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ARTICLE INFO ABSTRACT

Keywords:
Decision-making

The Iowa Gambling Task (IGT) is one of the most widely used paradigms for assessing decision-making. An
impairment in this process may be linked to several psychopathological disorders, such as obsessive-compulsive
IGT disorder (OCD), substance abuse disorder (SUD) or attention-deficit/hyperactivity disorder (ADHD), which could
: . . make it a good candidate for being consider a transdiagnostic domain. Resting-state functional connectivity
Resting-state functional connectivity .. . .. K . . . .
. . (rsFC) has been proposed as a promising biomarker of decision-making. In this study, we aimed to identify
Bayesian general linear model o X i R . X X R . .
idiosyncratic decision-making profiles among healthy people and impulsive-compulsive spectrum patients during
the IGT, and to investigate the role of frontoparietal network (FPN) rsFC as a possible biomarker of different
decision-making patterns. Using functional near-infrared spectroscopy (fNIRS), rsFC of 114 adults (34 controls;
25 OCD; 41 SUD; 14 ADHD) was obtained. Then, they completed the IGT. Hybrid clustering methods based on
individual deck choices yielded three decision-makers subgroups. Cluster 1 (n = 27) showed a long-term ad-
vantageous strategy. Cluster 2 (n = 25) presented a maladaptive decision-making strategy. Cluster 3 (n = 62) did
not develop a preference for any deck during the task. Interestingly, the proportion of participants in each cluster
was not different between diagnostic groups. A Bayesian general linear model showed no credible differences in
the IGT performance between diagnostic groups nor credible evidence to support the role of FPN rsFC as a
biomarker of decision-making under the IGT context. This study highlights the importance of exploring in depth
the behavioral and neurophysiological variables that may drive decision-making in clinical and healthy
populations.

dimensions to explain behavioral variability across individuals.
The Iowa Gambling Task (IGT) (Bechara et al., 1994) is one of the

1. Introduction

Transdiagnostic approaches to psychopathology, such as the
Research Domain Criteria (RDoC), are emerging as a new framework for
researchers and clinicians with the long-term goal of clarifying the
etiopathogenesis and clinical manifestation of psychiatric symptoms
using broad biologically and clinically relevant dimensions (Cuthbert,
2020). Actions involving decision-making processes are crucial for daily
and social life functioning and constitute one of these proposed
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most widely used paradigms to assess contingency-based decision-
making processes under uncertain situations. Participants have to learn
about the reward/punishment contingencies of four different decks and
make choices based on that experience to maximize long-term profits.
Although healthy people are supposed to optimize their gains by
establishing a long-term advantageous choice strategy (Bechara et al.,
1994; Steingroever et al., 2013), it is also argued that their choices are
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driven by the frequency of the punishment instead of by long-term
benefits (Horstmann et al., 2012; Kumar et al., 2019; Steingroever
et al., 2013). Patients with a diagnosis of an impulsive-compulsive
spectrum disorder, such as Obsessive-Compulsive Disorder (OCD)
(Cavedini et al, 2006), Attention-Deficit/Hyperactivity Disorder
(ADHD) (Malloy-Diniz et al., 2007), or Substance Use Disorder (SUD)
(Bartzokis et al., 2000; Bechara & Martin, 2004) seem to underperform
healthy matched adults on this task in terms of a lower net score, which
is the number of long-term disadvantageous choices minus the number
of long-term advantageous choices. However, some inconsistent results
have also been reported, showing no differences when comparing the
net score obtained by ADHD (Agay et al., 2010; Ernst et al., 2003; Groen
et al., 2013; Norman et al., 2018), OCD (Lawrence et al., 2006; Norman
et al., 2018) and alcohol dependent patients (Delibas et al., 2018; Zorlu
et al., 2014) to healthy controls. As each deck in the IGT presents
particular reward/loss contingencies, paying attention only to the net
score might lead to the loss of valuable information about each partic-
ipant’s task strategy. Instead, analyzing deck choice behavior along the
task may provide a more accurate characterization of each individual
decision-making strategy, which could shed some light on the above-
mentioned mixed findings (Horstmann et al., 2012; Ma et al., 2015;
Steingroever et al., 2013; Toplak et al., 2005).

In line with RDoC initiatives, understanding brain resting-state
functional connectivity (rsFC) as a transdiagnostic target may be help-
ful to identify specific neurobiological patterns associated (or not) with
specific cognitive profiles (Siugzdaite et al., 2020). The frontoparietal
network (FPN) seems to be implicated in coordinating and adapting
behavior in a goal-driven manner (Marek & Dosenbach, 2018), and
seems to comprise a wide-spread network including frontal and parietal
main cores: the dorsolateral prefrontal cortex (DLPFC), orbital gyrus,
medial prefrontal cortex, frontopolar areas and posterior parietal re-
gions (Markett et al., 2014; Stern et al., 2012).

Frontoparietal network has shown to present an aberrant rsFC in
some impulsive-compulsive spectrum disorder patients compared to
healthy controls. Vaghi et al. (2017) showed a reduced connectivity
between the striatum and frontoparietal regions in OCD patients. In this
line, recent meta-analysis and reviews have revealed an hypo-
connectivity between caudate and FPN regions such as DLPFC and
dorsomedial (dmPFC) prefrontal cortex and a general hypoconnectivity
within the FPN (Giirsel et al., 2018; Liu et al., 2022). Regarding SUD
patients, increased connectivity within orbitofrontal cortex has been
reported in heroin users (leong & Yuan, 2017). Additionally, a recent
meta-analysis has reported a reduced rsFC within the FPN in different
SUDs (Taebi et al., 2022). Concerning ADHD, aberrant connectivity in
the FPN has been also shown, althought the directionality of the rela-
tionship between the strength of the rsFC and ADHD symptomatology
remains unclear (Bush, 2011; Lin et al., 2015; Mostert et al., 2016; Silk
et al., 2008).

In these terms, from a psychological perspective, rsFC could be a
predictor of behavioral patterns, which could make rsFC a promising
biomarker for decision-making.The predictive role of different rsFC
networks, including FPN, has been studied in decision-making para-
digms such as the Delay Discounting Task (Hobkirk et al., 2019; Li et al.,
2013) and the Balloon Analogue Risk Task (Wei et al., 2016). While
these experimental works showed a negative relationship between the
strength of the rsFC within and between different networks and impul-
sivity during decision-making tasks, other research has revealed a pos-
itive relationship and different interactions between the strength of the
1sFC in the executive control network (or FPN) and other networks and
ADHD symptomatology (Gao et al., 2019; Mostert et al., 2016). Also, a
general dysconnectivity between different hubs of different networks,
including FPN, has been proposed as a characteristic of OCD patho-
physiology (Liu et al., 2022).

Although the rsFC of the FPN is supposed to be critical in controlling
and adapting behavior in a goal-directed manner during both, resting-
and task-induced sates (Marek & Dosenbach, 2018), its relationship with
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IGT performance remains, to the best of our knowledge, unclear.

Taking into account all the above exposed, in this study, we aimed (i)
to identify potential particular decision-making profiles in impulsive-
compulsive spectrum patients and healthy controls based on their
deck choice behavior during the IGT through the application of an
exploratory clustering approach and (ii) to investigate the role of rsFC
between different regions of the FPN as a possible biomarker of each
potential idiosyncratic choice behavior. We hypothesized that (i)
decision-making profiles will mainly depend on the frequency of pun-
ishment instead of on the long-term profit associated with each deck, (ii)
decision-making profiles in healthy adults and impulse-compulsive
spectrum patients will cut across diagnostic labels, and (iii) identified
decision-making profiles will show different and specific predictive rsFC
patterns. Specific directions of these effects are difficult to predict due to
the abovementioned inconsistences in the literature, so our approach
regarding these issues will be mainly exploratory.

2. Method
2.1. Participants

A total of 114 adults participated in this study. All participants gave
verbal and written informed consent. The study was approved by the
local Ethics Committee of the University of Almeria and the Torre-
cardenas University Hospital and was conducted following the Decla-
ration of Helsinki. Demographic and clinical features are detailed in
Table 1.

41 inpatients with SUD were recruited from a recovery and relapse-
prevention center. A clinical psychologist introduced them to the study
and checked the eligibility criteria. They must have been abstinent for at
least 15 days. If so, they underwent a clinical interview and completed
rating scales, including the Spanish version of the Beck Depression
Inventory-II (Sanz et al., 2003) and the State-Trait Anxiety Inventory
(Buela-Casal et al., 2015). 33 SUD patients had a diagnosis of poly-
substance abuse while 8 SUD patients had been addicted to one sub-
stance (n = 4 alcohol; n = 3 cocaine; n = 1 cannabis). All SUD
participants were men because of the internal rules of the center. 30 SUD
patients were on pharmacological treatment.

OCD (n = 25) and ADHD (n = 14) participants were recruited from
the mental health unit of the Torrecardenas University Hospital. An
experienced psychiatrist introduced them the project and assessed
eligibility criteria by phone. They must have a clinical diagnosis of OCD/
ADHD according to DSM-5 criteria (American Psychiatric Association,
2013). Healthy controls (HC; n = 34) were recruited by word of mouth
from the community. They must have no history of neurological or
psychiatric diseases. After eligibility assessment, OCD, ADHD, and HC
participants were administered a clinical interview and several ques-
tionnaires to confirm the diagnosis, in the case of patients, and to rule
out exclusion criteria in healthy participants at the University of
Almeria. They completed the Spanish version of the ADHD Rating Scale-
5 (Richarte et al., 2017), the Obsessive Compulsive Inventory-Revised
(Fullana et al., 2005), and the Adult Self-Report Scale (Achenbach &
Rescorla, 2003). ADHD patients met criteria for Combined (n = 5),
Inattentive (n = 6), Hyperactive (n = 1) and non-specified (n = 2) pre-
sentations. 18 OCD and 13 ADHD patients were undertaking medica-
tion. 6 OCD and 9 ADHD patients had a wash-out period of at least 24.

2.2. Materials

2.2.1. Iowa Gambling task

We used a computerized version of the IGT (Bechara et al., 1994).
The task comprised 100 trials. In each trial, four decks of cards (A, B, C,
and D) appeared on the screen. Participants had to press the keys 1, 2, 3,
or 4, respectively, to pick one. After each choice, a feedback display
showing the outcomes received was presented for 2000 ms. During the
whole task, Decks A and B entailed a long-term loss (disadvantageous
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Table 1
Demographics and clinical measures of the sample.
HC OoCD SUDP ADHD" Comparisons®
(n = 34) (n=25) (n=41) (n=14)
Demographics
% Women 58.82 40 0 21.42 p <.05
Age® d 35.21 £11.36 38.28 +11.91 44.12 + 8.67 34.36 +£ 13.26 p >.05
Annual income® 22,117.65 + 11,996.3 13,464 + 12,373.32 6,091.625 + 5309.576 19,276.92 + 19,543.89 HC > OCD = SUD = ADHD
Years of formal education® 16.794 + 3.675 15.44 + 4.673 8.735 + 4.406 14.929 + 3.245 SUD < HC = OCD = ADHD
% comorbidities
Depressive disorder - 16 19.51 7.14
Anxiety disorder - 20 7.32 7.14
Bipolar disorder - 0.00 2.44 0.00
Personality disorder - 16 2.44 14.29
Tics disorder - 4 0.00 7.14
Learning disorder - 0.00 0.00 28.57
Eating disorder - 12 0.00 0.00
ADHD - 4 0.00 0.00
OoCD - 0.00 0.00 7.14
SUD - 4 0.00 7.14
ICD - 0.00 0.00 7.14
PTSD - 4 0.00 0.00
% Prescribed medication - 72 73.17 92.86
Stimulants - 0.00 0.00 42.86
Antihypertensive - 0.00 2.44 0.00
Antipsychotic - 50 14.63 0.00
Antidepressant - 77 31.71 14.28
Anxiolytic - 50 51.22 14.28
Antiepileptic - 0.00 2.44 7.14
Opioid - 0.00 21.95 0.00
Clinical measures®
ADHD-RS-V 11.24 + 6.44 18.58 + 10.24 - 31.07 + 7.74 ADHD > OCD > HC
OCI-R 17.25 £ 11.76 39.91 + 13.49 - 23.93 + 13.22 OCD > ADHD = HC
ASR DSM OCD 55.12 £ 6.81 72.52 + 8.70 - 64.86 + 8.88 OCD > ADHD > HC
ASR DSM ADHD 56.68 + 7.18 64 + 11.09 - 70 + 10.86 ADHD = OCD > HC
BDI-II - - 18.60 + 9.25 -
STAI-State - - 22.69 £ 11.65 -
STAI-Trait - - 25.77 £ 10.89 -

Note. SUD participants did not complete ADHD-RS-5, OCI-R and ASR questionnaires, while ADHD, OCD and HC participants did not complete BDI-II and STAI
questionnaires because clinical groups belonged to two different funded research projects. Scores in the clinical range are boldfaced.

ICD = Impulse Control Disorder; PTSD = Post-traumatic stress disorder; ADHD-RS-V = ADHD Rating Scale-5; OCI-R = Obsessive-Compulsive Inventory-Revised; ASR
DSM OCD = Adult Self-Report OCD DSM-Oriented Scale; ASR DSM ADHD = Adult Self-Report ADHD DSM-Oriented Scale; BDI-II = Beck Depression Inventory-II; STAI

= State-Trait Anxiety Inventory.

aMean =+ SD is represented. bInformation on prescribed medication and comorbid disorders from 4 SUD participants is missing. We could not collect annual income
from nine of the SUD participants and from one of the ADHD participants. cYears of formal education from seven of the SUD participants is missing. dAge from six of the
SUD participants is missing. eStatistical comparissons were performed using a Welch-James ANOVA. Fisher Exact Test was used to compare sex proportion between

groups.

decks) while decks C and D supposed a long-term benefit (advantageous
decks). Decks could also be classified according to the frequency and
magnitude of losses. Therefore, any choice of Deck A (high frequency-
low magnitude losses) would result in a gain of 100 points, but partic-
ipants could also receive a loss of 150,/200/250,/300/350 points in a 1:2
ratio. Deck B (low frequency-high magnitude losses) also offered 100
points but they could lose 1250 points in a 1:10 ratio. Deck C (high
frequency-low magnitude losses) was rewarded with 50 points but
penalized with losses of 25/50/75 points in a 1:2 ratio. Lastly, Deck D
(low frequency-high magnitude losses) also offered 50 points when
chosen, but participants could lose 250 points in a 1:10 ratio. The
dependent variable in this study was the number of choices of each deck
in each of the five blocks of the task, each block consisting of 20 trials.

All participants began with an amount of 2000 points and were
instructed to maximize their benefits by picking cards from the different
decks. They were not informed about the number of trials. Task in-
structions are detailed in Supplementary Material 1.

2.2.2. rsFC data acquisition

We recorded the relative changes in the concentration of oxy- (HbO3)
and deoxy- (HbR) hemoglobin in cortical areas of the FPN during 10 min
of resting state. We used two portable continuous-wave functional near-
infrared spectroscopy (fNIRS) systems in tandem mode (NIRSport

device, NIRx Medical Technologies LLC, Berlin, Germany). f{NIRS data
were acquired using the NIRStar Software version 15.0 (NIRx Medical
Technologies LLC, Berlin, Germany) at a sampling rate of 3.41 Hz.

We employed a custom probe array of 32 optodes (16 light sources
and 16 detectors at two wavelengths, 760 nm and 850 nm) according to
the International 10-10 system of electrode layout with an inter-optode
distance of approximately 30 mm. This source-detector configuration
resulted in 54 fNIRS measurement channels. In this study, we selected
18 channels that cover up six regions of interest (ROIs) from the FPN:
dorsolateral prefrontal cortex (DLPFC), orbitofrontal cortex (OFC) and
posterior parietal cortex (pPC), each of them in the right and left
hemisphere. The remaining channels were used for a larger research
project.

AtlasViewer software was employed to evaluate the probe sensi-
tivity. Fig. 1 depicts the spatial sensitivity profile obtained for each used
measurement channel on the cortical surface after performing a Monte
Carlo photon migration simulation with 107 photons.

2.2.3. rsFC data pre-processing

fNIRS signals were pre-processed and analyzed using a customized
MATLAB-based script from the open-source package NIRS Brain Ana-
lyzIR toolbox (Santosa et al., 2018). We downsampled the raw intensity
signal to 1 Hz and then converted it into changes in optical density. We
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Fig. 1. Graphical visualization of the spatial sensitivity profile in log;o(mm™"). Red and blue dots represent the position of sources and detectors. Solid and dotted
lines represent right and left hemisphere. Red, light blue and yellow lines cover up, respectively, the defined ROIs: orbitofrontal, dorsolateral and posterior parietal

cortex. (A) Coronal plane. (B) Horizontal plane.

applied the modified Beer-Lambert Law to obtain the relative changes in
the concentration of HbO, and HbR. We select HbO signals to compute
the analyses since it is the most correlated measure with the blood ox-
ygen level-dependent (Duan et al., 2012). Pre-whitening and pre-
weighting methods were applied to ensure the correction of confound-
ing signals such as systemic physiological noise and motion artifacts.
The combination of both filtering methods has been suggested to be a
reliable approach to better control type-I errors (Barker et al., 2013;
Huppert, 2016; Santosa et al., 2017).

rsFC was computed at the time domain through a whole-brain cor-
relation approach. Functional connectivity was then understood as the
strength of the temporal correlation of the hemodynamic activity of each
pairwise comparison. We conducted Pearson correlation analyses be-
tween the time series of every pair of ROIs to obtain the functional
connectivity between the measured areas.

2.3. Procedure

First, we collected rsFC data for 10 min. Participants were instructed
to be seated, relaxed, and as quiet as possible, keeping their eyes open
and looking at a blank wall. The experimental room was well-acclimated
and soundproofed. At least one researcher was always monitoring the
recording. fNIRS data from 8 participants were discarded due to tech-
nical issues during the recording.

Afterward, we removed the fNIRS cap and participants completed
the IGT, which lasted approximately 10 min. After they read the in-
structions, participants were asked to explain the task before starting to
make sure they understood it correctly. Once they finished, we explicitly
asked them (60.42% of the participants were asked) whether they
thought there was an optimal strategy to maximize their profits and, if
so, which decks they had to pick.

2.4. Statistical analysis

2.4.1. Clustering procedure

We used hybrid hierarchical K-means clustering analyses to identify
specific behavioral profiles associated with the IGT. This method com-
bines hierarchical (Ward’s linkage method on Euclidean distance) and
non-hierarchical (K-means) methods to deal with the randomness of
initial centroids selection (Hair et al., 2019). This algorithm was per-
formed over the whole sample on the standardized number of choices of

each deck in each 20-trial block of the IGT. We selected the optimal
number of clusters based on dendrogram visualization and the gap sta-
tistic method (Tibshirani et al., 2001). Proportion tests were then per-
formed to check if the number of cases in each cluster concerning to the
total sample for each diagnostic group and sex was different from the
expected. All analyses were run in R software (R Core Team, 2021).

2.4.2. Bayesian data analysis

We were interested in the number of choices of each deck in each
block, as well as in the effect that rsFC, traditional diagnostic labels, and
cluster membership, may exert on these choices. As several comparisons
were going to be made, we decided to employ Bayesian data analysis,
which allows us to explore a single posterior distribution from multiple
perspectives granting a higher control over Type I errors (Kruschke,
2015). For making these estimations, we designed a General Linear
Model (GLM) that considers, for each deck, block, and group, an esti-
mated number of choices that may also be affected by the standardized
1sFC between each of the ROIs of each individual. Additionally, Bayesian
mean comparisons were used to explore whether there were differences
in rsFC between diagnostic groups or cluster membership between the
ROIs. For each of these purposes, two different models were run, with
the only difference between them being the variable used as “Group”,
which could be diagnostic group or cluster membership. The full details
of these models are specified in Supplementary Material available at htt
ps://osf.io/5hj48/.

After the models were run, statistical decisions were made employing
the 95% Highest Density Intervals (HDIs) as well as Regions Of Practical
Equivalence (ROPEs), which determine a range around specific values of
interest, such as zero when we estimate the difference between means or
the value of regression coefficients. When the HDI completely excludes
the ROPE, we will conclude that the values inside the ROPE are not
credible (Kruschke, 2011). Regarding the number of choices, we will
only consider as relevant those effects that suggest at least a change of
one in the number of decks chosen per block, so we will establish a ROPE
of (-1,1) for mean comparisons and a ROPE of (-0.5, 0.5) on the stan-
dardized regression coefficients of the rsFC between our ROIs, which
would suppose a difference of at least one choice when this measure
varies by two standard deviations (SDs). On the other hand, when we
explore differences in rsFC between our ROIs in the different groups, we
will consider as relevant all the differences in which the 95% HDIs
exclude the value 0. As this measure is given as the correlation between
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two areas and since our approach here is exploratory, we have no a
priori knowledge of which amount of change would suppose a relevant
difference.

All analyses were performed using the RStan package (Stan Devel-
opment Team, 2022). For each analysis, we extracted 12,000 samples
using Markov Chain Monte Carlo (MCMC) sampling, each of the 4 chains
having 2000 warmup samples and saving 3000 samples. Traceplots for
all chains and parameters, as well as the Gelman-Rubin test (Gelman &
Rubin, 1992) showed an appropriate convergence with all R values
below 1.05.

Dendrogram
o

(5]

Distance
S
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3. Results
3.1. Clustering analyses

A three-cluster structure was the optimal solution to characterize all
participants’ deck choice behavior according to the Gap statistic
method. Graphical exploration of the dendrogram also supported this
clustering solution (Fig. 2).

The first cluster (n = 27; Mage = 37.72, SDage = 9.71) exhibited a
preference for Deck D. The second cluster (n = 25; Mage = 43.37, SDyge
= 10.41) exhibited a preference for Deck B. The third cluster (n = 62;
Mage = 37.81, SDyge = 12.14) did not develop a preference for any deck.
Thus, we labeled these profiles as “D-Learners”, “B-Exploiters” and
“Scattering”, respectively. Proportion tests suggested there were no
differences in the number of individuals belonging to each cluster

Participants

Optimal number of clusters
Gap statistic method

0.71

——

Gap statistic (k)
=
[}
O

0.67

i 2 3 4

6 7 8 9 10

Number of clusters k

Fig. 2. Graphical representation of the best clustering solution.
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depending on their diagnostic group or sex when compared to the ex-
pected proportion of cases within each cluster (see Table 2, Table 3, and
Fig. 3).

3.2. Deck preference

To ease the comprehension of the results, only credible differences
will be commented on. Statistics regarding the differences in means are
exposed in Supplementary Material 1 (tables S1 to S8).

3.2.1. Diagnostic group

Participants did not show any credible differences regarding deck
choice behavior in the IGT as a function of their diagnostic group (see
Fig. 4).

3.2.2. Cluster membership

“D-Learners”(Cluster 1) showed a preference for Deck D from the
beginning of the task when compared with the other clusters, which was
maintained until the last block of the task. Starting on Block 3, this
cluster showed a higher preference for Deck D than for the other decks.
“B-Exploiters” (Cluster 2) revealed a preference for Deck B starting in the
first block and also maintained until the last block of the task. These
participants showed a higher preference for this deck from the first block
of the task onward. Lastly, “Scattering” (Cluster 3) was distinguished by
showing no credible differences between any of the chosen decks in any
of the blocks, suggesting they had no preferred strategy and responded
randomly. This information is graphically depicted in Fig. 5.

3.3. Resting-state functional connectivity differences

Bayesian mean comparisons revealed no credible differences in the
rsFC between any of the ROIs neither comparing Clusters nor diagnostic
groups. Data regarding these values are exposed in Fig. 6 and Fig. 7,
respectively, and in Supplementary material.

3.4. Resting-state functional connectivity as a predictor of deck choice
behavior

Analyses showed no credible relationship between the rsFC between
any of the ROIs and deck choice behavior in any stage of the task, neither
at the whole sample level nor in any diagnostic group or cluster (see
Supplementary materials 2 and 3).

4. Discussion

In this study, we employed hybrid clustering analyses to identify
specific decision-making profiles among a sample of healthy adults and
OCD, ADHD and SUD patients during the IGT. We also applied a
bayesian GLM to explore the role of rsFC between cortical areas of the
FPN as a biomarker of deck choice behavior in the IGT.

Our first hypothesis is partially supported since two of the clusters

Table 2
Participants’ proportional distribution in each cluster according to each diag-
nostic label.

Cluster HC OCD (n = 25) SUD (n = 41) ADHD
(n=34) (n=14)
D-Learners n=9 n=10 n==6 n=2
(n=27) 7 =0.03 =284 =139 =026
p=.09 p=.09 p=.24 p=.61
B-Exploiters n=>5 n==6 n=9 n=>5
(n = 25) 7 =066 72 =0.000 72 = 0.000 =085
p =42 p =99 p =99 p=.36
Scattering n=20 n=9 n=26 n=7
(n = 62) =012 =271 =102 72 =0.004
p=73 p=.10 p=.32 p=.95
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show a notable preference for decks associated with infrequent losses.
Concretely, cluster analyses revealed three different subpopulations.
Importantly, all clusters presented no differences regarding sex distri-
bution, annual income or years of formal education, which has been
proposed as critical variables for the IGT performance (Evans et al.,
2004; Ursache & Raver, 2015; van den Bos et al., 2013). The first cluster,
“D-Learners”, developed a long-term advantageous decision-making
strategy, characterized by a preference for advantageous choices that
carried low-frequency but high-magnitude losses. The second cluster,
“B-Exploiters”, was characterized by the exploitation, since the early
stages of the task, of the disadvantageous deck that also offers low-
frequency but high-magnitude losses, which could be understood as a
long-term maladaptive strategy. Lastly, a fully scattering-based strategy
profile was shown by the third cluster. These latter participants did not
develop a preference for any deck at any stage of the task.

Theoretically, developing a long-term advantageous strategy during
the IGT requires, in the first place, exploring the different choices to
learn the contingency rules of each deck. After this, behavior may be
adapted in a goal-directed manner, exploiting the most profitable
choice. “D-Learners” seem to show this exploration—exploitation strat-
egy since at the beginning of the task they had a similar number of
choices of each deck, and from the third block onwards, they show a
high preference for Deck D.

On the other hand, presenting a non-profitable behavior in the IGT
may be due to different reasons. Scarce early exploration could generate
a lack of information about the possible decisions and their outcomes,
which inevitably leads to a biased representation of the alternatives
presented in the task. In our case, in pursuit of early exploitation, “B-
Exploiters” revealed a notable preference for Deck B since the beginning
of the task. Another explanation of this behavior could be a negligent
evaluation, driven by a high outcome sensitivity and a low loss aversion,
of the expected utility of this deck considering the frequency and
magnitude of gains and losses, which may be in accordance with models
that aim to explain the way people evaluate decisions under risk (Kah-
neman & Tversky, 1979). This profile is also consistent with the so-
called prominent Deck B phenomenon (Lin et al., 2007; Toplak et al.,
2005) by which non-defective decision-makers would also tend to
choose this deck over the rest. It has been used to claim a reformulation
of the basic assumptions of the IGT (Lin et al., 2007).

Contrarily, showing excessive exploration may also be undesirable in
this paradigm, since the maximization of profits requires the exploita-
tion of specific choices over the rest. The “Scattering” cluster does not
present a preference for any deck in any stage of the task, which may
suggest they do have not a clear representation of the different outcomes
carried out by each deck, which may make them evaluate all choices
similarly. Another possibility is that participants could have learned a
fictitious do-not-exploit-a-deck rule, which is consistent with a sequential
exploration pattern (Ligneul, 2019), and would reflect an incorrect
evaluation of the ratios and magnitudes of the gains and losses of each
deck. In this sense, when asked, many participants (43.07% of asked
participants) declared that the optimal strategy was to switch when a
loss appears, or even when no penalties were given.

The existence of such differential response styles also highlights the
importance of studying decision-making processes at the individual
level, especially when the IGT is employed, because it is a complex task
that encompasses a wide variety of possible strategies to be followed
(Verdejo-Garcia et al., 2022). Importantly, even our healthy individuals
reflect this same variability of preferences, so we think more caution
should be taken when drawing inferences from findings when assuming
that either (i) healthy people will adapt a long-term advantageous
behavior or (ii) that maladaptive patterns detected in clinical pop-
ulations are due to the key features of the clinical diagnoses.

Regarding our second hypothesis, we predicted that these profiles
would cut across diagnostic labels, which has also been supported by
data. We observed that maladaptive decision-making in the IGT is not a
core feature of patients with a diagnosis of ADHD, OCD and SUD.
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Table 3
Demographic information (sex distribution, annual income and years of formal education) of each cluster.
Cluster Number of women Annual income® Years of formal education®
D-Learners 8 14,300.46 + 11,150.65 15.58 + 5.62
(n=27) 7 =0.00
p =.999
B-Exploiters 8 11,352.38 + 9,830.70 11.65 + 5.20
(n = 25) 7 =0012
p=.911
Scattering 17 16,209.12 + 15,249.68 13.62 £+ 5.02
(n = 62) 7 =0024
p =.876

Note. *We could not collect annual income from nine of the SUD participants and from one of the ADHD participants. “Years of formal education from seven of
the SUD participants is missing.

Welch-James ANOVA revealed no main effect of cluster in annual income (Twy2, 42,78) = 1.043, p =.378) nor in years of formal education (Twy(2, 39.79) = 2.532,
p =.084).
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Fig. 3. Graphical representation of the percentage of participants in each cluster based on their diagnostic label.
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Fig. 4. Real (solid points) and predicted (blank points) number of choices of each deck as a function of diagnostic group and block, respectively representing the true
means and the mean of the posteriors. The solid and dashed lines represent the standard error of the mean (SEM) and the 95% HDIs.
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Fig. 5. Real (solid points) and predicted (blank points) number of choices of each deck as a function of clusters and blocks, respectively representing the true means
and the mean of the posteriors. The solid and dashed lines represent the standard error of the mean (SEM) and the 95% HDIs.

Instead, participants from each diagnostic group, as well as healthy
participants, showed not a different probability of being included in
each of the abovementioned clusters. When we explored the number of
choices of each deck in each of the blocks we did not find any credible
differences between diagnostic groups and healthy participants either.
So, according to our data, variability in deck choice behavior during the
IGT seems to be similarly distributed among individuals with and
without diagnoses. These findings are in line with studies reporting no
differences in IGT performance between ADHD and OCD and healthy
people (Groen et al., 2013; Norman et al., 2018). However, it has been
widely reported that SUD patients underperform healthy controls in the
IGT (Bartzokis et al., 2000; Bechara & Martin, 2004; Kovacs et al., 2017;
Verdejo-Garcia et al., 2007), which is inconsistent with our results.

These studies usually report the net score as a measure of decision-
making, which may lead to the loss of valuable information. We sug-
gest that deck preferences develop as individuals experience the con-
tingencies associated with each deck and that this process will be
mediated by individual differences in factors such as loss aversion, risk
aversion, reward sensitivity or error processing, which are not possible
to address paying attention only to the net score. Global outcomes such
as the net score hide the genuine behavioral pattern of the participants
and may contribute to contradictory results in the literature. Instead,
focusing on how each individual develops a certain deck preference
during the task may provide insightful information about the underlying
mechanisms of decision-making that may drive the formation of an
optimal or suboptimal choice strategy. In this sense, following Steing-
roever et al. (2013), healthy participants would prefer decks offering
infrequent losses instead of those which offer a long-term profit, which is
also supported by Kumar et al. (2019), and would present an idiosyn-
cratic choice behavior. We consider that our results are in line with this
research, and to some extent, extends it to impulsive-compulsive spec-
trum diagnosed patients’ behavior.

Regarding clinical implications, our results may shed light on dis-
entangling symptoms heterogeneity and guiding novel conceptualiza-
tions of psychiatric dimensions. Here we show that not all individuals
belonging to clinical groups commonly attributed with a defective
decision-making process manifest this deficit, and if they do, they do not
manifest it in the same way. Understanding these individual differences
may be important to identify relevant psychological traits across the
spectrum of psychopathology, and, therefore, to design effective and
personalized interventions. Future research could try to further

investigate on this issue since the replication of the obtained decision-
making profiles may suggest a need for a paradigm shift in the way
performance in the IGT is conceptualized.

Concerning our third and last hypothesis, rsFC between ROIs has not
shown any relationship with the behavior of the participants at any
level. In contrast to other research (Hobkirk et al., 2019; Li et al., 2013;
Wei et al., 2016), we found no evidence to support rsFC as a biomarker
of decision-making processes in the IGT, as has been suggested by the
absence of credible differences in connectivity patterns between
different clusters, as well as by the lack of influence of the rsFC between
ROIs on the number of choices of any deck in any block. A possible
explanation for this result would be in line with the hypothesis of the
FPN as a flexible cognitive control node. Following this, the FPN would
be functionally connected to other specialized networks, such as salience
or default mode network, which have been not assessed in the present
study, and it would be specially implicated in rapidly adapting the
connectivity across widespread brain regions according to task demands
(Cole et al., 2013; Zanto & Gazzaley, 2013). Following this hypothesis,
further research could investigate the between-networks functional
connectivity (instead of only within-network functional connectivity)
and its potential role in uncertain decision-making. Another explanation
could be derived by the imbalance between the DMN and the FPN in
resting- and task induced states. While the DMN connectivity usually
decreases under challenging tasks, so it could be a reflect of spontaneous
brain activity during resting-state (Raichle, 2015; Smallwood et al.,
2021), FPN seem to be recruited in contexts where executive functioning
is needed (Niendam et al., 2012). In relation to this, functional changes
in FPN connectivity from rest to IGT context have been reported.
However, no relationship between those changes and IGT performance
was found (Bolt et al., 2016).

We found no credible differences in rsFC between FPN nodes be-
tween our clinical groups when compared to healthy controls either,
unlike previous studies, which have found abnormal connectivity be-
tween nodes of this network in OCD (Giirsel et al., 2018; Stern et al.,
2012), SUD (Taebi et al., 2022) and ADHD (Mostert et al., 2016) patients
when compared to healthy controls. In this sense, it is relatively well-
established that rsFC presents high variability across individuals. rsFC
is sensitive to many potential confounding variables such as pharma-
cological treatment, early-stress, personality and behavioral traits and
even different genotypes (Gordon et al., 2015; Marek & Dosenbach,
2018; Vaidya & Gordon, 2013). Despite rsFC seems to be a reliable
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Fig. 6. Real (solid bars) and predicted (stripped
bars) rsFC values between each ROI as a function
of clusters, representing the true means and the

Cluster mean of the posteriors. The vertical bars repre-
D-Learners sent the standard error of the mean (SEM) or the
! B-Exploiters 95% HDIs.Note. Abbreviations correspond to left
Scattering orbitofrontal cortex (IOFC), right orbitofrontal
cortex (rOFC), left dorsolateral prefrontal cortex
(IDLPFC), right dorsolateral prefrontal cortex
D ata (rDLPFCQ), left posterior parietal cortex (IpPC) and
right posterior parietal cortex (rpPC).
/] Prediction
] Real

i

1sFC (p between FPN nodes)

0.6 1

0.4 1

0.2 1

rsFC (p between FPN nodes)

0.0 1

measure of the architecture of brain networks (van den Heuvel et al.,
2009), and emerging literature in transdiagnostic samples has shown
that rsFC can predict rumination (Feurer et al., 2021), amotivation
severity (Park et al., 2017), reward responsivity deficits (Sharma et al.,
2017) and executive cognition (Wei et al., 2022), we consider that
further research is needed to clarify its role in such an important daily
life process as decision-making. Additionally, the variability across
employed methodologies in different studies, as well as the interpreta-
tion of results may hinder the clarity of inferences about the
brain-behavior relationship. Taken together, the study of the type of
existent relationship between brain resting-state connectivity and

behavior would greatly benefit from research carried out on a large
enough sample size and from methodological and conceptual homoge-
nisation (Marek et al., 2022; Marek & Dosenbach, 2018).

Some limitations of this study should be noted. First, most patients
were on medication without a wash-out period, so we could not control
its influence on IGT performance and rsFC recording. Second, the
absence of a real monetary reward in a gambling paradigm as the IGT
might have a negative impact on participants’ motivation (Bowman &
Turnbull, 2003). Third, IGT performance seems to recruit subcortical
brain areas (Li et al., 2010), but, as a limitation of the f{NIRS technique,
they could not be measured in this study. Fourth, other variables such as
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Fig. 7. Real (solid bars) and predicted (stripped
bars) rsFC values between each ROI as a function of

diagnostic group, representing the true means and
Group the mean of the posteriors. The vertical bars
Control represent the standard error of the mean (SEM) or
OCD the 95% HDIs.Note. Abbreviations correspond to
IS\lIJ)?{D left orbitofrontal cortex (IOFC), right orbitofrontal
cortex (rOFC), left dorsolateral prefrontal cortex
(IDLPFC), right dorsolateral prefrontal cortex
(rDLPFCQ), left posterior parietal cortex (IpPC) and
Data right posterior parietal cortex (rpPC).
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risk aversion or reward sensitivity, which may be at the basis of indi-
vidual differences driving the development of different decision-making
strategies (Capa & Bouquet, 2018; Penolazzi et al., 2012; Tom et al.,
2007), have not been directly assessed in the present study. In this sense,
further research could focus directly on these variables, applying an
event-related design, to investigate the individual differences in neural
reward/punishment processing driving deck choice preferences during
the IGT. Finally, some authors have suggested that larger sample sizes
could be required to extract more reliable conclusions from brain and
behavior studies (Marek et al., 2022; Turner et al., 2018), so it could also
be desirable to increase sample size to diminish the standard error of the
employed measurements.
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5. Conclusion

We found three different response styles during the IGT that cut
across diagnostic categories, so impulsive-compulsive spectrum patients
and healthy controls seem to share some underlying mechanisms driving
their decision-making strategy during the task. This could suggest that
decision-making, at least under the IGT context, is not a core feature of
our diagnostic labeled patients. But it also could mean that the IGT is not
such an appropriate paradigm to detect the alleged decision-making
deficits that are assumed in those populations. In this sense, IGT
construct validity has been questioned by some researchers (Barnhart &
Buelow, 2021; Buelow & Suhr, 2009).
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Moreover, we found no evidence to support the role of frontoparietal
rsFC as a biomarker of defective or adaptive decision-making processes
regarding any diagnostic group or any behavioral cluster. Further
research is needed in this sense in order to clarify the core features of
decision-making under uncertainty of healthy people and impulsive-
compulsive spectrum disorder patients and its neurofunctional basis.
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