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Abstract

Background

Neural mechanisms underlying internet gaming diso(tGD) are important for
diagnostic considerations and treatment developriwever, neurobiological
underpinnings of IGD remain relatively poorly unsteiod.

Methods

We employed multi-voxel pattern analysis (MVPAMachine-learning approach, to
examine the potential of neural features to ste#ily predict IGD status and
treatment outcome (percentage change in weeklyrgatime) for IGD.
Cue-reactivity fMRI-task data were collected frothmale IGD subjects and 19 male
healthy control (HC) subjects. 23 IGD subjects st 6 weeks of craving
behavioral intervention (CBI) treatment. MVPA wasphed to classify IGD subjects
from HCs and statistically predict clinical outcasne

Results

MVPA displayed a high (92.37%) accuracy (sensiiait 90.00% and specificity of
94.74%) in the classification of IGD and HC subgedthe most discriminative brain
regions that contribute to classification wereltiateral middle frontal gyrus,
precuneus, and posterior lobe of the right cerabelMVPA statistically predicted
clinical outcomes in the craving behavioral interen (CBI) group { = 0.48,p =
0.0032). The most strongly implicated brain regionthe prediction model were the
right middle frontal gyrus, superior frontal gyrssipramarginal gyrus,

anteriofposterior lobes of the cerebellum and fefstcentral gyrus.



Conclusions

The findings about cue-reactivity neural correlatesld help identify IGD subjects
and predict CBl-related treatment outcomes promeéehanistic insight into IGD and
its treatment and may help promote treatment devedmt efforts.

Keywords:. internet; video games; craving; multi-voxel pattanalysis; addictive

behaviors; behavior therapy



1 Introduction

Individuals with internet gaming disorder (IGD) erftexhibit craving responses to
gaming cues and poor executive control over gammativations (Dong et al., 2020;
Petry et al., 2014). Despite multiple neuroimagshigdies of IGD (Dong. et al., 2020;
Ko et al., 2009; Liu et al., 2017; Wang et al., 20Zhang, Yao, Potenza, Xia, & Fang,
2016), neural mechanisms underlying craving to ggroues in IGD remain poorly
understood with respect to diagnostic and intereandutcome-related predictive
applications. Investigations of neurobiological stwates of craving in IGD could
provide insight into the ways to best classify &mtreat individuals with IGD.
Craving has been defined as an intense desirepariencing a psychoactive
substance or behavior (Blumenthal & Daniel, 20@)e reactivity and craving have
been considered as central features of addictiensrglly and IGD specifically
(Brand et al., 2019; Dong & Potenza, 2014; Liulet2D17). Craving may be elicited
by addiction-related cues (Wang et al., 2017), ar&reactivity may contribute
importantly to the development and maintenanceldiciive behaviors (Carter &
Tiffany, 1999; Goudriaan, Ruiter, Brink, Oosterla&nveltman, 2010; Tong &
Bovbjerg, 2007) and to relapse into addictive ba&rayKosten, Scanley, Tucker,
Oliveto, & Wexler, 2006; Marissen, Franken, Wat&isnken, & Hendriks, 2006).
Previous neuroimaging investigations of IGD havelioated involvement of the
dorsolateral prefrontal cortex, middle frontal gyranterior cingulate cortex, insula,

and precuneus in response to gaming-related cumsdtal., 2011; Ko et al., 2009;



Sun et al., 2012; Wang et al., 2017; Zhang efallp).

Cue-reactivity tasks also provide an avenue foestigating neural mechanisms by
which interventions may operate. Previous studé®lexamined how interventions
exert effects on cue-induced brain activation iDIGor instance, family therapy
reduced gaming-cue-induced brain activation intaband occipital regions (Han,
Kim, Lee, & Renshaw, 2012). Another study found thaveeks of treatment with
bupropion for IGD decreased cue-induced cravingaatigation in the left superior
frontal gyrus (Han, Hwang, & Renshaw, 2010). In¢herent study, the integrated
CBI was developed with respect to behavioral irgation theories (Dong & Potenza,
2014), satisfaction of psychological needs forrmé¢ gaming (Mccarthy, Curtin,
Piper, & Baker, 2010) and a craving integrated &reuork (Suler, 1999) for
systematically investigating the effects of beheadinterventions for IGD. The CBI
was conducted in group format and included modaoiresiindfulness and cognitive
behavioral therapy (detailed in supplementary ne&r Thus, the CBI aimed to help
IGD subjects recognize and manage craving and gpb@haviors. Our previous
study showed increased activation of the antensula from pre- to post-treatment
after receiving the CBI (Zhang et al., 2016).

While these studies have provided useful insigtat the neural correlates of
cue-reactivity in IGD, they have typically used gentional mass univariate
analytical techniques to investigate changes in
blood-oxygen-level-dependent-signal-derived (BOLgnal-derived) beta values

related to exposure to gaming-related cues. As mnaisariate studies investigating



beta values alterations between IGD participantiseacontrol group aim to test
whether some brain regions have differences inedegof activation or deactivation,
they are limited with respect to translating finghrinto clinical utility (Hu et al.,
2019).

Recently, interest in data-driven, machine-learr@pgroaches for investigating brain
function has been growing, including those invoidvthe application of multi-voxel
pattern analysis (MVPA) to identify brain signatsifer clinical diagnoses of mental
disorders (Woo, Chang, Lindquist, & Wager, 201 Qntpared with traditional
univariate analyses, MVPA has two strengths. AW8tPA takes the intercorrelation
between voxels into consideration and thus mayehsisve in detecting subtle and
spatially distributed alterations. Second, MVPAal$ statistical inferences at the
single-subject level and thus can be used to €jagsarticipants with an addictive
disorder and those without (Vieira, Pinaya, & Mdith2017). MVPA methods have
been successfully used to differentiate subjects stibstance addiction from control
subjects in task-based studies using functionaheiagresonance imaging (fMRI)
(Elton, Chanon, & Boettiger, 2019; Sakoglu et 2019).

However, to the best of our knowledge, no studasetused MVPA to find brain
signatures underlying cue reactivity that may pediassification of individuals with
and without IGD. In the current study, an initiahavas to examine the potential of
MVPA in classifying IGD subjects (versus HCs) usoug-reactivity datad second
aim was to examine the potential of MVPA in preiigttreatment responses

(percentage change in weekly gaming time) usinglimesbeta values in IGD



subjects receiving CBI treatment. Based on previmasngs, we hypothesized that
MVPA could be applied to cue-reactivity data tosslify IGD subjects relative to HCs.
We hypothesized that MVPA would implicate brainiosg involved in executive
control, reward/loss processing and craving (Haad.e2011; Ko et al., 2009; Wang et
al., 2017)We also hypothesized that neural correlates ofreaetivity data at

baseline could be used to predict CBI treatmentaues, with the most informative

regions including frontal regions (Han et al., 2p12



2 M aterials and methods

This study was approved by the Human Investigatmsimittee of the State Key
Laboratory of Cognitive Neuroscience and LearnBgjjing Normal University and
conformed to the Declaration of Helsinki. Writteridrmed consent of each

participant was obtained before study participation

2.1 Participants

We recruited 44 male subjects with IGD and 22 nifTesubjects through posters and
internet advertisements. Four IGD and three HCezuibjwere excluded due to
excessive head motion. Therefore, data from 40 #&8®19 HC subjects were
included in final analyses. Twenty-three IGD sut§g€BI+ group) were willing to
participate in a 6-week group CBI and were scarbefdre and after CBI. The
remaining 17 IGD subjects (CBI- group) did not ieeeany intervention, but had
similar intervals between scans as for the CBIlgro

Inclusion criteria for IGD subjects werg} scores=67 on the Chen Internet
Addiction Scale (CIAS) (Chen, Weng, Su, Wu, & Yag603); 2) playing internet
games for over 14 h per week for a minimum of og&ryhe inclusion criteria for
HCs were: 1) scores of 60 or lower on the CIAS; 2ndever or occasional
engagement (<2 h per week) in internet gaming. Detiais study come from our
previous study (Zhang et al., 2016)(tablel ancet&pl however, all statistical
analytical methods are different and the resultsuaique relative to those described

previously.



Insert Table 1 and Table 2 about here

2.2 Symptom assessment

Current severities of depression and anxiety wesessed using the Beck Depression
Inventory (Beck, 1961) and the Beck Anxiety Invegt(Beck, Epstein, Brown, &
Steer, 1988), respectively. Cigarette and alcobelwere recorded, and the
Fagerstrom Test for Nicotine Dependence (Fagersti®T8) and alcohol

consumption questions from the Alcohol Use Disasddentification Test (Bush,
Kivlahan, McDonell, Fihn, & Bradley, 1998) were ds® assess nicotine dependence
and hazardous alcohol use, respectively. Weeklyirggatrme change (%) was
calculated by post-treatment minus pre-treatmemigg hours/ pre-treatment gaming

hours.

2.3 Craving behavioral intervention (CBI)

The integrated CBI was developed on the basis lzdivaeral intervention theories.
Since craving may impact significantly on the depehent and maintenance of IGD
(Dong & Potenza, 2014), methods that focus on naducraving may improve
therapeutic outcomes and prevent relapse. CBIl waducted weekly and

included six 2.5-hour sessions with 8 to 9 IGD euty in each group. The details of

the CBI are included in the supplemental materials.

10



24 fMRI paradigm

Participants completed the cue reactivity taskciias been previously described in
detail (Zhang et al., 2016). Briefly, participamisre asked to passively watch three
kinds of videos [gaming video clips (Ghatched control video clips (C) and
fixation(F)] and to rate their craving immediatelifer each video clip using 7-point
visual analog scales. Gaming video clips were ssteas selected from official
websites or gaming forums by 10 additional Integeehing players. Matched control
video clips were selected from an unpopular ongjase which was not known to or
played by any participants in the study. The oadehe clips was fixed: G-F-C G-C-F
C-F-G C-G-F F-C-G F-G-C. Each clip was 30 secowntlewed by a 4-second rating

screen. This task was presented by E-Prime 2.0astet] for 620 s.

2.5 Image acquisition

Data were acquired using a 3.0 T SIEMENS Trio seaimthe Imaging Center for
Brain Research, Beijing Normal University. A grattiecho echo-planar imaging
(EPI) sequence was obtained (TR =2000 ms; TE =25lp angle = 90°; matrix =
64 x 64; resolution =3 x 3 mm2; slices = 41). Thees were tilted 30° clockwise
from the AC-PC plane to obtain better signals anfal regions. A T1-weighted
sagittal scan was acquired for anatomical refer@ntteEPI data (TR = 2530 ms, TE
=3.39ms, TI = 1100 ms, FA=7°, FOV =256 x 256 Znwvoxel size =1 x 1 x 1.3

mm3, slice = 144).

11



2.6 Data pre-processing and calculation of activation maps
Imaging data were pre-processed using SPM12

(http://www.fil.ion.ucl.ac.uk/spm/software/spm1Eunctional data were realigned,

coregistered with structural images, segmenteddomalization to standard MNI
space, and smoothed with a 5-mm Gaussian kerfdl atidth at half maximum
(FWHM). Subjects with head motion >3 mm or 3° wexreluded from further
analysis.

A general linear model (GLM) was applied to identifood oxygen level dependent
(BOLD) activation. Three regressors were distingeds gaming videos, control
videos and craving ratings. Regressors were canstiuy convolving the onsets of
these stimuli with a canonical hemodynamic respdmsetion. Six realignment
parameters were also included as regressors oftexest. A high-pass filter (128 Hz)
was applied to remove low-frequency signal driftdhtrast image (beta value)
between gaming and control videos (gaming minusrofrwas built to examine
cue-induced brain activation. Beta maps of cue-¢edilbrain activation were

subsequently entered into MVPAs.

2.7 Multi-voxel Pattern Analysis(MVPA)

Beta values calculated in GLM analyses of baselata were used for MVPA with
two objectives: (1) classify IGD subjects and Hagl, (2) predict treatment
responses.

In the first step, machine-learning models wermé&a to classify IGD and HC

12



subjects using beta valudssupport vector machine (SVM) classifier was used
the implementation of the SVM was based on theeRaiRecognition for
Neuroimaging Toolbox (PRoNTo) (Schrouff et al., 3p1

(http://www.minl.cs.ucl.ac.uk/pronto\ leave-one-out cross-validation method was

conducted to perform SVM classifier validation, wnéhe feature selection was
performed each time on the training partition @& tlata to avoid circularity effects. A
5,000-times non-parametric permutation test wad tsebtain a correct p-value to
determine the statistical significance of the aacyysensitivity, and specificity. More
specifically, accuracy refers to the proportiorsobjects correctly classified into the
patient or control group. Sensitivity is the prdpam of patients with IGD who test
positive: P= True Positives / (True Positives +sEdllegative). Specificity is the
proportion of patients without IGD who test negati¥? = True Negatives / (True
Negatives + False Positives) (Cui, Xia, Su, ShGéng, 2016). Moreover,
receiver-operating-characteristic (ROC) analysis thie area under the ROC curve
(AUC) were used to evaluate the performance otlassifiers. AUC represents the
classification power of a classifier. The valuef\bfC range from 0 to 1 and larger
AUCs indicate better classification abilities (ToR®06). For each model, the
PRoNTo allows the calculation of images represeritie weights per voxel and also
images summarizing the weights per regions of @ste{fROIs) as defined by an atlas
(Schrouff et al., 2013). The regional contributidaghe classification model can be
ranked in a descending order, yielding a sortéafisegions. To investigate the

classification power of specific locations in thaib, we computed vector weights

13



and listed brain regions that were 5% of the alteotiaximum and minimum weight
vector values and had a cluster size >100 voxetsaall regions.

In the second step, we aimed to predict treatmempianses (percentage change in
weekly gaming time) using baseline beta valueséndBI+ and CBI- groups
respectivelyPattern regression analysis was implemented in HR@Schrouff et al.,
2013) to investigate if it is possible to predibboges of weekly gaming time from
patterns of brain activation during the cue-redistitask. In the present study, we
used the Gaussian Process Regression (GPR), vehécprobabilistic regression
approach (Seeger, 2005). To evaluate GPR perfomnarecused a leave-one-out
cross-validation method.he performance of the pattern regression modets wa
measured using two metrics of agreement betweepréuicted and the actual scores,
Pearson's correlation coefficient (r) and normalizeean squared error (MSE). The
correlation coefficient describes the strength biear relationship between two
variables, with high correlations indicating bepeedictions. The normalized MSE is
the mean of the squared differences between tltkcped and actual scores divided
by the range of predicted scores (i.e., maximunmusiminimum values). It measures
the error between the predicted and actual scArgf00-times non-parametric
permutation test was used to obtain a p-value teraene the statistical significance
of r and MSE. To ensure greater balance in the nunfiegaple in the IGD and HC
groups and to examine stability of the results ¢galaux, 2018; Varoquaux et al.,
2017), we conducted a subsample comparison thamwees balanced in number

(IGD = 23, HC=19) and used a 10-fold cross-valmatpproach. Finallyp

14



investigate the predictive power of specific looas in the brain, we computed vector
weights and listed brain regions that were 5% orenod the absolute maximum and
minimum weight vector values and had a cluster siiZg0 voxels across all regions.
Further, the relationship between the beta value@brain regions that contributed
most to the prediction and weekly gaming time cleangre statistically analyzed

using R (www.R-project.org).

15



3 Results

3.1 Classification evaluation and regional brain regions contributions

In the classification of the two groups, the AUCswa94 (Figure 1a) and the
accuracy was 92.37% € 0.0002, permutation testing, 5000 times) wieasitivity
of 90.00% and specificity of 94.74% (Figure 1b ahdThe most informative regions
for classification of IGD versus HC subjects ina@ddhe bilateral middle frontal
gyrus (MFG), precuneus, and right posterior lobthefcerebellum (Table 3; Figure

1d).
Insert Table 3 and Figure 1 about here

Two subsample comparisons more balanced in nunolbersjects (IGD = 23(CBI+
group), HC =19 or IGD = 17 (CBI- group), HC = 19)] were conducted. In the
classification of the subgroups between the CBl& A€ groups, the AUC was 0.94
and the accuracy was 90.48p0<0.0002, permutation testing, 5000 times) with a
sensitivity of 86.96% and specificity of 94.74%sAbsample comparison more
balanced in numbers (IGD = 23, HC=19) showed tmaiUC was 0.92 and that the
accuracy was 90.48% € 0.0002, permutation testing, 5000 times), wideasitivity

of 86.96% and specificity of 94.74%. The AUC wadl0and the accuracy was 88.1%
(p = 0.0002, permutation testing, 5000 times) witteasitivity of 82.61% and
specificity of 94.74% in a 10-fold cross-validatianalysis. In the classification of the
subgroups between the CBI- and HC groups, the Ad€ 094 and the accuracy was
91.67% p = 0.0002, permutation testing, 5000 times) wieasitivity of 88.24%

and specificity of 94.74%. Thus, the subsamplelteswe basically consistent with

16



the original ones.

3.2 Treatment-outcome evaluation and regional brain contributions

The correlation between actual and predicted chamy@eekly gaming time was

0.48 in the CBI + groupp(= 0.0032, permutation testing, 5000 times). TheEM&
predicting treatment responses was 08 (0.0026, permutation testing, 5000 times).
The most informative regions for the predictiorthie CBI + group included the right
middle frontal gyrus, superior frontal gyrus, supeaginal gyrusanteriofposterior

lobe of the cerebellum and Igibstcentral gyrug¢Table 4; Figure 2). The correlation
between actual and predicted changes in weeklyrgatime in the CBI- group was

not statistically significantr(= -0.66, permutation testing, 5000 timps; 0.872). The
MSE for predicting treatment responses was 649430.6429, permutation testing,

5000 times).

Insert Table 4 and Figure 2 about here

3.3 Correlations between brain regionsthat contributed most to classification
and outcome predictions

We observed negative correlations between weekhirgatime change and beta
values in the right middle frontal gyrus< -0.676,p < 0.001), middle/superior
frontal gyrus { = -0.821,p < 0.001), superior frontal gyrus £ -0.689,p < 0.001),
supramarginal gyrus € -0.670,p < 0.001), anterior lobe of the cerebellum=(

-0.566,p = 0.005) and left postcentral gyrus{-0.630,p < 0.001) in the CBI+ group

17
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(Figure 3).

Insert Figure 3 about here
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4 Discussion

To our knowledge, the present study is the firgshv@stigate the usefulness of MVPA
in analyzing cue-reactivity data to classify indivals with IGD and statistically
predict treatment outcomes. The successful apicaf MVPA in predicting both
classification and treatment outcomes has muliipf@ications. First, ROC curves
and the observed accuracies indicated a high diswting value for classification of
IGD versus HC individuals based on neural corrslafecue reactivity. Second, in
that baseline neural correlates of cue-reactivoyla statistically predict CBI-related
outcomes, the findings suggest potential cliniggdli@ations of fMRI measures.
Taken together, the approach employed here maychielpians identify individuals

with IGD and possibly predict future outcomes ptmtreatment initiation.

4.1 Classification of IGD and HC subjects

The different patterns of activation patterns i@ 8D group compared to the HC
group suggest that differences in neural correlatesie reactivity may implicate
clinical statusedMultiple brain regions contributed to the classtfion, including the
bilateral middle frontal gyrus and precuneus agttrposterior lobe of the cerebellum.
The results suggest important roles for these nsgio cue-reactivity and are similar
to our previous results based on GLM analyses.r{@le al., 2016) They are also in
accordance with other prior findings (Dong et 2020; Ko et al., 2009; Sun et al.,
2012). The middle frontal gyrus has been implicatesklf-regulation, craving,

impulse control and reward-related processes iicadds (Goldstein & Volkow,

19



2011), including IGD (Zheng et al., 2019) and asppsed in theoretical models of
IGD (Dong & Potenza, 2014). The middle frontal gyyhas specifically been linked
to cue reactivity in craving in IGD (Dong et alQ2D; Dong, Zheng, et al., 2018).
Similarly, the precuneus has been linked to cuetirgty in substance addictions
(Engelmann et al., 2012), particularly with respecattentional tracking of stimuli
and the preparation of motor behaviors (Cavannaigfle, 2006). As the precuneus
has also been implicated in episodic memory retti@avanna & Trimble, 2006),
precuneus involvement during cue-reactivity mayitieed to memories of prior
experiences that may promote craving. More recgtfityprecuneus has been
implicated in cue-reactivity in IGD, with cue-redak activation of the precuneus and
functional connectivity between the precuneus ardtite frontal gyrus related to

IGD severity (Dong et al., 2020).

The most informative regions for classificationaailscluded the right posterior lobe
of the cerebellumThe functions of the posterior lobe contribute imaotly not only
to movement and balance, but also to emotionaktagditive processes (Strata,
Scelfo, & Sacchetti, 2011; Tirapu-Ustarroz, Lunatbalglesias-Fernandez, &
Hernaez-Goni, 2011). Regional cerebral blood floaréases in the cerebellum
during cue-induced craving have been related taineause disorder (Bolla et al.,
2003).However, precise roles for the middle frontal gyquecuneus and cerebellum

in cue-reactivity in IGD warrant further investigat.
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Interestingly, in our classification analysis, sore@ard-related brain regions (e.g.,
ventral and dorsal striatum) were not implicateda previous meta-analysis, these
reward-related brain regions also did not showatitin differences in cue-reactivity
tasks (Zheng et al., 2019). One possible reasothése results may be that
individuals with IGD in our study were in later g&s of the addiction process, where
game-related stimuli evoke less of a responsertiight actual gaming (Piazza &
Deroche-Gamonet, 2013). However, this speculatdten warrants further
examination.

4.2 CBIl outcomes

MVPA identified that cue-related activationstire right middle frontal gyrus,
superior frontal gyrus, supramarginal gyrus, antfposterior lobe of the cerebellum
and left postcentral gyrus showed a pattern of piglaliction ability relating to the
treatment outcome of changes in weekly gaming tiroether, there were significant
negative correlations between changes in weeklyirgatime and beta values from
including the right middle frontal gyrus, superfoontal gyrus, supramarginal gyrus,
anterior lobe of the cerebellum and left postcémyaus in CBI+ group (Dong, Wang,
Wang, Du, & Potenza, 2019; Dong, Zheng, et al. 8320Rrevious univariate studies
have been mixed in terms of relationships withttresats outcomes, with the
activities in prefrontal cortex decreasing aftenilg therapy intervention and
increasing after bupropion treatment; these fingliogmplement results of prior
studies identifying regional changes related tapia@ological and psychological

treatment of IGD (Han et al., 2010; Han et al.,201
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The prefrontal cortex, including the middle fronggrus and superior frontal gyrus,
have been implicated in multiple processes inclgairaving responses in IGD (Dong,
Wang, et al., 2019; Dong, Zheng, et al., 2018), @nedrontal activations have been
linked to natural recovery (without formal intertiem) in IGD (Dong, Liu, Zheng,
Du, & Potenza, 2019 he cerebellum has been implicated in multiple fioms
relating to IGD, including visual, emotional andgodtive processes (Strata et al.,
2011; Tirapu-Ustarroz et al., 2011). The supranmaigand postcentral gyri are main
sensory receptive regions for touch. Compared authprevious results based only
on GLM analyses (Zhang et al., 2016), the resaiterthe possibility that neural
mechanisms involved in integrating sensory infoiaramay relate to CBI'’s efficacy
in important ways, as previously proposed in a dogribehavioral model (Dong &
Potenza, 2014). Taken together, the existing figeisuggest that craving responses,
emotion and cognitive processes in individuals Wab relate importantly to IGD
treatment outcomes, although the extent to whieHitidings reflect factors or neural

functions that arise during phases of IGD develamneenot yet understood.

4.3 Limitations and implications

A number of limitations of the present study maynaat mentioning. First, the
sample size was limited small sample size is likely to lead to overlyiapstic
results during cross-validation (especially usirgave-one-out approach), possibly

inflating the performance of the prediction modédroquaux, 2017; Varoquaux et al.,
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2017). To ensure the stability of the results, weducted a 10-fold cross-validation
approachThe results are basically consistent with the nabresults. Future studies
should use larger samples to replicate and exiaddags of the current study. Second,
only males were included in the current study. Asdgr-related differences have
been observed in neural correlates of cue reaciivilGD (Dong, Wang, Du, &
Potenza, 2018; Dong, Wang, et al., 2019; Dong, ghenal., 2018), future studies
should examine the extent to which these findingdyato females. Third, this study
did not combine different imaging modalities foassification and prediction. Given
multimodality studies have implicated brain struetand function in cue reactivity in
IGD (Dong et al., 2020), multimodal data may impralassification and outcome
predictions and should be investigated in futuoelists. Fourth, experienced gamers
without IGD were not included. It is possible thiz MVPA is identifying individual
differences in familiarity with the task stimulitreer than 1GDper se. However, the
results of our study are similar to other priodiimgs that involved experienced
gamers and were based on GLM analysis (Dong 2G#20; Sun et al., 2012). The
results would potentially be strengthened had amaf gamers without IGD been
included, and this approach should be used indugtudies. Fifth, a psychiatric
comparison group, such as individuals experiensirgstance or gambling addictions,
was not included; the inclusion of such a groupddave helped determine more
precisely the diagnostic specificity afforded by FA/. Sixth, we used the reduction
of weekly gaming time as an outcome measure asdvereviously (Zhang et al.,

2016). In IGD, there is no uniformly accepted tneamt outcome measure, as is the
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case with respect to other disorders [e.g., coaasreedisorder (Carroll et al., 2014;
Roos et al., 2019)). As such, future studies shexliinine a wider range of treatment

outcomes.

The present study was a proof-of-concept studygdesi to examine whether MVPA
could be applied to cue-reactivity neuroimagingadatpredict individual-level
classification and to predict outcomes. The findisgggest possible clinical utility of
cue-reactivity fMRI data with respect to diagnosfiassification and
treatment-outcome prediction. Additional reseaschaeded to determine the extent
to which the findings relate to CBI versus otheatments or improvement generally.
Future studies are needed to examine those passiband the utility of MVPA in
testing them. Compared with univariate analysesPiYas multiple advantages; it
considers interregional correlations and providemerical indicators for group
membership without multiple comparison biases.Harrhore, with the acquisition of
larger databases, MVPA represents a powerful totiie search for psychiatric
biomarkers. However, other machine-learning apgreace.qg.,
connectome-based-modeling approaches that haveusedrto identify regions and
networks statistically predicting treatment outcernresubstance addictions
(Lichenstein, Scheinost, Potenza, Carroll, & Yippress; Yip, Scheinost, Potenza, &

Carroll., 2019)) also warrant consideration.
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Conclusions

To our knowledge, this study is the first attengpapply MVPA to cue-reactivity data
in IGD. The findings suggest a possible methodsirigiobjective measures to
diagnose IGD. More importantly, baseline data cquietict clinical changes for a
longitudinal treatment with an error of 8% and addction-outcome correlation of
0.48. Thus, the present approach offers a potgntiaéful tool for clinicians when
determining the effectiveness of psychological béral treatment before executing

treatment procedures, although this possibilitydsdarther direct examination.
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Figure Legends:
Figure 1: MVPA findingsrelated to 1 GD classification.

(a) The ROC curve shows the performance of the binlassdier. (b) Scatterplots
show the discrimination between the two groupsT{® histogram shows the
distributions of the two groups. (Weight maps are shown for the classifier. The

weight vector represents the relative relevanasach voxel in classifying the groups.

Figure 2: MVPA findingsrelated to treatment outcome

(a) A scatterplot showing relationships between acanal predicted changes in
weekly gaming time change (%) for the model basetiaseline data. Weekly
gaming time change (%) is (post-treatment minusii@@&ment gaming hours)
divided by pre-treatment gaming hours. \&¢ight maps are shown for the classifier.
The weight vector represents the relative relevafeach voxel to classify the

groups.

Figure 3: Correlation between regional brain activation at treatment onset and
subsequent changesin weekly gaming time (%) in the CBI+ group.

Weekly gaming time change (%) is (post-treatmemumipre-treatment gaming hours)
divided by pre-treatment gaming hours. (a) Negatmeelations between changes in
weekly gaming time change (%) and beta valueseanitht middle frontal gyrus &
-0.676,p < 0.001). (b) Negative correlations between changeveekly gaming time
change (%) and beta values in the middle/supeammtdl gyrus( = -0.821p <

0.001). (c) Negative correlations between changegeekly gaming time change (%)

and beta values in the superior frontal gyrus {0.689,p < 0.001). (d) Negative
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correlations between changes in weekly gaming thange (%) and beta values in
the anterior lobe of the cerebellum=-0.566,p = 0.005). (e) Negative correlations
between changes in weekly gaming time change (%)ata values in the
supramarginal gyrus € -0.670,p < 0.001). (f) Negative correlations between
changes in weekly gaming time change (%) and tadtees in the left postcentral

gyrus ¢ =-0.630,p < 0.001).
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Table 1. Demogr aphics and inter net gaming char acteristics of |GD and HC subjects at

baseline.
IGD (n=40) HC (n=19)
tix2 p

Mean+SD Mean+SD
Age (years) 22.05:1.78 2289223  -1.566 0.123
Education( years) 15.85:1.86 16.5%1.98 -1.377 0.174
CIAS score 79.8#8.67 42.118.27 15.856 <0.001
Durations of weekly gaming(hours) 26:8D.04 1.66t0.57 4.285 <0.001
Craving differences (gaming — control) 1.75+1.21 .310+0.59 6.14 <0.001
BAI score 5.33:5.91 2.013.27 2.23 0.03
BDI score 9.23t5.43 2.7H4.33 4.42 <0.001
Alcohol use 30/40 13/19 0.28 0.6
AUDIT-C score 3.20+1.90 2.231.17 1.7 0.1
Tobacco use 4/40 0/19 - -
FTND score 3.25:0.5 - - -

IGD = internet gaming disorder; HC = healthy coht®D. = standard deviation; CIAS = Chen
Internet Addition Scale; AUDIT-C = alcohol consumapt questions

from the Alcohol Use Disorders Identification Te§tffND = Fagerstrom Test for Nicotine
Dependence; BAI = Beck Anxiety Inventory; BDI = BdDepression Inventory.

h=3.

’n = 30.

‘n=13.

% =4.



Table 2. Demographics and internet gaming charactéstics of CBI+ and CBI- groups.
CBI+(n=23) CBI-(n=17)

Mean+SD Mean+SD P
Age (years) 21.9%1.83 22.0%1.89 -0.15 0.89
Education( years) 16.0#1.81 1529191 1.31 0.2
BAI score 3.78+3.61 7.63£7.71 -1.85 0.08
BDI score 8.83+5.73 9.56+5.08 -0.41 0.46
CIAS score: baseline 82.09+8.75 76.88+x7.85 194 0.06
CIAS score: second test 60.26 +9.83 70.35 +7.80.05-0 0.96
Craving for gaming clips: baseline 530+1.21 54B17 -0.33 0.74
Craving for gaming clips: second test 3.42+1.50 754144 -2.82 0.008
Durations of weekly gaming, hours: baseline 27.2042 27.35+11.13 -0.33 0.74
Durations of weekly gaming, hours: second test 63*8.07 23.24+17.51 -2.82 0.008

CBI+ = subjects with internet gaming disorder wiezeived craving behavioral intervention;
CBI- = subjects with internet gaming disorder wib bt receive craving behavioral
intervention; S.D. = standard deviation; CIAS = @Haternet Addition Scale; BAl = Beck
Anxiety Inventory; BDI = Beck Depression Inventory



Table 3. Brain regions contributing most to | GD classification

: . Hemisphere Peak MNI(mm) Cluster
Brain regions .

L/R X Y Z size
middle frontal gyrus L -27 3 66 239
middle frontal gyrus R 27 9 66 146
precuneus L -6 -75 39 160
precuneus R 3 -60 60 1025
cerebellum posterior lobe R 0 -30 -54 500

IGD = internet gaming disorder



Table 4. Brain regions contributing most to outcome prediction

_ _ Hemisphere Peak MNI(mm) _
Brain regions Cluster size
L/R X Y V4
middle frontal gyrus R 3 48 15 193
middle/superior frontal gyrus R 24 45 45 254
superior frontal gyrus R 12 0 78 218
supramarginal gyrus R 57 -54 21 159
postcentral gyrus L -6 -36 78 577
cerebellum, anterior lobe R 51 -66 21 158
cerebellum, posterior lobe R 9 -30 -51 487
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® The present study is the first to investigate the utility of
MV PA in analyzing cue-reactivity datato classify individuals
with IGD and statistically predict treatment outcomes.

® Cue-reactivity neura correlates could help identify 1GD
subjects.

® Cue-reactivity neural correlates could help predict

CBI-related treatment outcomes.



Competing interests

The authors declared that there were no competing interests exist. Dr. Potenza
has consulted for and advised Opiant Pharmaceuticals, Idorsia, AXA, Game
Day Data and the Addiction Policy Forum; has received research support from
the Mohegan Sun Casino, Connecticut Council on Problem Gambling and the
National Center for Responsible Gaming; has participated in surveys, mailings
or telephone consultations related to drug addiction, impulse control disorders
or other health topics; and has consulted for law offices and gambling entities

on issues related to impulse control or addictive disorders.



