Fransson, 2005; Greicius et al., 2003; Gusnard & Raichle, 2001; Raichle & Snyder, 2007).
However, it remains an open question how these developmental changes observed in rest
relate to the cognitive changes that occur in parallel.

However, the absence of a task condition in these studies means that it has not been possible
to assess whether these same networks are equally present during task conditions in
children. It is important to establish this, before assigning any functional meaning to these
developmental changes and investigating how these changes relate to parallel changes in
cognition. Therefore we set out to investigate whether network activity in rest is predictive
of individual differences in task performance in children, as they are in adults. To this end,
we compared fMRI-data collected during both a cognitive task and rest from a sample of 30
typically developing individuals aged 7-24 years. We selected components that were (1) involved
in task performance and (2) present in both the task and the rest condition. We reasoned
that if neural networks are indeed equally detectable during task and rest conditions over
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development, then there should be no difference in the relation between task performance
and network activity between the two scanning conditions. However, if there were differences
in the relation between task performance and network in task and rest, this would mean that
results from developmental imaging studies obtained during resting state cannot be directly
extended to explain cognitive changes during development.

2. MATERIALS AND METHODS
2.1. Ethics statement
This study was conducted in agreement with the Declaration of Helsinki (Edinburgh
Amendments). It was conducted in accordance to the requirements of ICH Good Clinical Practice
and the recommendations of the World Health Organization (WHO). The medical-ethical review
board of the University Medical Centre Utrecht approved the study and its procedures.
2.2. Participants
Thirty typically developing subjects, aged 7-24 years, were recruited through the local
community. All were right-handed. Inclusion criteria included having no past or current
neurological disorder or psychiatric diagnosis, as confirmed on standardized diagnostic
interview (DISC-IV) (Schaffer, et al., 2000) or MINI (for subjects older that 16) (Sheehan
et al., 1998). Signed informed consent was obtained from adult subjects and from parents
for subjects aged younger than 18 years. Children and adolescents signed for assent. IQ was
assessed for all participants using the Wechsler Intelligence Scale for Children, third edition
(WISC-III, ages 7-15 years) or Wechsler Adult Intelligence Scale, third Edition (WAIS-III, from
age 16 years). Sample characteristics are listed in Table 1.

Participants: Mean (sd) range
Sample size (N)

30

Gender (M/F)

19/11

Age (years)

15.16 (5.4) 7-24

TIQ

117.43 (17.3) 77-152

Hand preference (R/L/ambidexter)

30/0/0

Mean RT go trials (ms)

604.3 (83) 458-764

Accuracy nogo trials

0.88 (0.1) 0.6-1

Accuracy go trials

0.99 (0.02) 0.94-1

Table 1.
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Descriptive variables and task performance

2.4. Behavioral Analysis
Behavioral data from the cognitive control task were analyzed using the SPSS statistical
package (SPSS for Mac, release 19, 2011. Chicago: SPSS inc.). Mean reaction time (RT) for
correct responses on go-trials, accuracy on go-trials, and accuracy on no-go trials were
calculated. We further looked at the speed-accuracy tradeoff (nogo accuracy corrected for
RT) and ICV (intra-individual coefficient of variation; sd RTgo/mean RTgo). Developmental
changes in performance were investigated by calculating Pearson’s correlations (r) with age.
2.5. fMRI aquisition
Before MRI acquisition all participants aged twelve years or younger participated in a practice
session in a mock MRI-scanner, located in the NICHE lab at the Department of Psychiatry at
the University Medical Centre Utrecht. The purpose of this session was to acquaint children
with the scanner environment, the fMRI paradigm and the researchers present during the
fMRI-scan, in order to reduce potential anxiety (Durston et al., 2009). Only in the case of a
successful mock-session did participants take part in the actual MRI session.
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2.3. Task design
All subjects participated in an fMRI-session, consisting of both a task and resting-state (RS)
scan. During one fMRI-scan, they performed a go no-go paradigm, as described previously
(Durston et al., 2006; Durston,et al., 2002; Durston, et al, 2002b; Durston et al., 2003). The
instructions were to press a button in response to visually presented stimuli as quickly as
possible, but to avoid responding to a rare non-target. The task consisted of 4 runs, which
lasted 3 min and 56 sec each. Each run contained a total of 57 trials, with 75% go-trials,
resulting in a total of 56 no-go trials per subject. In order to make the task more interesting,
characters from the Pokemon cartoon series were used as stimuli. Stimulus duration was
500 ms and the interstimulus interval was 3500 ms (total trial length 4000 ms). Stimuli were
projected using a through-projection screen and slide projector. Responses were collected
using an MRI compatible air pressure button box. All subjects also successfully completed a
resting state fMRI-scan, which lasted approximately 10 minutes and where participants were
instructed to relax with their eyes open. The resting state was separated in time from the task
by the T1 acquisition, which lasted 10 minutes and during which subjects watched a film of
their choice.

Data were acquired on a 3.0 T Philips Allegra MR scanner (Philips Medical Systems, Best, the
Netherlands). Functional images were collected with 2D EPI-SENSE (TR=2000ms, TE =35 ms,
flip angle=70°, matrix=68x66, voxelsize 3.5x 3.5 x3). The functional MRI-scans during the task
were acquired in an event-related design over 4 blocks of equal length, each consisting of 119
frames. Following the task, a high-resolution (0.75x0.75x0.8 mm) coronal T1-weighted image
was acquired in order to allow for spatial normalization and visualization (TR=10ms, TE=4.6ms
flip angle=8°, matrix= 304x 299 FOV 24cm). The resting state fMRI scans were acquired after
the T1-weighted scan in a single block of 294 frames.
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Figure 1.
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Schematic overview of analysis. Numbers refer to steps in the analysis referred to in the text

For each subject, images were checked for any remaining artifacts caused by movement,
as marked by outliers (≥1.3 sd) in average global intensity, and repaired if necessary by slice
interpolation using the Artrepair toolbox (http://cibsr.stanford.edu/tools/human-brainproject/artrepair-software.html). Data were repaired in this manner for twelve subjects in
the task fMRI dataset and for fourteen in the resting state fMRI dataset. No more than 20%
of frames were repaired for any subject, including the adjoining frames that were marked for
deweighting in the GLM estimation.
2.7. Data analysis: Independent Component Analysis
As recent reports have shown that subject movement may falsely introduce correlations akin
to those found in developmental connectivity studies (Power et al., 2012; Satterthwaite et
al., 2012; Van Dijk et al., 2011), we used independent component analysis (ICA) rather than
the commonly used regression method criticized by Power and colleagues in their 2012
paper (Power et al., 2012). ICA decomposes functional imaging data into temporally coherent
networks, independent of their spatial organization (McKeown, et al.,, 2005). As (movement)
artifacts are characterized by their co-occurrence in time, ICA is ideally suited to identifying
and subsequently removing them (Liao, et al.,, 2006; Thomas et al., 2002; Tohka et al., 2008).
It has been shown that ICA can reliably identify both transient and consistent task-related
activation, as well as other artifacts not related to task (McKeown et al., 2005; Thomas et al.,
2002; Tohka et al., 2008). To optimally address the problem of motion artifacts we first ran
ICA at single subjects level, followed by group- ICA.
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2.6. Image Preprocessing
The analysis pipeline is shown in Figure 1. MRI-data were preprocessed using SPM5 (Wellcome
Dept of Cognitive Neurology, www.fil.ion.ucl.ac.uk) (Figure 1, step 2). Preprocessing consisted
of the following steps: (1) rigid body correction for interframe head motion within and across
run(s) (4 in task fMRI, 1 in RS fMRI), unwarping of the images to remove any residual variance
caused by (task-related) movement. Estimated movement parameters were individually
inspected to ensure movement did not exceed 3mm or the size of one voxel. None of the
30 subjects included in the final analysis had more than 3mm motion. (2) Co-registration
of functional and anatomical images. (3) Segmentation of anatomical scans into gray and
white matter, and (4) normalization of both anatomical and functional scans to Montreal
Neurological Institute (MNI) template, using the segmentation parameters obtained in step
3. We chose to normalize to one common template across the age range, as studies have
shown that this is a feasible approach for the age range included in this study (Burgund et
al., 2002; Kang, Burgund, Lugar, Petersen, & Schlaggar, 2003). Following normalization, all
images were visually inspected to check normalization had been successful. (5) Realignment
and co-registration of functional and anatomical images, and (6) spatial smoothing at 6mm
FWHM. For each subject, average scan-scan rotation and translation from the realignment
parameters were calculated to evaluate subject motion.
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2.7.1. single subject analysis
Preprocessed timeseries were decomposed into spatially and temporally independent
coherent networks using a group ICA algorithm (Calhoun, Adali, Pearlson, & Pekar, 2001)
available in a Group ICA of fMRI toolbox (GIFT, http://icatb.sourceforge.net, version 2.e)
implemented in Matlab. Spatial ICA identifies temporally coherent networks by estimating
maximally independent spatial sources. The resulting functional networks will be referred to
as Components (C) from here on.
As outlined in the introduction, we wanted to minimize the effects of subject motion by using
ICA to identify and remove artifacts from the data. To this end, ICA analysis was run for each
subject individually, before entering the group ICA (GICA) (Figure 1, step 3). During this step
of the analysis, data were first reduced through two subject-specific Principal Component
Analysis (PCA) steps (over sessions and subject), and concatenated after each step for further
reduction (see (Calhoun et al., 2001). 35 components were estimated using the Infomax
algorithm (Bell & Sejnowski, 1995). This estimation was repeated 5 times in Icasso (http://
cis.hut.fi/projects/ica/icasso) in order to get an estimate of reliability (Himberg, Hyvarinen, &
Esposito, 2004). This was the average dimensionality of the data as estimated by the modified
minimum description length (MDL) algorithm criteria (Li, Adali, & Calhoun, 2007) to account
for correlated samples. This ICA step was followed by back reconstruction (GICA) where each
individual’s components (consisting of both the temporal components and spatial maps)
were reconstructed from the raw data using the ICA mixing matrix (Erhardt et al., 2011). Each
participant’s components were then scaled to reflect percent signal change.
At the individual subject level, a systematic process was used to identify components to
be retained for analysis (Figure 1, step 4). Each spatial map was manually inspected for
the presence of obvious artifacts (e.g. edges, ventricles, scanner artifacts). The temporal
association of each of the 35 temporal components with each subject’s movement parameters
was used to exclude components reflecting signal variation due to motion. Temporal
components were discarded if their temporal association (Z values computed from R 2 ) with
motion parameters exceeded 3. All components that were determined to be due to artifact
according to the described method were then removed from the raw data. The modified data
were then written and re-analyzed at group level. On average 6 components were removed
for each subject from the task data and 3 from the resting state data.
2.7.2. Group analysis
For the group analysis, two independent ICAs were performed on data from all 30 participants,
the first for the task data and the second for the resting state data. For the task data, two PCA
data reduction steps were used (at the subject level and the group level); for the RS data, only
one step was used (at the group level, as the resting state data consisted of only one session)
(Figure 1, step 5); in both cases 75 components were estimated using the Infomax algorithm,
repeated 20 times in Icasso. Subject-specific spatial maps and temporal components were
estimated using GICA3. (for specifics on GICA 3 and differences with GICA see (Allen et al.,
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2011; Erhardt et al., 2011). Time-series were scaled using the maximum intensity value, and
spatial maps using the standard deviation of the time-course; this method of scaling the data
is optimized to detect inter-individual differences in the level of activation, as it incorporates
amplitude information and is relatively insensitive to spatial variability (Allen et al., 2011).
The spatial overlap between the back reconstructed components (the spatial maps) and a
priory probability maps as provided in SPM5 was calculated, using multiple regression. 13
components that showed a spatial overlap greater than R 2 ≥ 0.025 with white matter or CSF
were discarded.

To select the networks for the final analysis, first the spatial correlations between the spatial
maps corresponding to the 20 task-related components, and 14 brain networks from a spatial
atlas (Shirer, Ryali, Rykhlevskaia, Menon, & Greicius, 2012) were calculated (see supplemental
figure S1). The resulting Spearman correlation values were transformed to T-values. These
were used to select components with a correlation significant at p ≤ 0.05 with one of the
14 networks, which were then carried forward to the final analysis. Second, the spatial
correlations between RS components and the 14 predefined networks from the spatial atlas
were calculated, but only for those of the 14 predefined networks that had a significant relation
with a task component. This was done to ensure that only components from the task and RS
data that had a significant relationship with the same template were selected (Figure 1 step
7). From here on, the selected components are referred to by the name of the template they
were spatially correlated with.
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2.7.3.Feature selection: Selection of networks
For task fMRI, we were interested in those components that were related to task performance.
Therefore, we ran temporal sorting available in GIFT; this utilizes temporal regression to fit
component timecourses to each subject’s design matrix. We then tested the significance of
the resulting beta weights, and selected only those components surviving p ≤ 0.001 to either
go or no-go events (Figure 1, step 6). 37 components were retained. For those components
we ran a multiple regression with each subject’s motion parameters. Components with a beta
weight significant at p ≤ 0.05 were discarded. A total of 17 components were discarded, leaving
20 components.

2

2.7.4. Statistics
To test whether there was any relation between the identified components and subject variables
we used the MANCOVAN toolbox implemented in GIFT (see (Allen et al., 2011). The MANCOVA
model used in this toolbox is analogous to a standard ANOVA F-test with subsequent pairwise
univariate contrasts and performs backwards selection by testing whether each predictor
explains variability in the multivariate results, using a multivariate analysis of covariance.
The toolbox then runs a standard univariate analysis of variance (ANOVA) on the reduced
model, to test for specific covariate effects. During the univariate analysis the relationship
between predictors and variables is calculated as the partial correlation coefficient, adjusted
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for correlation between predictors. Outcome measures are spatial maps (SMs), indicating
activation within networks related to the predictors.

3. RESULTS
3.1. Task Performance
All subjects were able to successfully perform the task, as indexed by their performance: mean
accuracy on go-trials was 99% (sd = 0.02), and mean accuracy on no-go trials was 88% (sd =
0.1). See Table 1. Mean reaction time (RT) decreased with age (r= -.6, p=<0.001), and accuracy
on no-go trials increased with age (r= .48, p=< 0.008). As we hypothesized that some subjects
may adopt a strategy where they favored no-go accuracy over speed (reflected in the speed/
accuracy tradeoff), we used partial correlations to control for RT. The standardized residuals
of no-go accuracy corrected for RT did not significantly correlate with age (r=.3, p=>0.09)
suggesting that an age-related shift in strategy was not driving the results. The standard
deviation of RT on go-trials showed a decrease with age (r= -.51, p=< 0.004) and correlated
with both no-go accuracy (r= -.41, p=<0.02) and RT on go trials (r= .6, p=<0.0005). Thus, we
combined the two RT measures to calculate the intraindividual coefficient of variation (ICV =
sd RTgo/mean RTgo). ICV was negatively correlated with age (r= -.42, p=<0.022) and no-go
accuracy (r= -.42, p=<0.022); see Figure 2.
ICV and no-go accuracy were of particular interest to us, as we had hypothesized that they
would correlate with age. For the imaging analyses however, high correlations between nogo accuracy, ICV and age posed a problem, as significant multicolinearity between predictors
renders an estimation of their individual contribution invalid. Therefore, in the further
analyses we included the ‘full’ maturation factor as a single measure, representing age-related

Figure 2. Task performance improves with age. Accuracy on no-go trials increases (panel A), whereas the
intraindividual coefficient of variation (ICV) decreases (panel B).
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improvements in task performance. This factor will be referred to as ‘task performance’.
As we were interested in differences between changes in the brain related to maturation
alone and to developmental changes in task performance, we also included a covariate for
age alone, computed as the residuals of age when corrected for task performance (ICV and
no-go accuracy). This factor will be referred to as ‘age’. This reduced the overlap between
covariates sufficiently to permit a stable estimate. Gender and IQ had no effect on between
subject differences for any of the task outcome measures and were therefore not included in
further analysis.

3.3.1. Group ICA on task fMRI data
For the whole group, 75 components were estimated for the task fMRI dataset (step 5,
Figure 1). 73 of the 75 components had a cluster quality index greater than .9, indicating a
highly stable ICA decomposition. 20 Components passed the selection criteria (24 were
related to either go or no-go events, but four of those had a significant correlation with WM/
CSF) (Figure 1, step 6). Of these 20 task-related networks, ten mapped onto the predefined
templates for brain networks (p< .05): the posterior salience, primary visual, sensorimotor
(two networks) and visuospatial networks and basal ganglia, anterior salience (two networks),
Condition

Predictor

Region

BA

Talairach coordinates

task

task performance

anterior cingulate

32

2,42,4

task

task performance

DLPFC

9

4,54,16

task

task performance

medial frontal cortex

10

-8,60,6

resting state

age

anterior cingulate

24

2,23,4

resting state

age

cingulate gyrus

24

0,10,30

resting state

age

superior frontal cortex

10

-24,52,14

resting state

age

medial frontal cortex

10

4,46,12

Table 2.
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3.2 Single subject ICA
For each subject, 35 components were estimated with ICA (see step 3, Figure 1). Visual
inspection of these components and their correlation with each individual’s movement
parameters led to an average exclusion of 6 components from the task data, and 3 components
from the resting state data for each subject. These cleaned data were the basis for the group
ICA. There was no effect of age on the translation or rotation parameters, confirming that
we did not introduce any age effects by correcting for motion (translation r= -.28, p=>0.13;
rotation r= .25, p=> 0.2).

2
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Figure 3. Networks identified during task and rest overlap. Panels show the DMN network (panel a), salience
network (panel b), basal ganglia network (panel c), visual network (panel d) and motor network (panel e) during
task (green, all figures) and resting condition (blue, all figures). Task components are thresholded at T≥μ +4σ, RS
components at Z≥3.

Figure 4. During task performance, decreased activity in anterior cingulate, DLPFC and medial frontal cortex
was related to improvements in task performance, but not age (red). During rest, decreased activity in superior and
medial frontal cortex, anterior cingulate and mid-cingulate was related to age, but not performance (blue). Maps are
thresholded p<0.001 uncorrected.
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as well as both the dorsal and ventral default mode network (DMN) (see Table 2 and Figure 3;
see supplemental figure S2 for the complete set of templates). These ten components were
carried forward to the mancova analysis.
3.3.2. Group ICA on resting state fMRI data
75 components were estimated with GICA for the resting state dataset (step 5, Figure 1). All
components had a cluster quality index greater than 0.8. Of these RS components, 13 mapped
onto the templates that were also selected in the task fMRI analysis and none had a significant
correlation with WM/CSF. (See Table 2 and Figure 3). These 13 components were carried
forward to the mancova analysis.

Spatially, these changes were located in the anterior cingulate gyrus, dorsolateral prefrontal
cortex (DLPFC) and medial frontal cortex. These regions showed a decrease in activation
with improved task performance over age. During rest, only age predicted network activity,
whereas task performance was not. Spatially, these effects were located in the (anterior)
cingulate gyrus, superior frontal cortex and medial frontal cortex (see Table 2 and Figure 4).

4. DISCUSSION
Studies of the development of neural networks have typically investigated the brain during
rest. While informative, it is unclear whether the developmental changes observed in brain
networks during rest are present to the same degree when subjects are involved in a cognitive
task. We addressed this by comparing the predictive value of age and task performance on
network activity as assessed by fMRI during both a task condition and rest, in 30 individuals
aged 7-24 years.
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3.4. Univariate results: Activity within networks (spatial maps)
The effects of age and task performance on components from task-fMRI and RS-fMRI
are shown in Figure 4. We found different predictors for brain activity in task and in rest,
particularly for regions within the default mode and anterior salience networks. Task
performance and subjects’ age differentially predicted brain activity in task versus rest: during
task fMRI, only task performance had an effect on network activity, whereas age (residualized
for task performance) did not.

2

We found that subject age and (age-related) improvements in task performance had
differential effects on brain networks during task and rest: Whereas age was the best predictor
in rest, task performance was the better predictor during task fMRI. These results suggest
that developmental changes in connectivity observed in rest are only part of the picture: task
performance itself affects developmental measures of brain networks obtained during taskfMRI.
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This may seem obvious to an outsider: why would neural activation be similar in rest and
while performing a cognitive task? Yet, there is ample evidence showing that in adults neural
network structure remains consistent across tasks (Buckner et al., 2009), that networks
present during a task can reliably be identified during rest, and that their activity during rest is
predictive of task performance (Fox & Raichle, 2007; Lewis et al., 2009; Seeley et al., 2007).
Recently a study was published showing that within individuals, network topology, the local
organization within networks, changes between task and rest condition (Rzucidlo et al.,, 2013).
As a whole, however, these networks appeared the same between conditions. This finding is
relevant to developmental changes, as these seem to consist largely of the reorganization of
existing networks (Power et al.,2010). Given our findings, we speculate that this re-organizing
of networks with development may perhaps exacerbate topological differences between
conditions: effort, strategy or experience whilst performing a task may be related to the
efficiency of network organization: age-related changes in how a cognitive task is performed
may affect network organization during the task, but not rest.
In the task condition, improved task performance with age was reflected in decreases in
activity in the anterior cingulate, DLPFC and medial frontal cortex. This ties in with reports
from studies showing that young children rely strongly on prefrontal control regions during
cognitive control tasks, with activity in these regions decreasing with age (Velanova et al.,
2008). However, in this dataset they were associated with an anterior DMN component in
the task condition. This indicates that activity in these regions showed a high temporal
correlation with other regions of the anterior DMN. This suggests that perhaps improved task
performance over age is related to a stronger decrease of the DMN with age, particularly in
prefrontal regions.
In rest, age was associated with decreased activation in superior and medial prefrontal
regions, as well as the mid- and anterior cingulate gyrus. The cingulate region is functionally
diverse and shows dynamic changes over development (Kelly et al., 2009): it shows
protracted development, similar to prefrontal cortex, with local decreases in activation and
connectivity, and increased long range connectivity. This may reflect a shift from diffuse to
focal activation (Casey et al., 2005; Durston et al., 2006), co-occuring with decreases in short
range connectivity and increased long range connectivity over age (Fair et al., 2008).
We made some choices in designing this study that need to be considered in interpreting
the results: First, we used ICA to identify spatial components induced by motion at the
single subject level. Despite removing outliers in global signal at the preprocessing stage, we
identified on average three components related to motion, and three more components that
were highly correlated in time to motion parameters per subject. In children, movement during
a task tends to be related to task events (specifically: button presses). Therefore, the ability
to remove motion at a single subject level, instead of regressing it out at the modeling stage is
advantageous. Furthermore, the ability to identify motion on the basis of its spatial distribution,
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as well as based on its temporal distribution is valuable, as it has the potential to capture
quick scan to scan movement that is often not represented in the movement parameters.
A limitation of this approach is that it may be overly conservative, particularly for the task
condition, considering that motion may co-occur with task responses. Some components may
therefore reflect variation due to both task performance and subject movement.

In sum, we report dissociation between developmental changes in brain networks observed
during task and resting state fMRI. Developmental changes in brain activity during task
fMRI were related to age-related improvements in task performance, but not age, whereas
during rest the same networks showed developmental changes related to age only. These
results underscore that developmental changes in network activity are not independent of
testing conditions, but rather are dependent on the context in which they are assessed.. This
means that, despite reports in adult samples of a relation between task performance and
task network strength in rest, studies of the development of neural networks should not be
confined to resting conditions only.
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Second, our estimation of the predictors ‘age ‘ and ‘task performance’ was driven by
circumstance and could therefore be argued to be suboptimal: the high co-linearity between
age and performance parameters prevented us from separating the effects of individual
task predictors. We chose to residualize age for improvements in task performance, and as
such may have underestimated developmental changes in the brain networks. Although this
approach did permit us to compare the effect of the predictors between both conditions,
the interpretation of the construct ‘age-related improvements in task performance’ is
complicated. Future longitudinal studies into development of functional networks are needed
to investigate differences between individuals in both the rate of developmental change and
the way task performance is attained.
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Supplemental figure 1. Functional ROIs from the fROI atlas (http://findlab.stanford.edu/functional_ROIs.html).
Each of these functional ROIs was used as a template to select functional networks in this study (Shirer et al., 2012)
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Supplemental figure 2. Activity during task (red/pink) and rest (green/blue) in the posterior salience network (a)
primary visual network (b) sensorimotor network (c) and visuospatial network (d). In panel (a) red and blue correspond
to the posterior salience network. In panel (b) red, blue and green correspond to the primary visual network. In panel
(c) red, blue, green and pink correspond to the sensorimotor network. In panel (d) red and blue correspond to the
visuospatial network. Task components are thresholded at T≥μ +4σ, RS components at Z≥2.
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ABSTRACT
Response inhibition involves proactive and reactive modes. Proactive inhibition is goaldirected, triggered by warning cues, and serves to restrain actions. Reactive inhibition is
stimulus-driven, triggered by salient stop-signals, and used to stop actions completely.
Functional MRI studies have identified brain regions that activate during proactive and reactive
inhibition. It remains unclear how these brain regions operate in functional networks, and
whether proactive and reactive inhibition depend on common networks, unique networks, or
a combination. To address this we analyzed a large fMRI dataset (N=65) of a stop-signal task
designed to measure proactive and reactive inhibition, using independent component analysis
(ICA). ICA identifies neural networks based on their temporal coherence, independent of
their spatial organization. It can therefore separate networks that are functionally distinct, yet
overlap in space. We found three frontal networks that were associated with both proactive
and reactive inhibition. A network in the superior parietal lobe, which also included dorsal
premotor cortex and left putamen, was specifically associated with proactive inhibition.
Right-lateralized frontal and fronto-parietal networks and a fronto-temporal network were
uniquely associated with reactive inhibition. These findings reconcile competing views of the
functional organization of proactive and reactive inhibition.
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INTRODUCTION
Inhibitory control is important in daily life. Theoretical frameworks (Aron, 2011; Braver et
al., 2007) propose that inhibitory control is exerted through proactive and reactive modes.
Proactive inhibition is goal-directed, triggered by predictive cues in the environment (a stopahead sign) or internal signals, and is used to restrain actions in preparation for stopping.
Reactive inhibition is stimulus-driven, triggered by salient signals (a stop sign), and used to
stop actions completely.

In the past decade, researchers have begun to investigate the neural underpinnings of proactive
and reactive inhibition using functional MRI (Chikazoe et al., 2009; Jahfari et al., 2010; Swann
et al., 2012; Vink et al., 2005, 2014; Zandbelt and Vink, 2010; Zandbelt et al., 2013a, 2013b, 2011),
contrasting activation on uncertain and certain trials to study proactive inhibition and activation
on stop trials and uncertain or certain go trials to study reactive inhibition. These studies have
shown that proactive and reactive inhibition activate overlapping brain regions in the frontal
lobe, parietal lobe, and basal ganglia, including the inferior frontal gyrus, supplementary motor
complex, angular gyrus, and the striatum, mainly in the right hemisphere (Chikazoe et al., 2009;
Jahfari et al., 2010; Swann et al., 2012; Zandbelt and Vink, 2010). This has led to the widespread
view that proactive and reactive inhibition rely on a common network that puts a brake on
motor output when it is weakly activated and blocks motor output completely when it is strongly
activated (e.g. Aron, 2011). Since proactive inhibition precedes the stop-signal and reactive
inhibition occurs after the stop-signal, another possibility is that proactive and reactive inhibition
activate unique networks that overlap spatially but have distinct temporal profiles. Yet another
possibility is that proactive and reactive inhibition do activate the same core networks, but that
additional networks, uniquely associated with proactive or reactive inhibition, are also engaged.
For example, Aron (2011) predicted that proactive and reactive inhibition rely on a common
network, but that proactive inhibition additionally recruits the DLPFC. The goal of this study
is to investigate whether proactive and reactive inhibition rely on common networks, unique
networks, or a combination of them.

3

Common and unique neural networks

Inhibitory control is often studied using the stop-signal task (Lappin and Eriksen, 1966;
Verbruggen and Logan, 2008) that instructs subjects to respond to go-signals (go trial), but to
withhold a response if a stop-signal happens to follow the go-signal (stop trial). To study proactive
and reactive inhibition, researchers have modified the standard stop-signal task by introducing
cues that indicate the probability of a stop-signal occurring (Bissett and Logan, 2012; Logan et
al., 1986; Verbruggen and Logan, 2009). Some cues indicate that go-signals are never followed
by a stop-signal (certain go-signals), whereas others indicate that go-signals may be followed
by a stop-signal (uncertain go-signals). Proactive inhibition is studied by investigating the effect
of uncertainty on go trial response times. Reactive inhibition is studied by investigating the time
it takes to inhibit an action in reaction to the stop-signal (the stop-signal reaction time, SSRT),
which is estimated from the data using the independent race model (Logan and Cowan, 1984).
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In contrast to previous fMRI studies of proactive and reactive inhibition that have used the
standard general linear model (GLM), we used independent component analysis (ICA), as it
has several advantages over GLM methods. ICA is a model-free method that decomposes
functional imaging data into spatially independent, but temporally coherent brain networks,
each with their own time course (Calhoun and Adali, 2001; Calhoun et al., 2006, 2009, 2002;
McKeown and Sejnowski, 1998). Further, ICA decomposes the brain into multi-voxel functional
networks, which greatly reduces the number of multiple comparisons made and is therefore
more sensitive than GLM analysis, which is performed on each voxel separately (Congdon et
al., 2010; McKeown and Sejnowski, 1998). Moreover, these temporally coherent functional
networks can occur concurrently within the same voxel: one voxel can be involved in multiple
(temporally) different responses. For this reason, ICA can detect activity that might be hidden
in traditional GLM analysis (Beldzik et al., 2013; Xu et al., 2013). This ability to reveal spatially
overlapping networks makes ICA ideally suited to separate activation related to early selection
processes involved in proactive inhibition and late correction processes involved in reactive
inhibition.
We formulated three mutually exclusive hypotheses. First, if proactive and reactive inhibition
rely on common networks, then we should only find task-related networks that activate both
on stop trials and on uncertain go trials. Second, if proactive and reactive inhibition recruit
unique networks, then some networks will activate exclusively on stop trials and others
selectively on uncertain go trials. Third, if proactive and reactive inhibition depend on a
combination of common and unique networks, then we will observe networks that activate
both on stop trials and uncertain go trials and other networks that modulate exclusively on
each of these trials. In additional exploratory analyses, we examined how activation levels
within networks were related to individual differences in proactive and reactive inhibitory
control performance.

METHODS
In this study, we used spatial ICA for fMRI (Calhoun 2009 for review) as implemented in the
GIFT toolbox (Calhoun and Adali, 2001) to analyze a large dataset (N=65, 37 females) that has
previously been analyzed with standard GLM analyses (Zandbelt and Vink, 2010; Zandbelt et al.,
2013b, 2011). We will describe behavioral analysis, image acquisition, and image preprocessing
only briefly; for more details, please refer to Zandbelt and Vink (2010). The University Medical
Center Utrecht ethics committee approved the study. All participants gave written informed
consent according to procedures approved by this committee.
Stop-signal anticipation task
Participants performed the stop-signal anticipation task (Figure 1), a paradigm based on the
stop-signal task (Logan and Cowan, 1984) and Slater-Hammel task (Coxon et al., 2007; SlaterHammel, 1960). In this task subjects are instructed to stop a moving bar as close as possible
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to a horizontal line (the target) by pressing a button on a response device (go trial; Figure 1A).
In some cases however, the bar will stop by itself, in which case a response had to be withheld
(stop trial, Figure 1B). The probability of a stop-signal occurring was varied across five levels
and signaled by the color of the horizontal bar (Figure 1C): 0% (green), 17% (yellow), 20%
(amber), 25% (orange), and 33% (red). Stop trials were dispersed pseudo-randomly between
go trials. Two rest blocks of 24 s each, displaying the background only, were implemented
at one-third and two-thirds of the task, respectively. The stop-signal anticipation task is
described in more detail in Zandbelt & Vink (2010). From hereon go trials in the 0% stop-signal
probability context will be referred to as certain go trials and go trials in the >0% stop-signal
probability context as uncertain go trials.
Image acquisition
While participants performed the stop-signal anticipation task, we collected 622 whole-brain
T2*-weighted EPIs with BOLD contrast and a T1-weighted image on a 3.0 T Philips Achieva
MRI scanner (Philips Medical Systems, Best, the Netherlands) at the University Medical Center
Utrecht. The image acquisition procedure and parameters are described in detail in Zandbelt
& Vink (2010).

3

Common and unique neural networks

Figure 1. Stop-signal anticipation task. Three horizontal lines formed the background displayed continuously
during the task. (A) In each trial, a bar moved at constant speed from the bottom up, reaching the middle line in 800
msec. The main task was to bring the bar to halt as close to the middle line as possible by pressing a button with the
right thumb (i.e., the target RT was 800 msec). These trials are referred to as go trials. (B) In a minority of trials, the
bar stopped moving automatically before reaching the middle line (i.e., the stop-signal), representing a stop-signal
that instructed subjects to withhold the planned response. These trials are referred to as stop trials (N=60). Stop trials
in which a response was successfully inhibited are referred to as successful stop trials, those in which inhibition failed
are referred to as failed stop trials. (C) The probability that a stopsignal would occur was manipulated across trials
and was indicated by the color of the target response line (i.e., cue). There were five stop-signal probability levels: 0%
(green cue), 17% (yellow cue), 20% (amber cue), 25% (orange cue), and 33% (red cue). We grouped go trials into two
classes: certain go trials (0% stop-signal probability, N=234 trials) and uncertain go trials (> 0% stop-signal probability,
N=164). For more details on the stop-signal anticipation task, see Zandbelt and Vink (2010).
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Behavioral Analysis
Behavioral data were analyzed using custom written software in MATLAB 7 (Mathworks Inc.,
Natick, MA, USA). Go trial response time (RT) and accuracy were calculated for each stopsignal probability level separately. Go trials with response times of more than 1.5 times the
interquartile range away from the 25th and 75th percentiles of the response time distribution
of each stop- signal probability level were defined as outliers. Proactive inhibition was
measured in terms of the effect of stop-signal probability on go trial response time (RT). We
expressed this effect in a single-value index, called the stop-signal probability slope, defined
as the linear effect of stop-signal probability on go trial RT (Zandbelt et al., 2013b). Reactive
inhibition was measured in terms of the stop-signal reaction time (SSRT) that was estimated
collapsed across all stop-signal probability conditions using the integration method provided
by the independent race model (Logan et al., 1984).
fMRI Analysis: preprocessing
Image data were preprocessed and analyzed using Statistical Parametric Mapping 5 (SPM5)
software (http://www.fil.ion.ucl.ac.uk/spm/software/spm5/) running in MATLAB 7
(Mathworks Inc., Natick, MA, USA). Preprocessing and first-level statistical analysis was
performed as described previously (Zandbelt and Vink, 2010). Briefly, it involved correction
for slice timing differences (resampling to the middle slice using Fourier interpolation),
realignment for head motion correction (using fourth-degree B-spline interpolation), spatial
normalization to the Montreal Neurological Institute template brain, and spatial smoothing (6mm FWHM Gaussian kernel) to accommodate inter-individual differences in neuroanatomy.
We constructed a general linear model with four regressors coding for the following events:
certain go trials (0% stop-signal probability) uncertain go (>0% stop-signal probability),
successful stop trials, and failed stop trials. Each event was modeled as a delta function coding
for response time (or target response time in case of successful stop trials). Rest blocks
were not modeled and served as an implicit baseline. Delta functions were convolved with a
canonical hemodynamic response function.
fMRI Analysis: independent component analysis (ICA)
ICA consisted of three steps. First, group fMRI data were decomposed into spatially independent
and coherent networks, each with its own time series. Second, we identified networks that
were related to proactive and reactive inhibition. Third, within this set of common task related
networks, we then investigated how inter-individual differences in proactive and reactive
performance were reflected in activation within these components. These steps are described
in detail below.
ICA network identification: Preprocessed time series were decomposed into spatially
independent and temporally coherent networks using the Infomax algorithm (Bell and
Sejnowski, 1995), available in the Group ICA of fMRI toolbox (GIFT, http://icatb.sourceforge.
net, version 2.e) implemented in MATLAB. To get an estimate of reliability, the estimation

44

was repeated 20 times in Icasso (http://cis.hut.fi/projects/ica/icasso) (Himberg et al.,
2004). All components had a cluster quality index greater than .8, indicating a highly stable
ICA decomposition. The average dimensionality of the data was estimated by the modified
minimum description length algorithm criteria (Li et al., 2007) to account for correlated
samples. Time-series were scaled to percent signal change. The resulting networks represent
groups of brain regions that share the same temporal pattern of signal change, across
subjects. To investigate individual differences in the contribution to each component, we used
GICA3 (Calhoun and Adali, 2001; Calhoun et al., 2002; Erhardt et al., 2011) to reconstruct each
individual’s functional networks from the raw data using the ICA mixing matrix . This resulted
in subject-specific time series and spatial maps for each component.

3

Common and unique neural networks

Identification of networks related to proactive and reactive inhibition: A systematic process
was used to select components that were used for further analysis. First, to identify
components that showed a spatial overlap with white matter or cerebrospinal fluid, the spatial
overlap between each component and tissue probability maps (Ashburner and Friston, 2005)
was calculated, using multiple regression. Components that showed a spatial overlap greater
than R 2 ≥ 0.05 with white matter or cerebrospinal fluid were discarded. Second, we selected
task-related networks by identifying components that showed a high degree of synchrony
with the time courses of the individual task events in a regression analysis. More specifically,
for each subject, we regressed the back-reconstructed component time courses onto the
task model. This approach is analogous to standard GLM fMRI, except that component time
courses rather than voxel time courses are used. The task model contained the four task
conditions: expected go, unexpected go, successful stop and failed stop trials. Because we
were specifically interested in networks involved in proactive and reactive inhibition, we then
computed ANOVA contrasts for proactive inhibition (uncertain go > certain go) and reactive
inhibition (successful stop > uncertain go). These contrasts allowed us to identify networks
that were more engaged in uncertain go trials than in certain go trials (proactive inhibition)
and networks that were more engaged in stop trials compared to uncertain go trials (reactive
inhibition). These group-wise associations were independent of task performance at subject
level. The contrasts were tested in a group-level analysis (p ≤0.05, Bonferroni-corrected for
multiple comparisons, at least 12 contiguous voxels). The networks that showed significant
change across both conditions were labeled joint proactive & reactive. This was tested posthoc (p ≤0.05, Bonferroni-corrected for multiple comparisons). Networks were localized
according to anatomical landmarks identified from the mean T1-weighted structural image
with the aid of a human brain atlas (Duvernoy, 1999) and a probabilistic atlas of human brain
structures (Shattuck et al., 2008).
Relation between task performance and within network activation: In an exploratory analysis,
we investigated how inter-individual variation in task performance was related to variation the
recruitment of the task-related networks identified in the previous section. We included the
stop signal probability slope as an index of proactive inhibitory performance and the
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Figure 2. Stop-signal
anticipation
task performance. (A) Group-averaged
cumulative distribution functions of
response times on go trials and failed
stop trials. For each subject and each trial
type, we computed RT quantiles. These
were averaged across subjects to create
group-averaged cumulative distribution
functions. (B) Subject-specific mean
response time as a function of stop-signal
probability. Each data point represents
mean response time for a give stop-signal
probability. Each line represent a linear
regression line through the data from a
subject. The slope of this line, the stopsignal probability slope, reflects the degree
of proactive slowing. Data points and lines
have been color coded according to the
stop-signal probability slope.

stop signal reaction time (SSRT) as an index of reactive inhibitory performance. We used a
multivariate model selection strategy as implemented in the MANCOVAN toolbox in GIFT (Allen
et al., 2012). This analysis is analogous to a standard ANOVA F-test, and performs backwards
model selection by testing whether each predictor (measures of proactive and reactive task
performance) explains variability in the multivariate fMRI results (the selected components),
using a multivariate analysis of covariance. To adjust for correlation between predictors, the
relationship between predictors and their dependents is calculated as the partial correlation
coefficient. Before entering the MANCOVAN, voxels were thresholded by fitting a normalgamma-gamma distribution (NGG) on the distribution of T-statistics for each component.
Voxels were selected on the cutoff t > μ +4σ (Allen et al., 2011) using False Discovery Rate
(FDR, (Genovese et al., 2002).
RESULTS
Proactive and reactive inhibition performance
On certain go trials, response times were close to the target response time of 800 ms (807
± 14 ms, mean ± s.d.), suggesting that subjects performed the response task accurately. On
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uncertain go trials, response times increased as a function of stop-signal probability (Figure
2A, linear contrast on mean response times, (F (1,61) = 36.01, P <0.001), indicating that subjects
slowed down proactively in anticipation of a response.
For the analysis of inter-individual differences in brain-behavior relationships (see below), we
computed single descriptive statistics capturing proactive and reactive inhibition performance.
For proactive inhibition, we computed the stop-signal probability slope (Figure 2B) that was
1.22 ± 0.95 ms per 1% increase in stop-signal probability (mean ± s.d.). For reactive inhibition,
we estimated the stop-signal reaction time (SSRT) that was 326 ± 15 ms (mean ± s.d.).
Neural networks of proactive and reactive inhibition
Spatial ICA identified 38 functionally coherent neural networks across the group (Figure S1).
Four of them showed a significant spatial overlap with white matter, cerebrospinal fluid, or
both and were discarded. Of the remaining networks, seven were significantly associated with
proactive inhibition, reactive inhibition, or both (Figure 3). There were three different patterns
of association between these networks and the task events.

Common and unique neural networks

First, three networks were modulated both during proactive inhibition and reactive inhibition:
a bilateral dorsolateral prefrontal cortex-anterior cingulate cortex (DLPFC/ACC) network, a
bilateral ventrolateral prefrontal cortex-pre-supplementary motor area-inferior parietal lobe
(VLPFC/pre-SMA/IPL) network, and a right VLPFC/IPL network. These networks showed a
stepwise increase in activation from certain go trials to uncertain go trials and from uncertain
go trials to successful stop trials. The bilateral DLPFC-ACC network (component 19, cyan),
consisted of a cluster spanning the left and right middle frontal gyrus (678 voxels, peak: x =
32, y = 52, z = 24), a cluster in the cingulate gyrus (66 voxels, peak: x = 4, y = 24, z = 32), and
two smaller clusters in the left inferior frontal gyrus (13 voxels, peak: x = -52, y = 12, z = -4) and
right inferior frontal gyrus (31 voxels, peak: x = 52, y = 12, z = -4). The bilateral VLPFC/MPFC/
IPL network (component 26, blue) was composed of clusters spanning the left inferior and
middle frontal gyri (446 voxels, peak: x = -44, y = 12, z = 28) and right inferior and middle frontal
gyri (430 voxels, peak: x = 52, y = 20, z = 32), as well as smaller clusters in the superior frontal
gyrus, presumably pre-SMA (33 voxels, peak: x = 4, y = 32, z = 48), left angular gyrus (67
voxels, x = -32, y = -64, z = 36), and right angular gyrus (19 voxels, x = 36, y = -60, z = 44). Finally,
the right VLPFC/IPL network (component 30, purple) included clusters in the right inferior
frontal gyrus (270 voxels, x = 44, y = 48, z = 8) and right supramarginal gyrus (74 voxels, x =
52, y = -40, z = 48). The frontoparietal clusters in this network lie anterior to the frontoparietal
clusters in the VLPFC/MPFC/IPC network.

3

Second, we found a superior parietal lobe (SPL) network (component 18, green) that was
activated exclusively in response to proactive task event. This network was significantly more
active during uncertain go trials compared to certain go trials, but activation did not increase
on successful stop trials. The SPL network consisted of clusters spanning large patches of the
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Figure 3. Neural networks associated with proactive and reactive inhibition in the stop-signal anticipation task. (A) Spatial
maps of seven functionally independent neural networks identified by ICA that were related to proactive inhibition, reactive
inhibition, or both, overlaid on a normalized (Montreal Neurological Institute space) and skull-stripped T1-weighted MRI scan
(neurological orientation, left is left). (B) Group-mean activation levels of the neural networks on certain go trials (goC),
uncertain go trials (goU), and successful stop trials (stopS). Error bars indicate 95% confidence intervals. The color of the bar
graphs corresponds to the color of the neural networks in panel A. (C) Venn diagrams illustrating the overlap between networks
of the three classes (left) and between networks within each of these classes (three rightmost panels). Colors correspond to
the color of the neural networks in panel A. Circle size is proportional to the size of the networks identified. Numbers represent
number of non-overlapping voxels, numbers in parentheses represent number of overlapping voxels. Abbreviations indicate
the brain regions where overlap was found: lAG, left angular gyrus; rAG, right angular gyrus; rIFG, right inferior frontal gyrus;
rMFG, right middle frontal gyrus; rSFG, right superior frontal gyrus; rTPJ, right temporoparietal junction.
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superior parietal gyrus (SPG), extending into the angular gyrus (AG) and superior occipital
gyrus in the left hemisphere (468 voxels, x = 24, y = -68, z = 40) and right hemisphere (317
voxels, x = -24, y = -76, z = 28). Interestingly, at a lower threshold, we also found clusters in the
bilateral dorsal premotor cortex and left putamen (Figure S1).

Brain-behavior relationships
Next, we explored if task performance was predictive of activation within these networks by
relating individual differences in task performance to activation levels in the seven networks
that showed a significant temporal association with proactive and reactive task conditions
(Fig. 3). We found that the amount of proactive slowing (the stop signal probability slope) was
a significant predictor of activity: subjects who slowed down more also showed significantly
greater activation in bilateral superior and middle temporal regions (BA21/22) of the rF/T
reactive inhibition network (Figure 4). Reactive stopping performance (SSRT) was not
predictive of activity within these networks.

3

Common and unique neural networks

Third, we found three networks that were activated on successful stop trials as compared to
go trials: a right dorsolateral prefrontal cortex-inferior parietal lobe (rDLPFC/rIPL) network,
a right frontal-bilateral temporal (rF/T) network, and a right-dominant ventrolateral-preSMA (rVLPFC/pre-SMA) network. These networks responded exclusively on successful
stop trials, whereas activation on certain and uncertain go trials resembled activation during
rest. The rDLPFC/rIPL network (component 20, magenta), consisting of clusters in the right
middle frontal gyrus (cluster 1, 394 voxels, peak: x = 24, y = 20, z = 52; cluster 2: 29 voxels,
peak: x = 16, y = 64, z = 16), the right angular gyrus (278 voxels, peak: x = 48, y = -60, z = 32),
the right precuneus (63 voxels, peak: x = 8, y = -72, z = 44), and the right middle temporal
gyrus (19 voxels, peak: x = 64, y = -36, z = -12). The rF/T network (component 23, red) was
composed of large clusters in the left temporal lobe (797 voxels, peak: x = -52, y = -48, z =
4) and right temporal lobe (897 voxels, peak: x = 56, y = -40, z = 8) and two smaller clusters
in right precentral gyrus (25 voxels, peak: x = 48, y = 0, z = 48) and right middle frontal gyrus
(24 voxels, peak: x = 28, y = 44, z = 28). Finally, the rVLPFC/preSMA network (component 35,
orange) included clusters in the right inferior frontal gyrus (435 voxels, peak: x = 48, y = 28, z
= 0), the right superior frontal gyrus, presumably pre-SMA (97 voxels, peak: x = 8, y = 28, z =
60), as well as smaller clusters in the left inferior frontal gyrus (35 voxels, peak: x = -44, y = 48,
z = 0), the posterior cingulate gyrus (29 voxels, peak: x = 0, y = -36, z = 36), and right middle
temporal gyrus (15 voxels, peak: x = 56, y = -52, z = 8).

DISCUSSION
Using spatial independent component analysis (ICA), we demonstrate that proactive and
reactive inhibition rely on a combination of common and unique networks. We found that
a DLPFC/ACC network, a VLPFC/pre-SMA/IPL network, and a right VLPFC/IPL network
activated both during proactive and reactive inhibition. A SPL network was uniquely
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Figure 4. Proactive control, as measured by the amount of proactive slowing on uncertain go trials (stop signal
probability slope), is related to activity in bilateral superior and middle temporal regions (BA21/22),as shown on the
map (A) and the data extracted from a 5mm sphere in this region (B). Data are p<0.05, FDR corrected.

associated with proactive inhibition. A rDLPFC/rIPL network, a rF/T network, and a rVLPFC/
pre-SMA network were uniquely associated with reactive inhibition. Analyses of brainbehavior relationships revealed that reactive inhibition-related activation in temporal regions
was predicted by the degree of proactive slowing. We go beyond previous GLM-fMRI studies
of inhibitory control [Aron and Poldrack, 2006; Zandbelt and Vink, 2010] by discriminating
networks, mainly in the frontal and parietal lobes, that overlap in space yet have unique
temporal dynamics. We extend ICA fMRI studies of inhibitory control (Congdon et al., 2010;
Huster et al., 2011; Zhang et al., 2011) by distinguishing networks related to proactive and
reactive inhibition and by showing a relationship between proactive control performance and
network activation.
Networks common to proactive and reactive control are centered on the frontal lobe
We found three prefrontal networks that were activated during both proactive and reactive
inhibition, corroborating the long-standing view that integrity of the frontal lobe is critical for
inhibitory control (Bari and Robbins, 2013). Previously, it has been suggested that the whole
neural network for reactive inhibition becomes already activated in anticipation of stopping
[Aron, 2011]. Recently, we have refined this idea [Zandbelt et al. 2013] and here we provide
further nuance to this view. To begin with, we show that the stopping network does not exist.
Like previous ICA studies (Congdon et al., 2010; Huster et al., 2011; Zhang et al., 2011), we find
that response inhibition is supported by multiple networks, some of them contributing to
both proactive and reactive inhibition, others being exclusively associated with one mode.
We additionally demonstrate that the networks subserving response inhibition are mostly
bilaterally organized.
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This contrasts with the view that inhibitory control depends on a strongly right-lateralized
network (Garavan et al., 1999). However, in line with our results, fMRI studies do typically find
inhibition-related activation in both hemispheres (Swick et al., 2011) and evidence from lesion
studies (Aron et al., 2003; Swick et al., 2008) and studies that have linked inter-individual
differences in SSRT with differences in activation (Congdon et al., 2010; Li et al., 2006)
suggests that frontal regions in both the left and right hemisphere are critical for successful
inhibitory control. As we will discuss below, the right hemispheric dominance may be specific
to reactive inhibition and could reflect stimulus-driven attention, whereas the set of bilaterally
organized networks that we found common to proactive and reactive control may be best
characterized by their involvement in conflict resolution, and more general attention control.

Reactive inhibition networks are strongly right lateralized
Three networks composed of frontal, parietal, and temporal lobe regions were found to be
specifically associated with reactive inhibition, and two of them were strongly right lateralized
(rDLPFC/rIPL and rVLPFC/pre-SMA). These networks responded exclusively on successful
stop trials, whereas activation on certain and uncertain go trials resembled activation during
rest. It is noteworthy that these networks overlap with networks common to proactive and
reactive inhibition in frontal and parietal lobe regions and that separating them would have
been impossible with univariate GLM fMRI approaches. The unique features that distinguish
reactive inhibition from proactive inhibition are that attention is stimulus-driven and that
behavior is suppressed completely. We will argue that precisely these features explain the
composition of the networks we found. All these networks included the right temporoparietal
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A proactive inhibition network in the superior parietal lobe
The left and right SPL comprised the only network specifically associated with proactive
inhibition. At a slightly more liberal threshold, this network also included the bilateral dorsal
premotor (PMd) cortex and the left putamen. Previous studies have also implicated these
areas in proactive inhibition (Jahfari et al., 2010; Smittenaar et al., 2013; Vink et al., 2005;
Zandbelt and Vink, 2010; Zandbelt et al., 2013b). We add to this literature by showing that SPL,
PMd, and putamen form a functionally coherent network. Further evidence supporting the
existence of this network comes from neuroanatomical studies showing that these regions
are connected with each other as well as with the primary motor cortex (Jang and Hong,
2012; Rizzolatti et al., 2001; Schmahmann et al., 2007; Yeterian and Pandya, 1993), indicating
that this network is ideally suited to influence motor behavior. Outside the inhibitory control
literature, the SPL and PMd have been implicated in top-down attentional control (Corbetta
and Shulman, 2002), processing of visual information for real-time action control (Goodale
and Milner, 1992; Rizzolatti and Matelli, 2003), and action intention (Andersen and Buneo,
2002). Together, these considerations lead us to propose that the role of SPL, PMd, and
putamen in proactive inhibition is to exert top-down influence over motor preparation based
on stop-signal probability cues. Future studies using perturbation techniques and connectivity
analyses are needed to further test this idea.
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junction and two of them included regions in the inferior and middle frontal cortex of the right
hemisphere. Together, these regions constitute a right-lateralized frontoparietal network
involved in stimulus-driven attentional control (Corbetta and Shulman, 2002; Corbetta et al.,
2008). This network responds to important stimuli (e.g. a stop-signal) that act to reconfigure
task goals (e.g. from going to stopping). Once the task goals have been reconfigured, the
intended action (e.g. a finger movement) needs to be reprogrammed. Action reprogramming
relies on the rVLPFC and pre-SMA (Buch et al., 2010; Mars et al., 2009; Neubert et al., 2010).
Indeed, perturbation of activity in these two areas specifically interferes with reactive
inhibition, leaving proactive inhibition and basic responding unaffected (Chambers et al.,
2006; Chen et al., 2009; Verbruggen et al., 2010; Zandbelt et al., 2013a).
We were surprised to find a component including large swaths of the left and right lateral
temporal cortex that was specifically associated with reactive inhibition, because the temporal
lobe is not considered in theories of inhibitory control (Aron, 2011; Munakata et al., 2011; Wiecki
and Frank, 2013) and meta-analyses of standard stop-signal and go/no-go tasks report
hardly any inhibition-related activation in this area (Swick et al., 2011; Wager et al., 2005). It is
therefore possible that this network is specific to the stop-signal anticipation task, in which
the primary stimulus is a moving bar and the stop-signal is an abrupt cessation of movement.
The lateral temporal network that we found lies just anterior to primary visual motion
processing area MT and covers an area of lateral temporal cortex that is involved in motion
processing (Beauchamp et al., 2002; Chao et al., 1999; Martin, 2007) and evokes strong
responses to moving, non-animate objects (Beauchamp and Martin, 2007; Beauchamp et al.,
2002). This could also explain the brain-behavior relationship we found between the degree
of proactive slowing and activation strength in bilateral temporal clusters. It suggests that the
most cautious subjects (who have the steepest stop-signal probability slopes) may also have
been most responsive to the stop-signal. So, we propose that activation in the temporal lobe
is specific to reactive inhibition in the stop-signal anticipation task, reflecting processing of the
moving bar stopping.
Since the bilateral temporal clusters were specifically activated on stop trials, one would
additionally expect a relationship between SSRT activation in the network, but we did not find
that. We speculate that this is because there was little variation in SSRT between subjects,
as correlations are very sensitive to the spread of values in the sample. This null finding may
also be a consequence of our strict network selection. For example, others have found a
relationship between SSRT and the default-mode network (Congdon et al., 2010), a network
that is not commonly associated with response inhibition and did not meet the selection
criteria in our study either.
Unexpectedly, none of the proactive or reactive networks contained the striatum, despite the
fact that this region has been implicated in inhibitory control. (Jahfari et al., 2011; Vink et al.,
2005; Zandbelt and Vink, 2010) There are two explanations for this. First, networks including
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the striatum failed to reach the strict statistical threshold we set (Figure S1). Second, some
networks containing the striatum were not selectively involved in the proactive or reactive
task condition, but also in the baseline go condition. This is not surprising, given the role of the
striatum in motor execution, as well as response inhibition (Middleton and Strick, 2001).
A potential caveat of the design used in this study is that it does not explicitly separate the
stop-signal probability cue from the go-signal and its associated response (Zandbelt, et al.,
2013). A more general limitation of this and other neuroscience studies of the stop-signal
task is that activation in the reported contrasts may include secondary processes, such as
stimulus-driven attention and conflict resolution. This problem cannot be overcome with
other contrasts. For example, the contrast between successful and unsuccessful stop trials is
sensitive to differences in the speed of the response process and feedback.
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Common and unique neural networks

CONCLUSION
We investigated the functional organization of neural networks involved in proactive (goaldirected) and reactive (stimulus-driven) response inhibition, using independent component
analysis. In addition to a core set of prefrontal-centered networks activated by both inhibition
modes, we have identified a superior parietal lobe network uniquely associated with proactive
inhibition, and several frontoparietal and frontotemporal networks exclusively related to
reactive inhibition. The topographical differences between these networks gives a more finegrained insight in the neural underpinnings of response preparation, execution and control,
offering a new perspective on a long-standing debate on the functional organization of
response inhibition.
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Figure S1. Spatial maps of all 38 functionally independent networks identified with independent component
analysis. Bar graphs show mean activation levels on certain go trials (goC), uncertain go trials (goU), and successful
stop trials (stopS). Error bars indicate 95% confidence intervals. Maps show spatial maps thresholded at T>10.7
Tvalues are based on a random effects analysis of the individually reconstructed spatial maps. Warm colors show
positive t-values, cool colors show negative t-values. Opaque and contoured clusters were statistically significant.
Transparent clusters did not reach statistical significance; the more transparent the cluster the lower the t-value.
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ABSTRACT
ADHD is characterized by increased intra-individual variability in response times during
the performance of cognitive tasks. However, little is known about developmental changes
in intra-individual variability, and how these changes relate to cognitive performance.
Twenty subjects with ADHD aged 7-24 years and 20 age-matched, typically developing
controls participated in an fMRI-scan while they performed a go-no-go task. We fit an exGaussian distribution on the response distribution to objectively separate extremely slow
responses, related to lapses of attention, from variability on fast responses. We assessed
developmental changes in these intra-individual variability measures, and investigated
their relation to no-go performance. Results show that the ex-Gaussian measures
were better predictors of no-go performance than traditional measures of reaction
time. Furthermore, we found between-group differences in the change in ex-Gaussian
parameters with age, and their relation to task performance: subjects with ADHD showed
age-related decreases in their variability on fast responses (sigma), but not in lapses
of attention (tau), whereas control subjects showed a decrease in both measures of
variability. For control subjects, but not subjects with ADHD, this age-related reduction
in variability was predictive of task performance. This group difference was reflected in
neural activation: for typically developing subjects, the age-related decrease in intraindividual variability on fast responses (sigma) predicted activity in the dorsal anterior
cingulate gyrus (dACG), whereas for subjects with ADHD, activity in this region was
related to improved no-go performance with age, but not to intra–individual variability.
These data show that using more sophisticated measures of intra-individual variability
allows the capturing of the dynamics of task performance and associated neural changes
not permitted by more traditional measures.
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INTRODUCTION
ADHD is a common developmental disorder that affects approximately 5% of all children.
An estimated 50% of affected children outgrow the disorder (Lara et al., 2009; Schweren
et al., 2013), suggesting that development itself may be a factor in the etiology of ADHD. It is
becoming increasingly clear that ADHD is heterogeneous, with differences between affected
individuals in cognitive deficits and the underlying neurobiology (Durston et al., 2011; SonugaBarke, 2005a). However, one surprisingly consistent finding is that individuals with ADHD
show more intra-individual variability in the timing of responses during neurocognitive tasks
than controls (Alderson et al., 2007; Castellanos et al., 2005; Klein et al., 2006; Simmonds
et al., 2007; Wodka et al., 2007). Intra-individual variability reflects temporal variation
within an individual’s performance on a cognitive task. This temporal variation is reflected
in the shape of the response time distribution. One approach to understand how betweensubject differences affect intra-individual variability is to explicitly investigate their effect on
parameters that describe the response time distribution.

The shape of the response time distribution is very sensitive to differences between subjects
such as in age and task performance (Heathcote et al., 1991; Schmiedek et al., 2007; Tse et
al., 2010). During childhood and adolescence there is a marked decrease in intra-individual
variability (Li et al., 2009, 2004; MacDonald et al., 2009; Williams et al., 2007, 2005). The rate
at which response variability decreases over age differs between response variability on fast
responses and slow responses (McAuley et al., 2006; Williams et al., 2005). This suggests
that there may be separable neural mechanisms that give rise to variability on fast and slow
responses. This idea is supported by studies that have specifically investigated variability in
slow responses, or attentional lapses, as captured by the ex-Gaussian parameter tau.

4

Capturing the dynamics of response variability

Most often, response time (RT) variability is computed on the basis of the mean and standard
deviations of reaction times across a task, resulting in a single point estimate of variability across
the task. The use of such RT measures assumes that the underlying response distribution is
normal (Gaussian). However recent studies have shown that this assumption does not hold
true in ADHD, due to infrequent extremely slow responses (in the absence of extremely fast
responses) (Buzy et al., 2009; Epstein et al., 2009; Hervey et al., 2006; Leth-Steensen et al.,
2000). These extremely slow responses have been linked to attentional lapses, where the
subject is momentarily distracted from performing the task, and to which individuals with
ADHD may be more prone than controls. By separating extremely slow responses from the
distribution of faster responses in the analyses, one is able to estimate both more accurately.
One way to achieve this is to use the ex-Gaussian distribution model. This distribution is a
convolution of a normal (Gaussian) distribution, with mean mu (μ) and standard deviation
sigma (σ) and an exponential distribution with mean tau (τ). Tau represents the positive skew
in the data, or the variability of slow responses, whereas mu and sigma approach the mean
and standard deviation of the distribution of fast responses.
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Attentional lapses have been linked to interference from the default mode network (DMN), a
subset of regions which show coherent activity, suppression of which appears instrumental
in successful task performance (Christakou et al., 2013; Fassbender et al., 2009; Liddle et al.,
2011; Sonuga-Barke, 2005a; Weissman et al., 2006). Response variability on fast responses
on the other hand, as captured by sigma, has been associated with inefficiencies in neural
processing related to altered neurotransmitter modulation, and decreased white matter
integration between higher order control regions, and as such is tightly linked to betweensubject differences in top down control functions (Bellgrove et al., 2004; Bunce et al., 2007;
MacDonald et al., 2009; Stuss et al., 2003; West et al., 2002).
In this study we set out to investigate the relation between age-related changes in intraindividual variability and performance on a cognitive control task, in subjects with ADHD and
typically developing subjects, aged 7-24 years old. There is evidence that response variability
in ADHD may be related to an increase in attentional lapses, as captured by tau. (Buzy et al.,
2009; Hervey et al., 2006; Leth-Steensen et al., 2000; Vaurio et al., 2009). At the same time,
neuroimaging studies of children with ADHD have suggested that cortical maturation may
be delayed in ADHD, which might result in increased sigma compared to typically developing
children (Castellanos et al., 2002; Seidman et al., 2005; Shaw and Rabin, 2009; Shaw et al.,
2013; Tamnes et al., 2012). Given these findings, we hypothesized that tau and sigma would
both show different developmental trajectories in ADHD. In addition we hypothesized that
in both groups sigma would be stronger predictor of no-go task performance than tau. To
address the neural underpinnings of any developmental changes, we collected fMRI scans
during task performance for all participants.

2. MATERIALS AND METHODS
2.1. Ethics statement
This study was conducted in agreement with the Declaration of Helsinki (Edinburgh
Amendments). It was conducted in accordance to the requirements of ICH Good Clinical
NC (n=20)

ADHD (n=20)

p

Gender (M/F)

14/6

17/3

X 2 (1,40)=0.57; p=0.45

Age (years)

15.1 (5.0) 7-24

15.6 (4.4) 8-23

F(2,37)=0.07; p=0.79

TIQ

116.7 (17.1) 84-152

101.6 (14.9) 75-129

F(1,37)=8.4; p ≤0.006*

Hand preference (R/L/ambidexter)

20/0/0

18/0/2

X 2 (1,40)=0.52; p=0.47

ADHD subtype
(combined/hyperactive/inattentive)

0/0

11/2/7

-

Table 1.
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Subject characteristics for the 40 subjects included in the fMRI analyses.

Practice and the recommendations of the World Health Organization (WHO). The medicalethical review board of the University Medical Centre Utrecht approved the study and its
procedures.

2.3. Go No-go Paradigm
All subjects participated in an fMRI-session during which they performed a parametric go
no-go paradigm, as described previously (Durston et al., 2006, 2003; Durston et al., 2002;
Durston et al., 2002). The instructions were to press a button in response to visually presented
stimuli as quickly as possible, but to avoid responding to a rare non-target. The task consisted
of 5 runs, which lasted 3 min and 56 sec each. Each run contained a total of 57 trials, with
75% go-trials, resulting in a total of 70 no-go trials, including 20 of each type (with 1, 3, or
5 preceding go trials, representing increasing levels of task-difficulty) per subject. Previous
work with this task has shown that subjects with and without ADHD make more errors on
trials that are preceded by more go-trials (Durston et al., 2006, 2003; Durston et al., 2002;
Durston et al., 2002). Foil trials (no-go trials after 2 or 4 go trials) were also included, to prevent
subjects learning the pattern. The order of presentation of the different types of no-go trials
was pseudorandomized. In order to make the task more interesting for children, characters
from the Pokemon cartoon series were used as stimuli. Stimulus duration was 500 ms and
the interstimulus interval was 3500 ms (total trial length 4000 ms). Stimuli were projected
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2.2. Participants
Twenty-two subjects with ADHD aged 7-24 years, and 22 individually age-matched
typically developing controls participated in this study. Participants were recruited through
the Department of Psychiatry at the University Medical Center Utrecht in the Netherlands
(ADHD) and through the local community and schools (controls). Subjects with ADHD were
required to have received a clinical ADHD diagnosis from our department and additionally
to meet DSM-IV criteria for ADHD, as assessed by standardized diagnostic interview (DISCIV) (Shaffer et al., 2000) or MINI (for subjects older than 16) (Sheehan et al., 1998) at the
time of the study. Ten subjects with ADHD met criteria for ADHD combined type, seven for
ADHD inattentive subtype and five for the hyperactive/ impulsive subtype. Three subjects
with ADHD met criteria for ODD. Twelve subjects with ADHD were on stimulant medication;
all discontinued medication for at least 24 hours prior to the scan. No subjects with ADHD
took additional psychoactive medication. Inclusion criteria for control subjects included having
no past or current neurological disorder or psychiatric diagnosis, as confirmed on DISC-IV or
MINI, other than a single phobia. Two control subjects met criteria for single phobia, as did two
subjects with ADHD. Signed informed consent was obtained from adult subjects and from
parents for subjects aged younger than 18 years. Children and adolescents signed for assent.
IQ was assessed for all participants using the Wechsler Intelligence Scale for Children, third
edition (WISC-III, ages 7-15 years) or Wechsler Adult Intelligence Scale, third Edition (WAIS-III,
from age 16 years). All participants had a total IQ score >75. Sample characteristics are listed
in Table 1.
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using a through-projection screen and slide projector. Responses were collected using an MRI
compatible air pressure button box. The fMRI task was followed by the T1 acquisition, which
lasted 10 minutes, during which subjects watched a DVD of their choice.
2.4. Behavioral Data Analysis
Behavioral data were analyzed using the SPSS statistical package (SPSS for Mac, release
19, 2011. Chicago: SPSS inc.). We calculated accuracy on go-trials and accuracy on no-go
trials as the proportion correct responses, both across the whole task and for the different
parametric conditions separately, and mean reaction time (RT) for correct responses on gotrials. The traditional measure of within subject variability, the Intra-individual coefficient of
variation (ICV), was calculated as the standard deviation of the RT on go trials, divided by
the mean RT. We obtained ex-Gaussian parameters (μ, σ and τ) for each subject by fitting
the ex-Gaussian distribution to the RT data from correct go trials with maximum likelihood
estimation, using the Simplex routine (Nelder et al., 1965) implemented in Matlab (https://
github.com/bramzandbelt/exgauss). To check whether the ex-Gaussian fit was successful,
we inspected the ex-Gaussian Probability Density Function (PDF), against the RT distribution
for each individual subject. We used the Mahlanobis distance (D2 ) to identify subjects with
extreme outlier responses on all outcome measures. For each group we calculated the Pearson
correlation between age and all outcome measures. To test for differences between groups in
the relation between age and outcome variables, we ran a regression analysis using a dummy
variable for group: this explicitly tests whether the relationship between response variability
measures and no-go accuracy, as described by the regression slope, differs between groups.
To investigate how groups differed in the relationship between age and task performance we
used stepwise regression to determine the best model for each group separately.
2.5. fMRI Aquisition
Before MRI acquisition all participants aged twelve years or younger participated in a practice
session in a mock MRI-scanner, located in the NICHE lab at the Department of Psychiatry at
the University Medical Centre Utrecht. The purpose of this session was to acquaint children
with the scanner environment, the fMRI paradigm and the researchers present during the
fMRI-scan, in order to reduce potential anxiety (Durston, et al., 2009). Only in the case of a
successful mock-session did participants take part in the actual MRI session.
Data were acquired on a 3.0 T Philips Achieva MR scanner (Philips Medical Systems, Best,
the Netherlands). A total of 595 functional images were acquired during the task (5 runs
of 119 images) with 2D EPI-SENSE (TR=2000ms, TE =35 ms, flip angle=70°, matrix=68x66,
voxelsize 3x 3.5x 3.5, 35 slices, FOV 240x119x240mm). Following the task, a high-resolution
(0.75x0.75x0.8 mm) coronal three-dimensional fast-field echo T1-weighted image was
acquired in order to allow for spatial normalization and visualization (TR=10ms, TE=4.6ms flip
angle=8°, matrix= 304x 299 FOV 24cm. 200 slices, FOV 240x240x116mm).
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2.6. fMRI Image Preprocessing
FMRI-data were preprocessed using SPM5 (Wellcome Dept of Cognitive Neurology, www.
fil.ion.ucl.ac.uk) Preprocessing consisted of the following steps: (1) rigid body correction for
inter-frame head motion within and across runs, unwarping of the images to remove any
residual variance caused by (task-related) movement. Estimated movement parameters
were individually inspected to ensure movement did not exceed 3mm or the size of one
voxel. None of the 40 subjects included in the final analysis had more than 3mm motion. (2)
Co-registration of functional and anatomical images. (3) Segmentation of anatomical scans
into gray and white matter, and (4) normalization of both anatomical and functional scans to
Montreal Neurological Institute (MNI) template, using the segmentation parameters obtained
in step 3. We chose to normalize to one common template across the age range, as studies
have shown that this is a feasible approach for the age range included in this study (Burgund
et al., 2002; Kang et al., 2003). Following normalization, all images were visually inspected to
check normalization had been successful. (6) Spatial smoothing using a 6-mm full-width at
half-maximum Gaussian kernel. For each subject, average scan-scan rotation and translation
from the realignment parameters were calculated to evaluate potential age effects on subject
motion.

ICA analysis consisted of three steps. First, individual and group fMRI data were decomposed
into spatially and temporally independent and coherent networks. Second, we identified
networks that were related to the task. Third, we investigated how inter-individual differences
in response variability were reflected in inter-individual differences in network activation.
These steps are described in detail below.
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2.7.1 fMRI data analysis: Independent Component Analysis (ICA)
In this study we used Independent Component Analysis (ICA) to analyze our data. ICA
decomposes functional imaging data into spatially independent, but temporally coherent
brain networks, each with their own timecourse (Calhoun et al., 2006, 2009, 2002; Mckeown
et al., 1998). ICA has several advantages over GLM methods: 1.) Decomposing the brain into
networks greatly reduces the number of multiple comparisons, and because of this ICA is
more sensitive than GLM analysis which is performed on each voxel separately (Congdon et al.,
2010; McKeown et al., 2003) 2.) The networks identified by ICA can occur concurrently within
the same voxel: one voxel can be involved in multiple (temporally) different responses. For this
reason, ICA can detect activity that might be hidden in traditional GLM analysis (Beldzik et al.,
2013; Xu et al., 2013) (Beldzik et al., 2013; Xu et al., 2013)3.) Lastly, ICA circumvents a common
problem in developmental imaging, which is that group differences in task performance can
affect the estimation of the fMRI results, either through reduced power as a result of fewer
correct trials, or through group differences in the strategy applied to solve a task. Because ICA
is model free, and thus independent of task performance, its results are components that are
present across all subjects.
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2.7.2. ICA network identification
We wanted to minimize the effects of subject motion and other artifacts by using ICA to
identify and remove artifacts from the data. To this end, ICA analysis was run for each subject
individually, before entering the group ICA (GICA). For each subject, components were
estimated using the Infomax algorithm (Bell and Sejnowski, 1995) available in the Group ICA
of fMRI toolbox (GIFT, http://icatb.sourceforge.net, version 2.e) implemented in Matlab. This
estimation was repeated 20 times in Icasso (http://cis.hut.fi/projects/ica/icasso) to get an
estimate of reliability (Himberg et al., 2004). All components had a cluster quality index greater
than .8, indicating a highly stable ICA decomposition. The average dimensionality of the data
was estimated by the modified minimum description length (MDL) algorithm criteria (Li et
al., 2007) to account for correlated samples. This was followed by back reconstruction (GICA
3) where each individual’s functional networks were reconstructed from the raw data using
the ICA mixing matrix, resulting in subject-specific maps and timeseries. Each participant’s
components were then scaled to reflect percent signal change.
At the individual subject level, a systematic process was used to identify components to be
retained for analysis: (1) each spatial map was inspected for the presence of obvious artifacts
(e.g. edges, ventricles, scanner artifacts); (2) the temporal association of each subject’s
components with their movement parameters was used to exclude components reflecting
signal variation due to motion. Components were discarded if the partial correlation between
a component and motion parameters, corrected for correlation with task events, exceeded
p ≦0.001 (corrected for multiple comparisons). All components that were determined to be
artifacts according to these two criteria were removed from the raw data, and modified data
were then written and re-analyzed at group level.
For the group analysis, one group ICA was run on data from all 40 participants, after two
outliers and their individually matched controls were removed. Components were estimated
using the Infomax algorithm, repeated 20 times in Icasso. All components had a cluster quality
index greater than .8, indicating a highly stable ICA decomposition. Subject-specific spatial
maps and temporal components were estimated using GICA3. Time-series were Z-scaled.
The spatial overlap between the back reconstructed components (the spatial maps) and
a priory probability maps as provided in SPM5 was calculated, using multiple regression.
Components that showed a spatial overlap greater than r2 ≥ 0.025 with white matter or CSF
were discarded. Coding for subject status (ADHD vs. controls) was done after the ICA analysis.
2.7.3. Identification of task related networks
We were interested in those components involved in the task. For each subject, we regressed
the back-reconstructed component time courses onto the task model. This approach is
analogous to standard GLM fMRI, except that component time courses rather than voxel time
courses are used. So, the beta values from this regression represent the degree to which the
component was modulated by the task event. Components with a significant beta weight with
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either go or no-go events following a T-test were selected (p ≤ 0.05 Bonferroni corrected). We
then ran an ANOVA on the beta weights to investigate whether any of those components were
more closely related to movement than task events (p ≤ 0.05 Bonferroni corrected). As we
were also interested in Default Mode intrusions (i.e., attentional lapses), we further selected
components that had a spatial overlap greater than R 2≥ 0.025 with two templates for the DMN
(vDMN and dDMN) from a spatial atlas (Shirer et al., 2012).

3. RESULTS
3.1. Traditional measures of task performance
Both groups were equally able to perform the task across all levels of difficulty, as indexed
by their performance: mean accuracy on go-trials was 99% (sd = 0.02) in the control group
and 99% (sd= 0.03) in the ADHD group (t38=.72, p = .44); mean no-go accuracy (proportion
correct) was 88% for control subjects and 84% for subjects with ADHD (t38= .21, p= 0.32).
Response time on go-trials did not differ between groups (mRT; t38= .9,p =0.47; sdRT t38= .8,
p=.98), and neither did within-subject variation (ICV); t38= 1.3, p=.79) (table 2). Groups did not
differ in the effect of age on traditional measures of task performance: for both groups both
RT measures (mean and sd) decreased with age, and no-go accuracy increased. Within the
ADHD group, there were no effects of ADHD subtype on task performance.
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2.7.4. Relation between group membership and activation within networks
We then investigated how between subject differences were related to the recruitment of the
selected networks. To investigate age related differences within each group, both groups were
split into a younger and an older group (median split at 15 years). We included group status
(younger ADHD, older ADHD, younger controls and older controls), ex-Gaussian measures (mu,
sigma and tau), and task performance (no-go accuracy) as predictors, as well the interaction
terms between group and performance measures. We used a multivariate model selection
strategy as implemented in the MANCOVAN toolbox in GIFT (see (Allen et al., 2011). This
analysis is analogous to a standard ANOVA F-test, and performs backwards model selection
by testing whether each predictor (group, measures of task performance) explains variability
in the multivariate fMRI results, using a multivariate analysis of covariance. The multivariate
selection process is important to select covariates that show an overall effect within networks,
but the multivariate output is difficult to interpret. Therefore the toolbox runs a standard
univariate analysis of variance (ANOVA) on the reduced model, to test for specific covariate
effects. During the univariate analysis the relationship between predictors and variables is
calculated as the partial correlation coefficient, adjusted for correlation between predictors.
Outcome measures are spatial maps (SMs), indicating activity within components that is thus
uniquely related to predictors. Before entering the MANCOVAN, voxels were thresholded by
fitting a normal-gamma-gamma distribution (NGG) on the distribution of T-statistics for
each component. Voxels were selected on the cutoff t > μ +4σ (Allen et al., 2011) using False
Discovery Rate (FDR, (Genovese et al., 2002).
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NC (n=20)

ADHD (n=20)

p

mean RT go trials (ms)

616.5 (77.1) 458- 764

632.4 (66.7) 455-743

0.47

sd RT trials (ms)

139.1 (59) 72.3-328.6

139.6 (74.2) 74.3-336.4

0.98

accuracy nogo trials

0.88 (0.1) 0.6-1

0.84 (0.12) 0.46-1

0.32

accuracy nogo 1/3/5 trials

.88(.1)/.88 (.14)/86 (.1)

.9 (.12)/.82 (.15)/.82 (.15)

0.83/0.12/0.28

accuracy go trials

0.99 (0.02) 0.94-1

0.99 (0.03) 0.9-1

0.44

ICV

0.23 (0.08) 0.1- 0.5

0.22 (0.1) 0.1- 0.6

0.79

mu

504.8 ( (57) 376- 599

527 (53) 397-595

0.21

sigma

67.2 (17.8) 35-110

62.7 (13.4) 43-94

0.38

tau

101.9 (41.7) 47- 198

100.6 (38.9) 57-214

0.92

Table 2.

Task performance for the 40 subjects included in the fMRI analyses.

predictors in
control group

p value

R2

predictors in
ADHD group

p value

R2

no-go 1

sigma

F 19(9.5) p<0.006

0.35

mu

F19(5.9) p<0.025

0.25

no-go 3

-

n.s.

-

n.s.

no-go 5

sigma and tau

F 19(-8.5) p<0.003

0.5

age

F 19(6) p<0.025

no-go overall

sigma

F 19(11) p<0.005

0.37

-

n.s.

0.25

Table 3. Results of stepwise regression, using backwards selection to select the variables with best predictive
value for no-go performance for each group. (Criterion F-probability >=.1) results are given for each no-go
condition (no-go 1/3/5: no-go trials preceded by 1.3 or 5 go trials respectively) separately from the total, since the
occurrence of extremely slow responses captured by tau is influenced by the number of preceding trials.

Figure 1. Groups differ in the relationship between no-go accuracy and response times. This difference is better
described by the ex- Gaussian parameters mu, sigma and tau that describe the response time distribution, than the standard
RT model, as shown in panel A, which shows explained variance (R 2) for each set of predictors. Panel B shows the Pearson
correlation between RT measures and no-go accuracy separately for each group.
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3.2 Ex-Gaussian measures of task performance
Overall, the ex-Gaussian measures of task performance did not differ between groups (mu
t38= 1.3, p=.21; sigma t38=.9, p=.38; tau, t38= .1, p=.92). However, there was a between-group
difference in the relationship these measures had with age: for controls, both the variability
related to extremely slow responses (tau) and variability on fast responses (sigma) decreased
with age (r=-.45; p<0.05, and r=-.55; p<0.01 respectively). For subjects with ADHD, tau was not
related to age, but mu (mean response time) and sigma decreased with age (r=-.58; p<0.01
and r=.5; p< 0.03 respectively) (table S1).
From the stepwise regression, the single best predictor of no-go performance for controls
was sigma (F19 (11) p<0.005). As such, controls with lower variability in reaction time on faster
responses had better no-go performance. For subjects with ADHD, there was no predictor
for overall no-go performance. The best predictor of performance on easier no-go trials
(following one go-trial) was average response time (mu), where higher average response
time predicted better performance on no-go trials. Age best predicted performance on more
difficult no-go trials (following 5 go-trials) for subjects with ADHD (table 3).
Importantly, in both groups the ex-Gaussian parameters were a much better predictor of nogo performance than the mean and standard deviation of the reaction times, as was reflected
by the explained variance (R 2 = .1 vs. R 2 = .43 respectively for NC; R 2 = .18 vs. R 2 = .28 for the
ADHD group; see figure 1).

Over the whole group, 34 components were estimated. Ten components showed a significant
spatial overlap with white matter or CSF and were discarded. Eight components had a
significant relation (beta value) with go or no-go events in the temporal regression, indicating
that their time-courses showed high synchrony with the task events. Of those components,
one was more closely related to the movement parameters than the task events (ANOVA) and
was therefore excluded. One component was added as it had a significant spatial correlation
with the DMN template, resulting in a set of eight components that were carried forward to the
MANCOVA analysis. Figure 2 shows an overview of all selected components.
3.3.2. Between-subject task performance and network activity
In line with the behavioral results, group status by itself (when age was not considered) did not
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3.3.1 Selection of networks
For individual subjects, an average of 36 components were estimated with ICA. On average,
eight components were excluded following inspection for artifacts (e.g. edges, ventricles,
scanner artifacts). These cleaned data were the basis for the group ICA. Translation and
rotation parameters did not differ between groups (translation T38(.2) p>.86, rotation
(T38=.13) P>.9) and were not affected by age (translation r= .19, p=>0.24; rotation r= .11, p=>
0.5), suggesting that motion correction did not introduce any artificial age effects.
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Figure 2.

T-maps of the ICA components entered in the MANCOVAN analysis. Thresholded at T>6 (red) and T<-6 (green).

Figure 3. Activity related to sigma and task performance on the no-go 5 condition with increasing age in control subjects
(panel 1) and ADHD subjects (panel 2). panel 1: increased activation in the dACG with decreasing sigma over age in the control
group, p<0.05 (FDR corrected). Panel 2: results for the ADHD group, showing activation related to improved no-go 5 task
accuracy over age p<0.05 (FDR corrected).
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predict activity within the selected networks. Between-subject differences in no-go accuracy,
ex-Gaussian measures or standard RT measures did not predict activation within the selected
networks, nor did the interaction between group and these task measures.
However, groups differed in activation related to the effect of age on task performance: for
the control group, a decrease in sigma with age, reflecting lower response variability on fast
responses in older participants, was related to increased activity in dorsal ACG. In ADHD,
increased activity in this same region was related to a decrease in the accuracy on no-go trials,
but not to sigma (Figure 3). Figure 4 shows the changes in neural activity in this region of
dACG related to sigma for both groups. Tau was not related to changes in neural activity within
or between groups.
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Figure 4. dACG region is uniquely sensitive to developmental changes in variability on quick responses (sigma) in the
control group, but not in subjects with ADHD: the plot shows Spearman’s correlations between sigma and signal intensity
in the dACG region for younger subjects (age 7-15 years) and older subjects (15-24 years), for both control subjects and
subjects with ADHD. The graph hows data from a 5mm sphere at (0,20,29) within the significant cluster visible in top panel.
For the purposes of visualization, correlation values are absolute.
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4. DISCUSSION
In this study we investigated ex-Gaussian measures of response variability, representing both
on-task performance variability (sigma) and attentional lapses (tau). We set out to study
developmental differences in these measures and their relationship to task performance
between subjects with ADHD and typically developing subjects. We found that the ex-Gaussian
measures of intra-individual response variability were better predictors of task performance
than standard RT measures: the proportion of variance explained by these measures was
two to four times as great as the proportion explained by traditional measures. Furthermore,
variability on fast responses was differentially related to task performance and activity in the
dorsal anterior cingulate gyrus in each group.
The ex-Gaussian parameters of intra-individual variability were able to capture a developmental
difference between the ADHD group and the control group that was not reflected in the
more traditional measures (mean and sd). Moreover, these developmental differences
were differentially related to task performance in each group: the control group showed a
steady decrease in response variability (both sigma and tau) with age, which predicted no-go
accuracy. The ADHD group, on the other hand, showed a reduction in the variability of quick
responses (sigma) over age, but not of attentional lapses (tau), and neither of these measures
was predictive of no-go accuracy.
In this study, subjects were individually matched for age, and there were no between-group
differences in task performance or response variability. Therefore, this result suggests that
within each group, for subjects of similar age, successful task performance may be mediated
through different processes. We investigated the neural underpinnings of these differences
using fMRI: we divided the groups into two age groups (based on a median split at 15 years).
Results showed that the difference in interaction between sigma and task performance
within each group was related to a differential pattern of activation in dorsal anterior cingulate
gyrus (dACG): for younger subjects, there was no difference between subjects with ADHD
and controls in the relationship between activity in this region and sigma. However, for older
subjects, there was a clear difference: older control subjects had increased dACG activity,
related to the reduction in response variability (sigma), whereas older subjects with ADHD
showed no such relationship.Therefore, these results suggest is that, in typically developing
subjects, and specifically in the adolescents (15-24 years old), improved cognitive control with
age is linked to both a reduction of response variability, and active involvement of the dorsal
ACG. In the ADHD group, a similar improvement in task performance with age seems to also be
related to greater activity in dorsal ACG, but this does not appear to be related to a reduction
in response variability.
These findings are consistent with previous work on the role of the dACG in cognitive
control, and the development of cognitive control in ADHD: The dACG is a region consistently
implicated in cognitive control (Curtis, 2006; Dosenbach et al., 2008; Garavan et al., 2002;
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Milham and Banich, 2005; Posner and Petersen, 1990; Wager and Smith, 2003; Weissman et
al., 2006), and is relatively late to mature compared to other brain regions, with a protracted
development continuing into early adulthood (Davidson et al., 2006; Ridderinkhof and Van Der
Molen, 1997; Rueda et al., 2005, 2004). ADHD has been linked to problems in cognitive control
related to anterior cingulate function (for overview see (Bush, 2011)). Our data suggest that in
control subjects, a developmental decrease in response variability on fast responses may be
related to increased efficiency in dACG functioning. The relatively higher levels of response
variability in ADHD may then represent functional inefficiency or immaturity of this region.

This study used Independent Component Analysis (ICA) to investigate neural networks
involved in cognitive control, as opposed to the General Linear model (GLM) which is the
most predominant method in the analysis of fMRI data. ICA has many advantages over the
GLM, but an important advantage in the light of this study is that performance differences
between subjects do not affect the estimation of independent components, whereas in the
GLM, task performance (the number of successful trials) directly affects the power of the
estimated effects. In GLM analyses, activation differences may therefore equally reflect this
difference in power, rather than a true difference in activation. The networks resulting from
ICA in this study, which were the basis of the between subjects analysis (MANCOVAN), were
present across both groups and unaffected by performance. We believe that ICA is a good
method to use in developmental imaging studies, where between-subject differences in both
performance and neural activation are considerable.

4

Capturing the dynamics of response variability

We hypothesized that we would find developmental differences between subjects with ADHD
and controls in terms of attentional lapses (tau). Attentional lapses (reflected by tau) were
present in both groups; however, they persisted over age in ADHD, whereas the number of
attentional lapses decreased with age for typically developing controls. Increased numbers
of attentional lapses have been suggested as a marker for ADHD, in in keeping with the idea
of increased numbers of DMN intrusions in this disorder (Sonuga-Barke, 2005b). This study
shows that a difference in the number of attentional lapses (tau) between diagnostic groups
may depend on two factors: First, the age of the sample being tested, and second, on task
difficulty. The results suggest that the age-related difference between groups in the effect
of attentional lapses on task performance was potentially mediated by task difficulty: in the
control group, but not the ADHD group, a reduction of the number of attentional lapses over
age was a predictor for task performance, but only in the difficult (nogo 5) condition. Tentative
support for the notion of age-dependent differences comes from Leth-Steensen and
colleagues (2000). They compared children with ADHD to two typically developing control
groups, one younger group (average age 7 years) and one age matched control group (913 years). They found a difference in tau when comparing the age-matched groups, but no
difference in tau between subjects with ADHD and the younger controls. This suggests that
increased tau in ADHD may in fact reflect a developmental delay, in keeping with our result
(Leth-Steensen et al., 2000).
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Pearson correlation with age for
controls (n=20)

Pearson correlation with age for
ADHD (n=20)

mRT go trials

-.54 (p<.01)*

-.59 (p<0.004)*

sdRT go trials

-.47 (p<.03)*

-.26 (p<.28)

ICV

-.46 (p<.04)*

-.15 (p<.52)

mu

-0.25 (p<.29)

-.58 (p<0.007)*

sigma

-.45 (p<0.047)*

-.5 (p<0.025)*

tau

-.55 (p<0.013)*

-.14 (p<.56)

accuracy no-go total

.23 (p<.34)

.25 (p<.28)

accuracy no-go 1

.2 (p<.41)

-.22 (p<.36)

accuracy no-go 3

-.05 (p<.85)

-.17 (p<.47)

accuracy no-go 5

.53 (p<.016)*

.5 (p<.025)*

Table S1. Correlations between age and task performance for subjects with ADHD and controls. Significant
correlations (P<0.05) are indicated with an asterisk (*).

Figure S1. When age is operationalized as a continuous variable, we found widespread posterior decreases in activity
with age, p<0.01 uncorrected. Yellow: controls> ADHD group; blue: decreases with age; red increases with age. This analysis
yielded no interactive effects between group and age.
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There are some methodological choices that should be taken into account when interpreting
our results. First, the ex-Gaussian parameters represent one of many ways to describe the RT
distribution. We chose to use ex–Gaussian parameters over formal models of RT distribution, in
order to directly show the difference with standard mean-centered RT measures, as the sum
of the ex-Gaussian parameters approaches the mean centered distribution. However, there
may be other sets of parameters that can capture developmental differences between groups
(Matzke and Wagenmakers, 2009). As such, findings of this study should be validated using other
theoretical accounts of the response time distribution (for overview, see (Van Zandt, 2000)).
Second is the issue of multi-colinearity, which is always problematic in investigating the
development of functions with shared neural underpinnings. Our regression model relied on
the process of backwards elimination and was linear, and as such not sensitive to changing
values of predictors due to multi-colinearity.A third and final consideration is that the majority
of our ADHD subjects were treated with methylphenidate. They discontinued medication for a
minimum of 24 hours before participating. However, the long-term effects of methylphenidate
on neural development are not clear (Schweren et al., 2013).

ACKNOWLEDGEMENTS: The authors would like to thank all participants and their parents
for their time and effort. This work was supported by Dutch Science Foundation (NWO) VIDI
016.076.384 and VICI 016.115.602 to Sarah Durston.
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CONCLUSION
In this study, we investigated developmental changes in response variability in subjects
with ADHD and typically developing subjects, using parameters from the ex-Gaussian
distribution. This permitted us to separate attentional lapses from intra-individual variability
on fast responses. Results showed that ex-Gaussian measures were better predictors of
developmental improvements in task performance than traditional measures of reaction
time. Furthermore, they were differentially related to task performance and activity in dACG
in each group: in typically developing adolescents, improved task performance with age was
related to reduced response variability on fast responses, and increasing recruitment of dACG.
For ADHD, a similar improvement in task performance with age was related to recruitment of
dACG, but not with reduced response variability.
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ABSTRACT
Background: Intra-individual variability reflects temporal variation within an individual’s
performance on a cognitive task. Children with developmental disorders, such as ADHD
and ASD show increased levels of intra-individual variability. In typical development, intraindividual variability decreases sharply between the ages 6 and 20. The tight link between
intra-individual variability and age has led to the suggestion that it may be marker of neural
development. As there is accumulating evidence that ADHD and ASD are characterized by
atypical neurodevelopmental trajectories, we set out to explore developmental changes in
intra-individual variability in subjects with ADHD and ASD.
Methods: We used propensity score matching to match children with ADHD, ASD and control
subjects (N=405) for age, IQ and gender. We used ex-Gaussian distribution parameters to
characterise intra-individual variability on fast responses (sigma) and slow responses (tau).
Results: Results showed that there was a similar decrease in mean response times with age
across groups, and an interaction between age and group for measures of variability, where
there was a much lower rate of change in the variability parameters (sigma and tau) for
subjects with ASD compared to the other two groups. Subjects with ADHD had higher intraindividual variability, reflected by both sigma and tau, but the rate of decrease in variability
with age was similar to that of the controls.
Conclusion: These results suggest that subjects with ADHD, ASD and controls differ in the
rate at which intra-individual variability decreases during development, and support the
idea that intra-individual variability may be a marker of neural development, mimicking the
neurodevelopmental changes in these disorders.
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1. INTRODUCTION
In Intra-individual variability is the temporal variability in a subject’s performance on a cognitive
task. In typically developing children, intra-individual variability decreases sharply between
the ages of 6 and 20 years (Li et al., 2009, 2004; MacDonald et al., 2009b; Williams et al., 2007,
2005). This developmental decrease in intra-individual variability has been linked to increases
in white matter integrity during the same period, and is independent of developmental
changes in mean response times (Tamnes et al., 2012). In fact, Tamnes and colleagues found
that the relation between intra-individual variability and age was independent of and stronger
than the relation between mean response times and age, suggesting that it may be a more
sensitive marker of neural development.
High intra-individual variability is associated with ADHD, and has even been suggested to be
a hallmark feature of the disorder (Alderson et al., 2007; Castellanos et al., 2005; Klein et
al., 2006; Lijffijt et al., 2005; Vaurio et al., 2009). Recent work has shown that ASD is also
characterized by increased intra-individual variability (Christ et al., 2007; Geurts et al., 2009;
Raymaekers et al., 2004). Yet, direct comparisons of intra-individual variability between
subjects with ADHD and ASD have yielded inconsistent results: some studies found increased
intra-individual variability in both groups (Nydén et al., 2010), some studies only in ADHD
(Johnson et al., 2007) or only in ASD (Geurts et al., 2008), and others only in ADHD and ASD
with co-morbid ADHD (Adamo et al., 2014). As yet, there have been no studies investigating
developmental changes in intra-individual variability in ADHD or ASD. Both are developmental
disorders and are characterized by changes in neural development. However, the pattern of
developmental change is different for both disorders: ADHD appears to be associated with a
delay, rather than a change, in neural development, whereas ASD has been associated with
early brain overgrowth, followed by a low rate of change later in development (Shaw et al.,
2010). Thus, high intra-individual variability in subjects with ADHD and ASD may reflect the
atypical neural development that characterizes both groups.

To address these hypotheses, we investigated intra-individual variability in a large cross
sectional sample of subjects aged between 6 and 19 years. We took two key steps to ensure
that any pre-existing differences between the groups did not affect the outcome: (1) we used
propensity score matching to match the three groups for age, IQ and gender. This type of
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In this study we aimed to (1) explore the developmental changes in intra-individual variability
in a cross sectional sample of children with ADHD, ASD and typically developing children,
and (2) test whether the relationship between age and intra-individual variability differed
between these groups. We hypothesised that both children with ADHD and children with ASD
would show increased variability compared to controls. Furthermore, we hypothesized that
for controls there would be a significant decrease in variability with age. Given the scarcity of
studies investigating developmental changes in variability measures in ADHD and ASD, we did
not have a specific developmental prediction for these groups.
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matching is based on a propensity score, which reflects the effect of a relevant covariate
within a group. The aim of propensity score matching is to balance covariates between groups,
to recreate the situation that would be expected in a randomised experiment (Rosenbaum
and Rubin, 1983; Rubin, 1997; Stürmer et al., 2006, 2007). Balancing covariates that may
differ between groups is necessary as it ensures that they cannot bias the estimation of group
effects, even if it they are related to the factor of interest. In this study, we wanted to estimate
the effect of diagnosis on intra-individual variability as precisely as possible. Age, IQ and
gender have all been shown to affect intra-individual variability (Lenroot et al., 2007; Li et al.,
2004; Shaw et al., 2006). Furthermore, there is evidence that their effect on intra-individual
variability differs between groups (controls vs. ADHD and ASD) (Kuntsi et al., 2004; Zeeuw et
al., 2012). Therefore, we matched subjects between groups on their propensity scores for age,
IQ and gender. This resulted in a sample with thee groups of equal size, which were matched
exactly for these three variables.
(2) We used ex-Gaussian parameters to characterise intra-individual variability. The exGaussian distribution is a convolution of a normal (Gaussian) distribution, with mean mu
(μ) and standard deviation sigma (σ) and an exponential distribution with mean tau (τ). The
advantages of the ex-Gaussian response distribution are twofold: (1) by separating infrequent,
extremely slow responses (captured by tau) from the distribution of faster responses
(captured by mu and sigma) in the analyses, both can be estimated more accurately; (2) there
is a large number of studies suggesting that children with ADHD and ASD show more extremely
slow responses, compared to typically developing children. These infrequent, extremely slow
responses are uniquely captured by tau (Buzy et al., 2009; Geurts et al., 2008; Hervey et al.,
2006; Leth-Steensen et al., 2000). Moreover, there have been some studies suggesting that
variability on fast responses (sigma) and slow responses (tau) follow different development
trajectories (McAuley et al., 2006; Williams et al., 2007, 2005).

2. METHODS
2.1. Participants
Participants were 590 subjects of ongoing studies at the NICHE lab, University Medical Centre
Utrecht (UMCU) between May 2007 and November 2013. The medical-ethical review board
of the University Medical Centre Utrecht approved all studies and their procedures. Below we
will describe sample characteristics after matching (for matching procedure see 2.3.). After
matching, the sample included 93 subjects with ADHD, 98 subjects with ASD and 74 controls.
Subjects with ADHD were recruited through the Department of Psychiatry at the University
Medical Centre Utrecht in the Netherlands and through advertising. They were required to
have received a clinical ADHD diagnosis from our department and additionally to meet DSM-IV
criteria for ADHD, as assessed by standardised diagnostic interview (DISC-IV) (Shaffer et al.,
2000) or MINI (for subjects older than 16) (Sheehan et al., 1998).
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63 Subjects with ADHD met criteria for ADHD combined type, 24 for ADHD inattentive subtype
and 6 for the hyperactive/ impulsive subtype. 14 Children with ADHD met criteria for ODD,
none for CD. Subjects with ASD were recruited through the Department of Psychiatry at
the University Medical Centre Utrecht in the Netherlands, the National Autism Society in the
Netherlands, and through advertising. Diagnoses of ASD (according to DSM-IV) were made by
a child and adolescent psychiatrist from our department and was confirmed by trained and
qualified clinicians using the Autism Diagnostic Interview-Revised (ADI-R) (Lord et al., 1994).
Control subjects were recruited through local schools. Inclusion criteria for control subjects
included having no past or current neurological disorder or psychiatric diagnosis, as confirmed
on DISC-IV or MINI, with the exception of single phobia. For all subjects, signed informed
consent was obtained. Adult subjects signed for their own consent and both parents signed
for subjects aged younger than 18 years. Children and adolescents signed for assent. IQ was
assessed for all participants using the Wechsler Intelligence Scale for Children, third edition
(WISC-III, ages 7-15 years) or Wechsler Adult Intelligence Scale, third edition (WAIS-III, from
age 16 years). All participants had a total IQ score >75. All subjects using stimulant medication
discontinued medication for at least 24 hours before the visit. Sample characteristics are listed
in Table 1.

2.3. Propensity score matching procedure
Propensity score matching (Rosenbaum and Rubin, 1983) is a technique for removing
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2.2. Experimental design
Subjects were asked to perform a variation of a go/no-go task where the timing of events
was manipulated (Davidson et al., 2004; Durston et al., 2007; Mulder et al., 2008). The task
was presented in the context of a computer game, where subjects were asked to help feed a
hungry little mouse as much cheese as possible. The target stimulus was a cartoon drawing
of a piece of cheese, whereas the unexpected stimulus was a cartoon drawing of a cat. During
the inter-stimulus interval, a mouse hole remained on the screen, briefly opening to reveal
one of the experimental stimuli in a continuous stream of trials. The task involved four blocks
of 72 trials (288 trials total). On the majority of trials (67% of 288= 193 trials), the target
stimulus (cheese) was presented at the expected time (every 4 seconds). On the remainder
of the trials (33% of 288 = 96 trials), unpredictable trials (24 of each type) were presented:
an unexpected stimulus at the expected time (cat at 4 seconds; temporally predictable no-go
trial); an expected target stimulus at an unexpected time (cheese at 2 seconds; temporally
unpredictable go-trial); and an unexpected stimulus at the unexpected time (cat at 2 seconds;
temporally unpredictable no-go trial). A fourth unpredictable trial type, in which no stimulus
was presented at the predictable time (a non-trial) was also included to help prevent subjects
learning any pattern other than that of the predictable go trials. Trial types were mixed
pseudorandomly in equal numbers throughout each block. The stimuli were presented for
500 milliseconds, with an inter-stimulus interval of either 1500 or 3500 milliseconds. For the
purposes of this study, only response times to predictable target trials were included.
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matched groups

TD
(n=135; unique n=74)

ADHD
ASD
Difference
(n=135; unique n=93) (n=135; unique n=98)

sexe (M/F)

62/12

79/14

84/14

p=0.94

age

12.22 (6.56-18.68)

12.3 (6.64-19.35)

12.31 (6.87-19.17)

p=0.44

TIQ

105.5 (78-141)

106.73 (80-136)

107.39 (77-137)

p=0.86

handedness (R/L/A)

63/9/2

78/12/3

87/7/4

p=0.36

DISC IV inattentive

-

24

-

ADHD>TD, ASD***

DISC IV hyperactive

-

6

-

ADHD>TD, ASD***

DISC IV mixed

-

63

-

ADHD>TD, ASD***

DISC IV ODD

1

14

0

ADHD>TD, ASD***

mu (ms)

339.76 (246.1-481.1)

339.49 (268.32-515.91)

336.16 (250.07-437.32) p=0.83

sigma (ms)

46.58 (16.37-104.68)

56.548 (20.013-131.62)

46.28 (12.91-163.82)

ADHD>NC *
ADHD>ASD **

tau (ms)

82.24 (41.01-231.55)

102.11 (37.65-207.47)

91.91 (23.72-200.49)

ADHD>ASD **

mRT (ms)

422 (299.51-656.20)

441.59 (338.20-664.89)

428.07 (308.42-602.11)

p=0.11

sdRT (ms)

98.52 (53.37-272.69)

126.34 (47.16-243.46)

108.89 (37.83-232.37)

ADHD>TD, ASD***

expected GO accuracy

.94 (.73-1)

.94 (.8-1)

.95 (.78-1)

p=0.15

Table 1.
Group descriptives and task performance for the matched groups, after outlier removal. Only unique
subjects within each group are included. Differences in group characteristics are Bonferroni corrected; group
differences in task performance are tested with Turkey HSD. (*) 0.05, (**) 0.01, (***) 0.001.

confounding bias in non-randomised studies (Austin, 2008; Caliendo and Kopeinig, 2008;
Thoemmes and Kim, 2011; Thornberry et al., 2010). A subject’s propensity score reflects the
conditional probability that a subject belongs to a classifying (e.g., diagnostic) group, given
the vector of the co-variants. The result of the matching procedure, where subjects are
matched on propensity score, is groups of equal size that are balanced for covariates that
would otherwise be confounding. We balanced our groups for subject age, IQ and gender, as all
of these could be of influence on inter-individual variability.
Propensity score matching was implemented by using the Trimatch package in R (Bryer, 2013;
http://cran.r-project.org/web/packages/TriMatch/index.html). We used the ‘maximum
treat’ method to select triplets of subjects with matching propensity score. This method
makes minimal use of each subject in order to match subjects. The matching procedure
resulted in a group of 414 subjects (138/138/138; original group 252/176/162 control/ADHD/
ASD subjects), balanced for age, IQ and gender. The matched groups had 75/96/99 unique
subjects in the control/ADHD/ASD groups respectively; to achieve a match, the procedure
can include some subjects more than once. Figure 1 shows the effects of age, IQ and gender
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before and after matching, Figure S1 shows the age distribution within each of the matched
groups.
2.4. Data processing
All outcome measures were analysed in R (http://www.r-project.org/). Outcome measures
consisted of accuracy, mean reaction times (mRT) and the standard deviation of the reaction
times (sdRT) on predictable target trials. The ex-Gaussian parameters were computed only
for the correct predictable target trails. We obtained ex-Gaussian parameters (μ, σand τ) for
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Figure 1. The benefit of propensity score matching. This figure shows the standardized effect size of the covariates IQ
(TIQ), gender and age before and after propensity score matching: the red lines indicate the effects before matching, the
blue line after. Model 1 compares subjects with ADHD to controls, model 2 compares subjects with ADHD to subjects with
ASD, and model 3 compares subjects with ASD to controls.
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each subject by fitting the ex-Gaussian distribution to the RT data with maximum likelihood
estimation, using the Simplex routine (Nelder, Mead, Nelder, & Meadf, 1965) implemented in
Matlab (Zandbelt, 2014). To check whether the ex-Gaussian fit was successful, we inspected
the ex-Gaussian Probability Density Function (PDF), against the RT distribution for each
individual subject. We used the Mahlanobis distance (D2 ) to identify subjects with extreme
outlier responses on predictable target trails and predictable no-go trials, as well as outlier
responses on age, and the ex-Gaussian parameters mu, sigma and tau. Outliers were defined
as subjects with a PMahlanobis ≤ 0.001.
2.5. Model selection
Our aim was to investigate whether developmental changes in intra-individual variability
differed between the three diagnostic groups. Given the non-linear nature of brain
development, we started by testing four different models of age-related changes in intraindividual variability; linear, second order polynomial (quadratic), third-order polynomial and
an exponential function. We used hierarchical regression to test, across all subjects, which
model best fitted age-related changes in the dependent variables (i.e., mu, sigma, tau).
The parameters describing how well each model fit are provided in table 2; these include
the significance of each individual model (p (F)), the Akaike Information Criterion (AIC)
value, R 2 values, and the residual standard error (Res SE). We selected the model with the
lowest AIC value for each variable. After establishing which growth curve best fit for each
variable, we tested whether including group, or the interaction term of group and age in the
model improved the fit (table 2). This procedure is similar to ones used in other studies of
developmental changes (Kail and Ferrer, 2007; Ordaz et al., 2013).

3. RESULTS
3.1. Between group differences in task performance
The matching procedure was successful in reducing the effect of covariates. This is shown
in Figure 1, where the effects of covariates are shown before and after propensity score
matching. Age, gender and IQ did not differ between the groups after matching (age: F
(2,263)=0.59 p<0.44; gender: χ2 (2,265)=.12 p=.94; IQ: F (2,263)=.03 p<0.86, all measured
over unique subjects only). Groups did not differ in hand preference χ2 (4,265)=8.8 p=.36.
To allow for precise matching some subjects were included more than once. The maximum
number of repeats was 6. Groups differed in the number of repeats : F (2,262)=5.12 p<0.01
(ASD,ADHD>NC) but age, gender and IQ did not differ as a function of the number of repeats
( age: ( F (6,258)=1.08 p=0.37), IQ: (F (6,258)=0.51 p=0.80) or gender: (F (1,263)=0.12
p=0.73)). Inspection of the fit parameters showed that the ex-Gaussian fit was successful for
all subjects. Three subjects were identified as outliers (P(D2 ) <0.001 on sigma, tau and age).
These subjects were removed from the analyses, along with their matched counterparts. The
final sample consisted of three groups with 135 subjects each (total 405). Between group
differences are shown in Table 1.

82

Groups differed on both ex-Gaussian measures of response variability; sigma (F(2,262)= 5.8;
p<0.003) and tau (F(2,262)= 5.7; p<0.004) Subjects with ADHD had higher variability on fast
responses (sigma) compared to both subjects with ASD and controls. Subjects with ADHD
also had a greater number of extremely slow responses (tau), compared to controls, but not to
subjects with ASD. Groups did not differ in their mean reaction time, as captured by mu. The
traditional measures of RT (mRT and sdRT) showed a similar pattern, with increased variability
in subjects with ADHD compared to subjects with ASD and controls (F(2,262)= 8.1; p<0.001)
and no differences in the mean RT. Groups did not differ in accuracy on the predictable target
trials.
3.2. Changes with age differ between diagnostic groups
For the ex-Gaussian parameters mu and sigma, an exponential model provided the best fit of
age effects. For all other parameters, the second order polynomial (quadratic) model provided
variable

predictors

model fit parameters
AIC

mu

sigma

tau

mRT

p (T)

effect

best fit for age

Res SE (df)

age

3037.76

0.1

age+ group

3035.38

0.11

p<0.042

42.2(401)

age* group

3036.25

0.11

p<0.214

42.14(399)

exponential

age

2544.05

0.11

23.07(403)

exponential

age+ group

2527.35

0.15

p<0.00003

22.54(401)

exponential

age* group

2522.3

0.17

p<0.012

22.35(399)

age

2853.81

0.25

age+ group

2840.95

0.28

age* group

2826.82

0.31

age

3228.28

0.29

age+ group

3215.93

0.31

age* group

3212.89

0.33

age

3041.73

0.21

age+ group

3021.19

0.25

age* group

3007.41

0.29

42.43(403)

exponential
ADHD>NC

ASD * NC

exponential

exponential

33.77(402)

2 nd order (quadratic)

p<0.00017

33.16(400)

2 nd order (quadratic)

p<0.00023

32.42(396)

ASD * NC

2 nd order (quadratic)

53.62(402)

2 nd order (quadratic)

p<0.00027

52.68(400)

2 nd order (quadratic)

p<0.03

52.22(396)

ASD * NC

2 nd order (quadratic)

42.59(402)

2 nd order (quadratic)

p<0.000003

41.42(400)

2 nd order (quadratic)

p<0.00027

40.52(396)

ASD * NC
ASD * ADHD

5

2 nd order (quadratic)

Table 2. model selection results for the effect of age. Model fit parameters are given for each predictor
separately: AIC= Akaike Information Criterion: AIC values indicate relative model quality, given the complexity of
the model; lower values mean better predictive power. R square = adjusted R-square; variability explained by the
model; p(T) = significance of additional terms in model (anova). Res(SE) = residual Standard Error. All individual
models were significant p<0.000. Selected models are in bold. Interactions are indicated with an asterisk (*).
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sdRT
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Figure 3. Age- related changes in traditional
measures of task performance (mRT and sdRT) .
The model with the best fit is shown separately for
each group (+-95% CI): 1 (in red) = control group; 2 (in
green) =ADHD group; 3 (in blue) = ASD group.

Figure 2. Age- related changes in ex-Gaussian parameters (mu, sigma and tau). The model with the best fit is shown separately for each group (+-95% CI): 1 (in red) = control group;
2 (in green) =ADHD group; 3 (in blue) = ASD group.

the best fit (see Table 2). For each ex-Gaussian parameter, we tested whether adding group to
the model improved the model fit. A main effect of group suggests that groups differ on the
outcome measure, but show similar age-related changes. If there was a main effect of group
effect we then tested if adding an interaction term between age and group further improved
the fit. Any interaction effects suggest a difference between the groups in the rate of change
over age on an outcome measure. The results are shown in Table 2.
For both ex-Gaussian measures of variability (sigma and tau) we found that including
an interaction effect between age and group improved the model. In both cases, the ASD
group differed from controls in the rate of change with age (see Figure 2). Subjects with
ASD showed a very low rate of change with age on both measures of variability. In contrast,
subjects with ADHD showed more variability on these measures, but the age-related decrease
in variability was parallel to that of controls. There was an interaction between age and group
on both the more traditional measures of RT (mRT and sdRT). Similar to the results for the
ex-Gaussian parameters, this was related to a very low rate of change with age for subjects
with ASD (Figure 3).

4. DISCUSSION
In typical development, intra-individual response variability sharply decreases between
the ages of 6 and 20 years. In this study, we investigated age-related changes in response
variability in ADHD and ASD. We compared a large cross-sectional sample of subjects aged
between 6 and 19 years on ex-Gaussian parameters of response variability, after controlling
for any a-priori differences in age, IQ and gender. Across development, subjects with ADHD
were characterized by increased response variability, although the rate of decrease was
similar to that of controls. In contrast, subjects with ASD were characterized by a much slower
decrease in variability over development. The results may in part explain the mixed results of
earlier studies of intra-individual variability in ASD and ADHD, as we show that age has a strong
effect on this measure, and that its effect differs between diagnostic groups.

The added value of propensity score matching
As Figure 1 shows, propensity score matching led to a large reduction in the effects of age,
gender and IQ within each group. This effect was achieved by removing subjects whose age,
gender or IQ was atypical within the whole group.

Developmental differences

We had hypothesized that both subjects with ADHD and ASD would show increased intraindividual variability, given the large number of studies that have reported increased variability
in these populations. The results of this study confirm that intra-individual variability differed
between groups, and that on average intra-individual variability was increased in subjects with
ADHD and ASD, but add to earlier results by showing that these differences are mediated by
age.
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For purposes of comparison we also analsysed the full, unmatched sample. These results
demonstrated the extent to which the confounds we controlled for by propensity score
matching would have affected our findings, as the differed markedly, both in terms of the
models fond to best describe age-related changes in terms of the between-group differences
(Table S1 and S2, Figure S2). ). It is important to note however, that both in the matched and in
the unmatched sample there is a difference between the ASD group and the ADHD group in
the trajectory of developmental change. This suggests that although the effect of age, IQ and
gender on response variability differs between these groups, the overall finding of a difference
in developmental trajectories is rubust. In psychology, a more typical approach to deal with
confounding variables is to include them as a covariate in a regression analysis. The difference
between the two approaches is that propensity score matching neutralizes the effect of a
confound, whereas in a regression analysis all variability related to the confound is removed.
As such, regression analysis relies in the implicit assumption that the effect of the covariate
does not differ between groups. As Figure 1 shows, this assumption would have been incorrect
in this case: there were large differences between the three groups in the propensity scores
of age, IQ and gender. These differences in the distribution are in themselves informative, as
they show that even in large samples, where a normal distribution is typically assumed, these
confounds are not normally distributed within each group. These data underline that including
variables that are confounds as covariates in studies of developmental disorder is suboptimal,
in particular when the effect of these confounds differs between groups.
A downside of using propensity score matching is the loss of data. Since only subjects with a
match in both other groups are retained in the final sample, more dissimilar groups will lead
to fewer unique subjects in the matched sample. The resulting group included in a study may
therefore be less representative of the larger clinical population. For example, this procedure
may lead to the selection of ADHD subjects with higher IQ scores, who are then relatively
overrepresented in the study sample.
The added value of the ex-Gaussian distribution
Separating infrequent, extremely slow responses (captured by tau) from the distribution of
faster responses (captured by mu and sigma) led to an improved estimation of the mean
tendency: when using the traditional measure of response speed (mean RT), we found
an interaction effect between age and group. However, after separating extremely slow
responses (tau) from the normal distribution, we found no differences between the groups in
the rate of age-related changes in reaction time (mu) but rather a group by age difference in
variability (Fig 3).
This shows that traditional mean RT measures are influenced by response variability, and as
a consequence may represent age-related changes in mean response speed inaccurately.
Similarly, the similarity between the sdRT curve and the tau curve suggest that perhaps the
traditional measure of variability (sdRT) is influenced by extremely slow responses as captured
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by the ex-Gaussian parameter tau. The use of the ex-Gaussian distribution makes it possible
to capture the contribution of each of these variability measures to the response distribution.
One of the reasons we separated variability on fast responses from that on slow response is
that they may follow different development trajectories. The results from this study show that
within groups, there was no difference in the rate of change of variability on fast responses
(sigma) and variability on slow responses (tau) (McAuley et al., 2006; Williams et al., 2007,
2005). This result may be specific to the task we used, and will need to be confirmed in studies
using different tasks.
Developmental changes in variability in ADHD and ASD
Developmental decreases in ex-Gaussian parameters of variability were best described by
an Developmental decreases in ex-Gaussian parameters of variability were best described
by an exponential model (mu and sigma) or a quadratic model (tau). These patterns of
a relatively fast decrease that slowly level of in late adolescence are similar to what other
studies of developmental changes in intra-individual variability have reported (Tamnes et al.,
2012), and may reflect the first half of a U-shaped curve over the lifespan (Hultsch et al.,
2002; Li et al., 2009; Rabbitt et al., 2001; Williams et al., 2005). The quadratic model that best
described developmental changes in tau has a shape similar to the exponential model, but
with an upward pointing tail, suggesting perhaps that variability on extremely slow responses
may already be increasing in our older subjects. However, data is more sparse at the end of the
distribution and it is therefore equally possible that curve estimation is less reliable in this area.

5
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There are links between inter-individual variability and brain morphology: In adults, intraindividual variability has been linked to white matter (WM) integrity, and increased variability
in old age has been associated with decreases in white matter integrity (Anstey et al., 2007;
Bunce et al., 2007; Fjell et al., 2011; Moy et al., 2011; Ullén et al., 2008; Walhovd and Fjell,
2007). Similarly, decreases in intra-individual variability during childhood have been linked to
increases in structural integrity (Tamnes et al., 2012). Furthermore, increased variability has
been found in neurological disorders that occur in childhood and old age (Adamo et al., 2014;
Castellanos et al., 2005; Geurts et al., 2008; Gorus et al., 2008; Hultsch et al., 2000; Murtha et
al., 2002; Walker et al., 2000). Thus, it seems that developmental changes in intra-individual
variability may be coupled to developmental changes in brain morphology, in white matter
particularly. This link is relevant, as the rate of neural developmental change differs between
subjects with ADHD, subjects with ASD and controls: The trajectory of brain development in
ADHD has been described as being characterized by a lag, or a delay in development compared
to typically developing children (D’Agati et al., 2010; Seidman et al., 2005; Shaw and Rabin,
2009). In contrast, ASD appears to be characterised by a period of accelerated white matter
development at very young age (around 1-3 years old), followed by period of very slow change
across childhood and adolescence (Courchesne, 2004; Keller et al., 2007; Mak-Fan et al.,
2013, 2012; Redcay and Courchesne, 2005; Schumann et al., 2010; Shaw et al., 2010). These
trajectories of neural development mirror the developmental changes in intra-individual
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variability that we report in this study, both in terms of timing and their pattern. This close link
between intra-individual variability and neural development suggests that intra-individual
variability could be useful as a marker of atypical neural development .
Neural development in developmental disorders can differ from that in typical development
in more than one way: either the rate of change with age (slope) may differ, or the offset may
be shifted, resulting in a parallel trajectory at older or younger age (see (Shaw et al., 2010)). In
this study we show that both types of change can be captured by intra-individual variability;
in subjects with ASD there was a change in the slope, whereas in subjects with ADHD, there
was a shift along the age-axis We were able to detect these differences because we included
a large sample of subjects with a wide age range. However, this study was cross-sectional, and
as such we cannot exclude the possibility that other subject-characteristics that correlated
with age may have influenced the results. Although propensity score matching can deal with
some of the problems of cross-sectional studies, there may still be factors that affect intraindividual variability in each group. As such, longitudinal studies are essential.
Although there appears to be a coupling between white matter integrity and response
variability, the mechanism that mediates this association is unclear. Electrophysiological data
suggest that increased behavioural variability may reflect neural variability (Saville et al., 2011)
and that an age-related decrease in behavioural variability is accompanied by an increase in
neural variability (Garrett et al., 2013; McIntosh et al., 2008). High neural variability, or ‘neural
noise’ in turn, is associated with improved neural processing, and closely linked to dopamine
modulation (Bäckman et al., 2010; Karlsson et al., 2011; Li et al., 2001; MacDonald et al., 2009a,
2006). There is tentative evidence for a link between prefrontal dopamine levels and white
matter integrity ((Liu et al., 2010; Thomason et al., 2010). Although speculative, the different
developmental trajectories of response variability in the ADHD and the ASD group may
therefore reflect developmental differences in these groups in dopamine modulation.
Lastly, here has been some discussion as to whether response variability is the outcome of
processes common to different disorders, or rather whether it is linked to distinct disorderrelated processes. A recent review of response time variability in ADHD and ASD suggests that
that there might be different neural systems that give rise to response variability in ADHD and
ASD, such as top town control, state regulation and motor preparation (Karalunas et al., 2014).
Although our study did not investigate the involvement of these mechanisms, the results
suggest that there may be disorder-specific developmental changes that mediate these
processes. For example, the initial overgrowth and later reduction of brain growth in autism
has been linked to growth dysregulation of prefrontal pyramidal neurons, which are critical in
neural integration and top down control(Courchesne and Pierce, 2005). This idea is supported
by the results in this study that showed that although the type of developmental change in
response variability in subjects with ADHD and ADHD was affected by group differences in
the effect of age, gender and IQ on response variability, both the matched and the unmatched
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sample showed a robust difference between the ADHD and ASD group in the trajectory of
developmental change. One could therefore be tempted to speculate that impaired top down
attentional control processes and increased intra-individual response variability are the result
of changes in brain development specific to ASD.
CONCLUSION
In this study, we showed that age-related decreases in variability differ between children
with ADHD and ASD and controls. This may in part explain inconsistent results of earlier
studies of intra-individual variability in these disorders, as both the magnitude and the
direction of differences in intra-individual variability between diagnostic groups vary with
age. The trajectories of developmental change in intra-individual variability closely resemble
the trajectories of neurodevelopmental changes in these disorders, and suggest that intraindividual variability could be a marker of neural development.
ACKNOWLEDGEMENTS: The authors would like to thank all participants for their time and
effort. Special thanks to Bram Zandbelt (Vanderbilt University) and Lara Wieringa (NICHElab), for their help in the preparation of the manuscript.
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TableS1. Model selection results for the effect of age in the unmatched sample. Model fit parameters are given
for each predictor separately: AIC= Akaike Information Criterion: AIC values indicate relative model quality, given
the complexity of the model; lower values mean better predictive power. R square = adjusted R-square; variability
explained by the model; p(T) = significance of additional terms in model (anova). Res(SE) = residual Standard
Error. All individual models were significant p<0.000. Selected models are in bold. Interactions are indicated with
an asterisk (*).
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Figure S1. Age distribution of the matched samples.

Unmatched sample

TIQ mean
(sd)

Matched sample

Control
group
(N=253)

ADHD
group
(N=176)

ASD
group
(N=161)

Control
group
(N=74)

ADHD
group
(N=93)

ASD
group
(N=98)

111.7
(14.73)

104.72
(15.07)

104.66
(17.82)

107.5
(15.12)

105.8
(12.68)

107.7
(14.17)

Difference
unmatched

Difference
matched

NC>ADHD***
ASD***

P=0.86

TableS2. TIQ descriptives and differences between subject groups for the matched sample (unique subjects
only) and unmatched sample. Differences in group characteristics are Bonferroni corrected; group differences in
task performance are tested with Turkey HSD. (*) 0.05, (**) 0.01, (***) 0.001.
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Figure S2. Age- related changes in ex-Gaussian parameters (mu, sigma and tau) for the unmatched sample. The model with the best fit is shown separately for each group (+-95% CI): 1
(in red) = control group; 2 (in green) =ADHD group; 3 (in blue) = ASD group.
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“Curiouser and curiouser!” (Alice’s Adventures in Wonderland)
“Consistency is contrary to nature, contrary to life.
The only completely consistent people are the dead.” - Aldous Huxley, Do What You Will
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SUMMARY AND DISCUSSION
6. 1. Scope of this thesis
It is increasingly recognised that ADHD is a heterogeneous disorder, both in its clinical
presentation (phenotype) and the underlying aetiology. This heterogeneity makes it difficult
to identify causal pathways that link the phenotype to brain structure and functioning. In an
attempt to go beyond the current categorical definition of the disorder, there is an increasing
interest in a dimensional approach to ADHD; in describing ADHD symptoms as extremes on
a scale that describes normal behaviour (Swanson et al., 2009). Yet an issue that is often
overlooked is heterogeneity in the typical population. ADHD being a developmental disorder,
a dimensional approach requires an understanding of neurodevelopmental changes in the
typical population, in order to understand how deviations in development may lead to ADHD
symptoms. The work presented in this thesis aimed to describe the neurodevelopmental
context in which ADHD occurs. In this thesis we investigated both aspects relevant to the
interpretation of developmental imaging data, such as the context in which developmental
changes are assessed (chapter 2) and the developmental overlap between different cognitive
functions (chapter 4), but also aspects relevant to the ontology of ADHD and development:
which specific functions underlie the observed cognitive changes in development (chapter 3
and 4), and how specific are these to ADHD (chapter 5)?
6.2. Summary of findings
What do the results of RS- MRI studies tell us about neural development?
In chapter 2 we compared neural network activity during a cognitive task with neural network
activity during rest, in a sample of typically developing children. We did so to investigate
whether age- and performance- related changes in neural networks were equally observable
during a task and during rest. We found that improved task performance was reflected in
network activity, but only during the task, and not in rest. Additionally, developmental changes
in network activity during rest were unrelated to task performance. This may seem obvious
to an outsider, yet the majority of studies of developmental changes in neural connectivity
rely on resting-state data. Although the alternative (to study developmental changes in
connectivity during the performance of a cognitive task) also has disadvantages (due to the
(unknown) relation between task performance, neural activity and the ensuing connectivity),
this study showed that developmental findings from resting state studies cannot be assumed
to extrapolate to cognitive development.

6

6.3. Parcelling cognitive control: proactive and reactive response inhibition
Cognitive control, and response inhibition, a subcomponent of cognitive control, are
ubiquitous terms in the developmental literature, and even more so in ADHD literature. But
what is cognitive control? What does this neurocognitive construct consist of? In chapter 3 we
investigated the neural networks involved in proactive and reactive response inhibition. The
balance between proactive and reactive inhibition is important to explain between-subject
differences in the ability to successfully inhibit a response, and there is increasing evidence

95

that this balance may be disturbed in psychiatric disorders, and change over development
(Chatham et al., 2009; Lorsbach and Reimer, 2010; Vink et al., 2014). We demonstrated that,
in healthy adults, proactive and reactive inhibition are organised in separable networks,
instead of one general inhibition network. We found 1) three frontal networks that were
associated with both proactive and reactive inhibition, 2) one network in the superior parietal
lobe, which also included dorsal premotor cortex and left putamen, that was specifically
associated with proactive inhibition, and 3) two right-lateralised frontal and fronto-parietal
networks, including the right inferior frontal gyrus and temporoparietal junction, as well as
a bilateral fronto-temporal network that were uniquely associated with reactive inhibition.
Individually, the composition of these networks is informative of their respective contribution
to response inhibition. For example, the communality of the temporoparietal junction, inferior
end middle frontal regions to reactive inhibition networks, suggests that the contribution of
these regions may be best characterised in terms stimulus detection, and goal orienting. The
spatial overlap of proactive and reactive inhibition networks in dorsolateral frontal and parietal
regions, suggests these may be regions where networks supporting different forms of control
integrate and interact. Lastly, we show that activity within a parietal network, in the medial
temporal cortex, is predictive of the amount of proactive inhibition subjects engage; thus,
between-subject differences in the processing of task relevant information predict how well
people adapt their behaviour in anticipation of inhibition.
In conclusion, the findings in this study supported the notion that successful response inhibition
relies on processes better defined as proactive inhibition and reactive inhibition, that are
associated with unique as well as common neural networks, which interact in frontoparietal
areas.
6.4. Parcelling cognitive control: intra-individual response variability
In chapter 4 we investigated intra-individual response variability (IIV), another mechanism
that may contribute to inter-individual differences in cognitive control. Increased IIV has
been proposed to be a marker of ADHD, independent of other executive impairments such
as response inhibition. In other contexts however, it has been shown that intra-individual
variability is tightly linked to both age (Li et al., 2009b; Williams et al., 2005; Williams et al.,
2007a) and performance on response inhibition tasks (Bellgrove et al., 2004; West et al.,
2002). In this study we investigated this link between age, response inhibition, and the amount
of intra-individual variability, in a sample of subjects with ADHD. We used the ex-Gaussian
response distribution to describe the response time distribution, instead of the mean and
standard deviation of reaction times (mRT and sdRT). This parameterisation of the response
times includes a measure for infrequent extremely slow responses (tau). The presence of
these extremely slow responses can bias the estimation of the normal mean and standard
deviation and is additionally increased in ADHD.
Results showed that in the typically developing sample, but not in subjects with ADHD,
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there was a link between the reduction of intra-individual variability over age and response
inhibitory performance. We additionally showed that this association between age, intraindividual variability and response inhibition predicted activity in the dACG -in the controls
only. This suggests that in a developmental sample, age related changes in IIV may underlie
differences in response inhibition. We discussed how this finding fits in with the protracted
development trajectory of the ACG, and the implication of this region in both ADHD as well as
intra-individual variability.
The use of ex-Gaussian parameters to characterise the response distribution in this study
also provided further evidence that using these parameters improves the estimates of both
the mean response times and response variability. Importantly, we showed that the average
number of infrequent extremely slow responses, as captured by the ex-Gaussian parameter
tau, did not differ between groups, but instead, that groups differed in the reduction of
this parameter over age. These ‘attentional lapses’ are heavily implicated in intra-individual
variability in the ADHD literature; this finding suggests that differential effects of age on the
amount of attentional lapses might underlie some of the group average differences in this
parameter reported by others (Buzy et al., 2009b; Hervey et al., 2006; Leth-Steensen et al.,
2000; Vaurio et al., 2009).
In chapter 5 we zoomed in on the developmental changes in intra-individual variability. We
aimed to characterise this delay further, and test whether changes in the developmental
trajectory of IIV measures are specific to ADHD compared to another neurodevelopmental
disorder, ASD. To do this we analysed data from a very large sample of children (N=595);
both typically developing children, and children with clinical diagnoses of ADHD and ASD.
We found that compared to the typically developing children, both subjects with ADHD and
subjects with ASD showed different developmental trajectories of change in IIV, but not of
mean response time. More specifically, the ADHD group showed with increasing age similar,
but delayed changes in IIV compared to the control group, whereas the ASD group showed
very little changes in IIV with increasing age, compared to the decreases observed in ADHD
and ASD. We discussed the similarities between the developmental trajectories of IIV that we
found, and the developmental changes in white matter within each group as found by others,
in relation to recent evidence that showed that in typically developing children developmental
improvements in white matter integrity are associated with reductions in IIV (Tamnes et al.,
2012).

6

In sum, we showed differences between large groups of children with ADHD, ASD and
control subjects in the developmental trajectory of IIV. The close resemblance between
developmental changes in intraindividual variability, and what is known of the trajectories
of neurodevelopmental changes in these disorders, is in line with suggestions by others
that IIV may be a marker of neural development, with specific predictive value in different
developmental disorders.
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6.5. GENERAL DISCUSSION
In this section I will describe how the findings from the studies in this thesis fit together. The
starting point of this thesis was our aim to describe ADHD in terms of typical development, in
the context of the assumption that ‘disorder and normality differ only in degree but not kind’
(Coghill and Sonuga-Barke, 2012) that underlies a dimensional view of ADHD. The ongoing
debate whether ADHD is best conceptualised as a dimensional disorder or a categorical
disorder is not merely theoretical, but has potential clinical implications. For example, a
categorical classification of ADHD may lead to individuals who are impaired not receiving help,
because they fall just below classification thresholds. Or, the presence of co-morbidities may
lead to classification in the ‘wrong’ category. In both cases, there might be relevant information
that is captured in impairments that fall outside of the classification, and this information is
omitted. A dimensional approach relies on using definitions that describe typical behaviour,
and extending them to their extremes. Thus, to understand heterogeneity in ADHD, it is
important to understand heterogeneity in typical development.
As results from chapter 2 show, it is possible to address this heterogeneity in a developmental
sample. In this study we distinguish neural activation related to individual task performance
within a set of common neural networks. The finding that context (task vs. rest) mediated the
between-subject effects of age and task performance on activation is in line with recent findings
that suggest that the relation between structural connectivity and functional connectivity
differs between task and resting state (Hermundstad et al., 2013). Variation between subjects
in the structural connectivity in the brain, may thus underlie between-subject differences in
functional connectivity, and these differences are differentially expressed task and during
rest. Although we did not measure structural connectivity in our sample, the finding from this
study provides a starting point for studies aiming to link longitudinal measures of structural
connectivity to functional changes over development. These findings also emphasise the need
for studies that account for individual differences in development.
How to describe the heterogeneity in typical development so that it can inform us of causal
pathways involved in ADHD? To discuss how ADHD can be characterised as a deviation from
typical development, it is necessary to define in more detail the cognitive constructs that are
used to describe the ADHD phenotype. Chapter 4 and 5 showed that intra-individual response
variability (IIV) is a good candidate for a mechanism to link neural development to response
inhibition. Both ADHD and ASD are characterized by increased IIV; we show that in both groups
the developmental trajectory of IIV parallels changes in neural development as they have been
described by others (Redcay and Courchesne, 2005; Schumann et al., 2010; Seidman et al.,
2005). In an ADHD sample we were able to link this altered developmental trajectory of IIV
to performance on a response inhibition task, and show that this was mediated by changes
in dACG activity. The relevance of IIV to ADHD, compared to other neurocognitive measures,
has often been suggested (Alderson et al., 2007; Castellanos et al., 2005, 2002; Klein et al.,
2006; Uebel et al., 2010). Importantly, a recent study by Fair and colleagues (2012) showed
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that changes in IIV in ADHD are not specific to the cognitive constructs used to describe ADHD,
but are equally present in cognitive subgroups based on the normal population: they used
data-driven methods to identify neurocognitive subtypes within a large sample of typically
developing subjects aged 6-17, and found that ADHD was linked to increased IIV in four out
of the six cognitive subgroups (Fair et al., 2012), regardless of cognitive subtype. The link
between IIV and age is equally well established (Hultsch et al., 2002a; Li et al., 2009b; Rabbitt
et al., 2001; Williams et al., 2005), and thought to be mediated both by both white matter
integrity and age-related changes in dopamine (DA) modulation. The mechanism by which DA
is linked to IIV is still under investigation, but decreased DA turnover is thought to have nonspecific effects on neural signalling, resulting in a reduced signal to noise ratio, often referred
to ‘neural noise’ (Winterer and Weinberger, 2004). Increased neural noise in turn is thought
to result in reduced signalling efficiency and reduced working memory representations (Li et
al., 2010, 2001; MacDonald et al., 2009; O’Reilly and Frank, 2006; Seamans and Yang, 2004).
DA is implicated in ADHD behaviour through neuromodulation in fronto-striatal pathways (Del
Campo et al., 2011; Wu et al., 2012) and DA modulation is sensitive to developmental changes
(Ishibashi et al., 2009; Kaasinen et al., 2000; Volkow et al., 2000). In old age, age-related
changes in DA concentration have been linked to IIV (van Dyck et al., 2008). Although this
is speculative, developmental changes in DA modulation during development could underlie
increased IIV in ADHD. Increased IIV may thus be a marker for the efficiency of DA signalling,
with broader implications for downstream cognitive constructs. Further studies are needed to
investigate the link between age-related changes in DA modulation, developmental changes
in behaviour, and ADHD symptoms.
Lastly, as the results from the study in chapter 3 show, neuroimaging data can equally inform
theory: the finding that there are different neural networks related to proactive and reactive
inhibition, in addition to a set of common networks, confirms that these concepts capture
the underlying neural organisation in more detail than the construct of response inhibition
as a whole. Moreover, activation within these networks was predictive of individual levels of
task performance, thus allowing for an explanation of between-subject differences. Although
the subjects in this study were young healthy adults, other studies have shown that there are
unique neurodevelopmental changes associated with proactive and reactive inhibition (Vink
et al., 2014), and that these changes are linked to DA modulated changes in prefrontal activity
that have a selective effect on context processing and proactive inhibition (Braver and Barch,
2002). Interestingly, the networks in our study that were associated with proactive inhibition
resemble the dorsal attention network, a network that has often been implicated in ADHD.
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Put together, to speculate on these findings in the context of ADHD: it may be the case
that deviations in the development of top down processes involved in proactive inhibition,
potentially mediated by levels of prefrontal DA, result in an imbalance between proactive
inhibition and reactive inhibition in ADHD.
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6.5. Critical considerations & future directions
6.5.1. Methodical considerations
The interpretation of (functional) developmental imaging studies is difficult for a number of
reasons, and the results from the studies in this thesis should be interpreted in the light of
these difficulties.
First, a general consideration in interpreting developmental functional imaging studies is
the unresolved link between developmental changes at neural level, and the fMRI signal.
The BOLD response, which is used to compute task related changes in neural activation, is
affected by developmental changes in neuro-vascular coupling and neural energy use (Harris
et al., 2011). The exact contribution of these processes to changes in the BOLD signal over
development is unclear, and clouds the interpretation of developmental differences between
subjects. Another, related concern is the finding that changes in DA itself, through potentiation
of postsynaptic neurons, may increase local BOLD responses (Knutson and Gibbs, 2007); in
light of established developmental changes in DA modulation, this is a topic that warrants
further research.
A second consideration in interpreting developmental imaging studies is the use of age as
an approximation of development. Although age is arguably a reliable measure, and easy to
compare between studies, it is not a very accurate measure of physiological development.
For example, the hormonal changes that underlie processes such as puberty have large
regional specific effects on the trajectories of neurodevelopmental change (Giedd et al.,
2006, 1999; Neufang et al., 2009; Peper et al., 2011) and the onset of puberty can vary up
to 4 years between individuals (Parent et al., 2003), with girls preceding boys by on average
2 years (Lenroot et al., 2007). These gender specific effects are relevant to ADHD research,
as ADHD is more prevalent in boys that in girls by a factor 2 (Polanczyk and Rohde, 2007).
Although the age of onset of ADHD lies before puberty, gender differences within the sample
could influence results, and averages should be interpreted with caution. In general, for a
more complete picture of developmental changes, future studies could complement age
with records of pubertal stage and/or hormone levels in subjects, and link these measures to
neural measures of development.
Lastly, there are some considerations that are specific to ADHD research. One well-known
problem is the self-selection of subjects in MRI studies because of head-movement artefacts.
Although this is also problematic in typically developing young children, under-sampling of
hyperactive ADHD subjects will result in a biased selection, which, given that hyperactivity
is one of the defining features of ADHD, may not be an adequate representation of the
ADHD phenotype. Medication use is another well known confound in the interpretation of
developmental studies of ADHD. Although for all studies in this thesis, subjects with ADHD
subjects were tested off stimulant and other medication, the greater problem is that the longterm effects of stimulant medication on brain development are not completely understood.

100

Some fMRI studies have shown that methylphenidate may normalise connectivity patterns
(Rubia 2009; Peterson 2009), in line with structural imaging studies that have shown more
normative developmental changes in some cortical regions for subjects on medication
(Bledsoe et al., 2009; Castellanos, 2002; Pliszka et al., 2006; Shaw et al., 2007). Although
longitudinal studies with randomised medication would be necessary to investigate the effect
of medication use on brain development, these are ethically not feasible.
6.5.2. Conceptual considerations
In this thesis, I advocate a dimensional approach to ADHD, where ADHD is described on a continuum
with typical behaviour. Although there is increasing evidence that a dimensional description is
best to describe the latent structure of ADHD behaviours (Coghill et al., 2005; Frazier et al., 2007;
Haslam et al., 2006; Marcus and Barry, 2011), there are some limitations to this approach, which will
be discussed below.
First, although there is intuitive appeal to a dimensional description of ADHD, describing this disorder
as continuous with typical behaviour requires a cut-off point. Although a dimensional description
is scientifically attractive, it may be less useful in clinical practice, when clinicians need to set
diagnoses and define behaviour as ‘abnormal’. Categorical differences are easier to operationalize
than dimensional ones.
Second, the problem of defining abnormality also poses practical and methodological constraints
on research: To truly investigate how deviations from typical behaviour result in an impairment will
require large-scale studies across normal and psychiatric populations in order to map empirical
dimensions that can replace the current categories. In the absence of these studies, categories
are the best way to communicate the level of impairment that results from certain behaviour. The
result is circularity at the level of description, where evidence for a dimensional view comes from
subjects that come from categories. The research in this thesis suffers from this same limitation: we
did not use a cross-categorical population, and as such could not test to what extent the behaviour
under investigation was dimensional.

6
7. CONCLUSION
The aim of this thesis was to understand the neurodevelopmental context in which ADHD
occurs. We show that the contexts, in which behavioural changes are measured, as well as the
operationalization of constructs that reflect developmental changes, affect the interpretation
of neurodevelopmental imaging studies. Given the evidence that ADHD reflects extreme
behaviour on a dimensional scale, future studies should aim to map developmental pathways
that lead to ADHD-like behaviour across the population.
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NEDERLANDSE SAMENVATTING
Dit proefschrift gaat over de rol van normale hersenontwikkeling in het beschrijven van ADHD.
In de studies die beschreven worden in dit proefschrift hebben we geprobeerd te onderzoeken
hoe ADHD symptomen zich verhouden tot de veranderingen in gedrag die optreden in kinderen
en jongvolwassenen. De reden hiervoor is dat de terminologie die gebruikt wordt om het
gedrag van kinderen met ADHD te beschrijven moeilijk te vertalen is naar hersenonderzoek:
net zomin als er een gebied in de hersenen is waar ADHD als geheel zetelt, is er ook geen
gebied dat op zichzelf verantwoordelijk is voor aandacht, hyperactiviteit, of motivatie.
Een alternatief is om ADHD symptomen te beschrijven in termen van normaal gedrag; met de
ADHD symptomen als extremen op een continuüm van normaal gedrag. Deze dimensionele
beschrijving van ADHD gedrag is onder andere geïmplementeerd in de meest recente versie
van de diagnostische criteria die worden gebruikt om ADHD vast te stellen, de DSM 5 (American
Psychiatric Association, 2013). Deze manier van beschrijven roept echter de vraag op wat
normaal gedrag is. In het kader van ADHD, waarvan de symptomen zich ontwikkelen gedurende
kindertijd, is vraag dus welke hersensystemen betrokken zijn bij de gedragsveranderingen die
zichtbaar zijn gedurende de kindertijd en adolescentie. Hoe verhouden de ADHD symptomen
zich tot de veranderingen in gedrag die optreden in kinderen en jongvolwassenen? Hoe kun
je de complexe vormen van gedrag die onder ontwikkeling zijn beschrijven, en hoe kun je dit
het beste meten? en welke hersengebieden zijn hierbij betrokken? In dit proefschrift heb ik
geprobeerd een antwoord te vinden op deze vragen.

Achtergrond
ADHD is een veelvoorkomende ontwikkelingsstoornis die gekenmerkt wordt door
aandachtsproblemen, hyperactiviteit en problemen in de response inhibitie. Cijfers over de
prevalentie van ADHD variëren, maar liggen rond de 5-7% van alle kinderen wereldwijd. Het is
een ontwikkelingsstoornis, wat betekend dat de symptomen van de stoornis zich ontwikkelen
in de kindertijd. In tegenstelling tot andere ontwikkelingsstoornissen zoals ASD, of PDD-NOS,
nemen bij zo’n 50% van alle kinderen met ADHD de symptomen van ADHD af bij het bereiken
van volwassen leeftijd.
Er zijn verschillende methoden om onderzoek te doen naar de neurobiologische achtergrond
van ADHD. Een van die methoden is neuroimaging: het gebruik van een beeldvormende
techniek (zoals MRI) om inzicht te krijgen in veranderingen in de structuur en functie van de
hersenen. Er zijn verschillende vormen van MRI onderzoek: er kan gekeken worden naar de
bouw van de hersenen (sMRI), er kan gekeken worden naar hersenactiviteit bij het doen van
een computertaakje (fMRI) of tijdens rust (RS-fMRI) en tot slot kan door middel van analyse
van deze activiteit een beeld worden verkregen van de communicatie tussen hersengebieden
(functionele connectiviteit).
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Neuroimaging onderzoek in de afgelopen decennia heeft niet één gebied opgeleverd dat uniek
betrokken is bij ADHD. Wel zijn er een aantal regio’s die consistent structurele en functionele
afwijkingen vertonen in kinderen met ADHD. Er is hier geen ruimte om deze verschillende
bevindingen in detail te bespreken, maar kort gezegd zijn het met name gebieden die
onderdeel uitmaken van verschillende fronto-striatale circuits. Dit zijn circuits die corticale
gebieden en het cerebellum verbinden met met het striatum, een subcorticaal gebied dat
betrokken is bij o.a. het coördineren van bewegingen, motivatie en aandacht. Daarnaast,
en deels hieraan gerelateerd, zijn er een aantal netwerken die consistent minder goed met
elkaar communiceren in kinderen met ADHD, zoals het Default Mode Network (DMN) en
fronto-parietale netwerken. Er zijn wel duidelijke aanwijzingen dat de hersenontwikkeling
van kinderen met ADHD anders verloopt: Longitudinaal neuroimaging onderzoek heeft laten
zien dat de leeftijd gebonden veranderingen in het gemiddelde aantal hersencellen per regio
(grijze stof), en de verbindingen tussen hersengebieden (witte stof) zo 3 tot 5 jaar achterlopen
op leeftijdsgenoten. Hoe deze vertraagde ontwikkeling in de structuur zich vertaalt in
hersenactiviteit, en wat de link is met ADHD symptomen is minder goed beschreven. Wèl
wijzen de uitkomsten van enkele longitudinale studies erop dat stimulerende medicatie (zoals
Ritalin en Concerta) de leeftijd gebonden afwijkingen in grijze stof kan verminderen, en dat
een afname van ADHD symptomen op volwassen leeftijd gerelateerd is aan normalisatie van
de hersenstructuur.
De reden waarom het zo moeilijk is om een-op- een relatie te vinden tussen de neurobiologie
en de symptomen van ADHD, is de heterogeniteit in zowel gedrag (de verschillen tussen
kinderen in de soort en mate van symptomen), als de neurobiologische achtergrond
(verschillende afwijkingen in de hersenen kunnen tot hetzelfde gedrag leiden). Daarnaast
wordt de interpretatie van veel onderzoek bemoeilijkt door verschillen tussen kinderen met
en zonder ADHD in de relatie tussen leeftijd en hersenactivatie.
Een andere benadering is het idee dat ADHD weliswaar een bruikbaar concept is om gedrag in
de kliniek mee te beschrijven, maar dat het niet categoriaal bestaat als entiteit in de hersenen.
Deze dimensionele benadering beschrijft stoornissen als een extreme vorm van de normale
variatie in gedrag. Het in kaart brengen van deze normale variatie, en veranderingen in deze
variatie over de ontwikkeling, is dus belangrijk om te begrijpen wat ADHD is. Dit is het beginpunt
geweest voor de studies die in dit proefschrift zijn beschreven.
Wat kan neuroimaging vertellen over hersenontwikkeling?
Hersenontwikkeling kan worden beschreven in termen van structurele veranderingen,
functionele veranderingen, en veranderingen in de interactie tussen hersengebieden. In grote
lijnen kunnen deze ontwikkelingen beschreven worden als een proces van lokale specialisatie
en globale integratie tussen gebieden betrokken bij cognitieve functies; deze worden
ondersteund door de verbeteringen in de witte stof, die communicatie tussen hersengebieden
medieert, en een reductie in grijze stof, ofwel het ‘terugsnoeien’ van overbodige cellen over
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ontwikkeling. Een belangrijke vraag is hoe deze processen causaal met elkaar verbonden zijn:
stuurt de functionele ontwikkeling de aanleg van connecties tussen de betrokken gebieden, of
faciliteren witte stof ontwikkelingen de co-acivatie van functioneel gerelateerde gebieden, en
sturen structurele ontwikkelingen op deze manier de functionele ontwikkelingen? Resultaten
van studies hiernaar lijken te wijzen op het principe van ‘fire together, wire together’ wat zoveel
betekend als dat gebieden die vaak samen actief zijn als gevolg daarvan sterker verbonden
zijn.
In hoofdstuk 2 zijn we begonnen met het onderzoeken van de relatie tussen leeftijd gebonden
veranderingen in gedrag en de achterliggende hersenontwikkeling zoals die gemeten
wordt met fMRI. Maakt het uit of je de hersenontwikkeling meet tijdens het doen van een
computertaakje, of tijdens rust?. Dit is van belang, omdat in veel onderzoek ervanuit wordt
gegaan dat alleen de groei, maar niet het gebruik (activatie) van de hersenen bijdragen aan
leeftijd gebonden verbeteringen in gedrag. Door binnen een groep kinderen en adolescenten
naar dezelfde hersen-netwerken te kijken tijdens een computertaakje èn tijdens rust, wilden
we kijken of dit inderdaad het geval was. Immers, wanneer alleen structurele ontwikkelingen
(de groei) een voorspeller zijn voor leeftijdsverschillen in hersenactivatie, dan zou het verband
tussen leeftijd en netwerk activatie onafhankelijk van de MRI-conditie moeten zijn. We vonden
dat er bij het doen van een computertaak (taak-fMRI) en tijdens rust (RS-fMRI) er verschillen
waren tussen de condities in de hersenactiviteit die verklaard werd door leeftijd. Dit betekent
dat individuele verschillen in het gebruik van de hersenen tijdens een computertaakje bijdragen
aan de leeftijds gebonden veranderingen in hersenactiviteit die worden toegeschreven aan
groei van de hersenen.
De cognitieve ontwikkelingen die optreden tijdens de kindertijd en adolescentie, en het gedrag
dat daaruit voortkomt, zijn niet een op een gerelateerd aan deze hersenontwikkeling, maar
de uitkomst van een interactie tussen de veranderingen in de hersenen, de genen, en de
omgeving waarin iemand opgroeit. Het resultaat is dat er grote onderlinge verschillen zijn in
gedrag tussen kinderen en adolescenten. Om deze individuele verschillen in kaart te kunnen
brengen, is het nodig om de complexe cognitieve constructen die gedrag beschrijven op
te delen in meer basale, simpele functies, die dichter liggen bij de neurobiologie die onder
ontwikkeling is. Cognitieve controle, ofwel het flexibel aanpassen van gedrag aan de omgeving,
is een van deze complexe cognitieve functies die veel aandacht krijgt in het onderzoek naar
hersenontwikkeling. Cognitieve controle wordt gerealiseerd door het samenspel tussen
verschillende meer specifieke functies; dit is onder andere waar de studies in hoofdstuk 3, 4
en vijf naar gekeken hebben.
Proactieve en reactieve vormen van response inhibitie
In hoofdstuk 3 hebben we response inhibitie onderzocht. Response inhibitie is een onderdeel
van cognitieve controle, en een maat voor hoe goed iemand een geplande response kan
stoppen. Het is een veelgebruikte maat in zowel de ADHD- als de ontwikkelings- literatuur.
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Het is ook een goed voorbeeld van een functie die waarschijnlijk niet bestuurd wordt door een
specifiek deel van de hersenen, maar een combinatie is van verschillende, simpelere, functies.
In deze studie onderzochten we proactieve inhibitie en reactieve inhibitie, in een groep
volwassen, gezonde deelnemers. Proactieve inhibitie kan gezien worden als een maat voor
hoe goed iemand informatie uit de omgeving kan gebruiken in het anticiperen van een te
stoppen respons; reactieve inhibitie daarentegen is een maat voor hoe goed iemand een
response kan stoppen puur op basis van last-minute stimulus gebonden informatie. In deze
studie onderzochten we of we neurale netwerken konden vinden die specifiek proactieve
of reactieve inhibitie ondersteunden. De resultaten lieten zien dat er zowel unieke als
gedeelde netwerken betrokken zijn bij proactieve als reactieve inhibitie. De organisatie van
deze netwerken laat zien dat sommige gebieden berokken zijn bij meerdere functies op
verschillende momenten,en sommige gebieden slechts bij een functie en geeft zodoende niet
alleen inzicht in hoe proactieve en reactieve inhibitie zijn georganiseerd in het brein, maar ook
over de organisatie van neurale netwerken in het algemeen.
Een verstoorde balans tussen proactieve en reactieve inhibitie is in verband gebracht met
zowel gedrag in een groot aantal psychiatrische stoornissen, als met leeftijds gebonden
ontwikkelingen in gedrag. De studie in hoofdstuk 5 is van belang omdat het een meer
genuanceerd beeld geeft van welke gebieden, en communicatie tussen welke netwerken,
ten grondslag zouden kunnen liggen aan deze afwijkingen in de balans tussen proactieve en
reactieve inhibitie.
Response variabiliteit
Een belangrijke factor die van invloed is op taak prestaties op simpele computertaken is
variabiliteit in het geven van antwoorden, ofwel response variabiliteit. Er zijn twee soorten van
response variabiliteit: variabiliteit tussen individuen, en variabiliteit binnen een individu. In wat
volgt gaat het over het vermogen om consistent simpele antwoorden op een knoppendoos
of keyboard te geven, ofwel de variabiliteit binnen een individu; dit wordt ook wel intraindividuele variabiliteit (IIV) genoemd. IIV neemt sterk toe met leeftijd, en is verhoogd in een
aantal stoornissen, waaronder autisme, bipolaire stoornis, dementie, ADHD, schizofrenie, en in
mensen met hersenletsel. Waardoor deze intra-individuele variabiliteit wordt veroorzaakt is
maar deels bekend. De leeftijds gebonden veranderingen in IIV worden in verband gebracht
met twee processen: verminderde structurele integriteit van de verbindingen tussen
hersengebieden, en veranderingen in het Dopamine neurotransmitter systeem die leiden tot
een inefficiënte signaaloverdracht tussen hersengebieden.
In hoofdstuk 4 & 5 hebben we response variabiliteit in ADHD onderzocht. Eerst, in hoofdstuk
vier, hebben we in een groep kinderen en adolescenten tussen de 7 en 24 jaar oud met
ADHD, en een vergelijkbare groep controle deelnemers, de leeftijd gebonden veranderingen
in response variabiliteit in ADHD onderzocht. We hebben onderzocht of er verschillen waren
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in de sterkte waarmee response variabiliteit afnam over leeftijd, wat de effecten van deze
afname in variabiliteit waren op taak prestaties, en welke hersengebieden hierbij betrokken
waren.
Belangrijk is dat we hierbij onderscheid maakten tussen response variabiliteit die veroorzaakt
werd door sporadisch voorkomende erg langzame responsen, ook wel ‘attentional lapses’
genoemd, en variabiliteit op snellere responses. Deze twee vormen van variabiliteit worden
vaak op een hoop gegooid, bijvoorbeeld door variabiliteit te meten als de standaard deviatie
van de reactie tijd (sdRT). Er zijn echter veel aanwijzingen voor dat er verschillende
hersensystemen betrokken zijn bij zowel langzame als snelle vormen van variabiliteit. Een
bijkomend voordeel is dat, door deze vormen van variabiliteit te onderscheiden, de schatting
van de gemiddelde reactietijd verbeterd.
De resultaten van deze studie lieten een aantal dingen zien: 1) in beide groepen neemt
response variabiliteit af met leeftijd, behalve het aantal infrequente langzame responses
in ADHD, deze namen niet af naarmate deelnemers met ADHD ouder werden, maar bleven
gelijk. 2) In de controle groep, deze afname in response variabiliteit was voorspellend voor hoe
goed iemand was in de go-nogo taak, die response inhibitie meet. In de ADHD groep was er
geen relatie tussen response inhibitie en welke vorm van response variabiliteit dan ook. Dit is
opvallend, omdat dat beide groepen even goed waren in het inhiberen van responses, en de
groepen evenveel verbetering lieten zien over leeftijd. Dit suggereert dat de leeftijd gebonden
verbetering in response inhibitie in de ADHD groep gemedieerd wordt door een ander
mechanisme dan het afnemen van response variabiliteit. 3) Dit verschil in de relatie tussen
leeftijd, variabiliteit en taak performance tot slot was gerelateerd aan verhoogde activiteit in de
dorsale Anterior Cingulate Gyrus (dACG) in de controle groep; een gebied dat sterk betrokken
is bij controle functies, en het bijsturen van de aandacht. De uitkomst van deze studie laat
zien dat leeftijd een invloed heeft op de verschillen die er zijn tussen deelnemers met ADHD
en controle deelnemers. In het bijzonder de leeftijd gerelateerde verandering in response
variabiliteit kan verschillen verklaren response inhibitie tussen kinderen en adolescenten met
en zonder ADHD. De verminderde dACG activiteit over leeftijd in de ADHD groep past in het
plaatje van ADHD als ontwikkelingsstoornis, omdat dit gebied tot laat in de adolescentie onder
ontwikkeling is. Verminderd functioneren van dit gebied, met als gevolg verhoogde response
variabiliteit, zou dus gerelateerd kunnen zijn aan de vertraagde structurele hersenontwikkeling
in ADHD.
In hoofdstuk vijf hebben we onderzocht hoe specifiek de leeftijd gebonden verschillen
in response variabiliteit zijn voor ADHD, in vergelijking met kinderen met een andere
ontwikkelingsstoornis, Autisme Spectrum Disorder (ASD). De resultaten laten zien dat ADHD
gekenmerkt wordt door een algehele vertraging in de afname van variabiliteit. Dus, net als in
de controlegroep nam de variabiliteit wel af met het ouder worden, maar dit gebeurde later.
Vergeleken met de controle groep liet de ASD groep een specifieke verandering in de relatie
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tussen leeftijd en variabiliteit zien: in deze groep was er bijna geen afname van de response
variabiliteit met leeftijd. De twee ontwikkelingsstoornissen lieten dus ieder een specifiek
patroon zien van de ontwikkeling van response variabiliteit dat afweek van de gezonde
controle groep. Hoewel we geen MRI maten van hersenontwikkeling van deze specifieke
groepen hadden, vertoond het patroon van ontwikkeling voor ieder van deze groepen sterke
gelijkenis met het patroon van structurele hersenontwikkeling dat andere studies hebben
laten zien voor ieder van deze groepen. Deze resultaten suggereren dat binnen groepen, en
wellicht ook op individueel niveau, response variabiliteit een goede gedragsmaat zou kunnen
zijn voor hersenontwikkeling.
Samengevat laten we in dit proefschrift zien dat de resultaten van neuroimaging studies
naar hersenontwikkeling beïnvloed worden door zowel de context waarin gedrag gemeten
wordt, als de operationalisatie van het gedrag dat onder ontwikkeling is. Om ADHD te kunnen
beschrijven in termen van normaal gedrag, is het belangrijk om een beter inzicht te verkrijgen
hoe gedrag zich ontwikkeld in de gezonde populatie, om in kaart te kunnen brengen hoe
afwijkingen in de normale ontwikkeling kunnen bijdragen aan afwijkend gedrag.
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