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ARTICLE INFO ABSTRACT

Keywords: Neurocognitive deficits have been implicated as transdiagnostic risk markers of substance use disorders. How-
Addic.t%on ever, these have yet to be comprehensively evaluated in other, non-substance addictions. In a large, general
Cognition community sample (N = 475) the present study evaluated the neurocognitive correlates of problem alcohol use
Xlec l:)r}(:;o gnition and three non-substance-related addictive behaviors: addictive eating (AE), problematic pornography use (PPU),
Internet use and problematic use of the internet (PUI), to identify potential shared and distinct neurocognitive correlates. A
Pornography sample of Australian residents (54.4 % female M[SD] age = 32.4[11.9] years) completed a comprehensive online

assessment of neurocognitive tasks tapping into eight distinct expert-endorsed domains purportedly associated
with addiction. Multiple linear regressions with bootstrapping were used to examine associations among each
addictive behavior of interest and neurocognition, trait impulsivity, and compulsivity, as well as key covariates.
Neurocognition was differentially associated with each addictive behavior. None of the neurocognitive domains
were significantly associated with problematic alcohol use or AE (p >.05), poorer performance monitoring was
significantly associated with higher levels of PPU and PUI (p = —0.10, p =.049; p = —0.09, p =.028), and a
preference for delayed gratification was associated with more severe PUI ( = —0.10, p =.025). Our findings have
theoretical implications for how we understand non-substance addiction and suggest the need for a more
nuanced approach to studying addictive behaviors that take into account the underlying neurocognitive
mechanisms associated with each type of addiction.

1. Introduction acknowledge that none of these addictive behaviors have agreed-upon

clinical criteria. Consequently, it is more appropriate to view them as

Addiction is a complex condition characterized by repeated
engagement in substance use or other behavior despite negative con-
sequences (Diagnostic Statistical Manual of Mental Disorders [DSM-5]:
American Psychiatric Association, 2013). The literature has predomi-
nantly centered on substance use disorders, such as alcohol use disorder
(AUD), whereas there has been an increasing focus on non-substance
(behavioral) addictions (Chamberlain et al., 2016). Recent such efforts
include addictive eating (AE), problematic pornography use (PPU), and
problematic use of the internet (PUI) due to their associated psycho-
logical distress and poorer quality of life (Burmeister et al., 2013; Bur-
rows et al., 2018; Camilleri et al., 2021; Fineberg et al., 2018; Floros &
loannidis, 2021; Kuss et al., 2014; Raj et al., 2022). It is essential to

problem behaviors positioned on a severity continuum. AE, PPU, and
PUI may share some important features with substance addiction,
including loss of control, craving, and emotional distress (Adams et al.,
2017; Fineberg et al., 2018; Grubbs et al., 2015; Tiego et al., 2021).
Addictive behaviors can be conceptualized using current neurocognitive
‘dual-process’ models of addiction, typified by excessive drive and
reward-seeking coupled with impaired executive ‘top-down’ control
(Volkow et al., 2019; Volkow & Morales, 2015). Dual process models
have been further extended in non-substance addictive behaviors
(Brand, 2022; Brand et al., 2019; Wei et al., 2017). However, addiction-
specific neurocognitive functions have yet to be comprehensively eval-
uated in non-substance addictions. For example, it is unclear whether
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non-substance addictive behaviors share neurocognitive features. Sub-
stance use research has also shown inconsistent neurocognitive corre-
lates (Ekhtiari et al., 2017; Lundqvist, 2005; Smith et al., 2014).
Identifying the neurocognitive correlates of addictive behaviors is
essential to progressing etiological understanding and facilitating the
development of effective prevention and intervention strategies. This
study investigates the trans-behavioral neurocognitive correlates of non-
substance addictive behaviors; namely, AE, PPU, and PUIL, in comparison
to problematic alcohol use, to identify potential shared and distinct
neurocognitive mechanisms.

Current consensus is that some neurocognitive deficits can serve as
transdiagnostic markers of addiction, regardless of the specific type of
behavior (Yiicel et al., 2019). Self-regulation is often defined as being
comprised of: Inhibition, the ability to stop or inhibit an undesirable
automatic response (Chambers et al., 2009); Shifting, the ability to
flexibly shift between tasks, mental sets, or demands (Kiesel et al.,
2010); and Performance monitoring, the ability to monitor and evaluate
action outcomes to adjust performance (Franken et al., 2018). Poorer
executive functioning in individuals with addiction is marked by
reduced inhibitory control, poorer performance monitoring, and
inflexible task shifting (Franken et al., 2018; Odlaug et al., 2011;
Rodrigue et al., 2018; Smith et al., 2014; Zhou et al., 2013). By contrast,
the ‘bottom-up’ motivational processes associated with addiction are
underpinned by heightened reward-seeking; chief among this is an
increased preference for immediate over larger but delayed rewards or
poor ‘delay discounting’ (Amlung et al., 2017), and heightened incen-
tive attribution towards addiction-related cues (Berridge & Robinson,
2016). Unfortunately, most studies to date have focused on individual
neurocognitive factors in isolation. Therefore, there is a lack of empirical
evidence regarding how each domain is independently associated with
addictive behaviors. This is a critical area of further investigation since
neurocognitive functions associated with executive control and height-
ened reward-seeking significantly overlap with each other (Criaud &
Boulinguez, 2013; Ridderinkhof et al., 2004).

Few studies have examined neurocognitive functioning associated
with AE, PPU, and PUI Existing studies have generally identified neu-
rocognitive markers implicated in problematic alcohol use, including
heightened attentional bias toward reward cues (Adams et al., 2019;
Jeromin et al., 2016; Mechelmans et al., 2014; Nikolaidou et al., 2019)
and a preference for immediate gratification over larger, later rewards
(Cheng et al., 2021; Kowalewska et al., 2017; VanderBroek-Stice et al.,
2017). Individuals with AE, PPU, and PUI also present with executive
dysfunction, but in differing domains. PUI but neither AE or PPU has
been shown to be associated with impaired response inhibition (Antons
& Brand, 2018; Antons & Matthias, 2020; Hardee et al., 2020; Ioannidis
et al., 2022; Meule et al., 2012; VanderBroek-Stice et al., 2017), and
both AE and PUI have been shown to be associated with impaired per-
formance monitoring (Franken et al., 2018; Rodrigue et al., 2018; Zhou
et al., 2013). It is unclear whether these differences arise from meth-
odological differences, for example selection of neurocognitive mea-
sures, sample characteristics, and inclusion (or lack there-of) of
covariates. Because many studies only look at a single neurocognitive
measure, it is entirely plausible that differing executive control profiles
among AE, PPU, and PUI may be due to common neurocognitive func-
tion(s) that drive performance across measures. Further, sample char-
acteristics often vary, including differing illness severities, and
demographic features (e.g. sex, age). These studies also do not address
comorbidities of other addictive behaviors. Assessing the relationship
between neurocognition and multiple addictive behaviors in the same
sample would account for these disparities, and help us evaluate
whether AE, PPU, and PUI share common underlying neurocognitive
processes.

Examining addictive behaviors in general community samples using
a dimensional approach can lead to a more nuanced understanding of
the neurocognitive functions underlying addictive behaviors. Clinical
presentations of addiction represent only the tip of the iceberg, as the

Addictive Behaviors 150 (2024) 107904

majority of addiction problems do not meet strict diagnostic thresholds
(Grant et al., 2015; Hasin et al., 2013). Further, despite not meeting
diagnostic thresholds, these addictive behaviors still contribute to
burden of disease and are important to detect early. By adopting a
dimensional approach and examining addictive behaviors across the full
spectrum of severities, we can detect often more subtle effects, with
direct implications for the development of early intervention strategies.

In addition to neurocognition, addictive behaviors are associated
with trait impulsivity and compulsivity (Forsén Mantilla et al., 2022;
Kuss et al., 2014; Murphy et al., 2014). Impulsivity can be defined as the
tendency to rapidly react to a situation in a reward-driven manner,
without forethought or consideration of the consequences (Moeller
et al., 2001). Impulsivity is a multifaceted construct, commonly
conceptualized and assessed in addiction research as being made up of
four key facets: lack of planning, lack of perseverance, sensation seeking
and emotion-driven rash action (urgency; Cyders et al., 2014).
Compulsivity can be defined as repeated actions that are inappropriate
to a given situation and lacks a clear connection to an overarching goal,
often resulting in negative consequences (Dalley et al., 2011). Although
previous research has found neurocognitive functions correspond with
trait impulsivity (Christiansen et al., 2012) and compulsivity (Albertella
et al.,, 2020), when assessed concurrently it is clear that they are not
measuring the same underlying construct (Eisenberg et al., 2019). For
example, convergent validity among task-related executive function and
self-report questionnaires was only moderate in a large meta-analysis on
self-regulation ability (Duckworth & Kern, 2011). Therefore, both trait-
based and neurocognitive-based measures of impulsivity and compul-
sivity appear to contribute to addiction vulnerability in different ways.

This study sought to investigate the neurocognitive correlates of
addictive behaviors. Using a tailored assessment battery that measures a
comprehensive range of addiction-specific neurocognitive functions, the
present study aims to evaluate the shared and distinct neurocognitive
correlates of problematic alcohol use, AE, PPU, and PUI, adjusting for
key covariates. A demographically targeted, general community sample
was recruited to capture a broad spectrum of behavioral severity.

2. Methods
2.1. Participants and procedure

This study was embedded in a larger normative study for the
BrainPark Assessment of Cognition (BrainPAC) neurocognitive battery
(see supplementary material). Australian residents were recruited via
Prolific, social media advertisements, and local community newsletters.
Inclusion criteria were: 18 to 65 years old, not color blind, self-reported
absence of a neurological disorder (i.e. stroke, brain injury, and de-
mentia) or history of a psychotic disorder. Participants completed all
measures online via the Qualtrics survey platform (https://www.qual
trics.com). The neurocognitive tasks were separated by self-report sur-
veys (trait and behavior scales) and the order of task presentation was
counterbalanced. The study was approved by the Monash University
Human Research Ethics Committee [26088].

2.2. Neurocognitive measures

The neurocognitive battery (Table 1) was selected to measure expert-
endorsed neurocognitive domains as associated with addiction and
addiction-related outcomes (Yiicel et al., 2019).

2.3. Self-report scales

Trait Compulsivity — The Cambridge-Chicago Compulsivity Trait Scale
(CHI-T; Chamberlain & Grant, 2018; Tiego et al., 2023) is a 15-item
scale. Items are summed into an overall score. Higher scores indicate
higher compulsivity.

Trait Impulsivity — The Short UPPS Impulsive Behavior Scale (SUPPS-


https://www.qualtrics.com/
https://www.qualtrics.com/

E. Christensen et al.

Table 1

Neurocognitive assessment battery.
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Function Task Brief description Trials Primary metric
(practice)

Response inhibition The BrainPAC Stop Signal A gamified visual cue stop signal paradigm (Verbruggen et al., 150 Stop signal reaction time (SSRT).

Taks (SST) 2019) in a medieval war game format, with the goal of defeating ~ (10) Higher RT indicates poorer

(Lee et al., 2023) a dragon. Players pass arrows to two archers (left/ right) as fast response inhibition.

as they can (go signal) whilst avoiding the dragon’s fire (stop
signal) so they can shoot the arrows and defend their village.

Reward learning The BrainPAC Value A gamified version of the original VMAC task (Albertella et al., 5x24 VMAC score averaged across the
(reward-related Modulated Attentional 2019; Le Pelley et al., 2015) following a soccer format. Players (6) last two blocks of the task.
attentional bias) Capture (VMAC) Task must kick the ball (left/right), with speed and accuracy to earn Higher values reflect more

(Lee et al., 2023) points. Some trials have players with different hair colors acting reward-related attentional

as distractors and indicating the potential reward value of that capture.
trial.

Reward learning The BrainPAC Sequential A gamified two-step choice task (Kool et al., 2016, 2017), 125 Mixing weight (w).
(goal-directed vs Decision-Making Task (SDT)  presented in the form of an animal rescue game. Participants (25) Higher scores indicate more goal-
habitual) (Lee et al., 2023) select a ranger to search two environments (the forest or the directed (model-based) decision-

farmland) for lost animals. Model-based decision-makers learn making.
which rangers are most effective at finding the maximum number
of animals.

Reward valuation (risky The BrainPAC Balloon A gamified version of the BART stretch variant (Lejuez et al., 30 Mean pre-committed pumps
decision-making under Analogue Risk Task (BART) 2002) paradigm in which players inflate a series of balloons to (10) across all balloons.
uncertainty) (Lee et al., 2023) earn hypothetical money (maximum earning of $128 AUD p/ Higher values indicate riskier

balloon). Each balloon has a pseudorandomized burst threshold choice in the face of uncertainty.
(mean burst point at $64 AUD), resulting in any potential
earnings being lost.

Flexible updating N-back Task A letter sequencing go/no-go task. Participants respond to “M”in ~ 3x60 3-back d’ (parametric measure of

(Ragland et al., 2002; 0-back trials, to the previous letter in 1-back trials, and to the 9 sensitivity).

Inquisit 5, 2018) letter two trials back in 2-back trials, and so on. Higher d’ values indicate more
flexible updating/ better working
memory performance.

Goal selection; updating, Category Switch Task (CST) Participants are presented with a word they must categorize in 65 Latency switch cost.
representation and (Friedman et al., 2008; terms of A) ‘living’, or B) ‘size’. Each trial is accompanied by a (80) Higher values indicate poorer
maintenance Inquisit 5, 2018) cue that indicates to the participant whether they are required to task switching.

categorize the object according to conditions A or B.

Performance monitoring Error Awareness Task (EAT) A visual go/no-go paradigm in which participants indicate their =~ 2x150 Percentage error awareness

(Hester et al., 2007; Inquisit error awareness following any commission error. (70) (commission errors).

5, 2018) Higher values indicate better
error awareness.

Temporal discounting Monetary Choice A 27-item questionnaire asks the participant to choose between 27 Log k

Questionnaire (MCQ) two hypothetical reward options, a smaller reward now, or a (NA)

(Kirby et al., 1999)

larger reward at some point in the future e.g. “Would you prefer
$15 today or $35 in 13 days”.

Higher values indicate a
preference for sooner but smaller
rewards.

P; Cyders et al., 2014) is a 20-item scale. Three scores were calculated:
urgency (combining negative and positive urgency subscales), lack of
perseverance and premeditation (combining lack of perseverance and
premeditation subscales), and sensation seeking (SS: sensation seeking
subscale). Higher values indicate greater impulsivity.

Psychological Distress — The Depression Anxiety Stress Scale (DASS-
21; Szabo, 2010) is a 21-item scale used to assess current psychological
distress. Items were summed into form a total score. Higher scores
indicate greater distress.

2.4. Dependent variables

Participants were asked to respond reflecting on the past three
months.

Problematic Alcohol Use — The Alcohol Use Disorder Identification
Test (AUDIT; Saunders et al., 1993) is a 10-item scale. A total score is
summed, ranging from O to 40.

Addictive Eating — The modified Yale Food Addiction Scale version 2
(mYFAS 2.0; Schulte & Gearhardt, 2017) is a 13-item scale. A symptom
count is computed, ranging from 0 to 11.

Problematic Pornography Use (PPU) - The Problematic Pornography
Consumption Scale (PPCS-6: Bothe et al., 2021) is a 6-item scale. A total
score is calculated, ranging from 6 to 42.

Problematic Use of the Internet — The abbreviated Young’s Internet
Addiction Test (IAT-10; Tiego et al., 2021) is a 10-item scale. A total
score ranging from 10 to 50 is computed.

2.5. Data cleaning

To ensure data quality, online neurocognitive assessment requires
comprehensive screening protocols and post-hoc data cleaning. Bots and
fraudulent responses were identified and excluded using features
embedded in the Qualtrics survey platform. Implausible responses and
poor performance presumedly due to lack of effort were identified and
removed via a) attention check questions (e.g. “Please select the option
Piano Keys™); b) neurocognitive task performance at less than chance
levels (as per Lee et al., 2023; Albertella, Watson, et al., 2019); c) task-
specific cleaning procedures (e.g. SST go trial accuracy, stop trial ac-
curacy, [Verbruggen et al., 2019] and Independent Race Model check
[Band et al., 2003]). Mann Whitney U and t-tests were used to investi-
gate differences between individuals whose data was filtered out
compared with included individuals on all variables (Table A1).

2.6. Data analysis

Individuals who reported not engaging in an addictive behavior in
the past 3 months were assigned a zero for the corresponding problem
behavior scale. Statistical outliers on neurocognitive measures > 3
standard deviations from the mean were removed (Field et al., 2012). All
analyses were conducted on complete data sets (i.e. participants who
provided data for all variables of interest). Bivariate Spearman corre-
lations, adjusting for multiple comparisons (Holm method: Holm, 1979),
investigated relationships among all variables (Table 3). The
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distributions of all four addictive behavior scales were positively
skewed, constituting the choice of linear regression models with boot-
strapping (5,000 samples) (Neal & Simons, 2007). Multicollinearity was
assessed for each model independently, with VIF values less than 2.5
indicating no issue of multicollinearity (Johnston et al., 2018). Age, sex,
psychological distress, trait impulsivity, and compulsivity were included
as covariates in each regression model (Eisenberg et al., 2019; Sjoberg &
Cole, 2018; Starcke et al., 2016). G-Power 3.1 (Faul et al., 2007) was
used to calculate the minimum sample size required for multiple
regression analyses with 15 predictors and an alpha error probability set
to 0.05. A sample of N = 139 was deemed sufficient to find a medium
effect (f> = 0.15, Power = 0.80).

3. Results
3.1. Participants

Nine-hundred-and-forty-four participants were enrolled. Sixty-three
withdrew during the assessment sessions, and 78 were identified as
fraudulent responses (i.e. spam bots/not genuine responses). Eight-
hundred-and-three participants completed the assessment, with 311
removed due to missing data on one or more variables of interest (i.e.
those included in the regression models), failed attention checks, or poor
neurocognitive task performance. After removing outliers based on
neurocognitive task performance, a final sample of 475 individuals had
complete datasets (see Fig. 1). Participant demographics are displayed
in Table 2.

3.2. Multiple regression models

Correlation analysis findings are presented in Table 3. The multi-
variate models (Tables 4-7) showed the neurocognitive variables were
not significantly associated with problematic alcohol use or AE. Poorer
error awareness was significantly associated with greater PPU (f =
—0.10, p =.049) and PUI (p = —0.09, p =.028), and less steep delay
discounting was significantly associated with higher PUI (§ = —0.10, p
=.025). Higher levels of psychological distress were significantly asso-
ciated with more problematic alcohol use (f = 0.22, p =.003), AE (§ =
0.26, p <.001), PPU (B = 0.20, p <.001), and PUI (§ = 0.37, p <.001).
Higher levels of urgency were significantly associated with more PPU (f
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= 0.14, p =.013) and PUI (B = 0.15, p =.003). Sensation seeking was
positively associated with problematic alcohol use (p = 0.17, p =.003)
and negatively associated with AE (f = —0.12, p =.004) and PUI (§ =
—0.09, p =.014). Higher levels of trait compulsivity were significantly
associated with more AE (f = 0.18, p =.002) and PUI (p = 0.12, p
=.010). Age was positively associated with problematic alcohol use (f =
0.16, p =.002), and negatively associated with PUI (§ = —0.17, p <.001).
Being male was significantly associated with more PPU ( = —0.46, p
<.001), and PUI (f = —0.15, p <.001) whilst being female was signifi-
cantly associated with greater AE (B = 0.19, p <.001). None of the
multivariate models showed problems with multicollinearity.

4. Discussion

This is the first study to comprehensively investigate and control for
the neurocognitive correlates of non-substance addictive behaviors
across AE, PPU, PUI, and problem alcohol use. We took a dimensional
approach to identify correlates associated with these addictive behav-
iors at varying degrees of severity in the general community. Our find-
ings indicate, in this sample, addictive behaviors are associated with a
unique profile of neurocognitive functioning. Our multivariate models
showed none of the neurocognitive domains were associated with AE or
problematic alcohol use. Poorer performance monitoring was indepen-
dently associated with more PPU and PUI, and a higher preference for
delayed gratification was also independently associated with higher
PUIL Importantly, these findings are identified whilst adjusting for
known confounds (i.e. age, sex, psychological distress), as identified as a
key methodological shortcoming of prior research (Christensen et al.,
2023). Our findings suggest the need for a more nuanced approach to
studying addictive behaviors that take into account the underlying
neurocognitive mechanisms associated with each type of addiction.

Our performance monitoring findings are consistent with prior
research (Zhou et al., 2013). However, this is the first study to show a
link between poorer performance monitoring and PPU. Very little work
has been done evaluating the potential neurocognitive mechanisms
associated with PPU. Of the extant work, findings are mixed. For
example, PPU has been associated with both improved and poorer
inhibitory control (Antons & Brand, 2018; Antons & Matthias, 2020).
Considerable research has investigated PUI, with studies showing PUI is
associated with poorer working memory, response inhibition, and risk-

Enrolled
n = 944
SCREENED OUT (n = 141)
* Bots/fraudulent respondents n=78
*  Withdrew from study n=63
Completed Assessments
n = 803
EXCLUDED (n = 328)
| * Missing data n = 84
l * Attention checks n = 38
* Task performance n=189
Final Sample ¢ Outliers n=17
n = 475

Fig. 1. Flow diagram mapping data collection, cleaning, and reasons for exclusion.
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Table 2
Description of demographic characteristics of the sample.
Variables N
Sample 475
Mean age (SD) 32.3(11.8)
Sex, N (%)
Male 217 (45.7)
Female 258 (54.3)
Gender, N (%)Man 216 (45.5)
Woman 254 (53.5)
Non-binary 4(0.8)
Not listed/ Prefer not to say 1 (0.2)
Race/Ethnicity, N
Aboriginal or Torres Strait 2
Islander
African 2
Asian 101
Black or African American 2
Hispanic or Latino 4
Middle Eastern 4
South Asian 30
White or Caucasian 317
Other 13
Household income in AUD, N
< $10,000 15
$10,000 - $20,000 17
$20,000 — $40,000 48
$40,000 - $60,000 74
$60,000 — $80,000 58
$80,000 — $100,000 66
> $100,000 197
Addictive behaviors M (SD), Classified as problematic: N
range (%)
AUDIT 5.09 (4.82), Harmful/hazardous: 47 (10)
0-30 Suspected dependence: 15 (3)
mYFAS 0.71 (1.78), Mild: 28 (6)
0-10 Moderate: 15 (3)
Severe: 22 (5)
PPCS 9.61 (5.89), 31 (7)
6-42
IAT 16.31 (6.67), 163 (34)
10-48

Note: Sex was defined as biological sex. AUDIT: Alcohol Use Identification Test,
no/low problem use (0-7), harmful/ hazardous use (8-14), likely alcohol
dependence (>15); mYFAS: modified Yale Food Addiction Scale 2.0, mild (2-3),
moderate (4-5) severe (>6) symptoms. PPCS: Problematic Pornography Con-
sumption Scale, problematic use (>20). IAT: an abbreviated version of Young’s
Internet Addiction Test, problematic use (>17).

taking behaviors, as measured by the BART (for a meta-analysis: Ioan-
nidis et al., 2019). Our study did not find these associations, potentially
because the previous studies compared individuals with a PUI “diag-
nosis” to controls, while our sample included individuals with varying
PUI severity. Further, if such deficits are related to vulnerability, they
may be more strongly associated with presence vs absence of a disorder
rather than its severity. Relatedly, it may be that deficits in these do-
mains are evident in those with high levels of PUI, whereas the current
study was conducted in a relatively normative sample. Performance
monitoring is necessary to support higher-order functions such as
cognitive control (Ferdinand & Czernochowski, 2018), and so reduced
performance monitoring may be detectible before other cognitive
functions, acting as an early trans-behavioral risk indicator for PPU and
PUL However, it is important to note the concurrence of PUI and PPU in
our sample (Table 3). Given pornography is predominantly accessed via
the internet, our PPU findings may instead be driven by problematic
internet use to watch pornography, rather than specifically
pornography-related functions.

Some of our findings diverge from that of previous work. For
instance, the finding that more severe PUI was associated with less steep
delay discounting, or a preference for later larger rewards, is contrary to
substantial literature showing individuals with internet addiction are
significantly steeper discounters compared to controls (for meta-

Addictive Behaviors 150 (2024) 107904

analysis: Cheng et al., 2021). A potential interpretation relates to the fact
that we are looking at PUI dimensionally, thus including individuals at
both low and high levels of problem severity. Tiego et al. (2021) have
argued that PUI as measured by the IAT has a unipolar distribution in
which meaningful variance is found at the higher end of the severity
spectrum. Given this, including individuals at lower PUI severity may
have disrupted the expected effect. Further, the finding that the severity
of AE symptoms was not associated with any neurocognitive variables
contrasts with previous studies (Franken et al., 2018; Rodrigue et al.,
2018; VanderBroek-Stice et al., 2017). One explanation for this may be
that neurocognitive functions are more likely to be implicated in more
severe AE. The aforementioned studies included samples with 35-100 %
of participants endorsing mild-severe food addiction, compared to 18 %
currently. Similarly, contrary to expectations, the present study did not
find any of the neurocognitive variables were significantly associated
with problematic alcohol use. The majority of our sample had no/low
alcohol use problems, making it difficult to compare with previous work
which has mostly been conducted in hazardous-severe alcohol use co-
horts (Stavro et al., 2013). It is possible that neurocognitive risk or
sequelae may not be detectable at mild levels of severity. However, our
findings may be attributed to the study sample, with PUI being the most
prevalent addictive behavior endorsed. This sample may differ signifi-
cantly from traditional alcohol-focused research cohorts, suggesting a
unique group of individuals in this study.

Psychological distress was a trans-behavioral correlate across all four
addictive behaviors. This is consistent with previous research showing
increased psychological distress is associated with multiple addictive
and compulsive behaviors (Albertella et al., 2021; Albertella, Pelley,
et al., 2019; Sepas et al., 2021). This finding is likely to present a bi-
directional relationship between psychological distress and addictive
behaviors, a) that addictive behaviors are motivated by way of coping
with psychological distress (Burnatowska et al., 2022; Rodriguez et al.,
2020), and b) addictive behaviors may themselves enhance distress
(Yang et al., 2022).

The present study suggests that different problematic behaviors may
be associated with differing trait impulsivity and compulsivity thresh-
olds. Higher SS was significantly associated with more problematic
alcohol use, and less AE and PUI. Our alcohol findings are in keeping
with the literature in that SS is consistently associated with higher levels
of alcohol use, albeit with a small effect (Hittner & Swickert, 2006).
Further, our AE findings replicate that of Burrows et al. (2017) who
showed a negative relationship between SS and food addiction. Less SS
has also been linked with more time spent online (Miiller et al., 2016).
We also found AE and PUI were significantly positively associated with
trait compulsivity, which is in line with previous findings (Albertella
et al.,, 2021). Taken together we see a pattern emerge according to
behavior type: after controlling for key covariates, substance-related
addictive behaviors (i.e. alcohol use) may be more driven by the
desire for sensation, presumably the reinforcing effects of the substance;
whilst non-substance addictive behaviors may be more compulsively
driven. It is important to note that this does not refute the role of
impulsivity in non-substance-related addictive behaviors, nor compul-
sivity in substance addiction both of which have been well evidenced
elsewhere (Everitt & Robbins, 2016; Lee et al., 2019). Rather, the pre-
sent findings may speak to the relative contributions of these constructs
per addictive behavior type (Tiego et al., 2019), particularly in less se-
vere, non-clinical general population cohorts.

4.1. Limitations and future directions

Despite the strengths of our study, namely, a large sample size, the
assessment of multiple addictive behaviors, and a comprehensive eval-
uation of addiction-specific neurocognitive correlates for each behavior,
our findings should be considered in light of several limitations. The
most notable limitation is the relatively low levels of severity (see ap-
pendix Fig. A1) in the study sample preventing the generalizability of
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Table 6
Linear regression model with bootstrapping for problematic pornography use.
[i] SE 95 % CI P
Lower  Upper
Demographics
Age -0.04 0.02 -0.06 0.03 0.450
Sex (F) —0.46 053 —6.47 —4.40 <0.001***
Neurocognition
SST: SSRT -0.04 226 -6.71 0.97 0.287
VMAC: VMAC score 0.03 409 -3.54 12.20 0.291
BART: M pre-committed 0.01 0.01 —0.03 0.03 0.883
pumps
CST: Switch cost latency 0.00 0.00 —0.00 0.00 0.924
EAT: Error awareness —-0.10 0.01 —0.03 —0.00 0.049*
SDT: w 0.03 0.67 -0.75 1.88 0.400
N-Back: 3-back d’ -0.05 0.24 -0.70 0.21 0.298
DDT: Log k -0.05 016 —0.49 0.15 0.327
Covariates
DASS: Total score 0.20 0.03 0.04 0.16 <0.001***
SUPPS-P: Lack of 0.04 020 -0.26 0.53 0.581
perseverance and
premeditation
SUPPS-P: Urgency 0.14 0.13 0.06 0.59 0.013*
SUPPS-P: Sensation seeking —-0.03  0.09 —0.24 0.13 0.542
CHI-T: Trait compulsivity 0.05 0.06 0.06 0.16 0.414

score

Note. p: Unstandardized coefficient; SE: Standard error; *p <.05, **p <.01,
<.001.

Table 7
Linear regression model with bootstrapping for problematic use of the internet.
i SE 95 % CI p
Lower Upper
Demographics
Age -0.17  0.02 -0.14 —0.05 <0.001%**
Sex (F) -0.15 0.54 -3.07 —0.98 <0.001***
Neurocognition
SST: SSRT 0.01 2.90 —4.81 6.37 0.801
VMAC: VMAC score —0.00 5.13 —10.66 9.10 0.886
BART: M pre-committed 0.03 0.02 —0.02 0.04 0.444
pumps
CST: Switch cost latency 0.02  0.00 —-0.00 0.00 0.597
EAT: Error awareness —-0.09 0.01 -0.03  —-0.00 0.028*
SDT: w -0.07 0.76 —-2.81 0.22 0.093
N-Back: 3-back d’ -0.02  0.22 —-0.55 0.31 0.555
DDT: Log k -0.10 0.18 -0.75 —0.04 0.025*
Covariates
DASS: Total score 0.37 0.03 0.15 0.29 <0.001***
SUPPS-P: Lack of 0.08 0.19 —0.06 0.71 0.102
perseverance and
premeditation
SUPPS-P: Urgency 0.15 0.14 0.13 0.67 0.003**
SUPPS-P: Sensation seeking -0.09 0.09 —0.40 —-0.04 0.014*
CHI-T: Trait compulsivity 0.12  0.05 0.03 0.24 0.010*

score

Note. p: Standardized coefficient; SE: Standard error; *p <.05, **p <.01, ***p
<.001.

dataset. Post-hoc comparisons of our sample for those whose data was
screened out found that the individuals who were removed from the
analysis had significantly higher AE, PUI, and lack of perseverance/
premeditation than included participants (see appendix). As such, our
sample may be biased towards less impulsive individuals which may not
be representative of the wider community. Future research should
consider the trade-off associated with unsupervised data collection.
The use of gamified neurocognitive tasks to assess aspects of neu-
rocognitive function may also have impacted our findings. Whilst
gamification can enhance engagement and motivation (Lumsden et al.,
2016), the addition of game-like elements did cause some of the tasks to
deviate from their traditional counterparts. For instance, enhanced
complexity of the visual display which may affect the salience of visual

Addictive Behaviors 150 (2024) 107904

cues, potentially impacting paradigms that rely on distractor cues such
as the VMAC task. Further, the BrainPAC SST utilized a points element in
which faster responses earned more points, potentially encouraging
faster but less accurate responding and thus impacting SSRT
calculations.

Finally, the cross-sectional nature of the present study limits our
ability to determine causal relationships between the variables of in-
terest. The next natural step would be to conduct a longitudinal evalu-
ation of the same predictors to determine the key mechanisms that
predict the development of AE, PPU, and PUI over time. This would
better inform intervention and prevention targets for non-substance
addictive behaviors and could shed light on the relative contribution
of impulsivity and compulsivity (in terms of cognition or traits) at
different stages of addiction (e.g. as relates to duration of addictive
symptoms).

In conclusion, the present study revealed that different addictive
behaviors may have unique neurocognitive mechanisms. There are
likely partly distinct mechanisms or pathways to addiction depending
on the addictive behavior in question. This has key implications for early
intervention, in particular, our study supports the need for tailored
treatments that focus on the specific behavior-related neurocognitive
functions rather than assuming cognitive dysfunction is necessarily the
same across addictions.
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Elsevier. The above funding sources have had no role in the present
study design, collection, analysis or interpretation of the data, writing
the manuscript, or the decision to submit this paper for publication.

Variables that significantly differed between the sample retained in the study and the sample removed during data cleaning.

Sample removed Test statistic

Mean(SD)
Variable Sample retained
mYFAS symptom count 0.72 (1.79)
IAT score 16.3 (6.68)
Lack of perseverance and premeditation 7.52 (1.77)

2.39 (2.95) 47366%**
22.46 (8.86) 45768%**
8.84 (2.19)

Note: ***p <.001; Mann-Whitney U test was used for non-parametric comparisons (mYFAS and IAT); t-test was used for parametric

comparison (lack of perseverance and premeditation).
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Supplementary data to this article can be found online at https://doi.org/10.1016/j.addbeh.2023.107904.

References

Adams, R. C., Lawrence, N. S., Verbruggen, F., & Chambers, C. D. (2017). Training
response inhibition to reduce food consumption: Mechanisms, stimulus specificity
and appropriate training protocols. Appetite, 109, 11-23. https://doi.org/10.1016/j.
appet.2016.11.014

Adams, R. C., Sedgmond, J., Maizey, L., Chambers, C. D., & Lawrence, N. S. (2019). Food
addiction: Implications for the diagnosis and treatment of overeating. Nutrients, 11
(9), 2086. https://doi.org/10.3390/nu11092086

Albertella, L., Chamberlain, S. R., Le Pelley, M. E., Greenwood, L.-M., Lee, R. S., Den
Ouden, L., Segrave, R. A., Grant, J. E., & Yiicel, M. (2020). Compulsivity is
measurable across distinct psychiatric symptom domains and is associated with
familial risk and reward-related attentional capture. CNS Spectrums, 25(4), 519-526.
https://doi.org/10.1017/51092852919001330

Albertella, L., Pelley, M. E. L., Chamberlain, S. R., Westbrook, F., Fontenelle, L. F.,
Segrave, R., Lee, R., Pearson, D., & Yiicel, M. (2019). Reward-related attentional
capture is associated with severity of addictive and obsessive-compulsive behaviors.
Psychology of Addictive Behaviors, 33(5), 495-502. https://doi.org/10.1037/
adb0000484

Albertella, L., Rotaru, K., Christensen, E., Lowe, A., Brierley, M.-E., Richardson, K.,
Chamberlain, S. R., Lee, R. S. C., Kayayan, E., Grant, J. E., Schluter-Hughes, S.,
Ince, C., Fontenelle, L. F., Segrave, R., & Yiicel, M. (2021). The influence of trait
compulsivity and impulsivity on addictive and compulsive behaviors during COVID-

19. Frontiers in Psychiatry, 12, Article 634583. https://doi.org/10.3389/
fpsyt.2021.634583

Albertella, L., Watson, P., Yiicel, M., & Le Pelley, M. E. (2019). Persistence of value-
modulated attentional capture is associated with risky alcohol use. Addictive
Behaviors Reports, 10, Article 100195. https://doi.org/10.1016/j.abrep.2019.100195

American Psychiatric Association. (2013). Diagnostic and statistical manual of mental
disorders (5th ed.). Washington, DC: Author.

Amlung, M., Vedelago, L., Acker, J., Balodis, 1., & MacKillop, J. (2017). Steep delay
discounting and addictive behavior: A meta-analysis of continuous associations.
Addiction (Abingdon, England), 112(1), 51-62. https://doi.org/10.1111/add.13535

Antons, S., & Brand, M. (2018). Trait and state impulsivity in males with tendency
towards Internet-pornography-use disorder. Addictive Behaviors, 79, 171-177.
https://doi.org/10.1016/j.addbeh.2017.12.029

Antons, S., & Matthias, B. (2020). Inhibitory control and problematic Internet-
pornography use — The important balancing role of the insula. Journal of Behavioral
Addictions, 9(1), 58-70. https://doi.org/10.1556,/2006.2020.00010

Band, G. P. H., Van Der Molen, M. W., & Logan, G. D. (2003). Horse-race model
simulations of the stop-signal procedure. Acta Psychologica, 112(2), 105-142.
https://doi.org/10.1016/S0001-6918(02)00079-3

Berridge, K. C., & Robinson, T. E. (2016). Liking, wanting, and the incentive-sensitization
theory of addiction. American Psychologist, 71(8), 670-679. https://doi.org/
10.1037/amp0000059


https://doi.org/10.1016/j.addbeh.2023.107904
https://doi.org/10.1016/j.appet.2016.11.014
https://doi.org/10.1016/j.appet.2016.11.014
https://doi.org/10.3390/nu11092086
https://doi.org/10.1017/S1092852919001330
https://doi.org/10.1037/adb0000484
https://doi.org/10.1037/adb0000484
https://doi.org/10.3389/fpsyt.2021.634583
https://doi.org/10.3389/fpsyt.2021.634583
https://doi.org/10.1016/j.abrep.2019.100195
https://doi.org/10.1111/add.13535
https://doi.org/10.1016/j.addbeh.2017.12.029
https://doi.org/10.1556/2006.2020.00010
https://doi.org/10.1016/S0001-6918(02)00079-3
https://doi.org/10.1037/amp0000059
https://doi.org/10.1037/amp0000059

E. Christensen et al.

Béthe, B., Téth-Kiraly, 1., Demetrovics, Z., & Orosz, G. (2021). The short version of the
problematic pornography consumption scale (PPCS-6): A reliable and valid measure
in general and treatment-seeking populations. Journal of Sex Research, 58(3),
342-352. https://doi.org/10.1080,/00224499.2020.1716205

Brand, M. (2022). Can internet use become addictive? Science, 376(6595), 798-799.
https://doi.org/10.1126/science.abn4189

Brand, M., Wegmann, E., Stark, R., Miiller, A., Wolfling, K., Robbins, T. W., &
Potenza, M. N. (2019). The Interaction of Person-Affect-Cognition-Execution (I-
PACE) model for addictive behaviors: Update, generalization to addictive behaviors
beyond internet-use disorders, and specification of the process character of addictive
behaviors. Neuroscience & Biobehavioral Reviews, 104, 1-10. https://doi.org/
10.1016/j.neubiorev.2019.06.032

Burmeister, J. M., Hinman, N., Koball, A., Hoffmann, D. A., & Carels, R. A. (2013). Food
addiction in adults seeking weight loss treatment. Implications for psychosocial
health and weight loss. Appetite, 60, 103-110. https://doi.org/10.1016/j.
appet.2012.09.013

Burnatowska, E., Surma, S., & Olszanecka-Glinianowicz, M. (2022). Relationship
between mental health and emotional eating during the COVID-19 pandemic: A
systematic review. Nutrients, 14(19), 3989. https://doi.org/10.3390/nul4193989

Burrows, T., Hides, L., Brown, R., Dayas, C., & Kay-Lambkin, F. (2017). Differences in
dietary preferences, personality and mental health in Australian adults with and
without food addiction. Nutrients, 9(3), 285. https://doi.org/10.3390/nu9030285

Burrows, T., Kay-Lambkin, F., Pursey, K., Skinner, J., & Dayas, C. (2018). Food addiction
and associations with mental health symptoms: A systematic review with meta-
analysis. Journal of Human Nutrition and Dietetics, 31(4), 544-572. https://doi.org/
10.1111/jhn.12532

Camilleri, C., Perry, J. T., & Sammut, S. (2021). Compulsive internet pornography use
and mental health: A cross-sectional study in a sample of university students in the
United States. Frontiers in Psychology, 11, Article 613244. https://doi.org/10.3389/
fpsyg.2020.613244

Chamberlain, S. R., & Grant, J. E. (2018). Initial validation of a transdiagnostic
compulsivity questionnaire: The cambridge-chicago compulsivity trait scale. CNS
Spectrums, 23(5), 340-346. https://doi.org/10.1017/51092852918000810

Chamberlain, S. R., Lochner, C., Stein, D. J., Goudriaan, A. E., van Holst, R. J., Zohar, J.,
& Grant, J. E. (2016). Behavioural addiction—A rising tide? European
Neuropsychopharmacology, 26(5), 841-855. https://doi.org/10.1016/j.
euroneuro.2015.08.013

Chambers, C. D., Garavan, H., & Bellgrove, M. A. (2009). Insights into the neural basis of
response inhibition from cognitive and clinical neuroscience. Neuroscience &
Biobehavioral Reviews, 33(5), 631-646. https://doi.org/10.1016/j.
neubiorev.2008.08.016

Cheng, C., & Li, A. Y. (2014). Internet addiction prevalence and quality of (real) life: A
meta-analysis of 31 nations across seven world regions. Cyberpsychology, Behavior,
and Social Networking, 17(12), 755-760. https://doi.org/10.1089/cyber.2014.0317

Cheng, Y. S., Ko, H.-C., Sun, C.-K., & Yeh, P.-Y. (2021). The relationship between delay
discounting and Internet addiction: A systematic review and meta-analysis. Addictive
Behaviors, 114, Article 106751. https://doi.org/10.1016/j.addbeh.2020.106751

Christensen, E., Brydevall, M., Albertella, L., Samarawickrama, S. K., Yiicel, M., &

Lee, R. S. C. (2023). Neurocognitive predictors of addiction-related outcomes: A
systematic review of longitudinal studies. Neuroscience & Biobehavioral Reviews, 152,
Article 105295. https://doi.org/10.1016/j.neubiorev.2023.105295

Christiansen, P., Cole, J. C., Goudie, A. J., & Field, M. (2012). Components of behavioural
impulsivity and automatic cue approach predict unique variance in hazardous
drinking. Psychopharmacology, 219(2), 501-510. https://doi.org/10.1007/s00213-
011-2396-z

Criaud, M., & Boulinguez, P. (2013). Have we been asking the right questions when
assessing response inhibition in go/no-go tasks with fMRI? A meta-analysis and
critical review. Neuroscience & Biobehavioral Reviews, 37(1), 11-23. https://doi.org/
10.1016/j.neubiorev.2012.11.003

Cyders, M. A, Littlefield, A. K., Coffey, S., & Karyadi, K. A. (2014). Examination of a
short english version of the UPPS-P impulsive behavior scale. Addictive Behaviors, 39
(9), 1372-1376. https://doi.org/10.1016/j.addbeh.2014.02.013

Dalley, J. W., Everitt, B. J., & Robbins, T. W. (2011). Impulsivity, compulsivity, and top-
down cognitive control. Neuron, 69(4), 680-694. https://doi.org/10.1016/j.
neuron.2011.01.020

Duckworth, A. L., & Kern, M. L. (2011). A meta-analysis of the convergent validity of self-
control measures. Journal of Research in Personality, 45(3), 259-268. https://doi.org/
10.1016/j.jrp.2011.02.004

Eisenberg, I. W., Bissett, P. G., Enkavi, A. Z., Li, J., MacKinnon, D. P., Marsch, L. A, &
Poldrack, R. A. (2019). Uncovering the structure of self-regulation through data-
driven ontology discovery. Nature. Communications, 10(1). https://doi.org/10.1038/
s41467-019-10301-1

Ekhtiari, H., Victor, T. A., & Paulus, M. P. (2017). Aberrant decision-making and drug
addiction—How strong is the evidence? Current Opinion in Behavioral Sciences, 13,
25-33. https://doi.org/10.1016/j.cobeha.2016.09.002

Everitt, B. J., & Robbins, T. W. (2016). Drug addiction: Updating actions to habits to
compulsions ten years on. Annual Review of Psychology, 67, 23-50. https://doi.org/
10.1146/annurev-psych-122414-033457

Faul, F., Erdfelder, E., Lang, A.-G., & Buchner, A. (2007). G*Power 3: A flexible statistical
power analysis for the social, behavioral, and biomedical sciences. Behavior
Research Methods, 39, 175-191.

Ferdinand, N. K., & Czernochowski, D. (2018). Motivational influences on performance
monitoring and cognitive control across the adult lifespan. Frontiers in Psychology, 9,
1018. https://doi.org/10.3389/fpsyg.2018.01018

Field, A., Miles, J., & Field, Z. (2012). Discovering statistics using R. SAGE. Publications.

Addictive Behaviors 150 (2024) 107904

Fineberg, N., Demetrovics, Z., Stein, D., loannidis, K., Potenza, M., Griinblatt, E., ...
Chamberlain, S. (2018). Manifesto for a European research network into Problematic
Usage of the Internet. European Neuropsychopharmacology, 28(11), 1232-1246.
https://doi.org/10.1016/j.euroneuro.2018.08.004

Floros, G. D., & Ioannidis, K. (2021). Editorial: The impact of online addiction on general
health, well-being and associated societal costs. Frontiers in Public Health, 9, Article
676498. https://doi.org/10.3389/fpubh.2021.676498

Forsén Mantilla, E., Clinton, D., Monell, E., Levallius, J., & Birgegard, A. (2022).
Impulsivity and compulsivity as parallel mediators of emotion dysregulation in
eating-related addictive-like behaviors, alcohol use, and compulsive exercise. Brain
and Behavior, 12(1). https://doi.org/10.1002/brb3.2458

Franken, I. H. A, Nijs, I. M. T., Toes, A., & van der Veen, F. M. (2018). Food addiction is
associated with impaired performance monitoring. Biological Psychology, 131, 49-53.
https://doi.org/10.1016/j.biopsycho.2016.07.005

Friedman, N. P., Miyake, A., Young, S. E., DeFries, J. C., Corley, R. P., & Hewitt, J. K.
(2008). Individual differences in executive functions are almost entirely genetic in
origin. Journal of Experimental Psychology: General, 137(2), 201-225. https://doi.
org/10.1037/0096-3445.137.2.201

Grant, B. F., Goldstein, R. B., Saha, T. D., Chou, S. P., Jung, J., Zhang, H., Pickering, R. P.,
Ruan, W. J., Smith, S. M., Huang, B., & Hasin, D. S. (2015). Epidemiology of DSM-5
alcohol use disorder: Results from the national epidemiologic survey on alcohol and
related conditions III. JAMA Psychiatry, 72(8), 757. https://doi.org/10.1001/
jamapsychiatry.2015.0584

Grubbs, J. B., Stauner, N., Exline, J. J., Pargament, K. ., & Lindberg, M. J. (2015).
Perceived addiction to internet pornography and psychological distress: Examining
relationships concurrently and over time. Psychology of Addictive Behaviors, 29(4),
1056-1067. https://doi.org/10.1037/adb0000114

Hardee, J. E., Phaneuf, C., Cope, L., Zucker, R., Gearhardt, A., & Heitzeg, M. (2020).
Neural correlates of inhibitory control in youth with symptoms of food addiction.
Appetite, 148, Article 104578. https://doi.org/10.1016/j.appet.2019.104578

Hasin, D. S., O’Brien, C. P., Auriacombe, M., Borges, G., Bucholz, K., Budney, A.,
Compton, W. M., Crowley, T., Ling, W., Petry, N. M., Schuckit, M., & Grant, B. F.
(2013). DSM-5 criteria for substance use disorders: Recommendations and rationale.
American Journal of Psychiatry, 170(8), 834-851. https://doi.org/10.1176/appi.
ajp.2013.12060782

Hester, R., Simoes-Franklin, C., & Garavan, H. (2007). Post-error behavior in active
cocaine users: Poor awareness of errors in the presence of intact performance
adjustments. Neuropsychopharmacology: Official Publication of the American College of
Neuropsychopharmacology. https://doi.org/10.1038/sj.npp.1301326

Hittner, J. B., & Swickert, R. (2006). Sensation seeking and alcohol use: A meta-analytic
review. Addictive Behaviors, 31(8), 1383-1401. https://doi.org/10.1016/j.
addbeh.2005.11.004

Holm, S. (1979). A simple sequentially rejective multiple test procedure. Scandinavian
Journal of Statistics, 65-70.

Inquisit 5 [Computer software]. (2018). Retrieved from https://www.millisecond.com.

Ioannidis, K., Grant, J. E., & Chamberlain, S. R. (2022). Problematic usage of the internet
and cognition. Current Opinion in Behavioral Sciences, 44, Article 101104. https://doi.
org/10.1016/j.cobeha.2022.101104

Jeromin, F., Nyenhuis, N., & Barke, A. (2016). Attentional bias in excessive Internet
gamers: Experimental investigations using an addiction Stroop and a visual probe.
Journal of Behavioral Addictions, 5(1), 32-40. https://doi.org/10.1556/
2006.5.2016.012

Johnston, R., Jones, K., & Manley, D. (2018). Confounding and collinearity in regression
analysis: A cautionary tale and an alternative procedure, illustrated by studies of
British voting behaviour. Quality & Quantity, 52(4), 1957-1976. https://doi.org/
10.1007/511135-017-0584-6

Kiesel, A., Steinhauser, M., Wendt, M., Falkenstein, M., Jost, K., Philipp, A. M., & Koch, L.
(2010). Control and interference in task switching—A review. Psychological Bulletin,
136(5), 849-874. https://doi.org/10.1037/a0019842

Kirby, K. N., Petry, N. M., & Bickel, W. K. (1999). Heroin addicts have higher discount
rates for delayed rewards than non-drug-using controls. Journal of Experimental
Psychology: General, 128(1), 78-87. https://doi.org/10.1037/0096-3445.128.1.78

Kowalewska, E., Sadowski, J., Wordecha, M., Golec, K., Czajkowski, M., & Mateusz, G.
(2017). OP-53: How impulsivity is related to problematic pornography use?
Longitudinal study among participants of 12-steps sexual addiction treatment
program. Journal of Behavioral Addictions, 6(S1), 26. Gale Academic OneFile.

Kuss, D., Griffiths, M., Karila, L., & Billieux, J. (2014). Internet Addiction: A systematic
review of epidemiological research for the last decade. Current Pharmaceutical Design,
20(25), 4026-4052. https://doi.org/10.2174/13816128113199990617

Lee, R. S. C., Albertella, L., Christensen, E., Suo, C., Segrave, R. A., Brydevall, M., ...
Yiicel, M. (2023). A novel, expert-endorsed, neurocognitive digital assessment tool
for addictive disorders: Development and validation study. Journal of Medical Internet
Research, 25, Article e44414. https://doi.org/10.2196/44414

Lee, R. S. C., Hoppenbrouwers, S., & Franken, I. (2019). A systematic meta-review of
impulsivity and compulsivity in addictive behaviors. Neuropsychology Review., 29,
14-26. https://doi.org/10.1007/5s11065-019-09402-x

Lumsden, J., Edwards, E. A., Lawrence, N. S., Coyle, D., & Munafo, M. R. (2016).
Gamification of cognitive assessment and cognitive training: A systematic review of
applications and efficacy. JMIR Serious Games, 4(2), ell.

Lundqvist, T. (2005). Cognitive consequences of cannabis use: Comparison with abuse of
stimulants and heroin with regard to attention, memory and executive functions.
Pharmacology Biochemistry and Behavior, 81(2), 319-330. https://doi.org/10.1016/j.
pbb.2005.02.017

Mechelmans, D. J., Irvine, M., Banca, P., Porter, L., Mitchell, S., Mole, T. B., Lapa, T. R.,
Harrison, N. A., Potenza, M. N., & Voon, V. (2014). Enhanced attentional bias



https://doi.org/10.1080/00224499.2020.1716205
https://doi.org/10.1126/science.abn4189
https://doi.org/10.1016/j.neubiorev.2019.06.032
https://doi.org/10.1016/j.neubiorev.2019.06.032
https://doi.org/10.1016/j.appet.2012.09.013
https://doi.org/10.1016/j.appet.2012.09.013
https://doi.org/10.3390/nu14193989
https://doi.org/10.3390/nu9030285
https://doi.org/10.1111/jhn.12532
https://doi.org/10.1111/jhn.12532
https://doi.org/10.3389/fpsyg.2020.613244
https://doi.org/10.3389/fpsyg.2020.613244
https://doi.org/10.1017/S1092852918000810
https://doi.org/10.1016/j.euroneuro.2015.08.013
https://doi.org/10.1016/j.euroneuro.2015.08.013
https://doi.org/10.1016/j.neubiorev.2008.08.016
https://doi.org/10.1016/j.neubiorev.2008.08.016
https://doi.org/10.1089/cyber.2014.0317
https://doi.org/10.1016/j.addbeh.2020.106751
https://doi.org/10.1016/j.neubiorev.2023.105295
https://doi.org/10.1007/s00213-011-2396-z
https://doi.org/10.1007/s00213-011-2396-z
https://doi.org/10.1016/j.neubiorev.2012.11.003
https://doi.org/10.1016/j.neubiorev.2012.11.003
https://doi.org/10.1016/j.addbeh.2014.02.013
https://doi.org/10.1016/j.neuron.2011.01.020
https://doi.org/10.1016/j.neuron.2011.01.020
https://doi.org/10.1016/j.jrp.2011.02.004
https://doi.org/10.1016/j.jrp.2011.02.004
https://doi.org/10.1038/s41467-019-10301-1
https://doi.org/10.1038/s41467-019-10301-1
https://doi.org/10.1016/j.cobeha.2016.09.002
https://doi.org/10.1146/annurev-psych-122414-033457
https://doi.org/10.1146/annurev-psych-122414-033457
https://doi.org/10.3389/fpsyg.2018.01018
http://refhub.elsevier.com/S0306-4603(23)00299-X/h0185
https://doi.org/10.1016/j.euroneuro.2018.08.004
https://doi.org/10.3389/fpubh.2021.676498
https://doi.org/10.1002/brb3.2458
https://doi.org/10.1016/j.biopsycho.2016.07.005
https://doi.org/10.1037/0096-3445.137.2.201
https://doi.org/10.1037/0096-3445.137.2.201
https://doi.org/10.1001/jamapsychiatry.2015.0584
https://doi.org/10.1001/jamapsychiatry.2015.0584
https://doi.org/10.1037/adb0000114
https://doi.org/10.1016/j.appet.2019.104578
https://doi.org/10.1176/appi.ajp.2013.12060782
https://doi.org/10.1176/appi.ajp.2013.12060782
https://doi.org/10.1038/sj.npp.1301326
https://doi.org/10.1016/j.addbeh.2005.11.004
https://doi.org/10.1016/j.addbeh.2005.11.004
http://refhub.elsevier.com/S0306-4603(23)00299-X/h0235
http://refhub.elsevier.com/S0306-4603(23)00299-X/h0235
https://doi.org/10.1016/j.cobeha.2022.101104
https://doi.org/10.1016/j.cobeha.2022.101104
https://doi.org/10.1556/2006.5.2016.012
https://doi.org/10.1556/2006.5.2016.012
https://doi.org/10.1007/s11135-017-0584-6
https://doi.org/10.1007/s11135-017-0584-6
https://doi.org/10.1037/a0019842
https://doi.org/10.1037/0096-3445.128.1.78
https://doi.org/10.2174/13816128113199990617
https://doi.org/10.2196/44414
https://doi.org/10.1007/s11065-019-09402-x
http://refhub.elsevier.com/S0306-4603(23)00299-X/h0280
http://refhub.elsevier.com/S0306-4603(23)00299-X/h0280
http://refhub.elsevier.com/S0306-4603(23)00299-X/h0280
https://doi.org/10.1016/j.pbb.2005.02.017
https://doi.org/10.1016/j.pbb.2005.02.017
http://refhub.elsevier.com/S0306-4603(23)00299-X/h0290
http://refhub.elsevier.com/S0306-4603(23)00299-X/h0290

E. Christensen et al.

towards sexually explicit cues in individuals with and without compulsive sexual
behaviours. PLoS ONE, 9(8), e105476.

Mennig, M., Tennie, S., & Barke, A. (2020). A psychometric approach to assessments of
problematic use of online pornography and social networking sites based on the
conceptualizations of internet gaming disorder. BMC Psychiatry, 20(1), 318. https://
doi.org/10.1186/5s12888-020-02702-0

Meule, A., & Gearhardt, A. N. (2019). Ten years of the Yale Food Addiction Scale: A
review of version 2.0. Current Addiction Reports, 6(3), 218-228. https://doi.org/
10.1007/s40429-019-00261-3

Meule, A., Lutz, A., Vogele, C., & Kiibler, A. (2012). Women with elevated food addiction
symptoms show accelerated reactions, but no impaired inhibitory control, in
response to pictures of high-calorie food-cues. Eating Behaviors, 13(4), 423-428.
https://doi.org/10.1016/j.eatbeh.2012.08.001

Moeller, F. G., Barratt, E. S., Dougherty, D. M., Schmitz, J. M., & Swann, A. C. (2001).
Psychiatric aspects of impulsivity. American Journal of Psychiatry, 158(11),
1783-1793. https://doi.org/10.1176/appi.ajp.158.11.1783

Miiller, K. W., Dreier, M., Beutel, M. E., & Wolfling, K. (2016). Is sensation seeking a
correlate of excessive behaviors and behavioral addictions? A detailed examination
of patients with Gambling Disorder and Internet Addiction. Psychiatry Research, 242,
319-325. https://doi.org/10.1016/j.psychres.2016.06.004

Murphy, C. M., Stojek, M. K., & MacKillop, J. (2014). Interrelationships among impulsive
personality traits, food addiction, and Body Mass Index. Appetite, 73, 45-50. https://
doi.org/10.1016/j.appet.2013.10.008

Neal, D. J., & Simons, J. S. (2007). Inference in regression models of heavily skewed
alcohol use data: A comparison of ordinary least squares, generalized linear models,
and bootstrap resampling. Psychology of Addictive Behaviors, 21(4), 441-452. https://
doi.org/10.1037/0893-164X.21.4.441

Nikolaidou, M., Fraser, D. S., & Hinvest, N. (2019). Attentional bias in Internet users with
problematic use of social networking sites. Journal of Behavioral Addictions, 8(4),
733-742. https://doi.org/10.1556,/2006.8.2019.60

O’Brien, H., Callinan, S., Livingston, M., Doyle, J. S., & Dietze, P. M. (2020). Population
patterns in Alcohol Use Disorders Identification Test (AUDIT) scores in the
Australian population; 2007-2016. Australian and New Zealand Journal of Public
Health, 44(6), 462-467. https://doi.org/10.1111/1753-6405.13043

Odlaug, B. L., Chamberlain, S. R., Kim, S. W., Schreiber, L. R. N., & Grant, J. E. (2011).
A neurocognitive comparison of cognitive flexibility and response inhibition in
gamblers with varying degrees of clinical severity. Psychological Medicine, 41(10),
2111-2119. https://doi.org/10.1017/50033291711000316

Qualtrics software, Version 08.23. Copyright © 2023 Qualtrics. Qualtrics and all other
Qualtrics product or service names are registered trademarks or trademarks of
Qualtrics, Provo, UT, USA. https://www.qualtrics.com.

Raj, K., Segrave, R., Tiego, J., Verdéjo-Garcia, A., & Yiicel, M. (2022). Problematic Use of
the Internet among Australian university students: Prevalence and profile. Computers
in Human Behavior Reports, 8, Article 100243. https://doi.org/10.1016/j.
chbr.2022.100243

Ridderinkhof, K. R., Van Den Wildenberg, W. P. M., Segalowitz, S. J., & Carter, C. S.
(2004). Neurocognitive mechanisms of cognitive control: The role of prefrontal
cortex in action selection, response inhibition, performance monitoring, and reward-
based learning. Brain and Cognition, 56(2), 129-140. https://doi.org/10.1016/j.
bandc.2004.09.016

Rodrigue, C., Ouellette, A.-S., Lemieux, S., Tchernof, A., Biertho, L., & Bégin, C. (2018).
Executive functioning and psychological symptoms in food addiction: A study among
individuals with severe obesity. Eating and Weight Disorders - Studies on Anorexia,
Bulimia and Obesity, 23(4), 469-478. https://doi.org/10.1007/540519-018-0530-1

Rodriguez, L. M., Litt, D. M., & Stewart, S. H. (2020). Drinking to cope with the
pandemic: The unique associations of COVID-19-related perceived threat and
psychological distress to drinking behaviors in American men and women. Addictive
Behaviors, 110, Article 106532. https://doi.org/10.1016/j.addbeh.2020.106532

Saunders, J. B., Aasland, O. G., Babor, T. F., De La Fuente, J. R., & Grant, M. (1993).
Development of the Alcohol Use Disorders Identification Test (AUDIT): WHO
collaborative project on early detection of persons with harmful alcohol
consumption-II. Addiction, 88(6), 791-804. https://doi.org/10.1111/j.1360-
0443.1993.tb02093.x

10

Addictive Behaviors 150 (2024) 107904

Schulte, E. M., & Gearhardt, A. N. (2017). Development of the Modified Yale Food
Addiction Scale Version 2.0: Development of the mYFAS 2.0. European Eating
Disorders Review, 25(4), 302-308. https://doi.org/10.1002/erv.2515

Sepas, A., El-Hussuna, A., Atici, S. D., & Yang, W. (2021). The association between
problematic Instagram use, psychological distress, and wellbeing: A systematic
review and meta-analysis. SSRN Electronic Journal. https://doi.org/10.2139/
ss1n.3956428

Sjoberg, E. A., & Cole, G. G. (2018). Sex differences on the Go/No-Go Test of inhibition.
Archives of Sexual Behavior, 47(2), 537-542. https://doi.org/10.1007/510508-017-
1010-9

Smith, J. L., Mattick, R. P., Jamadar, S. D., & Iredale, J. M. (2014). Deficits in behavioural
inhibition in substance abuse and addiction: A meta-analysis. Drug and Alcohol
Dependence, 145, 1-33. https://doi.org/10.1016/j.drugalcdep.2014.08.009

Starcke, K., Wiesen, C., Trotzke, P., & Brand, M. (2016). Effects of acute laboratory stress
on executive functions. Frontiers in Psychology, 7. https://doi.org/10.3389/
fpsyg.2016.00461

Stavro, K., Pelletier, J., & Potvin, S. (2013). Widespread and sustained cognitive deficits
in alcoholism: A meta-analysis: Alcoholism and cognition. Addiction Biology, 18(2),
203-213. https://doi.org/10.1111/j.1369-1600.2011.00418.x

Szabd, M. (2010). The short version of the Depression Anxiety Stress Scales (DASS-21):
Factor structure in a young adolescent sample. Journal of Adolescence, 33(1), 1-8.
https://doi.org/10.1016/j.adolescence.2009.05.014

Tiego, J., Lochner, C., Ioannidis, K., Brand, M., Stein, D. J., Yiicel, M., Grant, J. E., &
Chamberlain, S. R. (2021). Measurement of the problematic usage of the Internet
unidimensional quasitrait continuum with item response theory. Psychological
Assessment, 33(7), 652-671. https://doi.org/10.1037/pas0000870

Tiego, J., Oostermeijer, S., Prochazkova, L., Parkes, L., Dawson, A., Youssef, G.,
Oldenhof, E., Carter, A., Segrave, R. A., Fontenelle, L. F., & Yiicel, M. (2019).
Overlapping dimensional phenotypes of impulsivity and compulsivity explain co-
occurrence of addictive and related behaviors. CNS Spectrums, 24(4), 426-440.
https://doi.org/10.1017/51092852918001244

Tiego, J., Trender, W., Hellyer, P. J., Grant, J. E., Hampshire, A., & Chamberlain, S. R.
(2023). Measuring compulsivity as a self-reported multidimensional transdiagnostic
construct: Large-scale (N = 182,000) validation of the Cambridge-Chicago
Compulsivity Trait Scale. Assessment, 107319112211490. https://doi.org/10.1177/
10731911221149083

VanderBroek-Stice, L., Stojek, M. K., Beach, S. R. H., vanDellen, M. R., & MacKillop, J.
(2017). Multidimensional assessment of impulsivity in relation to obesity and food
addiction. Appetite, 112, 59-68. https://doi.org/10.1016/j.appet.2017.01.009

Verbruggen, F., Aron, A. R., Band, G. P., Beste, C., Bissett, P. G., Brockett, A. T., ...
Boehler, C. N. (2019). A consensus guide to capturing the ability to inhibit actions and
impulsive behaviors in the stop-signal task., eLife, 8, e46323.

Volkow, N. D., Michaelides, M., & Baler, R. (2019). The neuroscience of drug reward and
addiction. Physiological Reviews, 99(4), 2115-2140. https://doi.org/10.1152/
physrev.00014.2018

Volkow, N. D., & Morales, M. (2015). The brain on drugs: From reward to addiction. Cell,
162(4), 712-725. https://doi.org/10.1016/j.cell.2015.07.046

Wei, L., Zhang, S., Turel, O., Bechara, A., & He, Q. (2017). A Tripartite neurocognitive
model of Internet Gaming Disorder. Frontiers in Psychiatry, 8, 285. https://doi.org/
10.3389/fpsyt.2017.00285

Yang, X., Guo, W., Tao, Y., Meng, Y., Wang, H., Li, X,, ... Li, T. (2022). A bidirectional
association between internet addiction and depression: A large-sample longitudinal
study among Chinese university students. Journal of Affective Disorders, 299,
416-424. https://doi.org/10.1016/j.jad.2021.12.013

Yiicel, M., Oldenhof, E., Ahmed, S. H., Belin, D., Billieux, J., Bowden-Jones, H., ...
Verdejo-Garcia, A. (2019). A transdiagnostic dimensional approach towards a
neuropsychological assessment for addiction: An international Delphi consensus
study: Transdiagnostic neuropsychological approaches to addiction. Addiction, 114
(6), 1095-1109. https://doi.org/10.1111/add.14424

Zhou, Z., Li, C., & Zhu, H. (2013). An Error-Related Negativity Potential Investigation of
Response Monitoring Function in Individuals with Internet Addiction Disorder.
Frontiers in Behavioral Neuroscience, 7. https://doi.org/10.3389/fnbeh.2013.00131


http://refhub.elsevier.com/S0306-4603(23)00299-X/h0290
http://refhub.elsevier.com/S0306-4603(23)00299-X/h0290
https://doi.org/10.1186/s12888-020-02702-0
https://doi.org/10.1186/s12888-020-02702-0
https://doi.org/10.1007/s40429-019-00261-3
https://doi.org/10.1007/s40429-019-00261-3
https://doi.org/10.1016/j.eatbeh.2012.08.001
https://doi.org/10.1176/appi.ajp.158.11.1783
https://doi.org/10.1016/j.psychres.2016.06.004
https://doi.org/10.1016/j.appet.2013.10.008
https://doi.org/10.1016/j.appet.2013.10.008
https://doi.org/10.1037/0893-164X.21.4.441
https://doi.org/10.1037/0893-164X.21.4.441
https://doi.org/10.1556/2006.8.2019.60
https://doi.org/10.1111/1753-6405.13043
https://doi.org/10.1017/S0033291711000316
https://www.qualtrics.com/
https://doi.org/10.1016/j.chbr.2022.100243
https://doi.org/10.1016/j.chbr.2022.100243
https://doi.org/10.1016/j.bandc.2004.09.016
https://doi.org/10.1016/j.bandc.2004.09.016
https://doi.org/10.1007/s40519-018-0530-1
https://doi.org/10.1016/j.addbeh.2020.106532
https://doi.org/10.1111/j.1360-0443.1993.tb02093.x
https://doi.org/10.1111/j.1360-0443.1993.tb02093.x
https://doi.org/10.1002/erv.2515
https://doi.org/10.2139/ssrn.3956428
https://doi.org/10.2139/ssrn.3956428
https://doi.org/10.1007/s10508-017-1010-9
https://doi.org/10.1007/s10508-017-1010-9
https://doi.org/10.1016/j.drugalcdep.2014.08.009
https://doi.org/10.3389/fpsyg.2016.00461
https://doi.org/10.3389/fpsyg.2016.00461
https://doi.org/10.1111/j.1369-1600.2011.00418.x
https://doi.org/10.1016/j.adolescence.2009.05.014
https://doi.org/10.1037/pas0000870
https://doi.org/10.1017/S1092852918001244
https://doi.org/10.1177/10731911221149083
https://doi.org/10.1177/10731911221149083
https://doi.org/10.1016/j.appet.2017.01.009
http://refhub.elsevier.com/S0306-4603(23)00299-X/h0430
http://refhub.elsevier.com/S0306-4603(23)00299-X/h0430
http://refhub.elsevier.com/S0306-4603(23)00299-X/h0430
https://doi.org/10.1152/physrev.00014.2018
https://doi.org/10.1152/physrev.00014.2018
https://doi.org/10.1016/j.cell.2015.07.046
https://doi.org/10.3389/fpsyt.2017.00285
https://doi.org/10.3389/fpsyt.2017.00285
https://doi.org/10.1016/j.jad.2021.12.013
https://doi.org/10.1111/add.14424
https://doi.org/10.3389/fnbeh.2013.00131

	The neurocognitive correlates of non-substance addictive behaviors
	1 Introduction
	2 Methods
	2.1 Participants and procedure
	2.2 Neurocognitive measures
	2.3 Self-report scales
	2.4 Dependent variables
	2.5 Data cleaning
	2.6 Data analysis

	3 Results
	3.1 Participants
	3.2 Multiple regression models

	4 Discussion
	4.1 Limitations and future directions

	CRediT authorship contribution statement
	Declaration of Competing Interest
	Data availability
	Acknowledgement
	Appendix Acknowledgement
	Appendix A Supplementary material
	References


