UvA-DARE (Digital Academic Repository)

Addiction: A striatal roller-coaster
On the neural and associative-learning mechanisms underlying gambling and alcohol use
disorder
van Timmeren, T.
Publication date
2019
Document Version
Final published version
License
Other
Link to publication
Citation for published version (APA):
van Timmeren, T. (2019). Addiction: A striatal roller-coaster: On the neural and associativelearning mechanisms underlying gambling and alcohol use disorder. [Thesis, fully internal,
Universiteit van Amsterdam].

General rights
It is not permitted to download or to forward/distribute the text or part of it without the consent of the author(s)
and/or copyright holder(s), other than for strictly personal, individual use, unless the work is under an open
content license (like Creative Commons).
Disclaimer/Complaints regulations
If you believe that digital publication of certain material infringes any of your rights or (privacy) interests, please
let the Library know, stating your reasons. In case of a legitimate complaint, the Library will make the material
inaccessible and/or remove it from the website. Please Ask the Library: https://uba.uva.nl/en/contact, or a letter
to: Library of the University of Amsterdam, Secretariat, Singel 425, 1012 WP Amsterdam, The Netherlands. You
will be contacted as soon as possible.

UvA-DARE is a service provided by the library of the University of Amsterdam (https://dare.uva.nl)
Download date:10 Jan 2023

ADDICTION:
A STRIATAL ROLLER-COASTER
ON THE NEURAL AND ASSOCIATIVE-LEARNING MECHANISMS
UNDERLYING GAMBLING AND ALCOHOL USE DISORDER

TIM VAN TIMMEREN

The research described in this thesis was financially supported by a grant of the Netherlands
Organization for Scientific Research to Anna E. Goudriaan (ZonMw grant VIDI #91713354)
ISBN:

978-94-6375-403-3

Cover:
Lay-out:
Printing:

Roel van Timmeren
Nikki Vermeulen - Ridderprint
Ridderprint - www.ridderprint.nl

© Tim van Timmeren, 2019

ADDICTION:
A STRIATAL ROLLER-COASTER
ON THE NEURAL AND ASSOCIATIVE-LEARNING MECHANISMS
UNDERLYING GAMBLING AND ALCOHOL USE DISORDER

ACADEMISCH PROEFSCHRIFT
ter verkrijging van de graad van doctor
aan de Universiteit van Amsterdam
op gezag van de Rector Magnificus
prof. dr. ir. K.I.J. Maex
ten overstaan van een door het College voor Promoties ingestelde commissie,
in het openbaar te verdedigen in de Agnietenkapel
op vrijdag 5 juli 2019, te 14.00 uur
door

Tim van Timmeren

geboren te Amsterdam

Promotiecommissie
Promotor
Prof. dr. A.E. Goudriaan		

AMC-Universiteit van Amsterdam

Co-promotor
Dr. R.J. van Holst		

AMC-Universiteit van Amsterdam

Overige leden
Prof. dr. G.A. van Wingen		
Prof. dr. L. Reneman		
Dr. S. de Wit 		
Prof. dr. R. Cools		
Dr. L. Clark		

AMC-Universiteit van Amsterdam
AMC-Universiteit van Amsterdam
Universiteit van Amsterdam
Radboud Universiteit Nijmegen
University of British Columbia

Faculteit der Geneeskunde

“Our battles with our habits speak of dreams yet to become real.”
– Mary Oliver, Long Life

Table of contents
Chapter 1

General Introduction

Chapter 2

Compulsivity-related neurocognitive performance deficits in
gambling disorder: A systematic review and meta-analysis

21

Chapter 3

Goal-directed and habitual decision making under stress in
Gambling Disorder

53

Chapter 4

Intact corticostriatal control of goal-directed action in human
Alcohol Use Disorder: evidence from a Pavlovian-to-instrumental
transfer and outcome-devaluation fMRI study

71

Chapter 5

Testing striatal ups and downs: An fMRI study on the interaction
between monetary reward anticipation and cue reactivity in
gambling and alcohol use disorder

93

Chapter 6

White matter integrity between left basal ganglia and left
prefrontal cortex is compromised in gambling disorder

119

Chapter 7

Connectivity networks in gambling disorder: a resting-state
fMRI study

135

Chapter 8

Summary and General Discussion

155

Appendix

Nederlandse samenvatting

179

References

187

PhD Portfolio

209

List of publications

215

Dankwoord

217

9

General introduction

INTRODUCTION

Addiction is a huge burden to individuals and society. Drug and alcohol abuse have
been associated with serious public health problems, productivity loss, and public safety
issues, all leading to substantial economic damage (UN Office on Drugs and Crime,
2011). Perhaps more importantly, addictive behaviors can have devastating results for the
individual and their surroundings. Addiction is a very complex psychiatric disorder, and its
development can have many causes including genetic, social, environmental and cultural
(El-Guebaly et al., 2015). Over the past few decades, addiction is increasingly regarded as a
chronic relapsing brain disorder, characterized by continued drug use despite the negative
consequences (Volkow et al., 2016). People suffering from addiction increasingly focus on
obtaining, using, and recovering from substances, which ultimately leads to the loss of
control over the addictive behavior that defines addiction.
To better understand what drives addictive behaviors, and to improve and develop
novel treatment interventions, it is of great importance to understand the mechanisms
underlying loss of control. Over the last four decades, various theories have been proposed
to explain addictive disorders from the perspective of the brain (Wise and Rompre, 1989;
Leshner, 1997; Berridge and Robinson, 1998; Robbins and Everitt, 1999; Hyman et al.,
2006; Koob and Le Moal, 2008; Redish et al., 2008; Goldstein and Volkow, 2011). Central
to many of these theories are neurobiological changes related to the rewarding aspects
of drug seeking and use, and the associative learning processes controlling them. In this
introductory chapter, I will give an overview of the associative learning mechanisms that
are thought to be involved in the development of addiction and explain why we studied
alcohol and gambling addiction. Finally, an outline is given of the chapters included in this
thesis. Chapter 2, then, expands on disruptions in neurocognitive functioning related to
compulsivity that could give rise to addictive behaviors and presents a systematic review of
this literature in gambling disorder.

Associative learning mechanisms in addiction
Behavioral control depends on the capacity to learn relations between actions,
environments, and goals. Our brains are exceptionally well geared to learn to predict events
based on contexts and to use this knowledge to act – especially when rewards are involved.
This learning capacity is adaptive from an evolutionary perspective: survival is dramatically
facilitated if one can learn from previous experiences where, when and what to do to
maximize rewards (and avoid harm). Taking alcohol as an example, being at a party, in a
bar, or in a certain mood (stimuli) is associated with drinking alcohol (actions), which will
result in a pleasurable feeling, elevate your mood and a fun night out (outcomes). Learning
these relationships is called associative learning, and two major types can be distinguished:
instrumental (operant) and Pavlovian (classical) conditioning processes. Several theories
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of addiction explain the gradually diminished control over behavior by changes in these
learning processes, which involve cues predicting rewards and ascribing motivational
value to actions, through the learning systems of the brain (Everitt and Robbins, 2005;
Hyman, 2005; Robinson and Berridge, 2008). These changes, and the neuroadaptive
changes caused by drugs, putatively lead to a loss of flexibility and increase in rigidity and
thus drive compulsive behavior. Environmental factors such as trauma and stress may
additionally impact these decision making processes and contribute to the development
and maintenance of addiction.
In this chapter, I will particularly focus on the habit theory of addiction, which explains
the development of addictive behaviors as a transition from goal-directed control to
strongly formed compulsive habits (Everitt and Robbins, 2005). Much is known about the
neurobiology underlying habits and their relation to addictive behaviors (Everitt and Robbins,
2015). However, most evidence for addictive behaviors as a consequence of compulsive
habits comes from animal studies (Vanderschuren and Everitt, 2004; Vanderschuren et al.,
2005; Belin and Everitt, 2008; Zapata et al., 2010) and evidence in humans is limited (Hogarth
et al., 2018). The general lack of studies translating the evidence for the habit theory from
animal models to humans inspired most of the work presented in this thesis. We have used
predictions from several theories of addiction – largely developed based on animal research
– to derive testable hypotheses regarding deficits in associative learning mechanisms and
reward processing in human addiction.

Pavlovian conditioning, incentive sensitization and changes in reward
processing
All addictive drugs are rewarding and reinforcing to the brain. Through the stimulation
of dopamine transmission, drugs activate the mesolimbic brain reward system (Wise and
Rompre, 1989), connected through the ventral tegmental area in the midbrain to major
inputs like the nucleus accumbens (NAc), part of the (ventral) striatum in the basal ganglia,
and the prefrontal cortex (PFC). With repeated exposure to the same reward, environmental
stimuli that are closely associated in time and space with the pleasurable effects of the
outcome of the behavior (e.g. a bar or a casino), gain ‘incentive salience’ through the process
of Pavlovian conditioning. This strengthening of stimulus-drug associations results in the
attribution of high motivational value to the stimuli that precede drug availability, causing
excessive ‘wanting’ and craving (Robinson and Berridge, 1993). Another result of these
changes is that ‘natural’ rewards (e.g. food or money) increasingly lose their motivational
power. Additionally, the repeated use of drugs results in tolerance and releases increasingly
smaller amounts of dopamine than initially was the case (Volkow and Morales, 2015).
There is much evidence supporting a role for each of the three aforementioned
processes in addiction. Theoretically, it makes sense to assume that these processes
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arise simultaneously. However, many studies investigate these processes in isolation. For
example, ‘cue reactivity’ paradigms have provided evidence that addicted populations
show increased activation of the brain reward system in response to addiction-related
stimuli, while other studies have shown that this response is decreased for the (anticipation
of ) other ‘natural’ rewards. However, the hypothesis that these two dysfunctions co-occur
was never tested directly. Thus, in Chapter 5 we investigated the motivational impact of
Pavlovian cues – both addiction-related and general – on instrumental behavior, to test
the hypothesis that dysfunctions in reward processing (increased with addiction-related,
decreased with general reward cues) would be present within the same individuals, and
that these impairments would be related to each other, and to addiction duration and
severity.

Instrumental conditioning: goal-directed and habitual control, and their
relevance to addiction
In addition to the attribution of incentive, motivational salience to environmental stimuli
through Pavlovian conditioning, the rewarding effects of drugs or addictive behaviors
also reinforce the rate or probability of behaviors that produce them – a process known
as instrumental conditioning. Instrumental conditioning thus involves reinforcement of
actions instead of stimuli (as in Pavlovian conditioning). Such action-outcome learning
can have several effects on behavior. Before turning to their relation to addiction, we will
describe the general properties of these processes.
It has long been known that there are multiple competing systems controlling the
performance of reward-related actions: one controlling the acquisition of goal-directed
actions and the other of habits (Dickinson and Balleine, 1994; Balleine and Dickinson,
1998; Balleine and O’Doherty, 2010). The critical difference between goal-directed and
habitual actions is whether or not, respectively, these are performed with regard to their
consequences. The goal-directed decision-making system is guided by the value of the
predicted outcome of each action, i.e. ‘action-outcome’ associations. This system is flexible
and sensitive to environmental changes, but this comes at the cost of being relatively
slow and cognitively demanding. In contrast, habitual actions do not consider their causal
relationship to, nor the value of their consequences – instead, they are driven by ‘stimulusresponse’ associations. As a consequence, habits are rapid, efficient and require minimal
cognitive effort, but are also rigid and inflexible in the face of environmental changes.
Whereas goal-directed actions are initially controlling behavior, habitual performance
strengthens through behavioral repetition. On a neural level, evidence in both humans and
rodents indicates that goal-directed and habitual actions are mediated by distinct parts of
a corticostriatal circuitry (Balleine and O’Doherty, 2010). Goal-directed learning is controlled
by the medial prefrontal cortex (mPFC), including the orbitofrontal cortex (OFC) and the

13

1

Chapter 1

anterior caudate nucleus, part of the ventral striatum. Habitual control of behavior, on the
other hand, is dependent on the putamen, a more dorsal part of the striatum (Yin and
Knowlton, 2006).
Although habits are very functional in efficiently executing behaviors that repeatedly
occur, their inflexible nature can result in unwanted behaviors if the outcome value changes.
Thus, habits are hard to extinguish. There are clear similarities between the transition from
goal-directed to habitual control and the development of addiction. Indeed, habit has been
suggested as key mechanism in addiction (Tiffany, 1990; Robbins and Everitt, 1999). Initially,
drinking alcohol, using drugs or gambling money is done for its rewarding, hedonic effects.
For many people, these behaviors remain ‘goal-directed’: having a beer with friends to blow
off some steam after work, smoking weed to enjoy going to the movies or going to the
casino to feel the rush of the roulette wheel spinning. Similar to the development of a habit,
repetition may yield these behaviors outcome-independent such that they are no longer
performed for the rewarding effects. This becomes most pronounced in the face of negative
consequences, such as health-related problems or trouble at work or at home. The habit
theory of addiction proposes that over the course of extended drug use, addictive behaviors
become more and more ingrained and automatic and ultimately compulsive (Everitt et
al., 2001; Everitt and Robbins, 2005, 2013, 2015). While initially dependent on instrumental
action-outcome associations, drug seeking and taking is thus increasingly controlled
by Pavlovian stimulus-response habits. At the neural level, this switch from voluntary to
habitual drug seeking is thought to be mediated by a progression from prefrontal to striatal
control, and more specifically ventral to dorsal striatal control over the addictive behavior.
Animal studies modeling the development of addictive behaviors have provided causal
evidence for this neural transition (Everitt et al., 2008). However, it is unclear to what extent
human addiction is characterized by aberrant goal-directed and habitual decision making
and their neural representations. In Chapter 3 and Chapter 4 we tested the hypothesis
that gambling disorder and alcohol use disorder, respectively, would be characterized by
an increased reliance on habitual control of behavior, associated with decreased ventral and
increased dorsal striatal control.

The influence of Pavlovian values on decision making
Pavlovian processes can also modulate instrumental choice. For example, contextual
cues (e.g. a bar) gain general motivational properties that can directly influence and
motivate actions (e.g. to have a beer) – a process known as Pavlovian-to-Instrumental
Transfer [PIT] (Cartoni et al., 2016). Thus, PIT describes the ability of Pavlovian cues to
enhance (or inhibit) instrumental action for an outcome, even when the instrumental
(i.e. action-outcome) and Pavlovian (i.e. stimulus-outcome) associations have been
created independently. For example, you may have planned to visit Rome’s Colosseum
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for the first time, but a green Heineken sign catches your attention and you decide to sit
down at the terrace to have a beer – even though this is the first time you are visiting
Rome in your life. This process can have two fundamentally different forms: outcomespecific transfer and general transfer. Specific transfer is demonstrated by the ability of
specific reward-related cues to bias choice toward actions earning the same reward:
e.g. the Heineken sign that motivates you to have a Heineken. Relying too much on
environmental factors to guide decisions, could thus lead to always drinking Heineken on
city trips (my advice: Try a local beer!). General transfer describes the general motivation
of Pavlovian cues to enhance instrumental actions independent of the outcome: the
Heineken sign may also motivate your decision to grab the bottle of water from your bag.
Lesion studies in animals have found that distinct neural structures mediate general
and specific PIT, with dissociable roles for the basolateral and central amygdala (Corbit
and Balleine, 2005) and the nucleus accumbens core and shell (Corbit and Balleine, 2011),
respectively. Although most human neuroimaging studies have not distinguished general
and specific transfer (Bray et al., 2008; Talmi et al., 2008; Mendelsohn et al., 2014), the two
studies that did, implicate the medial OFC in general transfer and different parts of the
amygdala and ventral striatum in both general and specific transfer (Prévost et al., 2012;
Morris and Balleine, 2015). Importantly, failures to integrate these processes may result in
poor control of goal-directed action and could thus facilitate drug seeking and relapse
(Hogarth et al., 2013a; Balleine et al., 2015; Cartoni et al., 2016; Corbit and Janak, 2016a).
That the development of addiction importantly depends on these transfer effects (Everitt
and Robbins, 2005), with some convergent roles for both types of transfer (Hogarth et al.,
2013a). Again, however, very limited work in humans had investigated transfer in humans,
and none had dissociated between specific and general PIT. In Chapter 4, we therefore
tested whether patients with alcohol use disorder show aberrant Pavlovian-to-instrumental
transfer effects and associated differential brain functioning.

Stress, addiction, habits and their interaction
Stress is a well-known risk factor in the development and maintenance of addiction
(Sinha, 2008). Both acute and chronic stress can increase the motivation to engage in and
the escalation of addictive behaviors; using alcohol, for example, may serve as a coping
strategy to deal with stress or to decrease withdrawal-related distress. Stress may also
increase craving states that are predictive of relapse. Neurobiological models emphasize
the neurotoxic effects of drugs, which cause long-term, persistent dysregulation of brain
reward, learning, and stress pathways (Koob, 2008; Robinson and Berridge, 2008). These
alterations have been hypothesized to cause a negative emotional state when the hedonic
effects of drugs wear out, which in turn drive the negative reinforcement of addiction that
serves as an opponent motivational process (Koob and Le Moal, 2005). This explanation of
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compulsive drug use through negative reinforcement complements the habit theory of
addiction (Everitt and Robbins, 2015).
Interestingly, human studies using classical associative learning paradigms have shown
that acute stress biases behavior towards habits (Schwabe and Wolf, 2009, 2010) through
increases in cortisol levels (Otto et al., 2013; Smeets et al., 2018) and interacts with chronic
stress (Radenbach et al., 2015). Despite these separate lines of research indicating that
stress can increase both (vulnerability for and relapse to) addiction and habitual control,
there is still a knowledge gap regarding the effect of stress on habitual control in addicted
populations. In Chapter 3, we therefore tested the hypothesis that patients with gambling
disorder show an increased reliance on habitual strategies under stress.

Testing habits in the laboratory
As outlined above, there is considerable reason to believe that addiction in part
reflects a dysregulation in two separate learning processes: one system controlling goaldirected and one controlling habitual actions. But how can we distinguish which system
controls performance? A classical test to examine which system controls responding is by
decreasing the value of the reward – a procedure known as outcome devaluation (Adams
and Dickinson, 1981). Food rewards are often used because they are valuable for (often food
deprived) animals and because the value can easily be manipulated, for example by pairing
the consumption with illness or satiation. If actions are goal-directed, this value devaluation
should cause a reduction of responding for that outcome. If actions are habitual, however,
responding should continue even if it no longer produces a valuable reward (or even
leads to aversive outcomes). In humans, various tasks have been developed relying on the
mechanisms of outcome devaluation (Valentin et al., 2007; Tricomi et al., 2009), including
the slips-of-action task that was used in the only study of habit in human addiction (Sjoerds
et al., 2013). In Chapter 4 we have used an outcome devaluation procedure involving real
snack foods to test goal-directed and habitual control of action. Furthermore, the use of
different food rewards made it possible to learn distinct stimulus-outcome and responseoutcome associations, thus facilitating the assessment of specific and general transfer
effects.
A separate, more recent line of research regarding goal-directed and habitual learning
has been developed from the computational theory of reinforcement learning (Daw et al.,
2005; Gläscher et al., 2010). These computational models have described the goal-directed
and habitual system as arising from two distinct forms of reinforcement learning, known
as ‘model-based’ and ‘model-free’ learning (Daw et al., 2011). Compared to the classical
assay of goal-directed control – which requires participants to (over)learn associations to
form habits and then probe which system controls behavior using outcome-devaluation
– this task provides a relatively quick and easy way to differentiate between these systems.
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Additionally, the learning-based approach makes the task well suited for dynamic
neuroimaging studies. For these reasons, the task has been increasingly used in clinical
populations (Voon et al., 2017). Although questions remain about the validity of equating
these computational reinforcement learning models to goal-directed and habitual learning
(Dezfouli and Balleine, 2013), studies have shown that especially decreased model-based
(not model-free) decision-making correlates with traditional indexes of habitual behavior
(Friedel et al., 2014; Gillan et al., 2015; Sjoerds et al., 2016). These studies generally indicate
that decreased model-based control correlates with increased habitual control, as indexed
with outcome devaluation or slips-of-action, but also with increased PIT effects (Sebold et
al., 2016). Similarly, studies in clinical populations indicate reduced model-based control in
schizophrenia (Culbreth et al., 2016) and across a range of ‘compulsive’ disorders (Gillan et al.,
2016) including obsessive-compulsive disorder (Voon et al., 2015a), binge eating disorder,
and methamphetamine dependence (Voon et al., 2015b). In Chapter 3, we therefore
implemented the two-step task, measuring model-free versus model-based decision
making in gambling disordered patients. We hypothesized that patients with gambling
disorder rely more on habitual (model-free) and less on goal-directed (model-based)
strategies under stress.

Brain connectivity
The experimental chapters in this thesis mainly focus on the cortical and striatal regions
that are known to subserve goal-directed and habitual behavior, decision making and
reward processing. Obviously, however, brain areas do not operate in isolation; in order to
process and integrate all kinds of information, they must interact. The striatum is known as
a central hub that receives inputs from and projects back to several cortical and subcortical
regions (Haber and Knutson, 2010). Reward processing, decision making and goal-directed
action are crucially dependent on this corticostriatal network (Haber and Knutson, 2010; de
Wit et al., 2012; Gerraty et al., 2018) and thus, impairments in these connections may cause
dysfunction. In investigating brain connectivity, we largely distinguish two levels: structural
and functional connectivity. Structural connectivity refers to the anatomical connections
between (grey matter) brain areas and is composed of white matter bundles. By carrying
action potentials, these tracts coordinate communication between different brain regions.
Using a specific type of MRI sequence – called diffusion-weighted imaging (DTI) – it is
possible to map white matter tractography in the brain. Functional connectivity, on the
other hand, describes the simultaneous (de-)activation of spatially separated brain areas,
which can be interpreted as long-range communication between these regions. Functional
connectivity can be investigated using functional MRI (fMRI) by looking at patterns of
fluctuations in brain activity, as represented by temporal coherency in the BOLD signal. The
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presence of such statistical relationships between neural activity in two regions, then, is
thought to reflect functional connectivity between them.
Investigating brain connectivity can thus provide crucial information for understanding
distorted patterns of brain network mechanisms in addiction. To obtain a more thorough
picture of impairments that characterize the addicted brain, we thus investigated
abnormalities in both structural and functional brain connectivity in patients with gambling
disorder. In Chapter 6, we investigated structural connectivity using DTI by looking at the
integrity of white matter tracts in gambling disordered patients. We specifically looked at
corticostriatal white matter connections that are known to mediate cognitive flexibility (van
Schouwenburg et al., 2014). In Chapter 7, we investigated functional connectivity during
rest (known as ‘resting-state fMRI’) using independent component analysis (ICA), a datadriven method that detects spatially and temporally independent patterns of coherent fMRI
activity. This method enables the detection of robust networks of brain areas, which can be
used to investigate alterations between addicted groups and healthy control participants.
In this study, we compared network connectivity strength within four well-known networks
between patients with gambling disorder and healthy controls.

Why study alcohol use disorder and gambling disorder?
Alcohol consumption is omnipresent in our society and alcohol use disorder is among
the most prevalent mental disorders worldwide: the prevalence of alcohol use disorder
is estimated to be 4% in Europe (WHO, 2010) and 14% in the United States (Grant et al.,
2015). This high prevalence not only makes it a very relevant disorder to study, but also has
a practical advantage: patients at addiction clinics are most commonly in treatment for
alcohol use disorder, which makes the recruitment of participants more feasible. In order to
be able to investigate the effects of addiction duration, severity and lifetime alcohol use we
decided to include a relatively large number of patients with alcohol use disorder. Although
the development of compulsive drug use is often attributed to the effects of drugs, an
increased propensity to form habits may also be a vulnerability factor for or a consequence
of the addictive behavior itself. Formally teasing these factors apart would require difficult,
expensive and longitudinal studies with large numbers of subjects. An alternative way (and
importantly, one that is feasible for a PhD-project), is to use gambling disorder as a model
for addiction without the confounding neurotoxic effects of drug use. The prevalence of
problem gambling is considerably lower than alcohol use disorder, with an estimated 0.220.15% in the Netherlands (Goudriaan, 2014), and 1-2% in the United States (Petry et al., 2005).
Formerly listed as pathological gambling under “Impulse control disorders not elsewhere
classified”, gambling disorder has recently been relocated to the category “Substancerelated and Addictive Disorders” in the Diagnostic and Statistical Manual of Mental Disorders
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(5th ed.; DSM–5; American Psychiatric Association, 2013). This decision was taken because
of evidence showing similarities in the phenomenology and biology of substance use
disorders (Petry et al., 2014). Similar to substance use disorders, gambling disorder has
severe consequences for the individual and their surroundings and is associated with
reduced quality of life, high monetary debts, divorce and jail (Grant and Chamberlain, 2015)

Outline of this thesis
To summarize the above, in this thesis we will focus on various associative learning
mechanisms and their neurobiological underpinnings related to compulsive behavior in
human addiction. Largely relying on findings from basic animal research, we investigate
goal-directed and habitual control over behavior, reward processing and decision making
in abstinent human patients who were in treatment for either alcohol use disorder or
gambling disorder. In Chapter 2, we start with an inquiry of the various neurocognitive
tasks that may be related to compulsive behavior and systematically review the literature on
this topic in gambling disorder. Compulsive behavior, as assessed by compulsivity-related
neurocognitive tasks, is divided into four subdomains and the results are synthesized using
meta-analyses for each domain. One important finding in reviewing the literature was
the complete lack of studies in the habit-domain in gambling disorder. In Chapter 3 we
investigate the balance between goal-directed and habitual control in gambling disorder
using a two-step decision task (Daw et al., 2011). Moreover, we investigate the influence
of stress on this balance using a within-subject cross-over design. Analysis of this dataset
involved computational modeling of the behavioral data and model-based fMRI analysis
to investigate brain functioning. In Chapter 4 we use fMRI to test corticostriatal control of
goal-directed actions in patients with alcohol use disorder using a Pavlovian-to-Instrumental
transfer and outcome-devaluation task. To this end, we use a task that involves learning new
Pavlovian and instrumental associations with food rewards. In Chapter 5, we test monetary
reward anticipation in the presence or absence of addiction-related cues to study striatal
hyper-/hypofunction in both gambling disorder and alcohol use disorder compared to
controls. In Chapter 6 we report on cognitive flexibility in gambling disordered patients
using a cognitive switch task without monetary feedback while measuring BOLD activity
using fMRI. Additionally, we relate these results to white matter integrity by performing
probabilistic fiber tracking on DTI scans. In Chapter 7 we apply data-driven Independent
Component Analysis (ICA) to fMRI resting-state data to compare patients with gambling
disorder to healthy control participants. Finally, Chapter 8 provides a summary and general
discussion of the findings presented in the thesis.
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Compulsivity-related neurocognitive
performance deficits in gambling
disorder: A systematic review and
meta-analysis

van Timmeren T
Daams JG
van Holst RJ*
Goudriaan AE*
* shared last authorship

Neuroscience Biobehavioral Reviews, 2018. 84: 204–217

Chapter 2

Abstract
Compulsivity is a core feature of addictive disorders, including gambling disorder.
However, it is unclear to what extent this compulsive behavior in gambling disorder
is associated with abnormal compulsivity-related neurocognitive functioning. Here,
we summarize and synthesize the evidence for compulsive behavior, as assessed by
compulsivity-related neurocognitive tasks, in individuals with gambling disorder compared
to healthy controls (HCs). A total of 29 studies, comprising 41 task-results, were included in
the systematic review; 32 datasets (n=1,072 individuals with gambling disorder; n=1,312
HCs) were also included in the meta-analyses, conducted for each cognitive task separately.
Our meta-analyses indicate significant deficits in individuals with gambling disorder in
cognitive flexibility, attentional set-shifting, and attentional bias. Overall, these findings
support the idea that compulsivity-related performance deficits characterize gambling
disorder. This association may provide a possible link between impairments in executive
functions related to compulsive action. We discuss the practical relevance of these results,
their implications for our understanding of gambling disorder and how they relate to
neurobiological factors and other ‘disorders of compulsivity’.
Systematic review registration: PROSPERO CRD42016050530.
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Chapter 2

1. Introduction
1.1 Rationale
Pathological gambling has recently been reclassified as a behavioral addiction and
renamed as Gambling Disorder (DSM-5; American Psychiatric Association, 2013). This
decision was largely based on clinical and neurobiological similarities with substanceuse disorders (Romanczuk-Seiferth et al., 2014b; Fauth-Bühler et al., 2017). Similar to drug
addiction, symptoms of gambling disorder include repeated unsuccessful efforts to stop
gambling, feeling restless or irritable when attempting to stop and diminished ability to
stop gambling despite the negative consequences of gambling. Gambling disorder was
previously classified as an impulse control disorder and has long been associated with
higher impulsivity (Verdejo-García et al., 2008). Now that gambling is reclassified as a
behavioral addiction, there is an increased need to focus on the compulsive aspects of the
behavior, which may be central to understanding the pathology of gambling disorder (e.g.
El-Guebaly et al., 2012; Leeman and Potenza, 2012), and addiction in general.
Addiction can be viewed as the endpoint in a series of transitions: from initial goaldirected through habitual to eventually compulsive addictive behavior (Everitt and Robbins,
2005). Phenomenological models of addiction also highlight the motivational shift from
impulsivity to compulsivity (El-Guebaly et al., 2012). Self-report questionnaires assessing
addiction-specific compulsive tendencies indeed indicate the presence of compulsive
behavior in addictive populations (Anton et al., 1995; Blaszczynski, 1999; Bottesi et al.,
2014; Vollstädt-Klein et al., 2015). Moreover, in addition to compulsive drug use behavior,
impairments in general compulsivity-related executive functions, such as perseverative
behaviors or cognitive inflexibility, might also be related to addiction (Fineberg et al.,
2014). Because gambling disorder may provide a model of drug-free addiction, it offers
the opportunity to investigate compulsivity as an endophenotype for addiction. Other
behaviors, such as food, sex, and Internet addiction, can potentially be compulsive too
(Morris and Voon, 2016). However, these behaviors were outside the scope of the current
review, as they are not included under the ‘Substance-related and Addictive Disorders’
category in the DSM-5 due to insufficient research.
Studies investigating compulsivity, i.e. the performance of repetitive acts despite the
negative consequences, in individuals with gambling disorder are scarce. This may be
due to the complex, multi-faceted nature of the construct. Indeed, compulsivity can be
conceptualized in various ways, which seem to differ between disorders and descriptions
(Yücel and Fontenelle, 2012). Importantly, and as opposed to impulsivity, the number of
research instruments to assess compulsivity is limited. Therefore it has been suggested that,
although useful as a concept for clinicians, compulsivity “is too ambiguous and confusing
for research studies of the topic” (Yücel and Fontenelle, 2012). On the other hand, new
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definitions of compulsivity have been proposed which account for its multi-dimensionality
and offer opportunities to systematically study the mechanisms that contribute to
compulsive behavior (e.g. Fineberg et al., 2010; Dalley et al., 2011).
Compulsive behavior is likely to result from disruptions in various cognitive processes,
including attention, perception, and the regulation of motor or cognitive responses. A
recent theoretical review of compulsivity by experts in this field has proposed a framework in
which compulsivity is subdivided into four separate, neurocognitive domains: contingencyrelated cognitive flexibility, task/attentional set-shifting, attentional bias/disengagement,
and habit learning (Fineberg et al., 2014). Each of these domains entails a separate
component of compulsivity with a separate neural circuitry (Fineberg et al., 2014) and can
be operationalized with specific neurocognitive tasks (see Table 1). One critical component
of compulsive behavior, mainly associated with repetitive behavior, is the inability to
adapt to a situation flexibly. Neurocognitive tasks assessing cognitive (in)flexibility either
(i) manipulate contingencies, which is mainly dependent on learning/unlearning behavior
(contingency-related cognitive flexibility), (ii) manipulate attentional response modes (task/
attentional set-shifting) or (iii) test the ability to inhibit a prepotent, automatic response
(attentional bias/disengagement) (Fineberg et al., 2014). Another component that may give
rise to compulsivity is (iv) over-reliance on habit learning: the tendency of actions that are
often repeated to become automatic and insensitive to goals. For heuristic purposes, we
chose to use these four domains as a framework to organize and investigate the evidence
for compulsivity in gambling disorder.
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Table 1. Four domains of compulsivity
Neurocognitive
domain*

Definition

Task

Contingency-related
cognitive flexibility

Impaired adaptation of Probabilistic Reversal
behavior after negative Learning Task
feedback
Card Playing Task

Deterministic Reversal
Learning Task
Contingency Learning
Task
Task/attentional setshifting

Attentional bias/
disengagement

Habit learning

Impaired switching
of attention between
stimuli

Commission /
Perseveration errors (1)

# studies
in GD
4

3

1
1

Wisconsin Card Sorting Perseverative errors (9);
Task
total trials (1)

10

Intra-Extra
Dimensional Set Shift

Total errors (4)

4

Switch task

Accuracy (1)

1

Impaired shifting of
Stroop task
mental sets away from
stimuli
Trail Making Task (B)
Lack of sensitivity to
goals or outcomes of
actions

Outcome
(# studies reporting
this outcome)
Number of reversals
(1); money won (1);
perseverative errors (1);
reversal cost (1)
Number of cards played
(1); perseveration level
(categories) (2)
Mean error rate (1)

Interference index (9); RT 13
/ % incorrect (4)
Time to complete (6)

6

Two-step decision task Model-based and
model-free choices

0

Fabulous Fruit Game

Slips-of-action errors

0

Devaluation task

Valued versus devalued
choice ratio

0

GD = Gambling Disorder; RT = Reaction Time * Domains from Fineberg et al. (2014);

1.2 Objectives
The central aim of this systematic review and meta-analysis is to summarize and
integrate, for the first time, the empirical evidence for impairments in compulsivity-related
neuropsychological functions in gambling disorder. Accordingly, we set out to answer the
following question (following PICO-criteria): in individuals suffering from gambling disorder,
is there evidence for compulsive behavior, compared to HCs, as assessed by neurocognitive
measures? To this end, we systematically reviewed the literature on gambling disorder to
include all experimental studies measuring one of the four components of compulsivity
(Table 1). In addition, meta-analyses were performed for all separate tasks within each
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domain (with a minimum of 3 studies per task) to summarize the available knowledge.
We hypothesized that compulsivity-related neuropsychological functions are impaired in
individuals with gambling disorder compared to HCs.

2

2. Methods
This systematic review and meta-analysis was conducted and reported in accordance
with the Preferred Reporting Items for Systematic reviews and Meta-Analyses for Protocols
2015 (PRISMA-P 2015) guidelines (Moher et al., 2015) and has been registered in PROSPERO
International Prospective Register of Systematic Reviews (crd.york.ac.uk/prospero,
registration number: CRD42016050530). The PRISMA for Protocols (PRISMA-P) checklist for
the review is also included in Supplementary File 1.

2.1 Information sources and search strategy
We started by searching the WHO International Clinical Trials Registry Platform (WHO
ICTRP) and ClinicalTrials.gov for potentially eligible ongoing trials. Original articles were
searched using Ovid MEDLINE, Embase and PsycINFO. The searches were conducted in
August 2016 and updated in February 2017.
A scoping search identified the following key concept [ ] combinations: [gambling
disorder] AND ([compulsion] OR [neuropsychological tests] OR [measured relevant test
parameters]). Subsequently, these key concepts were adapted for each bibliographic
database applying appropriate (controlled) terms, database specific search fields and
syntaxes. See Appendix 1 (Supplementary data) for a fully detailed search strategy.
It should be noted that tasks assessing disorder-specific attentional bias were not
considered, because behavioral differences between individuals with gambling disorder
and HCs are not (necessarily) related to cognitive flexibility per se, but rather to the
addiction itself and, therefore, not relevant for the cross-diagnostic endophenotype of
compulsivity. Moreover, disorder-specific attentional bias might reflect multiple underlying
processes (Field and Cox, 2008). For these reasons, we did not consider including tasks like
the gambling-specific Stroop task or the gambling-specific Dot-Probe Task.

2.2 Eligibility criteria
Selected studies had to fulfill the following inclusion criteria: the study included human
subjects aged 18-65 years; the study included DSM-5 Gambling Disorder patients, DSM-III,
DSM-III-R or DSM-IV Pathological Gamblers or gamblers with a SOGS score greater than 5;
the study included a healthy control group; and the study had a minimum of 10 subjects
per group. Moreover, studies had to include an experimental task or paradigm to test an
aspect of compulsivity, as defined by the four domains (Table 1). Original articles were
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included irrespective of language, publication year, publication type, or publication status.
The complete list of references was exported to EndNote X7 to remove duplicates and was
subsequently imported to Rayyan (Elmagarmid et al., 2014) for title and abstract screening.

2.3 Study selection
The titles and abstracts of all the identified studies were independently screened
for eligibility by two authors (TvT and RJvH). Any discrepancies between the reviewer’s
decisions were resolved by discussion until an agreement was reached (<1% of articles).
The selected articles were subsequently read in full, to see if all inclusion criteria were met.
We actively screened for duplicate publications or re-use of the same dataset and, when
encountered, the latest or most complete dataset was used.

2.4 Data extraction and study quality
The following data were extracted from the selected studies: demographic and clinical
characteristics of study composition (size, gender, age, clinical diagnosis, gambling severity);
type of neurocognitive test used; reported outcome measure; main result of the study;
primary test parameters, means and standard deviation along with other critical statistical
information from which effect sizes could be computed (see Table 2). If primary test
parameters were different from other studies using the same cognitive task, we contacted
the corresponding authors. Two studies were excluded from both the systematic review
and the meta-analyses because the interpretation of the reported outcome parameters was
unclear and could not be clarified.
Two raters (NMS and JMK) independently rated each study for methodological quality
on an 8-item validity scale assessing methodological rigor, selection and reporting bias.
A previously used checklist (Thompson et al., 2016), which was based on items from the
Cochrane Collaboration criteria, PRISMA recommendations, and PEDro guidelines, was
adapted by removing items assessing randomization of groups and blinding procedures, as
these were not applicable to studies examined in the current review (5 items). Quality levels
of evidence were defined as high (6–8 points), medium (3–5 points) or low (0–2 points).

2.5 Data analysis and synthesis
Because different studies used different tests and test parameters, standardized mean
differences (SMD) in effect sizes (Hedge’s g) were calculated to assess the difference between
individuals with gambling disorder and HCs across studies. This is a measure similar to
Cohen’s d but with a correction for small sample bias, and the results may be interpreted as
reflecting a small (g = 0.2–0.5), medium (g = 0.5–0.8) or large (g > 0.8) effect. Hedges’ g was
coded so that positive values indicated better performance in HCs compared to individuals
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with gambling disorder. Effect sizes were computed using the original (unadjusted) standard
deviations; if necessary, standard errors were converted to standard deviations (indicated in
the corresponding tables).
As each neurocognitive task tests a different aspect of ‘compulsivity’ and since there
is a large variation in their test parameters, meta-analyses were conducted for each task
separately. To be included in the meta-analyses, a minimum of 3 studies per task was required.
Due to the expected heterogeneity between study samples and methodological variation,
random-effects models were used for overall between-group analyses. A significance level
of p < 0.05 (two-tailed) was used. The presence of heterogeneity was tested using Cochran’s
Q and its magnitude estimated using I2, which can be interpreted as the proportion of
effect size variance due to heterogeneity. For tasks that included five or more studies,
meta-regression analyses were performed with age, gender, IQ and gambling severity as
covariates. We used the between-group difference of age, gender, and IQ (calculated using
Cohen’s d) as a covariate in the meta-regression analyses. All analyses were conducted using
Comprehensive Meta-Analysis V2 (CMA, Bio-Englewood, New Jersey, US).

3. Results
3.1 Identified studies
The initial search identified 5,521 unique studies, of which 29 could be included in this
review. Figure 1 shows a PRISMA Flow Diagram illustrating the study selection process. The
number of studies excluded after full-text screen due to “Wrong cognitive task” is relatively
large because studies using the Iowa Gambling Task (n=20) were not yet excluded during
abstract screening. These were excluded during full-text screening, however, because they
did not fit with any of the four compulsivity-domains. Moreover, we initially wanted to
include compulsivity questionnaires, so these were included in the search term and selected
during title and abstract screening. However, we ultimately refrained from including selfreport questionnaires in the final synthesis: questionnaires are rarely the primary outcome
measure and studies often do not report the use of such questionnaires in their abstract.
Therefore, the chance of missing studies which included questionnaires was high, making
it impossible to include them systematically and comprehensively.
The 29 included studies comprised a total of n=1,072 individuals with gambling disorder
and n=1,312 HCs. Although not all studies tested gamblers who were in therapy or obtained
a formal diagnosis of gambling disorder (specified in Tables 3-5), we did only include
studies which tested gamblers who scored higher than the clinical cutoff on gambling
questionnaires. Therefore, we will refer to them as individuals with gambling disorder
throughout the manuscript. The quality score was “medium” for three studies and “high”
for 26 studies (Supplementary Table 1). In the following sections, subdivided into the four
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Identification

8226 Studies identified

Screening

domains, we describe each task and its most common test parameters; give a qualitative
summary of the findings; and present the results of the meta-analysis. Tables 2-4 provide
a detailed summary of the studies included for each domain. For those neurocognitive
tasks that comprised 3 or more studies, meta-analyses were conducted; individual plots are
shown in Figures 2-4.

5521 Articles screened (title and abstract)

2705 Duplicates

5462 Excluded

89 Full articles screened

Eligitibility

59 Excluded for following reasons:
27 Wrong cognitive task
13 Questionnaires
9 Wrong population
6 Poster abstract
3 Same data as previously
reported
1 Bad quality

Included

30 Studies included (qualitative synthesis)
44 Results included (qualitative synthesis)

Meta-analysis (quantitative synthesis)
25 Studies included
34 Datasets included

Figure 1. Flowchart illustrating the number of articles identified and those included and excluded
at each stage of the search. In some studies, multiple cognitive tasks were reported that could be
included in the meta-analysis. Therefore, the number of results and datasets is higher than the number
of studies.
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Janssen et al., 2015

Vanes et al., 2014

Thompson et al., 2013

Goudriaan et al., 2005

Brevers et al., 2012

Verdejo-Garcia et al., 2015

Torres et al., 2013

28 GD,
33 AD,
19 HC (♂)
18 GD,
22 HC (♂)

48 GD (8♀),
46 AD (10♀),
47 TS (15♀),
49 HC (15♀)
42 GD (2♀),
39 HC (20♀)

23 HC (2♀)
18 GD (2♀),
18 CD (1♀),
18 HC (1♀)
65 GD (15♀),
35 HC (6♀)

19 GD (5♀),
19 HC (3♀)
19 GD,
19 ND,
19 HC (♂)
21 GD (2♀),
20 CD (♂),

Boog et al., 2014

De Ruiter et al., 2009

Population
(♀/♂)

Study

GD=35.2,
HC=32.2

GD=36.6,
HC=39.1

GD=25.0,
HC=24.8

GD=39.0,
HC=35.8

GD=38.9,
HC=43.2

GD=33.5,
HC=31.1

GD=31.4,
HC=30.1

GD=42.1,
HC=38.8
GD=34.3,
HC=34.1

Age

mix

yes

no

yes

no

yes

yes

DSM-IV;
SOGS=12.3

DSM-IV;
SOGS=10.6

SOGS=9.1

DSM-IV;
SOGS=13.9

DSM-IV;
SOGS=7.1

DSM-IV

DSM-IV

DRLT

CLT

CPT

CPT

CPT

PRLT

PRLT

In
Clinical measure Task
treatment
yes
DSM-IV;
PRLT
SOGS=8.3
yes
DSM-IV;
PRLT
SOGS=8.9

GD = HC

GD < HC

GD < HC

GD < HC

GD = HC

GD = HC

GD < HC

GD < HC

GD vs HC

error rates on reversal GD = HC
trials; mean error rate

perseverative errors

total cash won;
#cards played

#cards played
(categories)

#cards played
(categories)

hit & error rates

overall number of
correct choices

money won

number of reversals

Outcome

Table 2. Overview included studies within Contingency-related cognitive flexibility domain

GDs played a higher amount of
cards and won a smaller amount
of cash, indicating perseveration
GDs showed some indication of
perseveration in the initial phase

More GDs used an extremely
perseverative card selection
strategy; perseveration correlated
with SOGS score
More GDs used a perseverative
card selection strategy

GDs won less money than
smokers and HCs

GDs made less reversals

Result
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32

Zhou et al., 2016

Rugle et al., 1993

Ledgerwood et al., 2012

Hur et al., 2012

Goudriaan et al., 2006

Forbush et al., 2008

Cavedini et al., 2002

Boog et al., 2014

33 HC (♂)
23 GD (5♀),
23 IAD (6♀),
23 HC (7♀)

33 GD,

31 OCD (8♀),
52 HC (16♀)
45 GD (21♀),
45 HC (23♀)

15 BN (♀)
54 GD (35♀),
65 HC (38♀)
19 GD (5♀),
19 HC (3♀)
20 GD (1♀),
40 HC (22♀)
25 GD (11♀),
34 HC (25♀)
49 GD (9♀),
48 AD (11♀),
46 TS (14♀),
50 HC (15♀)
16 GD (♂),

15 GD,
15 HC,

Álvarez-Moya et al., 2009

Black et al., 2013

Population
(♀/♂)

Study

GD=29,
HC=28

GD=41.3,
HC=40.8

GD=46.1,
HC=45.8

GD=28.3,
HC=25.1

GD=45.3,
HC=47.5
GD=42.1,
HC=38.8
GD=38.5,
HC=30.3
GD=46.9,
HC=41.9
GD=37.3,
HC=35.6

GD=44.4,
HC=35.5

Age

yes

yes

mix

yes

yes

no

yes

yes

mix

In
treatment
yes
WCST

DSM-IV

SOGS=17.9

DSM-IV

DSM-IV;
SOGS=15.8

DSM-IV;
SOGS=11.6

DSM-IV;
SOGS=15.8
DSM-IV; SOGS≥5

WCST

WCST

WCST

WCST

WCST

WCST

WCST

DSM-IV;
WCST
NODS=13.7
DSM-IV; SOGS=8.3 WCST

DSM-IV;
SOGS=11.2

Clinical measure Task

Table 3. Overview included studies within Task/attentional set-shifting domain

perseverative errors;
categories

total trials

perseverative
responses; categories

perseverative errors;
non-perseverative
errors

perseverative errors;
categories
perseverative
responses and errors
perseverative
responses;
#categories

perseverative
responses
perseverative errors

perseverative errors

Outcome

GD < HC;
GD < HC

GD < HC

GD= HC;
GD < HC

GD= HC;
GD < HC

GD= HC;
GD < HC

GD < HC

GD = HC

GD = HC

GD < HC

GD < HC

GD vs HC

GDS made more perseverative
responses and errors than HCs
GDs did not make more
perseverative responses
compared to HCs, but completed
fewer categories
GDs did not make more
perseverative responses
compared to HCs, but did show
more non-perseverative errors
GDs did not make more
perseverative responses
compared to HCs, but did
complete fewer categories
GDs used more trials to finish
six correct sets, indicating worse
perseveration
GDs made more perseverative
errors compared to HCs and
completed fewer categories

GDs made more perseverative
errors than HCs

GDs made more perseverative
errors than HCs

Results
(p<0.05)
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15 GD ,
15 IGD,
15 ADs,
15 HC (♂)
30 GD,
30 HC (♂)
46 GD (23♀),
69 PrGs (16♀),
135 HC (55♀)
18 GD,
20 HC (?)
26 GD,
26 HC (♂)

Choi et al., 2014

GD=45,
HC=41
GD=37.1,
HC=37.9

GD=37.1,
HC=37.2
GD=45.4,
HC=23.4

GD=27.5,
HC=25.3

Age

yes

yes

no

yes

In
treatment
yes

DSM-IV;
SOGS=14.3
DSM-IV;
SOGS=11.1

DSM-IV;
SOGS=13.4
DSM-IV; SCID=7.5

23 GD,
29 CD,
20 HC (?)
15 GD,
15 BN,
15 HC (♀)
54 GD (35♀),
65 HC (38♀)
22 GD (2♀),
31 HC (4♀)

Albein-Urios et al., 2012

De Wilde et al., 2013

Black et al., 2013

Álvarez-Moya et al., 2009

Population
(♀/♂)

Study

GD=45.3,
HC=47.5
GD=33,5,
HC=28.1

GD=44.4,
HC=35.5

GD=35.6,
HC=28.6

Age

total errors

total errors

total errors

Outcome

yes

mix

yes

DSM-IV;
NODS=13.7
DSM-IV;
SOGS=11.1

DSM-IV;
SOGS=11.2

GD < HC

Stroop RT

Stroop interference index

GD < HC

GD = HC

Stroop interference score* GD < HC

In
Clinical measure Task
Outcome
treatment
yes
DSM-IV
Stroop interference index

GD = HC

GD < HC

GD < HC

GD = HC

GD < HC

GDs completed fewer trials than
HCs

PGs made more errors than HCs

PGs made more errors than HCs

Results
(p<0.05)

GDs were significantly slower task
than HCs

GDs had a higher interference score
than HCs

GDs showed inhibition problems
compared to HCs

Result

GD vs HC

GD vs HC

IEDtotal responses
like
Switch switch cost; %correct
task
switches

IED

IED

DSM-5; PGSI=19.9 IED

Clinical measure Task

Table 4. Overview included studies within Attentional bias/disengagement domain

van Timmeren et al., 2016

Patterson et al., 2006

Odlaug et al., 2011

Manning et al., 2013

Population
(♀/♂)

Study

Table 3. Continued
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34

Black et al., 2013

Regard et al., 2003

Potenza et al., 2003

Kertzman et al., 2006

McCusker et al., 1997

Ledgerwood et al., 2012

Lai et al., 2011

Hur et al., 2012

54 GD (35♀),
65 HC (38♀)

11 HC (♂)
21 GD (1♀),
19 HC (1♀)

15 HC (♂)
62 GD (20♀),
83 HC (25♀)
13 GD,

40 HC (♂)
45 GD (21♀),
45 HC (23♀)
15 GD,

31 OCD (8♀),
52 HC (16♀)
37 GD,

25 GD (11♀),
34 HC (25♀)
49 GD (9♀),
48 AD (11♀),
46 TS (14♀),
50 HC (15♀)
16 GD (♂),

Forbush et al., 2008

Goudriaan et al., 2006

Population
(♀/♂)

Study

Table 4. Continued

GD=45.3,
HC=47.5

GD=33.6,
HC=34.4

GD=40.6,
HC=40.4
GD=35.2,
HC=29.0

GD=46.1,
HC=45.8
GD=33.6,
HC=23.4,

GD=36.4,
HC=35.6

GD=28.3,
HC=25.1

GD=46.9,
HC=41.9
GD=37.3,
HC=35.6

Age

mix

yes

yes

yes

yes

mix

yes

yes

yes

DSM-IV;
NODS=13.7

DSM-III

DSM-IV;
SOGS=12.6

DSM-IV; SOGS>5

-

DSM-IV

DSM-IV;
SOGS=14.3

DSM-IV;
SOGS=15.8

DSM-IV;
SOGS=11.6

TMT

TMT_B (sec)

Stroop RT; number of
errors

Stroop % incorrect; RT
incorrect

Stroop interference index

Stroop RT

Stroop interference index

Stroop interference index

Stroop interference index

Stroop interference index

In
Clinical measure Task
Outcome
treatment
no
DSM-IV; SOGS>5 Stroop interference index

GD = HC

GD = HC;
GD < HC

GD = HC

GD < HC

GD = HC

GD = HC

GD = HC

GD = HC

GD < HC

GD < HC

GD vs HC

GDs were not slower but did make
more errors on the Stroop task than
HCs

GDs showed inhibition problems
compared to HCs

GDs showed inhibition problems
compared to HCs
GDs showed inhibition problems
compared to HCs

Result
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15 GD,
15 IGD,
15 ADs,
15 HC (♂)
25 GD (11♀),
34 HC (25♀)
16 GD (♂),
31 OCD (8♀),
52 HC (16♀)
33 GD,

Choi et al., 2014

GD=41.3,
HC=40.8

GD=46.9,
HC=41.9
GD=28.3,
HC=25.1

GD=27.5,
HC=25.3

Age

yes

yes

no

SOGS=17.9

DSM-IV;
SOGS=15.8

DSM-IV; SOGS≥5

TMT

TMT

TMT

In
Clinical measure Task
treatment
yes
DSM-5; PGSI=19.9 TMT

TMT_B (sec)

TMT_B (sec)

TMT_B (sec)

TMT_B (sec)

Outcome

GD = HC

GD = HC

GD = HC

GD = HC

GD vs HC

Result

33 HC (♂)
Abbreviations tables: Population: GD = Gambling Disordered patients; HC = Healthy Controls; ND = Nicotine Dependent patients; CD = Cocaine Dependent patients;
AD = Alcohol Dependent patients; TS = Tourette Syndrome patients; BN = Bulimia Nervosa patients; OCD = Obsessive-Compulsive Disorder patients; IAD = Internet
Addiction Disorder patients; IGD = Internet Gaming Disorder patients; PrGs = Problematic Gamblers; ♂ = Male; ♀ = Female; ? = gender not reported Abbreviations
Clinical Measure: DSM = Diagnostic and Statistical Manual of Mental Disorders; SOGS = South Oaks Gambling Screen; PGSI = Problem Gambling Severity Index; SCID =
Structured Clinical Interview for the DSM; NODS = NORC Diagnostic Screen for Gambling Problems. Abbreviations Tasks: PRLT = Probabilistic Reversal Learning Task; CPT
= Card Playing Task; DRLT = Deterministic Reversal Learning Tasks; CLT = Contingency Learning Task; WCST = Wisconsin Card Sorting Task; IED = Intra-Extra Dimensional
Set Shift; TMT = Trail Making Task. Abbreviations Outcome measures: RT = Reaction Time; * = interference was computed as: [#items third list − ((#Words × #Colors)/
(#Words + #Colors))]; TMT_B = Trail Making Test part B. GD vs HC: GD < HC reflects GD patients performing significantly worse than HCs.

Rugle et al., 1993

Hur et al., 2012

Forbush et al., 2008

Population
(♀/♂)

Study

Table 4. Continued
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3.2 Contingency-related cognitive flexibility
Contingency-related cognitive flexibility involves learning a rule and the subsequent
adaptation of behavior after a rule change using trial-by-trial feedback. A subject thus needs
to learn and unlearn contingencies flexibly. In the included studies, four tasks were identified
that met this description: the Probabilistic Reversal Learning Task, the Card Playing Task, a
Deterministic Reversal Learning Task and a Contingency Learning Task.
3.2.1 Probabilistic Reversal Learning Task
In the Probabilistic Reversal Learning Task (PRLT; Cools et al., 2002), subjects choose
between (usually) two stimuli and learn that one of two choices is ‘good’ while the other
is ‘bad’. The stimulus is partly predictive of the outcome (i.e. probabilistic), e.g. 70% of the
time the feedback is correct and 30% of the time the feedback is false. After successfully
learning to discriminate between the good and bad option, the rule changes (i.e. a reversal)
and the participant needs to adapt to the new rule. Different versions of this task are used,
with reversals occurring either at a fixed number of trials or after a fixed number of correct
responses. Depending on the moment of reversal, perseveration can be reflected by the
number of correct choices after a rule change, the total number of reversals completed or the
total amount of money earned (in all measures, lower scores reflect higher perseveration).
Four studies were identified that used the PRLT in gambling disordered groups. In two
studies (de Ruiter et al., 2009; Boog et al., 2014) individuals with gambling disorder showed
response perseveration, whereas in the other two studies (Torres et al., 2013; VerdejoGarcía et al., 2015) no significant behavioral problems were observed on this task. Although
different versions of the PRLT were used in each study (see Table 2), they were comparable
with respect to testing ‘perseverance’ and therefore, all studies were included in the metaanalysis.
Data of all four studies, including a total of 77 individuals with gambling disorder and 79
HCs, were pooled and revealed no significant impairment on the PRLT between individuals
with gambling disorder and HCs (effect size = 0.479; Z-value = 1.452; p = 0.144) (Figure 2A).
However, for this task, considerable heterogeneity was evidenced (Q = 11.7, p < 0.01, I2 =
74%) (Supplementary table 2). This heterogeneity was not significantly be explained by any
factors considered in the meta-regression (gender, age, IQ and gambling severity, which
indeed were comparable across studies), but may reflect the fact that a different outcome
measure of the PRLT was reported in each study.
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3.2.2 Card Playing Task
In the Card Playing (or Perseveration) task (CPT; Newman et al., 1987), the participant
is presented with a deck of cards and is told that a face card wins money and a number
card loses money. The participant must decide, on a trial by trial basis, whether to continue
playing or to quit the task. When continuing, a card is turned which results in either winning
(i.e. when a face card is turned) or losing (i.e. when a number card is turned) a certain
amount of money. Initially, the win-to-loss ratio is high (e.g. 90%), but this ratio decreases by
10% after every block of 10 trials, until it is 0 percent. It is thus optimal to continue to play for
40-60 trials and then quit playing. The outcome measure of this task is the number of cards
turned; continuing to play when the win-to-loss ratio is clearly no longer positive (>60 trials)
indicates perseveration.
We found three studies that used the CPT in gambling disorder groups. All studies
found significant differences between individuals with gambling disorder and HCs, with
more individuals with gambling disorder using an (extremely) perseverative card selection
strategy (Goudriaan et al., 2005; Brevers et al., 2012; Thompson and Corr, 2013). Data of all
three studies, including a total of 155 individuals with gambling disorder and 123 HCs, were
pooled to reveal a significant overall effect of individuals with gambling disorder being more
perseverative than HCs (effect size=0.569; Z = 3.776, p<0.001) (Figure 2B). Heterogeneity
was very low (Q = 1.0, p = 0.60, I2 = 0%)(Supplementary table 2).
3.2.3 Other tasks
Two other tasks assessing contingency-related cognitive flexibility in individuals with
gambling disorder versus HCs were identified: a Deterministic Reversal Learning Task (DRLT;
Janssen et al., 2015) and a Contingency Learning Task (CLT; Vanes et al., 2014).
The DRLT is similar to the PRLT but more straightforward, as the stimulus is entirely
predictive of the outcome (i.e. reward or punishment) rather than probabilistic. The primary
outcome measure is the error rate after reversal, with more errors after reversal indicating
perseverative responding. Janssen et al. (2015) reported no behavioral performance deficits
in individuals with gambling disorder versus HCs on this task.
The CLT is akin to the DRLT but includes four contingencies, only one reversal phase, and
an additional extinction phase. Perseveration errors during the reversal phase are interpreted
as reflecting cognitive inflexibility. Vanes et al., (2014) found no significant differences in the
number of perseveration errors between individuals with gambling disorder and HCs.
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Figure 2. Forest plot for the summary effect size of the difference on (A) the Probabilistic Reversal Learning Task and (B) the Card Perseveration Task
between GD patients and HCs. *No standard deviation was reported in this study, but computed based on the Standard Error. The size of the squares
reflect the relative weight of the studies for the pooled estimate. The diamond indicates the overall effect size.

B) Card Playing Task

A) Probabilistic Reversal Learning Task

Domain 1: Contingency-related cognitive flexibility
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3.3 Task/Attentional Set-Shifting
Task or attentional set-shifting requires the ability to switch frequently among a set of
tasks or response modes. It involves visual discrimination and attentional maintenance and
shifting. Whereas contingency-related cognitive flexibility tasks contain switches within one
set, task/attentional set-shifting tasks involve multiple sets (e.g. color, number or shape). This
requires one to pay attention to various dimensions of the stimuli. A total of three tasks were
identified within this domain: the Wisconsin Card Sorting Task, the Intra-Extra Dimensional
Set-Shift and the Switch Task.
3.3.1 Wisconsin Card Sorting Test
The Wisconsin Card Sorting Test (WCST; Heaton et al., 1981) is the most commonly used
set-shifting task in humans. The participant is asked to sort response cards according to
one of three classification modes (color, form, and number). The rule is acquired using the
feedback provided after each response. After a fixed number of correct matches, the rule
is changed and the participant must shift to a new mode of classification. Test parameters
include the number of categories completed, the total number of errors and – most relevant
for compulsivity – the number of perseveration errors (i.e. errors after a rule change).
A total of nine studies in individuals with gambling disorder using this task were found, of
which eight studies reported significantly worse performance in individuals with gambling
disorder versus HCs on at least one test parameter (not necessarily perseveration errors).
Combining all studies and including a total of 274 individuals with gambling disorder and
342 HCs, a highly significant effect was found, with individuals with gambling disorder
making more perseverative errors than HCs (effect size=0.518; Z = 5.895, p < 0.001) (Figure
3A). Heterogeneity was low (Q = 10.9, p = 0.28, I2 = 17%) (Supplementary Table 2).
3.3.2 Intra-Extra Dimensional Set-Shift (IED)
In the Intra-Extra Dimensional Set-Shift (IED) task (Robbins et al., 1998), two stimuli are
presented. One is correct and one incorrect. Using a touch screen, the participant touches
one of two stimuli and is presented with feedback. After six correct trials, the stimuli and/
or rule change: initially, the stimuli are composed of one ‘dimension’ (i.e. color-filled shapes)
and the changes are intra-dimensional (i.e. from one color-filled shape another color-filled
shape). Later, the stimuli are composed of two ‘dimensions’ (i.e. color-filled shapes and white
lines) and, during the last stage, changes are extra-dimensional (i.e. from color-filled shapes
to white lines). Test parameters include the number of stages completed, the number of
intra-dimensional errors, the number of extra-dimensional errors and, most consistently
reported in the studies here and indicative of perseverative responding, the total number
of errors.

39

2

40

Figure 3. Forest plot for the summary effect size of the difference on (A) the Wisconsin Card Sorting Task and (B) the Intra Extra Dimensional Set Shift between
GD patients and HCs. The size of the squares reflect the relative weight of the studies for the pooled estimate. The diamond indicates the overall effect size.

B) Intra-Extra Dimensional Set-Shift

A) Wisconsin Card Sorting Test

Domain 2: Task / attentional set-shifting
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In the four studies that used the IED, three found that individuals with gambling disorder
made significantly more errors than HCs (Patterson et al., 2006; Odlaug et al., 2011; Choi et
al., 2014) and one study found no group differences (Manning et al., 2013). One study using
an earlier version of the IED (Patterson et al., 2006) was not included in the meta-analysis
because a different test parameter was reported. Combining the other three studies with
a total of 91 individuals with gambling disorder and 180 HCs showed a significant overall
impairment in individuals with gambling disorder on the IED (effect size = 0.412, Z =
2.046, p = 0.041) (Figure 3B). Heterogeneity was relatively low (Q = 3.71, p = 0.16, I2 = 46%)
(Supplementary Table 2).
3.3.3 Switch task
In the Switch Task (Sohn et al., 2000), a letter and a digit are shown simultaneously in
either red or blue. Depending on the color of these symbols, the participant is instructed
to focus on the letter (red) or the digit (blue). Depending on whether the letter/number is
a consonant/odd or a vowel/even, the participant needs to press left/right, respectively.
Cognitive flexibility is measured by comparing accuracy and reaction time of the trials
following a color switch with those after a color repeat. The only study using this task
(van Timmeren et al., 2017) found no significant differences in task performance between
individuals with gambling disorder and HCs.

3.4 Attentional bias/disengagement
Attentional bias or disengagement involves the ability to respond to certain environmental
stimuli while ignoring others. Cognitive flexibility, here, is defined by a subject’s ability to
inhibit a prepotent, automatic response. Failing to inhibit such an automatic response may
lead to inflexible behavior. The link between attentional bias and cognitive flexibility may
be less clear than with the previous domains and is the subject of some disagreement in
the literature (Izquierdo et al., 2017), as attentional bias can also depend on other executive
functions. The results within this domain thus relate to compulsivity indirectly. The tasks
that were included in this domain are the Stroop (Color-Word Interference) Task and the
Trail Making Test.
3.4.1 Stroop Task
The Stroop Task (Stroop, 1935) is a classic neuropsychological task that requires selective
attention, cognitive flexibility and inhibitory control. In this task, the participant is presented
with color words (e.g. red), which are either printed in the same (congruent) color or a
different (incongruent) color. The participant is then asked to name the ink color of these
words. The interference score is often used as a test parameter for the Stroop Task and
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reflects the increase in reaction time caused by seeing an incongruent word compared to
a congruent word. This interference score is (at least partially) dependent on the inhibition
of an automatic response to read the word. A failure to inhibit this automatic tendency can
lead to inflexible behavior and this score can, therefore, be seen as a measure of cognitive
flexibility. However, interference scores dependent on other cognitive processes too, such
as attention and impulsive responding. Indeed, performance on the Stroop task is also
thought to reflect (motor) impulsivity.
Of the 12 articles that used the Stroop task, seven found significant impairments in
individuals with gambling disorder compared to HCs, whereas five did not. For the metaanalyses, three studies were excluded because only reaction times were reported and no
interference index could be obtained (McCusker and Gettings, 1997; Potenza et al., 2003;
De Wilde et al., 2013). For one study, the interference index could be calculated based on
reported reaction times (incongruent – congruent; Lai et al., 2011). Of these four excluded
studies, two reported significantly worse performances in individuals with gambling
disorder, while the other two reported no significant group differences. Data of the
remaining nine studies, including 337 individuals with gambling disorder and 404 HCs, were
pooled and revealed a significant effect with individuals with gambling disorder showing
more interference problems on the Stroop task compared to HCs (effect size=0.331, Z =
2.575, p = 0.01) (Figure 4A). However, there was significant heterogeneity as represented by
significant Q-scores (Q = 19.5, p < 0.01) and moderate I2 (59%) (Supplementary Table 2). This
result was not explained by any of the variables we considered in the meta-regression (all
p > 0.05), but again may reflect inconsistent reporting of outcome measures, as it was not
always reported how interference indexes were computed across studies.
3.4.2 Trail Making Test
The Trail Making Test (TMT; Reitan, 1992) is a paper and pencil task, in which a participant
is instructed to connect a sequence of consecutive targets as quickly as possible while
maintaining accuracy. It consists of two parts: during the first part (A) all targets are numbers
(1, 2, 3, etc.) and the participant needs to connect the numbers in sequential order; during
the second part (B) the targets are letters and numbers and the participant is instructed to
sequentially connect those in alternating order (1, A, 2, B, etc.). This requires the subject to
inhibit the automatic inclination to connect numbers or letters in order (1, 2, 3, or A, B, C,
etc.), rather than alternating between the two. The amount of time needed to complete
the second part of the test (TMT-B) reflects cognitive inflexibility and working memory
problems. Although the difference score B-A is a purer indicator of cognitive flexibility
(Sanchez-Cubillo et al., 2009), TMT-B was the most consistently reported score across the
included studies and is, therefore, the outcome measure we used for the meta-analysis.
Note that we incorporated the TMT-B in the Attentional bias/disengagement domain
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Figure 4. Forest plot for the summary effect size of the difference on (A) the Stroop Task and (B) the Trail Making Test between GD patients and HCs. *No standard
deviation was reported in this study, but computed based on the Standard Error. The size of the squares reflect the relative weight of the studies for the pooled estimate.
The diamond indicates the overall effect size.

B) Trial Making Test

A) Stroop Task

Domain 3: Attentional bias / disengagement
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because solving this task requires the continuous inhibition of a prepotent response.
However, attentional set shifting is also required to complete this task and therefore it could
also be placed under the Task/Attentional Set-Shifting domain.
Only one of the four studies that used the TMT-B found a significant difference between
individuals with gambling disorder and HCs, with gamblers performing worse. Combining
these four studies in the meta-analysis, with a total of 118 individuals with gambling disorder
and 165 HCs, we found that individuals with gambling disorder performed significantly
worse on the TMT-B than HCs (effect size=0.270, Z-score=2.175, p=0.030) (Figure 4B).
Heterogeneity was low (Q = 6.26, p < 0.18, I2=36%) (Supplementary Table 2).

3.5 Habit learning
Habit learning refers to the tendency of actions to become automatic when they are
frequently repeated. According to associative learning theories, instrumental learning can
be supported by goal-directed and habitual control systems (Balleine and Dickinson, 1998).
In the former, actions are performed and updated depending on an outcome. Over time,
the habitual system starts to render behavior automatic and actions become insensitive
to the outcome, instead relying on stimulus-response contingencies. Compulsive behavior
could either be a consequence of impaired goal-directed control or an overactive habit
system. Assessments of habit learning should incorporate specificity regarding which of
the two systems controls the behavior. Perseveration on reversal-learning paradigms, for
example, also involve reward learning based on stimulus-outcome associations, but may be
a consequence of both systems (Izquierdo et al., 2017). Examples of tasks that are suggested
to specifically test habit learning are the fabulous fruit game (de Wit et al., 2009) and the
two-step task (Daw et al., 2011).
Although habit learning is hypothesized to play an important role in the transition from
goal-directed to compulsive behavior, no studies were identified assessing habit learning
in gambling disorder.

4. Discussion
4.1 General Discussion
We systematically reviewed the literature for and performed meta-analyses of studies
testing compulsivity-related neuropsychological function in gambling disorder versus HCs.
Compulsivity was divided into four separate domains representing different components
of compulsive behavior assessed with various neuropsychological tasks (Table 1). We found
that individuals with gambling disorder, compared to HCs, show performance deficits in a
broad range of compulsivity-related neuropsychological functions. Despite some variability
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between individual tasks, the available evidence consistently indicates performance deficits
within all compulsivity domains in individuals with gambling disorder compared to HCs.
These results will first be discussed for each compulsivity domain before discussing them
in a broader context.
Within the contingency-related cognitive flexibility domain, the individual tasks
showed mixed results (Fig 2). Results from studies using the PRLT did not reveal significant
behavioral inflexibility in individuals with gambling disorder; however, this could be due to
the relatively small sample size. Another factor that possibly obscures these results is the
diversity in test and outcome parameters between the studies, which was also reflected by
the significant level of heterogeneity detected. On the CPT, a significant impairment with a
medium effect size estimate was found in individuals with gambling disorder versus HC. This
result may be especially relevant clinically, as impaired performance on this task has shown
to be predictive of relapse in individuals with gambling disorder (Goudriaan et al., 2008) and
similar performance deficits have been reported in substance use disorders (Martin et al.,
2000). Interestingly, perseverative responding on this task seems to normalize when adding
a 5-second feedback-response pause (Thompson and Corr, 2013). One explanation could
be that compulsive responding is in part mediated by impulsive responding. Another study
found that while HCs slow down in response speed after a loss, individuals with gambling
disorder do not (Goudriaan et al., 2005). This, again, may be explained by the increased
impulsive responding, as often reported in gambling disorder (Verdejo-García et al., 2008).
The interaction between impulsive and compulsive behaviors is a topic we will return to
later in the discussion.
The available studies testing task/attentional set-shifting show a highly consistent
pattern: in all studies, individuals with gambling disorder perform worse than controls
(Figure 3). Results from the meta-analyses show significant performance deficits with
moderate effect sizes in individuals with gambling disorder versus HCs on both the WCST
and the IED. The reported test parameters on these tasks are highly consistent, which is also
reflected by the low level of heterogeneity within this domain. Taken together, these results
provide substantial evidence for performance deficits in cognitive flexibility in individuals
with gambling disorder. This is further substantiated by a recent study using a large nonclinical sample of regular gamblers which shows a positive correlation between IED errors
and various scales of gambling severity, including DSM-5 criteria (Leppink et al., 2016).
However, studies trying to predict treatment outcome based on performance on the WCST
in individuals with gambling disorder (Rossini-Dib et al., 2015) or substance use disorders
(Aharonovich et al., 2006) have been unsuccessful.
On both tasks included within the attentional bias/disengagement domain, significant
performance deficits were found in individuals with gambling disorder, with small-tomedium effect sizes (Figure 4). The results on the Stroop task, however, should be interpreted
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cautiously as heterogeneity was high. This could not be explained by accounting for age,
sex, IQ or gambling severity in the meta-regression analysis.
Overall, these results suggest a general tendency of individuals with gambling disorder
to exhibit compulsive tendencies that are not directly related to the gambling behavior
itself. These performance deficits may be associated with both the development and the
maintenance of gambling symptoms. For example, the general inability to flexibly switch
attention, or the tendency to perseverate on a behavior once it has been learned, may give
rise to an increased risk for developing compulsive gambling behavior. Moreover, these
performance deficits may be a consequence of disordered gambling. In both cases, this
may be related to increased difficulties in quitting the gambling behavior, as the majority
of studies tested individuals with gambling disorder who were in treatment. This potential
relationship between treatment outcome and performance on those tasks has to be
studied more extensively (Goudriaan et al., 2008) as this may offer possibilities for preventive
and therapeutic interventions. Interestingly, a similar pattern of performance deficits on
neurocognitive tasks is present in OCD patients, the prototypical disorder of compulsive
behavior: a meta-analysis recently found significant deficits on the WCST, IED, the Stroop
task and the TMT-B (Shin et al., 2014). Impaired performance on those tasks thus seems to
generalize to other compulsive disorders too.
Neuroimaging methods have been used to investigate the neural correlates of cognitive
flexibility, set-shifting and attentional disengagement tasks in healthy control subjects.
Regions frequently associated with these domains include the orbitofrontal cortex (OFC),
the ventrolateral (vlPFC), ventromedial (vmPFC) and dorsolateral prefrontal cortex (dlPFC)
and the basal ganglia (Fineberg et al., 2010; Izquierdo et al., 2017). Conceivably, abnormal
brain responses in similar regions were observed in gambling disorder when probed with
tasks assessing these neurocognitive domains (recently reviewed by Moccia et al., 2017).
Five studies included in this review also investigated brain functioning in individuals with
gambling disorder and HCs while subjects were performing compulsivity-related tasks.
During the Stroop task, individuals with gambling disorder showed decreased vmPFC
activity (Potenza et al., 2003), while decreased vlPFC activity was reported during the PRLT
(de Ruiter et al., 2009; Verdejo-García et al., 2015). An EEG study found abnormal feedbackevoked cortical activity in individuals with gambling disorder during the PRLT (Torres et al.,
2013). Decreased structural white matter integrity between the dlPFC and the basal ganglia,
a tract important for cognitive flexibility, was observed in individuals with gambling disorder
(van Timmeren et al., 2017), although this was not directly related to the performance on an
attentional switch task. The available neuroimaging evidence in gambling disorder testing
compulsivity thus converges towards the view of individuals with gambling disorder
showing decreased brain function and structure in areas that are important for cognitive
flexibility, set-shifting, and attentional disengagement.
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The neurochemical mechanisms contributing to compulsivity are not well understood,
although dopamine and serotonin are thought to play key roles (Fineberg et al., 2010).
Previous studies in both humans and animals have convincingly shown that cognitive
flexibility is specifically and dissociably affected by both dopamine and serotonin. For
example, baseline dopamine synthesis capacity in the human striatum predicts reversal
learning performance, while the effects of dopaminergic drug administration also depend
on these baseline levels (Cools et al., 2009). Prefrontal dopamine depletion in monkeys, on
the other hand, does not affect reversal learning, whereas serotonin depletion specifically
impairs reversal leaning and not attentional set-shifting(Clarke et al., 2005, 2007). Glutamate
has also been implicated in reversal learning and other forms of cognitive flexibility, but results
have been contradicting (Izquierdo et al., 2017) In gambling disorder, some studies have
reported altered dopamine levels, although findings have been inconsistent (Boileau et al.,
2013; van Holst et al., 2017a) and little is known about neurotransmitter function in relation
to neurocognitive tasks. So far, only one study has directly investigated dopamine function
and its relation to reversal learning (DRLT) in individuals with gambling disorder. Janssen et
al. (2015) found that, as expected, administration of a sulpride (a D2-receptor antagonist)
led to impaired reward- versus punishment learning in healthy controls. In individuals
with gambling disorder, however, sulpride did not have any effect on performance when
compared to the placebo condition. Moreover, a pilot study found that administration of
memantine, a NMDA-receptor antagonist that reduces glutamate excitability, improves
cognitive flexibility (as measured by the IED) and resulted in decreased gambling (Grant et
al., 2010). Considering the scarcity of studies investigating the neurochemical mechanisms
contributing to compulsivity in gambling disorder, more research is needed.

4.2. Limitations and recommendations for future research
The central aim of this systematic review and meta-analysis was to summarize
and integrate the evidence for neuropsychological performance deficits in gambling
disorder that can be related to compulsive behavior. However, compulsivity is a complex
multidimensional construct and compulsive behavior may arise for other reasons that were
not assessed in this review. Known factors contributing to compulsive aspects of addiction
are anxiety and distress (Koob and Le Moal, 2008); initially, the behavior may serve as a
coping mechanism, then tolerance to reward may develop but the behaviors may persist
as a method of reducing discomfort. Under the influence of motivational triggers, such
behaviors may ultimately result in automatic, unconscious compulsions and the loss of
control. We also did not assess the relationship and interaction between compulsivity
and impulsivity, i.e. the tendency to act prematurely without foresight. Impulsivity is a
multifaceted trait, generally associated with risk- and reward-seeking, whereas compulsivity
is less reward-driven and associated with harm-avoidance (Fineberg et al., 2010). However,
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both concepts share the feeling of lack of control, and both may arise from failures of ‘topdown’ cognitive control (Dalley et al., 2011). Both factors may also interact: compulsive
behavior may be predisposed by increased impulsive responding, exemplified by high trait
impulsivity in rats predicting compulsive drug seeking (Belin et al., 2008). Thus, impulsivity
could evolve into compulsivity and these interactions are exciting avenues for future
research.
Although the measured constructs are generally regarded as traits, there could be state
dependent impairments at play, caused by depressive symptoms, attentional problems,
or other impairments that could be a consequence of gambling disorder. Furthermore,
compulsivity itself may be state-dependent (i.e. related to illness state or stage) and
therefore has been suggested to be an unstable ‘moving target’ that cannot be an
endophenotype (Yücel and Fontenelle, 2012). On the other hand, compulsivity has been
viewed as a hypothetical trait with a common underlying endophenotype (Robbins et al.,
2012). Longitudinal studies are needed to address these issues.
As compulsivity was our primary domain of interest, we did not assess other, noncompulsive neuropsychological deficits in gambling disorder. Therefore, we cannot make
any claims about the specificity of our effects to compulsive (versus non-compulsive)
aspects of neurocognitive functioning in gambling disorder. Moreover, these neurocognitive
tasks of compulsivity are also dependent on other (non-)executive cognitive processes: for
example, shifting on the IED task between colors and shapes also requires visual processing
(Miyake et al., 2000).
Despite its potentially crucial role as ‘building block’ of pathological, compulsive
behavior associated with addictions (Everitt and Robbins, 2015), there is a complete lack
of experimental studies investigating habit learning in gambling disorder. Thus, whether
gambling disorder is characterized by aberrant habit learning is still an open question.
Although most of the work relating to habit learning and addiction has come from
animal studies, several studies have recently reported impairments in habit formation in
substance use disordered humans. Previous studies have demonstrated an overreliance on
habit-learning in e.g. alcohol (Sjoerds et al., 2013) and cocaine-dependent patients (Ersche
et al., 2016). Decreased goal-directed (model-based) control has been associated with
various ‘disorders of compulsivity’ (including binge-eating disorder, obsessive-compulsive
disorder and substance use disorders; Voon et al., 2014); alcohol dependence (Sebold et al.,
2014, but see Sebold et al., 2017); and with a symptom dimension comprising compulsive
behavior and intrusive thought in a large sample of healthy control subjects (Gillan et al.,
2016).
Our approach provides a possible means to investigate and identify the concept of
compulsivity trans-diagnostically, which in turn may help to predict vulnerability and to
target behavioral and pharmacological treatments more effectively (Robbins et al., 2012).
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Future studies are encouraged to make comparisons between gambling disorder and other
‘disorders of compulsivity’. The CPT, WCST, and IED seem to be the most sensitive to pick up
performance deficits, at least in individuals with gambling disorder. While it was beyond our
scope to review this systematically, some of the studies included in this review did compare
individuals with gambling disorder with substance use disorders (Goudriaan et al., 2005,
2006; de Ruiter et al., 2009; Albein-Urios et al., 2012; Torres et al., 2013; Choi et al., 2014; Vanes
et al., 2014; Verdejo-García et al., 2015), behavioral addictions (Choi et al., 2014; Zhou et al.,
2016) or obsessive-compulsive disorder (Hur et al., 2012). In general, these studies indicate
performance deficits in those groups that are similar to (Goudriaan et al., 2005, 2006; AlbeinUrios et al., 2012; Hur et al., 2012; Vanes et al., 2014; Zhou et al., 2016) or worse (Choi et al.,
2014) than those in individuals with gambling disorder.
Within gambling disorder, gamblers can also be divided into subtypes. Previous studies
have done this in multiple ways: based on their preferred gambling activity (e.g. slotmachine or casino gamblers; Goudriaan et al., 2005), based on comorbidity or personality
traits (e.g. depressive, sensation-seeking or impulsive; Álvarez-Moya et al., 2010), or based on
their motivation for gambling (e.g. coping with stress or negative emotions; Stewart et al.,
2008). In relation to cognitive flexibility, one study found that casino gamblers were highly
perseverative on the CPT, whereas slot-machine gamblers used an (also disadvantageous)
conservative approach (Goudriaan et al., 2005). Future studies may identify clinically relevant,
dimensional subgroups (within and between psychiatric disorders) by investigating the
interaction of such subtypes and individual task performance. One way to both improve
patient classification and understanding of the mechanisms underlying performance
deficits is by using computational modeling, i.e. ‘computational psychiatry’ (Maia and Frank,
2011; Huys et al., 2016). To dissect multiple components of compulsivity-related cognitive
functioning that cannot be picked-up using classical approaches, it might be fruitful to (re-)
analyze existing data using computational models (Lesage et al., 2017).

4.3 Conclusion
In this systematic review and meta-analysis, we have investigated four neurocognitive
domains that are considered to be particularly relevant to compulsive tendencies in
gambling disorder. To this end, we selected behavioral tasks that measure executive
functions reflecting any of these elements. Both the qualitative and quantitative results
suggest that individuals with gambling disorder, in general, show performance deficits in
cognitive flexibility, set-shifting, and attentional bias, while no studies investigating habit
learning in gambling disorder were identified. Overall, these findings support the idea that
gambling disorder is characterized by compulsivity-related neurocognitive impairments, as
exemplified in perseveration and cognitive inflexibility. However, as mentioned previously,
the mapping of neuropsychological tasks onto the separate domains of compulsivity is not
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always clear-cut. Therefore, the need remains to revise and refine the conceptual definition
and classification of compulsivity, which will help to advance research in this field.
Apart from being important for gambling disorder itself, these findings may have
broader implications. By viewing gambling disorder as a behavioral addiction that
resembles substance use disorders without the confounding effects of drug administration,
these results support the hypothesis that susceptibility for compulsivity predates addictive
behaviors (Leeman and Potenza, 2012). As such, they provide a possible link between
impairments in executive functions related to compulsive action and vulnerability for
addiction and may contribute to establishing an endophenotype for compulsivity-related
disorders (Gottesman and Gould, 2003).
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Supplementary tables
Supplementary table 1. Quality assessment ratings
Study

1

2

3

4

5

6

7

8 Total

Albein-Urios et al., 2012

1

1

1

1

0

1

1

1

7

high

Álvarez-Moya et al., 2009

1

1

1

1

1

1

1

1

8

high

Black et al., 2013

1

1

1

1

1

1

1

0

7

high

Boog et al., 2014

1

1

0

1

1

1

1

1

7

high

Brevers et al., 2012

1

1

0

1

1

1

1

1

7

high

Cavedini et al., 2002

1

1

1

1

1

1

1

1

8

high

Choi et al., 2014

1

1

0

1

1

1

1

1

7

high

De Ruiter et al., 2009

1

1

1

1

1

1

1

1

8

high

De Wilde et al., 2013

1

1

1

1

1

1

1

1

8

high

Goudriaan et al., 2005

1

1

1

1

1

1

1

1

8

high

Goudriaan et al., 2006

1

1

1

1

1

1

1

1

8

high

Hur et al., 2012

1

1

1

1

1

1

1

1

8

high

Janssen et al., 2015

1

1

1

1

1

1

1

1

8

high

Kertzman et al., 2006

1

1

1

1

1

1

1

1

8

high

Lai et al., 2011

1

1

1

1

1

1

1

1

8

high

Ledgerwood et al., 2012

1

1

1

1

1

1

1

1

8

high

Manning et al., 2013

1

1

1

1

1

1

1

1

8

high

McCusker and B et al., 1997

1

1

0

1

0

0

1

1

5

medium

Odlaug et al., 2011

1

1

1

1

1

1

1

1

8

high

Patterson et al., 2006

1

1

1

1

0

0

0

1

5

medium

Potenza et al., 2003

1

1

0

1

1

1

1

1

7

high

Regard et al., 2003

1

1

0

1

1

1

1

1

7

high

Rugle et al., 1993

1

1

1

1

1

1

1

1

8

high

Thompson and P et al., 2013

1

1

0

1

0

0

1

1

5

medium

Torres et al., 2013

1

1

1

1

0

1

1

1

7

high

van Timmeren et al., 2016

1

1

1

1

1

0

1

1

7

high

Vanes et al., 2014

1

1

1

1

1

1

1

1

8

high

Verdejo-Garcia et al., 2015

1

1

1

1

1

1

1

1

8

high
high

Zhou et al., 2016
Mean score

1

1

1

1

1

1

1

1

8

1.00

1.00

0.76

1.00

0.83

0.86

0.97

0.97

7.38

Quality

51

2

Chapter 2

Questions:
1 = Were study objectives defined clearly?
2 = Were the outcome measures defined clearly?
3 = Was there a clear description of the inclusion and exclusion criteria?
4 = Was there at least one control (comparison) group?
5 = Were all relevant participant characteristics described? (e.g. mean age, sex, gambing severity,
intelligence (IQ/education level));
6 = Were patient and control groups matched on confounding factors (e.g. age, sex, gambling
severity, intelligence (IQ/education level); if not, were these included in the analyses as covariates?
7 = Were complete outcome data reported (i.e., point measures and measures of variability)?
8 = Were outcome data reported non-selectively?
Quality levels of evidence were defined as high (6–8 points), medium (3–5points) and low (0–2 points).

Supplementary table 2. Heterogeneity measures of meta-analyses
Heterogeneity

Tau-squared

Task

k

Q

pq

I2

T2

SE

Variance

Tau

PRLT

4

11.70

0.01

74.37

0.32

0.35

0.12

0.56

CPT

3

1.02

0.60

0.00

0.00

0.07

0.00

0.00

WCST

9

10.90

0.28

17.41

0.01

0.04

0.00

0.12

IED

3

3.71

0.16

46.13

0.06

0.13

0.02

0.24

Stroop

9

19.48

0.01

58.93

0.08

0.07

0.01

0.29

TMT

4

6.26

0.18

36.11

0.04

0.07

0.01

0.19
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Abstract
Background: Theories have suggested that a transition from goal-directed to habitual
decision making underlies the development of addicted behaviors. However, research into
these mechanisms has so far been confounded by the neurotoxic effects of drugs. Gambling
disorder is a behavioral addiction characterized by continued gambling despite the harmful
consequences, and provides a means to investigate addiction without the harmful effects
of drugs on the brain. Additionally, stress is a known factor that prompts habitual behavior
and increases the risk for addiction and relapse. We therefore tested whether acute stress
would differentially impact the balance between goal-directed ‘model-based’ and habitual
‘model-free’ control systems in GD patients compared to HCs, as measured with the twostep reinforcement learning task.
Methods: Using a within-subject design, 22 patients with gambling disorder and 20 healthy
controls underwent stress induction and a control condition before they performed the
two-step task during fMRI. The balance between model-based and model-free decision
making was measured using computational modeling.
Results: GD patients showed intact goal-directed decision making, which remained
similar to HCs after stress induction. Bayes factors provided substantial evidence against
a difference between the groups or a group-by-stress interaction on the balance between
model-based and model-free decision making.
Conclusions: These results challenge the notion that addiction is related with an increased
reliance on habits, even under a stressful situation, per se; instead, they suggest that putative
distortions in habitual decision making may be the result of specific neurotoxic effects of
drugs.
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Introduction
Addiction is commonly defined as a chronic, relapsing neurobiological disease
characterized by compulsive addictive behaviors despite negative consequences. One
prominent theory suggests that addiction can be understood as the consequence of
a disruption in the balance between goal-directed and habitual behavior (Everitt and
Robbins, 2005, 2015). While initially goal-directed, addictive behaviors become increasingly
driven by habits during the course of addiction and eventually become compulsive. This
transition is suggested to be represented by a neural shift from prefrontal to striatal control.
However, both animal and human investigations of habit formation in addiction have so
far only focused on goal-directed decision making in substance use disorders (Sjoerds
et al., 2013; Voon et al., 2015b; Ersche et al., 2016; Sebold et al., 2017). This has precluded
conclusions about whether the putative ‘shift’ is caused by the neurotoxic effects of drug
use, a consequence of repetitive addictive behaviors or a vulnerability marker for the
development of addiction.
Gambling disorder has recently been recategorized as the first behavioral addiction in
the substance-related and addictive disorders section of the DSM-5, a decision largely taken
because of the clinical, phenomenological and neurobiological overlap with substance use
disorders (Petry et al., 2014). It is unclear, however, whether impairments in goal-directed
control are present in a ‘behavioural addiction’ like gambling disorder, where there is no
drug involved (van Timmeren et al., 2018a). Because GD is free of the neurotoxic effects that
confound neurobiological research in SUDs, GD can serve as a model that isolates the core
features of addiction from the physiological consequences of drug use (Verdejo-García et
al., 2008). Thus, investigating goal-directed control in GD can answer the important question
of whether decreased goal-directed control is observed in the absence of the neurotoxic
effects of drugs on corticostriatal systems.
Additionally, acute and chronic stress – both well-known risk factors for the escalation
of and relapse to addictive behaviors (Koob and Le Moal, 2008; Sinha, 2008) – have been
shown to prompt increased reliance on habitual decision-making (Schwabe and Wolf, 2009,
2010; Radenbach et al., 2015), mediated through cortisol (Otto et al., 2013). Theoretically,
diminished goal-directed control through stress could be a crucial mechanism for addiction.
Especially during early abstinence, acute stress may increase the (already enhanced)
reliance on habitual control in patients with addiction, causing relapse (Schwabe et al.,
2011). Remarkably little is known, however, about the behavioral and cognitive processes
involved in the effects of stress on addictive behavior.
Based on the above, we set out to test whether acute stress would differentially affect
goal-directed decision making in GD patients compared to HCs. We used a two-step
reinforcement learning task (Daw et al., 2011), which offers a computational approach to
studying instrumental learning. Specifically, the task allows to distinguish two computational
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systems that control instrumental actions: a “model-free” system and a “model-based”
system, the computational analogues of, respectively, habitual and goal-directed control
(Daw et al., 2005; Gläscher et al., 2010). Using a within-subject crossover design, we tested
the effect of stress on the balance between model-free and model-based decision making
in GD patients and HCs. We hypothesized that goal-directed control in GD patients would
be further decreased under acute stress.

Materials & Methods
We recruited 31 HCs and 26 GDs, but 7 participants (4 HCs) were excluded due to technical
failure in one of two sessions, and 7 HCs and 1 GD were excluded because performance on
the task indicated a lack of motivation: they repeated their choices (‘stay’) on >90% of the
trials in at least one of the sessions. Thus, all analyses were performed on data from 20 HCs
and 22 GD patients. GD patients were recruited from a local addiction treatment center
(Jellinek, Amsterdam) and included if they were recently diagnosed with and started therapy
for GD, but were not obliged to abstain from gambling. All subjects underwent a structured
psychiatric interview [Mini-International Neuropsychiatric Interview–Plus] (Sheehan et al.,
1998), which further confirmed criteria for DSM-5 Gambling Disorder in the GD group, or
the lack thereof in HCs. Exclusion criteria for all subjects included: lifetime history of bipolar
disorder, anxiety disorder, obsessive-compulsive disorder or schizophrenia; past six-month
history of major depressive episode; current or past-year substance use disorder; current
psychiatric treatment (except treatment for GD in GD patients); the use of any psychotropic
medication; positive alcohol breath test or urine screen for (meth)amphetamines,
benzodiazepines, opioids, cocaine, ecstasy, PCP, methadone or cannabis; history or current
treatment for neurological disorders; major physical disorders; brain trauma; exposure
to neurotoxic factors; colorblindness; or any contraindications for MRI. One subject (GD
patient) tested positive on THC use, but because marijuana use occurred once, seven days
prior to participation, and there was no history of dependence, this subject was included
for further analyses.
All subjects provided written informed consent before participation. The study was
approved by the Ethical Review Board of the Academic Medical Center and procedures
were in accordance with the Declaration of Helsinki. Participants were reimbursed with
100€ plus additional task earnings (50€ on average) for their participation.

Procedure
Participants were tested on 2 separate days approximately 1 week apart (mean=8.1,
SD=3.8 days), with both sessions starting at approximately the same time (average starting
time=14:20h; mean time between start of sessions=32 min; SD=35min). All subjects were
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tested in the afternoon to minimize time-of-day cortisol effects (Schwabe et al., 2008),
except for one subject who was tested twice in the morning. In one of the sessions,
participants underwent a stress manipulation (see section below) before entering the fMRI
scanner to perform the two-step task (Daw et al., 2011) and a structural T1 and DTI MRI
scan. In the control session, participants were asked to emerge their hand in lukewarm
water before performing the two-step task, followed by another task (van Timmeren et al.,
under review) and a resting-state fMRI scan (van Timmeren et al., 2018b). On both testing
days, participants were instructed on and practiced the two-step task before undergoing
the stress or control manipulation. The order of the two sessions (control and stress) was
counterbalanced across subjects.
On day one, participants completed the MINI interview, the Fagerstrom Test for Nicotine
Dependence [FTND] (Heatherton et al., 1991) and the Alcohol Use Disorders Identification
Test [AUDIT] (Saunders et al., 1993). On the second day, we tested participants’ verbal IQ
(using the Dutch Adult Reading Test (Schmand et al., 1991) and working memory (using the
digit span, part of the Wechsler Adult Intelligence Scale; Wechsler, 1981). The experience
of gambling-related problems was assessed using the past-12-month Problem Gambling
Severity Index [PGSI] (Ferris and Wynne, 2001b) and the Gamblers’ Beliefs Questionnaire
[GBQ] (Steenbergh et al., 2002). The GBQ contains 21 items (e.g. ‘My choices or actions affect
the game on which I am betting’ or ‘I am pretty accurate at predicting when a “win” will
occur’), with higher scores reflecting more gambling-related distortions.

Stress induction
To induce acute psychosocial stress, subjects underwent the Socially Evaluated ColdPressor Test [SECPT], a well-validated method for stress induction (Schwabe et al., 2008).
Participants were asked to immerse one hand into ice water (0o–2o C) and keep it there
as long as possible – or until the experimenter told them to stop (after 2 minutes). During
this procedure, participants looked into a video camera and were closely observed by a
nonsupportive experimenter who made notes and was dressed in a white doctor’s coat.
Subsequently, participants were asked to perform a challenging arithmetic task (counting
backward from 2059 in steps of 17) in front of the experimenter. In the control condition,
warm water (34o–38o C) was used, no camera was present, the arithmetic task was simple
(counting in steps of 10) and the experimenter was supportive and casually dressed. After
the control or stress induction, participants were brought to the fMRI scanner. Subjects
started the two-step task approximately 13 (+/- 5) minutes after the SECPT; salivary cortisol
peaks 15-45 min after stress induction (Schwabe et al., 2008).
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Stress measurements
Saliva samples were taken using Salivettes® (Sarstedt, Germany) to measure cortisol
levels before (at -15 min) and after (three times: at +10, +60 and +80 minutes) stress
induction (t=0). Participants were asked to chew a cotton swab for ~1 minute. After testing,
the samples were frozen and preserved at −22 °C until they were transported to the Dresden
LabService (Germany) for analysis. Cortisol levels were not normally distributed and logtransformed in all statistical tests (Petzold et al., 2010). As done previously (Otto et al.,
2013), cortisol delta was calculated by subtracting cortisol levels at t0 (pre-SECPT) from the
average of t1 and t2 (post-SECPT) for each subject and session. Additionally, subjects rated
how unpleasant, stressful and difficult to sustain they had experienced the procedure on a
7-point Likert scale immediately after the SECPT or control manipulation. For correlations
with task performance, we used the difference between the stress and control condition
for physiological (delta cortisol) and subjective stress measures. To minimize the effects of
menstrual cycle on cortisol response (Kirschbaum et al., 1999), women were tested in the
luteal phase (first visit 15-19 days after last menstruation).

Two-step Markov decision task
Subjects completed 201 trials of the two-step Markov decision task (Daw et al., 2011),
designed to distinguish between model-free and model-based learning strategies (Figure
1A). Each trial consists of two stages. In the first stage, participants chose between two
abstract stimuli depicted on a grey background. This probabilistically led to one of
two second-stage states, represented by different background colors and stimuli pairs.
Subjects again made a choice between two options, which then lead to an outcome (20
cent reward or no reward). Critically, the transition from the first choice to the second
stage was probabilistic: each choice usually (70%) leads to one of the two second-stage
states (‘common transition’) but sometimes (30%) to the other state (‘rare transition’).
This feature enables the distinction between model-based (goal-directed) and modelfree (habitual) decisions on a trial-by-trial level, because the two decision strategies make
distinct predictions on choice behavior (Figure 1B). The second-stage reward probabilities
slowly drifted over time according to Gaussian random walks (reflecting boundaries at 0.25
and 0.75), to motivate participants to adjust their choices and learn throughout the task.
Participants explicitly learned the transition frequencies during the training phase using
different stimuli. The task was programmed in MATLAB (The MathWorks, Inc., Natick, MA,
United States) with Psychophysics Toolbox, as previously used by (Sebold et al., 2017).
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First stage

A.

C.

HC - control

HC - stress

0.8

common

Common
70%

Common
70%

Rare

rare

0.6

Second
stage
0.4

p(reward)

0.75

0.25

1

B.
0.8

trial

201

1

trial

201

1

trial

201

1

trial

201

Pure model-based

Pure model-free

D.

3
rewarded

unrewarded

GD - control

rewarded

unrewarded

GD - stress

0.8

common
rare
0.6

0.6

0.4

rewarded

unrewarded

rewarded

unrewarded

0.4

rewarded

unrewarded

rewarded

unrewarded

Figure 1. A. Schematic task, B. Model-free and model-based reinforcement learning strategies predict
different responses based on the outcome of the previous trial. Model-free decisions are more likely
to be repeated when the previous trial was rewarding, independent of the transition-type (common
or rare). Model-based decisions, on the other hand, do take the transition probabilities into account
and therefore an interaction between reward and transition-type is expected. C. and D. Across groups
and sessions, a main effect of reward and an interaction between reward and transition-type was
observed, indicating the presence of both model-free and model-based strategies. Additionally, there
was a significant reward by group interaction, driven by lower stay probability after rewards in GD
patients.

Data analysis
We investigated: 1) whether HCs and gambling disordered patients differed in the
behavioral and neural signatures of model-free and model-based control; and 2) whether
this balance would be differentially affected under acute stress in HCs and GDs. Statistical
analysis were conducted in JASP software, version 0.9.0.0 (JASP Team, 2018), unless stated
differently.

Behavioral analysis
As done previously, we focused on stay-switch behavior on the first stage choice of
each trial to derive model-free and model-based strategies. First-stage choices
were analyzed as a function of the previous trial’s reward and transition-type. Because a
model-free strategy disregards the structure of the task, a rewarding choice is more likely
to be repeated and reflected by a main effect of reward on stay probability. Model-based
choices, on the other hand, consider the transition probabilities from the first to the second
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stage; therefore, receiving a reward after a rare transition increases the propensity to switch,
reflected by an interaction between transition and reward on stay probability. Following
previous work (Daw et al., 2011; Otto et al., 2013; Smittenaar et al., 2013; Piray et al., 2016),
we analyzed the behavioral data in two complementary ways: by using a logistic regression
model that captures model-free and model-based approaches by examining how the
previous trial’s outcome affects the next choice; and by using a full reinforcement learning
model (the hybrid model from Daw et al., 2011) which allows choices to be influenced by
the entire preceding history of outcomes.
For each subject, first-stage choices, encoded as binary stay/switch responses, were
regressed against the factors reward, transition and stress and their interactions, resulting in
a total of seven regressors and an intercept, reflecting the general tendency to stay (we used
the glmfit routine in MATLAB, see also Table 2). Model-free and model-based control are
represented, respectively, by the main effect of reward and the interaction effect between
reward and transition. We then performed one-sample t-test on the individual coefficient
estimates across all subjects and two-sample t-test to compare groups.
Additionally, data was fitted to the hybrid reinforcement learning model from Daw et al.
(2011). This model contains seven parameters (see Figure 3), of which the weight parameter
w captures the balance between model-free and model-based control. This weight
parameter ranges from 0 (pure model-free) to 1 (pure model-based), with higher values of
w reflecting a higher level of dependence on the model-based system. For model fitting,
we used the ‘computational and brain/behavior modeling’ (CMB) toolbox (https://github.
com/payampiray/cbm) in MATLAB. This toolbox offers a hierarchical and Bayesian inference
framework for parameter estimation, which regularizes individual estimates according to
group statistics through Hierarchical Bayesian Inference (HBI) to produce better individual
estimates and permitting reliable group-level tests (for details see (Piray et al., 2018). The
hybrid model with analytical gradient and Hessian, as originally implemented in (Piray et al.,
2016), was used to facilitate optimization.

Magnetic Resonance Imaging
Magnetic resonance imaging (MRI) was performed on a 3 Tesla, full-body Intera MRI
scanner (Philips Medical Systems, Best, The Netherlands) equipped with a 32-channel
phased array SENSE radiofrequency (RF) receiver head coil. A high-resolution T1-weighted
structural image was acquired for each participant (6.862 ms repetition time; 3.14 ms echo
time; 8º flip angle; 1x1x1 mm voxel size; 236.679 x 180 x 256mm field of view; 212 x 212
matrix size; 150 slices; 1.2 mm slice thickness). Functional MRI scans were acquired using a
T2*-weighted gradient multi-echo echoplanar imaging sequence (2375 ms repetition time;
9 / 26.4 / 43.8 ms echo times; 76º flip angle; 3x2.95x3 mm voxel size; 76 x 73 matrix size; 37
slices, acquired in interleaved order; 3mm slice thickness; 0.3mm slice gap). This sequence
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was chosen for its improved blood oxygen level dependent (BOLD) sensitivity and lower
susceptibility for artefacts, especially for ventral regions (Poser et al., 2006). The first three
scans were discarded to allow T1 saturation to reach equilibrium.

fMRI analysis
Imaging data were preprocessed using SPM12 (Wellcome Trust Centre for Neuroimaging,
London). Raw multi-echo data were combined as reported in van Timmeren et al. (van
Timmeren, Zhutovsky, van Holst, & Goudriaan, 2018). In short, realignment parameters were
estimated for the images acquired at the first echo time and consequently applied to images
resulting from the two other echoes. The first thirty volumes, during which a fixation cross
was shown, were used to calculate the optimal weighting of echo times for each voxel by
applying a PAID-weight algorithm (Poser et al., 2006). The multi-echo fMRI data were then
combined into single volumes using these weightings. Next, all functional images were
slice-time corrected and co-registered with the high-resolution T1-weighted image using
normalized mutual information. The high-resolution structural scan was segmented and
used to normalize the slice-time corrected functional images. Finally, all functional images
were smoothed with an 8mm isotropic full-width at half maximum (FWHM) Gaussian
smoothing kernel.
For each participant, a first-level general linear model was constructed including the
two sessions. First level analyses were conducted according to Daw et al. (2011). Model-free
and model-based RPEs were derived from the computational model and the median across
each group was used to generate a group-representative set of parameters. Model-free
reward-prediction errors (RPEs) were used as parametric modulators at the second stage
and outcome delivery onset to find BOLD activity that correlated with the model-free RPE
signal. A second parametric regressor, defined as the difference between the model-free and
model-based RPEs, captured BOLD activity related to model-based values. This regressor is
only non-zero at the second-stage onset; to prevent the effect from being driven by the
outcome delivery phase, we mean-corrected the regressor for each subject and session and
included a nuisance regressor at the time of outcome onset (see Supplemental material for
Daw et al. 2011). Additional nuisance regressors were included to capture first stage onset
and movement (entered as the 6 separate regressors). A high-pass filter (128-s cutoff ) was
used to remove low frequency drifts and regressors were convolved with the canonical
hemodynamic response function. Four first-level contrast images were constructed
capturing the main effect of MF and MB RPE and their interaction with stress. These singlesubject contrast images were then entered into second-level random-effects analysis,
comparing within-group activation (one-sample t tests) and between-group differences
(two-sample t tests). In line with Daw et al (2011), the model-based effect was captured by
a covariate which included individual w values at second-level.
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Results
Sample characteristics
Demographics and clinical information are presented in Table 1. Groups were matched
for age, handedness, education, IQ and alcohol use (AUDIT). Initially, groups were also
matched on gender, but after exclusions the remaining GD group contained significantly
more males than the HC group (p<0.02). The number of GD subjects with nicotine
dependence was significantly higher than in the HC group (p=0.04).
Table 1. Sample characteristics
GD (n=22)
Mean (SD)

HC (n=20)
Mean (SD)

33.3 (12.7)

32.2 (13.8)

0.79

Males / females

18 / 4

9 / 11

0.01a

Handedness: right / left

20 / 2

17 / 3

0.56a

Education, years

7.6 (2.6)

9.1 (4.3)

0.14

Smokers (%)

11 (52%)

3 (15%)

0.04a

IQ

87.8 (9.5)

89.5 (11.9)

0.63

AUDIT

5.8 (4.7)

3.1 (2.1)

0.07b

PGSI (12 months)

14.5 (5.1)

0.2 (0.4)

<0.001b

Weeks abstinent

17.3 (23.7)

-

-

Age, years

p value

Demographical & Clinical information GD patients and matched controls. GD, Gambling Disordered patients;
HC, Healthy Controls; SD, Standard Deviation; IQ, Verbal Intelligence Quotient; AUDIT, Alcohol Use Disorders
Identification Test; PGSI, Problem Gambling Severity Index; GBQ, Gamblers’ Beliefs Questionnaire; ap value of chisquare test. bNon-normally distributed data analyzed using Mann-Whitney U

Two-step

SECPT

5.5

Cortisol nmol/l

stress
control

4

2.5
t0

t1

time

t2

t3

Figure 2. Salivary cortisol concentrations at different stages of the experiment. Cortisol was
significantly increased after the SECPT compared to the control session, as measured both before (t1)
and after (t2) performing the two-step task. There were no significant differences between HCs and
GD patients. Data represent mean ± SEM across groups. **p<0.01.
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Stress measures
A significant time-by-stress interaction indicated that cortisol was elevated in the
stress compared to the control condition following the SECPT (F3,114=2.9, p<0.02, η2=0.08),
indicating that stress induction was successful. Raw data are plotted in Figure 2. Moreover,
the SECPT significantly elevated subjective stress levels, reflected by significantly higher
ratings of unpleasantness (5.3 ± 1.6 vs 1.4 ± 0.9; t=12.9, p<0.001), stressfulness (4.5 ± 2.0 vs
1.3 ± 0.5; t=11.8, p<0.001) and difficulty to sustain (4.7 ± 2.0 vs 1.3 ± 1.0; t=10.0, p<0.001). No
significant group differences were found.

Results stay-probability
Confirming the basic signatures of model-free and model-based strategies, respectively,
the four-factor repeated-measures ANOVA (Group*stress*reward*transition-type) revealed
a main effect of reward (F1,40=28.6, p<0.001, η2=0.38) and an interaction between reward and
transition (F1,40=6.3, p=0.01, η2=0.13). Furthermore, a significant reward-by-group interaction
was observed (F1,40=6.6, p=0.01, η2=0.09), driven by a lower stay probability after rewards in
GD patients, indicating that GD patients repeated their choices less after a rewarding trial
than HCs did (Figure 1C and 1D).

Results Logistic Regression
The logistic regression results mirrored findings from the stay probability analysis. A
one-sampled t-test on the logistic regression coefficients indicated significant effects of
reward (p<0.001, Cohen’s d=0.91) and reward by transition (p=0.01, Cohen’s d=0.43). The
significant positive intercept indicates a general tendency to stay with the same choice
regardless of transition and reward. A significant reward by stress interaction indicated that
participants relied more on reward in the control condition than after stress induction (see
Table 2). Group comparisons furthermore revealed that this effect was significantly different
between groups (p=0.049), showing a significantly higher effect of stress on reward in HCs.
Post-hoc tests revealed that there was a positive effect of stress on reward in HCs, indicating
HCs were significantly more model-free after stress, but not in GD patients. The main effect
of reward was also significantly lower in GD patients than in HCs (p=0.049). Table 3 provides
the group-level coefficient values for the HC and GD groups and statistical comparison
between them.
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Table 2. The regressors included in the logistic regression analysis, indicating a main effect of reward
(=model-free), an interaction between reward and transition (=model-based), an interaction between
reward and stress and a main of the intercept, which represents the general tendency to repeat the
same choice regardless of the other factors.
Logistic regression analysis of behavioral data (one-sampled t-tests)
Effects

Estimate (SEM)

t

p

Reward

0.24 (0.04)

5.808

< .001

Transition

0.01 (0.03)

0.300

0.765

Reward X Transition

0.11 (0.04)

2.725

0.009

Reward X Stress

0.06 (0.03)

2.135

0.039

Transition X Stress

0.03 (0.02)

1.473

0.149

Reward X Transition X Stress

-0.01 (0.02)

-0.331

0.743

Stress

0.02 (0.05)

0.457

0.650

Intercept

0.63 (0.10)

6.365

< .001

Table 3. Comparing the regression coefficients between groups indicates that the effect of reward
was weaker in GD patients than in controls. Furthermore, the groups differed on the interaction
between reward and stress, driven by an effect of stress on reward in HCs but not in GD patients.
Compare Figure 1C and 1D, which illustrate this difference.
Group comparison of logistic regression analysis (two-sampled t-tests)
Effects

HCs
Estimate (SE)

GDs
Estimate (SE)

t

p

Reward

0.32 (0.07)

0.16 (0.04)

1.24

0.049

Transition

0.03 (0.04)

0.01 (0.03)

2.03

0.391

Reward X Transition

0.18 (0.07)

0.05 (0.04)

0.87

0.092

Reward X Stress

0.12 (0.04)

0.01 (0.04)

1.73

0.049

Transition X Stress

0.02 (0.04)

0.04 (0.03)

2.03

0.694

Reward X Transition X Stress

-0.04 (0.03)

0.02 (0.03)

-0.40

0.194

Stress

0.10 (0.07)

-0.05 (0.06)

-1.32

0.116

Intercept

0.76 (0.13)

0.52 (0.15)

1.61

0.224

Results computational modeling
Parameter estimates are plotted for both sessions and groups separately in Figure 3. A
repeated measures ANOVA tested for an effect of group, stress or their interaction on the
weighting parameter w. Contrary to our expectations, there was no significant difference
between the two groups, nor did stress have a significant impact on the balance between
model-based and model-free control (all p values>0.4). As this was the main question of
the current study, we additionally quantified the evidence in favour of the null hypothesis
against the evidence for the alternative hypothesis by means of the Bayes Factor BF01. A
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Bayesian repeated measures ANOVA provided substantial evidence for the absence of a
group difference (BF01=2.9), or the interaction between group and stress (BF01=3.1).
We additionally compared all other parameters for differences between sessions, groups
or their interaction. The only significant group difference was seen on b2, which was lower
in GD patients than HCs (main effect of group: F1,39=4.2, p=0.04, η2=0.10), indicating that GD
patients were generally more random in their choices. Following previous work (Otto et al.,
2013; Radenbach et al., 2015), we also investigated the relationship between delta cortisol
(i.e. the difference between post minus pre-SECPT and post minus pre-control cortisol
values) and the weight parameter (repeated measures ANOVA with wcontrol and wstress as
within- and group as between-subject factor including delta cortisol as covariate) but failed
to find any significant relationship (no main effect of delta cortisol, p=0.8, or an interaction
with the weight parameter, p=0.18).

Figure 3. Mean estimates from the computational model for all seven parameters: learning rates for
the first and second stage choices, a1 and a2; the eligibility trace parameter, l; the weighting parameter
w, which reflects balance between model-based and model-free values; repetition parameter r,
reflecting perseveration; and two free inverse temperature parameters, b1 and b2, which reflect choice
reliability. The first four parameters were logit-transformed and b1 and b2 were log-transformed (r was
not transformed); thus, w=0 indicates an equal balance between the model-free and model-based
values. Data represent mean ± SEM.

fMRI results
Across groups and conditions (control/stress), there was a main effect of modelfree RPEs in regions previously associated with RPEs, including bilateral ventral striatum,
caudate, putamen, ACC, pallidum, Insula (Figure 4A), but no significant correlates of modelbased RPEs. No significant differences between groups were observed on the main effects
of model-free or model-based RPE learning signals. Furthermore, no main effect of stress
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was observed on model-free or model-based RPEs, nor did these effects differ between the
groups.

Figure 4. main effect of MF RPEs, with significant activations seen in several regions including the
bilateral ventral and dorsal striatum and the mPFC (p<0.05, FWE-corrected). Displayed at p<0.001,
uncorrected.

Discussion
This study tested the hypotheses that patients with gambling disorder show disrupted
goal-directed ‘model-based’ and increased habitual ‘model-free’ decision making, and that
stress would further shift this balance. Logistic regression analyses showed that the main
effect of reward on the next choice (predicted by the model-free system) was significantly
lower in GD patients, and that stress abolished this effect in HCs but in GD patients.
However, when analyzed using the more comprehensive computational model, we found
no evidence for differential model-free or model-based involvement in GD patients or
under stress as an explanation for these group differences. In fact, there was substantial
Bayesian evidence against a difference between the groups or a group-by-stress interaction
on the balance between model-based and model-free decision making. Additionally, no
differences in the neurobiological correlates of model-free and model-based reward
prediction errors were observed.
Regarding the role of goal-directed learning deficits in addiction, a central but unresolved
question relates to the role of changes induced by drugs: is impaired goal-directed control
the consequence of prior drug use, of the repetitive addiction-related behavior itself, or
a pre-existing vulnerability marker? According to the habit theory of addiction (Everitt
and Robbins, 2005, 2015), progressively increased habit formation underlies the transition
towards addiction; however, this theory does not explicitly distinguish between the effect
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of drug exposure and addictive behavior itself. Using GD as a model for addiction without
the confounding neurotoxic effects that characterize substance use disorders, our results
indicate that goal-directed control is intact in the absence of drug abuse, as suggested
by the weight parameter of the hybrid computational model. Studies assessing substance
use disorders, however, have also reported mixed findings regarding the balance between
mode-based and model-based control. One study reported increased reliance on modelfree control in abstinent methamphetamine dependent subjects, but no difference with
participants with alcohol use disorder compared to HCs (Voon et al., 2015b). Similarly,
Sebold et al (2017) found no difference in model-free behavior in patients with alcohol use
disorder compared to HC. Integrating these findings, one may conclude that drug-induced
changes are largely responsible for goal-directed control deficits, with substance-specific
differences.
A second question of our research pertained to goal-directed control under acute
stress. Stress is an important factor in the onset and progression of addiction, and known
to increase relapse risk (Sinha, 2007). In the case of GD, gambling may serve as a coping
mechanism for acute or sustained stress (Coman et al., 1997; Raylu and Oei, 2002). Thus,
stressful states may serve as gambling cues, increasing gambling behavior and triggering
relapse. As stress has previously also been shown to increase habitual control (Schwabe and
Wolf, 2009, 2011; Otto et al., 2013), we investigated whether acute stress would promote
habitual decision making more in GD patients than in HCs. Contrary to our expectations,
we found no evidence for such an interaction, suggesting that acute stress does not
selectively shift the balance between goal-directed and habitual decision making in GD
patients. However, although stress induction had a significant impact on salivary cortisol
and subjective stress levels, this had no significant influence on goal-directed control in
HCs. On closer look, the reported effects of stress on participant’s performance on this
task in previous studies have been subtle: using a between-subject design, Otto et al.
(2013) found no main effect of condition (stress vs control), but instead a negative relation
between individual cortisol stress response (independent of the stress manipulation) and
model-based weight. Using a within-subject design, Radenbach et al. (2015) found a similar
negative relationship between cortisol and model-based responding (again no main effect
of stress), an effect that was even more pronounced with higher levels of chronic stress.
Despite the fact that there was no group difference and stress effect on the weight
parameter w, which reflects the balance between model-free and model-based learning
strategies, the logistic regression analysis indicated a significant group difference on
the main effect of reward. This difference was driven by a lower beta coefficient in GD
patients, indicating that the main effect of reward (reflective of model-free responding)
was significantly lower in GD patients than in HCs. This finding implies that, although GD
patients were more likely to repeat their actions when the previous trial was rewarding
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(there was a significant main effect of reward), this probability was lower than in HCs. One
explanation may be found in the more comprehensive computational modeling analysis,
which showed significantly lower beta values in GD patients, indicating that choices were
overall more random. Additionally, the logistic regression analysis showed a group difference
on the interaction between reward and stress, which was driven by a significant effect of
stress on reward in HC, but not GD patients: when stressed, HCs repeated their choices less
after rewarding trials relative to the control session, whereas GD patients’ behavior was not
significantly impacted by stress. Again, an explanation for the absence for an effect of stress
in GD patients may be that their responding was more random, thus not sensitive for the
impact of stress. We can only speculate on why decisions by GD patients were less reliable,
but one explanation may be GD patients did not fully comprehend the task structure.
Individual variation in the balance between model-free and model-based performance is
known to depend on personality factors such as IQ (Culbreth et al., 2016; Gillan et al., 2016),
working memory (Otto et al., 2013; Schad et al., 2014) and impulsivity-levels (Deserno et al.,
2015). Unmeasured differences in these factors between the groups may have contributed
to suboptimal performance in GDs.
Several limitations need to be addressed. First, we had to exclude a relatively large
number of subjects, in part due to the within-subject design which increases the chance of
excluding participants due to something going wrong in one of the two sessions. We initially
tested 26 GD patients and 31 HCs. Unfortunately, we had to exclude 8 subjects (4 from each
group) due to technical errors in one of two sessions (a downside to the crossover design),
and an additional 7 HCs and 1 GD because their choices on the task suggested unmotivated
performance: they did not explore the task but instead repeated their choice on >90%
of the trials, meaning they simply selected one choice as their favorite and stuck with it.
This may reflect a lower motivation in HC participants to perform the (relatively complex)
task. Since such behavior is uninformative regarding the balance between model-free and
model-based behavior, these subjects were excluded. Second, after exclusions there were
significantly more males in the GD group, which also contained significantly more smokers.
Both gender and smoking are known to impact salivary cortisol stress responses (Kudielka
and Kirschbaum, 2005); although there were no group differences on cortisol measures,
these factors may still have impacted cortisol measurements and obscured possibly relevant
effects, such as the relationship between the weight parameter w and cortisol values. The
previous studies investigating this relationship tested only non-smoking males (Radenbach
et al., 2015), or did not report these sample characteristics (Otto et al., 2013).
In sum, this study shows intact goal-directed decision making in GD patients, which
remained similar to HCs after stress induction. Although these results initially seem
surprising based on the habit theory of addiction (Everitt and Robbins, 2015), they appear
to converge a larger body of recent findings in addicted populations. Goal-directed control
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deficits, if already observed in addicted populations, at this point appear to be most likely
the consequence of specific neurotoxic effects of some drugs.
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Supplementary Material
Supplementary Table 1. fMRI results across all participants (HC and GD groups).
Anatomical Region
Fusiform gyrus
VS , Putamen, Caudate,
Pallidum, hippocampus
Middle Cingulate

L/R

X

Y

Z

k

FWE p

t value

Z

L

-33

-61

-10

498

<0.001

7.85

5.99

L&R

-12

8

-7

477

<0.001

7.33

5.73
5.42

R

3

-37

35

253

0.001

6.75

Parietal cortex

R

51

-40

47

154

0.002

6.55

5.3

Inferior Frontal

L

-48

44

8

165

0.006

6.02

4.99

Inferior Occipital

R

36

-85

-4

169

0.010

5.85

4.89

Inferior Parietal

L

-48

-49

47

308

0.016

5.67

4.78

Cerebellum

L

-39

-70

-37

86

*0.017

5.65

4.77

ACC, mPFC

R

9

41

17

195

*0.003

4.62

4.08

X, Y and Z coordinates are reported in MNI space. All p-values peak-level FWE-corrected, except *=cluster level
FWE-corrected; k=cluster size; ACC= Anterior Cingulate Cortex; mPFC=medial prefrontal cortex.
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Abstract
Deficits in instrumental, goal-directed control, combined with the influence of drugassociated Pavlovian-conditioned stimuli, are thought to underpin the development and
maintenance of addiction. However, direct evidence has mainly come from animal studies.
We sought to establish whether human alcohol use disorder (AUD) is characterised by
behavioural or neurobiological deficits in (i) the integration of Pavlovian and instrumental
values and (ii) goal-directed control; and (iii) whether duration or severity of AUD is
associated with such deficits. The influence of cues predicting food rewards on instrumental
action was assessed in a Pavlovian-to-instrumental transfer (PIT) test, measuring both
specific and general PIT, and goal-directed behaviour in an outcome-devaluation test.
Brain activity was measured using functional MRI in 38 abstinent AUD individuals and 23
matched healthy control individuals (HCs). Finally, the effects of AUD severity, chronicity,
abstinence and relapse were assessed with the AUD group. We found significant specific
and general PIT effects across groups, mediated by distinct corticostriatal signals, but no
significant differences between individuals with AUD and healthy controls. Both groups
showed behavioural outcome-devaluation effects indicating goal-directed control, but
no significant group differences were observed. Bayesian analyses provided substantial
evidence for the absence of group differences on specific PIT and outcome-devaluation,
and the absence of any relation between lifetime alcohol use, duration of alcohol-related
problems and severity of AUD with general and specific PIT effects. Against the bulk of animal
literature, these results suggest intact ability to integrate action-outcome associations on
specific and general PIT and goal-directed learning in abstinent AUD individuals.
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Introduction
Alcohol use disorder (AUD) is characterised by a loss of control over alcohol consumption.
Associative learning mechanisms are proposed to play a crucial role in the development and
maintenance of this loss of control (Everitt and Robbins, 2005; Robinson and Berridge, 2008;
Hogarth et al., 2013a; Volkow et al., 2016). Habitual and eventually compulsive alcohol use is
thought to depend largely on instrumental conditioning (Dickinson, 1985): whereas initial
drinking is thought to be goal-directed, i.e. actions are governed by associations between
actions and outcomes (e.g. drinking is pleasurable), habitual actions are instead controlled
through learned stimulus-response associations that are outcome-independent (Balleine
and Dickinson, 1998; Corbit and Janak, 2016a). One way to expose which system controls
responding is by outcome-devaluation. Such paradigms have been used to reveal distinct
corticostriatal neural mechanisms for goal-directed actions, depending on orbitofrontal
cortex (OFC) and the ventral striatum, and habitual behaviour depending on the dorsal
striatum (Balleine and O’Doherty, 2010). Concerning AUD, habitual control over alcohol
seeking indeed increases with prolonged self-administration in rodents (Corbit et al., 2012)
and human AUD patients rely more on stimulus-response habits than HCs (Sjoerds et al., 2013).
Simultaneous with this shift in instrumental learning, repeated reinforcing effects of drug
rewards become associated with the environmental stimuli that precede them through
Pavlovian learning. In alcohol addiction, contextual cues (e.g. a bar) gain motivational
properties that can directly influence and motivate actions (e.g. have a beer). Pavlovian-toinstrumental transfer (PIT) describes the ability of Pavlovian cues to enhance instrumental
action for rewarding outcomes (Cartoni et al., 2016). Failures to integrate these processes
may result in reduced control of goal-directed action and facilitate drug seeking and
relapse (reviewed by Hogarth et al., 2013a; Balleine et al., 2015; Corbit and Janak, 2016).
PIT can have two fundamentally different forms: outcome-specific transfer, demonstrated
when a cue associated with a specific reward biases choice towards the same reward; and
general transfer, which describes the general motivational influence of Pavlovian cues to
influence instrumental actions. Lesion studies in animals have found that distinct neural
structures mediate specific and general PIT, with dissociable roles for the central and
basolateral amygdala (Corbit and Balleine, 2005) and the nucleus accumbens shell and core
(Corbit and Balleine, 2011), respectively. Human neuroimaging studies have implicated the
medial OFC in general transfer and different parts of the amygdala and ventral striatum in
both general and specific transfer (Prévost et al., 2012; Morris et al., 2015). Limited evidence
in addicted groups suggests that PIT can mediate how environmental stimuli promote
smoking behaviour in smokers (Hogarth et al., 2007, 2014). Regarding AUD, alcohol-paired
stimuli can increase alcohol-seeking in rodents (Corbit and Janak, 2007, 2016b), whereas
human AUD individuals show stronger behavioral transfer effects compared to controls
on a PIT task with monetary rewards and increased nucleus accumbens (NAcc) activity in
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relapsers compared to abstainers (Garbusow et al., 2016). Thus, PIT can be used to examine
stimulus-driven behaviour, which has relevance for AUD and may have clinical importance.
In the current study, we tested whether abstinent individuals with AUD show deficits
in integrating action-outcome learning with outcome values to guide choices, as assessed
by Pavlovian-to-instrumental transfer test. We used a previously developed PIT task that
allows distinguishing between specific and general PIT (Morris et al., 2015), in which
participants learn to liberate real snack foods from a virtual vending machine, followed
by an outcome-devaluation phase to asses goal-directed control. Based on Hogarth et al.
(2013a), we hypothesised that patients with AUD would show decreased goal-directed
control and specific PIT effects, and would show increased habitual control and general PIT.
We further hypothesised that addiction duration and severity would be negatively related
to goal-directed control and specific transfer effects, and would be positively associated
with general transfer effects (Hogarth et al., 2013a). Following previous findings (Garbusow
et al., 2016), we expected increased NAcc activity during transfer to differentiate patients
who would later relapse from abstainers.

Methods
Participants
We recruited a total of 51 recently detoxified individuals with AUD and 32 healthy
controls (HCs) were recruited for this study. HCs were recruited through advertisements
and from our database. AUD individuals were recruited from a local addiction treatment
centre (Jellinek, Amsterdam) and were detoxified (>2 weeks) and recently diagnosed with
AUD without Axis 1 comorbidity. Initially, our study was designed to include and compare
a non-chronic (<2 years AUD history; <2 treatments) and chronic (>7 years AUD history; >3
treatments) AUD group. However, recruiting patients meeting these exact (arbitrary) cutoffs for AUD history and number of treatments was untenable. Therefore, the AUD criteria
were changed during the study to include a broad range in years of AUD history, number of
treatments and lifetime alcohol intake. This design facilitated the investigation of chronicity
by looking at severity and duration of AUD within the patient group. All subjects were aged
between 18 and 65 years and included between December 2015 and June 2017. All subjects
underwent the MINI structured psychiatric interview (Sheehan et al., 1998), to confirm the
absence of any psychiatric disorder (except for DSM-5 AUD in the AUD group). Exclusion
criteria included: lifetime history of bipolar disorder, anxiety disorder, obsessive-compulsive
disorder or schizophrenia; past 6-month history of major depressive episode; current or
past-year substance use disorder or current psychiatric treatment (except for AUD in the
AUD patient group); the use of any psychotropic medication; positive breathalyzer test
(alcohol) or urinalysis (benzodiazepines, (meth)amphetamines, opioids, cocaine, ecstasy,
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PCP, methadone or cannabis); history or current treatment for neurological disorders; major
physical disorders; history of brain trauma; or any contraindications for MRI. In addition, HCs
were excluded if they scored higher than seven on the Alcohol Use Disorder Identification
Test (Conigrave et al., 1995). One AUD patient had a positive urine screen for MDMA; the
subject declared that use was >1 week ago and he did not use regularly. A psychiatric
interview further verified the absence of a (history of ) dependence, and the subject was
included in the analyses.
Groups were matched on age, gender, BMI, years of education, handedness and
intelligence quotient (IQ). Verbal IQ was estimated by the Dutch Adult Reading Test
(Schmand et al., 1991). The digit span (part of the Wechsler Adult Intelligence Scale;
Wechsler, 1981) was used to assess general information processing speed. AUD severity and
alcohol craving were evaluated using Dutch Alcohol Use Disorder Identification Test (AUDIT;
25) and the Dutch, five-item Obsessive-Compulsive Drinking Scale (OCDS; 27). Lifetime
alcohol use was estimated by converting the total number of drinks, obtained using the
Lifetime Drinking History questionnaire (Skinner and Sheu, 1982), to kilogram pure alcohol.
Six months following participation, AUD individuals were contacted by telephone to assess
relapse rates. The study was approved by the Ethical Review Board of the Academic Medical
Center. All subjects provided written informed consent and were reimbursed 50 euro for
their participation.

Experimental Design
We used the same Pavlovian-to-Instrumental Transfer (PIT) and outcome-devaluation
task as in Morris et al. (2015). The task was programmed and run in PsychoPy v1.85.6 (Peirce,
2007), using a Windows computer with a 27-inch screen. All instructions were translated
into Dutch. Participants were asked to abstain from eating for three hours prior to the start
of participation. After providing consent, participants underwent ~1 hour of interviews,
questionnaires and cognitive tests. Materials and procedure are described below shortly; for
further details see Morris et al. (2015). These data were collected as part of a more extensive
study protocol including questionnaires, neuropsychological testing, another fMRI task and
a resting-state fMRI scan, data of which will be presented elsewhere.
First, participants tasted six snacks: M&Ms, Speculaas cookies (‘Smoeltjes’), liquorice
candy (‘drop’), Pringles (Original), salted peanuts and rosemary flavoured crisps. They were
asked to rate all snacks on a 7-point Likert scale. The three highest-rated snacks were then
selected as rewards in the experimental paradigm. Participants were subsequently seated
behind a computer in a quiet room near the MRI scanner.
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Instrumental training
Participants were told they could steal snack foods from a virtual vending machine
(Figure 1A). Participants were instructed to use two buttons to tilt the vending machine to
the left or right. Responses were reinforced on a variable ratio 10 (VR10) schedule, with each
button press (R1 and R2) being associated with a different food snack (O1 and O2). When
earned, snacks were shown on the screen and presented on a plate. Participants were told
they were allowed to eat the snacks at the end of the experiment. After every three snacks
earned, a probe question (“Which snack falls out when you tilt to the left/right”) tested
participants’ explicit knowledge of the instrumental contingencies, after which feedback
(correct/incorrect) was provided. Participants were trained until they reached the criterion
of six consecutive correct answers on the probe questions testing explicit knowledge after
every three snacks earned.
Pavlovian training
In the second phase, participants were told that we discovered that people were
stealing and upgraded the vending machine. However, a free snack would fall out when
the machine is overstocked, indicated by a coloured light. Participants thus learned the
predictive relationship between four different colour lights of the vending machine and
different snack foods (Figure 1B). Two cues (S1 and S2) were associated with the same
outcomes that were available during instrumental training (O1 and O2, respectively).
Another cue (S3) was associated with a new snack (O3), i.e. CS+, while the fourth cue (S4)
did not earn a snack food and the word “empty” was shown (CS-). Pavlovian training ended
after 12 blocks.
Participants were taken to the MRI scanner immediately following training. After making
a structural scan, the instructions for the Pavlovian-Instrumental Transfer test started. The PIT
and outcome-devaluation test phases took place while fMRI scans were acquired.
Pavlovian-Instrumental Transfer Test
This phase tested the influence of the four stimuli on instrumental responding, i.e.
Pavlovian-to-instrumental transfer (Figure 1C). Specific PIT is reflected by the specific
influence of cues (S1 and S2) predicting food (O1 and O2, respectively) in biasing choice
towards the action previously earning the same food (R1 and R2, respectively). General
PIT is reflected by the general incentive motivational influence of the CS+ (S3) on
responding, compared to the CS- (S4). The four coloured lights were presented 28 times
each in pseudorandom order. Participants were able to tilt the machine both during cue
presentation (6 sec) and during the intertrial interval when the unlit vending machine was
presented (3-11 sec), thus employing an active baseline. Participants were told they could
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earn snacks, but no snacks were shown on the screen (i.e. extinction) to avoid contingent
reinforcement. The total duration of the PIT test was ~24 minutes.
Outcome-devaluation
One of the snacks (O1 or O2, counterbalanced) was then devalued using taste aversion
and a video of the devalued snack infested with waxworms (see Figure 1D). The taste aversion
procedure, which took place outside the scanner, involved tasting the two snacks (O1 and
O2), with the last one presented being devalued using a magnesium sulfate solution. After
entering the scanner again, participants watched a movie for 2 minutes with the devalued
snack infested with waxworms. To evaluate the effect of outcome-devaluation on action
selection, participants were presented with the ‘original’ unlit vending machine (10 blocks
of 12 seconds) and were able to tilt the machine to earn snacks. A fixation cross (12 seconds)
was presented before each block. This phase lasted ~4 minutes.
After completing the outcome-devaluation, participants were asked to rate each snack
and their hunger. Five participants, all HCs, were excluded from the outcome-devaluation
analyses because they only watched the video (no taste aversion) and didn’t show any
devaluation effect in their snack rating (data not reported).
Explicit knowledge of Instrumental and Pavlovian contingencies
At the end of the outcome-devaluation, while still being in the scanner, participants
were tested on their explicit knowledge of the instrumental and Pavlovian contingencies
(e.g. “Which snack was associated with the red light/tilting to the left”).

Magnetic Resonance Imaging data acquisition
All magnetic resonance imaging (MRI) was performed on a 3 Tesla, full-body Intera
MRI scanner (Philips Medical Systems, Best, The Netherlands) equipped with a 32-channel
phased array SENSE radiofrequency (RF) receiver head coil. Functional MRI scans were
acquired using a T2*-weighted gradient multi-echo echoplanar imaging sequence (voxel
size 3 mm2), chosen for its improved BOLD sensitivity and lower susceptibility for artefacts,
especially for ventral regions (Poser et al., 2006). The first three scans were discarded to allow
T1 saturation to reach equilibrium. A total of 637 and 102 volumes were acquired for the PIT
and outcome-devaluation phases, respectively. A high-resolution T1-weighted structural
image was acquired for each participant (voxel size 1 mm2).
Participants entered the scanner in head-first supine position and were able to view the
screen (BOLDscreen 32 LCD, Cambridge Research Systems) using a mirror attached to the
head coil, on which the task stimuli were presented. Participants were told they could use their
left and right index fingers to tilt the machine using the two button boxes (CurrentDesigns).
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A. Instrumental training

R-O associations

1s

B. Pavlovian training

3s

1s

S-O associations

2s

C. Transfer test (fMRI)

Specific transfer

General transfer
ITI (3 - 11 s)
CS trial (6 s)

4 x 28 trials (24 min)

CS+

D. Devaluation test (fMRI)

CS-

Choice test

Devaluation

MgSO4
Fixation (12 s)

10 x (4 min)

Trial (12 s)

Figure 1. Overview of the four stages of the task and the contingencies. (A) Participants were able to
tilt the vending machine to the left or right in order to obtain snacks. (B) During Pavlovian training,
participants learned that specific light colors predicted specific outcomes. The transfer test (C) and
(D) devaluation test were performed in the fMRI scanner during extinction (i.e. no outcomes were
delivered). CS, conditioned stimulus; ITI, intertrial interval; fMRI, functional Magnetic Resonance
Imaging.
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Statistical analysis
Behavioural analysis
Statistical analyses were conducted using SPSS Statistics version 22 (IBM Corp, Armonk,
NY). Behavioural plots were made using GraphPad Prism, version 7.03 (La Jolla, CA, USA).
Independent samples t-tests were used to test between-group differences of single
variables (e.g. demographic and clinical data, hunger scores). Repeated-measures ANOVAs
were used to test between-group differences of multiple variables (e.g. specific PIT, general
PIT, outcome devaluation). Associations with clinical variables within AUD individuals
were tested using Pearson correlations. Relevant null-results were further tested using the
corresponding Bayesian analysis, conducted using freely available JASP software, version
0.8.6 (31). We report the Bayes Factor BF01, which quantifies the evidence in favour of the null
hypothesis against the evidence for the alternative hypothesis. BF01 between 1 and three
is considered to reflect anecdotal evidence in favour of the null hypothesis, BF01>3 reflects
substantial support and values larger than 10 reflect strong support (Wetzels et al., 2011).
fMRI analyses
Preprocessing
Imaging data were preprocessed using Statistical Parametric Mapping software (SPM12,
Wellcome Trust Centre for Neuroimaging, London). Raw multiecho fMRI data were combined
into single volumes identical to van Timmeren et al. (2018): realignment parameters were
estimated for the images acquired at the first echo time and consequently applied to
images resulting from the two other echoes. Thirty volumes, acquired at the start of the PIT
task during which a fixation cross was shown, were used to calculate the optimal weighting
of echo times for each voxel by applying a PAID-weight algorithm (Poser et al., 2006). The
multi-echo fMRI data were then combined into single volumes using these weightings. All
functional images were subsequently slice-time corrected and co-registered with the highresolution T1-weighted image using normalized mutual information. The high-resolution
structural scan was segmented and used to normalize the slice-time corrected functional
images. Finally, all functional images were smoothed with an 8mm isotropic full-width at
half maximum (FWHM) Gaussian smoothing kernel. One AUD was excluded from the PIT
fMRI analysis due to excessive movement (>3mm deviation from reference scan).
Transfer test
A general linear model (GLM) was constructed for each participant: individual regressors
were made for specific PIT (S1 and S2), CS+ (S3), CS- (S4) and inter-trial interval trials (ITI; active
baseline), modelled at trial onset as box-car (6 seconds) functions. Similar to previous PITfMRI studies (Prévost et al., 2012; Morris et al., 2015), each trial was parametrically modulated
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with the number of responses during that trial. An additional regressor of no interest was
constructed to account for variance induced by motor responses, modelling all key-presses
as a stick function (Talmi et al., 2008; Geurts et al., 2013).
Following Talmi et al. (Talmi et al., 2008), PIT effects were identified on two levels: withinand between-subject. Within-subject PIT effects were estimated using per-trial parameter
estimates of the PIT effect at first-level analysis. For the within-subject specific PIT effect, the
number of responses for the same outcome during each trial was parametrically modulated
and compared to the parametrically modulated ITI to reveal neural activity correlated with
the influence of reward cues over choice within each subject. Within-subject general PIT
was identified by comparing CS+ and CS- trials modulated by the number of respective
responses during each trial to reveal neural activity correlated with a general incentive effect
of reward cues. First level activity maps were then entered into second-level two-sample
t-tests to compare the AUD group with the HC group. These contrasts capture the trial-bytrial, but not individual, variation in the strength of the PIT effects. To assess such betweensubject differences, first-level contrast images for specific (specific PIT > ITI) and general PIT
(CS+ > CS-) were entered into the second-level analyses, with global PIT rates (specific PIT
= total same minus different responses; general PIT = total CS+ minus CS- responses) as
a covariate of interest. Two AUD individuals did not show any variation in the number of
responses (e.g. always one), while three subjects (2 AUD, 1 HC) did not show any variation in
general PIT trials. As this renders parametric modulation analyses impossible, these subjects
were excluded from the ‘within-subject’ analyses.
Devaluation test
The first level GLM for the devaluation test included two response regressors (valued
and devalued) modelling each response as stick-functions, and one regressor modelling
the ten blocks as 12-sec boxcar functions. A first level contrast was made comparing valued
and devalued responses to identify neural activity related to the new action values after
devaluation. A total of 17 participants (10 AUD individuals and 7 HCs) were excluded from
the fMRI analysis because they made <5 devalued responses (Prévost et al., 2012).
In all first-level models, six movement regressors were included as regressors of no
interest to account for translation and rotation variability. Regressors were convolved with
the canonical hemodynamic response function and a high-pass filter with a cut-off of 128
seconds was applied to remove drifts within sessions.

Region of interest analyses
Region of interest (ROI) analyses were performed using the same masks used in (Morris et
al., 2015), which were based on previous literature. The ROI mask used for specific and general
PIT effects included spheres around the bilateral amygdala, bilateral putamen, the ventral

80

Intact corticostriatal goal-directed control in AUD

striatum and the medial OFC. The ROI mask used for outcome-devaluation included spheres
around the medial OFC, medial PFC and the bilateral caudate. Masks are available online
(https://neurovault.org/collections/ETZNNLKP/). Following Garbusow et al. (Garbusow
et al., 2016), we additionally performed ROI analyses by extracting the mean parameter
estimates from the individual contrast images for the right and the left NAcc (derived
from the IBA SPM71 atlas incorporated in the WFU PickAtlas V3.0.5 (Maldjian et al., 2003).

AUD severity, chronicity and relapse
We also examined whether the ability of reward-related cues to guide actions was
associated with (i) the amount of alcohol used and (ii) the severity of alcohol-related
problems in AUD individuals and (iii) duration of abstinence. Using Spearman correlations,
we tested the relationship of specific PIT, general PIT and outcome-devaluation with (i) total
lifetime alcohol use (in kg), (ii) AUDIT scores and OCDS scores and (iii) number of weeks
participants were abstinent. Moreover, we investigated the relationship of these four
factors with neural responses for the within-subject PIT effects and outcome-devaluation
by including them as a covariate (tested for each factor separately) in the relevant fMRI
analyses. To test the association of between-subject PIT effects with chronicity, severity and
abstinence, individual hierarchical multiple regression analyses were performed with the
left/right NAcc beta values from the specific/general PIT contrasts as predicted variable,
the respective PIT values as the first predictor and the severity/chronicity/abstinence
measures as second predictor. Non-significant results were complemented by Bayesian
linear regression analyses.
We additionally tested whether the behavioural and neural PIT and devaluation effects
would be predictive of relapse at follow-up (Garbusow et al., 2016). AUDs were contacted
after six months about their alcohol use in the period since participation. We were able to
reach 45 out of the total 51 AUDs (89%). AUDs were labeled as ‘relapsers’ if they reported
two or more relapse days. From the contacted AUD patients, n=15 were labeled as relapsers
(33%), while n=30 were labeled as abstainers (66%). The number of relapse days ranged
from 2 to 95 days (mean=30.9 ± 33.5). Three AUDs in the abstinent group experienced a
one-day lapse; all others did not report any lapses.

Results
The test of explicit knowledge about instrumental and Pavlovian contingencies at
the end of the experiment revealed that 13 AUD individuals and 10 HCs did not retain
all contingencies correctly, even though all subjects correctly learned the contingencies.
Because this knowledge is crucial for the interpretation of the PIT and devaluation tests
and following (Talmi et al., 2008), these participants were excluded from all analyses.
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Additional analyses in these participants indeed revealed an absence of specific transfer
and devaluation effects (data not shown).

Demographics and clinical characteristics
Demographic and clinical characteristics of the remaining 38 AUD individuals and
22 HC participants are summarized in Table 1. Groups were matched on age, gender,
education, IQ and general processing speed. After exclusion of the participants who forgot
any contingency, the AUD group had a significantly higher BMI and contained significantly
more smokers than the HC group (p=0.02 and p<0.001, respectively). As expected, measures
relating to alcohol use were significantly higher in AUD individuals, including AUDIT, OCDS
and lifetime alcohol intake (all p<0.001).
Table 1. Demographic and clinical results, Mean (SD).
AUD (n=38)
Mean (SD)

HC (n=22)
Mean (SD)

p value

Age

44.4 (11.2)

43.0 (10.6)

0.64

Male (%)

27 (71%)

17 (77%)

0.60a

BMI

25.7 (4.3)

23.1 (2.8)

0.02

Education, years

10.5 (3.1)

10.2 (3.7)

0.881

101.8 (14.2)

98.3 (9.6)

0.32

Digit span

17.5 (4.1)

17.7 (4.7)

0.84

Smokers (%)

23 (61%)

3 (14%)

<0.001a

AUDIT

24.7 (6.1)

3.5 (2.1)

<0.001

IQ

OCDS-D
Lifetime alcohol intake (kg pure alcohol)
Weeks abstinent

4.4 (2.8)

1.0 (1.9)

<0.001

496.3 (394.2)

53.0 (55.3)

<0.001

7.1 (6.6)

-

-

AUD: alcohol use disordered patients; HCs: Healthy Controls; SD: Standard Deviation; BMI: Body Mass Index; IQ:
Intelligence Quotient; AUDIT: Alcohol Use Disorders Identification Test; OCDS-D: five-item Obsessive Compulsive
Drinking Scale – Dutch; ap value of chi-square test, all other represent p values of two-sampled t-test.

Behavioural Pavlovian-Instrumental Transfer Results
Food and hunger ratings across groups before training
Mean subjective ratings for the snack foods and hunger were positive (>4) in both
groups. Both groups rated the three snacks (O1,O2,O3) and their hunger similarly, as
revealed by independent samples t-tests (p>0.05).
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Instrumental Conditioning
Acquisition of the instrumental contingencies was similar across groups: the total
number of snacks earned (HC=18.0, ±0.0; AUD=19.4, ±4.1) and responses made (HCs=107.7
±8.5 ; AUD=125.0, ±6.5) were both similar between groups (both p=0.11, d=0.43), indicating
that both groups successfully learned the response-outcome contingencies.
Pavlovian Conditioning
The average number of probe questions that was answered correctly (HC=11.3, ±1.5;
AUD=11.7, ±0.6) did not significantly differ between the groups (p=0.22), indicating that all
groups learned the stimulus-outcome contingencies.
Specific PIT
Figure 2A shows that both groups chose the action that delivered the same outcome
as that predicted by the stimulus (‘same’) significantly more than the other action (‘diff’),
indicating cues predicting specific food rewards biased choice towards actions that resulted
in that specific food (main effect of response-type: F1,58=166.85; p<0.001). Contrary to our
hypothesis, this specific PIT effect did not differ between the groups; no group x responsetype interaction (F1,58=0.03; p=0.87) or an overall difference in responding during specific PIT
trials (S1 and S2) between groups (main effect of group: F1,58=1.13; p=0.29) was observed.
The Bayesian analysis further revealed substantial evidence (BF01 = 4.15) in favour of the null
hypothesis, i.e. no difference on specific PIT between groups.

Figure 2. Strong specific and general PIT effects in both AUD patients and HCs. (A) Reward cues
increased choices for the same outcome in both groups (i.e., specific transfer). (B) In both groups, the
reward cue (CS+) increased responding significantly more than the non-reward cue (CS-), indicating
general transfer. ***main effect of condition p<0.001.
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Within AUD individuals, no significant associations were found between specific PIT
(same minus different responses) and alcohol-use chronicity and AUD severity measures
(lowest p=0.12). Bayesian correlations showed substantial evidence for the absence of
a relation between the specific PIT effect and total lifetime alcohol use and duration of
abstinence (BF01=4.74, BF01=3.99), and anecdotal evidence against a relation with OCDS (i.e.
compulsive drinking; BF01=2.86) and AUDIT (i.e. severity of drinking problems; BF01=1.84).
General PIT
A significant general PIT effect, i.e. general incentive motivation induced by the CS+
relative to the CS-, was seen across both groups (Figure 2B) (main effect of cue-type:
F1,58=46.16; p<0.001). There was no significant difference between the groups (F1,58=3.26;
p=0.07) or an interaction with cue-type (F1,58=0.06; p=0.80). The BF01 for an effect of group
was 1.45, suggesting anecdotal evidence in favour of the null hypothesis. The number
of button presses during the active baseline intertrial interval did not significantly differ
between the groups (p=0.21).
We found no significant correlations of general PIT (CS+ minus CS- responses) with
chronicity, severity and abstinence measures (lowest p=0.48). Bayesian evidence against a
relation between these factors and general PIT was substantial (BF01 ranging between 3.90
and 4.94).

Neuroimaging Pavlovian-Instrumental Transfer Results
All main results referred to in this section are available online at https://neurovault.org/
collections/ETZNNLKP/. See Table 2 for peak coordinates of the main contrasts.
Specific PIT
Whole-brain analyses across groups revealed that specific PIT (between-subject)
was associated with neural activity in regions including the bilateral caudate, putamen,
thalamus, pallidum, hippocampus, insula, middle cingulate, supplementary motor area
extending towards the medial frontal superior gyrus; and the left medial and right posterior
OFC (pFWE < .05 voxel-level; Figure 3). When masked with the PIT ROI, this analysis further
confirmed the involvement of the bilateral putamen, caudate, thalamus, pallidum and
insula. No regions were significantly related to within-subject specific PIT. No significant
differences in the neural patterns associated with specific PIT were observed between the
AUD individuals and HCs.
Within the AUD group, we found no significant whole-brain association between
within-subject specific PIT and chronicity or severity measures. Multiple ROI regression
analyses revealed no significant effects of chronicity, severity or abstinence on between-
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subject specific PIT in the left NAcc (total lifetime alcohol use: p=0.77, BF01=2.18; AUDIT:
p=0.95, BF01=2.24; OCDS: p=0.46, BF01=1.82; weeks abstinence: p=0.80, BF01=2.19) or right
NAcc (total lifetime alcohol use: p=0.71, BF01=2.41; AUDIT: p=0.37, BF01=1.86; OCDS: p=0.79,
BF01=2.48; weeks abstinence: p=0.93, BF01=2.54).
General PIT
The incentive effect of the CS+ on responding (compared to CS-) was associated with
activity in several large clusters (Figure 4A), including the bilateral putamen, ACC, insula,
SMA, thalamus; the right amygdala; and the left hippocampus (whole-brain pFWE=0.05 voxellevel). ROI analyses of this between-subject general PIT contrast revealed activations in the
bilateral putamen, caudate, thalamus, pallidum and insula (pFWE=0.05 voxel-level). Across
both groups, within-subject general PIT was associated with increased activity in bilateral
medial OFC and left ACC (both in the whole-brain and ROI analyses; Figure 4B). However, no
significant differences between the individuals with AUD and HCs were observed.
Within the AUD group, whole-brain analyses of the within-subject general PIT effect
indicated that no regions were significantly associated with chronicity or severity measures.
Moreover, multiple regression ROI analyses revealed no significant effects of chronicity,
severity or abstinence on general PIT (between-subject) in the left NAcc (total lifetime
alcohol use: p=0.54, BF01=2.36; AUDIT: p=0.63, BF01=2.49; OCDS: p=0.98, BF01=2.73; weeks
abstinence: p=0.54, BF01=2.65) or right NAcc (total lifetime alcohol use: p=0.62, BF01=2.76;
AUDIT: p=0.51, BF01=2.56; OCDS: p=0.45, BF01=2.42; weeks abstinence: p=0.89, BF01=3.04).

Figure 3. Between-subject specific PIT effect across groups, whole-brain (p<0.05 FWE-corrected). No
differences between AUD patients and HCs were found.
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Figure 4A. Between-subject general PIT effect across groups, whole-brain (p<0.05 FWE-corrected).
No differences between AUD patients and HCs were found.

Figure 4B. Within-subject general PIT effect across groups, whole-brain (p<0.05 FWE-corrected). No
differences between AUD patients and HCs were found.
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Table 2. fMRI results across all participants (AUD and HC). All p-values peak-level FWE-corrected.
mOFC=medial OrbitoFrontal Cortex; ACC=Anterior Cingulate Cortex, a =extends to right pallidum. X,
Y and Z coordinates are reported in MNI space.
Region
Specific PIT effect
(between-subject),
within ROI mask

L/R

X

Y

Z

k

FWE p

t value

Z

R

9

11

-1

31

0.009

5.46

4.86

Putamen

R

33

-7

-4

70

0.009

5.46

4.86

Putamen

R

27

2

-1

0.027

5.10

4.59

Putamen

R

33

-1

-1

79

0.000

7.41

6.14

Pallidum

R

24

-1

-1

21

0.000

7.32

6.09

Putamen

L/R

-30

-10

-1

56

0.047

4.91

4.45

mOFC

R

12

38

-10

28

0.001

6.16

5.32

L

-12

38

-10

22

0.005

5.71

5.01

R

12

35

2

2

0.028

5.17

4.62

Caudate
a
a

General PIT
(between-subject),
within ROI mask
General PIT
(within-subject),
whole-brain

ACC

4

Behavioral Outcome-devaluation Results
Subjective ratings after outcome-devaluation
After the devaluation procedure, mean snack ratings for the devalued snacks were
negative (<4) while still being positive for the valued snacks (>4) in both groups (Figure 5A).
This main effect of devaluation was significant within both groups (F1,53=54.40; p<0.001)
indicating that the devaluation procedure was successful, but did not differ between the
groups (no main-effect of group: F1,53=0.44; p=0. 51; or group x type interaction: F1,53=0.95;
p=0.33). Hunger ratings were similar between groups after the experiment (F2,57=0.35;
p=0.70).
Instrumental outcome-devaluation: choice test
During the choice test following the devaluation procedure, preference ratio was
significantly decreased for the devalued relative to the valued snack (main effect of
response-type: F1,53=49.75; p<0.001), indicating goal-directed control of action selection in
both groups (Figure 5B). However, no significant effect of group (F1,53=0.00; p=1.00) or an
interaction (F1,53=0.40; p=0.53) was found. The Bayesian analysis further substantiated the
absence of a group difference, offering substantial evidence (BF01=4.18) in favour of the null
hypothesis.
No significant correlations between alcohol use chronicity, abstinence duration or
severity measures with outcome-devaluation were found (all p>0.05). Bayesian evidence
in support of the null hypothesis was substantial for the AUDIT (BF01=3.88) and duration
of abstinence (BF01=4.82), but inconclusive for the relation with total lifetime alcohol use
(BF01=0.99) or OCDS (BF01=0.85).
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Neuroimaging Outcome-devaluation results
The fMRI outcome-devaluation analysis (29 AUD individuals and 10 HCs) revealed no
significant activations across and between the groups, nor any significant association with
alcohol use chronicity or severity of AUD problems.

AUD relapse
Out of the 38 individuals with AUD, 22 remained abstinent after six months (58%), 12
relapsed (32%) and four could not be reached (10%). We assessed whether any of the taskrelated variables would be predictive of relapse by comparing relapsers and abstainers, but
did not find significant behavioral differences on specific PIT (F1,32=1.02; p=0.32; BF01=3.39),
general PIT (F1,32=0.06; p=0.81; BF01=3.33) or outcome-devaluation (t32=0.53, p=0.58;
BF01=2.64).
The group comparison between the relapsers and abstainers revealed no differences in
neural patterns on general or specific PIT or outcome-devaluation. Moreover, contrary to
Garbusow et al. (2016), relapsers and abstainers did not significantly differ in NAcc activity
during PIT, as revealed by independent-samples t-tests for within-subject general PIT (left
NAcc: p=0.90, BF01=2.79; right NAcc: p=0.42, BF01=2.19) and specific PIT (left NAcc: p=0.21,
BF01=1.53; right NAcc: p=0.154, BF01= 1.29); and by multiple regression analyses for betweensubject general PIT (left NAcc: p=0.78, BF01=2.39; right NAcc: p=0.85, BF01=2.81) and specific
PIT (left NAcc: p=0.52, BF01=1.86; right NAcc: p=0.57, BF01= 2.05).
A

Snack rating after devaluation

B

Choice test

Valued
Devalued

Figure 5. The outcome-devaluation procedure successfully decreased subjective rating (A)
and responding (B) for the devalued snack across groups. (A) Subjects in both groups rated the
devalued snack significantly lower than the valued snack, indicating devaluation was successful. (B)
The proportion of choices for the devalued snack was significantly reduced after the devaluation
procedure in both groups, indicating goal-directed control. ***main effect of devaluation, p<0.001.
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BMI and smoking status
Because BMI and smoking status differed significantly between the groups, we ran
additional analyses to assess the impact of these factors on the main effects. BMI did
not significantly correlate with the outcome-devaluation, specific or general PIT effect.
Furthermore, repeated-measures ANCOVAs for each of the main outcome measures with
BMI and smoking status as covariates showed that between-group differences remained
non-significant.

4

Discussion
In this fMRI study, we investigated whether abstinent, in-treatment individuals
diagnosed with AUD suffer from general impairments in associative learning and decisionmaking, specifically deficits in goal-directed control over action and the influence of
Pavlovian, predictive cues on instrumental choices (i.e. PIT). Contrary to our hypotheses,
AUD individuals did not show any deficits relative to healthy controls in the ability to use
outcome knowledge to guide choice, or in specific or general PIT. This was further reflected
in the absence of significant differences between AUD and HC groups in neural activity
underlying goal-directed actions and PIT. Additionally, we tested within the AUD group
whether prior chronicity of alcohol use or severity of alcohol-related problems were related
to deficits in associative learning and decision-making processes but again found no
significant associations. Behavioural null findings were supported by substantial Bayesian
evidence. Our findings provide evidence against the notion that human AUD, at least during
abstinence, is characterized by long-term deficits in associative learning or decision-making.
In both HC and AUD individuals, we observed strong behavioural general and specific
PIT effects. The brain areas that were associated with these behavioural effects converge
with previous findings in both animals and humans. Both general and specific PIT were
mediated by activity in the amygdala (Corbit and Balleine, 2005; Talmi et al., 2008; Prévost
et al., 2012; Mendelsohn et al., 2014), the bilateral pallidum (Bray et al., 2008; Leung and
Balleine, 2015) and various subregions of the striatum, including the bilateral putamen,
caudate and thalamus (Bray et al., 2008; Talmi et al., 2008; Prévost et al., 2012). Finally, we
observed that responses induced by increased incentive motivation during general PIT
were related to increased mOFC activity. Although the OFC has mostly been implicated
in specific transfer in animal studies (Cartoni et al., 2016), our findings replicate previous
activation patterns found in healthy subjects during general PIT (Morris et al., 2015). Overall,
the behavioural and neural effects observed in our study closely resemble previous findings
in healthy populations (Bray et al., 2008; Talmi et al., 2008; Prévost et al., 2012; Mendelsohn
et al., 2014; Quail et al., 2017), indicating that the PIT paradigm produced robust and reliable
transfer effects across groups.
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Inconsistent with our expectations, however, we found no behavioural or corticostriatal
deficits in specific or general PIT in subjects in treatment for AUD. Bayes factors provided
substantial evidence for an absence of behavioural group differences. Few studies have so
far investigated PIT in alcohol users. Two studies assessed specific PIT in non-clinical alcohol
users but failed to find any relation with severity of alcohol use (Martinovic et al., 2014; Hardy
et al., 2017). One previous neuroimaging study in detoxified AUD individuals investigated
the effect of both non-alcohol (Garbusow et al., 2016) and alcohol-related stimuli (Schad et
al., 2018) on instrumental responding for monetary gains or losses. Alcohol-related stimuli
had an inhibitory effect on responding in AUD individuals, accompanied by increased NAcc
activity (Schad et al., 2018). This conflicts with the expected positive motivational effect of
alcohol-related stimuli that has previously been found in rats (Ostlund et al., 2010), but may
be a consequence of the negative properties that alcohol stimuli gained during abstinence.
Non-alcohol stimuli, on the other hand, had a more pronounced effect on responding in
patients than HCs, but (similar to our findings) no PIT-related differences in BOLD response
were observed. Moreover, NAcc activity was found to be higher in the subgroup of AUD
patients that relapsed (n=13) compared to the abstainers (n=11) (Garbusow et al., 2016),
a finding we could not replicate. Although the stronger behavioral PIT effect seen in
AUD patients (Garbusow et al., 2016) differs from our results, it is unclear how reliable the
behavioral findings are, as AUD patients and controls did not significantly differ in strength
of the PIT effect in a pilot study using same task (Garbusow et al., 2014).
Contrary to the predicted deficits of goal-directed control in AUD, the results on the
choice test following outcome-devaluation suggest an intact ability of AUD individuals to
modify action selection following changes in outcome value. Again, the Bayesian analysis
provided substantial evidence for the null hypothesis, indicating AUD individuals show
no impairments integrating changes in experienced value with the action-outcome
association. Although our findings are not in line with studies in animals [reviewed in
(Everitt and Robbins, 2015)], evidence in humans is less convincing, reviewed in a recent
paper by Hogarth et al. (2018). Animal studies have mostly relied on simple lever-press
procedures to reveal impaired goal-directed control after chronic drug-exposure, which
may produce stimulus-response “drug-habits” by design: recent evidence suggests that
addiction-like behavior can emerge even when rats have to solve complex puzzles, which
prevents drug seeking to become habitual, and that drug seeking remained under ventral
striatal control (Singer et al., 2018). Outcome-devaluation paradigms in human drug users
have provided mixed evidence for impaired performance. Previous studies found impaired
performance on an outcome-devaluation task in alcohol (Sjoerds et al., 2013) and cocaine
dependence (Ersche et al., 2016), while several studies failed to find any impairment related
to tobacco dependence (e.g. 46, 47). A recent paper in treatment-seeking drug users
provided further evidence for intact goal-directed control, on outcome-devaluation and
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specific PIT tasks, across two experiments (Hogarth et al., 2018). An additional goal of the
study was to investigate the relation between PIT and outcome-devaluation strength with
various dependence severity measures. Again, however, we did not find any associations
between dependence severity and the expression of PIT or devaluation, which was further
supported by substantial Bayesian evidence.
We would like to put these findings in perspective by highlighting some choices of
design that likely impacted our results. Our study was designed to assess general associative
learning mechanisms (i.e. unrelated to the addiction) in abstinent AUD patients. Future
studies will have to determine whether these processes are intact when it comes to (i) active
users, (ii) alcohol-related cues and (iii) alcohol-seeking behavior. These issues are important
because, although we found no association between duration of abstinence with PIT and
outcome devaluation strength, decision-making deficits related to drug-seeking may
still be impaired in active users. Behavior in patients with AUD may be strongly driven by
alcohol-cues that have a disruptive influence on decision-making, hindering goal-directed
behaviour. In line with this idea and mirroring the findings in rodents (Ostlund et al., 2010),
Hogarth et al (2013b) situated participants in a bar lab and presented them with an alcohol
beverage and showed that this goal-directed control of cigarette seeking in smokers was
abolished, emphasizing the impact realistic contextual cues and environments can have on
instrumental behavior. In sum, although our results provide evidence for an intact system
regarding newly learned associations and food rewards, future studies should determine
the extent to which specific alcohol-seeking behaviours are under habitual control in AUD
patients.
There are several limitations to our study. We cannot exclude the possibility that
subjects already explicitly learned the shared outcome of the instrumental and Pavlovian
contingencies during pavlovian training. Such an explicit association may have led to more
declarative tactics during the transfer phase and as a consequence may have obscured
group differences. Unfortunately, there is no way to assess this in the current dataset, as
the Pavlovian condition took place in the absence of any behavioural component and
outside the scanner. Moreover, our instrumental training phase may have been too short for
habitual responding to emerge, as assessed by devaluation; even in HCs it has proven to be
difficult to elicit habitual behavior that is insensitive to changes in outcome value outside
the scanner, even after 3 days of overtraining (de Wit et al., 2018).
To conclude, this study was the first to dissociate between specific and general PIT and
their neural correlates in human AUD, using food rewards. Our results provide substantial
evidence that human AUD individuals are not impaired in general goal-directed or cueguided choice behaviour, or the neural circuits mediating these processes. Based on the
results presented in the current paper and the limited evidence for impaired goal-directed
and habitual control in human AUD, it may be premature to rely heavily on the theory that
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associative learning processes are disrupted in human AUD. This conclusion is, however, in
conflict with a bulk of animal literature (Everitt and Robbins, 2015; Corbit and Janak, 2016a).
This discrepancy may be related to differences between human and animal studies, in
which the latter generally test the influence of drug-related environments on drug seeking
in actively using animals. Future studies may investigate the role of associative learning
directly related to drug cues and drug seeking in active users, to better understand how such
processes contribute to the development and maintenance of substance use disorders.
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Abstract
Background: Striatal dysfunction is a key characteristic of addictive behaviors, but
neuroimaging studies have reported conflicting findings. An integrative model of addiction
points to the presence/absence of addiction-related cues as an explanation for striatal
hypo-/hyperactivations, respectively, but has never been directly tested.
Measurements: Using functional MRI, monetary reward anticipation was studied in the
presence/absence of addiction-related cues to study striatal hyper-/hypofunction. Across
two studies, we compared 46 alcohol use disorder (AUD) patients with 30 matched healthy
controls; and 24 gambling disorder (GD) patients with 22 matched healthy controls.
Results: During monetary reward anticipation, hypoactivation of the reward system was
seen in AUD (p<0.05, FWE-corrected) but not in GD individuals compared to controls.
Hypoactivity in the putamen of AUD patients correlated with craving severity. During
addiction-related versus neutral cues, hyperactivation of the dorsal striatum was seen in
AUD and GD patients. Increased ventral striatal cue-reactivity was positively associated with
addiction chronicity in both AUD and GD patients. A behavioral (but not neural) interaction
was seen: gambling cues made participants respond faster for bigger, but slower for smaller
rewards. Interestingly, we found no relation between striatal hypo- and hyperactivations
within patients, indicating they are independent factors.
Conclusions: Striatal dysfunction is a key but heterogeneous mechanism contributing to
the pathophysiology of addiction. Our results indicate a crucial role for addiction-related
cues in explaining striatal hyper-/hypoactivation in addiction and underline the importance
of a dimensional, individualized approach to investigating and treating addictive disorders.
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Introduction
Patients with addictive disorders often show disrupted striatal reward processing (Blum
et al., 2000; Bjork et al., 2012; Volkow and Morales, 2015). However, findings have been
inconsistent: both hypo- and hyperactivations have been reported (Leyton and Vezina,
2013; Limbrick-Oldfield et al., 2013; Clark et al., 2018). These findings have been interpreted
in the context of several theories of addiction, which make opposite predictions about the
direction of the striatal disruption. A hypoactive reward system (and related anhedonia)
has been described either as a (genetic) predisposition for the development of rewardseeking (addictive) behaviors (Blum et al., 2000) or as a consequence of chronic drug use
and receptor down-regulation (Koob and Le Moal, 2008; Goldstein and Volkow, 2011)
possibly in combination with the recruitment of ‘anti-reward’ systems (Koob and Le Moal,
2005). Alternatively, a hyperactive reward system has been described either as a (genetic)
vulnerability factor reflecting an increased sensitivity to high rewards and a drive for impulsive
behaviors (Bjork et al., 2012) or as a result of incentive sensitization for environmental stimuli
that become conditioned with the rewarding effects of the addictive behavior (Robinson
and Berridge, 2008).
Over the past decades, studies have provided evidence in support for each of these
theories, resulting in ample but inconsistent evidence for dysfunctions in the human
reward system in addicted populations. Recently, Leyton & Vezina proposed a model
integrating these seemingly contradictory findings and theories (Leyton and Vezina, 2012,
2013, 2014). Central to their model is the presence versus absence of addiction-related cues
(see discussion: Balodis et al., 2012a, 2012b; Leyton and Vezina, 2012; van Holst et al., 2012c,
2012d). These (initially neutral) stimuli become conditioned through repeated association
with the rewarding effects of addictive behaviors, ultimately leading to conditioned and
sensitized neurobiological responses. Hyperactive striatal motivational states thus develop
in the presence of addiction-related cues. Simultaneously, a progressively diminished
interest towards rewards not related to addiction-related cues is reflected by a hypoactive
reward system. Looking at the human substance use and gambling disorder literature
regarding striatal activity, most inconsistencies are indeed explained by factoring in the
presence or absence of addiction-related cues (Leyton and Vezina, 2013).
However, the presence of alternating striatal states in addicted patients has never been
tested in the context of a single experimental paradigm. Such a study would not only be able
to directly investigate the pervasiveness of ‘striatal ups and downs’ in addicted populations,
but would also allow for an evaluation of the interaction between addiction-related cues
predicting addiction-related rewards (Freeman et al., 2012) and (cues predicting) natural
rewards. The latter is usually studied with monetary rewards (Luijten et al., 2017) and
often using the Monetary Incentive Delay Task [MIDT] (Knutson et al., 2000; Wrase et al.,
2007; Beck et al., 2009; Balodis and Potenza, 2015). Addiction-related cues are known to
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increase motivation and modify readiness to respond for substances (Leyton and Vezina,
2013), but whether this effect is specific to drug seeking or generalizes to responding for
monetary rewards is still an open question. For example, gambling cues may augment
the anticipation of a monetary reward in GD patients, such that the presence of such cues
increases performance, motivation and striatal activity for monetary rewards (van Holst
et al., 2012d, 2012b). Additionally, these effects may interact, such that gambling-cues
selectively enhance anticipation for larger but not for smaller monetary rewards. Moreover,
it is unclear how striatal hyper- and hypoactivation are related to each other within addicted
individuals. One hypothesis would be that these are dependent factors that go hand in
hand: while interest progressively narrows towards addiction-related cues, interest towards
general rewards and goals simultaneously diminishes (Volkow et al., 2016). Alternatively,
they may be independent factors that are separately expressed across individuals with
addiction, possibly constituting addiction-subtypes. Here we assessed reward processing
in the presence and absence of addiction-related stimuli which allows us to directly address
these open questions.
Various addiction-related factors have been shown to modulate and predict individual
variation in striatal dysfunction. Increased striatal cue-reactivity has been related to duration
and severity of alcohol dependence (Claus et al., 2011; Sjoerds et al., 2014). Striatal dysfunction
may also depend on the stage of the addiction cycle: heavy, dependent alcohol drinkers
have been reported to exhibit greater alcohol cue-induced striatal activation compared to
light social drinkers (Vollstädt-Klein et al., 2010; Ihssen et al., 2011), possibly through a shift
from ventral to dorsal striatal processing (Everitt and Robbins, 2005). Craving levels have
repeatedly been shown to correlate with addiction-related cue-reactivity in the ventral
striatum (Filbey et al., 2008) and insula (Goudriaan et al., 2010; Limbrick-Oldfield et al., 2017)
and with blunted ventral striatal monetary reward processing (Wrase et al., 2007). Duration
of abstinence also correlates with striatal cue-reactivity: positively in alcohol use disorder
[AUD] (Li et al., 2014), but negatively in gambling disorder [GD] (Limbrick-Oldfield et al.,
2017). Finally, several studies have found that cue-reactivity effects (specifically in the dorsal
PFC) may predict relapse (Grüsser et al., 2004), although this relationship is controversial
(Tiffany and Wray, 2012; Courtney et al., 2016).
In order to assess the possible occurrence of striatal hyper- and hypoactivity within
patients in a single paradigm, we developed a neuroimaging task that simultaneously
assesses the processing of monetary rewards and addiction-related cues. We adapted
the widely used MIDT (Knutson et al., 2000) to not only include monetary reward signals
but also addiction-related and neutral cues during the anticipation phase. The feedback
phase was not considered because there was no interaction with addiction-related cues
there. Adopting a full-factorial design with monetary reward-type (low and high) and cue
type (neutral and addiction-related) as factors enabled us to separately study (i) general
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Figure 1. Hypotheses (a) and experimental design (b). (A) Hypotheses regarding striatal activity during

reward anticipation, plotted separately for each of the four conditions. (B) Schematic overview of the experimental
design. Participants were instructed to respond to a target as quickly as possible in order to gain monetary rewards.
During each trial, participants could earn 1 or 50 cents, indicated by a coin overlaid on an addiction-related or
neutral background picture (‘cue’). Next, a crosshair was shown for a variable period (‘Delay’) and participants
were instructed to respond as fast as possible to the target. Feedback about current and cumulative earnings was
provided, followed by a fixation cross before a new trial started.

(monetary) reward processing, (ii) processing of addiction-related cues and (iii) their
interaction in both addicted and healthy control groups. To dissociate the neurotoxic effects
of alcohol from neuroadaptations related to the addictive behavior per se, we conducted
two studies: one in AUD patients and one in GD patients. Both groups were separately

97

Chapter 5

matched to healthy control participants [HCs] and tested during fMRI-scanning to assess
striatal dysfunction. Based on Leyton & Vezina’s integrative model (Leyton and Vezina, 2013),
patients were expected to show blunted mesolimbic activity during monetary reward
anticipation in the absence of addiction-related cues (Figure 1A). We further hypothesized
that the presence of addiction-related cues would increase motivation and performance on
the MIDT, reflected by a hyperactive striatal state in AUD and GD patients compared to HCs.
Individual differences in striatal dysfunction were associated with several addiction-related
factors, including severity and duration of addiction, total lifetime alcohol use and duration
of abstinence. We expected these factors to be positively related to striatal dysfunction.
Finally, the association between striatal hypo- and hyperactivations within individuals with
AUD and GD was tested, without having any specific hypothesis.

Methods & Materials
The study was approved by the Ethical Review Board of the Academic Medical Center.
All subjects provided written informed consent. See Supplementary Material for a full
description of the methods and results.

Participants
All patients were recruited from a local addiction treatment centre (Jellinek, Amsterdam).
AUD patients were detoxified (>2 weeks) and recently diagnosed with AUD without Axis 1
comorbidity. GD were included if they were recently diagnosed with and started therapy
for GD, but were not obliged to abstain from gambling. Both patient groups were matched
to separate control groups (Table 1 and 2), recruited through advertisements and through
our subject-database. All subjects underwent the MINI structured psychiatric interview
(Sheehan et al., 1998), to confirm the absence of psychiatric disorders (except for DSM5 AUD/GD in the AUD/GD patient group). Participants were included after meeting the
inclusion criteria (see Supplementary Methods) and were reimbursed with 50 euros plus
additional task earning.

Experimental procedure
To investigate the effects of reward anticipation, cue-reactivity and their interaction,
we adapted the MIDT (Knutson et al., 2001) to include addiction-related cues (alcohol
-relevant cues in the AUD study and gambling-relevant cues in the GD study). We used a
2x2 full-factorial design with reward magnitude (Big=50 cent and Small=1 cent rewards)
and cue-type (addiction-related and neutral background pictures) as factors, resulting in
four conditions: ‘Big reward/Addiction cue’ [BA], ‘Big reward/Neutral cue’ [BN], ‘Small reward/
Addiction cue’ [SA] ‘Small reward/Neutral cue’ [SN]. Figure 1B shows the experimental
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design. The task comprised 28 trials per condition, trials were presented pseudorandomly
and the total task duration was ~23 minutes.
Following fMRI acquisition, participants were asked to indicate how strongly each
cue induced craving on a 7-point Likert scale (i.e. subjective craving). Rating data of six
participants in the AUD study (three AUD patients and three HCs) and seven participants in
the GD study (two GD patients and five HCs) are missing due to lack of time or technical failure.

Statistical Analysis
Demographics and clinical data were analyzed for group differences with two-sampled
t-tests and Pearson’s chi-square tests using SPSS 22.0 (IBM Corporation) for each study
separately. Repeated-measures ANOVAs were used to analyze mean reaction times and
number of hits, using reward magnitude (big or small) and cue type (addiction or neutral) as
within-subject factors and group (patients or controls) as between-subject factor. Because
of our specific hypotheses regarding striatal dysfunction, ROI results regarding reward
anticipation and cue-reactivity are reported one-tailed; for all other analyses, p<0.05 twotailed was considered significant.

Magnetic Resonance Imaging
Acquisition. Participants entered the 3T Phillips MRI-scanner in head-first supine
position and were able to view the screen using a mirror attached to the head-coil. We
acquired 595 T2*-weighted mulitecho planar functional MRI volumes (voxel-size: 3mm3) for
analysis. Additionally, a structural T1-weighted image (voxel-size: 1mm3) was collected. See
Supplementary Materials for details.
fMRI analysis. Raw multiecho fMRI data were first combined into single volumes
using the PAID-method (Poser et al., 2006). Preprocessing of the fMRI data was identical
to (van Timmeren et al., 2018b) and involved motion correction, slice-time correction,
co-registration, normalization and smoothing. See Supplementary Materials for details. A
first-level general linear model was constructed for each participant, including individual
regressors for all four conditions (4 second box-car function at cue-onset). Outcome (win/
loss) and key presses were included as regressors of no interest. Realignment parameters
were entered as six nuisance regressors, and low frequency drifts were removed using a
high-pass filter (128-s cutoff ). Regressors were convolved with a canonical hemodynamic
response function.
Three first-level contrast images were constructed for each participant to assess the
effect of (1) reward type (reward anticipation; big versus small reward: [BA+BN]>[SA+SN]);
(2) cue type (cue-reactivity; alcohol versus neutral cues: [BA+SA]>[BN+SN]); and (3) their
interaction ([BA+SN]>[BN+SA]). Single-subject contrast images were entered into secondlevel random-effects analysis, comparing within-group activation (one-sample t tests) and
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between-group differences (two-sample t tests). To assess whether subjective craving levels
correlated with BOLD-signal, additional second-level analyses were performed including
mean cue-induced craving ratings as a covariate of interest.
Anatomical brain regions were identified using the Automated Anatomical Labelling
[AAL] atlas in SPM12 (Tzourio-Mazoyer et al., 2002). Results were corrected for whole-brain
familywise error [FWE] (α<.05, voxelwise p<.001). Additionally, three striatal subregions
were chosen a priori as regions of interest [ROIs]: bilateral ventral striatum, caudate and
putamen. Masks were derived from the Oxford-Imanova Striatal Structural Atlas (http://
fsl.fmrib.ox.ac.uk). SVC was conducted using one binary mask including all three ROIs.
Moreover, parameter estimates were extracted and averaged across voxels for the three
ROIs separately to investigate regional activation for the relevant contrasts.

Study 1: AUD severity, chronicity, abstinence and relapse
We additionally explored individual differences in striatal functioning within the AUD
group as a function of AUD severity [AUDIT](Saunders et al., 1993), severity of craving
[OCDS](De Wildt et al., 2005), kg lifetime alcohol used (Skinner and Sheu, 1982), duration of
alcohol-related problems (years) and duration of abstinence (days). Second-level covariate
models were created separately for each of these factors to assess these whole-brain
correlations. Additionally, Pearson correlations were performed between these factors and
the three striatal ROIs. Finally, two-sampled t-tests assessed group differences between AUD
individuals who would later relapse versus abstain.

Study 2: GD severity, chronicity and abstinence
Similar to the AUD analysis, we explored individual differences within the GD group as a
function of GD severity [PGSI](Ferris and Wynne, 2001a) and duration of gambling problems
and abstinence duration.

Relation between hypo- and hyperactivity
To test whether the extent of striatal hypoactivity (monetary reward anticipation) and
hyperactivity (cue-reactivity) within individual patients were related to each other, Pearson
correlations were performed (separately for both patient groups) using the extracted
parameter estimates for each of the three ROIs. Evidence for the null hypothesis (i.e. no
relation between the two factors) were substantiated by Bayes Factors using Bayesian
correlations in JASP, version 0.8.6 (JASP Team, 2018).
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Results
All main neuroimaging results are available at https://neurovault.org/collections/4199/.

Results Study 1: AUD
Demographics and behavioral data are presented in Table 1.
Table 1. Demographical & Clinical information AUD patients and matched controls.
AUD (n=46)
Mean (SD)

HC (n=30)
Mean (SD)

p value

Age, years

46.5 (10.8)

44.8 (9.9)

0.48

Handedness: right / left

35 / 11

26 / 4

0.26a

Males / females

36 / 10

25 / 5

0.59a

Education, years

10.6 (3.3)

9.8 (3.5)

0.21

Smokers (%)

30 (65%)

4 (13%)

<0.001a

IQ

102.5 (15.0)

97.0 (9.6)

0.11

AUDIT

23.7 (6.0)

4.1 (2.1)

<0.001

Lifetime alcohol intake, kg pure alcohol

594.8 (495.8)

52.3 (52.2)

<0.001

OCDS

5.0 (2.9)

0.9 (1.8)

<0.001

Weeks abstinent

8.2 (7.6)

-

-

Abstainers / relapsersb

28 / 12

-

-

5

AUD, Alcohol Use Disorder group; HC, Healthy Control group; SD, Standard Deviation; IQ, Intelligence Quotient;
AUDIT, Alcohol Use Disorders Identification Test; OCDS, Obsessive Compulsive Drinking Scale; ap value of chisquare test. bRelapse rates are missing for six AUD patients, because they could not be reached at the six-month
follow-up interview.

Behavioral results
The repeated measures ANOVAs of reaction time and number of hits indicated a main
effect of reward: participants were faster (F1,74=38.9; p<0.001) and more accurate (F1,74=20.2;
p<0.001) for big compared to small rewards (Figure 2A and S1A). No significant main or
interaction effects of cue-type or group were found.
For the cue-induced craving ratings there was a group by cue-type interaction (F1,68=32.2,
p<0.001). Post-hoc tests revealed this interaction was driven by significantly higher craving
ratings for alcohol cues compared to neutral cues in AUD patients (mean=3.49, SD=1.92 vs.
mean=1.44, SD=0.58; t42=7.40 p<0.001) and for alcohol cues in AUD patients compared to
alcohol cues in HCs (mean=3.49, SD=1.92 vs. mean=1.49, SD=0.70; t68=5.18 p<0.001).
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GD + HC
(Study 2)
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Figure 2. Mean reaction time (in ms) on the task for each condition, showing faster responses for big
than small rewards in (A) AUDs + matched HCs and (B) GDs + matched HCs. Moreover, in the GD
study, an interaction was found between reward- and cue-type, such that responses were faster for
bigger rewards, and slower for smaller rewards in the presence of gambling cues compared to neutral
cues. ***p<0.001; *p<0.05.

Imaging results
Reward anticipation
In line with our hypothesis, AUD patients showed significantly decreased activity, relative
to HCs, while anticipating big versus small monetary rewards in the bilateral caudate,
putamen, pallidum, insula, hippocampus and supplementary motor area extending to the
right middle and medial cingulate and inferior OFC (Figure 3A). ROI analysis mirrored these
findings: AUD patients showed significantly lower regional BOLD signal than HCs in the
ventral striatum (t74=-3.72, p<0.001), putamen (t74=-4.69, p<0.001) and caudate (t74=-5.08,
p<0.001).
Cue-reactivity
No significant difference between groups was found on the contrast comparing alcohol
with neutral cues. Within the AUD group, the cue-reactivity contrast revealed significantly
increased activation in several clusters in the bilateral precuneus extending to the middle
cingulate, the bilateral frontal superior medial extending to the anterior cingulate cortex
[ACC], the left frontal inferior orbital cortex and several occipital regions (left angular and
right lingual gyrus); see Figure 3B.
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Figure 3. Hypo- and hyperactivations in AUD patients during monetary reward anticipation and cuereactivity (Study 1). (A) Whole-brain statistical parametric map showing blunted monetary reward
anticipation (big>small rewards) in AUD patients compared to HCs (HC>AUD). (B) Cue-reactivity
(alcohol >neutral cues) within AUD group. Results shown at p<0.05, FWE-corrected.

Reward x cue interaction
The reward-magnitude*cue-type interaction revealed no significant differences in BOLD
activity between AUD patients and HCs, or within the group of AUD individuals.
AUD severity, chronicity, craving and relapse
Within AUD patients, severity of alcohol craving (OCDS) was negatively correlated with
activity in the putamen, thalamus, caudate, insula, pallidum and ACC during the anticipation
of big vs small rewards (whole-brain analysis; Figure S2A). Striatal ROI analyses substantiated
these results, revealing a significant negative correlation between OCDS scores and the
putamen (p=0.002, r=-0.44; Figure S2B), but not the ventral striatum (p=0.12, r=-0.24) and
caudate (p=0.07, r=-0.27). No other significant associations were found between clinical
factors and the contrasts-of-interest. Moreover, no significant differences in neural activity
were found between relapsers and abstinent patients.
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Results Study 2: GD
Demographics and behavioral data are presented in Table 2.

Behavioral results
Similar to the results in Study 1, main effects of reward were seen for reaction time
(F1,44=63.9; p<0.001) and number of hits (F1,44=26.3; p<0.001), driven by participants being
faster and more accurate for big than small rewards (Figure 2B). Moreover, significant
reward*cue-type interactions were found for both reaction time (F1,44=4.7; p=0.035) and hits
(F1,44=4.6; p<0.037): gambling cues made participants faster when playing for big rewards,
but slower when playing for small rewards. No significant group differences were found.
As expected, there was a group*cue-type interaction for the post-scan craving ratings
(F1,37=12.6, p=0.001), driven by higher ratings for gambling compared to neutral cues in GD
patients (mean=3.98, SD=2.65 vs. mean=1.32, SD=0.81; t21=5.15, p<0.001) and for gambling
cues in GD patients compared to HCs (mean=3.98, SD=2.65 vs. mean=1.75, SD=0.80;
t37=3.34 p=0.002).
Table 2. Demographical & Clinical information GD patients and matched controls.
GD (n=24)
Mean (SD)

HC (n=22)
Mean (SD)

p value

Age, years

35.5 (12.4)

35.4 (15.8)

0.99

Handedness: right / left

22 / 2

15 / 7

0.01a

Males / females

19 / 5

13 / 9

0.14a

Education, years

8.1 (3.1)

9.6 (5.0)

0.35

Smokers (%)

11 (46%)

5 (23%)

0.10a

IQ

88.6 (8.9)

96.6 (9.6)

0.01

AUDIT

4.6 (4.3)

3.0 (2.3)

0.12

PGSI (12 months)

15.1 (5.1)

0.0 (0.0)

<0.001

GBQ

86.6 (23.9)

38.2 (19.7)

<0.001

Weeks abstinent

17.5 (22.3)

-

-

Abstainers / relapsersb

8 / 10

-

-

GD, Gambling Disordered patients; HC, Healthy Controls; SD, Standard Deviation; IQ, Intelligence Quotient;
AUDIT, Alcohol Use Disorders Identification Test; PGSI, Problem Gambling Severity Index; GBQ, Gamblers’ Beliefs
Questionnaire; ap value of chi-square test. bRelapse rates are missing for four GD patients, because they could not
be reached at the six-month follow-up interview.
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Imaging results
Reward anticipation
On the whole-brain level, GD patients showed decreased activation relative to HCs in
two clusters during reward anticipation, with one peak in the left angular gyrus extending
to the temporal middle and superior gyrus, and one peak in the right temporal superior
gyrus extending to the temporal middle gyrus and hippocampus (Figure 4A).

a

Reward anticipation

5

b

Cue reactivity

3.3::�==-

6.0

y=7

Figure 4. Hypo- and hyperactivations in GD patients during monetary reward anticipation and cuereactivity (Study 2). (A) Whole-brain statistical parametric map showing blunted reward anticipation
in gamblers compared to controls (HC > GD). (B) Higher subjective craving during cue-reactivity
(gambling >neutral cues) in bilateral insula and putamen in GD patients compared to HCs (GD > HC).
Results shown at p<0.001 (uncorrected) for illustrative purposes.
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Striatal ROI analyses revealed no significant differences between GD patients and HCs,
but a stronger correlation with subjective craving ratings in GDs compared to HCs in the
bilateral insula and putamen, right temporal middle gyrus, and left cerebellum during
reward anticipation (Figure S3). Thus, higher subjective craving was related to larger neural
anticipation for monetary rewards in GDs compared to HCs.
Cue-reactivity
The contrast comparing gambling versus neutral cues revealed no significant differences
between GD patients and HCs. Within GD patients, increased activation of the bilateral
calcarine and lingual gyrus was seen during cue-reactivity (Figure S4). When including
subjective craving levels as a covariate, GD patients compared to HCs showed higher
activity in in a large cluster including the right insula, putamen and middle temporal gyrus
(Figure 4B). Within GD patients, this same contrast revealed increased bilateral caudate
activity (psvc_striatum<.05 FWE, peak-defining threshold p<0.001).
Reward x cue Interaction
No significant differences were found for the reward-magnitude*cue-type interaction
between the groups or within GD patients.

GD severity, chronicity and abstinence
Within the GD group, a significant positive relationship was found between duration
of gambling problems and ventral striatal activity during cue-reactivity (r=0.435, p=0.034).
None of the other factors revealed significant associations with any of the three contrasts.

Relation between hypo- and hyperactivity
No significant correlations were found between striatal hypo- and hyperactivity in either
AUD or GD patients (Figure 5A). Bayes Factors provided anecdotal evidence in AUD patients
and substantial evidence in GD patients for an absence of such a relationship (Table S1 and
S2), indicating these factors are independently present across individual patients.

Differences between AUD and GD
To further explore differences in striatal dysfunction between individuals with AUD
and GD, we directly compared BOLD responses between these groups. At the whole-brain
level, no significant differences between AUD and GD individuals were found. ROI analysis
revealed that only during reward anticipation, AUD patients compared to GD patients
showed decreased activity of the ventral striatum (t74=-1.87, p<0.03), putamen (t74=-2.14,
p<0.02) and caudate (t74=-1.93, p<0.03).
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Figure 5. Striatal region of interest analyses, showing (a) the (absence of a) relationship between
striatal hypo- and hyperactivity in the AUD and GD group, and (b) ventral striatal activity for the
four experimental conditions. (A) No correlation was found between hypoactivity (big>small) and
hyperactivity (addiction-related>neutral cues) in either the AUD group or the GD group. BF₀₁ reflects
Bayes Factors in favor of the null, reflecting how much more likely these data are to be observed under
the hypothesis that there is no relationship between striatal hyperactivity and hypoactivity (B) Ventral
striatal activity during the four conditions, plotted separately for the patient groups and matched
controls. Activity was significantly higher for big than small rewards in all groups. AUD patients
showed significantly decreased activity during the processing of big rewards compared to HCs, i.e.
hypoactivity. ***p<0.001, **p<0.01, BOLD = blood oxygenation level dependent, a.u = arbitrary units.
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Discussion
The present study assessed whether the presence versus absence of addiction-related
cues would be related with striatal hyper- and hypo-activation during monetary reward
anticipation in AUD and GD patients compared to HCs (Figure 5B and S5). As hypothesized,
both patient groups showed decreased activity in striatal and related areas in anticipation
of monetary rewards (big > small) compared to HCs. This effect was most pronounced in
the AUD group, showing hypoactivity of the reward-circuitry, whereas hypoactivity in GD
individuals was seen in more temporal regions. In the presence of addiction-related cues,
hyperactivity of the dorsal striatum relative to HCs was seen in the GD but not AUD group.
Within the patient groups, individual striatal hypo- and hyperactivations did not correlate,
suggesting these are independent factors (Figure 5A). Together, these findings provide
evidence for the occurrence (and heterogeneity) of ‘striatal ups and downs’ in addicted
individuals and highlight the crucial role of addiction-related cues in explaining striatal
dysfunction in addiction.
In line with our hypothesis and previous studies (Wrase et al., 2007; Beck et al., 2009),
we found significantly diminished activity of the reward system in AUD patients compared
to HCs. In GD patients, hypo-activations were not seen in the striatum, but instead in more
temporal regions. Comparing patient groups, we found that striatal activation is significantly
reduced during reward anticipation in AUD relative to GD, replicating previous findings
(Romanczuk-Seiferth et al., 2014a), but in contrast with a recent meta-analysis that found
diminished striatal activation during reward anticipation in GD and substance use disorders,
including AUD, alike (Luijten et al., 2017) (but see (van Holst et al., 2017b).
Following previous findings in both AUD (Chase et al., 2011; Schacht et al., 2013;
Sjoerds et al., 2014) and GD (Goudriaan et al., 2010; Limbrick-Oldfield et al., 2017), we found
hyperactivity in AUD and GD individuals in the presence of addiction-related compared
to neutral cues in a number of regions previously implicated in cue-reactivity (Schacht et
al., 2013) including the ACC, precuneus (Courtney et al., 2014), insula (Limbrick-Oldfield
et al., 2017) and visual areas (Hanlon et al., 2014). Hyperactivity of the bilateral insula and
putamen was seen in GD patients compared to HCs when including subjective craving
levels. No significant differences in neural activity were seen between AUD patients and
HCs, however. Although seemingly surprising, this finding is in line with a meta-analysis
of alcohol cue-reactivity studies, which found that activity of the reward system does not
differentiate cases from controls (Schacht et al., 2013). Additionally, the absence of striatal
hyperactivity in the AUD group may be a consequence of patients being abstinent and in
treatment.
Behaviorally, an interaction was seen in GD patients and HCs between gambling-related
cues and rewards, such that gambling cues amplified the effect of reward magnitude
in both directions. Thus, participants’ performance was best (lowest reaction time, most
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accurate) when playing for big rewards in the presence of gambling cues, whereas
performance was worst when playing for small rewards in the presence of gambling cues.
This may be partially interpreted as an increased motivational effect of gambling cues
on performance, an effect also known as Pavlovian-instrumental transfer (Dickinson and
Balleine, 1994), which is often quoted as an important factor for the development of and
relapse to addictive behavior in associative-learning models of addiction (Hogarth et al.,
2013a; Everitt and Robbins, 2015). The finding that gambling cues decrease reaction times
specifically for bigger rewards may also be reflective of increased impulsivity (Miedl et al.,
2014). Interestingly, no behavioral interaction was seen in the alcohol-version of the task
in AUD patients and HCs. The effect thus appears to be specific to gambling cues, which
may be related to availability, i.e. the fact that monetary, not alcohol, rewards are at stake.
Availability of drugs (or gambling-opportunity) is an important factor modulating the cuereactivity effect (Jasinska et al., 2014), and a central tenet in Leyton & Vezina’s integrative
model. Future studies should investigate further whether alcohol cues specifically increase
motivation for alcohol outcomes (Jokisch et al., 2014).
No significant relation between striatal hyperactivation related to addiction cues and
hypo-activation related to monetary incentives was found. So, instead of reinforcing each
other in individual patients, striatal hypo- and hyperactivations may be independent
expressions of addiction states, suggesting the presence of different types of AUD and GD
patients: i.e. some (e.g. more impulsive) with striatal hyper-activation related to addiction
cues and others (e.g. reward deficiency) showing hypo-activation related to monetary
incentives. Although in line with previous attempts to classify subtypes of AUD (Cloninger,
1987; Lesch and Walter, 1996) or GD (Blaszczynski and Nower, 2002; Stewart et al., 2008),
this heterogeneity may prevent researchers from finding differences at the group-level.
Heterogeneity may thus explain why we did not find any significant link between clinical
factors and striatal dysfunction in this study. Instead, striatal dysfunction may be related to
other factors transdiagnostically, such as impulsivity (Bjork et al., 2008, 2012; Andrews et al.,
2011) or depressive symptoms (Fauth-Bühler et al., 2014; Hägele et al., 2014). In sum, our
results reflect the large number of (often mutually exclusive) models for addiction: instead
of finding evidence in support of one single theory for all AUD and GD patients, our findings
support the valid existence of multiple theories for subgroups of AUD and GD patients.
In AUD individuals, alcohol craving (OCDS) was negatively correlated with reward
anticipation levels in several areas of the reward circuitry including the dorsal striatum,
replicating previous findings (Wrase et al., 2007). In GD individuals, on the other hand,
subjective craving levels during the task were positively correlated with activity in the
bilateral putamen and insula during reward anticipation. Thus, craving in GD was related to
an increased response to bigger monetary rewards, whereas in AUD patients the opposite
pattern was observed. This distinction between the AUD and GD group may be related
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to the special role of monetary rewards in GD, as they are the outcomes that incentivize
gambling. Craving in GD may therefore lead to increased neural sensitivity to monetary
rewards, whereas in AUD individuals craving for alcohol instead leads to diminished
sensitivity to monetary rewards.
Dysfunction of striatal processing may constitute a biomarker of addiction severity and
risk for relapse (Jasinska et al., 2014; Courtney et al., 2016). Several studies have previously
reported correlations between a diversity of addiction-related factors and striatal activity
during MIDT (Balodis and Potenza, 2015) or cue-reactivity tasks (Schacht et al., 2013),
although often using small (n<15) samples (Leyton and Vezina, 2013). Despite our relatively
large AUD group, we could not replicate previous associations between striatal activity
and addiction severity (Sjoerds et al., 2014), abstinence duration (Li et al., 2014) or relapse
(Courtney et al., 2016). However, we did find a positive association between ventral striatal
activity during cue-reactivity and duration of gambling problems in GD patients and
lifetime drinking (kg pure alcohol) in AUD patients, in line with a large study (n=326) in
heavy drinking individuals (Claus et al., 2011). These results suggest that, across addictions,
ventral striatal processing of addiction-related cues increases with increasing addictionchronicity, in accordance with incentive salience theory.
Our fMRI task was designed to test the simultaneous processing of addiction-related
cues and monetary rewards. As these processes were studied during the anticipation phase,
we did not consider the reward feedback phase. Moreover, because we had to include
the extra alcohol- and neutral condition, we abolished loss processing, an often-included
condition in the MIDT. Future studies may investigate loss processing in the presence of
addiction-related cues, as striatal hypoactivation during loss processing has been found to
dissociate GDs from AUDs (Romanczuk-Seiferth et al., 2014a). Moreover, because monetary
rewards are the very outcomes reinforcing gambling, they may be conditioned cues.
In conclusion, our findings indicate that striatal hyper- and hypoactivations are dependent
on the presence versus absence of addiction-related cues, but are independently present
factors across individuals with addiction. Thus, striatal dysfunction is a key mechanism
in addiction, but the heterogeneity of its occurrence in our data suggests that different
mechanisms underlie individual’s addictive behavior, possibly reflecting subtypes of
addiction. Future work may benefit from using a dimensional, individualized approach to
investigate striatal dysfunction across mental disorders.
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Supplemental Information
Supplementary Methods
Study 1
Participants
Initially, a total of 51 recently detoxified patients with AUD and 32 matched controls were
recruited for this study. The relatively large AUD group was included to study the relation
between striatal dysfunction and individual variation in AUD severity, lifetime alcohol use,
craving, abstinence and relapse. Our study was originally designed to include and compare
a non-chronic (<2 years AUD history; <2 treatments) and chronic (>7 years AUD history; >3
treatments) AUD group. However, recruiting patients meeting these exact (arbitrary) cutoffs for AUD history and number of treatments was untenable. Therefore, the AUD criteria
were changed during the study to include a broad range in years of AUD history, number
of treatments and lifetime alcohol intake. This facilitated the investigation of chronicity by
looking at severity and duration of AUD within the patient group.
Exclusion criteria: being younger than 18 or older than 65 years; lifetime history of
bipolar disorder, anxiety disorder, obsessive-compulsive disorder or schizophrenia; past
6-month history of major depressive episode; current or past-year substance use disorder
or current psychiatric treatment (except for AUD in the AUD patient group); the use of any
psychotropic medication; positive breathalyzer test (alcohol) or urinalysis (benzodiazepines,
(meth)amphetamines, opioids, cocaine, ecstasy, PCP, methadone or cannabis); history
or current treatment for neurological disorders; major physical disorders; history of brain
trauma; or any contraindications for MRI. Controls were excluded if they scored higher than
7 on the Dutch Alcohol Use Disorder Identification Test (AUDIT: Saunders, Aasland, Babor,
de la Fuente, & Grant, 1993).
One AUD patient had a positive urine screen for MDMA; the subject declared that use
was >1 week ago and he did not use regularly. The absence of (a history of ) dependence was
further verified by the psychiatric interview, and the subject was included in the analyses.
Five participants (three AUD patients and two controls) were excluded after participation
because of excessive motion (>3.5mm/degrees movement from reference scan), and
another two AUD patients due to scanner failure.
Clinical and Neuropsychological Testing: Verbal IQ was estimated with the Dutch
Adult Reading Test (DART: Schmand, Bakker, Saan, & Louman, 1991). The WAIS digit-span
(Wechsler, 1981) was used to assess general information processing speed. AUD severity
was assessed with the AUDIT (Saunders et al., 1993) and alcohol craving severity by the
five-item Obsessive-Compulsive Drinking Scale (OCDS: De Wildt et al., 2005). Lifetime
alcohol use was estimated by converting the total number of drinks, obtained using the
Lifetime Drinking History questionnaire (Skinner and Sheu, 1982), to kilogram pure alcohol.

111

5

Chapter 5

Six months following participation, AUD patients were contacted by telephone to assess
relapse rates, defined as >2 days of uncontrolled drinking/gambling.
These data were collected as part of a more extensive study protocol including
questionnaires, neuropsychological testing, another fMRI task and a resting-state fMRI scan,
which will be presented elsewhere. Participants were asked to abstain from eating for three
hours prior to the start of the assessments, because of another fMRI task that involved
earning snack foods. Subjects signed a written consent and were reimbursed with 50 euros
plus additional task earning. All data was collected between December 2015 and June
2017. The fMRI session commenced between 12:15 and 17:30 hours.

Study 2
Participants
We included 24 GD patients and 22 controls in our analyses; data were collected for 26
AD patients and 23 controls, but three (two GD patients and one control) were excluded
because of excessive motion (>3.5mm/degrees movement from reference scan). Patients
with GD were recruited from a local addiction treatment centre (Jellinek, Amsterdam) and
included if they were diagnosed with and started therapy for GD. All subjects underwent
the MINI structured psychiatric interview (Sheehan et al., 1998), to confirm the absence of
psychiatric disorders (except for DSM-5 GD in the GD patient group). Inclusion and exclusion
criteria were furthermore identical to Study 1. One patient tested positive on THC use but
was included for further analysis because drug use occurred >72 hours before inclusion and
the absence of (a history of ) marihuana dependence was further verified by the psychiatric
interview.
Clinical and Neuropsychological Testing: The past-12-month Problem Gambling
Severity Index (PGSI; Ferris and Wynne, 2001) and the Gamblers’ Beliefs Questionnaire (GBQ;
Steenbergh et al., 2002) were used to assess GD severity in GD patients. The GBQ contains
21 items (e.g. “My choices or actions affect the game on which I am betting” or “I am pretty
accurate at predicting when a ‘win’ will occur”), with higher scores reflecting more gambling
related distortions.
These data were collected as part of a larger two-day study protocol, including stress
manipulation on a separate testing day. The fMRI task was preceded by questionnaires,
neuropsychological testing and a reward-related decision making fMRI task and followed
by a resting-state fMRI scan (reported in van Timmeren, Zhutovsky, van Holst, & Goudriaan,
2018). Subjects were reimbursed with 100 euros plus additional task earnings. All data was
collected between May 2016 and August 2017. The scanner session started between 13:50
and 19:20 hours.
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Stimuli
The 28 alcohol and neutral pictures were selected from The Geneva Appetitive Alcohol
Pictures database (Billieux et al., 2011) supplemented by pictures from a previous study
(Sjoerds et al., 2014) and pictures from the internet. The 28 gambling pictures were selected
from a previous study (Goudriaan et al., 2010) supplemented by pictures from the internet.
Neutral pictures were matched (independently to the alcohol and gambling pictures) for
setting, colour distribution and complexity.

Task instructions and procedure
Participants were instructed to respond to a target as quickly as possible in order to
gain monetary rewards. They were trained until criterion (three correct responses) before
entering the scanner to assure a basic understanding of the task. Figure 2 shows a schematic
overview of the experimental paradigm. During each trial, participants could earn 1 or 50
cents, indicated by a coin overlaid on a background picture (alcohol or neutral). Participants
were instructed to pay special attention to the background pictures, as they would have
to answer questions about them after the experiment. Next, a crosshair was shown and
participants were instructed to respond as fast as possible to the target. Target duration
was adjusted through an adaptive algorithm (-10ms following hit, +20ms following miss)
for each condition individually, such that participants should succeed on ~66% of the
trials. Premature and late responses were defined as misses. Feedback about current and
cumulative earnings was provided, followed by a fixation cross before a new trial started.
The task was programmed in E-Prime 2.0 software (Psychology Software Tools, Pittsburgh,
Pennsylvania) and presented in the scanner on a 32 LCD BOLDscreen (Cambridge Research
Systems). Participants were told they should use their right index finger to respond on the
MRI-compatible button box (CurrentDesigns).

MRI acquisition
Magnetic resonance imaging (MRI) was performed on a 3 Tesla, full-body Intera MRI
scanner (Philips Medical Systems, Best, The Netherlands) equipped with a 32-channel
phased array SENSE radiofrequency (RF) receiver head coil. A high-resolution T1-weighted
structural image was acquired for each participant (6.862 ms repetition time; 3.14 ms echo
time; 8º flip angle; 1x1x1 mm voxel size; 236.679 x 180 x 256mm field of view; 212 x 212
matrix size; 150 slices; 1.2 mm slice thickness). Functional MRI scans were acquired using a
T2*-weighted gradient multi-echo echoplanar imaging sequence (2375 ms repetition time;
9 / 26.4 / 43.8 ms echo times; 76º flip angle; 3x2.95x3 mm voxel size; 76 x 73 matrix size; 37
slices, acquired in interleaved order; 3mm slice thickness; 0.3mm slice gap). This sequence
was chosen for its improved blood oxygen level dependent (BOLD) sensitivity and lower
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susceptibility for artefacts, especially for ventral regions (Poser et al., 2006). The first three
scans were discarded to allow T1 saturation to reach equilibrium.

fMRI preprocessing
Imaging data were preprocessed using SPM12 (Wellcome Trust Centre for Neuroimaging,
London). Raw multi-echo data were combined as reported in van Timmeren et al. (van
Timmeren, Zhutovsky, van Holst, & Goudriaan, 2018). In short, realignment parameters
were estimated for the images acquired at the first echo time and consequently applied to
images resulting from the two other echoes. Thirty volumes, acquired from an independent
run during which a fixation cross was shown, were used to calculate the optimal weighting
of echo times for each voxel by applying a PAID-weight algorithm (Poser et al., 2006). The
multi-echo fMRI data were then combined into single volumes using these weightings. All
functional images were subsequently slice-time corrected and co-registered with the highresolution T1-weighted image using normalized mutual information. The high-resolution
structural scan was segmented and used to normalize the slice-time corrected functional
images. Finally, all functional images were smoothed with an 8mm isotropic full-width at
half maximum (FWHM) Gaussian smoothing kernel.

Supplemental results
Sup Table 1. Correlation between striatal hyperactivity (big vs small) and hypoactivity (alcohol vs
neutral cues) in AUD individuals.
Correlation between striatal hyper- and hypoactivity

r

p-value

BF₀₁

Ventral striatum

-0.215

0.151

2.000

Caudate

-0.222

0.137

1.866

Putamen

0.192

0.202

2.473

BF₀₁ reflect Bayes Factors in favor of the null, reflecting how much more likely these data are to be observed under
the hypothesis that there is no relationship between striatal hyperactivity and hypoactivity.

Sup Table 2.Correlation between striatal hyperactivity (big vs small) and hypoactivity (gambling vs
neutral cues) in GD individuals.
Correlation between striatal hyper- and hypoactivity

r

p-value

BF₀₁

Ventral striatum

-0.061

0.776

3.801

Caudate

-0.161

0.453

3.027

Putamen

-0.179

0.402

2.833

BF₀₁ reflect Bayes Factors in favor of the null, reflecting how much more likely these data are to be observed under
the hypothesis that striatal hyperactivity and hypoactivity are not related.
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a

AUD + HC

b

20.5

GD + HC

Accuracy

(number of trials)

Accuracy

(number of trials)

19.5

17.5

17.5

Cue-type

Cue-type

Figure S1. Accuracy (number of correct trials) in (A) AUDs + matched HCs and (B) GDs + matched HCs.

Figure S2. Correlation OCDS (craving) with reward anticipation in AUD. (A). Whole-brain statistical
parametric map for the correlation between OCDS scores and the big>small contrast, shown at
p<0.001 uncorrected. (B). Correlation between OCDS and mean parameter estimates extracted from
the putamen.
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Figure S3. Whole-brain statistical parametric map for the correlation between subjective craving
ratings during big versus small rewards, comparing GD patients with HCs.

Figure S4. Whole-brain statistical parametric map for the cue reactivity effect within the GD group.

ROI analyses
Study 1: Regional ventral striatal BOLD – AUD: A repeated measures ANOVA indicated
higher activity for big than small rewards over the groups (main effect of reward: F1,74=78.6,
p<0.001), a reward X group interaction (F1,74=13.9, p<0.001), driven by lower activity for big
rewards in the AUD group compared to the HCs (t74=-2.96, p=0.004); and generally lower
activity in the AUD patients than in the HCs (main effect of group: F1,74=48.4, p=0.028).
Study 2: Regional ventral striatal BOLD – GD: Over both groups, ventral striatal activity
was higher for big than small rewards (main effect of reward: F1,74=78.6, p<0.001); however,
no significant effects of group (lowest: 0.09) or cue-type (lowest: 0.08) were found.
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5

Figure S5. Results from the caudate and putamen regional ROI analyses: activity (betas, arbitrary
units) on the y-axis during the four conditions, plotted separately for each group for the caudate and
putamen.
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Abstract
Pathological gambling (PG) is a behavioral addiction characterized by an inability to
stop gambling despite the negative consequences, which may be mediated by cognitive
flexibility deficits. Indeed, impaired cognitive flexibility has previously been linked to PG and
also to reduced integrity of white matter connections between the basal ganglia and the
prefrontal cortex. It remains unclear, however, how white matter integrity problems relate
to cognitive inflexibility seen in PG. We used a cognitive switch paradigm during functional
MRI in pathological gamblers (PGs; n=26) and healthy controls (HCs; n=26). Cognitive
flexibility performance was measured behaviorally by accuracy and reaction time on the
switch task, while brain activity was measured in terms of BOLD responses. We also used
diffusion tensor imaging on a subset of data (PGs=21; HCs=21) in combination with tractbased spatial statistics (TBSS) and probabilistic fiber tracking to assess white matter integrity
between the basal ganglia and the dorsolateral prefrontal cortex. Although there were no
significant group differences in either task performance, related neural activity or TBSS, PGs
did show decreased white matter integrity between the left basal ganglia and prefrontal
cortex. Our results complement and expand similar findings from a previous study in
alcohol-dependent patients. Although we found no association between white matter
integrity and task performance here, decreased white matter connections may contribute
to a diminished ability to recruit prefrontal networks needed for regulating behavior in PG.
Hence, our findings could resonate an underlying risk factor for PG – and, we speculate, may
extend to addiction in general.
Keywords: behavioral addiction; DTI; fMRI; disordered gambling; corticostriatal; compulsivity;
addiction
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Introduction
Addiction is a chronic intermittent disorder characterized by an inability to stop the
addictive behavior despite the negative consequences and repeated efforts to stop.
Pathological gambling (PG) – now renamed to gambling disorder – is the first behavioral
addiction classified as such in the DSM-5 (Am. Psychiatr. Assoc. 2013). Compulsive drug
seeking and taking – or, in the case of gambling disorder, compulsive gambling – is a key
element of addiction (Everitt and Robbins, 2005) and may be mediated by problems in
cognitive flexibility. Indeed, disruptions in cognitive flexibility and corticostriatal functions
have been related to chronic (drug) abuse (Rogers and Robbins, 2001) in almost all
addictions, including gambling disorder (van Holst et al., 2010; Volkow et al., 2012).
Cognitive flexibility is the ability to shift thoughts or actions depending on situational
demands (Monsell, 2003). Using various cognitive switching paradigms, neuroimaging
studies on cognitive flexibility in healthy subjects have shown increased activation in the
dorsolateral prefrontal cortex (DLPFC), ventrolateral prefrontal cortex and the putamen
(Sohn et al., 2000; Smith et al., 2004a; Ravizza and Carter, 2008). Moreover, both lesions to
and temporary disruption (using rTMS) of the DLPFC have been specifically associated with
cognitive flexibility impairments in a number of different tasks in humans (Gläscher et al.,
2012; Smittenaar et al., 2013), providing causal evidence for its role in cognitive flexibility.
Furthermore, using an attention-switching paradigm, cognitive flexibility in healthy subjects
was shown to depend on the basal ganglia (van Schouwenburg et al., 2010) and both
functional and structural interactions between the prefrontal cortex and the basal ganglia
(van Schouwenburg et al., 2012, 2013, 2014).
Previous studies in treatment seeking addicted patients have observed impairments
in cognitive flexibility (Goudriaan et al., 2006; Fernandez-Serrano et al., 2010) and have
shown that these impairments significantly predict poorer treatment outcome (Turner et
al., 2009). Cognitive flexibility impairments often concur with prefrontal functioning deficits
and studies have repeatedly shown frontostriatal dysfunctions in these groups (Goldstein
and Volkow, 2011). Furthermore, a variety of cognitive deficits such as working memory,
attention and impaired cognitive control have been linked to diminished prefrontal white
matter integrity in addicted patients (Rosenbloom et al., 2003; Pfefferbaum et al., 2009;
Schulte et al., 2010).
In a recent study, we assessed the association between cognitive flexibility, brain function
and white matter structure in a group of alcohol dependent patients, heavy drinkers and
healthy controls (Jansen et al., 2015). We found that alcohol dependent patients and heavy
drinkers showed increased prefrontal brain activation during task switching. Moreover, in
these groups we found decreased white matter integrity in a tract between the DLPFC and
the basal ganglia, a tract crucial for cognitive flexibility (van Schouwenburg et al., 2014).
Although structural brain changes have been widely observed in substance use disorders
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(SUDs), chronic use of substances is known to cause damage to the brain and to prefrontal
white matter in particular (Harper, 2009; Pfefferbaum et al., 2014). Thus, studies in SUDs
do not allow distinguishing between vulnerability factors or substance-induced neurotoxic
changes. Studies of behavioral addictions, however, do offer this opportunity.
Pathological gamblers (PGs) share many clinical features with substance addictions,
including increased impulsive behavior, weakened cognitive control, abnormal reward and
punishment sensitivity and dysregulation of frontostriatal circuitry (van Holst et al., 2012c;
Potenza, 2014). However, there are also differences between PG and SUDs, including more
severe attention and working memory deficits in SUDs (Albein-Urios et al., 2012; Leeman
and Potenza, 2012). Regarding cognitive flexibility, impairments have previously been
shown in PGs behaviorally (Goudriaan et al., 2006; Marazziti et al., 2008; Vanes et al., 2014),
but very few studies have investigated these in the light of functional and structural brain
differences between PGs and HCs. Some studies compared grey matter between PGs and
HCs using voxel-based morphometry, but did not detect any significant differences (Joutsa
et al., 2011; van Holst et al., 2012a). White matter abnormalities have been reported in PGs in
a number of tracts throughout the brain, including the corpus callosum (Joutsa et al., 2011;
Yip et al., 2013), the inferior longitudinal fascicle and the uncinate/inferior fronto-occipital
fascicle (Joutsa et al., 2011; Mohammadi et al., 2015) and several other white matter tracts
(Joutsa et al., 2011). Thus, although both cognitive flexibility problems and white matter
integrity reductions have been separately reported in gambling disorder, the relationship
between these two remains unclear.
Therefore, we assessed cognitive flexibility in a sample of PGs and HCs, using an
adaptation of a switching task (Sohn et al., 2000) during functional MRI. Probabilistic fiber
tracking was used to relate these results to white matter integrity. We hypothesized PGs to
show deficits on the switching task, which would indicate cognitive flexibility problems.
Moreover, we expected such deficits to be accompanied by differences in neural activity
and white matter integrity.

Materials and methods
Participants
A total of 26 male PGs and 26 male HCs were included in this study. PGs were recruited
from local addiction treatment centers. The main inclusion criterion for PGs was current
treatment for gambling problems and all subjects had attended at least 4 sessions of cognitive
behavioral therapy. HCs were recruited through advertisements in local newspapers and by
word of mouth. Table 1 summarizes the groups’ demographic and clinical characteristics.
Groups were matched on age and because most treatment-seeking PGs are men, only male
participants were included. All subjects were right-handed and did not drink more than 21
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standard alcoholic beverages (10 g alcohol) per week. Problem drinking was assessed using
the Alcohol Use Disorder Identification Test (AUDIT; Conigrave et al., 1995). Verbal IQ was
measured by the Dutch Adult Reading Test (Schmand et al., 1991). To obtain a measure of
subjects’ global capacity to effectively handle information, we assessed the Wechsler Adult
Intelligence Scale (WAIS) score of the Digit Span and Letter-Number sequencing subtests
(Wechsler, 1981).
All included PGs were under current treatment for gambling problems. DSM-IVTR diagnosis of pathological gambling were made using section T of the Composite
International Diagnostic Interview (CIDI; Robins et al., 1988). As a dimensional indication
of gambling problems, the South Oaks Gambling Screen (SOGS) was administered. For
both groups, exclusion criteria were: lifetime diagnosis of schizophrenia or psychotic
episodes; 12-month diagnosis of manic disorder, substance dependence or abuse, alcohol
dependence or abuse, obsessive-compulsive disorder or posttraumatic stress disorder;
treatment for mental disorders (including major depression disorder) other than PG in
the past 12 months; use of psychotropic medication; difficulty reading Dutch; age under
18 years; IQ below 80; positive urine screen for alcohol, amphetamines, benzodiazepines,
opioids, or cocaine; history or current treatment for neurologic disorders; major physical
disorders; brain trauma; or exposure to neurotoxic factors. In addition, HCs were excluded if
they gambled more than twice a year.
Not all subjects were included in all parts of the analysis. Diffusion tensor imaging (DTI)
data from 21 PGs and 21 HCs was obtained and analyzed; 5 datasets from each group were
excluded due to failed scans, bad image quality or corrupted images. Furthermore, data
from 17 HCs and 19 PGs was included for the behavioral and functional MRI (fMRI) analysis.
Exclusion was due to missing behavioral data (3 HCs and 1 PG); overall task performance
lower than 60% correct responses (6 HCs and 4 PGs) and missing fMRI data (2 PGs). The
study was approved by the Ethical Review Board of the Academic Medical Center. All
subjects provided written informed consent and were reimbursed with 50 euro for their
participation.

Study Design
We used the same setup as previously described in a study comparing alcohol
dependent patients, problematic drinkers and HCs; for more details see Jansen et al. (2015).
An adapted version of the fMRI compatible switch task, from Sohn et al. (2000), was used
to assess cognitive flexibility (see Figure 1). In each trial, a letter and a number were shown
on the screen and the color of the symbols indicated which task to perform: if red, focus
on letters (press left for vowel, right for consonant); if blue, focus on numbers (press left for
odd, right for even). All task associations were counterbalanced across subjects. Every first
trial following a color change was defined as a ‘switch trial’, all other trials were defined as
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‘repeat trials’. Task switching occurred randomly after four to six trials to avoid rule learning.
The task ended after a single run of 32 switch and 160 repeat trials. Response was selfpaced with a maximum response time of 4 seconds and an interstimulus interval (ITI) of 0.5
seconds. If a subject did not respond in time, the trial was regarded as a miss and the next
trial was presented. No feedback was provided during the task. Additionally, six 30-second
baseline blocks were included as a passive baseline condition, during which a fixation cross
was presented. The total task duration was around 21 minutes. Before entering the scanner,
subjects performed a training session.
Table 1. Demographics
PGs (SD)
(n=26)
37.1 (12.1)

t

d.f.

p

Age

HCs (SD)
(n=26)
37.9 (10.6)

0.268

50

0.790

IQ*

108.6 (13.3)

98.6 (10.7)

2.997

50

0.004

WAIS

14.7 (4.4)

14.2 (2.9)

0.524

50

0.603

SOGS score**

0.1 (0.3)

11.1 (3.0)

-18.636

50

<0.001

AUDIT score

5.3 (4.2)

5.4 (3.1)

-0.883

46

0.382

Smokers / non-smokers

9 / 13

16 / 10

-0.169

46

0.867

Age, IQ, WAIS and SOGS scores are reported as mean (standard deviation). AUDIT and smoking scores were missing
from 4 HCs. IQ = Intelligence Quotient, as measured by the Dutch Adult Reading Test; WAIS = Wechsler Adult
Intelligence Scale, the total score of the subtests Digit Span and Letter-Number sequencing; SOGS = South Oaks
Gambling Screen; AUDIT = Alcohol Use Disorders Identification Test; SD = standard deviation; d.f. = degrees of
freedom. *p < .05; **p < .001

Image acquisition and preprocessing
All imaging data were obtained using a 3.0 T Intera whole-body fMRI scanner (Philips
Medical Systems, Best, The Netherlands) with a phased array SENSE RF eight-channel
receiver head coil. Participants lay supine in the MR scanner and viewed the screen through a
mirror positioned on the head coil. Task stimuli were presented on the screen and responses
were given pressing the right or left index finger on two magnet-compatible button boxes.
T2*-weighted echo planar images (EPIs) sensitive to blood oxygenation level–dependent
(BOLD) contrast were used to acquire functional MR images (35 axial slices; voxel size =
2.29 x 2.29 x 3.0 mm; matrix size 96 x 96 mm; repetition time (TR) = 2300 ms; echo time
(TE)=30ms; without interslice gap). Additionally, T1-weighted anatomical scans at 1 mm
isotropic resolution were acquired (170 slices). Diffusion weighted EPIs were acquired along
32 directions with a b-value of 1000 seconds/mm2 and one acquisition without diffusion
weighting (b = 0), all with the following parameters: TR = 4.862 ms, TE = 94 ms, 38 axial
interleaved slices with a 3-mm slice thickness with no gap, with a 112 × 110 mm matrix
(0.898 × 0.898 mm in-plane resolution).

124

Compromised white matter in PG

A.

B.

A 5
Repeat

8 L

Consonant

Vowel

Odd

Even

B 4

Repeat

Switch

L 9

Time
Repeat

6

4 G

Figure 1. Task design (A) A schematic representation of the task design with 5 example trials. On
every trial, a letter and a number are shown on the screen. The color of the symbols indicates whether
to focus on the letter (red) or the number (blue). For clarification, in each trial the ‘target’ (i.e. letter or
a digit) is encircled and the correct response (left or right button press) is depicted. A color change
represents a ‘switch trial’ (trial number 4 in the example), whereas all other trials represent ‘repeat trials’.
(B) Task associations.

Statistical Analysis
Behavioral analysis
Demographic and clinical data were analyzed with independent samples t-tests using
SPSS 22.0 (SPSS, Chicago, Illinois). To test for differences in task performance, we ran two
repeated-measures ANOVAs: one with correct switch trials (%) and correct repeat trials
(%) as within-subject measures and one with reaction time during switch trials (ms) and
reaction time during repeat trials (ms) as within-subject measures. In both models, group
was used as the between-subjects measure. We also computed the switch cost (difference
in reaction time between correct switch trials and correct repeat trials), with a lower switch
cost indicating better performance, and tested group differences using an independentsamples t-test. All analyses were performed two-tailed with α set at 0.05.
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fMRI analysis
Functional MR images were preprocessed and analyzed with SPM8 (Statistical
Parametric Mapping; Wellcome Trust Centre for Neuroimaging, London, United Kingdom).
For preprocessing, images were first manually reoriented and slice-timed, realigned and
unwarped. Next, images were warped to MNI space using each subject’s coregistered T1
image and spatially smoothed using an 8-mm full width at half maximum Gaussian kernel.
The preprocessed images were analyzed using a general linear model that was
individually specified for each participant. Switch and repeat trials were modeled as
separate regressors using delta functions convolved with a canonical hemodynamic
response function. Additionally, six realignment parameters were included in the design
matrix to account for translation and rotation variability. First-level contrast images were
created for switch versus repeat and repeat versus switch trials at single-subject level. These
contrast images were entered into a second-level (random effects) analysis. Main effects
across groups were analyzed using one-sample t-tests and group differences were analyzed
using two-sampled t-tests. Whole brain activation maps were tested for significance set at a
threshold of p < 0.05, FWE-corrected at voxel level.
Diffusion Tensor Imaging
Preprocessing and analysis were previously described in detail by Jansen et al (2015).
In summary, DTI data was preprocessed using in-house developed software, written in
MATLAB (The MathWorks Inc., Natick, MA, USA) and was executed on the Dutch e-Science
Grid using a web interface to the e-Bioinfra gateway (Olabarriaga et al., 2010; Shahand et al.,
2011). The data was corrected for head motion and deformations induced by eddy currents.
Gradient directions were corrected by the rotation component of the transformation and
the diffusion weighted images (DWIs) were resampled isotropically. Rician noise in the DWIs
was reduced by an adaptive noise filtering method (Caan et al., 2010). Diffusion tensors were
estimated with a non-linear least squares procedure and FA and MD maps were computed
from the resulting tensors. Additionally, to model crossing fibers, we used Bayesian
Estimation of Diffusion Parameters Obtained using Sampling Techniques (BEDPOSTX).
To determine white matter integrity between the DLPFC and the basal ganglia, we used
seed based probabilistic fiber tracking, a method that has been used before to show the
relationship between cognitive flexibility and white matter structure (van Schouwenburg et
al., 2014). To enable optimal correspondence between the fMRI and white matter analyses,
bilateral seed regions were created based on the main fMRI effect of the task (switch >
repeat contrast). All suprathreshold voxels from the DLPFC and basal ganglia were saved as
binary masks, reoriented and transformed back to single subject space with SPM8. These
ROI-masks were resliced with the BEDPOSTX output file and subsequently used as seed and
waypoint masks for probabilistic fiber tracking using FMRIB’s Software Library (FSL) software
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(Behrens et al., 2007). We selected a probabilistic as opposed to a deterministic tractography
method because it is challenging to map connections from gray matter regions due to
uncertainty in the principal orientation in gray matter, which especially causes problems
when using deterministic tractography (Behrens et al., 2003, Caan, 2016). The FA profiles
with 2-mm sampling distance were generated on the bilateral DLPFC-basal ganglia tracts.
This resulted in 10 mean FA and MD segments along the bilateral tracts.
In order to test whether there were any group by segment interactions in the DTI
data, we used a repeated measures ANCOVA test per tract with segment as a repeated
measure to check for group differences in mean FA and MD values in both hemispheres.
All DTI analyses were corrected for age because age has a well-known negative effect on
WM integrity (Bennett et al., 2011). In case Mauchly’s test indicated a violation of sphericity,
Greenhouse-Geisser corrections are reported if applicable.
Correlations between white matter integrity and other measures in PGs

6

To further explore the relationship of white matter integrity in the left hemisphere in PGs,
we used partial correlation analyses in the PG group to assess the relation of left MD and
FA values with gambling severity, task performance and drinking behavior. Again, age was
used as a covariate for all these analyses. Furthermore, using a multiple regression analysis
in SPM, we also tested the correlation between brain activity during switch > repeat with
left MD and FA values.
Tract Based Spatial Statistics
To see whether there were any whole brain DTI differences between the groups, we did
an additional Tract Based Spatial Statistics (TBSS) analysis on FA images. Voxelwise statistical
analysis of the FA data was carried out using TBSS (Smith et al., 2006), part of FSL (Smith et
al., 2004b). TBSS projects all subjects’ FA data onto a mean FA tract skeleton, before applying
voxelwise cross-subject statistics. Group differences were tested using an unpaired t-test
and thresholded at p<0.05 using Threshold-Free Cluster Enhancement (TFCE).

Results
Behavioral results
Table 2 shows the behavioral performance on the switch task between the groups. As
expected, we found a main effect of condition for (1) percentage correct, with subjects
making more errors on switch versus repeat trials (F(1,36) = 13.36, p = 0.001) and (2) reaction
time, with subjects being significantly slower on switch compared to repeat trials (F(1,34)
= 195.51, p < 0.001). We did not, however, find a significant main effect of group or an
interaction between condition type and group for either percentage correct (group: F(1,36)
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= 0.85, p = 0.362; interaction: F(1,36) = 0.07, p = 0.800) or reaction time (group: F(1,34) = 3.49,
p = 0.07, ηp2 = 0.093; interaction: F(1,34) = 0.01, p = 0.944). Moreover, we found no significant
group differences in switch cost (F(1,34) = 1.51, p = 0.227, d = 0.023).
Table 2. Behavioral performance on the switch task per group
HCs (SD)
(n=16)

PGs (SD)
(n=24)

Correct switches (%)

87.3 (11.0)

84.7 (11.5)

Correct repeats (%)

92.6 (8.6)

89.3 (11.3)

RT switch (ms)

1432.3 (316.0)

1613.2 (385.2)

RT repeats (ms)

977.0 (154.4)

1163.5 (310.7)

Switch cost (ms)

455.3 (224.5)

450.7 (164.3)

Mean percentage correct switches and repeats per group. Reaction time and mean switch cost (difference in
reaction time between correct switch trials and correct repeat trials) in ms, per group. HCs = healthy controls; PGs
= pathological gamblers; SD = standard deviation; RT = reaction time; ms = milliseconds.

fMRI results
Main task effect switch versus repeat
To reveal the main effect of the task, we contrasted brain activity during switch trials
with repeat trials over both groups. Replicating previous findings (Sohn et al., 2000), this
contrast showed increased activity in a set of regions including the bilateral basal ganglia,
ventrolateral and dorsolateral PFC, right middle temporal cortex, left anterior cingulate
cortex and right premotor cortex (Figure 2).
Task group differences
We did not find significant group differences between PGs and HCs on the whole brain
switch > repeat contrast.

Fiber tracking
We found a significant main effect of group in the left hemisphere for both MD values
(F(1,39) = 6.13, p = 0.018, ηp2 = 0.136) and FA values (F(1,39) = 6.06, p = 0.018, ηp2 = 0.134),
with PGs showing significantly lower FA values and higher MD values – both indicating
compromised white matter integrity in PGs (see Figure 3). We found no significant group
by segment interaction for MD and FA values in either hemisphere, indicating that the
difference between PGs and HCs does not vary over segments. The FA values of both
hemispheres revealed significant effects for segment (left FA: F(2.49, 97.07) = 11.71,
p <0.001; right FA: F(2.26, 88.17) = 10.75, p <0.001) indicating that FA values differed along
the fiber tract, whereas the MD values did not.
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Figure 2. Main fMRI task effect (switch > repeat). The results are shown at p<0.05 (FWE-corrected).
The activation map was overlaid on a standard anatomical template image (ch2bet.nii) using MRIcron
(Rorden et al., 2007). The four axial slices (numbers above slices indicate z coordinates in MNI space)
show the main task effect in the areas that were used as seed regions for the fiber tracking. Color bar
indicates T value.

Relation of PGs left white matter integrity with gambling severity, task
performance, drinking behavior and brain activity
The partial correlation analyses did not show any significant correlations between either
gambling severity, task performance or drinking behavior and mean left MD or FA values.
The correlation between brain activity and FA or MD values did not show any significant
clusters.

Tract Based Spatial Statistics
Whole brain TBSS analysis showed no significant differences in FA values between PGs
and HCs.
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A.
Segment 1 (most subcortical)
Segment 10 (most prefrontal)

FA Left

FA Right

*

HCs
Mean FA value

Mean FA value

B.

Segment of fiber tract
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MD Left
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Segment of fiber tract

MD Right
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Mean MD value (x10k)
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C.
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Figure 3. Fractional anisotropy (FA) and mean diffusivity (MD) profiles for prefrontal white matter.
(A) Visualization of the fiber tract, running from most subcortical (segment 1) to most prefrontal
(segment 10), with different colors for each segment. (B) and (C) Fractional anisotropy (FA) and mean
diffusivity (MD) values are shown for PGs (n=21) and HCs (n=21) for each hemisphere separately.
Probabilistic fiber tracking was used on the diffusion tensor imaging (DTI) data to calculate MD and
FA values and 10 segments were created along the bilateral basal ganglia-DLPFC tracts. Error bars
represent standard error of the mean (SEM). FA: Fractional anisotropy; MD: mean diffusivity, values are
in mm2/s; HCs: Healthy controls; PGs: Pathological Gamblers. * p<0.05.
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Discussion
This multimodal study investigated cognitive flexibility, associated brain activity and
white matter tract integrity in PGs. Our results indicate no significant problems on the
cognitive switching task nor associated abnormal brain activity in PGs, but do demonstrate
decreased white matter integrity in PGs compared to HCs. More specifically, our study shows
that a white matter tract between the basal ganglia and the DLPFC is compromised in the
left hemisphere of PGs compared to HCs. Prior work has shown that white matter integrity
in this tract is essential for cognitive flexibility (van Schouwenburg et al., 2014). Although we
did not find a direct association between white matter integrity and behavioral results here,
previous studies have found flexibility problems in PGs on both a behavioral (Odlaug et al.,
2011) and neural level (Verdejo-García et al., 2015). These results suggest that decreased
white matter in these tracts may be a vulnerability marker for PG and could be further
extended to addictive disorders in general.
Interestingly, the white matter differences we show here between PGs and HCs are very
similar to previously reported compromised white matter integrity in a group of alcohol
dependent patients (Jansen et al., 2015), which incorporated the same HCs as in this
study. However, from the previous study it was unclear to what extent the white matter
differences were a cause or a consequence of the alcohol dependence. Because gambling
disorder is a behavioral addiction, our results are not confounded by the substance-induced
neuroadaptive changes and therefore extend the implications of the previous results. Thus,
it is less likely that compromised white matter integrity, as both reported here in PGs and in
Jansen et al. (2015) in alcohol dependent patients, is solely a consequence of the neurotoxic
effects of substance abuse. Moreover, the lack of a correlation between white matter integrity
and gambling severity could be interpreted as further support to the idea of compromised
white matter integrity as a risk factor for addiction. This seems also in line with a previous
study by Joutsa et al. (2011), which showed extensive lower white matter integrity in PGs
compared to HCs, but without any correlations with addiction severity. However, we were
not able to replicate the extensive lower white matter integrity as reported in the Joutsa
study when using the same TBSS whole brain white matter analysis. The fact that we did
not find lower white matter integrity in the basal ganglia – DLPFC tract using TBSS may not
be surprising, as conventional methods (such as TBSS) can only progress when there is high
certainty of fiber direction. This is specifically hard near gray matter such as from the basal
ganglia to the cortex (Behrens et al., 2003; Caan, 2016), which was the reason we chose to
use probabilistic fiber tracking.
The reported decreased white matter integrity in PGs could still represent either a preexisting vulnerability factor or neuroadaptive changes as a result of the addictive behavior,
i.e. compulsive gambling and its reinforcing properties. Previous studies have shown
that white matter is modifiable by experience; white matter increases have been found
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following training of specific tasks such as skill learning (Scholz et al., 2009; Steele et al.,
2013). White matter reductions, on the other hand, have been related to a wide range of
psychiatric and neurologic disorders, as well as healthy aging (Fields, 2008). Indeed, genetic
factors explain about 75-90% of the variation in FA in frontal and parietal lobes (Zatorre et
al., 2012) and genetic research suggests that white matter differences are a contributing
cause for psychiatric disorders (Fields, 2008). So, although the reported white matter
integrity reductions could also be interpreted as a consequence of the addictive behavior,
we speculate that it seems more likely that they represent a vulnerability to addiction in
general. To answer the question of risk factor versus consequence unequivocally, however,
longitudinal studies are needed. Another way to assess this question is by comparing brain
structure and function of substance dependent individuals, and their biological siblings
without a history of chronic drug abuse. Previous research using such a design points in
the same direction: Ersche et al. (2012) found abnormalities in fronto-striatal brain systems
implicated in self-control in both these groups, indicating compromised white matter as a
predisposition to become addicted.
Contrary to our hypotheses, we did not find significant differences in behavior or
brain activity on the switch task between the PGs and the HCs. Behaviorally, this is similar
to what we previously found in the alcohol dependent patients (Jansen et al., 2015). In
that study, however, we found that neural activity was increased in the alcohol dependent
patients during switch trials, which was explained as a compensatory mechanism. A
possible explanation for these differences between PGs and alcohol dependent patients
may be grey matter damage as a result of alcohol abuse. Reduced DLPFC grey matter has
been documented in many SUDs including alcohol dependence (Goldstein and Volkow,
2011), which is also associated with longer duration or increased severity of drug use
and persist after abstinence. This resonates with the findings from Verdejo-García et al.
(2015), who investigated the neural substrates of cognitive flexibility using a probabilistic
reversal learning task in cocaine users, PGs and HCs. They found reduced ventrolateral PFC
during shifting in both cocaine users and PGs, but decreased DLPFC activation only in
cocaine users compared to PGs and HCs. Similarly, during resting state, more pronounced
disruptions were seen in cocaine users compared to PGs, as well overlapping disruptions
when comparing both addiction groups to HCs (Contreras-Rodríguez et al., 2016). Thus,
besides commonalities between substance abuse and gambling disorder, substance
specific dysregulations exist, which seem to be further supported by our results.
With regard to the absence of task related behavioral and neural differences, this may be
explained by the lack of any component of reward. Reward processes are central to gambling
disorder and cognitive inflexibility with and without reward is believed to be independent in
PGs (Cavedini et al., 2002). This is underlined by a recent study which showed that cognitive
inflexibility in gamblers was primarily reward-related (i.e. reversal learning), but not due to
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a more general deficit in cognitive flexibility (Boog et al., 2014). Moreover, other previous
studies showing impaired flexibility in PGs have used feedback-based (reversal) tasks (e.g.
Verdejo-García et al., 2015), whereas we did not find impairments on a non-feedback
shifting task. Future studies in gambling disorder should therefore investigate connections
between white matter integrity, brain function and cognitive inflexibility related to reward
processing and feedback. More specifically, it would be interesting to relate white matter
integrity in the tract we studied here with cognitive flexibility tasks that have previously
shown impairments in PGs, such as probabilistic reversal learning (de Ruiter et al., 2009;
Boog et al., 2014; Verdejo-García et al., 2015) contingency learning (Vanes et al., 2014) or set
shifting (Odlaug et al., 2011; Choi et al., 2014).
In this study there are several limitations to note. First, the non-significant difference on
the switching task may be related to a design that was underpowered to detect behavioral
differences. In a somewhat larger PG sample from the same study, differences were present
in contingency learning, specifically showing slowed reversal and extinction learning rates
of previously rewarded contingencies, indicating diminished flexibility (Vanes et al., 2014).
The possibility of finding fMRI differences may have been limited by both the relatively low
number of switch trials and the smaller sample size of this study, although large enough
to detect structural brain differences. Moreover, the training session before entering the
scanner may have caused a ceiling effect, further diluting the results. Although previous
studies have often linked executive functioning problems with gambling disorder (e.g.
review by van Holst et al., 2010), our study lacked an a-priori power calculation, thus these
effects may have been too subtle to detect in this small sample using this very structured,
pre-trained paradigm.

Conclusion
In the current study we demonstrate corticostriatal white matter deficiencies in a group
of pathological gamblers. Although no direct associations were found between behavioral
measures and white matter connections, decreased corticostriatal white matter integrity
may contribute to a diminished ability to recruit prefrontal networks needed for regulating
behavior and give rise to the pathological habits which eventually result in compulsive
addictive behaviors (Everitt and Robbins, 2005). Further, our results complement and
expand similar findings from a previous study in alcohol dependent patients and provide
new insight into the neurobiological mechanisms of behavioral addictions. We interpret
diminished white matter integrity as an underlying risk factor for gambling disorder –
which, we speculate, may extend to addiction in general.
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Abstract
Gambling disorder (GD) is characterized by an inability to stop or control gambling
behavior and is often accompanied by gambling-related cognitive distortions. Task-based
fMRI studies have revealed abnormal responses within the prefrontal and insular cortex,
and mesolimbic reward regions. Studies examining resting-state functional connectivity in
GD, although limited in number, have so far applied seed-based analysis approaches which
revealed altered brain functioning. Here, we applied data-driven Independent Components
Analysis to resting-state multi-echo fMRI data. Networks of interest were selected by spatially
correlating them to independently derived network templates. Using dual regression, we
compared connectivity strength between 20 GD patients and 20 healthy controls within
four well-known networks (the ventral attention, limbic, frontoparietal control, and default
mode network) and an additional basal ganglia component. Compared to controls, GD
patients showed increased integration of the right middle insula within the ventral attention
network, an area suggested to play an important role in addiction-related drive. Moreover,
our findings indicate that gambling related cognitive distortions - a hallmark of GD - were
positively related to stronger integration of the amygdala, medial prefrontal cortex and
insula within various resting state networks.
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Introduction
Gambling disorder (GD) is a behavioral addiction characterized by an inability to stop
or control gambling behavior and is often accompanied by gambling-related cognitive
distortions, i.e. false beliefs about skill and chance in gambling games. Neuroimaging studies
in GD have revealed abnormalities in a wide range of cognitive functions (van Timmeren et
al., 2018a) and associated brain responses (van Holst et al., 2010). Most studies have focused
on decision-making in GD, showing consistent disadvantageous risky decision-making in
GD, accompanied by abnormal responses within prefrontal control regions, mesolimbic
reward regions and the insula (Fauth-Bühler et al., 2017; Limbrick-Oldfield et al., 2017).
However, such task-related functional Magnetic Resonance Imaging (fMRI) studies could
be confounded by the fact that many decision-making tasks resemble gambling games,
which are experienced differently by gamblers compared to healthy control subjects (HCs).
Elicited brain responses could therefore be related to e.g. experience or motivation, rather
than dysfunction. A more unbiased and practical approach to study brain activity in GD is
to study ‘spontaneous’ fluctuations of the brain during rest. Such resting-state fMRI studies
assess functional connectivity within and between circuits and systems, based on the
temporal correlation of the blood oxygenation level-dependent (BOLD) signal.
Various approaches to analyzing resting-state fMRI data exist, but the two most
frequently used in the literature are seed-based connectivity and spatial Independent
Component Analysis (ICA) methods. Seed-based connectivity analysis is a spatially modeldriven approach, in which the BOLD time course of one predefined seed region is temporally
correlated with the BOLD time courses of all other voxels in the brain (Joel et al., 2011). ICA
based approaches, on the other hand, decompose whole brain responses into components
that are statistically maximally independent (Beckmann et al., 2005; Fox and Raichle, 2007)
and offer a data-driven approach to detect resting-state networks. Thus, while seed-based
methods strongly rely on a priori assumptions regarding the selected regions of interest,
ICA is a model-free and multivariate method (Fox & Raichle, 2007). This switches the focus
from evaluating the functional connectivity of single brain regions to evaluating brain
connectivity in terms of all networks that are simultaneously engaged in oscillatory activity
(Nickerson et al., 2017).
Studies examining resting-state functional connectivity in GD have so far been
scarce, but have mostly relied on seed-based methods. In one of the first resting state studies
in GD higher functional connectivity between the right middle frontal gyrus and the right
striatum was observed in GD patients compared to controls using a seed-based approach
(Koehler et al., 2013). Another seed-based connectivity study found that, when compared
to controls, cocaine dependent patients and GD patients showed overlapping increases in
local connectivity within the orbitofrontal cortex and amygdala, between the orbitofrontal
cortex and the dorsomedial prefrontal cortex and striatum, and between the amygdala and
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insula (Contreras-Rodríguez et al., 2016). This study also revealed that cocaine dependent
patients and GD patients displayed decreased connectivity between the amygdala and
cerebellum. Besides increases of connectivity within the (meso)limbic and frontostriatal
circuit, GD has been associated with decreased default mode network connectivity in the
left superior frontal gyrus, right middle temporal gyrus, and precuneus (Jung et al., 2014).
Moreover, Tschernegg et al. (2013) used a graph-theoretical approach to examine frontostriatal functional connectivity and observed increased functional connectivity between
the caudate nucleus and anterior cingulate in GD patients compared to controls. To sum
up, three out of four resting state studies in GD have used seed-based methods and have
generally revealed connectivity differences in GD patients, mostly in regions implicated in
reward processing and cognitive control.
We here applied a group-ICA in combination with dual regression to assess the intrinsic
functional connectivity in networks potentially implicated in GD. To further optimize our data
driven approach, we used functional connectivity networks derived from an independent
group of 1000 healthy individuals (Yeo et al., 2011) as templates to select our resting state
networks of interest. Based on the previous seed-based findings described above, we focus
on four well-known networks (Figure 1): (i) the ventral attention network, also referred to as
the salience (Seeley et al., 2007) or cingulo-opercular network (Dosenbach et al., 2007),
which is thought to modulate attention to internal and external stimuli and includes regions
such as the amygdala, insula, inferior frontal gyrus and the pregenual cingulate; (ii) the limbic
network, which is involved in processing emotions, including the amygdala, hippocampus
and temporal cortices; (iii) the frontoparietal control network (Dosenbach et al., 2007; Vincent
et al., 2008), implicated in adaptive control over behavior and associated with the dorsal
lateral prefrontal cortex, premotor cortex and parietal cortex; and (iv) the default mode
network, which characterizes the resting state of the human brain and primarily comprises
the anterolateral temporal cortex, parahippocampal gyrus, thalamus, pons, and cerebellum,
as well as part of the medial prefrontal cortex and the posterior cingulate cortex (Greicius
et al., 2003; Buckner et al., 2008). While most previous resting state studies in GD have
focused on connectivity with the mesolimbic reward circuitry (e.g. Contreras-Rodríguez
et al., 2016; Koehler et al., 2013), the networks that were selected using the templates
from Yeo et al (2012) did not cover mesolimbic areas. Therefore, we additionally included
a network encompassing the within basal ganglia connectivity which was derived from
our ICA. We examined differences in connectivity strength within these identified restingstate networks between 20 GD patients and 20 HCs. Moreover, because we were interested
to test whether individual variation in the strength of specific resting-state networks was
related to gambling severity and gambling cognitive distortions, we also tested this within
the GD group.
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Materials and Methods
Participants
A total of 21 individuals diagnosed with GD (17 males) were recruited from a local
addiction treatment center (Jellinek, Amsterdam), and 20 HCs (17 males) were recruited
through advertisements. All data was collected between December 2015 and May 2017.
The ethical review board of the Academic Medical Centre approved the study, and all
participants provided written informed consent.
Patients with GD were included if they were diagnosed with, and started therapy for, GD
(at least one and on average 19.6 weeks prior to participation). Patients were abstinent for
an average of 6 weeks (range 0-26 weeks). All subjects underwent a structured psychiatric
interview [Mini- International Neuropsychiatric Interview–Plus (Sheehan et al., 1998)],
which further confirmed criteria for DSM-5 Gambling Disorder in the GD group, or the lack
thereof in HCs. Exclusion criteria for all subjects included: lifetime history of bipolar disorder,
anxiety disorder, obsessive-compulsive disorder or schizophrenia; past 6-month history of
major depressive episode; current or past-year substance use disorder; current psychiatric
treatment (except for GD in GD patients); the use of any psychotropic medication; positive
urine screen for (meth)amphetamines, benzodiazepines, opioids, cocaine, ecstasy, PCP,
methadone or cannabis; history or current treatment for neurological disorders; major
physical disorders; brain trauma; exposure to neurotoxic factors; or any contraindications for
MRI. One patient tested positive on THC use, but informed us that he had used marihuana
7 days week prior to participation. Because our inclusion criteria allowed drug use until 72
hours prior to inclusion, this subject was included for further analyses.
All participants completed the Fagerstrom Test for Nicotine Dependence (FTND;
Heatherton et al., 1991) and the Alcohol Use Disorders Identification Test (AUDIT; Saunders
et al., 1993). Furthermore, in GD patients, the experience of gambling related problems
was assessed using the past-12-month Problem Gambling Severity Index (PGSI; Ferris and
Wynne, 2001) and the Gamblers’ Beliefs Questionnaire (GBQ; Steenbergh et al., 2002). The
GBQ contains 21 items (e.g. “My choices or actions affect the game on which I am betting”
or “I am pretty accurate at predicting when a ‘win’ will occur”), with higher scores reflecting
more gambling related distortions.
One male subject was excluded due to excessive head motion (>5mm movement in any
direction relative to the first volume) during the fMRI session, resulting in a total of 20 GDs
and 20 HCs for further analysis. The groups significantly differed on gross motion (p=0.012)
as calculated by mean relative framewise displacement (FD) (Jenkinson, Bannister, Brady, &
Smith, 2002), with GDs showing higher motion (mean=0.187, SD=0.162, range 0.047 – 0.682)
than HCs (mean=0.094, SD= 0.042, range 0.039 – 0.211). We additionally report analyses
excluding two GD subjects with FD>0.55mm (following criteria similar to Satterthwaite et
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al., 2013), which rendered the group differences on FD non-significant (p=0.62; GD-group:
mean=0.1347, SD=0.67, range 0.047 – 0.301).

Procedure
Participants were in the scanner in supine position and were instructed to relax and
keep their eyes open while attending to a centrally presented white fixation cross on a
black projection screen for ~8 minutes. These data were collected as part of a larger study
protocol including questionnaires, neuropsychological testing and multiple fMRI tasks,
data of which will be presented elsewhere. The fMRI tasks, which included a combined cue
reactivity/monetary incentive delay task, were performed prior to the resting state scan.

Magnetic Resonance Imaging
MRI measurements were acquired using a 3-Tesla (T), full-body Philips Intera MRI scanner
equipped with a 32-channel phased array SENSE radiofrequency (RF) receiver head coil.
For resting-state data acquisition, we used a multi-echo planar sequence for its improved
blood oxygenation level-dependent (BOLD) sensitivity and lower susceptibility for artifacts,
especially for ventral regions (Poser et al., 2006). A total of 200 BOLD scans were acquired
using a T2*-weighted gradient multi-echo echoplanar imaging (EPI) sequence (Poser et al.,
2006) with the following parameters: repetition time (TR) = 2375 ms; echo time (TE) = 9 /
26.4 / 43.8 ms; flip angle = 76º; field of view (FOV) = 224 x 121.8 x 224 mm; voxel size = 3
x 2.95 x 3 mm; matrix size = 76 x 73; slice thickness = 3mm; slice gap = 0.3mm; number of
slices = 37, acquired in interleaved order. The first three scans were discarded to allow T1
saturation to reach equilibrium.
Additionally, we acquired a high resolution T1-weighted anatomical image (voxel size
= 1 x 1 x 1 mm; FOV = 236.679 x 180 x 256mm; TR = 6.862 ms; TE = 3.14 ms, 150 slices, slice
thickness = 1.2 mm, sampling matrix = 212 x 212 x 150, flip angle = 8º).

Statistical analyses
Demographics and clinical data were analyzed for group differences with two-sampled
t-tests and Pearson’s chi-square tests using SPSS 22.0 (IBM Corporation).

Preprocessing
Raw multi-echo fMRI data were first processed according to Poser et al. (2006).
Realignment parameters were estimated for the images acquired at the first echo time
and consequently applied to images resulting from the three other echoes using SPM12
software (Wellcome Trust Centre for Neuroimaging, London). This is compliant with recent
work that suggests that motion is more appropriately controlled if realignment parameters
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are estimated before any interpolation is done on the data (Power, Plitt, Kundu, Bandettini,
& Martin, 2017). Thirty volumes, acquired independently from the resting state scan, were
used to calculate the optimal weighting of echo times for each voxel by applying a PAIDweight algorithm (Poser et al., 2006). These weightings were then used to combine multiecho fMRI data into single volumes.
All further processing of MRI data was performed in FSL 5.09 (FMRIB’s Software Library,
www.fmrib.ox.ac.uk/fsl). Preprocessing was carried out using FEAT (FMRI Expert Analysis
Tool) Version 6.00. The following pre-statistics processing was applied; non-brain removal
using BET (Smith, 2002); spatial smoothing using a Gaussian kernel of FWHM 6.0mm; grandmean intensity normalization of the entire 4D dataset by a single multiplicative factor.
Registration of functional data to the high resolution structural image was carried out using
the boundary based registration (BBR) algorithm (Greve and Fischl, 2009). Registration of the
high resolution structural image to standard space was carried out using FLIRT (Jenkinson
and Smith, 2001; Jenkinson et al., 2002) and was further refined using FNIRT nonlinear
registration (Andersson et al., 2007a, 2007b). Tissue segmentation was performed using
FAST (Zhang et al., 2001).
Because resting state functional MRI is especially sensitive to motion artifacts (e.g. Power
et al., 2012), we used ICA-AROMA (Pruim et al., 2015b) to remove motion-related artifacts
from the individual resting state data. Previous studies have shown that cleaning based on
single-subject ICA significantly increases reproducibility (Pruim et al., 2015a). We followed
the methods as described by Pruim et al. (2015b): first, ICA was used to decompose the
data into a set of independent components. Next, the components that were related to
head motion were identified by the AROMA algorithm and regressed out from the data.
Additionally, compliant with Pruim et al. (2015), residual (non-motion related) structured
noise was regressed out by using mean white matter and cerebrospinal fluid signal as
nuisance regressors. Masks were obtained using FAST’s binary segmentations and eroded
once. Recent work by Power, Plitt, Laumann, & Martin (2017) demonstrated that the
correlation of those signals with gray matter can be high without extensive erosion, which
was indeed the case (r=0.80 for white matter; 0.55 for cerebrospinal fluid). It is important to
note that by using these highly correlated masks as nuisance regressors, we are effectively
applying global signal regression; a highly debated processing step which has benefits but
can also lead to “artefactual” anti-correlations (for a recent review, see Murphy & Fox, 2017).
After high-pass filtering, the denoised data was then resampled into MNI space and to 4mm.
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Figure 1. Reference networks (Yeo et al., 2011) are well matched to resting state networks used in the
current study. The reference network is plotted on the left in red, while individual IC’s (significantly
overlapping with that reference network) are plotted in contrasting colors within a single image on
the right. All overlays are thresholded at 3 < z < 6.
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Figure 2. Basal ganglia network. This network was manually selected based on previous literature. Thresholded
at 3 < z < 6.

Independent component analysis
After preprocessing, the temporally concatenated resting state data of all subjects were
analyzed using group-ICA (Beckmann and Smith, 2004) as implemented in FSL’s MELODIC
(3.14). The number of dimensions was estimated using the Laplace approximation to the
Bayesian evidence of the model order (Minka, 2001; Beckmann and Smith, 2004) and
yielded 51 components. These group components reflect a variety of structured signals
that can exist simultaneously in the data: some are of interest (e.g. patterns of intrinsic
functional connectivity) and others are noise (e.g. head motion and physiological noise).
Identifying which components are of interest is usually done ‘subjectively’ by an expert. A
more objective approach would be to statistically compare each component with a set of
reference networks. Following Reineberg et al. (2015), we thus compared all 51 components
with a set of online available reference networks from a previous study analyzing resting
state data of ~1,000 participants (Yeo et al., 2011). This study parcellated the cerebral
cortex’s connectivity into seven robust networks. Because we did not expect connectivity
differences within all of those seven networks, we a priori selected the four following
networks to compare to our components: the ventral attention, limbic, frontoparietal and
default mode network. Pearson’s r was calculated for each pairwise relationship using FSL’s
“fslcc” tool. Only those components that yielded a significant spatial correlation (Pearson’s
r > .263) with one of the four selected Yeo networks were selected for further analysis.
However, the networks described by Yeo et al (2011) cover mainly the cerebral cortex. Based
on the previous GD resting state literature (Koehler et al., 2013; Jung et al., 2014; ContrerasRodríguez et al., 2016), we also wanted to include a component covering the basal ganglia.
This component was therefore manually selected for analysis (see Figure 2), resulting in a
total of five networks of interest.
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Dual regression
To compare resting state network activity between GD patients and HCs, and to identify
how network activity varies with gambling severity (PGSI-scores) and the severity of
gambling-related distortions (GBQ-scores) within the GD patients, dual regression was used
(Beckmann et al., 2009; Filippini et al., 2009). Using this approach, the set of spatial maps
from the group-ICA were used to generate subject-specific versions of the spatial maps, and
associated time series. These subject-specific timecourses were normalized to allow testing
for shape and amplitude effects (Nickerson et al., 2017). The spatial maps were tested
voxel-wise for statistically significant differences between the groups and correlations with
gambling severity and gambling beliefs using dual regression’s default settings and FSL
randomise nonparametric permutation testing with 5000 permutations, using a thresholdfree cluster enhanced (TFCE) technique to control for multiple comparisons (Nichols and
Holmes, 2001). A Bonferroni correction (two-tailed) for tests over the five networks was
applied to reduce the likelihood of committing a Type 1 error, resulting in a reported
significance threshold of p < 0.005 (=0.05 / (2 directions * 5 networks)). For the significant
clusters, MNI coordinates are reported.

Results
Groups were matched on gender, age, handedness and alcohol use (Table 1). Compared
to HCs, the number of education years was significantly lower in GD patients. Moreover,
there were significantly more tobacco smoking GD patients than HCs, although the severity
of nicotine dependence was similar across groups within smoking subjects.

Independent component analysis
A total of 11 ICA components significantly correlated with a reference network:
three with the ventral attention network, one with the limbic network, three with the
frontoparietal network and four with the default mode network. Figure 1 shows the four
template networks of Yeo et al (2011) next to the combined individual components (ICs).
Individual plots of the ICs that were obtained using MELODIC for the four reference networks
are included in the supplement (Supplementary Figure 1-4). Additionally, we included a
manually selected component covering the basal ganglia in our analysis, which did not
correlate to any of the reference networks (see Figure 2).

144

Connectivity networks in gambling disorder

Dual regression
Group differences
Our dual regression analysis indicated that GD patients showed significantly increased
connectivity in the ventral attention network (IC 39), specifically within the right insula (one
voxel at x, y, z: 42, 2, -12, p =0.004, Figure 3). No other significant group differences in any of
the other networks were observed.

7
Figure 3. Increased functional connectivity in gambling disordered patients compared to healthy
controls within the ventral attention network. The independent component representing part of the ventral
attention network, which was used as input for dual regression, is plotted in gradient from red to yellow (3 < z < 6).
Comparison of this spatial map between the 2 groups revealed increased connectivity strength in the right insula
in gambling disordered patients. For visualization purposes, these results are shown in blue, thresholded at p<0.05
(uncorrected). Results are superimposed on a MNI152 standard space template image; orthogonal slices through
the peak voxel are shown in radiological convention (right= left).

Association with gambling severity
Within the GD group, we did not find significant associations between gambling
severity and functional connectivity strength in any of the four networks, nor the basal
ganglia network.
Association with gambling beliefs
In GD patients, a significant positive association between gambling beliefs and functional
connectivity strength was found in a number of networks and components (Figure 4). In
the limbic network (IC33), higher GBQ scores were positively related to increased activity in
the right temporal lobe, extending towards the amygdala (peak at x, y, z: 34, 2, -40, p=0.004,
cluster size=17 voxels; Figure 4A). Within the frontoparietal network (IC30), GBQ score
was positively related to bilateral Brodmann area 10 (BA10) (one voxel at x, y, z: 15, 63, -4,
p=0.004; Figure 4B). Moreover, within the default mode network (IC10), gambling beliefs
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were positively related to a cluster encompassing the right insula and amygdala (peak at x,
y, z: 42, 18, -16, p=0.003, cluster size=4 voxels; Figure 4C).

Figure 4. Number of gambling distortions covaries with resting state networks. Spatial maps of the
significant dual regression results are plotted over corresponding ICA’s (see Figure 2 for details). Results in blue
show regions that covary with individual GBQ scores. For visualization purposes, these results are shown in blue,
thresholded at p<0.05 (uncorrected). Next to these results, scatter plots showing the mean functional connectivity
value (PE = parameter estimate) extracted from the significant clusters (y-axis) are plotted against the GBQ scores
for each individual gambling disordered patient.

Additional analyses without high-motion subjects
Because motion was significantly higher in the GD patients, we did some additional
analyses on a sub-sample, excluding two high motion (GD) subjects (mean FD>0.55mm).
First, we investigated the relationship between motion and the ICs by computing the
correlation between volume-to-volume motion (FD) and the time series outputs of
stage 1 of the dual-regression. The distribution of the boxplots is centered around zero
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(Supplementary Figure 6), indicating that our initial analyses were relatively free of motionrelated artifacts.
Additionally, we repeated the dual regression analyses without the two high motion
subjects. This rendered the results of both analyses non-significant at the initial Bonferronicorrected threshold. However, the connectivity pattern between the two groups was
similar to what was previously described, albeit at a lower threshold (Supplementary Figure
5). The reported whole-brain correlations with GBQ within the GD group disappeared after
removal of those subjects. In sum, we interpret the whole-sample group difference as not
being merely driven by the two high motion subjects because (i) there was no systematic
relationship between the level of motion and the selected ICs, and (ii) a similar but weaker
connectivity pattern was observed after excluding 2 subjects, which may be due to the
lower number of subjects leading to decreased power.

Discussion
The present study compared the functional architecture of five resting-state networks
in GD patients with HCs. We found that, in GD patients, the bilateral insula is more strongly
integrated into the ventral attention network, compared to HCs. No significant group
differences were found in the other connectivity networks that we assessed. Within the GD
patients, our results indicate positive relationships between the level of gambling distortions
and how strongly (i) the right temporal lobe and amygdala were integrated into the limbic
network; (ii) Brodmann area 10 (bilateral) was integrated into the frontoparietal control
network and (iii) the right insula and amygdala were integrated into the default mode
network. These findings indicate that increased insular connectivity in GD patients during
(non-gambling-related) processing may be attentional, while (gambling-related) insular
connectivity positively relates with gambling beliefs within the default mode network.
Interestingly, any insular differences in GD do not appear to be related to frontoparietal
control mechanisms.
Our finding of the right insula being more strongly integrated into the ventral attentional
network in GD patients compared to HCs resonates with previous work highlighting a
crucial role for the insula in GD. Previous resting-state studies in GD patients have reported
increased connectivity of the insula with the right middle frontal gyrus (Koehler et al.,
2013) and the amygdala (Contreras-Rodríguez et al., 2016). Task-based fMRI studies in
GD patients also demonstrated increased connectivity of the left insula with the bilateral
ventral striatum during a discounting task (Peters et al., 2013) and increased activity in the
insula during a cue reactivity task (i.e. watching gambling cues compared to neutral cues)
which also correlated with between-subject craving scores (Limbrick-Oldfield et al., 2017).
Because our resting-state block was preceded by a task containing gambling pictures, our
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results may partly reflect a sustained cue reactivity effect; previous work has shown that task
execution preceding a resting state scan can affect the functional structure of resting state
networks (Grigg and Grady, 2010). More generally, the insula is thought to play a critical role
in several substance-related addictions and craving (Naqvi et al., 2014), with insula damage
disrupting nicotine addiction (Naqvi et al., 2007). Hence, the increased connectivity strength
we observed in GD patients during rest is congruent with accumulating evidence for insula
involvement in addiction-related states.
Gambling-related cognitive distortions are a key characteristic of GD, predicting gambling
severity (Steenbergh et al., 2002) as well as duration of play and treatment outcome (Fortune
and Goodie, 2012; Goodie and Fortune, 2013). Interestingly, a higher number of cognitive
distortions about gambling was associated with increased involvement of different regions
within a number of networks. Higher GBQ-scores were related to significantly increased
involvement of the temporal lobe (extending towards the amygdala) in the limbic network;
the bilateral medial prefrontal cortex (BA 10) in the frontoparietal control network; and
the right insula (extending into the amygdala) in the default mode network. Although the
involvement of these regions was found within different brain networks, all are directly
anatomically connected: the anterior insula projects to the amygdala, which in turn receives
from and projects to the bilateral medial prefrontal cortex (Flynn, 1999). These areas have
been implicated in emotional awareness (Gu et al., 2013) and incentive learning (Denny
et al., 2014; Parkes & Balleine, 2013). There is some work directly linking increased insula
activity and connectivity to gambling distortions. A typical cognitive distortion seen in
gamblers is the near-miss effect, which occurs when an unsuccessful outcome is close to
a win, resulting in increased motivation and the illusion of control (Clark, 2010). Amplified
responses to near-misses have been observed in the bilateral anterior insula and striatum in
GD patients (Clark et al., 2009; Sescousse et al., 2016), while increased connectivity between
the ventral striatum and insula during such events was related to gambling severity in
regular gamblers (van Holst et al., 2014). The positive relation we found between gambling
distortions and connectivity strength within the insula is also in line with a lesion study
showing that damage to the insula abolishes several cognitive distortions about gambling,
including the near-miss effect (Clark et al., 2014).
Contrary to previous resting state studies, we did not find evidence for abnormal
striatal connectivity in GD compared to controls. This inconsistency may be a consequence
of methodological differences. Whereas previous studies used seed-based analyses to
directly test the connectivity from the striatum to other regions, we applied a data-driven
ICA approach to test for differences in networks (some of which include the striatum;
e.g. salience network, frontal-partietal control network and self-selected basal ganglia
network). It could also be argued that using a preselected striatal seed is more sensitive
to picking up abnormal striatal connectivity, while these abnormalities could remain sub-
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threshold when using data-driven ICA approaches. Moreover, task-based fMRI studies have
consistently shown abnormal striatal functioning in GD. Perhaps striatal abnormalities are
more pronounced in patients with GD when they are preforming specific tasks recruiting
the striatum than during rest.
These results need to be considered in the context of some limitations. First, the
reported sample size is relatively small, which renders replication of these results necessary.
Second, the groups significantly differed in the level of motion. Motion-related artifacts
are known to influence measures of functional connectivity, specifically of resting-state
data (e.g. Power et al., 2012). Although benchmarking studies indicate that the denoising
techniques deployed here, including the use of multi-echo imaging and ICA-AROMA, rank
amongst the most successful (Ciric et al., 2017; Parkes, Fulcher, Yucel, & Fornito, 2017), it
is impossible to completely rule out the impact of motion. Excluding two high-motion
subjects in additional analyses rendered the effects non-significant. However, this could
also be an issue of decreased power for the group comparison, as the increased insular
connectivity within the ventral attentional was still observed at a lower (p<0.1) threshold.
Last, the number of smoking subjects in the GD group was significantly higher than in the
HC group. The increased insula connectivity within the ventral attention network in the GD
group could therefore also be driven by smoking status, which would correspond with the
critical role of the insula in the addiction to smoking (Naqvi et al., 2007).
To our knowledge, this paper is the first to investigate resting state connectivity using
an ICA approach in GD. Another strength of this study is that we used ICA-AROMA (Pruim et
al., 2015b) to remove motion-related artifacts from the individual resting state data, which
has been shown to increase reproducibility (Pruim et al., 2015a). Furthermore, we used an
objective and easily reproducible method to select networks based on an independent
template describing the cerebral cortex created from more than 1000 subjects. To further
understand how abnormal resting state connectivity relates to cognition and behavior in
GD, future studies would benefit from including neurocognitive assessments and testing
for correlations between network integrity and neurocognitive functioning.
In conclusion, in this study we used a data-driven approach to investigate resting state
connectivity in GD patients. Compared to controls, GD patients showed increased functional
connectivity strength within the right middle insula, which is part of the ventral attention
network, and is suggested to play an important role in addiction-related drive. Moreover,
our findings indicated that increased connectivity strength in networks encompassing the
amygdala, medial prefrontal cortex and insula (areas implicated in emotional awareness
and incentive learning) may underlie gambling related cognitive distortions, which are a
hallmark of GD.
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Supplementary material

Suppl Figure 1. Independent components (IC’s) that significantly overlapped with and together
combine to the ventral attention network. Components are thresholded at 3 < z < 6, superimposed
on a MNI152 standard space template image, in radiological convention (left = right), and show the
most informative orthogonal slices.

Suppl Figure 2. Independent components (IC’s) that significantly overlapped with and together
combine to the limbic network. Components are thresholded at 3 < z < 6, superimposed on a
MNI152 standard space template image, in radiological convention (left = right), and show the most
informative orthogonal slices.
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Suppl Figure 3. Independent components (IC’s) that significantly overlapped with and together
combine to the frontoparietal network.
Components are thresholded at 3 < z < 6, superimposed on a MNI152 standard space template image,
in radiological convention (left = right), and show the most informative orthogonal slices.

Suppl Figure 4. Independent components (IC’s) that significantly overlapped with and together
combine to the default mode network.
Components are thresholded at 3 < z < 6, superimposed on a MNI152 standard space template image,
in radiological convention (left = right), and show the most informative orthogonal slices.
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Suppl Figure 5 Results after running dual regression excluding two high-motion (FD>0.55mm)
subjects, resulting in a comparison of 18 GD patients and 20 HCs. Although the results were not
significant at the Bonferroni-corrected threshold, the activity pattern was similar at a lower threshold
(p<0.1).

Suppl figure 6. For each subject and IC, the correlation between volume-to-volume motion (FD)
and the timeseries outputs of stage 1 of the dual-regression was computed. This boxplot shows the
distribution of correlation coefficients (y-axis) for each component (x-axis) across all subjects.
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Summary and General Discussion

The general aim of the work presented in this thesis was to investigate several proposed
mechanisms underlying compulsive behavior in addiction. We focused on neurocognitive
associative learning mechanisms related to compulsive behaviors, such as cognitive
flexibility, reward processing, and habits. Across several studies, patients with alcohol
use disorder (AUD) and gambling disorder (GD) were compared to matched controls.
Associative learning mechanisms were assessed using different experimental paradigms
while participants underwent functional Magnetic Resonance Imaging (fMRI) to measure
brain activity in relation to these processes. Many theories of addiction distinguish different
stages in the addiction cycle, with associated transitions at the neurobiological level – both
in relation to habitual control of behavior and reward processing. By including a relatively
large number of AUD patients (n=50), we investigated whether there was a link between
these processes and several factors possibly associated with this shift, such as duration
of dependence and addiction severity. The inclusion of an AUD group and a GD group
further allowed us to distinguish neurotoxic effects from addictive behavior. Additionally,
we investigated associations with total lifetime alcohol use within the relatively large group
AUD patients.
In this final chapter, I first summarize the main results presented in Chapters 2-7, followed
by several methodological limitations. In the General Discussion, I interpret our findings in a
broader context, discuss the clinical implications and present directions for future research.

Summary of main findings
In Chapter 2, we systematically reviewed the literature for studies assessing
neurocognitive functioning related to compulsivity in GD. A total of 29 studies, comprising
39 datasets, were identified that met our inclusion criteria. Following a previously proposed
framework of compulsivity (Fineberg et al., 2010, 2014), different neurocognitive tasks were
subdivided into four separate domains representing different components of compulsive
behavior: Contingency-related cognitive flexibility, Task/attentional set-shifting, Attentional
bias/disengagement, and Habit learning. Meta-analyses were conducted if there were more
than three studies using the same task. These analyses revealed that, across most of the
included tasks and domains, patients with GD showed significantly worse performance than
HCs – supporting the idea that GD is characterized by compulsivity-related neurocognitive
impairments. Finally, our systematic review indicated a complete lack of studies assessing
habitual control in GD.
In Chapter 3, we evaluated the balance between goal-directed and habitual
responding in patients with GD. To this end, we used a two-step reinforcement learning
task (Daw et al., 2011), which offers a computational approach to studying instrumental
learning. Specifically, the task allows distinguishing between two computational systems
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that control instrumental actions: a “model-free” system and a “model-based” system, the
computational analogs of, respectively, habitual and goal-directed control. Because stress
is known to increase both habitual control (Schwabe and Wolf, 2009, 2010; Otto et al., 2013;
Radenbach et al., 2015) and (escalation of and relapse to) addictive behaviors (Koob and Le
Moal, 2008; Sinha, 2008), we wanted to test whether acute stress would differentially affect
goal-directed decision making in GD. Using a within-subject crossover design, we tested
the effect of stress on the balance between model-free and model-based decision making
in patients with GD and HCs. Logistic regression indicated that GD patients’ decisions were
less driven by whether the previous trial was rewarding than HCs. To see if this was driven
by a higher reliance on a model-free strategy, computational analyses were conducted
according to Daw et al. (2011). These revealed that, contrary to our expectations, there was
no significant group difference in the balance between goal-directed and habitual control,
nor did stress affect behavior differently across groups. Moreover, there was no significant
relationship between goal-directed and habitual control and gambling severity in patients
with GD. Instead, computational analyses indicated that the lower main effect of reward
in GD patients – putatively a reflection of model-free control – was explained by lower
beta values, which capture how reliable choices are. Patients with GD thus made more
random choices. Computational fMRI analyses further revealed no significant difference
in the striatal reward prediction error learning signal in GD patients compared HCs, either
during baseline or after acute stress. To conclude, the main conclusion from this chapter is
that goal-directed control in GD patients was intact and stress did not differentially affect
this ability.
In addition to the existing gap in the GD literature, to the best of our knowledge, there
was just one study at the start of this PhD project that tested habit learning in AUD (Sjoerds
et al., 2013). Additionally, the influence of contextual stimuli on instrumental behavior,
referred to as Pavlovian-Instrumental transfer or simply transfer, had not been directly
evaluated in patients with addictions. In Chapter 4, we set out to test these associative
learning processes in a sample of AUD patients. Specifically, we investigated whether AUD is
characterized by behavioral or neurobiological deficits in (i) the integration of Pavlovian and
instrumental values and (ii) goal-directed control; and (iii) whether duration or severity of
AUD was associated with such deficits. We used a previously developed task that involved
learning associations between cues (different colors on a vending machine), actions (left/
right button press) and outcomes (different food snacks). The influence of cues predicting
food rewards on instrumental action was assessed in a Pavlovian-to-instrumental transfer
test, measuring both specific and general transfer. Contrary to our hypotheses, the
performance of AUD patients was very similar to control participants. Instead, both groups
showed pronounced specific and general transfer effects which were mediated by distinct
corticostriatal signals. Following the transfer phase, an outcome-devaluation task assessed
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whether performance was under goal-directed control; this was the case in both groups,
with no significant differences between groups. Addiction duration or severity were not
related to any of these behavioral or neurobiological processes. These findings indicate that,
contrary to our expectations, corticostriatal control of associative learning mechanisms was
intact in AUD patents.
In Chapter 5, we tested striatal dysfunction, a key characteristic of addictive behaviors,
in both AUD and GD patients. Disrupted mesolimbic reward processing is central to several
theories of addiction. However, the predicted direction of the deficiency diverges between
theories (e.g. reward deficiency and incentive sensitization) and research findings have been
inconsistent, as both hypo- and hyperactivations have been reported. In GD, for example,
two studies published in the same issue of the journal Biological Psychiatry found diminished
(Balodis et al., 2012b) and increased (van Holst et al., 2012c) striatal reward processing in
patients with GD compared to controls. A Correspondence followed with Leyton & Vezina
(Leyton and Vezina, 2012), who proposed that the presence versus absence of addictionrelated cues, respectively could serve as an explanation for the striatal hypoactivations
in Balodis et al. and hyperactivations in van Holst et al. The authors went on to formalize
the proposed explanation in an integrative neurobiological ‘striatal ups and downs’ model
(Leyton and Vezina, 2013, 2014). In this theory, disorder-related stimuli gain motivational
value through repeated association with the rewarding effects of addictive behaviors, thus
eliciting sensitized neurobiological responses – striatal ups. Hyperactive striatal motivational
states thus develop in the presence of addiction-related cues. The fact that these incentive
processes become pathologically tied to a narrow set of stimuli additionally results in a
progressively diminished interest towards rewards unrelated to the disorder, reflected by a
hypoactive reward system – striatal downs. Indeed, factoring in the presence or absence of
addiction-related cues resolves many inconsistencies in the literature (Leyton and Vezina,
2013). However, direct evidence for this theoretical framework is lacking. We therefore
developed a neuroimaging task to simultaneously assesses the processing of monetary
rewards, addiction-related cues, and their interaction. During monetary reward processing,
hypoactivations were seen in several regions in both AUD and GD patients compared to
controls, but in the striatum only in AUD patients. Hyperactivity in response to addictionrelated cues was seen only in GD patients compared to controls, in the bilateral insula
and dorsal striatum (putamen). AUD patients did show increased activity in regions often
associated with craving, including the ACC, precuneus, insula and visual areas; however,
not significantly different from controls. Directly comparing neural activation patterns
between clinical groups revealed decreased ventral striatum, putamen and caudate activity
in patients with AUD relative to GD during monetary reward anticipation. This finding may
be interpreted as a consequence of the neurotoxic effects of alcohol. The groups did not
significantly differ in their cue-reactivity response. Interestingly, a behavioral interaction was
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seen between reward-magnitude and cue-type: gambling cues improved performance for
big rewards but deteriorated performance for small rewards. Thus, gambling cues seem to
specifically enhance the incentive value of larger reward cues. To summarize, the results
provide evidence for striatal dysfunction in both GD and AUD patients, though only partially
in line with the integrative ‘striatal ups and downs’ model.
We additionally investigated whether GD is characterized by alterations in brain
connectivity. In Chapter 6, we used a multi-modal approach, investigating cognitive
flexibility and their functional and structural brain correlates in GD. Cognitive flexibility
was assessed using a ‘switch’-task while being in a fMRI scanner. Additionally, diffusion
tensor imaging (DTI) scans were made to assess white matter integrity. In the “switch task”
participant have to change their responses based on color changes. Hence trials following
a color change are switch trials, while trials followed by the same color are repeat-trials.
Contrary to our expectations, task performance task was similar across patients with GD
and HCs, with both groups making more errors on switch than repeat trials. Increased brain
activity was seen during switch compared to repeat trials in a number of regions including
the bilateral basal ganglia and ventrolateral and dorsolateral PFC, but no significant group
differences were observed. Next, we investigated whether GD patients and controls differed
in white matter integrity. Task-related peak activations were used to define the seed regions
for probabilistic fiber tracking. Compared to HCs, GD patients showed compromised white
matter integrity of corticostriatal white matter tract in the left hemisphere. Previous work
has found that individual differences in cognitive flexibility can be predicted by variations
in white matter microstructure of the basal ganglia projecting to prefrontal cortex (van
Schouwenburg et al., 2014). Although we did not find a direct association with taskperformance, these differences are expected to be related to other cognitive flexibility
deficits seen in GD (see Chapter 2).
Finally, in Chapter 7 we investigated intrinsic functional network connectivity in GD
patients and controls during rest. Participants were simply asked to lie still with their eyes
open and to fixate on a cross, while functional brain images were made. Data-driven
independent component analyses (ICA) then revealed several common brain networks, of
which we selected four with the most relevance for GD: (i) the ventral attention network,
which is thought to modulate attention to internal and external stimuli; (ii) the limbic
network, which is thought to be involved in processing emotions, (iii) the frontoparietal
control network, implicated in adaptive control over behavior; and (iv) the default mode
network, which activates during rest. Compared to controls, GD patients showed increased
integration of the right middle insula within the ventral attention network. Additionally,
distorted beliefs about gambling were related to increased within-network connectivity
strength across a number of networks, including the insula within the default mode
network. These results converge with prior work indicating increased insular activity during
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near-misses (Clark et al., 2009) and a causal role for the insula in the exhibition of gamblingrelated cognitive distortions (Clark et al., 2014). More generally, the insula is thought to play
a critical role in craving (Naqvi et al., 2014) and addiction (Naqvi and Bechara, 2009). Our
results suggest that, even during rest, GD patients show increased recruitment of the insula,
which correlates with gambling-related cognitive distortions.
Taken together, the findings presented in this thesis can be summarized as follows.
First, GD is characterized by deficits in performance on neurocognitive tasks linked to
compulsivity, such as cognitive inflexibility. Second, contrary to our hypotheses, no clear
pattern of an increased reliance on habits or environmental stimuli was found in either
AUD or GD. These results were surprising, given the strong evidence from animal studies
for the role of habits in addiction. Third, marked but heterogeneous striatal dysfunction
during reward processing was found across both gambling and AUD, with a crucial role for
addiction-related cues. Finally, impaired structural corticostriatal connectivity and increased
insular functional connectivity were found in patients with GD. These altered connectivity
profiles may represent a neurobiological basis for decreased cognitive flexibility and
increased craving and gambling distortions, respectively – key defining characteristics of GD.

Methodological considerations
several limitations need to be kept in mind when interpreting our findings. First, the
included AUD and GD patients were abstinent and in treatment at the moment we tested
them. Thus, our findings do not directly generalize to active users. One possibility for the
absence of clear associative learning deficits is that, although present in active users,
they could quickly normalize after abstinence. This, however, seems to be an unrealistic
explanation for our findings for two reasons. First, we did not find a relationship with
abstinence duration in any of the studies. Second, the increased reliance on habits and
environmental cues are commonly thought to promote relapse, which would not converge
with a quick normalization after abstinence. However, disturbed domain-general cognitive
functioning– including IQ, working memory, executive functioning – is known to recover
over the course abstinence (Mann et al., 1999; Stavro et al., 2013); to the best of our knowledge
it is unknown if and how general associative learning processes (e.g. goal-directed control
and PIT) change from active use to abstinence. More is known about adaptations in cueinduced craving that occur following withdrawal: the impact of addiction-related cues
initially strengthens, leading to increased craving – until it peaks after (up to) 6 months and
then declines. This process is known as the ‘incubation of craving’ and has been described
in human nicotine, cocaine and alcohol use disorder (Li et al., 2014; Parvaz et al., 2016). As
patients with alcohol use disorder were still relatively early in their abstinence (on average
seven weeks), this may be an explanation for an absence of a pronounced neural cue-
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reactivity effect and why this effect was stronger in patients with gambling disorder who
were longer abstinent (on average 17 weeks). However, no direct evidence was found for
this explanation as abstinence duration did not correlate with the cue-reactivity effect.
Moreover, the percentage of participants that were nicotine dependent was higher
in both addicted groups than in the healthy control groups. It is therefore difficult to
distinguish the effects of smoking addiction from alcohol or gambling addiction, which
weakens our claims regarding GD as a model of addiction without the neurotoxic effects.
However, smoking is highly co-morbid in GD, thus making our sample more representative
than if we would have included only non-smoking GD patients. Relatedly, we excluded
subjects diagnosed with other psychiatric problems, to isolate differences purely related
to the addictive state. This approach somewhat limits generalizability to the average SUD
patient, because addiction and other psychiatric disorders are highly comorbid (Kelly and
Daley, 2013).
One methodological limitation concerns the measurement of brain activity using fMRI,
specifically related to measuring BOLD signal in the orbitofrontal cortex (OFC). The OFC is
known to be crucially involved in addiction (Redish et al., 2008; Schoenbaum and Shaham,
2008; Fineberg et al., 2010) and many of the processes that were of central interest to the
work presented in this thesis, including goal-directed action (Valentin et al., 2007; Gremel and
Costa, 2013; Gremel et al., 2016), PIT (Ostlund and Balleine, 2007) and cue reactivity (Heinz
et al., 2009). Because of its location in the brain (close to the air-field sinuses), measuring
the BOLD signal from the OFC is especially challenging. BOLD contrast can be improved by
acquiring images at multiple echo times in combination with an algorithm that optimizes
the echo weighting for each voxel to maximize BOLD contrast sensitivity (Poser et al., 2006).
In the early stages of my PhD, I was involved in implementing this multi-echo sequence at
the (then brand new) Spinoza Centre for Neuroimaging. We did a pilot study to compare
single- and multi-echo EPI sequences directly, which indeed showed improved signal-tonoise ratios and decreased signal dropout in temporal, caudal and lower prefrontal regions,
including the OFC. Despite these efforts, however, our ability to measure BOLD signal from
those regions turned out to be suboptimal: the most inferior/ventral part of the OFC is
missing in the functional group-level masks for the various tasks that we used. Although this
is not uncommon and probably true for many fMRI studies, it is not unlikely that differences
in OFC functioning in GD and AUD compared to HCs have remained unobserved.
One factor that may be viewed as a limitation of the GD studies in Chapter 3 and 5
was the use of money as a ‘natural’ reward, which is an addiction-related reward for GD.
We nevertheless favored money over other possible rewards (such as food, sexual cues),
because (i) the magnitude of monetary rewards is easy to manipulate, (ii) money is known
to robustly activate the reward circuit, (iii) it is the most commonly used type of reward in
addicted populations and (iv) hypoactivations have been found in response to monetary
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reward in GD (Balodis et al., 2012b). Moreover, money in gambling is not the equivalent
of drugs in SUDs. Monetary rewards do not directly activate dopaminergic pathways like
drugs do; instead, maximal uncertainty of reward evokes the highest dopamine release
(Fiorillo et al., 2003). Reward uncertainty, not monetary rewards per se, may thus facilitate
the escalation of reinforcement learning and drive compulsive gambling (Clark et al., 2018).
Nevertheless, money remains a complex learned, addiction-related reinforcer in GD. The
use of other natural rewards, such as erotic cues (Sescousse et al., 2013) or food rewards
(Chapter 4) is therefore recommended in future studies.
Two limitations which deserve attention because of their broader relevance are related
to the meta-analysis. First, although GD patients show significant performance deficits in
compulsivity-related neuropsychological functioning, the effect sizes for the individual tasks
were small to medium. Second, we did not evaluate the specificity of the results: it may be
the case that patients show a general tendency to perform worse on neurocognitive tasks,
perhaps as a consequence of disorder-related attentional or working-memory problems.
Together, this raises the question to what extent these deficits directly contribute to the
development or maintenance of the disorder. The clinical utility of these results depends
on those factors; if these deficits are robust and specific, they could be clinically useful,
for instance for the identification of high-risk individuals or the development of focused
treatment opportunities. Alternatively, deficits in compulsivity-related neuropsychological
functioning could be secondary effects of more widespread deficits in executive functioning,
or the byproduct of being in a disordered state, in which case the focus of treatment should
be broader. Future work should investigate the specificity of these effects, for example by
looking at the effect size of neuropsychological deficits unrelated to compulsivity known to
be present in GD (Goudriaan et al., 2004; van Holst et al., 2010).
Gamblers can be differentiated based on gambling preferences, and it is known
that gambling subtypes show different neuropsychological phenotypes. Although we
considered differentiating between GD subtypes, this would have dramatically increased
the number of GD patients to be included and would have imposed further restrictions on
our inclusion criteria. Unfortunately, limitations in time and resources made it unfeasible
to opt for this approach. It will, however, be important for future studies to make this
effort, because characteristics important for the etiology of the gambling subtype may be
missed when conducting group-level comparisons with control subjects. Looking at the
effect of stress on the balance between goal-directed and habitual control (Chapter 3),
we see that there is large variability within the GD patients, which suggests that stress
has a heterogeneous effect on decision making in GD patients. Within group variability
in GD patients often appears to be stronger and more reliably related to clinically relevant
measures than the case-control effects (Clark et al., 2018). Recent initiatives, such as the
Research Domain Criteria [RDoC] project (Insel et al., 2010), have begun to address
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heterogeneity within- and homogeneity between psychiatric disorders by adopting a
more ‘transdiagnostic’ approach, using dimensions that cut across traditional psychiatric
classifications. Taking into account individual variability in clinical groups will hopefully help
to more effectively diagnose and treat patients and improve outcomes.

General discussion
A striatal roller-coaster?
Many, if not all, addiction theories postulate striatal dysfunctions in addiction. In this
thesis, we probed various of the behavioral and cognitive processes known to be subserved
by the striatum. This inspired me to refer to the striatum in the title of this thesis. The rollercoaster analogy refers to the heterogeneous role the striatum has throughout addiction:
the neural transition in striatal control over behavior (the ‘ventral-dorsal’ shift) and the
changes in the direction of striatal activity in response to natural rewards and addictionrelated cues (the striatal ‘ups and downs’). Obviously, the analogy also applies to the nature
of addiction itself. Interestingly, our results suggest that striatal function is not as impaired
as hypothesized. In AUD, the most notable striatal dysfunction was seen during monetary
reward processing, which negatively correlated with craving (Chapter 5); we observed no
striatal dysfunction during motivational processing, tested using a Pavlovian-Instrumental
Transfer and outcome devaluation paradigm (Chapter 4). In GD, striatal hyperfunction was
observed in response to gambling cues, which positively correlated with craving (Chapter 5);
striatal activity was similar to that in HCs during monetary reward processing (Chapter 5),
goal-directed and habitual choice (Chapter 3), resting state activity (Chapter 7) and
cognitive flexibility (Chapter 6). Combined, our findings indicate that, although seen under
some conditions, striatal dysfunction was not as ubiquitous as predicted by the various
addiction-theories.
Although the striatum was the main node of interest, we did not limit our analyses to
this region alone. One notable finding from the whole-brain analyses across the separate
chapters was a recurrent pattern of insular dysfunction, which will be further discussed in
a later section.

Associative learning mechanisms
Habits in addiction?
A major goal of this project was to evaluate the role of aberrant Pavlovian and
instrumental learning mechanisms in human addiction. Various paradigms were used to
probe goal-directed and habitual strategies and the influence of reward-paired cues to
influence instrumental performance. In this section, I will focus on general instrumental
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decision-making processes unrelated to specific addiction contexts; addiction-related cueprocessing will be discussed in the next section.
Contrary to our expectations, patients with an addiction did not exhibit a clear deficit
in the balance between goal-directed and habitual behavior (i.e. two-step performance in
Chapter 3 and outcome-devaluation in Chapter 4), nor a deficiency in the ability of rewardpaired cues to acquire motivational properties and influence instrumental performance (i.e.
Pavlovian-Instrumental transfer in Chapter 4). Even under stress, GD patients did not rely more
on a habitual, model-free or less on a goal-directed, model-based strategy. Taken together,
these results indicate intact goal-directed and habitual control capacities in GD and AUD.
However, we were not the only research group that recognized the need to investigate
the habit theory of addiction in human patients. While there was just one study assessing
habit learning (Sjoerds et al., 2013) and none investigating Pavlovian-Instrumental Transfer
in human SUD at the start of my PhD project in 2014, recent years have seen a surge in
studies tapping into these processes. In addicted populations, habitual control was tested
in at least six other studies (Sebold et al., 2014, 2017; Voon et al., 2015b; Ersche et al., 2016;
McKim et al., 2016; Pritchard et al., 2018) and transfer effects in three studies (Garbusow et
al., 2014, 2016; Hogarth et al., 2018). Using the same task as the initial study by Sjoerds et al
in 2013, one study reported an increased reliance on habits in cocaine-addicted patients
(Ersche et al., 2016). One other study found increased habit propensity (operationalized as
perseveration on a stimulus-response learning task after contingency change) in individuals
with a (non-clinical) history of substance use disorders (McKim et al., 2016). No deficits were
found in other studies: similar to our results of Chapter 4, Hogarth et al. (2018) found intact
goal-directed control on both outcome-devaluation and Pavlovian-Instrumental transfer
in treatment-seeking drug users. Using the same two-step task as in Chapter 3, no group
differences were found in a relatively large sample (n=90) of AUD patients in the balance
between model-free and model-based decision making (Sebold et al., 2017). Similarly, in a
study across several ‘disorders of compulsivity’, an intact balance was found in AUD patients,
although a higher reliance on the model-free system was seen in methamphetamine users
(Voon et al., 2015b). In an earlier study by Sebold et al. (2014), a smaller group of AUD patients
showed decreased model-based choice behavior. However, the group difference was no
longer significant after controlling for cognitive speed, which was lower in AUD patients.
Moreover, the analyses in this study relied on simple stay probabilities, which limits the
interpretation of the results; using the more comprehensive computational model, as usually
done with this task, would increase specificity of the underlying group difference. Two recent
publications report on subtle Pavlovian-Instrumental Transfer impairments in patients with
AUD. One found increased transfer effects in abstinent AUD patients using abstract Pavlovian
stimuli (Garbusow et al., 2016), although the same group found no deficits in a previous
study of AUD patients using this same task (Garbusow et al., 2014). Additionally, studies have

165

8

Chapter 8

investigated the association between habit propensity and individual drug use (including
alcohol and tobacco) in non-clinical populations. Although one large online study found a
significant positive link with substance use (Gillan et al., 2016), five others have failed to find
such a relationship (Hogarth and Chase, 2011; Hogarth, 2012; Hogarth et al., 2012b; Deserno
et al., 2015; Nebe et al., 2018). Moreover, in a group at high risk for addiction (children of
fathers with AUD), no evidence for altered behavioral control was found (Reiter et al., 2016).
Similarly, studies have failed to provide evidence for a link between Pavlovian-Instrumental
transfer strength and amount of tobacco use (Hogarth and Chase, 2011, 2012; Hogarth, 2012;
Hogarth et al., 2014) and alcohol use (Martinovic et al., 2014; Hardy et al., 2017).
Synthesizing these findings, a picture arises of (at the most) subtle associative learning
impairments in addicted populations. More often (6x: Hogarth et al., 2018; Sebold et al.,
2014, 2017; Voon et al., 2014, Chapter 3 and 4) than not (5x: Ersche et al., 2016; Garbusow
et al., 2016; McKim et al., 2016; Sjoerds et al., 2013; Voon et al., 2014), patients with gambling
or substance use disorders perform similarly to controls on paradigms probing associative
learning mechanisms. Across the various studies, addiction severity or duration were not
reliably associated with habit propensity – further suggesting its relevance for addiction is
limited. When comparing findings from different substance use disorders, there seems to
be a pattern. Whereas methamphetamine use disorder is reliably associated with increased
habit propensity (Voon et al., 2015b; Ersche et al., 2016), findings in groups of patients with
different SUDs are mixed (McKim et al., 2016; Hogarth et al., 2018). In AUD, two studies
found impairments (Sjoerds et al., 2013; Garbusow et al., 2016) but most (four) found intact
associative learning (Sebold et al., 2014, 2017; Voon et al., 2014, Chapter 4). In GD – in the
absence of neurotoxic effects – no altered behavioral control is observed (Chapter 3). Taken
together, a preliminary conclusion may be that associative learning deficits in addiction
could be caused by drug-induced changes rather than being a risk-factor.
Addiction habits in context: reconciling animal and human findings
We were initially surprised by our findings, which did not match our initial predictions.
However, as outlined above, they largely converge with a growing body of evidence
indicating intact goal-directed control in human addiction. Thus, we currently have to
conclude that findings in humans are at odds with findings in animal models of addiction.
This has led some authors to conclude that habit has no role in addiction (Hogarth,
2018; Hogarth et al., 2018). In my opinion, however, it still makes sense for habit to have
a role in addiction. The conflicting evidence, I propose, is a consequence of discrepancies
between animal and human research: on the hand due to imperfections in animal models
of addiction; on the other due to human addiction neuroscience studies investigating
different habit processes. I will first specify both accounts and then give some suggestions
on how future work may reconcile these seeming contradictions.
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The use of nonhuman animal models gives us the exciting opportunity to investigate
the neural and genetic background of psychiatric disorders, including addiction, and to
develop, test, and validate drugs for treatment. However, modeling of psychiatric disorders
in animals is extremely challenging (Nestler and Hyman, 2010)., Laboratory models of
addiction have been relatively successful compared to other psychiatric disorders by
modeling addiction-like behavior through excessive drug use. Thus, animal models have
been able to incorporate some addiction-related DSM symptoms, including escalation
of drug use and resistance to punishment (Vanderschuren and Ahmed, 2013). Although
symptoms are useful for establishing a classification (reflect the presence of an addiction),
but they are not a reflection of the causal mechanisms. Thus, the individual symptoms
modeled in animal models may not have a simple, straightforward correspondence to
addiction in free-living humans. This, of course, can be interpreted as a general critique on
animal models of psychiatric disorders but is especially true for addiction, in which cultural,
social and environmental factors also play a significant role (Heilig et al., 2016). Thus, although
animal models evidently display face validity, construct validity is more questionable, which
in turn leads to reduced translational value to the human situation.
Animal models of addiction have often relied on drug self-administration, which
(using the right reinforcement schedule) can result in several symptoms of addictive-like,
compulsive drug use, including escalation of drug use, increased motivation for drugs
and continued use despite negative consequences (Deroche-Gamonet et al., 2004; Everitt
and Robbins, 2005, 2015, Belin et al., 2009, 2013; Vanderschuren and Ahmed, 2013). Using
this model of addiction has provided convincing evidence that the shift to compulsive
addiction-like behavior can be characterized by increased habitual control represented by
neural transitions. But are habits necessary? Animal models of addiction typically require
animals to very frequently repeat the same actions to obtain drugs – creating drug habits
by design. However, acquiring (illegal) drugs in humans often does not require frequently
repeating the same action, but requires complex, goal-directed behaviors. This has often
been a critique on the habit theory of addiction (Robinson and Berridge, 2008). A fascinating
recent study has addressed this question using a complex procedure requiring rats to solve
new ‘puzzles’ every day to obtain cocaine (Singer et al., 2018). This way, they circumvented
creating drug-habits by design. Nevertheless, rats developed addiction-like symptoms
including escalation of drug use, sensitization, compulsive drug use (continued use despite
negative consequences, e.g. shocks). Some rats were more addiction-prone; interestingly,
these rats showed especially pronounced cue-induced reinstatement. In line with the fact
that the behavior remained ‘goal-directed’, dopamine in the ventral but not dorsal striatum
controlled drug-seeking. These findings provide initial evidence that habits and a striatal
shift are not necessary for addiction-like behavior in rats.
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That is not to say that habit has no role in addiction, but its role may be more complex
than suggested by animal research. Human research, on the other hand, has so far mainly
focused on domain-general associative learning processes, whereas the evidence from
animal research has proposed that addiction-related behaviors are under habitual control.
This is a second factor that has hindered translating animal findings to humans. Although
also relevant, whether individuals at risk for or with addiction are less goal-directed or
more prone to develop habits in general is obviously an entirely different question. There
is some evidence in rats suggesting that repeated drug exposure can have general habitpromoting effects, but the evidence is limited and, like human findings, somewhat mixed
(Halbout et al., 2016; Ahmed, 2018). Importantly, there is no indication that such changes
also result in addiction or stronger drug habits (Ahmed, 2018). A procedure that does assess
addiction-specific processes is the cue-reactivity paradigm, an established procedure to
investigate neural response to Pavlovian addiction-related cue-reactivation (see Chapter 5).
According to the habit theory of addiction, the ventral-to-dorsal transition underlies a
shift in control of instrumental action from goal-directed control to compulsive habits
(Everitt and Robbins, 2015). However, cue-reactivity paradigms do not require instrumental
responses, and are thus not suited to test instrumental control of behavior. Thus, findings
from cue-reactivity studies should, in my view, not be interpreted as evidence for a habitrelated striatal transition (Vollstädt-Klein et al., 2010). Some additional thoughts about cuereactivity will be discussed in the next section.
Additionally, as shortly discussed in Chapter 1, it is not easy to experimentally induce
and test habits in the laboratory. We spent quite some time evaluating the literature
for tasks potentially fit for our purpose and we piloted various options. In the end, we
convened on two tasks that had previously been used with success in clinical groups: a
PIT and outcome-devaluation task involving food rewards (Morris et al., 2015) and the twostep reinforcement learning task (Daw et al., 2011). One option that we considered was a
paradigm previously used to induce habit formation by overtraining instrumental behavior
for three days, which showed behavioral and neurobiological results in line with animal
work (Tricomi et al., 2009). Luckily, we decided not to use this paradigm, as various attempts
to replicate this finding have failed (de Wit et al., 2018). However, this finding also suggests
that the outcome-devaluation paradigm used in Chapter 4 was probably not sensitive
to detect deficits in the goal-directed or habitual system: if three days of overtraining is
not enough to make responding habitual – i.e. insensitive to outcome-devaluation (de Wit
et al., 2018) – the ~10 minute training participants received in our study definitely won’t
do it. Nevertheless, patients diagnosed with schizophrenia showed a complete deficit in
instrumental outcome-devaluation on this same task (Morris et al., 2015). The impaired
performance in schizophrenia patients may be a consequence of a general deficient ability
to integrate action-outcome learning with outcome values to guide choice, instead of
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reflecting increased habit propensity. The specifics of our tasks aside, it is clear that the
current experimental approaches to define and assess habits are limited and require further
development (Foerde, 2018; Watson and de Wit, 2018).
A final difference with basic studies of addiction is that human studies usually test
patients while they are abstinent and in treatment. Acute alcohol use has been shown
to impair human goal-directed action (Hogarth et al., 2012a). Such a loss of goal-directed
control could make quitting an substance use disorder more difficult in active users.
Moreover, neurocognitive deficits are widely described in addicted populations (Bernardin
et al., 2014), and are known to recover during abstinence (Schulte et al., 2014), which
can take up to a year (Stavro et al., 2013). Although we found no relation with duration
of abstinence in any of our studies, it is worthwhile for future studies to investigate these
processes in active users directly.
To summarize, animal models have provided a simplified version of addiction, possibly
inflating the role of habits in addiction. Human addiction research has, until now, only
investigated general habit propensity, but has failed to test addiction-specific habits. In
the light of the findings summarized above, it seems unlikely that generally increased
propensity for habit-formation is a risk factor for addiction.

8

Addiction-related cue reactivity
To investigate the neural mechanisms underlying addiction-related cue processing,
human studies have largely relied on cue reactivity paradigms. In Chapter 5, we investigated
neural response to Pavlovian addiction-related cue-reactivation, in combination with
natural reward anticipation. Contrary to our hypothesis, the effect of addiction-related
cues did not distinguish AUD patients from controls. A possible explanation could be that,
due to the omnipresence of alcohol in our society, alcohol-related cues gain saliency and
motivational properties in control participants too, thus leading to similar neural activation
patterns in controls as AUD patients. Gambling-related cues, on the other hand, generally
have not acquired similar saliency in controls and this may explain why gambling cues do
lead to distinguishable brain patterns in GD patients compared to HCs.
However, this explanation does not reconcile the inconsistency with previous studies
that have reported increased striatal activation patterns in AUD patients compared
controls. Additionally, many cue-reactivity studies, especially from a decade or longer ago,
have included relatively small numbers of subjects (often <15/group) using uncorrected
statistical thresholds (which have become unacceptable now), increasing the chance of
false positives. This is nicely illustrated by a 5-year old systematic review and meta-analysis
of brain activation patterns across alcohol cue-reactivity studies (Schacht et al., 2013): only 6
of 28 studies included more than 15 subjects per group, and all used uncorrected thresholds
(between p<0.05 and p<0.001) without FWE-correction, sometimes using cluster extent
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threshold, known to increase false positives (Eklund et al., 2016). The results of this metaanalysis show that activation of the mesolimbic reward pathway does not differentiate
AUD patients from controls, contrary to the tenet that cue-reactivity in AUD is a robust
effect. AUD patients showed increased activity in parietal and temporal regions, including
the posterior cingulate and precuneus. Additionally, informal discussions with colleagues
suggest that there are quite some unpublished cue-reactivity studies with null-results,
especially within AUD groups. Future collaborative efforts should address this question
formally, but a (speculative) conclusion could be that, although alcohol-related cues do
increase mesolimbic functioning as a consequence of learned Pavlovian conditioning, this
does not distinguish pathology from normality – at least not during the passive viewing
of alcohol-related pictures. A still open and relevant question, therefore, remains whether
it would be possible to differentiate cases from controls by including instrumental actions
(e.g. drug seeking) and real addiction-related rewards.
Future perspectives of studying learning mechanisms in addiction
As mentioned in the previous section, it is my opinion that the next step that
human addiction research should make is investigating addiction-specific mechanisms
of instrumental conditioning that produce goal-directed and stimulus-response habit
learning, Pavlovian conditioning, and their interactions. This would answer questions such
as: are alcohol-seeking behaviors, involving real alcoholic rewards, under habitual control,
and does habitual control become stronger in AUD? What effect does a casino environment
have on betting in a person with gambling problems? What is the impact of addiction-related
stimuli on decision-making? Recent research has gone beyond the use of general habitual
control or passive cue-induced viewing paradigms to address these questions. Studies in
AUD have started to investigate instrumental responding in the context of addiction-related
cues (Schad et al., 2018), even using sips of beer as outcomes (Groefsema et al., 2018). The
findings in these studies have been a bit puzzling – with alcohol cues having inhibitory
effects on instrumental responding in AUD patients (Schad et al., 2018) and anticipating,
obtaining and tasting beer having no differential effects across light, at-risk or dependent
alcohol users (Groefsema et al., 2018) – possibly related to the suboptimal use of static
pictures as addiction-related stimuli. To more realistically investigate environmental impact
on addiction-related decision-making, Hogarth, Field, & Rose (2013) built a bar lab where
they presented participants with an alcoholic beverage. Just the expectancy of an alcoholic
drink abolished goal-directed control of cigarette seeking in smokers, emphasizing the
impact realistic contextual cues can have on instrumental behavior. Such a study-design
is, however, not suitable for fMRI studies. Environmental stimuli may perhaps be more
realistically induced in the laboratory using virtual reality. Additionally, methodological
advancements may create new opportunities. For example, the development of portable
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MEG devices (Boto et al., 2018) provides a way to investigate processes while people interact
with and in a realistic environment.
An advantage of investigating GD is that the specifics of addiction-related decisionmaking itself (i.e. gambling) can be studied in detail, including (to some extent) realistic
environmental factors using real monetary rewards during neuroimaging. Recently, studies
have started to exploit these possibilities. With the use of realistic gambling paradigms,
several factors have been shown to impact decision-making and their neural responses,
such as previous choices (Brevers et al., 2017), ambiguity (Brevers et al., 2012), environmental
cues (Miedl et al., 2014; Cherkasova et al., 2018), and gambling availability (Brevers et al.,
2018). In some cases, sensitivity to these factors has been related to gambling severity or
GD (Chase and Clark, 2010; Brevers et al., 2012; Miedl et al., 2014; van Holst et al., 2014).
Future studies will have to determine whether these processes are specifically distorted in
(subtypes of ) GD patients, as neuroimaging studies have already done for neural responses
during near-misses (Sescousse et al., 2016).
In sum, to successfully understand how associative learning deficits in the goaldirected and habit system contribute to the development and persistence of addiction,
it will be essential to use a more comprehensive approach, incorporating the wider
influence of environmental factors on addictive behaviors. Moreover, a better fundamental
understanding is needed of habits and how to change them. Whether or not deficits in
goal-directed and an overreliance on habits are present in addicted human populations
has important consequences for the development of psychological treatments to prevent
relapse and promote abstinence (Everitt, 2014; Everitt and Robbins, 2015; Hogarth, 2018).
GD offers the unique opportunity to investigate addiction-specific processes realistically in
the scanner. The combined use of neuroimaging techniques and computational modeling,
using individual differences, will provide us with a more fine-grained understanding of the
associative learning mechanisms that underlie addiction.

Cognitive flexibility in gambling disorder
One candidate cognitive function that may underlie the development of compulsive
behavior is cognitive flexibility. To our surprise, GD patients did not reliably show cognitive
flexibility problems. In the meta-analysis (Chapter 2) we found that GD patients did
not show a significant impairment on reversal learning, part of the contingency-related
cognitive flexibility domain. Reversal learning involves learning a rule and subsequently
adapting one’s behavior after a rule change using trial-by-trial feedback, often by (not)
receiving rewards or losses. Theoretically, it makes sense that deficits in this domain would
characterize GD: it is the nature of the disorder that gamblers continue to gamble despite
severe losses, thus showing real-life inflexibility to change their behavior after changes in
contingencies.
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Interestingly, problem gamblers did show significant performance deficits on another
task in this domain – the ‘Card Playing Task’ (CPT). On this task, participants are presented
with a deck of cards and are asked if they want to turn a card. If they play, they win money
if a face card is turned and lose money when a number card is turned. Unknown to the
participant, the win chance is high initially but decreases slowly; an optimal strategy is to
play for 40–60 trials and then quit. GD patients tend to choose a suboptimal strategy: they
keep on playing for too long. It is interesting that patients with GD show this (extremely)
perseverative responding on the CPT across several studies, whereas this deficit is less
pronounced on reversal learning tasks testing similar cognitive skills. An explanation for
this seemingly contradictory finding may be that the CPT involves playing-cards – strongly
conditioned stimuli for most GD patients. Although speculative, these motivational
properties of the playing-cards may alter decision making, resulting in perseverative
behavior through Pavlovian-to-Instrumental Transfer.
Another explanation for the absence of a clear performance deficit on the probabilistic
reversal learning task in GD patients may be the heterogeneity of the dependent measure;
each of the four studies reported a different outcome measure from the PRLT. Although these
behavioral summary scores should all be measures of cognitive flexibility, the inconsequent
use of outcome measures may have left behavioral deficits undetected. Additionally, the
outcome measures used (e.g. total money won, perseverative errors, number of correct
choices) only offer a very crude reflection of behavioral performance, and more importantly,
of flexibility. Recently, the development and use of computational models for analyzing
these data have offered a more principled approach. Computational models provide
increased precision over raw outcome measures about the different aspects that can control
learning and decision making throughout the task. Different parameters in the model can
define various behavioral components such as learning rate, reward sensitivity or decision
noise. In this way, it is possible to distinguish between subjects with very different strategies
(e.g. slow vs fast learners, sensitive to reward or punishment) – even if they make the same
number of errors. Analyzing PRLT data using a computational model (EWA; (den Ouden et
al., 2013), we recently found that GD patients show greater resistance to update the value
of a choice with increased experience, although the error rate was not significantly different
between groups (van Holst et al, in preparation).
Previous work has shown that cognitive flexibility depends on structural and functional
connectivity between the basal ganglia (including striatum) and several subregions of the
prefrontal cortex (including OFC, mPFC) (Cools et al., 2002, 2004, van Schouwenburg et al.,
2010, 2012, 2013; van der Schaaf et al., 2013). The results from Chapter 6 suggest decreased
corticostriatal white matter integrity in GD patients, which may explain why gamblers
experience difficulty to stop gambling in the face of negative consequences. However,
we found no behavioral deficits or any association between white matter integrity with
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individual behavioral performance on a switch task. This may be related to the fact that the
switch task at hand did not involve feedback. Behavioral deficits in GD patients may be most
pronounced when feedback, especially in the form of monetary rewards (Boog et al., 2014),
is involved. It could thus be suggested that cognitive flexibility deficits in GD are specifically
related to problems in updating choice values from feedback. This seems to be in line with
the aforementioned findings, which indicate flexibility problems specifically related to
the updating of choice values following increased experience in GD patients on the PRLT
(van Holst et al., in preparation). In future work, we are hoping to replicate both the white
matter integrity findings and extend them by finding a link with different tasks assessing
cognitive flexibility. To this end, we have already collected DTI data in combination with
behavioral data from the intra-extra dimensional set-shifting task [IED] (from CANTAB) and
the probabilistic reversal learning task. An additional possibility is to reanalyze raw data of
existing studies using more advanced computational modeling techniques to investigate
the presence and specificity of such selective impairments.

Addiction chronicity
Addiction is commonly dissociated into multiple stages of the addiction cycle. Early on
drug use is voluntary and goal-directed, in the end stage drug taking is constrained and
compulsive (Volkow et al., 2016). The development of addiction is thought to be represented
by transitions at the neural level, including the shift from prefrontal and ventral striatal
control to dorsal striatal control (Everitt and Robbins, 2005). To explicitly test relationships
with chronicity, we originally designed the study to include and compare a non-chronic
(<2 years AUD history; <2 treatments) and chronic (>7 years AUD history; >3 treatments)
AUD group. However, recruiting patients meeting these exact (and arbitrary) cut-offs for
AUD history and number of treatments was not feasible. Therefore, the AUD criteria were
broadened to include a range in years of AUD history, severity (number of symptoms
endorsed), number of past treatments and lifetime alcohol intake. In combination with
including a relatively large number of patients, this facilitated the investigation of chronicity
in a dimensional way. However, across the different chapters in this thesis, we did not
find evidence for neural transitions related to chronicity. In some cases (Chapter 4), Bayes
Factors provided evidence against it. Only in GD patients, duration of gambling problems
was related to neural sensitivity to gambling cues. One explanation for the absence of a
neural ‘shift’ related to chronicity may be that the included patients all have a relatively high
level of chronicity as they all consisted of treatment-seeking patients. Because our design
was cross-sectional, however, interpretability is limited; correlations do not imply causal
relationships. To identify causal changes related to the development of addictive behaviors,
prospective longitudinal studies should be undertaken.
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The insula as a therapeutic target?
The insula is a brain region implicated in a wide range of cognitive functions and
conditions, including decision making, reward processing, body awareness and interoception
(Craig, 2009). Furthermore, the insula has been highlighted as a region important for
addiction and craving (Naqvi et al., 2007, 2014; Naqvi and Bechara, 2009), possibly through
aberrant interoception, and specifically underlying gambling-related cognitive distortions
(Clark et al., 2008, 2009, 2014). Across different chapters in this thesis, aberrant insular activity
was found in both GD and AUD. During monetary reward anticipation, insular activity was
decreased in AUD patients relative to HCs and was negatively related to baseline alcohol
craving (Chapter 5). In GD patients, on the other hand, insular activity positively correlated
to craving levels during both monetary reward anticipation and addiction-related cue
reactivity (Chapter 5). During resting-state MRI, GD patients further showed increased
integration of insular activity in the ventral attention network compared to HCs; within
GD patients, higher gambling-related cognitive distortions was associated with increased
insular integration in the default mode network (Chapter 6). Thus, our findings indicate
abnormal insular activity in both alcohol use disorder and gambling disorder, especially in
relation to craving. Future studies should investigate whether the insula could serve as a
potential target for therapies for addiction, e.g. through neurostimulation, pharmacological
interventions or meditative strategies such as mindfulness (Sharp et al., 2018).

Conclusion
Why do people who suffer from addiction continue to use drugs despite the devastating
consequences to their lives? How is it possible that at one moment the only thing someone
wants to do is quit their addiction, yet the same day they are using again? For me, these
are the most interesting questions we are trying to understand in addiction research.
The fact that most people can regularly use drugs, drink alcohol or gamble without any
problems is important to consider: what makes that some people do develop addiction?
Genetic, developmental factors like trauma and early life stress, and social factors influence
the vulnerability to develop addiction. Automatic stimulus-response habits are part of the
explanation for addiction, but only capture one aspect. Nevertheless, addiction is by definition
the consequence of learning mechanisms: there can be no addiction without (repetitively)
using drugs (or gambling). In this thesis, we have found no evidence for impairments in
general associative learning mechanisms. We did find altered neural responses related
to reward- and addiction-related processing in both AUD and GD, and neurocognitive
performance deficits related to compulsivity, possibly caused by alterations in structural and
functional connectivity profiles, in GD. This implies that changes in responsivity to rewards
and changes when addiction-related cues are present influence behavior in addiction,
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with diminished flexibility possibly leading to difficulty in disengaging from addictionrelated cues. In order to get a more comprehensive understanding of learning mechanisms
distortions in addiction, future research will have to incorporate addiction-specific contexts
and take into account individual variability.
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In onze huidige maatschappij gebruikt bijna iedereen weleens alcohol of drugs. In
eerste instantie gebruiken mensen deze middelen vaak vanwege de positieve (belonende)
werking. Na verloop van tijd, en bij een deel van de gebruikers, kan dit echter problematisch
worden en uiteindelijk leiden tot verslaving. Verslaving is een psychiatrische stoornis
die zich kenmerkt door (voornamelijk psychische) afhankelijkheid en een verlies van
controle over het verslavingsgedrag. Het leven van een persoon die kampt met verslaving
concentreert zich steeds meer op het verkrijgen, gebruik en herstel van de effecten van
het middel. Dit kan negatieve gevolgen hebben, zoals slechter functioneren op het werk of
verlies van baan, en problemen thuis of met de gezondheid. Hoe kan het dat het ondanks
deze ernstige negatieve consequenties niet lukt om te stoppen? Om een antwoord te
vinden op deze vraag heeft wetenschappelijk onderzoek zich in de afgelopen decennia
steeds meer gefocust op het brein. Onderzoek heeft aangetoond dat er neurobiologische
veranderingen ten grondslag liggen aan de transitie van initieel gebruik naar verslaving.
Centraal daarin staan neurobiologische veranderingen gerelateerd aan de belonende
werking van middelen en leerprocessen die het verslavingsgedrag aansturen.
Alle verslavende middelen werken (direct of indirect) op het beloningssysteem van
het brein. Evolutionair gezien is dit beloningssysteem belangrijk voor het versterken
(‘bekrachtigen’) van gedrag dat overleving bevordert. Op die manier kan een organisme
namelijk leren van zijn omgeving en zich aanpassen aan zijn omgeving. Verslavende
middelen werken dus op ditzelfde beloningssysteem en daarom kan verslaving ook wel
worden gezien als een stoornis in het leren (Hyman et al., 2006). De mechanismen van
associatief leren beschrijven het leren van relaties tussen prikkels, gedrag en gebeurtenissen.
Centraal in deze mechanismen staat conditionering – het leren door beloning of straf. In
de psychologie onderscheiden we grofweg twee typen conditionering: Pavloviaanse
(‘klassieke’) en instrumentele (‘operante’). Pavloviaanse conditionering omvat het leren
van de relatie tussen twee stimuli: een neutrale (geconditioneerde) en een belonende
(ongeconditioneerde) stimulus. Het gebruik van drank of drugs is altijd omgeven door
specifieke stimuli, zoals de kroeg waar je vaak een biertje gaat drinken. Zo wordt de kroeg
– oorspronkelijk een ‘neutrale’ stimulus – na verloop van tijd een goede voorspeller van
het prettige gevoel dat alcohol teweegbrengt; een geconditioneerde stimulus dus. Dit
zorgt ervoor dat alleen al het zien van zo’n ‘cue’ een intens gevoel van hunkering naar het
middel (‘craving’) kan oproepen. Instrumentele conditionering omvat de bekrachtiging
van handelingen, ook wel ‘responses’. In dit geval zorgt de beloning die volgt op een
handeling ervoor dat de kans toeneemt dat dezelfde handeling herhaald wordt. Door
het leren van relaties tussen handelingen en de uitkomsten daarvan kan een organisme
controle hebben over zijn gedrag. We onderscheiden twee systemen die de controle
over dit soort handelingen hebben: het doelgerichte en het gewoonte systeem. In eerste
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instantie is gedrag doelgericht omdat het wordt gedreven door en afhankelijk is van
de uitkomst. Als dezelfde handeling vaak wordt herhaald, kan dit echter een gewoonte
worden. Gewoontegedrag is erg efficiënt omdat het snel en bijna zonder na te denken kan
worden uitgevoerd, maar het is niet flexibel. Waar het doelgerichte systeem een handeling
aanpast als de uitkomst verandert, blijft het gewoontesysteem gewoon doorgaan. Denk
bijvoorbeeld aan het fietsen naar je werk: als je jaren op dezelfde plek werkt hoef je niet
meer na te denken over de route daarnaartoe – de fietstocht is een gewoonte geworden.
Maar als je na jaren van werk verandert, kan het zijn dat je per ongeluk opeens voor de
deur van je oude werk staat. In verschillende prominente theorieën van verslaving staan
zulke automatische gewoonteprocessen als één van de verklaringen voor het ontwikkelen
van verslavingsgedrag centraal (Tiffany, 1990; Everitt and Robbins, 2005). Het idee is dat
middelgebruik begint als doelgericht gedrag, vanwege de positieve effecten. Maar
na verloop van tijd wordt het een sterk ingesleten gedragspatroon: verslaving als een
gewoonte die wordt doorgezet ondanks alle negatieve consequenties.
Een cruciaal hersengebied voor het verwerken en leren van beloningen, en voor
het uitvoeren van doelgericht- en gewoontegedrag is het striatum. Het striatum is een
hersengebied dat zich bevindt in de basale kernen van de hersenen en kan worden
opgedeeld in het dorsaal en ventraal striatum. Het ventraal striatum, waarvan ook de
nucleus accumbens onderdeel is, is belangrijk voor het verwerken van beloningen en
motivatie. Ook is dit gebied betrokken bij doelgericht gedrag (Hart et al., 2014). Studies bij
zowel mens als dier hebben laten zien dat de transitie naar gewoontegedrag gepaard gaat
met een neurale verschuiving van ventraal naar dorsaal striatum (Balleine and O’Doherty,
2010). In diermodellen van verslaving is ook veel bewijs gevonden voor een vergelijkbare
verschuiving in de hersenen bij het aansturen van gedrag, waarbij het compulsief gebruik
van middelen steeds meer onder controle van het dorsaal striatum komt te liggen (Everitt
and Robbins, 2015). Er is echter nog weinig bewijs hiervoor gevonden bij mensen.
In dit proefschrift hebben we gekeken of de bevindingen uit dieronderzoek zich ook laten
vertalen naar mensen (‘translationeel onderzoek’). We hebben geprobeerd een antwoord te
vinden op de vraag of mensen die in behandeling zijn voor verslaving gevoeliger zijn voor
omgevingsfactoren en voor het vormen van gewoontes, of meer moeite hebben met het
nemen van doelgerichte beslissingen. Op basis van dieronderzoek werd verondersteld dat
deze processen een verklaring kunnen vormen voor het verlies van controle dat verslaving
karakteriseert. Of deze bevindingen direct toepasbaar zijn op mensen zou belangrijke
gevolgen kunnen hebben voor het behandelen van verslaving, omdat het concrete
aanknopingspunten kan bieden voor de ontwikkeling van nieuwe interventies die erop
gericht zijn om terugval te verminderen. Als verhoogde gewoontevorming een oorzaak
is van verslaving zouden therapieën zich specifiek moeten richten op het veranderen van
dit gewoontegedrag en gerichte handvaten kunnen bieden om dit te bereiken. Dankzij de
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technische ontwikkelingen op het gebied van beeldvormende technieken, is het mogelijk
geworden om opnames te maken van het functioneren van de hersenen bij mensen. In
dit onderzoek hebben we gebruik gemaakt van MRI, waarmee zowel hersenactiviteit (of
eigenlijk bloedtoevoer naar de hersenen) als hersenstructuur kan worden onderzocht.
Hiervoor hebben we mensen die in behandeling waren voor verslaving gedragstaken laten
doen terwijl ze in de MRI-scanner lagen zodat we tegelijkertijd hersenactiviteit konden
meten met behulp van functionele MRI (fMRI) scans.
We hebben ons daarbij geconcentreerd op twee soorten verslaving: alcohol en
gokken. Na nicotine is alcohol de meest voorkomende middelenverslaving in Nederland:
ongeveer 4% van de bevolking heeft een stoornis in het gebruik van alcohol (Boomsma
et al., 2014). Verreweg de meeste mensen die worden behandeld voor een verslaving
worden behandeld voor problemen met alcoholgebruik (Wisselink et al., 2016). Door beter
te begrijpen wat de mechanismen zijn die verslaving veroorzaken, hopen we uiteindelijk
preventie en behandeling te verbeteren. In onderzoek naar middelenverslaving is het
echter lastig om mogelijke verschillen in hersenfuncties los te trekken van de schadelijke
effecten van middelen op de hersenen. Om bijvoorbeeld te kijken of gewoontegevoeligheid
een al bestaande risicofactor is, een gevolg van het verslavingsgedrag zelf of van de
neurotoxische werking van middelen op de hersenen, zou je mensen al voorafgaand
aan de verslaving moeten volgen. Een alternatief is om een gedragsverslaving zoals
gokverslaving te onderzoeken. Gokverslaving is momenteel – maar pas sinds 2013 – de
enige gedragsverslaving die officieel is opgenomen onder de categorie ‘verslavingen
en stoornissen door het gebruik van middelen’ in het Handboek voor de classificatie van
psychische stoornissen, DSM-5 (American, 2013). De prevalentie van gokverslaving in
Nederland is aanzienlijk lager dan die van alcohol en wordt geschat op 0.5% – alsnog zo’n
80.000 mensen (Kruize et al., 2016)
Het doel van de studies beschreven in dit proefschrift was dus om te onderzoeken of
er verstoringen zijn in verschillende leerprocessen in mensen in behandeling voor alcoholof gokverslaving. We hebben de hypothese getest dat verslaving wordt veroorzaakt en
in stand gehouden door verstoringen in verschillende associatieve leerprocessen, zowel
op het niveau van gedrag als van de hersenen. Een belangrijke open vraag was namelijk
of mensen met een verslaving makkelijker gewoontes aanleren, die moeilijker afleren, of
meer moeite hebben met het uitvoeren van doelgericht gedrag. Daarnaast hebben we de
vraag onderzocht of er verstoringen zijn in de hersenen bij het verwerken van algemene
beloningen en verslavings-gerelateerde stimuli.
In Hoofdstuk 2 hebben we systematisch al het onderzoek in kaart gebracht dat
neuropsychologische processen heeft onderzocht die te maken hebben met compulsief
gedrag, specifiek in gokverslaving. Het gaat dan om processen zoals cognitieve flexibiliteit,
moeite met het verleggen van aandacht en gewoontevorming. Een zoektocht langs meer
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dan 5500 artikelen leidde uiteindelijk tot 39 studies die voldeden aan onze inclusiecriteria.
Door de resultaten uit al deze studies samen te voegen met behulp van meta-analyses,
konden we concluderen dat mensen met gokproblematiek significant slechter presteren
op verschillende taken die kunnen resulteren in compulsief gedrag. Dit vormt dus een
mogelijke oorzaak voor het ontwikkelen van verslavingsgedrag, maar ook voor het moeite
hebben met stoppen met verslavingsgedrag. Een andere bevinding uit het systematische
review was dat er nog geen enkele studie was gedaan naar gewoontegedrag.
In Hoofdstuk 3 hebben we de eerste studie uitgevoerd in gokverslaving naar
gewoontevorming, en de hypothese getest dat mensen met een gokverslaving meer
op gewoontes zouden varen. We hebben daarbij een eerder ontwikkeld computationeel
model gebruikt om de balans tussen doelgerichte- en gewoonte-beslissingsstrategieën te
meten (Daw et al., 2011). In tegenstelling tot onze hypothese, hebben we echter geen enkel
bewijs gevonden voor verstoringen in deze processen in gokverslaving, gedragsmatig
of in hersenfunctioneren. In Hoofstuk 4 hebben we in alcohol-afhankelijke patiënten
onderzoek gedaan naar de invloed van context op gedrag, een proces dat Pavlovianto-Instrumental transfer heet. Onze hypothese was dat het gedrag in mensen met een
alcoholafhankelijkheid gevoeliger zou zijn voor omgevingsfactoren, wat een verklaring zou
kunnen vormen voor terugval. Deelnemers leerden associaties tussen stimuli, handelingen
en beloningen via het verkrijgen van eetbare snacks (Pringles, speculaaskoekjes, dropjes
en M&Ms). Net als in hoofdstuk 3, bleken patiënten dit net zo goed te doen als de gezonde
controle deelnemers. Als we de waarde van de beloningen veranderden (‘uitkomstdevaluatie’), konden de patiënten hun gedrag net zo goed aanpassen als de controles, wat
duidt op intact doelgericht gedrag. Ook de hersengebieden die dit gedrag aanstuurden
kwamen overeen met die in de controles.
In Hoofdstuk 5 hebben we gekeken naar algemene beloningsverwerking en de invloed
van verslavings-specifieke stimuli. Een verstoorde werking van het beloningssysteem
speelt in beide processen en in verschillende theorieën van verslaving een belangrijke rol
(Koob and Le Moal, 2008; Robinson and Berridge, 2008; Volkow et al., 2016). Er is een grote
hoeveelheid studies – in zowel dieren als mensen – die verstoring in het beloningssystem
in verslaafde groepen laat zien, maar er is grote variatie in de richting van de verstoring:
sommige studies laten verhoogde en andere verlaagde activiteit in het striatum zien. Een
mogelijke verklaring is dat verhoogde interesse en aandacht voor verslaving-gerelateerde
cues samengaat met verhoogde activiteit, terwijl verminderde interesse voor natuurlijke
beloningen, zoals bijvoorbeeld geld, eten of seks, samengaat met verminderde activiteit
(Leyton and Vezina, 2013; Volkow et al., 2016). Om te testen of deze hypothese klopt
hebben we hersenactiviteit gemeten bij mensen met een alcohol- of een gokverslaving,
terwijl ze beloningen verwerkten in de aan- en afwezigheid van verslaving-gerelateerde
stimuli. Tijdens het verwerken van algemene beloningen was er significant minder
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activiteit van het beloningssysteem – waaronder ook in het striatum – te zien bij mensen
met een alcohol-, maar niet met gokverslaving. Dat duidt erop dat deze verstoring het
gevolg is van de neurotoxische werking van alcohol. Zoals verwacht was er verhoogde
activiteit te zien tijdens het verwerken van verslavingsstimuli vergeleken met neutrale
stimuli in beide groepen. Deze studie-opzet gaf ons ook de kans om te kijken of deze twee
verstoringen samengaan, of dat ze juist als individuele verschillen moeten worden gezien.
Uit de resultaten blijkt het laatste, wat impliceert dat de verhoogde of verlaagde activiteit
tijdens deze processen waarschijnlijk onafhankelijke processen zijn die eerder subtypes
onderscheidt dan dat ze samen verslaving definiëren.
De experimentele hoofdstukken in dit proefschrift concentreren zich met name op
hersenactiviteit in corticale en striatale gebieden die betrokken zijn bij het verwerken van
beloningen en het maken van beslissingen. Maar hersengebieden werken natuurlijk niet in
isolatie – ze communiceren met elkaar en zijn verbonden via witte stof. Om goed te kunnen
functioneren is het belangrijk dat deze communicatie tussen hersengebieden goed gaat.
Verstoringen in de communicatie tussen hersengebieden kunnen ook leiden tot verstoord
gedrag. In de Hoofdstukken 6 en 7 hebben we daarom op twee verschillende manieren
gekeken naar connectiviteit in de hersenen van mensen met gokverslaving. In Hoofdstuk
6 hebben we met behulp van Diffusion Tensor Imaging (DTI) gekeken naar structurele
connectiviteit. Specifiek keken we naar witte stof verbindingen tussen het striatum en de
dorsolaterale prefrontale cortex. Eerder onderzoek heeft laten zien dat deze verbindingen
belangrijk zijn voor cognitieve flexibiliteit (van Schouwenburg et al., 2014). Bij mensen met
een gokstoornis vonden we verstoringen in de corticostriatale witte stof verbindingen in
de linkerhersenhelft, een resultaat dat we eerder ook al in alcoholafhankelijke patiënten
vonden. Deze bevinding suggereert dat specifieke verstoringen in de structurele
verbindingen tussen het striatum en de prefrontale cortex een risicofactor vormen voor
het ontwikkelen van verslaving. Ook vormt dit een mogelijke neurobiologische verklaring
voor de bevindingen uit Hoofdstuk 2 dat gokproblemen samengaan met verminderde
cognitieve flexibiliteit.
In Hoofdstuk 7 hebben we functionele connectiviteit – wat de interacties in
hersenactiviteit tussen hersengebieden beschrijft – tijdens rust onderzocht. Dit is een vorm
van fMRI onderzoek waarmee robuuste netwerken van communicatie in het brein in kaart
worden gebracht. De resultaten lieten zien dat gokkers verhoogde activiteit hebben in het
ventrale aandachts-netwerk, wat belangrijk is voor het aansturen van aandacht. Verhoogde
connectiviteit binnen een aantal verschillende netwerken hing samen met een aantal gokgerelateerde cognitieve verstoringen die gokverslaving kenmerken, zoals bijgeloof en de
illusie van controle over gokken. De activiteit centreerde zich voornamelijk in de insula,
een gebied dat belangrijk is voor craving en verslavingsgedrag (Naqvi et al., 2014). Samen
impliceren deze bevindingen dat er zelfs tijdens rust al verschillen zijn in hersenfuncties,
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die mogelijk verantwoordelijk zijn voor de drang naar gokken en het moeilijk maken om
te stoppen.
Samengevat hebben we in dit proefschrift de rol van beloningsverwerking en associatief
leerprocessen in verslaving onderzocht. In gokverslaving hebben we specifieke verstoringen
gevonden in neuropsychologische functies die gerelateerd zijn aan compulsief gedrag.
Deze verstoringen vormen mogelijk een risicofactor voor het ontwikkelen van verslaving.
Daarnaast hebben we verschillen gevonden in de hersenstructuur van deelnemers met
gokverslaving die mogelijk een biologische verklaring geven voor deze verstoringen. In
een andere studie keken we in zowel alcohol- als gokverslaving naar verstoringen in het
beloningssysteem in de hersenen tijdens het verwerken van natuurlijke en verslavingspecifieke stimuli. Nog niet eerder werden deze processen tegelijkertijd onderzocht, en
de resultaten geven een verklaring voor eerdere tegenstrijdigheden in de literatuur van
verslaving. Maar het meest verrassend was misschien nog wel dat verstoringen in deze
processen niet met elkaar samen hingen – ze waren aanwezig in sommige maar niet alle
deelnemers, en hoe groot de verstoring in het verwerken van natuurlijke beloningen was
hing niet samen met verslavings-gerelateerde stimuli. In tegenstelling tot de ontwikkeling
van verslaving wordt beschreven in gangbare theorieën van verslaving (Volkow et al., 2016),
duiden deze bevindingen erop dat deze processen zich afzonderlijk uiten en onafhankelijke
mechanismes zijn onderliggend aan verslavingsgedrag. Een andere verrassende bevinding
was dat deelnemers met zowel alcohol- als gokverslaving geen verstoringen lieten zien
in doelgericht gedrag, gewoontevorming en de invloed van omgevingsfactoren op hun
gedrag. Ook hebben we geen significante verschillen in hersenfuncties gevonden tijdens
deze processen. Deze resultaten duiden erop dat algemene verstoringen in associatief
leerprocessen niet ten grondslag liggen aan verslavingsgedrag. Dit was enigszins verrassend
gezien de sterke bewijzen vanuit dieronderzoek voor verstoringen op dit gebied, zowel
gedragsmatig als neurobiologisch. In de algemene discussie in Hoofdstuk 8 heb ik de
resultaten van dit proefschrift in een bredere context beschreven en gesuggereerd dat
deze discrepantie het gevolg is van twee factoren: (1) diermodellen van verslaving zijn
vormen een te simpel model van verslavingsgedrag en overschatten daardoor de rol van
gewoontes in verslaving en (2) mensonderzoek heeft zich tot nu toe bezig gehouden
met algemene gewoontevorming, en nauwelijks met verslavingsspecifieke gewoontes.
De volgende stap is in mijn optiek om te onderzoeken of en hoe dit soort leerprocessen
een rol spelen in verslaving bij mensen. Het ontwikkelen van goede methodes om deze
processen te testen is hierbij essentieel. Deze testen zouden vervolgens ingezet kunnen
worden om te onderzoeken in hoeverre gewoontevorming en afwijkingen in de hersenen
een werkingsmechanismen van verslaving is. Daarbij lijkt het mij belangrijk en interessant
om ook te kijken naar de grote individuele verschillen die er zijn, omdat dit kan helpen
bij het ontwikkelen van behandeling gericht op het individu. Verslaving (en psychische
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stoornissen in het algemeen) zijn namelijk erg heterogeen; er kan binnen dezelfde stoornis
grote variatie zijn in de symptomen die mensen hebben. Twee mensen die gediagnostiseerd
worden met verslaving kunnen bijvoorbeeld heel verschillende redenen hebben om te
blijven gebruiken: bij de een het opheffen van angst, de ander impulsief gedrag en verlies
van controle. In groep-studies die veelal worden gedaan binnen psychiatrisch onderzoek
(inclusief dit proefschrift) blijven dit soort verschillen onopgemerkt, waardoor waardevolle
informatie verloren gaat. In plaats van psychiatrische klachten per stoornis in te delen
en te onderzoeken, zouden we wellicht beter kunnen kijken naar symptoomclusters die
stoornissen doorkruisen. Deze ‘transdiagnostische’ benadering wordt toegepast binnen
recente initiatieven zoals de ‘Research Domain Criteria’ (Insel et al., 2010). De hoop is dat
we daarmee beter de onderliggende biologische oorzaken in kaart kunnen brengen, en
daarmee behandelingen gericht op het individu kunnen ontwikkelen.
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Arminius, Rotterdam

2016

1

- Behavioral Addictions, Drugs and Addiction course, VU,
Amsterdam

2017; 2018

1

- Gambling disorder, Addiction course, Amsterdam University
College

2017; 2018

1

Other
- Research visit at Balleine’s Decision Neuroscience group
UNSW, Syndey, Australia

- Co-organizing Public Symposium ‘Is addiction a disease?’

- Reviewer for various journals including American Journal of
Psychiatry, Addiction Biology, Frontiers in Human Neuroscience,
International Gambling Studies, Journal of Behavioral Addictions,
Journal of Psychopharmacology, Molecular Psychiatry,
NeuroImage: Clinical

Teaching
Guest lectures
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Year

Workload
(ECTS)

- Nina de Boer (MSc internship) – Pavlovian-to-instrumental
transfer and outcome devaluation in alcohol dependence: an
fMRI study

2017

2

- Jente Klok (MSc internship) – Neural Activation in Reward
Network of Patients with an Alcohol Dependency Reward
network activation levels during a cue-reward task measured
with fMRI

2017

2

- Nikki Spaan (MSc internship) – Neural Response to Alcohol
Cues & Monetary Rewards: an fMRI Study in Chronic- and NonChronic Alcohol-Dependent Patients

2016

2

- Hilde Taverne (MSc internship) - Mesolimbic response
to alcohol-related and neutral visual cues during reward
anticipation in alcohol dependent patients and healthy
controls: An fMRI study

2016

2

- Niels de Joode (MSc internship) – The effect of cue reactivity on
striatal reward anticipation in alcohol dependent individuals

2016

2

- Linda van Soolingen (MSc internship) – No Impairments in
Goal-Directed Behavior in Alcohol-Dependent Individuals

2015

2

- Hedwig Dolstra (BSc internship) – Risk Attitude in Addicted
Individuals on a Financial Decision Making Task

2015

2

2017

0.5

2016-2017

3

Supervising
Internships

Literature thesis
- Sophie Bogemann (MSc thesis) – The Two Step Task: A
Systematic Review
Other
-

fMRI for Dummies course, AMC/Spinoza center, founder and
organisation

TOTAL ECTS:

52.45
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Parameters of esteem
Awards and Prizes

Year

Amount

- Reisbeurs, Spinoza Fonds (Amsterdams Universiteitsfonds)

2017

€700

2017

€2400

2016

€1100

Research visit to Decision Neuroscience group, prof. Balleine, UNSW,
Syndey, Australia

- ERAB Exchange Award (European Foundation for Alcohol
Research)
Research visit to Decision Neuroscience group, prof. Balleine, UNSW,
Syndey, Australia

- AMC Young Talent Fund (AMC Young Talent Fund program)
Computational Psychiatry, ETH Zurich, Switzerland
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van Timmeren T, Daams JG, van Holst RJ, Goudriaan AE (2018): Compulsivity-related
neurocognitive performance deficits in gambling disorder: A systematic review and
meta-analysis. Neuroscience Biobehavioral Reviews. 84: 204–217.
van Timmeren T, Jansen JM, Caan MWA, Goudriaan AE, van Holst RJ (2017): White
matter integrity between left basal ganglia and left prefrontal cortex is compromised in
gambling disorder. Addiction Biology. 22: 1590–1600.
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Sescousse G (2018): Altered orbitofrontal sulcogyral patterns in gambling disorder: a
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Submitted or in preparation for publication
•

•

•
•
•

van Timmeren T, Quail SL, Balleine BW, Geurts DEM, Goudriaan AE, van Holst R: Intact
corticostriatal control of goal-directed action in human Alcohol Use Disorder: evidence
from a Pavlovian-to-instrumental transfer and outcome-devaluation fMRI study.
Submitted for publication.
van Timmeren T, van Holst RJ, Goudriaan AE: Testing striatal ups and downs: A
neuroimaging study on the interaction between monetary reward anticipation a nd
cue reactivity in alcohol use disorder and gambling disorder. Submitted for publication.
van Timmeren T, Piray P, Goudriaan AE, van Holst RJ: Goal-directed and habitual decision
making under stress in Gambling Disorder. In preparation.
van Timmeren T*, Schluter RS*, Goudriaan AE, van Holst RJ: Connectivity networks in
Alcohol Use Disorder : a resting-state fMRI study. In preparation.
van Holst RJ, van Timmeren T, Sescousse G, den Ouden H, Janssen M, Berry A, Jagust W,
Cools R: Preliminary evidence for compulsivity during probabilistic reversal learning in
gambling disorder: A dopamine PET study. In preparation
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Published meeting abstracts
•

•

•

•
•
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van Timmeren T, Quail SL, Geurts DEM, Balleine BW, van Holst RJ, Goudriaan AE (2018):
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Dankwoord

Dankwoord
Bij een promotietraject denken mensen vaak aan iemand die in z’n eentje achter de
computer zit te analyseren en schrijven, maar dat stereotype klopt niet - en als het wel
klopt, heb ik heel veel mazzel gehad. De afgelopen 4 jaar zijn echt voorbij gevlogen en dat
is volledig te danken aan de hoeveelheid plezier die ik met alle leuke collega’s, vrienden en
familie om me heen gehad heb. Ik ben blij dat ik jullie daar nu eens even lekker voor mag
bedanken!
Allereest wil ik graag alle deelnemers aan het onderzoek bedanken, jullie medewerking is
cruciaal geweest voor dit onderzoek. Met name de cliënten van de Jellinek die, ondanks
hun vaak ingewikkelde privé-situatie, de moeite hebben genomen om zich in de naam
der wetenschap uren te laten ondervragen, vragenlijsten in te vullen, de MRI-scanner in te
gaan, en zich te laten pijnigen, fysiek met ijswater en sociaal door een boze Tim in witte jas
(voor het experiment hoor jongens, ik was niet echt boos natuurlijk): enorm bedankt!
Prof Goudriaan, Anneke: toen ik het onderzoeksvoorstel las van het project wat uiteindelijk
dit proefschrift is geworden was ik gelijk razend enthousiast. Ik was dan ook enorm in mijn
nopjes toen je me opbelde dat jullie mij hadden gekozen om dit onderzoek te gaan doen;
alles klopte voor mijn gevoel. Ik had toen nog geen idee wat me allemaal te wachten
stond, maar heb geen seconde spijt gehad van dit avontuur. Je hebt gezorgd voor een
ideale infrastructuur wat betreft de faciliteiten, proefpersoon werving en begeleiding.
Bedankt voor het vertrouwen en de ruimte die je me hebt gegeven om mezelf te kunnen
ontwikkelen de afgelopen jaren.
Dr van Holst, lieve Ruth: zonder jouw begeleiding had dit proefschrift (en ikzelf!) er heel
anders uit gezien. Op zo veel vlakken zijn jouw hulp en ondersteuning de afgelopen jaren
onmisbaar voor mij geweest. In de mooie balans tussen enthousiasme, plezier, pragmatisme,
waardering, discipline, informaliteit en professionaliteit die jij weet te creëren voelde ik me
vanaf het begin helemaal thuis. Je hebt altijd oog voor het individu en weet hoe belangrijk
het is om complimentjes te geven. En plannen natuurlijk! Ik heb zo veel van je geleerd; dat
jij en Jordi nu met Kepa een prachtig gezinnetje vormen maakt me gelukkig!
Guido van Wingen, Liesbeth Reneman, Sanne de Wit, Roshan Cools, beste leden van mijn
leescommissie: dank voor het lezen en beoordelen van mijn proefschrift en het opponeren
tijdens de verdediging. Guido, je bent zijdelings bij een aantal projecten betrokken geweest
en ik vond het altijd prettig samenwerken. Ik heb ook erg van je genoten in New York
en ik hoop je snel weer bij een congres tegen te komen. Sanne, we hadden al bijna een
samenwerking binnen dit promotieonderzoek, maar nu is het dan echt zo ver: dank dat
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je me hebt gevraagd om bij jou als postdoc te komen werken, ik heb heel veel zin in het
onderzoek dat we samen gaan doen de komende twee jaar. Dear Luke, the few times that
we met during conferences I always very much enjoyed talking with and listening to you. I
am honored that you are part of my committee.
Renée, mijn PhD-buddy, kamergenoot en tevens paranimf! Het was erg fijn om met jou de
afgelopen jaren een kamer te delen en ik heb veel respect voor je doorzettingskracht. Ook
al zullen we elkaar waarschijnlijk niet meer op congressen tegen komen, ik hoop dat we
elkaar niet uit het oog verliezen. Judy, dank dat ik bij jou altijd terecht kon om in de middag
even te kletsen, ontspannen, een rondje te lopen en over van alles en nog wat te praten en
discussiëren.
En natuurlijk alle lieve mensen van de AIAR-gang: Kim, Filipa, Suzan, Masha, Anne Marije,
Marleen, Mieke, Minni, Nina, Monja, Jochem, Maarten. Dank voor alle gezellige lunches,
borrels, etentjes en feestjes. Ik ga jullie missen. Hoogtepunten waren ook de drukbezochte
symposia die we hebben georganiseerd in Amsterdam en Rotterdam over verslaving. Ik
weet niet of ons volgende publiekssymposium er ooit echt nog gaat komen, maar laten
we op z’n minst nog een paar keer afspreken om het erover te hebben! Wim, dank dat ik
altijd kon aankloppen voor waardevolle raad en (supersnelle) feedback op manuscripten.
Marianne, bedankt voor je ondersteuning, met name richting het einde van mijn promotie
wanneer bijvoorbeeld Büro Pedel om de hoek kwam kijken. Als speciale dank voor het extra
werk dat je hebt gehad rondom het gezeur over affiliaties en vooral leestekens heb ik er hier
een paar voor je op een rij gezet, gewoon omdat ik dat kan: $@#%!?!!.
Buiten de AIAR-gang waren er ook geweldige andere collega’s van AMC’s Psychiatrie
afdeling en het NIN met wie ik heb samengewerkt, congressen heb bezocht, borrels heb
bijgewoond en georganiseerd, over gewoontes en compulsiviteit heb nagedacht: Wieke,
Paul, Anouk, Luka, Isidoor, Pieter, Michelle, Nadine, Willem, Martijn, Ingo, Jessie, Roel, Laura,
Wouter, Bastijn, Chris en Tara. Dank voor alle gezellige momenten!
Alle studenten die bij mij stage hebben gelopen wil ik bedanken voor hun inzet en het werk
wat ze me uit handen hebben genomen. Hedwig, Hilde, Jente, Linda, Niels, Nikki, Nina en
Sophie: zonder jullie hulp was dit niet binnen deze tijd gelukt en het was voor mij ook een stuk
minder leuk geweest. Daarnaast heb ik veel van jullie geleerd, ik hoop jullie ook iets van mij.
Het Spinoza centrum, dank voor jullie ondersteuning bij de MRI-scanner, met name Pieter
Buur in het begin bij het implementeren van de multi-echo sequentie, maar ook Trijntje en
Diederick.
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I would like to thank my collaborators Down Under: Bernard Balleine, Stephanie Quail and
all the other nice people in the Decision Neuroscience lab: I am grateful for your support
during my stay in Sydney, I had an absolutely amazing time. Payam, thanks for your support
with the analyses of the two-step task.
Jolien, ik weet nog goed dat je me hielp met voorbereiden voor de sollicitatie van deze
promotieplek tijdens een van onze vele treinreizen van Nijmegen naar Amsterdam. Zo fijn
dat we elkaar in Nimma hebben ontmoet en nu op de UvA weer zijn herenigd. Je brede
enthousiasme is aanstekelijk.
Matías, mijn andere paranimf. Ik vind het echt bijzonder hoe wij als kleine kinderen op de
basisschool beste vriendjes werden en vanaf toen bijna hetzelfde (maar wel beide ons
eigen) pad hebben bewandeld. Nu, bijna 25 jaar later, zijn we nog steeds even goede
vrienden. Om met zo’n een goeie vriend de dagelijkse PhD-kommer-en-kwel te kunnen
delen is erg fijn.
Naast de hectiek rondom dit proefschrift is er ook daarbuiten een hoop gebeurd en
veranderd de afgelopen jaren. Sommige onverwachts en droevig (Johnny, Flip en nog meer
K), andere onverwachts en fantastisch (Bram en andere kids daarna). De manier waarop
die dingen zijn opgevangen binnen onze vriendengroep maken ons allemaal sterker, en
hebben ook mij geholpen. Ale, Arne, Axel, Cliff, Fe, Josse, Jules, Manuel, Matias, Tonnie, Vic,
Wessel, alle andere fijne vrienden en dierbare mensen daaromheen: dank voor alle leuke
ervaringen, feestjes, festivals, vakanties, verjaardagen, humor en domme grappen. De steun
en liefde die we met elkaar delen zijn me erg dierbaar. Nina, wij hoeven elkaar niet vaak te
zien om onze bijzondere band te behouden. Dat blijft voor altijd zo!
Mijn lieve familie: wat een geluk! Echt, wat een mazzel heb ik met jullie. Dank voor het
onvoorwaardelijke vertrouwen en de liefde die ik al mijn hele leven van jullie krijg. Lieve
vader, jouw open, nieuwsgierige en kritische blik heeft mij gevormd, en dat komt goed uit –
zeker in de wetenschap. Dank voor alles wat ik van je heb geleerd (en altijd zal blijven leren).
Mijn lieve moedertje, de aandacht die je hebt voor de mensen om je heen, hoe je altijd voor
iedereen klaar staat en de gezelligheid die je creëert: daar heb ik veel bewondering voor en
veel aan te danken. Niet alleen individueel, maar ook samen als echtpaar en als ouders wil
ik jullie bedanken, jullie zijn voorbeeldig. Nola, mijn lieve zus, ik ben ook zo trots op jou – je
humor, je creativiteit en je originaliteit, daar geniet ik van. Ik ben ook zo blij jij en Steyn elkaar
hebben ontmoet en met Jula en Lizzy de twee schattigste kindjes op de wereld hebben
gemaakt! Gloria en John, bij jullie voelde ik me vanaf de eerste keer thuis en dat is altijd zo
gebleven. Bedankt ook voor alle overheerlijke avondmaaltjes!
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En last but not least: Florence, het mooie lieve meisje aan mijn zijde. Schatje, mijn steun
en toeverlaat, wat kan ik zeggen. Dank je wel dat je in mijn leven bent en voor de heerlijke
jaren die we achter de rug hebben – en dat is nog maar het begin! Ik ben blij en trots dat je
je eigen weg aan het bewandelen bent en ik heb zin in alle mooie dingen en de geweldige
avonturen die we nog gaan beleven. Samen kunnen we alles aan.
Mocht je aan het hier aankomen en denken ‘ik had mijn naam wel verwacht maar ben ‘m nog
niet tegen gekomen’: mijn oprechte excuses en alsnog bedankt, je heb waarschijnlijk groot gelijk!
Maar til er vooral niet te zwaar aan. Een dankwoord is ook maar een dankwoord; de fijne ervaring
die ik met je heb gehad is veel oprechter en belangrijker!
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