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Abstract
Background: Behavioral flexibility —the ability to dynamically readjust our behavior in response
to reward contingency changes— is often investigated using probabilistic reversal learning tasks
(PRLT). Poor PRLT performance has been proposed as a proxy for compulsivity, and theorized to
be related to perseverative gambling. Previous attempts to measure inflexibility with the PRLT
in patients with gambling disorder have, however, used a variety of indices that may conflate
inflexibility with more general aspects of performance in the task. Methods: Trial-by-trial PRLT
acquisition and reacquisition curves in 84 treatment-seeking patients with gambling disorder
and 64 controls (non-gamblers and non-problem recreational gamblers) were analyzed to
distinguish between (a) variability in acquisition learning, and (b) reacquisition learning in
reversed contingency phases. Complementarily, stay/switch responses throughout the task
were analyzed to identify (c) premature switching, and (d) sensitivity.to accumulated negative
feedback. Results and interpretation: Even after controlling for differences in acquisition
learning, patients were slower to readjust their behavior in reversed contingency phases, and
were more prone to maintain their decisions despite waccumulated negative feedback.
Inflexibility in patients with gambling disorder is thus a:robust phenomenon that could predate

gambling escalation, or result from massive exposure:to gambling activities.

Keywords: Gambling disorder, Reversal learning, Reward-based learning, Instrumental learning,

Decision-making under ambiguity, Compulsivity
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1. Decision-making inflexibility in addictive processes
Behavioral flexibility is defined as the ability to adjust decisions to a dynamically changing
environment (Bond, Kamil, & Balda, 2007; Cools, Clark, Owen, & Robbins, 2002). More precisely,
flexibility implies detecting changes in reward and punishment contingencies and changing
choice preferences to track such changes in an adaptive manner (lzquierdo & Jentsch, 2012).
Alterations in this ability have been shown to be a transdiagnostic marker of psychopathology,
including addictive disorders (Verdejo-Garcia et al., 2015; Yiicel et al., 2019).

Behavioral flexibility has been studied in human and non-human animals using decision-
making-under-ambiguity tasks. In these tasks, the probabilities of reward and punishment for
each of the response options are initially unknown to the learner, and preferences.are gradually
established by feedback (e.g. Bechara, Damasio, Tranel, & Damasio, 1997). Flexibility is required
as long as reward contingencies vary throughout the task (Brand, Recknor, Grabenhorst, &
Bechara, 2007).

The most commonly used protocol to assess behavioral flexibility is the affective
probabilistic reversal learning task (PRLT, Swainson, 2000).:In an initial acquisition phase, the
learner is presented with a series of trials. On each trial, one of two response options (e.g.
clicking on one of two buttons, or touching one/of two objects on the screen) is rewarded with
a high probability and punished with a low one, whereas the other available option is punished
with a high probability and rewarded with-a’low one. After preference for the high-reward
option is established, contingencies are reversed, so that the advantageous option becomes
disadvantageous and vice versa. This reversed-contingency phase continues until the most-
frequently rewarded response becomes predominant and stable again, and the task can consist
of several phases with alternating contingencies. In most versions of the PRLT, these contingency
changes are abrupt, so the task consists of phases in which reward contingencies are in the
acquisition direction, and phases in which the sign of the contingency is reversed, relative to the
acquisition phase. Thus, flexibility in this paradigm is defined as the capability to explore away
from the initially established responses when these become disadvantageous.

The relevance of reversal learning in relation to addiction stems from the hypothesis
that inflexibility can accelerate the loss of control over addictive behaviors. According to a first
family of theories (e.g. Berridge & Robinson, 2016; Everitt & Robbins, 2016; Liischer, Robbins, &
Everitt, 2020) certain activities become addictive as they transition from being motivated by the
hedonic utility of their consequences to being triggered by conditioned cues (i.e. they become
compulsive). In alternative theories (e.g. Lamb & Ginsburg, 2018), addictive behaviors remain
goal-driven, yet aberrant learning processes make certain rewards acquire a disproportionate

motivational value. Regardless of what the mechanism driving the addictive process is,
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inflexibility could render some individuals more vulnerable to addiction (lzquierdo & Jenstch,
2012). Alternatively, the progression of the addictive disorder can interfere with behavioral
flexibility (Lucantonio, Caprioli, & Schoenbaum, 2014). For one reason or another, people
suffering from different addictive disorders seem to show poorer performance, relative to
healthy controls, in PRLT protocols (Camchong et al., 2011; de Ruiter et al., 2009).

2. The role of reversal learning abnormalities in gambling disorder
Gambling disorder presents behavioral and neurobiological similarities with substance use
disorders (Fauth-Biihler, Mann, & Potenza, 2017; Petry, Blanco, Jin, & Grant, 2014; Potenza,
2006; Shaffer et al., 2004), which has led to its widespread recognition as a behavioral addiction.
Still, the specific mechanisms by means of which gambling, in the absenceof an external
chemical agent, can become addictive remains debated (Perales et al., 2020).

A number of researchers have proposed that behavioral inflexibility, and specifically
abnormalities in reversal learning, could be a marker of gambling ‘disorder vulnerability
(Fernandez-Serrano, Pérez-Garcia, Perales, & Verdejo-Garcia, 2010; Leeman & Potenza, 2012;
Verdejo-Garcia & Manning, 2015). More precisely, not being able to fully reverse preferences,
once established, will subsequently facilitate persevering in gambling despite its long-term
negative utility. Indeed, patients with gambling disorder (henceforth, PGD) frequently relate
their excessive gambling to their inability ‘to overcome the allure of big wins in their early
gambling history (Turner, Zangeneh, & Littman-Sharp, 2006). The importance of early reward
density has also been corroborated with quantitative analyses of gaming machine data (Haw,
2008), and could be related to.the well-known fact that the ‘remembered high’ plays an
important role in motivating compulsive gambling (Volkow, Wise, & Baler, 2017; see also Lister,
Nower, & Wohl, 2016).

Some studies seem to support this relationship between reversal learning abnormalities
and perseverative gambling. For instance, Boog, et al., (2014) found PGD to display inflexibility
in a reversal learning task, but not in the Wisconsin Sorting Card Test (WSCT; a task requiring
non-reward based cognitive flexibility). Inflexibility also correlated with psychological distress.
With different degrees of evidential strength, a similar argument has been made in a number of
previous studies. For instance, de Ruiter et al. (2009) found signs of perseveration in PGD, but
not in smokers. PGD’s poorer performance in the PRLT occurred in parallel with a lower
responsiveness to both losses and wins in the right ventrolateral prefrontal cortex. Navas et al.
(2015), Perales et al. (2019), and Torres et al. (2013), in turn, have reported different indices of
reversal learning inflexibility to be associated with gambling symptoms severity in both clinical
and subclinical ranges (although the latter did not find any case-control differences in

inflexibility-related indices).
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Converging evidence also arises from related paradigms, such as the lowa Gambling
Task (IGT), in which performance has been hypothesized to partially depend on more basic
reversal learning processes (see Fellows & Farah, 2005; Haines, Vassileva, & Ahn, 2018). For
instance, Nigro, Ciccarelli, and Cosenza (2018) showed that performance in the IGT was
significantly poorer in gamblers with an increased propensity to chase losses. Relatedly, Linnet,
Mgller, Peterson, Gjedde, and Doudet (2010) found increased levels of dopamine release in the
ventral striatum in response to losses during the IGT, restricted to PGDs who lost money in the
task (allegedly, loss chasers).

3. Present study: dissociating inflexibility from other behavioral components of PRLT in

gambling disorder
The evidence briefly reviewed above arises from studies in which inflexibility:has been measured
in a very variable manner (see van Timmeren, Daams, van Holst, & Goudriaan, 2018, for a similar
argument). Most studies use the number of perseverative errors.—the“count of consecutive
choices of the previously (but no longer) advantageous option after a reversal- as the main
dependent variable (Clarke, Dalley, Crofts, Robbins, &.Robert, 2004; Clarke, Walker, Dalley,
Robbins, & Roberts, 2007; D'Cruz et al., 2013; Ersche‘et al., 2011). This measure is, however,
influenced by how well responses were established before reversal (namely, acquisition
differences). This problem can be palliated by setting an acquisition criterion prior to reversal.
Still, the fact that two participants have reached the same criterion does not ensure that their
acquisition asymptotes are comparable. Moreover, this measure partially conflates
perseveration with decision stability..In probabilistic tasks, maintaining your response after one
or two (or even more) consecutive negative feedback instances can be an appropriate way to
avoid premature switching after random punishment. In principle, there is no easy way to
determine whether a given decision to maintain the same decision as in the previous trial (e.g.
after two consecutive punishments) reflects noise-proof stability or perseveration. This problem
calls for the necessity to model choice dynamics as negative feedback accrues in a detailed
manner:.

Other studies have used global performance indices (number of correct choices) in
reversal phases versus phases with the original contingency as the main dependent variable (de
Ruiter et al., 2009; Torres et al., 2013). This variable can be interpreted as a measure of the
difficulty to adapt preferences to the new circumstances, or reversal cost. However, this is not
free of interpretation problems either. The most important one stems from the fact that learners
differ in their asymptotic learning levels. A proportion of people, for instance, never reach the
economically optimal strategy of selecting the high reward option in every trial (which would

maximize the amount of reward accrued). More often, learners behave as ‘probability matchers’
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(Da Silva, Victorino, Caticha, & Baldo, 2017), in such a way that the probability with which they
select the high-reward option equates at the asymptote with the probability of receiving a
reward for choosing that option. Learners with higher acquisition asymptotes will find it more
difficult to change their preferences after reversal (so they will temporarily make more
‘incorrect’ choices), but this apparent disadvantage should not be defined as learning
inflexibility.

In spite of their interpretational problems, these two measures are representative of
the two ways in which inflexibility can be operationalized: as perseveration (tendency to
maintain decisions in spite of mounting negative/corrective feedback) and as reversal cost. In
the present work we present novel ways of analyzing both reversal cost and perseveration, while
trying to overcome these limitations, and controlling for potential confounders, with the largest
sample of PGD and controls used in a study of this type so far (N = 148).

Our version of the PRLT consists of 40 acquisition trials (acquisition phase), followed by
40 trials with reversed contingency (first reversal phase), 40 trials‘with a reward contingency of
the same sign as the original one (reacquisition phase), and 40 trials with a reversed contingency
(second reversal phase). In a first analytic approach (reversal cost modelling), each response will
be coded as correct (clicking on the advantageous option) or incorrect (clicking on the
disadvantageous one). Correctness or incorrectness of each response will be predicted on the
basis of group (PGD vs low or non-gambling controls), task phase (1-4, namely acquisition,
reversal, reacquisition, second reversal), and the trial within each phase (1-40). Our main aim is
to dissociate inflexibility, conceptualized as slower learning functions in phases 2 and 4
(reversed) versus 1 and 3 (nan-reversed), from potentially contaminating factors that are by
definition present inraw decisions, including general acquisition differences. Once inflexibility is
isolated, we will evaluate its sensitivity to group.

In the second approach (perseveration modelling) responses will be coded as ‘same as
previous’ (stay), or ‘different to previous’ (switch). This response will be predicted on the basis
of group and insensitivity to cumulative negative feedback (which is defined as the number of
consecutive stay responses preceding the present trial, in the presence of negative feedback).
On the one hand, switching after positive feedback or a single punishment would indicate that
responses are more instable or stochastic; on the other hand, staying despite several
consecutive punishments would be a sign of perseveration. As in the first approach, the effect
of sensitivity to cumulative negative feedback will be analyzed as a function of group, but, in
contrast to raw counts of perseverative errors, this approach allows for dissociating the effects

of perseveration in the face of error from (in)stability of decisions.
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The main aim of the present study is thus to establish the existence of increased reversal
learning inflexibility in patients with gambling disorder. In order to do so, we describe a method
to dissociate inflexibility from general differences in acquisition learning?, as well as from
decision-making (in)stability. If this dissociation can be corroborated, computational models will
need to account for it, in such a way that the behavioral pattern typically observed in patients
can be reproduced by tuning the model parameters in specific ways. Computational approaches
to these learning mechanisms will be briefly reviewed in the discussion section, in light of the
observed results.

4. Methods

4.1. Participants

Eighty-four patients with gambling disorder (PGD) and 64 low<or,non-gambling controls took
part in this study. Groups were similar in gender proportion; age and number of education years
(Table 1). Inclusion criteria for the PGD group were: (1) having a diagnosis of gambling disorder
with DSMS5 criteria, as established by their therapist,.and (2) abstaining from gambling for at
least 15 days. At the moment of participation, .severity of gambling symptoms was further
assessed using the SOGS questionnaire. ‘One'participant in the PGD group scored below the
problem gambling SOGS threshold at the moment of doing the PRLT task, but was not excluded
from any analyses. Inclusion criteria for controls were identical, except for GD diagnosis and
being in treatment. Additionally, all participants in the control group presented SOGS severity
scores below the problem'gambling threshold, and gambled less than once a week. The two
participants with highest SOGS values in the control group scored 3 (see Table 1 for information
on the distribution of SOGS scores in both groups; scores for all participants are included in the
open datafile accompanying this article).

Exclusion criteria for both groups were (1) lifetime diagnosis or treatment for any
psychopathology (apart from gambling disorder in the case of PGD), and (2) any history of
neurological disease or brain trauma causing unconsciousness for 10 minutes or longer (for the
two criteria, as informed by the participant in semi-structured interviews).

In the case of PGD, criteria were initially checked by their therapist by means of a semi-

structured interview carried out upon admission to treatment. This interview belongs of the

! This is by no means the first attempt to properly dissociate inflexibility from more general alterations of
performance in reversal learning tasks and, indeed, the implications of these other aspects have been also
scrutinized. As noted by a reviewer, Walton, Behrens, Buckley, Rudebeck, and Rushworth (2010) used a
3-arm bandit task with macaques to discriminate between altered reversal learning and an excess of
“inappropriate switches” in response to feedback. In human studies, depressed patients have been found
to be hyper-responsive to negative feedback, which misleads them to inappropriate rule switching, while
acquisition and reversal learning were preserved (e.g. Murphy, Michael, Robbins, & Sahakian, 2003).
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treatment facilities’ shared protocol, and its aim is to examine symptoms of psychological and
personality disorders. Therapists received instructions from our research team to filter
participants based on the abovementioned criteria, so we do not have any records of potential
participants who were excluded. Subsequently, and right before the assessment for the present
study, all participants completed a brief semi-structured interview, exploring (1) whether they
had ever been diagnosed of psychopathological disorders or serious physical illnesses, (2) the
need to have received psychological or psychiatric treatment throughout life, (3) traumatic
accidents with loss of consciousness, (4) whether they thought they had ever lost control over
their use of alcohol or other substances. This brief interview was carried out personally by the
second author, or under his supervision.

4.2. Procedure

PGD were recruited from different association of rehabilitated disordered gamblers (AGRAJER,
APLIJER, and ALUJER), all based in Andalucia, Spain. Controls wererecruited by advertisements
posted in the University of Granada premises and social networks, and among researchers’ and
patients’ acquaintances. All participants were informed about the aims of the research and they
gave their informed consent before taking.partiin the study. The assessment took place in a
single session with a duration of approximately two hours. The protocol consisted of different
guestionnaires and neuropsychological ‘computer tasks administered in a quasi-randomized
order. The present sample was-recruited across three different phases of a research project with
slightly different aims and assessment protocols (GBrain, see details in the funding section).
Overlap between the current sample and the ones in other studies by our team was 33.78%
(Megias et al., 2018), 58.11% (Navas et al., 2016; Navas et al.,, 2017, study 1), and 44.59%
(Perales, Navas, Ruiz de Lara, Maldonado, & Catena, 2017; each of these articles describes the
tasks that were relevant of their respective aims?). Participants were compensated with
€10/hour."In the case of patients, this payment was made through a relative. The present study
was approved by the Ethic Committee of the University of Granada, according to the Helsinki
Declaration.

4.3. Measures and tasks

The affective Probabilistic Reversal Learning Task (PRLT, Moreno-Lépez et al., 2015). Different
versions of the PRLT differ in the number of reversals and the specific probabilities programmed

(in the extreme case, contingencies can be deterministic; e.g. Ghahremani, Monterosso, Jentsch,

2 Phase 1 of the GBrain Project also included tests for numeracy, impulsivity, sensitivity to reward and
punishment, gambling-related cognitions, and associative learning. Phase 2 included tests in these
domains plus depression, emotion regulation, risk taking, and nicotine dependence. Phase 3 did not
include numeracy, but assessed gambling motives. Phases 2 and 3 also included a separate session (in a
different day) with psychophysiological or neuroimaging recordings.
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Bilder, & Poldrack, 2009). In probabilistic reinforcement schedules, contingencies are slower to
acquire, and elicit slower preference adjustment rates after reversal; namely, they elicit more
perseverative behavior (e.g. Cools et al.,, 2002). Additionally, probabilistic designs are more
realistic and representative of decision-making in daily life (Amitai et al., 2014).

The current version is a computerized task divided into four phases, each of which
consists of 40 trials. In each trial, participants are presented with two differently colored
squares. The two squares were equal in size (approximately 5 x 5 cm), were simultaneously
displayed at the center of each half of the screen, and could be yellow, green, red, and blue.
Color blindness was not explicitly tested, but participants selected the two colorsto be used
themselves, and none of them informed of difficulties to discriminate between'the two colors.
The position of the colors (left/right) varied randomly from trial to trial (so that. position was
uninformative).

In each trial, participants were asked to choose a color by mouse=clicking on it. The aim
of the task is to accumulate points. In each phase, one of the response options is pre-
programmed as correct and probabilistically rewarded withwirtual points. When the incorrect
option is selected, points are probabilistically subtracted from the account. In Phase 1, the
correct color is rewarded in 80% of the trials, and punished in 20%, whereas the incorrect one is
rewarded in 20% of the trials, and punishedin' 80%. In Phase 2, the correct and incorrect colors
are simply reversed. Phases 3 and 4 are identical to phases 1 and 2, respectively, with the only
difference that the 80/20 contingency:is degraded to 70/30 to avoid perfect performance and
ceiling effects.

The South Oaks Gambling Screen (SOGS; Spanish version, Echeburua, Baez, Fernandez-
Montalvo, & Paéz, 1994) was used to assess gambling severity. This is the most widely used tool
to assess GD severity in Spain, and has good psychometric properties. Cronbach’s a for the SOGS
scale in the/present study was 0.93.

The MultiCAGE CAD-4 (Pedrero-Pérez et al., 2007) is a quick screening questionnaire
used to:assess the risk of suffering from clinically significant levels of alcohol misuse, illegal drug
misuse, excessive gambling, and other potentially problematic behaviors such as hyper-
sexuality, excessive Internet surfing, excessive buying, dysregulated eating, and excessive video-
gaming. The alcohol misuse-related items in MultiCAGE are identical to the CAGE screening tool
(Ewing, 1984), with the items for the other problematic behaviors being strongly inspired by the
alcohol-related ones. Cronbach’s o for the MultiCAGE scale in the present study was 0.75 for

the full scale (0.63 for alcohol, and 0.69 for illegal drugs subscales).
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Intelligence was measured through the vocabulary and abstract reasoning subtests of
the Wechsler Adult Intelligence Scale (WAIS-IV; Wechsler, 2012). A general |Q score was
estimated from these tests following the standard instructions.

5. Statistical analysis and results
5.1. Sample characterization
First, PGD and control groups were compared on gender, age, intelligence, education years, and
risk of substance abuse (alcohol and illegal drugs) using Bayes Factors (BF) with JASP.software
(JASP Team, 2019; default settings). Please note that small BFs (e.g. BF<1/3).are customarily
interpreted as favoring the null hypothesis (the absence of differences), large' BF(e.g. BF>3) are
customarily interpreted as supporting the alternative hypothesis, ‘and BFs around 1 (e.g.
1/3<BF<3) are considered uninformative, or just anecdotally supporting either the alternative
or the null hypothesis. In the present study, variables in which.the BF favored the alternative
hypothesis (of a difference between groups), whateverthe strength of this supportis (i.e. BF>1)
were included as fixed-effects variables in further analyses. Groups’ descriptives and BFs are
reported in Table 1.
5.2. Reversal cost modelling
This analysis aimed to investigate group differences on trial-by-trial accuracy within and across
phases (observed proportion of correct responses across phases and trials are reported in the
Appendix). Model fitting was carried out using the glmer function in the Ime4 R package (Bates,
Machler, Bolker, & Walker,;2015).

The output variable was trial-by-trial accuracy (modelled as a binomial variable,
correct/incorrect, using a logit link function). This is predicted by a best fitting model (resulting
from a hierarchical procedure) including a mixture of the following fixed-effects factors: Phase
(1-4), Trialwwithin Phase (1-40), Group (PGD vs. controls), and IQ (previously identified as a
potential confounder)3. As responses were collected within-participant across phases and trials,
Participant was included as a random intercept, and Trial as a random slope. To use Trial as a
guantitative variable and to model learning as a linear function, Trial was translated into a
natural logarithmic scale (which will henceforth be referred to simply as Trial). The PRLT file
corresponding to one participant from the PGD group was corrupted and not considered for any

further analyses®.

3 All results reported here are qualitatively identical without 1Q as a covariate. For the sake of brevity and
readability, those analyses are not reported here.

4 Three alternative modellings of the effect of trial were considered when building the baseline model: a
simple linear effect of trial, the linear effect of log-transformed trial (the one finally selected), and a
polynomial decomposition (linear + quadratic components). The logarithmic model yielded the best fitting

10
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The effect of Phase was decomposed into an orthogonal set of contrasts that modelled
different patterns of change in accuracy rates across phases. The main contrast of interest
compared Phases 1 and 3 (acquisition-sign contingencies) versus Phases 2 and 4 (reversed
contingencies), i.e. contrast C1 (1, -1, 1, -1). Contrast C2 (1, 1, -1, -1) modelled the effect of
contingency degradation in the second half of the task, i.e. how much performance differed
between the easy (80/20%) and difficult phases (70/30%) of the task. Contrast C3 (1,.-1, -1, 1)
compares phases 2 and 3 against 1 and 4 (which is theoretically irrelevant, but necessary for the
three contrasts together to conform an exhaustive orthogonal set).

A first (baseline) model was built with Phase, Trial, I1Q scores,.and all possible
interactions between these variables as fixed-effects factors. IQ was zero-centered and scaled
to facilitate model convergence’. A saturated model was subsequently built by adding Group,
Group x Phase, Group x Trial, and Group x Phase x Trial upon the baseline model. Finally, the
saturated model was tested against a simpler one with the three-way interaction removed
(Model 1). Removing the three-way interaction resulted in a substantial loss of model fit (AIC =
29465, and AIC = 29467, for the model with and without the interaction, respectively; x> = 8.063,
p = 0.045). In other words, the Group x*Phasex Trial interaction significantly contributed to
account for variance in participants’ choices. (Details of the three models, and how they fare
against each other are reported in‘Table Al in the Appendix, Supplementary Materials). Table 2
shows the estimates and significance levels for all effects in the saturated model (for the sake of
simplicity, direct and interactive effects of 1Q are not presented).

As shown.in Figure 1 and Table 2, Group was involved in several effects. Globally, the
proportion of correct responses was lower among PGD than among controls. Group also
interacted with trial, in such a way that, for controls relative to PGD, learning functions were
steeper;.and reached higher asymptotes in all phases. Controls were also more clearly subject
to transitory reversal costs in the first trials after reversal points. However, from a theoretical
point of view, the most relevant effect is the C1 x Trial x Group interaction. This interaction
reveals that the slowing of learning in phases 2 and 4 (reversed) relative to 1 and 3 (non-
reversed), was more marked in PGD. (Learning curves in reversed contingency phases became

flatter and asymptotes lower, in comparison to controls). A comparison of Figure 1 and observed

indices and was selected for further analyses. These comparisons are included in the R code accompanying
this article.

5 Running this model also allows to estimate the potential confounding effect of 1Q differences before
considering the effect of Group. The interactions of 1Q with the C1 component of phase (the one
containing information about inflexibility) and with C1 and Trial were both non-significant (p=0.36 for C1
x 1Q, and p=0.85 for C1 x 1Q x Trial). The interactions of C1 with group in subsequent models are thus not
likely to be attributable to 1Q differences across groups.

11
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responses (Figure Al, Appendix, Supplementary Materials) shows that predicted responses
closely reproduced the pattern of observed ones. The difference between groups across phases
and trials in the task, revealing the origin of significant contrasts, is depicted in Figure A2 in the
Appendix.

5.3. Reversal cost modelling in efficient learners

Results so far suggest that performance on the PRLT is hampered in PGD. However, the group
interaction with phase and trial (suggesting increased inflexibility in PGD) remains somewhat
overshadowed by more global differences in task performance.

A complementary analysis was thus run with the subset of participantsin thetwo groups
who made 4 consecutive correct choices in the last four trials of Phase 1 (henceforth efficient
learners, 36 controls, and 34 PGD). The 4-trial criterion was chosen to maintain the largest
possible number of participants in the sample while ensuring the/two’ groups showed no
differences in acquisition in the first phase. As depicted in the first panelof Figure 2, this yields
virtually identical learning curves in Phase 1 for PGD and controls. The analysis rationale was
similar to the analysis used for the whole sample (details of the three models: Baseline,
Saturated, and Model 2 are reported in Table A2 in.the Appendix, Supplementary Materials).
Removing the three-way interaction resulted again in a substantial loss of model fit (AIC = 125009,
and AIC = 12516, for the model with and without the interaction, respectively; x> = 12.872, p =
0.005). In other words, the Group x Phasex Trial interaction significantly contributed to account
for variance in observed responses, even more clearly than in the analysis with the whole
sample.

This restricted analysis allows a neater comparison of individual effects after
contingencies are reversed (Table 3). PGD made less correct choices than controls, but the effect
was restricted to Phases 2 and 4, that is, to phases with reversed contingency, as shown by the
largely significant C1 x Trial x Group effect (see Figure 2). The matching of learning curves in
Phase 1 was, externally imposed by our subsample selection criterion. Most importantly,
however, the two groups departed from each other in Phase 2, with PGD performing increasingly
worse than controls as the phase progressed, converged in Phase 3, and once again diverged in
Phase 4.

5.4. Perseveration modelling

Following the same hierarchical strategy as in the previous analysis, we started by building a
baseline model with cumulative negative feedback, standardized 1Q, and their interaction in the
fixed part, and the stay/switch response as dependent variable. Participant was treated as a
random intercept, and Cumulative negative feedback also as a random slope. Cumulative

negative feedback was expressed on a 0-3 scale, where 0 stands for a positive feedback on the
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last trial; 1 stands for a single negative feedback in the last trial; 2 stands for two consecutive
negative feedbacks in the last two trials with one stay response in the previous trial; and 3 stands
for three consecutive negative feedbacks in the last three trials with two consecutive stay
responses in the previous two trials.

In a second step, the Group factor and the Group x Cumulative negative feedback
interaction were included in the model (saturated model). Most importantly, removing the
Cumulative negative feedback x Group interaction from the saturated model (Model 3 in Table
A3 in the Appendix, Supplementary Materials) hampered model fit (AIC = 27966, and AIC =
27975, for the model with and without the interaction, respectively; x> = 11.688, p.<0.001).

Figure 3 shows the shape of the interaction between Cumulative negative-feedback and
Group (see Table 4 for estimates). In the two groups, as expected, participants were more likely
to switch with the accumulation of negative feedback. However, the different slopes for the two
groups suggest a mixture of premature switching (instability) and perseveration in PGD. This is
reflected in an elevated proneness to switch with no or little negative feedback, and a slightly
elevated proneness to stay when accumulation of negative feedback would make switching a
more optimal option.

5.5. Perseveration in efficient learners

We applied the same analysis strategy to the subset of efficient learners. Results from model
fitting were very similar to the ones from.the‘full sample, with the model with the interaction
outperforming the one without the interaction (AIC = 11886, and AIC = 11889, for the model
with and without the interaction, respectively; x> = 4.639, p = 0.031; see Table A4 in the
Appendix, Supplementary. Materials for more details).

Table 5 and Figure 4 display results from the analysis. The slope for the effect of
Cumulative negative feedback was again steeper for controls. However, in this subsample, PGD
differed less from.controls in response instability (both were almost equally unlikely to switch
after a positive feedback), but differed more strongly from controls in their tendency to
perseveration (staying after 2-3 negative feedbacks for the same choice).

6. Discussion
Results can be summarized as follows. Patients with gambling disorder (PGD) showed worse
performance on the PRLT, relative to controls. PGD’s behavior adjusted more slowly to the initial
contingencies, and they reached a lower number of correct responses by the end of the first
phase of the task. When contingency was reversed, so that the correct option turned incorrect
and vice versa, controls’ performance seemed to (initially) deteriorate more, but this difference

was restricted to the first trials of the second phase, and further learning seemed to proceed
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more slowly for PGD. The pattern observed in phases 1 and 2 was qualitatively reproduced in
phases 3 and 4.

In contrast with previous studies in gambling disorder, however, we were able to
dissociate general acquisition learning and inflexibility effects by including specific trial and
phase effects (and their interaction) in the model used for analysis. Once the marginal and
interactive effects of trial and phase, and the interaction between group and trial, were
discounted, a remaining interaction between group, phase and trial showed that learning in
reversed contingency phases (2 and 4) was significantly slower in PGD than in controls. This
result was reinforced by a supplementary analysis restricted to participants showing high
learning levels in phase 1. Among these, PGD kept on showing a substantial‘decrease in re-
acquisition learning in reversed contingency phases (2 and 4), relative to controls, i.e. learning
inflexibility.

Although their results are consistent, the joint interpretation of these two analyses
should be made with some caution. On the one hand, running analyses only with “efficient”
learners is likely to have removed not only “less-efficient” learners, but also probability
matchers: participants whose decisions match programmed reward probabilities for each
option, and should not be regarded as worse than the ones of maximizers. Nevertheless, this
subgrouping made the detection of inflexibility easier. Equating acquisition curves resulted in a
similar matching of the curves for phase 3(when contingency returns to its initial sign; see Figure
3), but differences in reversed phases.remained. On the other hand, the fact that the same
pattern of inflexibility is statistically detectable in the whole sample, in which the signal/noise
ratio for that effect is obviously lower, reinforces the capacity of our approach to operationally
dissociate inflexibility from other behavioral components in the PRLT.

A congruent pattern emerged from the analysis of stay/switch responses. In global
analyses, PGD seemed to behave more stochastically than controls, with a stronger tendency to
change their decisions after being rewarded or punished just once, and also to maintain the
same decision after 2 or 3 consecutive punishments. As in the previous analysis, even when less
efficient learners were removed, PGD remained more perseverative than controls. In other
words, regardless of whether inflexibility was measured as slowed learning in reversed
contingency phases or insensitivity to cumulative negative feedback, PGD showed stronger signs
of inflexibility than controls.

Isolating inflexibility from other aspects of reward learning is necessary to establish an
operational link between PRLT performance and different aspects gambling disorder and other
addictive processes (see, for example, Figee et al., 2016). Problem gamblers’ behavior can be

undeniably considered inflexible in gambling contexts, as they keep on participating in gambling

14



O 00 N o uu b~ W N

W W W W W W N N N N N N N N NN P P P P P P P P p p
B W N P O O 0 N O U1 A W N P O O O N O U1 M W N P O

activities despite their negative utility. Additionally, compulsivity, understood as a type of
behavior that is not driven by the utility of its consequences, has been proposed as a
transdiagnostic dimension of addictive disorders in the Research Domain Criteria (RDoC)
framework, and has been hypothesized to play a central role in their etiology (Brooks, Lochner,
Shoptaw, & Stein, 2017; Ersche, Roiser, Robbins, & Sahakian, 2008; Yicel et al., 2019). Some
cross-sectional studies have indeed shown that individuals suffering from substance use
disorders behave more inflexibly than controls in domain-general reward learning tasks (Banca,
Harrison, & Voon, 2016; Lee, Hoppenbrouwers, & Franken, 2019). However, it remains unclear
whether this type of inflexibility is due to neuroadaptations caused by chronic drug exposure, or
predate the escalation of drug use, making individuals more vulnerable to develop.an addictive
disorder.

In the specific area of gambling disorder, research on behavioral inflexibility is scarcer.
In the only systematic review and meta-analysis published to date, van Timmeren et al., (2018)
identified four studies using the PRLT in PGD samples. The ones by Boog et al. (2014), and de
Ruiter et al. (2009) reported significant differences between'groups, whereas the one by Torres
et al. (2013), and Verdejo-Garcia et al. (2015) did.not (although in the former an index of
inflexibility was found to be linked to severity of gambling disorder). In this review, considerable
heterogeneity between studies was found, which may reflect differences in the way PRLT
performance was assessed. As noted in the introduction, these different scoring methods could
well also conflate inflexibility and acquisition deficits.

The distinction between. inflexibility and acquisition deficits is relevant beyond
methodological discussion. Although this is a matter of intense theoretical debate, there is some
agreement that acquisition.learning relies on simpler mechanisms than behavioral adjustment
to unsignaled contingency changes. Extinction, for instance, is not just unlearning of previously
learnt associations; but also requires a type of context-dependent learning about the absence
of the reinforcer (Bouton, 2019). In a similar vein, reversal learning has been hypothesized to
requirehigher-order mechanisms to restructure the set of learned associations (for an updated
view, see lzquierdo, Brigman, Radke, Rudebeck, & Holmes 2017). Gambling disorder is likely to
involve anomalies of associative learning. Yet, the understanding of these anomalies has so far
been hindered by the difficulty to establish the connection between gambling and inflexibility,
unconfounded with other aspects of performance on the PRLT. This corroboration should
warrant further research on the potential association between inflexibility (as detected in
laboratory tasks), and inflexibility-like manifestations of gambling disorder, as well as on the
identification of inflexibility as a potential therapeutic target (in line with a recent proposal by

Goudriaan, 2020).
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Importantly, we also found that, on average, learning was slower in PGD than in controls
even in phases with non-reversed contingency. In a recent theoretical paper (Perales et al.,
2020), we posit that more basic and general neurocognitive alterations (e.g. inattention,
reduced control resources, hyper- or hyposensitivity to reward and punishment) play ancillary
roles in the etiology of behavioral addictions, but are neither necessary nor sufficient for the
addictive process to develop. Whatever the disorder of interest is, case-control studies tend to
find between-group differences in these processes. However, given their lack of specificity, such
differences provide little information about the etiological mechanisms that are specific to each
disorder. Reversal learning, like virtually all neuropsychological tasks, is multicomponential
(Yaple & Yu, 2019), and different components are likely to be differentially involved in different
disorders, or aspects of the same disorder. Our proposal is that inflexibility, once isolated, is a
good candidate as a feature specific of disordered gambling (see also Wiehler, Chakroun, &
Peters, 2019).

Our (data-driven) approach is complementary to' (theory-driven) computational
modeling approaches. Computational models can describe individual choice behavior as
theoretically meaningful parameters based on potential underlying processes, such as learning
rates and choice randomness. As noted in the introduction, behavioral findings constrain
computational models in such a way that such behavioral patterns can be reproduced by tuning
the model parameters in specific ways. If.a'model is able to capture (in)flexibility as described
here, and its parameters can be tuned-to account for differences between PGD and non-
patients, those parameters can-be used to confer cognitive content to such differences. Once a
model is found to be a viable account of a family of behavioral findings, it can describe individual
choice behavior as’ theoretically meaningful parameters based on potential underlying
processes, and thus capture choice tendencies independently of task-specifics. (For an example
of how that approach can be applied to the relationship between IGT performance and
gambling, see Kildahl, Hansen, Brevers, & Skewes, 2020, in this special volume).

Although the precise computational modelling of inflexibility is beyond the aims of the
present work, our results seem compatible with current models. For example, in the experience-
weighted attraction (EWA) model (Camerer & Ho, 1999; den Ouden et al., 2013), the experience
weight parameter (p) captures the intuition that updating becomes slower with the
accumulation of experience. Thus, it becomes more and more difficult to adjust behavior during
the acquisition phase, which leads to increased perseveration at the moment of reversal. Our
finding that PGD show increased perseveration is in line with an increased experience decay
factor in the EWA model, as opposed to a more general problem in reward/punishment learning

(i.e. learning rate, a). Interestingly, increased perseveration (as captured by experience weight)
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has been linked specifically to genetic variations in dopamine transporter genes (den Ouden et
al, 2013). Distorted dopamine function has previously been implicated in gambling disorder (e.g.
van Holst et al., 2018) and our results seem to point in a similar direction, albeit indirectly.
Alternatively, our results may be explained by differences in more complex (sequential)
exploratory behavior as captured by another recent model (VSE; Ligneul, 2019). Future work
may directly compare these models to see which captures participants’ choice behavior better.
7. Final remarks

The present study presents a number of strengths. First, it presents two methods to
operationalize domain-general inflexibility, and clearly dissociates it both from general
acquisition learning, and (in)stability of decisions. Second, the sample size is by.far.the largest
used to date in studies with PRLT in PGD, which allowed to perform restricted analyses with
efficient learners. Finally, the fact that patients suffer from a behavioral addiction, and current
substance abuse was controlled to some degree, allows us to.lessen the possibility that
differences are attributable to exposure to neurotoxic substances.

Still, the present study is also affected by several.limitations. First, using a sample
partially coincident with other studies requires some.precaution regarding generalization, as the
different studies describe different phenomenain non-independent samples. Second, it suffers
from the same weaknesses attributable™.to all case-control studies, in relation to the
establishment of directional causal links."The-observed differences can be attributed either to
(1) chronic gambling-driven neuroadaptations, i.e. transference of compulsivity from gambling
to gambling-unrelated tasks, as-seen.in animal and human studies on substance-use disorders
(Lucantonio, et al., 2014), or(2) individual differences that make some people more prone to
compulsivity than others, and thus more vulnerable to developing a gambling habit (Groman,
Massi, Mathias, Lee, & Taylor, 2019). Third, our sample consisted almost exclusively of males
(which limits the.generalization to the general population). And fourth, although patients were
not clinically depressed at the moment of assessment, symptoms of mood disorder were not
systematically controlled. Mood alterations are of special relevance in this context, as some
studies have found a link between depression and PRLT performance (see, for example, Murphy
etal., 2003). As noted earlier, however, depression seems to be associated with hyper-sensitivity
to negative feedback and premature switching, but not with increased perseveration or
inflexibility. The effect of depression is thus not expected to explain the observed case-control
inflexibility effects away.

These results can have important clinical implications. First, they strongly suggest that
inflexibility is not restricted to gambling scenarios (at least in some PGD), but that more general

acquisition anomalies are more frequent among them than among controls. Second, these two
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types of learning problems are not necessarily linked, as inflexible behavior is clearly identifiable
in the subgroup of gamblers who reached a level of performance comparable to the one of
controls during initial acquisition. Third, although that possibility has not been explored here,
differences in inflexibility within the PGD population are presumably linked to individual
differences in the manifestations of gambling disorder. For instance, inflexibility as described in
the present work could arise from a tendency to prematurely form an internal model of the task
contingencies that becomes resistant to later reinforcement history. A similar difficulty to utilize
structure when it is available in the reinforcement history of games has been observed to be
associated with gambling-related cognitive distortions (Lim, Jocham, Hunt, Behrens, & Rogers,
2015). And fourth, although, on average, performance in several aspects of-the task was
hampered in the group of patients, there is also a substantial overlap between groups (there are
PGD showing neither slowed acquisition nor inflexibility, and controls with substandard
performance). Individuals suffering from an addictive disorder who show specific reward
learning deficits, but not marked compulsivity, may benefit. of the inclusion of contingent
management techniques involving tangible, swift reinforcers contingent to well-defined
behaviours (McDonell et al., 2013), within broad..cognitive-behavioural therapy programs.
Compulsivity/inflexibility, on the contrary, may require the inclusion of extinction or response

prevention techniques (Verdejo-Garcia, Alcdzar-Corcoles, & Albein-Urios, 2019).
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Table 1. Descriptive statistics and matching tests for the two groups in the study (PGD: Patients with
gambling disorder).

All participants Efficient learners

Group Mean SD BF10 Mean SD BF10

Age Control 33.78 8.74 0.38 33.72 8.51 0.48
(anecdotal, (anecdotal,

PGD 36.26 11.32 null) 36.59 10.75 null)

Education Control 13.36 3.29 0.36 13.39 3.27 0.27
years (anecdotal, (substantial,

PGD 12.63 4.02 null) 13.19 4.77 null)

Q Control 104.18 10.94 86.37 104.30 11.22 1.81
(strong, (anecdotal,
PGD 97.29 12.40 a|ternative) 98.09 12.91 alternative)

MC alcohol  Control 1.08 1.15 0.23 1.31 1.22 0.57
(substantial, (anecdotal,

PGD 0.99 1.23 null) 0.97 1.27 null)

MC drugs Control 0.59 0.96 0.44 0.86 1.10 13.17

(anecdotal, (strong,

PGD 044 094 nu”) 021 048 alternative)

SOGS Control 0.58 0.91 > 100 0.58 0.84 >100
(very strong, (very strong,
PGD 10.42 3.04 alternative) 10.03 2.90 alternative)

Gender Control  2F/63M 0.074 0.00 OF/36M 0.113
(substantial, (substantial,

PGD 2F/82M null) 0.03 1F/34M null)

Note. Risk of sufferingdfrom.a substance use disorder was assessed with the MultiCAGE CAD-4 test
(MC, Pedrero-Pérez'et al, 2007). Two scales from the MC questionnaire were used for alcohol and
illegal drug abuse. Scores represent the number of risk criteria (out of 4) participants report to meet.
Bayes factors(BF10) for quantitative variables were computed using Bayesian Mann-Whitney U-
tests as implemented with default settings in JASP software. The Bayes factor for reported gender
was calculated-using the joint multinomial test as implemented in JASP. The label between brackets
indicates. the degree of support favoring the null (BF<1) or the alternative (BF>1) hypothesis,
according to the customary standard.

Abbreviations. 1Q: Intelligence quotient. SOGS: South Oaks Gambling Screen (Echeburta et al.,
1994).
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Table 2. Full sample: Effect estimates for the best-fitting model of correct choices as a function of
Phase, Trial and Group (Intelligence quotient is included in the model, but not shown; for Phase
effect contrasts significant p = 0.05/3 = 0.017).

Predictors Odds Ratios c p
Intercept 1.95 1.65-2.31 <0.001
Phase (C1) 0.72 0.69-0.75 <0.001
Phase (C2) 0.89 0.85-0.93 <0.001
Phase (C3) 0.89 0.85-0.93 <0.001
Trial 1.63 1.47-1.81 <0.001
Group 0.66 0.53-0.83 <0.001
Phase (C1) x Trial 1.11 1.06-1.16 <0.001
Phase (C2) x Trial 0.92 0.88—-0.96 <0.001
Phase (C3) x Trial 1.10 1.05-1.15 " <0.001
Phase (C1) x Group 1.00 0.94-=1.06". 0.954
Phase (C2) x Group 1.03 0.97 —11.09 0.373
Phase (C3) x Group 0.96 0.91-1.02 0.217
Trial x Group 0:76 0.66-0.87 <0.001
Phase (C1) x Trial x Group 0.93 0.87-0.98 0.010
Phase (C2) x Trial x Group 1.04 0.98-1.10 0.208
Phase (C3) x Trial'x Group 1.00 0.94-1.06 0.979

Random part
o’ 3.29
T participant 0.41
T participant x Trial 0.14
P Participant 0.87
ICC 0.14

Abbreviations. Cl: Confidence interval. ICC: Intraclass correlation coefficient.
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Table 3. Efficient learners: Effect estimates for the best-fitting model of correct choices as a function
of Phase, Trial and Group (Intelligence quotient is included in the model, but not shown).

Predictors Odds Ratios a p
Intercept 2.66 2.05-3.46 <0.001
Phase (C1) 0.69 0.64-0.73  <0.001
Phase (C2) 0.82 0.77-0.87 <0.001
Phase (C3) 0.82 0.77-0.87 <0.001
Trial 2.14 1.79-2.55 <0.001
Group 0.66 0.45-0.95 0.026
Phase (C1) x Trial 1.15 1.08-1.22 <0.001
Phase (C2) x Trial 0.90 0.84-0.96 0.001
Phase (C3) x Trial 1.15 1.07-1.22". <0.001
Phase (C1) x Group 0.74 0.68—0.81.  <0.001
Phase (C2) x Group 0.97 0.88 —1.06 0.458
Phase (C3) x Group 0.87 0.80-0.95 0.003
Trial x Group 0.73 0.57-0.94 0.013
Phase (C1) x Trial x Group 0.86 0.79-0.94 0.001
Phase (C2) x Trial x Group 0.98 0.89-1.07 0.648
Phase (C3) x Trial'x Group 0.92 0.84-1.01 0.073

Random Effects
o’ 3.29
T Participant 0.54
T Participant x Trial 0.23
P Participant 0.92
ICC 0.19

Abbreviations. Cl: Confidence interval. ICC: Intraclass correlation coefficient.
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Table 4. Full sample: Effect estimates for the best-fitting model of stay/switch responses as a

function of (cumulative) Negative feedback and Group (Intelligence quotient is included in the
model, but not shown).

Predictors Odds Ratios cl P
Intercept 0.30 0.24-0.38 <0.001
Negative feedback 1.76 1.55-2.00 <0.001
Group 1.60 1.16-2.21 0.004
Negative feedback x Group 0.75 0.63-0.88 0.001

Random Effects
o? 3.29
T Participant 0.83
T Participant x Negative feedback 0.18
p Participant -0.55
ICC 0.19

Abbreviations. Cl: Confidence interval. ICC: Intraclass.correlation coefficient.
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Table 5. Efficient learners: Effect estimates for the best-fitting model of stay/switch responses as a

function of (cumulative) Negative feedback and Group (IQ is included in the model, but not shown).

Predictors Odds Ratios cl p
Intercept 0.20 0.14-0.29 <0.001
Negative feedback 1.97 1.66-2.33 <0.001
Group 1.32 0.78-2.25 0.306
Negative feedback x Group 0.77 0.61-0.98 0.031

Random Effects
o? 3.29
T Participant 1.14
T Participant x Negative feedback 0.17
p Participant -0.52
ICC 0.24

Abbreviations. Cl: Confidence interval. ICC: Intraclass correlation coefficient.
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Figure 1. Predicted percentages of correct responses from the saturated model for the full sample
across Phase, Trial, and Group (the Trial scale has been reconstituted in the 1-40 range to facilitate

interpretation).
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group

= controls
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Percentage of correct choices

Trial

Abbreviations. PGD: Patients with Gambling Disorder.
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Figure 2. Predicted percentages of correct responses from the saturated model for efficient learners

across Phase, Trial, and Group (the Trial scale has been reconstituted to facilitate interpretation).
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group

phase_3 phase 4
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Abbreviations. PGD: Patients with Gambling Disorder.
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Figure 3. Predicted percentage of switch responses from the saturated model of switch/stay

responses for the full sample across Group and Cumulative negative feedback.
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controls

=+ PGD

Percentage of switch responses
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Abbreviations. PGD: Patients with Gambling Disorder.
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Figure 4. Predicted percentage of switch responses from the saturated model of switch/stay

responses for efficient learners across Group and Cumulative negative feedback.

group

Percentage of switch responses
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1 2
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Abbreviations. PGD: Patients with Gambling Disorder.
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Appendix

Table Al. Full sample: Fitting indices for mixed-effects models of correct responses.

Model Fixed factors df AlC y p

a. Baseline Phase, Trial, 1Q 19 29475

b. Saturated Baseline plus Group + 27 29465 26.052 0.001
(Group x Phase) + (b>a)

(Group x Trial) +
(Group x Phase x

Trial)

c. Model 1 Saturated minus 24 29467 8.063 0.045
(Group x Phase x (b>c)
Trial)

Note. The baseline model also includes all the possible interactions between the three predictors.
Participant is included in all models as a random intercept, ‘and Trial as a random slope. All
comparisons are made by pitching the more complex model against the simpler one in each pair.

Abbreviations. df: degrees of freedom; AIC: Akaike Information Criterion; IQ: Intelligence Quotient.
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Table A2. Efficient learners: Fitting indices for mixed-effects models of correct responses.

Model Fixed factors df AIC %2 p

a. Baseline Phase, Trial, 1Q 19 12557

b. Saturated Baseline + Group + 27 12509 63.598 <0.001
Group x Phase + Group (b>a)
X Trial + Group x Phase
X Trial

c. Model 2 Saturated minus 24 12516 12.872 0.005
Group x Phase x Trial (b>c)

Note. The baseline model also includes all the possible interactions between the three predictors.
Participant is included in all models as a random intercept, and Trial as ‘a. random slope. All
comparisons are made by pitching the more complex model against the simpler one in each pair.

Abbreviations. df: degrees of freedom; AIC: Akaike Information Criterion; I1Q: Intelligence Quotient.
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Table A3. Full sample: Fitting indices for mixed-effects models of stay/switch responses.

Model Fixed factors df AIC Va )

a. Baseline Negative feedback, IQ 7 27975

b. Saturated Baseline + Group + 9 27966 12.987 0.002 (b>a)
(Group x Negative
feedback)

c. Model 3 Saturated minus 8 27975 11.688 <0.001 (b>c)
(Group x Negative
feedback)

Note. The baseline model includes the interaction between (cumulative) Negative-feedback and 1Q.
Participant is included in all models as a random intercept, and (cumulative)/Negative feedback as a
random slope. All comparisons are made by pitching the more complex.-model against the simpler

one in each pair.

Abbreviations. df: degrees of freedom; AIC: Akaike Information Criterion; IQ: Intelligence Quotient.
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Table A4. Efficient learners: Fitting indices for mixed-effects models of stay/switch responses.

Model Fixed factors df AlIC X’ p

a. Baseline Negative feedback, IQ 7 11887

b. Saturated Baseline + Group + 9 11886 4.650 0.098
(Group x Negative
feedback)

c. Model 4 Baseline minus (Group 8 11889 4.639 0.031 (b>c)

x Negative feedback)

The baseline model includes the interaction between Cumulative negative feedback and IQ.
Participant is included in all models as a random intercept, and Cumulative negative feedback as a

random slope. All comparisons are made by pitching the more complex model against the simpler
one in each pair.

Abbreviations. df: degrees of freedom; AIC: Akaike Information Criterion; 1Q: Intelligence Quotient.
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Figure Al. Proportion of observed correct responses across trials and phases for the Control

(CNTRL) and the Patients with Gambling Disorder (PGD) group.
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Figure A2. Evolution of differences in proportion of correct responses between groups, across
phases and trials. Dots represent the difference of proportions in each single trial, and lines fitted

logarithmic functions.
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