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Abstract 

The Iowa Gambling Task (IGT) is a widely used measure of decision making ability, but 

its ecological utility in signifying behaviours associated with adverse, “real world” 

consequences has not been reliably demonstrated in persons with substance use 

disorders. Past studies evaluating the ecological validity of the IGT have primarily relied 

on traditional IGT scores; however, the underlying component processes of decision 

making derived from computational modeling might be more closely related to 

engagement in behaviours associated with adverse consequences, especially in more 

vulnerable populations. This study employed the Prospect Valence Learning (PVL) model 

to decompose IGT performance into component processes in 294 marginally housed 

persons with substance use disorders (MHP-SUD). Additionally, we modeled performance 

of 136 healthy participants to ensure parameter robustness. Application of the PVL model 

revealed an exclusive focus on gains and a universal lack of sensitivity to losses among 

MHP-SUD. Further, select associations were detected between component processes 

and self-reported behaviours that have a high likelihood for adverse outcomes in the MHP-

SUD. Specifically, lower attention to losses was modestly associated with more 

behaviours that are apt to adversely impact health, and lower attention to the magnitude 

of outcomes was modestly associated with more behaviours that are apt to adversely 

impact others. Delineation of specific processes that underlie decision making and their 

ecological associations contributes to a deeper and more nuanced understanding of some 

of the neurocognitive contributors to decision making in a vulnerable population that faces 

many personal, social, and economic challenges. 

Keywords:  Decision making; risk taking; Iowa Gambling Task; substance use; 
vulnerably housed; Prospect Valence Learning model 
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Introduction 

Chronic non-prescription substance use is associated with a multitude of serious 

personal and societal consequences. In marginally housed persons, substance use may 

occur or increase following deterioration of health, financial burden, loss of employment, 

and estrangement from family and friends. Increasing use often exacerbates these 

problems, yet persons with substance use disorders continue using (Sinha, 2008). 

Residents of several single-room occupancy hotels in Vancouver, British Columbia were 

recently found to be almost universally dependent on substances (Vila-Rodriquez et al., 

2013). In addition to substance dependence, these residents suffered a plethora of other 

physical and mental illnesses; hepatitis C (70.3%), psychosis (47.4%), and neurological 

illness (45.8%) were highly prevalent, and multimorbidity was the norm (median of 3 

illnesses per person, of 12 illnesses that were evaluated). Participants in this longitudinal 

study were eight times more likely to die than would be expected based on age- and sex-

matched Canadian population data (Jones et al., 2015).  

Continued substance use despite such significant distress and problems is 

considered to be “the essential feature of a substance use disorder” in the Diagnostic and 

Statistical Manual of Mental Disorders (5th ed.: DSM-5; American Psychiatric Association, 

2013, Substance Use Disorders section, para. 1). Substance dependence entails a 

neurobiologically-mediated diminished ability to inhibit maladaptive behaviour despite 

serious adverse consequences (Volkow, Wang, Tomasi, & Baler, 2014). This diminished 

ability to inhibit substance use can be conceptualized as impaired decision making ability, 

defined as continuing to choose options that maximize short-term benefits but lead to long-

term negative outcomes (Bechara, 2003). Conversely, decisions that prioritize long-term 

benefit are necessary for lifestyle changes and success in treatment programs (Stevens 

et al., 2014).  
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Although high-risk substance use (i.e., ongoing use in the context of a substance 

use disorder) is generally conceptualized as pathological, behaviours carrying some risk 

of harm are in fact ubiquitous in human experience (Frankenhuis & Del Giudice, 2012). 

For example, millions of people drive motor vehicles daily despite the possibility of fatal 

accidents. The evolutionary perspective suggests that a higher level of risk should be 

accepted when stakes are higher for the individual (e.g., an animal close to starvation is 

highly vulnerable and should forage even when the risk of being caught by a predator is 

high, because the animal will die unless it acts to reduce its vulnerability by obtaining food; 

Frankenhuis & Del Giudice, 2012).  

Groups of marginally housed persons with substance use disorders (MHP-SUD) 

are structurally vulnerable. Social and structural inequities such as poverty, unstable 

housing, racism, classism, and drug criminalization produce heightened vulnerability to 

suffering (McNeil et al., 2015), as these persons function in a perpetual high-stakes 

context1. In this context, persons are apt to engage in behaviours that reduce immediate 

feelings of vulnerability regardless of possible long-term adverse consequences, 

particularly if alternative solutions without long-term adverse consequences are 

unavailable. Compounding this problem, MHP-SUD may experience particularly severe 

negative consequences of high-risk behaviours due to their structural vulnerability (e.g., 

serious illness or injury, incarceration, or death may be consequences of unprotected sex 

and interpersonal altercations). It is therefore critically important that we strive for 1) 

reduction in structural vulnerability and 2) greater understanding of the processes that 

drive decision making in structurally vulnerable populations in order to inform policies and 

interventions. Public heath research is increasingly focused on understanding and 

reducing structural vulnerability (for example, by investigating how the ‘risk environment’ 

influences the outcome of individual, community, and policy interventions; Rhodes, 2002). 

We focus here on individual decision making processes and their impact on behaviours 

with high risk of adverse consequences (termed ‘high-risk behaviours’), with recognition 

that decision making must be understood in the context of the risk environment in which it 

occurs.   

 

1 For example, they may be frequently vulnerable to starvation, exhaustion, withdrawal 

states, violence, trauma sequelae, etc. 
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Various laboratory-based behavioural tasks, including the Iowa Gambling Task 

(IGT; Bechara, Damasio, Damasio, & Anderson, 1994) and others, have been developed 

to assess decision making ability when outcome probabilities are complex and uncertain, 

as they often are in real life. Such tasks have the advantage of evaluating actual behaviour 

rather than relying on insight; however, performance on laboratory tasks does not 

necessarily generalize to actions in the real world (Cyders & Coskunpinar, 2011). It is 

essential for behavioural tasks to be related to actions in the real world if they are intended 

to facilitate better understanding of behaviour among persons with substance use 

disorders. The IGT, which has been widely applied in substance use research (Mukherjee 

& Kable, 2014) and is now marketed as a clinical tool (Bechara, 2012), was designed to 

include elements that map well onto behaviours that are reliably rewarding but may lead 

to occasional negative consequences. The IGT requires participants to choose 100 cards 

from four decks; in order to succeed they must learn to choose from the low-risk decks 

more often and from the high-risk decks less often, which have high payoffs but even 

higher losses in the long run2.  

In a recent meta-analysis of over 1300 persons with substance use disorders3, 

Mukherjee and Kable (2014) demonstrated a medium- to large impairment effect on the 

IGT compared to healthy controls: Hedges’ g = .63. Further, a recent systematic review 

indicated that substance-dependent individuals who perform better on the IGT when they 

begin treatment are more likely to achieve abstinence following treatment (Stevens et al., 

 
2 Cards are typically represented on a computer in current practice. Each card results in a reward 

of simulated money and some cards also result in a loss. Two of the decks (Deck A and Deck 
B) are high-risk, with high payoffs but also high losses, and two (Deck C and Deck D) are low-
risk, with lower payoffs but smaller losses. Deck B in particular offers parallel contingencies to 
high-risk behaviours, as it produces relatively large payoffs on every trial, but also occasional 
very large losses that outweigh the payoffs accrued. Choosing from the low-risk decks more 
often yields higher gains overall. Performance is traditionally measured by the overall 
proportion of choices from low-risk versus high-risk decks (i.e., the Net score). 

3 Of the 21 studies (1322 participants) included in this meta-analysis, 7 studies (373 participants) 
sampled persons who were currently using substances (some were asked to abstain for 1-2 
days), 4 studies (258 participants) sampled persons who were abstinent for two weeks, and 5 
studies (292 participants) sampled persons who were abstinent for at least 25 days. The 
duration of abstinence was mixed or was not reported in the remaining 5 studies (399 
participants). Samples represented in the meta-analysis included alcohol-dependent groups 
(321 participants) cocaine users (281 participants) opiate users (201 participants), marijuana 
users (86 participants), and mixed/polysubstance users (365 participants). 
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2014). Evidence also indicates that poorer IGT performance is associated with more 

frequent and larger quantity of alcohol use among persons with current alcohol 

dependence (Mazas, Finn, & Steinmetz, 2000) and with a longer duration of alcohol use 

among persons with past alcohol dependence (Fein, Klein, & Finn, 2004). Interestingly, 

similar associations have not been detected among persons dependent on other 

substances (Stout, Rock, Campbell, Busemeyer, & Finn, 2005; Vassileva Gonzalez, 

Bechara, & Martin, 2007)4. 

Despite strong evidence indicating that persons with substance use disorders are 

impaired on the IGT, performance on this task has not been consistently linked to actions 

outside the laboratory. Although poorer IGT performance has been linked with greater 

legal system involvement among abstinent substance-dependent individuals (Verdejo-

Garcia, Bechara, Recknor, & Pérez-Garcia, 2006) and more externalizing behaviour 

(including antisocial and conduct disorder symptoms) in a mixed group of abstinent 

alcohol-dependent persons and healthy controls (Fein et al., 2004), two large studies of 

long-term abstinent5 substance-dependent persons raise doubts about the utility of the 

IGT. These studies found no direct association between IGT scores and high-risk sexual 

behaviour6 (Gonzalez et al., 2005; Wardle, Gonzalez, Bechara, & Martin-Thormeyer, 

2010). Factors contributing to the lack of direct association in these two studies might 

include reduction of variance in decision making ability due to relatively strict exclusion 

criteria (i.e., history of schizophrenia, significant head injury, current psychosis or 

 
4 Severity of current substance use (including alcohol and drugs) was not associated with IGT 

performance among 66 young, well-educated adults who either consume at least 10 alcoholic 
drinks per week, use a drug at least four days per week, or use more than one drug per week 
(Stout et al., 2005). In another study of 100 abstinent adults with a history of substance 
dependence, there was no difference in IGT Net score for participants with a prior history of 
dependence on cocaine compared to those with a history of dependence on both cocaine and 
opiates, although performance did improve significantly more across blocks of the IGT in the 
group that had not been dependent on opiates (Vassileva et al., 2007). 

5 Mean lengths of abstinence were 109 days (Gonzalez et al., 2005) and 522 days (Wardle et al., 
2010), 

6 Decision making ability was nonetheless implicated in high-risk behaviour in these two studies; 
sensation-seeking and emotional distress were associated with risk behaviour particularly 
among persons who performed better on the IGT.   
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neuroleptic treatment, or low education)7, use of abstinent samples lacking behaviours 

associated with drug use, and reliance on traditional Net scores to index IGT performance. 

Evidence that poor IGT performance is seen in some healthy persons without obvious 

real-world decision making problems casts further doubt on its validity in indexing 

behaviour outside the laboratory and highlights the uncertainty regarding the factors 

driving impaired performance (Dunn, Dalgleish, & Lawrence, 2006; Steingroever, Wetzels, 

Horstmann, Neumann, & Wagenmakers, 2013)8. Some authors are also critical of the IGT 

and caution against its clinical use due to uncertainty of what specifically it measures and 

because performance can be poor for various reasons that do not necessarily relate to 

decision making ability (e.g., personality and negative affect; Buelow & Blaine, 2015; 

Buelow & Suhr, 2009).  

The current research investigates an inclusive, actively using sample of MHP-SUD 

to elucidate the links between decision making performance and behaviours with high risk 

of adverse consequences (e.g., frequency, type, and method of substance use, 

unprotected sex, or actions potentially harming others). Indeed, to our knowledge links 

between IGT performance and severity of drug use have not been investigated in a sample 

of marginally housed persons with current substance use disorders who might 

demonstrate quite difference decision processes (e.g., due to lower cognitive functioning, 

different motivations and goals, or different life circumstances; Carroll & Rounsaville, 

1992) compared to abstinent samples. 

Importantly, the traditional IGT Net score does not adequately capture the specific 

cognitive, motivational, and response processes underlying decision-making. 

 
7 Major mental illnesses (Brambilla et al., 2012; Cella, Dymond, Cooper, & Turnbull, 2012), 

medical illnesses (e.g., Hardy, Hinkin, Levine, Castellon, & Lam, 2006), and brain injuries 
(Schlund, 2002) may have important effects on decision making and are common among MHP-
SUD. Indeed, nearly half (44.8%) of the current sample would have been excluded based on 
comorbid psychotic disorders alone. 

8 Further criticism of the IGT and uncertainty regarding the interpretation of performance have 
arisen from evidence that healthy persons often choose options that minimize the frequency of 
losses rather than maximizing the long-term outcome (Steingroever, Wetzels, Horstmann, et 
al., 2013). These findings contradict the assumption that healthy persons explore all options 
before shifting their responses to primarily those that maximize long-term outcome. 
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Computational modelling is becoming increasingly popular as a tool for decomposing IGT 

performance into these component processes, in order to reveal specific deficits that may 

underlie poor performance (Bull, Tippet, & Addis, 2015; Busemeyer & Stout, 2002)9. Our 

primary research aim was to evaluate the utility of the IGT, with component processes 

derived from cognitive modelling, as an indicator of high-risk behaviour in an inclusive 

sample of MHP-SUD. We also investigated whether the IGT component processes were 

associated with learning and memory ability or self-reported traits in this group. We 

evaluated an actively-using population in order to study critical behaviours as they typically 

occur in a community population (e.g., high-risk methods of substance use and acquisition 

of money for substances). This study was thus designed to best capture decision making 

in the context of the many influences (e.g., substances, medications, and mental and 

physical illness) that are present in the daily lives of a severely ill group.  

Hypotheses 

To capture decision making on the IGT we utilized the Prospect Valence Learning 

(PVL) model, which includes four parameters representing distinct processes 

(summarized in Table 1) and is more accurate and generalizable than a variety of other 

models that have been evaluated (Ahn, Busemeyer, Wagenmakers, & Stout, 2008; 

Fridberg et al., 2010)10. The attention to losses parameter reflects the relative weights 

given to amounts lost versus amounts gained. The attention to magnitude parameter 

reflects the extent to which the subjective value of an outcome (i.e., the worth of the 

 
9 The cognitive decision models commonly used to reveal specific decision making processes are 

based on three general theoretical assumptions. First, participants are assumed to differ in how 
they value an amount of money gained or lost. A utility function is used to describe the 
subjective value of each trial’s outcome (i.e., the worth of the amount gained or lost for the 
individual participant). Second, participants are assumed to have expectations about the 
outcomes associated with each deck (i.e., how much they are likely to gain or lose if they select 
that deck again), which are updated based on experience. Third, participants’ choices are 
assumed to be influenced by their expectations about the decks (i.e., they are generally more 
likely to choose decks that they expect to yield better outcomes). 

10 The utility function in the PVL model, which is derived from prospect theory (Tversky & 
Kahneman, 1992), allows the model to account for the commonly observed preference for 
decks with less frequent losses. Although the PVL model has outperformed other models in 
several studies, critics have noted that the best-fitting model depends on how the task is 
performed (Steingroever, Wetzels, & Wagenmakers, 2014; Steingroever, Wetzels, & 
Wagenmakers, 2013). 
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amount gained or lost) is proportional to the magnitude of that outcome. When there is no 

attention to magnitude, all losses are treated as equally bad and all gains are treated as 

equally good (e.g., a $100 loss and a $50 loss would be deemed equally bad). Participants’ 

expectations about the outcomes they are likely to obtain from each deck (termed the 

‘expected values’ of the decks) are calculated based on a weighted combination of the 

most recent outcome and more distant prior outcomes. The weight given to the most 

recent outcome versus prior outcomes is determined by the retention parameter. Lower 

retention is defined as more consideration of the most recent outcome and less 

consideration of more distant outcomes. The consistency parameter represents how 

closely the participant’s choices align with the highest expected value. Based upon these 

processes, hypotheses were generated for the targeted substance using population. 

Table 1 Descriptions of Model Parameters. 

IGT Parameter Description 

Attention to losses Indexes the relative weights given to amounts lost versus amounts 
gained, when calculating the subjective value (worth) of an outcome. 

Attention to magnitude Indexes the extent to which the subjective value of the outcome is 
proportional to its magnitude (when there is no attention to magnitude, 
all losses are treated as equal and all gains are treated as equal). 

Retention Indexes the weight given to the most recent outcome versus prior 
outcomes when updating the expected value (i.e., the subjective value 
of the anticipated outcome) of a deck. 

Consistency Indexes the likelihood of choosing the deck with the highest expected 
value. 

The attention to losses parameter represents the most promising component 

process in indicating risk behaviour, given the parallel weighing of rewards and 

consequences (cf. IGT gains and losses) involved in decision making outside the 

laboratory. Persons who pay relatively more attention to gains (and relatively less attention 

to losses) in the laboratory may experience high sensitivity to reward or low sensitivity to 
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punishment in their daily lives11. Existent literature has previously shown that persons with 

substance use disorders, who by definition engage in behaviour with high risk of adverse 

consequences, demonstrate low attention to losses compared to healthy controls on the 

IGT (Ahn et al., 2014; Fridberg et al., 2010; Stout, Busemeyer, Lin, Grant, & Bonson, 2004; 

Stout et al., 2005; Vassileva et al., 2013; Yechiam, Busemeyer, Stout, & Bechara, 200512; 

studies finding non-significant differences typically show small effects in the expected 

direction; see Bishara et al., 200913; Lane et al., 2010; Sevy et al., 2007). Furthermore, 

there are some indications of a dose-response relationship (Gullo, 2008; Stout et al., 

2005)14. In healthy groups, low attention to losses on the IGT has been linked to legal 

offences (Lev, Hershkovitz, & Yechiam, 2008; Yechiam et al., 200815) and risky simulated 

driving (Farah, Yechiam, Bekhor, Toledo, & Polus, 2008). Therefore we extend this line of 

inquiry in a particularly vulnerable substance using population by hypothesizing that lower 

attention to losses would be associated with more high-risk behaviours in the real world 

(Hypothesis 1). 

Second, we hypothesized that lower retention on the IGT would be associated with 

poorer learning and memory abilities in a sample of persons with a broader range of 

memory abilities, including pronounced memory impairment (see Gicas et al., 2014; 

Hypothesis 2).The rationale for this hypothesis is grounded in the observation that lower 

 
11 Dopaminergic projections to the prefrontal cortex and ventral striatum are thought to be critical 

for reward processing, whereas reactions to aversive stimuli are generated by a system that 
includes the hypothalamus, the amygdala, and the anterior cingulate cortex (Smillie, 2008). 
When aversive and rewarding stimuli are presented together, the septo-hippocampal system 
and the amygdala generate caution and anxiety (Smillie, 2008; see Appendix B for additional 
detail). According to the highly influential somatic marker hypothesis of decision making, 
physiological changes associated with emotional reactions to rewarding or aversive stimuli act 
as markers that bias decision making (Bechara & Damasio, 2005; Damasio, Everitt, & Bishop, 
1996). 

12 Chronic cannabis user group. 
13 Cannabis user group. 
14 Heavier use of substances has been linked to lower attention to losses among healthy 

university students (Gullo, 2008) and young, well-educated heavy users of alcohol or drugs 
(Stout et al., 2005). Although the opposite result was demonstrated in another group of healthy 
undergraduate students, the authors attributed this surprising result to a restricted range of 
substance use in their sample (Pleskac, Yechiam, & Lejuez, 2007).  

15 Although attention to losses was not significantly different from controls in four out of six small 
groups of offenders, group differences were in the expected direction for all but one group of 
robbery offenders (n = 6; Yechiam et al., 2008). 
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retention (i.e., more consideration of the most recent outcome and less consideration of 

more distant outcomes) might occur if a decision maker 1) is unable to learn and 

remember more distant outcomes or 2) responds impulsively; i.e., without pausing to 

consider more distant outcomes16. The retention parameter’s association with learning 

and memory ability is empirically supported by two previous studies demonstrating that 

acute administration of benzodiazepines, a memory antagonist (Ghoneim & Mewaldt, 

1990; Lundqvist, 2005), causes lower retention on the IGT (Lane, Cherek, & Nouvion, 

2008; Lane, Yechiam, & Busemeyer, 2006). A prior investigation of links between the 

retention parameter and measures of reversal and reward learning failed to find the 

expected associations (Gullo, 2008), yet this study was limited in that the sample of 

healthy university students obtained unusually high IGT scores potentially restricting the 

range of values and attenuating the effects17.  

Third, we hypothesized that lower retention on the IGT would be associated with 

higher self-reported impulsiveness (Hypothesis 3). This hypothesis is based on noting that 

retention may often reflect impulsiveness (i.e., tendency to behave with inadequate 

forethought; Evenden, 1999) as impulsive persons may choose cards based on only the 

most recent versus distant outcomes. This pattern has been observed in a small group of 

young, high-functioning female polysubstance users (Stout et al., 200518) and in healthy 

university students (Gullo, 2008). Yet the link between retention and impulsiveness may 

 
16 The ability to attend to more distant outcomes on the IGT is thought to be mediated by 

prefrontal dopamine functioning; acute dopamine reduction has been shown to cause lower 
retention on the IGT (Sevy et al., 2006).  

17 Reward learning was measured by speed of learning which stimuli are correct (rewarded on 
80% of trials) and which are incorrect (punished on 80% of trials) by trial and error (Gullo, 
2008). The associations detected between IGT retention and reversal and reward learning were 
non-significant but in the expected direction. The mean IGT Net score (measured as selections 
from low-risk decks minus selections from high-risk decks) was 25 (with standard deviation of 
26, indicating that 83% of participants obtained positive Net scores) in Gullo’s sample, whereas 
a recent meta-analytic mean Net score for 479 healthy persons was 6 (Steingroever, Wetzels, 
Horstmann, et al., 2013). 

18 Lower IGT retention was associated with higher self-reported impulsiveness among 14 women 
who, for the past three months, consumed at least 10 alcoholic drinks per week and/or one 
drug at least four days per week and/or more than one drug per week. The mean age was 19.6 
(SD = .98) and mean years of education was 13.41 (SD = .98). Participants were recruited with 
ads posted at a university campus and local bars. IGT retention was not associated with self-
reported impulsiveness among 17 men meeting the same substance use criteria. 
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be most pronounced in samples that include persons with more severe substance use 

disorders, as no such association was found in a group of healthy persons who self-

identified as non-users of drugs and alcohol (Stout et al., 2005)19. Further, links between 

retention and impulsiveness have been seen with functional brain imaging. Higher IGT 

retention is associated with greater activation of the frontal poles (Koritzky et al., 2013); 

activation of the frontal poles likely reflects a more inhibited, less impulsive approach 

(Horn, Dolan, Elliot, Deakin, & Woodruff, 2003). In contrast, lower IGT retention is 

associated with more activation of the posterior parts of the PFC (anterior cingulate cortex 

and basal forebrain). This phylogenetically older region is more directly connected to brain 

areas that trigger affective states (Koritzky et al., 2013). 

Supplementary Analyses 

Although there is a scant existent literature, attention to magnitude may be 

associated with risk behaviour. Indeed, persons who demonstrate lower attention to 

magnitude on the IGT might engage in more high-risk behaviour as they employ an 

unsophisticated decision strategy that lacks consideration of loss magnitude (e.g., 

unprotected sex that could result in HIV infection). Accordingly, we investigated whether 

lower attention to magnitude on the IGT might be associated with more high-risk behaviour 

(Supplementary Analysis A)20. Associations between the IGT parameter values and 

frequency of use of specific substances were also explored to ascertain any differential 

impacts of substances on decision making processes (Supplementary Analysis B). 

 
19 Many participants in the Gullo (2008) sample of undergraduate students reported a history of 

substance use (e.g., 25% of participants reported using cannabis in the past three months and 
17% reported using amphetamine-type stimulants in the past three months, while 13% reported 
a lifetime history of cocaine use). Healthy participants in the Stout and colleagues (2005) 
sample, in contrast, were recruited using flyers seeking “nondrug, nonalcohol using, reserved, 
or conservative” volunteers and were excluded for consuming more than nine alcoholic drinks 
per week or any use of drugs in the past three months. 

20 A prior study found that long-term frequent cannabis users demonstrated no attention to losses 
whatsoever; this less successful strategy transforms the attention to magnitude parameter into 
essentially a measure of attention to the magnitude of only gains and not losses (Fridberg et al., 
2010). Higher attention to magnitude in the context of no attention to losses therefore reflects 
high reward sensitivity and might be associated with more high-risk behaviour.  
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Persons who are high sensation seekers engage in high-risk behaviour for the thrill 

of it, despite being aware of possible negative consequences (Zuckerman, 1994). High 

sensation seekers might employ this risk-seeking decision making style on the IGT by 

making choices that are inconsistent with expected values (e.g., selecting a deck despite 

knowing it has produced large losses that outweigh all gains) leading to low IGT 

consistency, as suggested in a prior study of long-term frequent cannabis users (Fridberg 

et al., 2010). We investigated whether higher sensation seeking is associated with lower 

IGT consistency (Supplementary Analysis C).  

We also investigated whether participants might make choices that are not aligned 

with the expected values (leading to low consistency) because they have difficulty 

remaining focused during the task (Supplementary Analysis D)21. Finally, we evaluated 

associations of IGT Net scores with high-risk behaviour, learning and memory ability, self-

reported impulsiveness, self-reported difficulty focusing and paying attention, and 

sensation seeking, in order to compare the utility of the parameters with the utility of the 

traditional Net score (Supplementary Analysis E). A summary of all predicted associations 

is presented in Table 2. 

 
21 Lower consistency on the IGT has been linked to higher fatigability (Lovallo et al., 2006) and 

lower IQ (Stout et al., 2004) among healthy persons and to poorer HIV medication adherence in 
a small group of women with history of drug use (Vassileva et al., 2013). No association was 
found between IGT consistency and self-reported difficulty paying attention in a mixed group of 
cocaine-dependent individuals and healthy controls (Kjome et al., 2010), However, Kjome and 
colleagues employed the Barratt Impulsiveness Scale (BIS-11; Patton, Stanford & Barratt, 
1995) second-order factor labelled attentional impulsiveness. This factor is made up of two first-
order factors – cognitive instability (“thought insertions and racing thoughts”) and attentional 
impulsiveness (“focusing on the task at hand”). Inclusion of the less relevant cognitive instability 
factor may have reduced the association. 
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Table 2 Summary of Predicted Associations. 

Analysis IGT component 
Predicted association/dependent 
variable 

Hypothesis 1 Lower attention to losses More high-risk behaviour 

Hypothesis 2 Higher retention  Better learning and memory ability  

Hypothesis 3 Lower retention  More self-reported impulsiveness 

Supplementary Analysis 
A 

Lower attention to magnitude More high-risk behaviour 

Supplementary Analysis 
B 

All parameters  Use of individual substances 

Supplementary Analysis 
C 

Lower consistency  Higher sensation seeking 

Supplementary Analysis 
D 

Lower consistency  
More self-reported difficulty focusing 
and paying attention  

Supplementary Analysis 
E 

Traditional net score  All dependent variables  
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Methods 

Analytical Approach 

Participant selection. Participants who were able to communicate in English 

and provide informed consent were recruited from single-room occupancy hotels and the 

community court in a low-income neighborhood in Vancouver, British Columbia, as part of 

a longitudinal study investigating the health of persons living in marginal housing (‘Shared 

Mechanisms for Co-Morbid Disorders’; see Vila-Rodriguez et al., 2013). The single-room 

occupancy hotels typically consist of one 80-120 square-foot room with a sink and 

sometimes a hotplate, with toilet and shower facilities shared by 10 to 15 residents. In 

order to obtain a maximally inclusive sample, we included all participants with valid IGT 

data and a current or past DSM-IV (American Psychiatric Association, 1994) diagnosis of 

substance abuse or dependence in the MHP-SUD sample. For the primary purpose of 

verifying expected IGT performance patterns and to ensure the robustness of the 

modelling, we collected additional data from a higher-functioning sample of healthy 

volunteers at Simon Fraser University (hereafter referred to as the “calibration sample”), 

who were not intended to be comparable to the MHP-SUD in demographic characteristics. 

Model selection. Several versions of the PVL model have been evaluated in 

previous studies (Ahn et al., 2008; Yechiam & Busemeyer, 2005; Yechiam & Busemeyer, 

2008). The PVL model includes a utility function that describes the subjective value of 

each net outcome, a learning rule that describes how the expected value for each deck is 

updated after every trial, and a probabilistic choice rule that describes how consistently 

selections are made from the deck with the highest expected value. Two different learning 

rules can be employed to model the updating of expected values after every trial, and two 

different choice rules can be employed to model the consistency of choices over time (see 

detailed methods section below for model descriptions and equations). In order to ensure 

use of the best-fitting model for the current data set, we evaluated all four PVL model 

versions (2 learning rules x 2 choice rules). We also evaluated the older three-parameter 

Expectancy Valence Learning (EVL) model (Ahn et al., 2008; Busemeyer & Stout, 2002; 
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Fridberg et al., 2010) for comparison purposes because it has been used more often than 

the PVL model in the literature22.  

For each of the five model versions, we estimated the parameters (representing 

the component processes of decision making) for each individual participant using HBA. 

The parameters were estimated separately for the MHP-SUD and the calibration sample, 

because the two groups were expected to have different mean parameter values. We also 

estimated all parameters using the more traditional method of MLE, in order to compare 

the two estimation methods.  

We employed three methods to compare the fit of the EVL model and the four PVL 

model versions in the current samples. First, we used the Bayesian Information Criterion 

(BIC) to evaluate the accuracy of each model (with MLE estimation) in predicting a 

person’s next choice based on the choices made and payoffs received by that person so 

far, with adjustment for model complexity (to correct for the PVL model’s advantage of 

having more parameters). The BIC is commonly used for model comparisons employing 

MLE methods (e.g., Fridberg et al., 2010; Stout et al., 2004; Vassileva et al., 2013). 

Second, we compared the Deviance Information Criterion (DIC; Spiegelhalter, Best, 

Carlin, & van der Linde, 2002), a related Bayesian model fit index, across models. 

However, adequate DIC fit does not guarantee that a model can generate the observed 

pattern of results (Steingroever et al., 2014). We therefore simulated each participant’s 

IGT performance using only the estimated parameter values for that participant (Ahn, 

2008; Yechiam & Busemeyer, 2005). Models that best replicated the pattern of actual deck 

preferences in simulations were preferred. Details of the BIC, DIC and simulation methods 

are presented in Appendix C. 

Characterization of Cognition and Decision Making Performance. 

Decision making ability was evaluated with the IGT. We employed additional 

neurocognitive measures to assess processing speed, verbal learning and memory, 

executive functioning, and estimated premorbid intellectual ability in order to portray the 

 
22 The additional parameter in the PVL model allows the model to account for the often observed 

preference for decks with less frequent losses, whereas the (less accurate) EVL model cannot 
account for that preference (Ahn et al., 2008; Fridberg et al., 2010; Horstmann, Villringer, & 
Neumann, 2012; Huizenga, Crone, & Jansen, 2007; Lin, Chiu, & Huang, 2009). 
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overall cognitive functioning of the MHP-SUD (scores are presented relative to 

demographically-adjusted normative expectations). IGT performance was characterized 

in terms of Net score (i.e., proportion of cards selected from the advantageous decks) over 

all trials and in the last 60 trials, in order to evaluate decision-making performance after 

the initial exploratory phase of the task (Brand, Recknor, Grabenhorst, & Bechara, 2007). 

As recommended by Steingroever, Wetzels, Horstmann and colleagues (2013), we also 

tabulated the proportion of cards selected from each deck in order to reveal deck 

preference related to frequency of losses. Learning curve on the IGT was assessed using 

the common practice of computing the proportion of cards selected from the advantageous 

decks across five blocks of 20 consecutive trials. 

Evaluation of predicted associations. We conducted regression 

analyses to evaluate the hypotheses and supplementary predictions to evaluate the utility 

of the IGT and PVL model in the MHP-SUD (see Appendix C for data cleaning and 

assumption checking procedures). All four IGT parameter values (representing the 

component processes of decision making) were entered as independent variables in these 

analyses. In evaluating predictions relating to high-risk behaviour, we carried out separate 

regressions for two categories of behaviour. Behaviours were grouped into two categories 

in order to minimize Type I errors while respecting important differences in the type of 

consequences associated with different behaviours. Use of potentially harmful 

substances, methods of substance use with greater likelihood of harm (i.e., injection use 

and sharing of needles or other paraphernaelia), and unprotected sex were categorized 

as behaviours that may be associated with a direct harmful impact on one’s own health 

(termed “risk behaviour impacting health” hereafter). In order to capture the overall risk 

inherent in each participant’s pattern of substance use, we computed substance-related 

harm scores that represent the physical, psychological, and social harms to the user that 

may be associated with the specific substances used and weighted by the frequency of 

use (Jones et al., 2013; Nutt, King, & Phillips, 2010). Infractions and other actions 

potentially causing harm to another person were categorized as behaviours that may be 

associated with a direct harmful impact on other people (termed “risk behaviour impacting 

others” hereafter). Although all behaviours across both categories have some potential to 

impact both the self and others, associations among the measures of high-risk behaviour 

that were employed in this study support this dichotomous categorization (see detailed 
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methods section below for correlations). Most of the measures indexed behaviour over 

the first year of participation in the study (representing up to 13 time points), in order to 

capture current patterns of behaviour while maximizing reliability. Several other measures 

indexed lifetime occurrences of important incidents that occur with lower frequency, which 

might be missed if measured over only one year (e.g., being incarcerated or causing injury 

with a weapon).  

We typically did not remove variance due to background variables that could 

influence decision making ability (e.g., demographic variables) in the regression analyses, 

because the primary purpose of the current study was to evaluate the utility of the IGT and 

its component processes in an inclusive sample of persons with substance use disorders. 

The question of interest was whether or to what extent poor decision making on the IGT 

is associated with high-risk behaviour, impulsiveness, or poor learning and memory, 

regardless of the etiology of decision making deficits. For example, lower retention was 

expected to be associated with poor learning and memory. Although both may be 

impacted by age differences, removing age-related variance in learning and memory may 

attenuate the association. Consequently, demographic variables were not typically 

entered in the analyses. However, in the case of predicted associations with high-risk 

behaviours, demographic factors may have some influence on those behaviours that is 

unrelated to cognition and decision making ability. Indeed, younger participants may have 

more opportunities to engage in behaviours by virtue of having different peer groups or 

lifestyles than older participants have, and removing age-related variance could thus 

reveal the predicted association. As such, we evaluated Hypothesis 1 with and without 

controlling for demographic variables that were correlated (p < .10) with high-risk 

behaviours. Power was sufficient to reliably detect small to medium sized effects23 (Cohen, 

Cohen, West, & Aiken, 2003).  

We used correlation analyses to evaluate Supplementary Analyses B and E, for 

which we made no specific predictions (i.e., regarding associations between the IGT 

parameters and use of individual substances or between the IGT Net score and the 

 
23 Using α = .05, effects accounting for at least 4.6% (n = 287) to 5.7% (n = 229) of the variance 

were detectable with 80% power. Medium sized effects explaining 9% of the variance were 
detectable with 96-99% power. 
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dependent variables). We employed partial correlations when investigating the use of 

individual substances in order to remove variance associated with demographics, which 

are typically associated with the type of substances used (e.g., Conway, Swendsen, 

Rounsaville, & Merikangas, 2002). We present the results of these exploratory analyses 

with Bonferroni correction in addition to presenting results at the p < .05 level so that the 

reader may consider the possibility of Type I errors.  

Detailed Methods 

Participants. IGT data was collected at the baseline time point for 327 

participants in the longitudinal study (275 recruited from single-room occupancy hotels 

and 52 recruited from community courts). Participants attend monthly follow-up sessions 

for up to ten years. IGT data was also collected for 138 healthy volunteers in the calibration 

sample (including 122 undergraduate students and 16 other community members) who 

attended a single session of testing24. All participants provided written informed consent. 

The protocol for the original study was approved by the Clinical Research Ethics Board of 

the University of British Columbia and the Simon Fraser University Office of Research 

Ethics, and the current project was approved by the Simon Fraser University Office of 

Research Ethics. MHP-SUD participants received a modest cash honorarium and 

participants in the calibration sample received course credit or a modest cash honorarium. 

We did not include thirty-two MHP-SUD participants from the longitudinal study 

whose IGT data was considered invalid for the following reasons: not understanding the 

goal of the IGT (n = 2), poor engagement in the IGT (e.g., falling asleep or not looking at 

the screen; n = 12), completing fewer than 60 IGT trials25 (n = 8), or switching decks fewer 

 
24 Fifty-eight percent of the SFU group spoke English as a second language. 
25 The first two blocks of 20 trials are thought to represent decision making under ambiguity, while 

the last three blocks are thought to represent decision making under risk (Brand et al., 2007). 
Participants who completed fewer than 60 trials were not included because they did not 
participate in at least one block of the decision making under risk phase, and thus the nature of 
the task may not be comparable.  
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than 10 times throughout the task26 (n = 10), and we did not include one participant who 

had no history of substance use disorder. In the calibration sample, we did not include two 

participants whose IGT data was considered invalid due to not understanding the goal of 

the IGT (n = 1; related to low proficiency in the English language), or switching decks fewer 

than 10 times (n = 1). Characteristics of the final MHP-SUD sample (n = 294; 78.9% male) 

and the final calibration sample (n = 136; 30.1% male) are presented in Table 3 below. 

Table 3 Characteristics of the MHP-SUD and the Calibration Sample 

Characteristic 

MHP-SUD  Calibration sample 

% Mean (SD) Median Range  Mean (SD) Median Range 

Age (years)  43.1 (9.5) 44.0 23-68  21.8 (6.5) 20.0 17-52 

Education (years)a  10.2 (2.3) 10.0 2-16  13.0 (1.2) 13.0 10-18 

Premorbid IQ (WTAR 
estimate)b 

 96.4 (9.6) 97.0 70-122  103.6 (8.3) 105.0 77-121 

Role functioning (RFS)c  11.9 (3.3) 12.0 5-24     

Global functioning (GAF)d  38.2 (10.4) 37.0 15-70     

Ethnic originc         

  European 59.6        

  Indigenous 27.7        

  Other 12.7        

Psychiatric diagnosis         

  Schizophrenia spectrum 12.9        

  PNOS 12.6        

  Major depression 14.7        

  Bipolar disorder I or  
  NOS 5.4    

    

  Bipolar disorder II 2.4        

  Substance induced 
  disorders 

29.6 
   

    

Substance dependence 
(current)     

    

  Any substance 98.0        

  Alcohol 18.0        

 
26 Participants with valid IGT data switched decks a mean of 53.6 times (SD = 23.9). Participants 

who rarely switch decks are considered to be minimally responsive to the outcomes of the 
trials, suggesting poor engagement in the task. Furthermore, computational models perform 
poorly for these participants. 
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Characteristic 

MHP-SUD  Calibration sample 

% Mean (SD) Median Range  Mean (SD) Median Range 

  Cannabis 32.7        

  Cocaine 69.0        

  Methamphetamine 25.5        

  Heroin 36.9        

Viral infection history         

  HIVe 15.2        

  Hepatitis Cf 67.2        

  Hepatitis Be 40.1        

  Herpes simplexf 90.3        

  Cytomegaloviruse 67.1        

Note. Higher GAF and RFS scores indicate better functioning. WTAR = Weschler Test of Adult Reading; 
RFS = Role Functioning Scale; GAF = Global Assessment of Functioning; PNOS = Psychosis Not 
Otherwise Specified; NOS = Not Otherwise Specified. 
a Note that 88% of the calibration sample were current undergraduate students. b n = 287. Estimated 
premorbid IQ likely under-represents true intellectual function in the calibration sample due to the substantial 
number of participants who spoke English as a second language (58%). c n = 292. d n = 293.  
e n = 289. f n = 290. 
 

Measures  

Cognition. We assessed decision making with a computerized version of the 

IGT. The payoff structure of each deck is presented in Table 4; Deck A yields high payoffs 

on every trial that are frequently paired with even higher losses, generating net losses in 

the long run. Deck B yields high payoffs on every trial and once every ten trials, a very 

large loss, for net losses in the long run. Deck C yields smaller payoffs on every trial that 

are frequently paired with small losses, generating net gains in the long run. Deck D yields 

smaller payoffs on every trial and once every ten trials, a moderate loss, for net gains in 

the long run. As more cards are chosen from Decks A and B throughout the task, the net 

losses become larger at a rate of $150 per ten cards. For example, the first ten cards in 

Deck A yield a total net loss of $250, while the next ten cards in Deck A yield a total net 

loss of $400, and so on up to a net loss of $1000 in the last ten cards in Deck A (a 

maximum of 60 cards can be chosen from each deck before it is “depleted”). In contrast, 
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as more cards are chosen from Decks C and D throughout the task, the net gains become 

larger at a rate of $25 per ten cards (the first ten cards yield a net gain of $250). 

Table 4 Outcomes of Disadvantageous and Advantageous IGT Decks.  

 Disadvantageous decks  Advantageous decks 

Outcome characteristic A B  C D 

Mean magnitude of net gains $100.00 $123.52  $40.30 $61.94 

Frequency of net gains 0.28 0.90  0.83 0.90 

Mean magnitude of net losses -$126.74 -$1736.67  -$14.00 -$245.00 

Frequency of net losses 0.72 0.10  0.17 0.10 

Mean outcome per selection -$62.50 -$62.50  $31.25 $31.25 

Note. Means are calculated over 60 trials (decks are “depleted” after 60 trials). Every trial generates gains 
and some trials also generate losses; net outcomes reflect gains minus losses. For example, 28% of Deck A 
selections result in net gains averaging $100, whereas 72% of Deck A selections result in net losses 
averaging -$126.74; in the long run, the mean outcome of selections from Deck A is -$62.50 per card. 

Verbal learning and memory was assessed in the MHP-SUD with the Hopkins 

Verbal Learning Test Revised (HVLT-R; Brandt & Benedict, 2001). We used the sum of 

immediate and delayed recall raw scores when evaluating predicted associations, and we 

present additional demographically-adjusted z-scores for descriptive purposes. Two 

participants did not complete the HVLT-R, and 11 participants’ HVLT-R scores were 

considered invalid due to poor engagement (n = 5), inadequate English literacy (n = 2), 

errors in test administration (n = 2), or hearing impairment (n = 2). The cognitive battery 

was administered at the time of entrance into the study (i.e., at baseline), and also included 

measures of complex attention (Stroop Color and Word Test; Golden & Freshwater, 2002), 

reversal learning (CANTAB Intradimensional-extradimensional shift task; IDED; Fray, 

Robbins, & Sahakian, 1996) sustained attention (CANTAB Rapid Visual Information 

Processing Task; RVIP; Fray, Robbins, & Sahakian, 1996), and estimated premorbid 

intellectual ability (Wechsler Test of Adult Reading; WTAR; Wechsler, 2001). Cognitive 

testing was conducted by trained research assistants and supervised by a psychologist. 

The calibration sample completed the measures of decision making (IGT) and estimated 

premorbid intellectual ability (WTAR). The measures described in the remainder of this 

section were administered to the MHP-SUD only. 



 

21 

Diagnosis, traits, and functioning. DSM-IV diagnoses were made by a 

psychiatrist through consensus with the Best Estimate Clinical Evaluation and Diagnosis 

(BECED; Endicott, 1988) using all available information. Information collected included 

Axis I symptoms (Mini International Neuropsychiatric Interview; Sheehan et al., 1998; 

Beck Depression Inventory 2nd Edition; Beck, Steer, & Brown, 1996), personality disorders 

(International Personality Disorder Examination – Screener; Loranger, Janca, & Sartorius, 

1997), psychosis symptoms (Positive and Negative Syndrome Scale; Kay, Fiszbein, & 

Opler, 1987; full PANSS administered annually and short 5-item version administered 

monthly), and mental status (examination by a psychiatrist). Self-reported difficulty 

focusing and paying attention was measured with the Attentional Impulsiveness scale of 

the Barratt Impulsiveness Scale (BIS-11; Patton, Stanford, & Barratt, 1995), while self-

reported impulsiveness was measured with the sum of the Non-Planning Impulsiveness 

and Motor Impulsiveness scales of the BIS-11. Sensation seeking was measured with the 

Sensation Seeking Scale – Form V (SSS-V; Zuckerman, 1994). Everyday functioning was 

indexed with the Role Functioning Scale, which incorporates functioning in the areas of 

work productivity, independent living/self-care, social relationships and community 

involvement (Goodman, Sewell, Cooley, & Leavitt, 1993). The Global Assessment of 

Functioning captured psychiatric symptoms along with social and occupational functioning 

(American Psychiatric Association, 1994). 

High-risk behaviours. Our index of risk behaviour impacting health included 

substance-related harm scores, needle-sharing, pipe-sharing, injection drug use, and 

unprotected sex. Substance use data was collected monthly (except tobacco use data, 

which was collected at baseline, 6-months, and one year time points only27) using the Time 

Line Follow Back method (TLFB; Sobell, Sobell, Klajner, Pavan, & Basian, 1986)28. 

Substance-related harm scores incorporated alcohol, amphetamine, cannabis, cocaine 

(powder and crack), ecstasy, GHB, heroin, ketamine, LSD, methadone (prescribed and 

illicit), methamphetamine, and tobacco. The monthly substance-related harm score was 

 
27 Coded as none = 0 days per month, occasional = 4 days per month, and daily = 28 days per 

month. Tobacco use is typically relatively stable and was therefore carried forward from each 
time point to the next. 

28 Time Line Follow Back self-report data was verified with urine drug testing in a subset of 
participants (kappa = .66 - .70; Jones et al., 2013). 
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calculated for each participant by multiplying the harm index of each substance29 by the 

mean days of use of that substance per month, then summing across all substance types 

(Jones et al., 2013; Nutt et al., 2010). The mean of substance-related harm scores for all 

months in the first year of the study with available data was used30. The Maudsley 

Addiction Profile (MAP; Marsden et al., 1998) health behaviours interview captured self-

reported needle-sharing, pipe-sharing, injection drug use, and un-protected sex at monthly 

sessions. These four variables were dichotomized (i.e., zero instances or at least one 

instance of the behaviour over the first year of the study31) and summed to produce a total 

score from 0 to 4, reflecting the number of risk behaviours impacting health reported 

throughout the first year of the study. For example, a person who reported one instance 

of unprotected sex, five instances of pipe-sharing, and no instances of injection drug use 

or needle-sharing would be assigned a score of two on MAP health behaviours. We 

calculated an index of high-risk behaviour impacting health (z-scores) by standardizing 

the mean of the substance-related harm score and the MAP health behaviours score, 

which showed a strong association in this sample (r = .39, p < .001). The validity of the 

index of high-risk behaviour impacting health is further supported by a modest association 

with lifetime exposure to viruses (r = .18, p = .002; blood samples were tested at the British 

Columbia Centre for Disease Control, including serology for HIV, hepatitis C, hepatitis B, 

herpes simplex, and cytomegalovirus).  

For the investigation of associations between IGT parameters and the use of 

specific substances (Supplementary Analysis B), we coded frequency of use from 0-3 for 

each substance to address the non-normality of frequency distributions. This coding 

system aimed to divide participants into four groups: non-users and three groups of 

approximately equal size of low-, medium-, and high-frequency users. A score of 0 was 

assigned to all participants who reported no use of the substance in the first year of the 

study. The remaining participants were rank-ordered according to how frequently they 

 
29 We employed harm scores capturing harm to the self only (see Nutt et al., 2010). 
30 One participant had no substance use data. Mean number of months = 9.6, SD = 3.7. 
31 Continuous variables (e.g., mean number of instances reported) were not used due to 

extremely skewed distributions. All participants had at least one month of data. Mean number of 
months = 8.6, SD = 4.0. 
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used the substance, and the bottom one-third were assigned a score of 1, the middle one-

third were assigned a score of 2, and the top one-third were assigned a score of 3. 

Measures of risk behaviour impacting others included four self-report measures of 

infractions and other actions potentially harming others: the MAP (types of infraction 

committed throughout the first year of the study32, dichotomized and summed as in the 

MAP health risk behaviours above), the Self Report of Offending (SRO; Knight, Little, 

Losya, & Mulvey, 2004; lifetime engagement in 23 categories of infractions, total score), a 

self-report measure of contacts with the justice system (lifetime number of arrests, 

charges, convictions, and incarcerations, coded and summed as in the SRO to address 

normality issues33), and the Conflict Tactics Scale (CTS; Straus, Hamby, Boney-McCoy, 

& Sugarman, 1996; lifetime frequency of engaging in nine types of actions potentially 

harming others, coded and summed as in the SRO to improve normality34). An index of 

risk behaviour impacting others (z-scores) was calculated by standardizing the mean of 

the MAP infractions score, justice contacts score, SRO score, and CTS score. The SRO, 

CTS, and justice contacts measure were introduced part way through the study from which 

the data was drawn; 57 participants (19.4%) did not complete those measures due to 

attrition from the study and were excluded from analyses of risk behaviour impacting 

others (n = 237 for this dependent variable)35. Reported high-risk behaviours are 

summarized in Table 5, with scores contributing to the indices of risk behaviour in italics. 

Table 5  Reported Rates of Risk Behaviour Impacting Health and Risk 
Behaviour Impacting Others in the MHP-SUD. 

Measure n Median (IQR) 
Observed 
range 

Possible 
range 

Percent of 
n reporting 
any 
occurrence 

Risk behaviour impacting health 

MAP number of health-risk 
activity types in one year 293 2 (1) 0 – 4 0 – 4 91.80 

 
32 Types of infraction included in the MAP are selling drugs, fraud/forgery, shoplifting, theft from 

property, and theft from vehicles. One participant had no MAP infraction data. Mean number of 
months = 8.6, SD = 4.0. 

33 Never = 0; One time = 1; 2-3 times = 2; 4 times = 3; 5 or more times = 4. 
34 Never = 0; 1-9 times = 1; 10-19 times = 2; 20-29 times = 3; 30 or more times = 4. 
35 Of the 237 participants included, 227 completed all four measures of risk behaviour impacting 

others, 9 completed three of the measures, and 1 completed two of the measures. 
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Measure n Median (IQR) 
Observed 
range 

Possible 
range 

Percent of 
n reporting 
any 
occurrence 

 Inject illicit drugs     62.20 

 Smoke from shared pipe     61.60 

 Sex without condom     35.40 

 Inject with used needle     5.40 

Days of use, per 28 days 
(harm index in parentheses) 293  

   

 Tobacco (37.3)  28.00 (1.92) 0 – 28.00 0 – 28.00 92.30 

 Alcohol (56.1)  .54 (3.34) 0 – 28.00 0 – 28.00 79.20 

 Crack cocaine (79.5)  4.00 (13.85) 0 – 28.00 0 – 28.00 76.80 

 Cannabis (25.3)  1.82 (15.60) 0 – 28.00 0 – 28.00 73.00 

 Heroin (73.0)  .00 (4.23) 0 – 28.00 0 – 28.00 49.50 

 Powder cocaine (42.4)  .00 (1.90) 0 – 26.75 0 – 28.00 44.00 

 

Methadone (prescribed; 
24.9)  .00 (24.2) 0 – 28.00 0 – 28.00 43.10 

 Methamphetamine (68.8)  .00 (1.57) 0 – 26.00 0 – 28.00 43.00 

 Amphetamine (40.8)  .00 (.00) 0 – 11.00 0 – 28.00 8.90 

 Methadone (illicit; 24.9)  .00 (.00) 0 – 20.11 0 – 28.00 5.50 

 Ecstasy (18.5)  .00 (.00) 0 – 1.55 0 – 28.00 5.10 

 LSD (15.0)  .00 (.00) 0 – 0.17 0 – 28.00 1.40 

 GHB (37.9)  .00 (.00) 0 – 0.38 0 – 28.00 1.40 

 Ketamine (28.9)  .00 (.00) 0 – 0.33 0 – 28.00 1.00 

  
Total substance-related 
harm scorea   2562.26 (1494.85) 0 – 8353.21 ≥ 0 

  

Risk behaviour impacting others 

MAP number of infraction 
types in one year 293 1 (1) 0 – 5 0 – 5 61.20 

 Selling drugs     36.20 

 Shoplifting     20.10 

 Theft from property     8.40 

 Fraud or forgery     3.40 

 Theft from a vehicle     1.40 

SRO total scoreb (lifetime) 231 27 (26) 0 – 83 0 – 92  

Justice contacts (lifetime) 235     

 Times arrested  20 (45) 0 – 2000 ≥ 0 98.30 
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Measure n Median (IQR) 
Observed 
range 

Possible 
range 

Percent of 
n reporting 
any 
occurrence 

 Times charged  10 (37) 0 – 500 ≥ 0 91.90 

 Times convicted  5 (22) 0 – 500 ≥ 0 86.30 

 Times incarcerated  2 (3) 0 – 113 ≥ 0 81.10 

 
Justice contacts total 
scorec 

 
7 (8) 0 – 16 0 – 16 

 

CTS categories (lifetime) 235 4 (3) 0 – 9 0 – 9  

  CTS total scored   10 (12) 0 - 28 0 – 36   

Note. Scores contributing to the index of risk behaviour impacting health or the index of risk behaviour 
impacting others are in italics. MAP = Maudsley Addiction Profile; SRO = Self Report of Offending; CTS = 
Conflict Tactics Scale. 
aTotal substance-related harm score was calculated for each participant as harm index multiplied by mean 
days of use per month, summed across all substance types. bSRO total score was calculated as the sum of 
23 coded scores (Never = 0; 1 time = 1; 2-3 times = 2; 4 times = 3; 5 or more times = 4); the median total 
score of 27 indicates an average of 1.17 points per item. cJustice contacts total score was calculated as the 
sum of four coded scores (Never = 0; One time = 1; 2-3 times = 2; 4 times = 3; 5 or more times = 4). dCTS 
total score was calculated as the sum of nine coded scores (Never = 0; 1-9 times = 1; 10-19 times = 2; 20-
29 times = 3; 30 or more times = 4). 

Division of high-risk behaviours into two categories (i.e., those impacting health 

and those impacting others) is supported by the pattern of associations among measures 

of risk behaviour. Within-category correlations are typically larger (i.e., r = .27 to r = .69) 

than across-category correlations (r = .10 to r = .25), with the exception of MAP 

infractions, which has strong associations with all measures36 (see Table A1 for all 

correlations).  

IGT Modelling 

The EVL model and the four versions of the PVL model that were evaluated for the 

present study each employ a utility function, a learning rule, and a choice rule. Equations 

 
36 MAP infractions are indexed over the first year of the study, as are MAP health behaviours and 

substance-related harm scores. In contrast, the SRO, justice contacts, and CTS capture lifetime 
events. The matching time frames of MAP infractions with the measures of risk behaviour 
impacting health likely contribute to the strength of associations with those measures (i.e., r = 
.36 and r = .37). 
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for all five models (four variants of the PVL model, and the EVL model) are presented next, 

and are summarized in Table 6. 

Utility function. 

Prospect utility function. According to the prospect utility function, which is 

employed in all versions of the PVL model, the subjective value (i.e., worth or “utility”), u(t) 

of the net outcome x(t) on trial t is calculated based on the actual outcome (i.e., the amount 

gained or lost), the attention to magnitude parameter (α), and the attention to losses 

parameter (λ): 

u(t) =    x(t)α         if x(t) ≥ 0. 

u(t) =    –λ|x(t)|α    if x(t) < 0. 

The attention to magnitude parameter, α, gives the shape of the utility function and 

ranges between 0 and 1. When α is close to 0, the magnitude of the outcome has little 

impact on its subjective value (i.e., all gains are valued equally and all losses are valued 

equally); when α is close to 1, the subjective value is directly proportional to the magnitude 

of the net loss or gain. For example, a $100 gain is worth twice as much as a $50 gain; 

consequently, a participant with α close to 1 exhibits clear sensitivity to differences in the 

magnitude of amounts lost or gained. In contrast, the attention to losses parameter, λ, 

indexes how much attention the participant pays to losses compared to gains. The 

attention to losses parameter ranges between 0 and 5; values below 1 reflect less attention 

to losses than gains, and values above 1 reflect greater attention to losses than gains. For 

example, if λ = 3, the participant considers losses to be three times as important as gains, 

whereas if λ = 1, the participant considers losses and gains to be equally important. 

Expectancy utility function. The expectancy utility function, employed in the 

EVL model, includes a single parameter, ω, which represents attention to gains versus 

losses: 

u(t) = ω · gain(t) – (1 – ω) · loss(t). 
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This attention to gains parameter ranges between 0 and 1; values closer to 0 reflect 

less attention to gains than to losses, while values closer to 1 reflect more attention to 

gains than to losses. For example, if ω = .75, gains are three times more important to the 

participant than losses: a $100 gain is worth $75 (calculated as .75 · $100 = $75), and a 

$100 loss is worth -$25 (calculated as [1 - .75] · [-$100] = -$25). If ω = .5, gains and losses 

are equally important to the participant (e.g., a $100 gain is worth $50, and a $100 loss is 

worth -$50). 

Learning rule. 

Delta learning rule. Using the Delta learning rule (Rescorla & Wagner, 1972), 

the expected value, E, for a given deck, j, only changes after that deck is chosen (i.e., 

expected values for the other three decks remain static on that trial). The expected value 

for the chosen deck is updated by a proportion (A) of the prediction error (i.e., the 

difference between the previous expected value and the subjective value of the obtained 

outcome): 

Ej = Ej(t-1) + A · j(t) · [u(t) – Ej(t-1)]. 

 The variable j(t) is a dummy variable equal to 1 if deck j was chosen on trial t, 

and otherwise equal to 0. A is the retention parameter, which describes the weighting of 

the most recent versus more distant past outcomes, and ranges between 0 and 1. When 

A is closer to 0, the most recent outcome has a low influence (compared to more distant 

outcomes) on the new expected value (i.e., expected values are more stable over time). 

When A is closer to 1, the most recent outcome has a high influence on the new expected 

value (with A = 1, the previous expected value and the prediction error of the most recent 

outcome are weighted equally). Thus, lower retention is reflected by larger values of A. 

For example, a participant who quickly forgets previous outcomes might have A = .9. If 

that participant chose Deck D with the expectation that it would produce a gain valued at 

$100 (expected value ED = $100), but then obtained a loss valued at $200 (u = -$200), the 

prediction error would be -$300 (calculated as -$200 - $100) and the new expected value 

for Deck D would be -$170 (calculated as $100 + .9 · [1] · [-$300]). A different participant 

with high retention might have A = .1. If that participant also chose Deck D with the 
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expectation that it would produce a gain valued at $100, but then obtained a loss valued 

at $200, this participant’s new expected value for Deck D would be $70 (calculated as 

$100 + .1 · [1] · [-$300]). 

Decay-reinforcement learning rule. According to the decay-reinforcement 

learning rule, the expected value for all four decks decays toward zero on every trial 

(modelling degradation of memory over time). The rate of decay is given by the retention 

parameter, A, which ranges between 0 and 1. The expected value of the chosen deck is 

then updated by the subjective value of the obtained outcome:  

Ej = A · Ej(t-1) + j(t) · u(t). 

With this learning rule, lower retention (i.e., higher reliance on recent outcomes) is 

reflected by smaller values of A, in contrast to the Delta learning rule. For example, a 

participant who quickly forgets previous outcomes might have A = .1. If that participant 

chose Deck D with the expectation that it would produce a gain valued at $100 (expected 

value ED = $100), but then obtained a loss valued at $200 (u = -$200), the new expected 

value for Deck D would be -$190 (calculated as the sum of the decayed previous expected 

value, .1 · [$100] = $10, and the utility of the loss, [1] · [-$200] = -$200). A different 

participant with high retention might have A = .9. If that participant also chose Deck D with 

the expectation that it would produce a gain valued at $100, but then obtained a loss 

valued at $200, this participant’s new expected value for Deck D would be -$110 

(calculated as the sum of the decayed previous expected value, .9 · [$100] = $90, and the 

utility of the loss, [1] · [-$200] = -$200). Note that the decay-reinforcement learning rule 

allows for a higher weighting of the most recent outcome (e.g., with A = 0, the new 

expected value is determined entirely by the most recent subjective value), compared to 

the Delta learning rule, in which the previous expected value is always given at least as 

much weight as the prediction error of the most recently obtained outcome. 

Choice Rule. In all model versions, the probability of choosing deck j on the 

next trial, denoted Pr[D(t + 1) = j], is described by a ratio-of-strengths rule (Luce, 1959), 

increasing with higher expected value for that deck and decreasing with higher expected 

values for other decks: 
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Pr[D(t + 1) = j] =     (eθ(t)·E
j
(t) )      

4
j=1 (eθ(t)·E

j
(t)). 

The probability function includes a sensitivity parameter, θ(t), that reflects the 

trade-off between exploration of new options (more random choices) and exploitation of 

high expected values (less random choices). When sensitivity is high, the participant is 

very likely to choose the deck with the highest expected value; in contrast, when sensitivity 

is low, the participant is more likely to choose a random deck. Sensitivity is calculated 

using either the trial-independent choice rule or the trial-dependent choice rule.    

Trial-independent choice rule. Using this rule, the sensitivity parameter is 

constant over all trials, and is given by: 

θ(t) = 3c – 1.  

The consistency parameter, c, is allowed to range between 0 and 5 (although in 

practice, values of c are rarely higher than 1.0). Higher values of c reflect choices that are 

more consistent with expected values, while lower values of c reflect choices that are more 

random. For example, a participant who chooses quite consistently from the deck with the 

highest expected value might have c = .9, and therefore θ(t) = 3.9 – 1 = 1.69 across all 

trials. If the expected value of Deck D is $50 and the expected values of all other decks 

are $40, then the probability of the participant choosing Deck D on the next trial is .99 

(calculated as e[1.69 · 50] / {e[1.69 · 50] + 3e[1.69 · 40]}). In contrast, a participant who chooses 

more randomly might have c = .1, and therefore θ(t) = 3.1 – 1 = .12 across all trials. If the 

expected value of Deck D is $50 and the expected values of all other decks are $40, then 

the probability of this more randomly-choosing participant choosing Deck D on the next 

trial is .52 (calculated as e[.12 · 50] / {e[.12 · 50] + 3e[.12 · 40]}), whereas the probabilities of 

choosing Decks A, B, and C are each .16 (calculated as e[.12 · 40] / {e[.12 · 50] + 3e[.12 · 40]}).   

Trial-dependent choice rule.  The trial-dependent choice rule models change 

in consistency throughout the task. Using this rule, the sensitivity parameter is a function 

of the trial number:  
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θ(t) = (t/10)c. 

With this choice rule, c is allowed to range between –5 and 5 (although values of 

c are typically close to zero). Positive values of c indicate increasing sensitivity (more 

deterministic decisions) over time, and could represent an initial exploration phase of 

learning about all decks followed by an exploitation phase, where the best deck is 

consistently chosen. For example, a participant who chooses randomly in early trials and 

then consistently chooses the deck with the highest expected value by the end of the IGT 

task might have c = .3, and the sensitivity parameter would therefore increase from .50 on 

trial 1 (calculated as [1/10].3) to 1.62 on trial 50 (calculated as [50/10].3) to 2.00 on trial 100 

(calculated as [100/10].3). Negative values of c indicate decreasing sensitivity, and could 

represent fatigue or boredom at the end of the task. For example, a participant who 

frequently chooses the deck with the highest expected value for most of the IGT task but 

then chooses more randomly at the end might have c = -.3, and the sensitivity parameter 

would therefore decrease from 2.00 on trial 1 (calculated as [1/10]-.3) to .62 on trial 50 

(calculated as [50/10]-.3) to .50 on trial 100 (calculated as [100/10]-.3). 
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Table 6 Equations and Parameter Descriptions for PVL and EVL Models. 

Model  
component Equation Parameter 

Meaning of higher parameter 
value 

Subjective value of outcomes 

Expectancy utility 
function (EVL 
model) 

u(t) = ω · win(t) – (1–ω ) · loss (t) 
attention to gains 
(ω) 

More weight given to amounts 
gained and less weight given to 
amounts lost  

Prospect utility 
function (PVL 
models) 

u(t) =    x(t)α         if x(t) ≥ 0   
u(t) =    –λ|x(t)|α    if x(t) < 0 

attention to 
magnitude (α) 

Subjective value of outcome is 
influenced more by the 
magnitude of the gain or loss 
(vs. all gains valued equally and 
all losses valued equally) 

attention to 
losses (λ) 

More weight given to amounts 
lost  

Learning rule: how expected values change across trials 

Delta learning rule Ej = Ej(t-1) + A·j(t) ·[u(t) – Ej(t-1)] Retention (A) 

More weight given to the most 
recent outcome (expected value 
does not change for other 
decks) 

Decay-
reinforcement 
learning rule 

Ej = A·Ej(t-1) + ·j(t)·u(t) Retention (A) 

Higher proportion of the 
previous expected value is 
retained when updating the 
expected value (for all decks) 

Choice rules: how deck selections are influenced by expected values 

Both choice rules Pr[D(t + 1) = j] = 
    eθ (t)·Ej(t)       

 
4

j=1 (eθ (t)·Ej(t))  

Trial-independent 
choice rule 

θ (t) = 3c – 1 Consistency (c) 
Higher probability of choosing 
the deck with the highest 
expected value 

Trial-dependent 
choice rule 

θ (t) = (t/10)c Consistency (c) 

Increasing probability of 
choosing the deck with the 
highest expected value while 
progressing through 100 trials 
(negative values indicate 
decreasing probability) 

Note. Components of the selected model are in boldface. The EVL model uses the Expectancy Utility 
Function with the Delta Learning Rule and the Trial-Dependent Choice Rule. u = utility (i.e., subjective 
value); t = trial number; E = expected value; j = deck index (1 through 4, corresponding to Decks A, B, C, 

and D);  = 1 for chosen deck, 0 for all other decks; D = chosen deck; θ = sensitivity. 

Parameter estimation. For the EVL model and all four versions of the PVL 

model, the parameters were estimated for each individual participant using both MLE and 
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HBA. MLE was carried out using R (R Core Team, 2013), with codes provided by Dr. 

Anthony Bishara (http://bisharaa.people.cofc.edu/) and Dr. Woo-Young Ahn 

(www.ahnlab.org/home/research). HBA was carried out using OpenBUGS (Lunn, 

Thomas, Best & Spiegelhalter, 2000) with the BRugs interface for R for Markov Chain 

Monte Carlo sampling, using codes adapted from those provided by Dr. Daniel Fridberg 

(http://mypage.iu.edu/~dfridber/) and Dr. Woo-Young Ahn. See Appendix C for further 

technical details of the parameter estimation.  

http://bisharaa.people.cofc.edu/
http://www.ahnlab.org/home/research
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Results 

Overall Cognitive Performance 

Table 7 indicates that as expected, the MHP-SUD demonstrated impaired 

performance (approximately one to two standard deviations below expectations, based on 

normative data provided in the test manuals) on measures of complex attention, verbal 

learning and memory, and executive functioning (with the exception of inhibition on the 

Stroop task37) despite normal estimated premorbid IQ.  

Table 7 Neuropsychological Performance of the MHP-SUD Relative to 
Normative Expectations. 

Cognitive measure N Mean score 
(SD) 

Stroop (age- and education-corrected z-scores) 

 Word-reading 284 -.64 (1.21) 

 Colour-naming 285  -1.08 (1.04) 

 Colour-Word 283 -.08 (.93) 

 Interference 282 .04 (.66) 

HVLT-R (age-corrected z-scores)   

 Immediate recall 281 -1.95 (1.00) 

 Delayed Recall  280 -1.86 (1.11) 

 % Retention  280 -1.10 (1.53) 

 Recognition   280 -1.39 (1.21) 

RVIP (uncorrected z-score)   

 A’ 274 -1.19 (1.28) 

IDED (uncorrected z-score)   

 Stages completed 285 -1.41 (2.20) 

Note. Z-Scores represent performance relative to normative comparison groups, calculated based on data 
presented in the test manuals. FSIQ = Full-scale IQ; HVLT-R = Hopkins Verbal Learning Test Revised; 
RVIP = Rapid Visual Information Processing; IDED = Intradimensional-Extradimensional Set Shift.  

Consistent with previous studies, persons with substance use disorders 

demonstrated poor performance and a flat learning curve on the IGT, whereas a 

 
37 Poor reading ability may have resulted in less cognitive demand on the colour-word trial in the 

MHP-SUD. 
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calibration sample from a university community demonstrated a significant improvement 

across blocks (see Table A2). Polynomial trend analyses showed no linear trend over 

blocks (i.e., no improvement of performance) in the MHP-SUD, whereas in the Calibration 

sample a significant linear trend was observed (i.e., performance improved across blocks), 

F(1, 135) = 87.29, p < .001, along with quadratic, F(1, 135) = 17.72, p < .001, and cubic 

F(1, 135) = 4.89, p = .029, trends.  
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Figure 1.  IGT performance across five blocks of trials in the MHP-SUD (top 

panel) and the calibration sample (bottom panel).  
Note. Error bars represent 95% confidence intervals.  

Parameter Estimation 

Parameters for all five models were estimated using both MLE38 and HBA 

techniques. Many of the parameter values were at the boundaries of the parameter space 

 
38 MHP-SUD N = 293 for the MLE parameters, as IGT data for one participant was not available 

when the MLEs were generated. 
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(i.e., at the minimum or maximum possible values) when estimated using MLE, a result 

that can occur when an individual participant’s data does not contain sufficient information 

to make an accurate estimate (Ahn, Krawitz, Kim, Busemeyer, & Brown, 2011). In contrast, 

parameter estimates were typically more moderate when estimated using HBA; this 

method uses information from the whole sample to guide the parameter value of a single 

participant when that participant’s data alone contains insufficient information. In this 

manner, individual participants’ parameter estimates are shifted toward the group mean 

rather than taking on extreme values (Ahn et al., 2011). However, parameter values 

obtained via the MLE and HBA methods were nevertheless highly correlated (Spearman’s 

rho = .46 to .96; see Table A3). We used HBA-estimated parameter values for the present 

analysis because these estimates were more moderate, and because HBA has previously 

been shown to be more robust to data contaminations than MLE (Wetzels, 

Vandekerckhove, Tuerlinckx, & Wagenmakers, 2010).  

Model Evaluation 

We conducted model evaluation to determine the best-fitting and most accurate 

model for the current sample. Our approach was to first compare the fit of each model to 

the current data as indexed by the BIC and the DIC, where higher BIC values indicate 

better fit relative to the Bernoulli baseline model, and lower DIC values indicate better fit 

relative to other models tested on the same data set. Next, we simulated each participant’s 

IGT performance using that participant’s parameter values as estimated by each model in 

order to determine which models could successfully replicate the actual IGT performance 

of the participants.  

We selected the PVL model with the decay-reinforcement learning rule and the 

trial-dependent choice rule (PVL-Decay-TD) based on relatively good fit to the MHP-SUD 

data, successful replication of actual IGT performance in simulations, and few 

uninterpretable parameter values (see Appendix C for additional details of the model 

evaluation results). Specifically, Table 8 illustrates that the PVL model with the decay-

reinforcement learning rule and the trial-independent choice rule (PVL-Decay-TI) had the 

best fit and the PVL-Decay-TD model had the second-best fit for the MHP-SUD. Figure 2 

illustrates the simulation results; the top panel shows that all four versions of the PVL 
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model replicated the actual pattern of deck preferences observed in the MHP-SUD (i.e., 

Deck B was chosen most frequently, followed by Decks D, C, and A), while the EVL model 

did not. The bottom panel of Figure 2 shows that in the calibration sample, only the PVL-

Decay-TI model replicated the observed order of preferences, though the PVL-Decay-TD 

model produced nearly the same pattern. Several additional statistical and theoretical 

considerations favoured the PVL-Decay-TD model over the PVL-Decay-TI model. The 

PVL-Decay-TD model had fewer uninterpretable parameter values (1.9% of participants) 

compared to the PVL-Decay-TI model (8.4% of participants; see Appendix C for details). 

Further, Table 9 illustrates that when applied to the MHP-SUD data, the PVL-Decay-TD 

model parameters were more divergent from traditional IGT Net scores and there was less 

overlap among the four parameters (i.e., smaller intercorrelations39). These characteristics 

allow for complementary rather than redundant utility. Further, the PVL-Decay-TD model 

has the advantage of capturing changes over time in consistency rather than average 

consistency over the entire task40.  

 
39 Although each parameter was strongly correlated across the two model versions (see shaded 

cells in Table 9) the magnitudes of the largest intercorrelations among the parameters of the 
PVL-Decay-TD model (i.e., -.468, -.222; shown in the lower right box) were somewhat smaller 
than the largest intercorrelations among the parameters of PVL-Decay-TI model 
(i.e., -.564, -.256; shown in the upper left box), indicating less overlap among the parameters of 
the PVL-Decay-TD model. Furthermore, the PVL-Decay-TD model parameters appeared to be 
more divergent from the Net score compared to the PVL-Decay-TI model parameters; the 
largest magnitude correlation with Net score was -.689 for the PVL-Decay-TI model compared 
to .424 for the PVL-Decay-TD model. 

40 For example, with the trial-independent choice rule, a participant who is highly consistent at first 
but becomes fatigued and responds randomly towards the end of the task could have the same 
consistency parameter value as another participant who chooses randomly at first before 
settling into a consistent response style representing exploitation of the best decks. 
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Table 8 BIC and DIC Values for the MHP-SUD and the Calibration Sample 
Indicating Model Fit for each Model.  

           Median BIC              % Positive BIC  DIC 

 Model MHP-SUD 
Calibration 

sample 
 

MHP-SUD 
Calibration 

sample 
 

MHP-SUD 
Calibration 

sample 

EVL   1.17 0.47  54.3 52.2  73076 33800 

PVL-Delta-TD  0.77 5.54  51.2 66.2  70660 32413 

PVL-Delta -TI   -0.16 6.38  49.8 72.1  70418 32140 

PVL-Decay-TD 7.24 4.90  56.7 55.1  67740 32220 

PVL-Decay -TI   9.66 10.91  65.5 73.5  65980 31240 

Note. Values for the selected model are in boldface. Positive BIC values represent better fit compared to the 
Bernoulli baseline model, and the highest BIC represents the best fit; % positive BIC indicates the percent of 
individuals in the group for whom BIC > 0. Lower DIC values represent better fit compared to other models 
tested on the same data set. Median BIC values are reported, as the distributions of BIC values were 
positively skewed. In contrast to BIC values, which are individual, DIC values are group-level statistics. 
Delta = Delta learning rule; Decay = decay-reinforcement learning rule; TD = trial-dependent choice rule; 
TI = trial-independent choice rule. 
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Figure 2.  Actual and Simulated Proportion of Choices Per Deck 
Note. Bars labelled “Actual” represent the mean percent of cards selected from each deck during 
the IGT task by the MHP-SUD (top panel) or the calibration sample (bottom panel). Bars labelled 
with a model version represent the mean percent of cards selected from each deck over 100 
simulations per participant using that model version. Error bars represent 95% confidence 
intervals. Delta = Delta learning rule; Decay = decay-reinforcement learning rule; TD = trial-
dependent choice rule; TI = trial-independent choice rule. 
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Table 9 Intercorrelations of Traditional IGT Net Scores and PVL-Decay 
Parameters for both Trial-Independent and Trial-Dependent Choice 
Rules in 294 MHP-SUD.  

IGT Score or parameter 1 2 3 4 5 6 7 8 9 

Traditional IGT Net scores          

 1. Total advantageous          

 2. Last 60 advantageous .941***         

Trial-independent choice 
rule 

         

 3. Retention .010 .026        

 4. Consistency -.045 -.035 -.564***       

 5. Attn to losses .387*** .383*** .180** -.256***      

 6. Attn to magnitude -.689** -.689*** -.152** -.019 -.092     

Trial-dependent choice 
rule 

         

 7. Retention -.038 -.037 .700*** .088 -.043 -.241***    

 8. Consistency -.040 -.016 -.417*** .896*** -.209*** .039 .041   

 9. Attn to losses .424*** .397*** .078 -.223*** .893*** -.139* -.052 -.200**  

 10. Attn to magnitude -.413*** -.411*** .239*** -.613*** .154** .746*** -.222*** -.468*** .159** 

Note. Values in regular typeface are Pearson product-moment correlations; values in bold typeface are 
Spearman correlations (employed where skewness / standard error > 3.00).  Shaded cells show correlations 
between equivalent parameters in the two models; boxes denote intercorrelations of parameters within one 
model. Total Advantageous = proportion of advantageous choices over all trials; Last 60 Advantageous = 
proportion of advantageous choices over the last 60 trials. 
* p < .05. ** p < .01. *** p < .001.  
. 

Patterns of Decision Making in the MHP-SUD and Calibration 
Sample 

Median IGT parameter values for the MHP-SUD and the calibration sample are 

presented in Table 10. Recall that with the trial-dependent choice rule, consistency values 

above zero indicate that choices become more aligned with the expected values as the 

person progresses through the IGT task, whereas values below zero indicate that choices 

become more random. The mean MHP-SUD consistency value was not significantly 
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different from zero (t(286) = 1.25, p > .10), suggesting that on average, the alignment of 

choices with expected values did not change over the course of the IGT task. In contrast, 

the mean calibration sample consistency value was significantly less than zero 

(t(134) = -5.66, p < .001), indicating that on average, the calibration sample’s choices 

surprisingly became more random as the participants progressed through the task.  

Table 10 PVL Model Components of Decision Making in the MHP-SUD and 
Calibration Sample.  

  
MHP-SUD  
(N = 287) 

 
Calibration sample (N = 135) 

IGT Parameter 
(range) Median (IQR) 95% CI 

 
Median (IQR) 95% CI 

Retention 

(0 - 1) .297 (.301) [.328, .375] 

 

.643 (.238) [.584, .647] 

Consistency 

(-5 - 5) .023 (.619) [-.016, .072] 

 

-.162 (.435) [-.179, -.086] 

Attention to losses 
(0 - 5) .015 (.002) [.014, .015] 

 
.851 (.777) [.789, .955] 

Attention to 
magnitude (0 - 1) .572 (.365) [.484, .531] 

 
.354 (.184) [.333, .378] 

The MHP-SUD demonstrated minimal attention to losses. In fact, there was no 

overlap in attention to losses values across the groups. The calibration sample weighted 

losses slightly less than gains (attention to losses was significantly less than 1.0; 

t(134) = -3.05, p < .01). The subjective values of several example net outcomes are 

presented in Table 11 for both groups, using the group medians of the attention to losses 

parameter and the attention to magnitude parameter, to illustrate the subjective value of 

gains and losses within the range typically obtained during the IGT. For example, a MHP-

SUD participant with attention to magnitude of .572 and attention to losses of .015 would 

value a $50 gain at ($50).572 = $9.37 and would value a $50 loss at 

(-.015) · |(-$50)|.572 = -$0.14. The difference in subjective value between a $50 gain and a 

$150 gain is ($17.57 – $9.37) = $8.20 for a typical MHP-SUD participant and 

($5.89 - $3.99) = $1.90 for a typical calibration sample participant. In contrast, the 

difference in subjective value between a $50 loss and a $150 loss is 

(-$0.26 - -$0.14) = -$0.12 for a typical MHP-SUD participant and 

(-$5.01 - -$3.40) = -$1.61 for a typical calibration sample participant. 
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Table 11 Subjective Value of Example Net Outcomes for the PVL Model, at 
Median Parameter Values for the MHP-SUD and the Calibration 
Sample.  

 
Subjective value of net 

outcome, in dollars 

Net outcome, in 
dollars MHP-SUD 

Calibration 
sample 

50 9.37 3.99 

150 17.57 5.89 

-50 -0.14 -3.40 

-150 -0.26 -5.01 

-300 -0.39 -6.41 

-1250 -0.89 -10.62 

Note. According to the prospect utility function, the subjective value, u(t) of the net outcome, x(t), on trial t is 
given by u(t) = x(t)α when the outcome is a net gain, and is given by u(t) = –λ|x(t)|α when the outcome is a 
net loss, where α represents the attention to magnitude parameter and λ represents the attention to losses 

parameter. To illustrate, for a typical MHP-SUD participant (using the median attention to magnitude of .572 
and the median attention to losses of .015), a $50 net gain would have a subjective value of ($50).572 = 
$9.37, and a $50 net loss would have a subjective value of -.015|(-$50)|.572 = -$0.14. For a typical participant 
in the calibration sample (using the median attention to magnitude of .354 and the median attention to 
losses of .851), a $50 net gain would have a subjective value of ($50).354 = $3.99, and a $50 net loss would 
have a subjective value of -.851|(-$50)|.354 = -$3.40. 

High-Risk Behaviour 

Regression results failed to support the hypothesized association between lower 

attention to losses and more risk behaviour impacting others (Hypothesis 1), regardless 

of whether demographics were taken into account (see Table 1241). Younger age and 

male gender were associated with more reported risk behaviour impacting others, 

accounting for 9.3% of the variance. The IGT model parameters accounted for an 

additional 5.7% of variance in risk behaviour impacting others. As predicted, lower 

attention to magnitude was associated with more risk behaviour impacting others 

(Supplementary Analysis A; sr2 = .017). Surprisingly, higher retention was also associated 

 
41 Participants recruited from community courts reported significantly more risk behaviour 

impacting others than those recruited from single-room occupancy hotels (t(235) = -4.197, 
p < .001). However, recruitment group was not entered into the final regression model as there 
were no significant interactions between recruitment group and the IGT parameters.   
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with more risk behaviour impacting others (sr2 = .024). Consistency was not associated 

with risk behaviour impacting others. When the variance associated with age and gender 

was not removed, the results were similar, and the IGT parameters accounted for 6.7% of 

the variance in risk behaviour impacting others. Lower attention to magnitude was 

marginally associated with more risk behaviour impacting others (sr2 = .013), higher 

retention was again associated with more risk behaviour impacting others (sr2 = .038), and 

consistency and attention to losses were again not associated with risk behaviour 

impacting others. 
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Table 12  Regression Results for IGT PVL Model Parameters and Risk 
Behaviour Impacting Others and Risk Behaviour Impacting Health, 
with and without Demographic Covariates. 

 
Risk behaviour impacting others 
(n = 230) 

 
Risk behaviour impacting health 
(n = 287) 

Independent 
variable ß sr2 R2 ∆R2  ß sr2 R2 ∆R2 

Accounting for age and gender 

Block 1   .093 .093***    .050 .050** 

 Age -.259 .067***    -.131 .017*   

 Gender -.182 .033**    .17 .029**   

Block 2   .150 .057**    .077 .027† 

 Age -.235 .052***    -.102 .010†   

 Gender -.193 .037**    .173 .030**   

 Retentiona .163 .024*    .092 .008   

 Consistency -.025 <.001    -.080 .005   

 
Attention to 
lossesb 

-.001 <.001    -.131 .016*   

  
Attention to 
magnitudec 

.152 .017*       .003 <.001     

No covariates 

Block 1   .067 .067**    .035 .035* 

 Retentiona .202 .038**    .122 .014*   

 Consistency -.047 .002    -.086 .008   

 
Attention to 
lossesb 

-.009 <.001    -.128 .015* 
 

 

  
Attention to 
magnitudec 

.132 .013†       -.010 <.001 
 

  

Note. 57 participants did not complete the SRO, CTS, or justice contacts. 
 aSquare-root transformation; bMedian split; cReflection and log-transformation (note that positive beta 
weights for this parameter indicate negative  
associations).  
† p < .10. * p<.05. ** p < .01. *** p < .001. 

  



 

45 

Regression results supported the hypothesized association between lower 

attention to losses and more risk behaviour impacting health (Hypothesis 1; sr2 = .016), 

regardless of whether demographics were taken into account (see Table 1242). Younger 

age and female gender were associated with more reported risk behaviour impacting 

health, together accounting for 5.0% of the variance. The IGT model parameters 

accounted for an additional 2.7% of variance in risk behaviour impacting health. Attention 

to magnitude was not associated with risk behaviour impacting health (Supplementary 

Analysis A), nor were retention and consistency. When age and gender were not included 

in the model, the model parameters accounted for 3.5% of the variance in risk behaviour 

impacting health and higher retention was unexpectedly also associated with more risk 

behaviour impacting health (sr2 = .014)43.  

Partial correlation analysis demonstrated that frequency of heroin, 

methamphetamine, and possibly crack cocaine use were associated with the IGT 

parameters while frequency of alcohol, cannabis, and powder cocaine use were not, when 

demographics were taken into account44 (Supplementary Analysis B; see Table 13). 

Higher retention was associated with more frequent heroin use and more frequent 

methamphetamine use (with Bonferroni correction for 24 comparisons; p < .002). An 

association between lower attention to losses and more frequent crack cocaine use was 

significant at the p < .05 level but did not survive Bonferroni correction (p = .019), nor did 

an association between lower consistency and more frequent methamphetamine use 

(p = .012). 

 
42 Reported risk behaviour impacting health did not differ significantly for participants recruited 

from community courts compared to single-room occupancy hotels (t(291) = .119, p = .906), 
and there were no significant interactions between recruitment group and the IGT parameters. 

43 Participants with more months of MAP data reported marginally more risk behaviour impacting 
health (r = .098, p = .099). However, including months of MAP data in the regression model 
resulted in similar amounts of variance explained by the IGT parameters, and beta weights of 
similar magnitude. 

44 Equivalent results were obtained when demographics were not taken into account, with an 
additional association between more cannabis and lower consistency (r = -.12, p < .05) 
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Table 13  Partial Correlations of IGT PVL Model Parameters with Frequency of 
Use of Each Substance in the MHP-SUD, Accounting for Age and 
Gender.  

IGT Parameter Alcohol 
Crack 

cocaine Cannabis Heroin 
Powder 
cocaine 

Metham-
phetamine 

Retentiona -.02 -.04 -.02 .20** .06 .19** 

Consistency -.03 .05 -.09 -.03 -.01 -.15* 

Attention to 
lossesb .08 -.14* .04 -.03 .02 .07 

Attention to 
magnitudec -.01 -.08 -.03 .03 .06 .02 

Note. Positive correlations indicate an association between more frequent use of the substance and higher 
parameter values, after removing variance associated with age and gender. Frequency of use was coded as 
0 = no use of the substance, 1 = least-frequent users, 2 = mid-frequency users, and 3 = most-frequent 
users.  
aSquare-root transformation; bMedian split; cReflection and log-transformation (note that positive correlations 
for this parameter indicate negative associations).  
* p < .05. ** p < .002 (Bonferroni correction for 24 comparisons). 

Learning and Memory Ability 

Regression results supported an association between higher retention on the IGT 

and better learning and memory ability (Hypothesis 2; sr2 = .031; see Table 14), with the 

IGT parameters accounting for 8.0% of the variance in learning and memory. 

Unexpectedly, lower attention to magnitude was also associated with better learning and 

memory (sr2 = .016). Consistency and attention to losses were not associated with 

learning and memory.  

Self-Reported Impulsiveness 

Regression results failed to support an association between lower retention on the 

IGT and more self-reported impulsiveness (Hypothesis 3; see Table 14)45.  

 
45 Cognitive and motor impulsiveness showed only modest covariation (r = .176, p < .01). When 

evaluated separately, the IGT parameters did not account for significant variance in either 
cognitive impulsiveness or motor impulsiveness. 
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Table 14  Regression Results for IGT PVL Model Parameters and Self-
Reported Impulsiveness, Sensation Seeking, and Self-Reported 
Difficulty Focusing and Paying Attention. 

 

Self-reported 
impulsiveness  
(n = 229; R2 = 
.024)  

Sensation 
seeking 
(n = 227; 
R2 = .077**)  

Self-reported 
difficulty 
focusing and 
paying attention  
(n = 229; R2 = 
.013) 

 Learning and 
memory ability 
(HVLT-R Total 
Recall;  
(n = 274;  
R2 = .080***) 

Independent 
variable ß sr2  ß sr2  ß sr2 

 
ß sr2 

Retentiona .103 .010  .204 .039**  .074 .005  .181 .031** 

Consistency -.075 .004  -.071 .004  -.076 .004  .067 .003 

Attention to 
lossesb 

-.089 .007  -.031 <.001  -.046 .002 
 
.018 <.001 

Attention to 
magnitudec 

.041 .001  .159 .018*   -.009 <.001 
 
.150 .016* 

Note. Higher BIS-11 scores indicate more impulsiveness/difficulty focusing and paying attention; higher 
SSS-V scores indicate higher sensation seeking; higher HVLT-R scores indicate better learning and 
memory ability. Fifty-eight participants did not complete the BIS-11. Sixty participants did not complete the 
SSS-V. 
aSquare-root transformation; bMedian split; cReflection and log-transformation (note that positive beta 
weights for this parameter indicate negative associations). 
† p < .10. * p<.05. ** p < .01. *** p < .001. 

Sensation Seeking 

Regression results failed to support an association between lower consistency and 

higher sensation seeking (Supplementary Analysis C46), although the IGT parameters 

accounted for 7.7% of the variance in sensation seeking. Lower attention to magnitude 

was associated with higher sensation seeking (sr2 = .018; see Table 1447). Higher retention 

 
46 Consistent with previous studies, higher sensation seeking was, however, associated with 

more risk behaviour impacting others (sr2 = .17 without demographic covariates, sr2 = .15 with 
demographic covariates) and more risk behaviour impacting health (sr2 = .076 without 
demographic covariates, sr2 = .085 with demographic covariates). 

47 Variances associated with demographics were not removed for this analysis, because 
sensation seeking is a trait rather than a behaviour, and should thus be less sensitive to 
differences in factors such as peer groups and life circumstances. 
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was also associated with higher sensation seeking (sr2 = .039),. Attention to losses was 

not associated with sensation seeking. 

Self-Reported Difficulty Focusing and Paying Attention 

Regression results failed to support an association between more self-reported 

difficulty focusing and paying attention and lower consistency on the IGT (Supplementary 

Analysis D) or any other IGT parameter (see Table 1448).  

Traditional Net Score Associations 

When the Bonferroni correction was applied (p < .008 for six comparisons), the 

proportion of advantageous choices (i.e., the traditional IGT Net Score) in the last 60 trials 

was not associated with any dependent variable (Supplementary Analysis E). However, 

at the less conservative p < .05 level, higher proportion of advantageous choices was 

associated with higher sensation seeking (see Table 15); this association remained 

significant at the p < .05 level after controlling for age (sr2 = .025; education and gender 

were not associated with sensation seeking). Higher proportion of advantageous choices 

was also associated with better verbal learning and memory at the p < .05 level. The 

proportion of advantageous choices was not associated with risk behaviour impacting 

others, risk behaviour impacting health, self-reported difficulty focusing and paying 

attention, or self-reported impulsiveness (p > .10). The results of all Hypotheses and 

Supplementary Analyses are summarized in Table 16. 

 
48 The second-order BIS-11 Attentional Impulsiveness factor, which includes two first-order 

factors: attention and cognitive instability, was selected as the dependent variable because the 
normality of residuals was superior to using the first-order BIS-11 attention factor (“focusing on 
the task at hand”) as the dependent variable. However, equivalent results were obtained with 
the first-order factor. 
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Table 15 Pearson Correlations between Proportion of Advantageous Deck 
Selections in the Last 60 IGT Trials and Behavioural, Trait, and 
Cognitive Outcome Variables in the MHP-SUD. 

Outcome variable r N 

Risk behaviour impacting others .088 237 

Risk behaviour impacting health -.091 294 

Sensation seeking .171** 234 

Self-reported difficulty focusing and 
paying attention .011 236 

Verbal learning and memory .155** 281 

Self-reported impulsiveness -.015 236 

Note. Neither of the above results survive the Bonferroni-adjusted p < .008 required for six comparisons. 
** p < .01.  
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Table 16  Summary of Results for Hypotheses 1 – 3 and Supplementary 
Analyses. 

Analysis 
IGT 
component 

Predicted 
association/dependent 
variable 

Result 

Hypothesis 1 
Lower attention 
to losses 

More high-risk behaviour 
More risk behaviour impacting health; 
not associated with risk behaviour 
impacting others  

Hypothesis 2 Higher retention  
Better learning and 
memory ability  

Better learning and memory ability  

Hypothesis 3 Lower retention  
More self-reported 
impulsiveness 

Not associated 

Supplementary 
Analysis A 

Lower attention 
to magnitude 

More high-risk behaviour 
More risk behaviour impacting others; 
not associated with risk behaviour 
impacting health 

Supplementary 
Analysis B 

All parameters  
Use of individual 
substances  

Higher retention associated with more 
heroin use and more methamphetamine 
usea 

Supplementary 
Analysis C 

Lower 
consistency 

Higher sensation seeking Not associated 

Supplementary 
Analysis D 

Lower 
consistency  

More self-reported 
difficulty focusing and 
paying attention  

Not associated  

Supplementary 
Analysis E 

Traditional Net 
score  

All dependent variables  Not associatedb  

aAdditional associations between lower attention to losses and more crack cocaine use, and between lower 
consistency and more methamphetamine use did not survive Bonferroni correction. bAssociations of more 
advantageous choices with higher sensation seeking and better learning and memory did not survive 
Bonferroni correction.   
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Discussion 

Despite questionable construct and ecological validity, the IGT is widely used in 

the study of decision making among clinical groups including persons with substance use 

disorders. To our knowledge, our investigation is the first report linking decision making 

component processes to behaviours with high risk of adverse consequences in a large, 

inclusive sample of MHP-SUD.  

Summary of findings 

Our research revealed a finding of considerable clinical importance: the MHP-SUD 

demonstrated a striking lack of attention to losses on the IGT.  This finding represents a 

key extension of previous research (Fridberg et al., 2010; Vassileva et al., 2013) 

demonstrating that pervasive inattention to losses is a driving factor in poor IGT 

performance among persons with substance use disorders. The attention to losses 

parameter of the PVL model ranges from 0, where there is no attention to losses, up to 5, 

where losses are weighted five times as important as gains (a value of 1 reflects equal 

weight given to losses and gains). The attention to losses parameter ranged from .01 to 

.02 in the MHP-SUD, indicating a failure to take losses into account. In contrast, among 

healthy university participants in the calibration sample, the attention to losses parameter 

ranged from .04 to 2.2, indicating that the healthy participants who were least attentive to 

losses were still more attentive than any of the MHP-SUD. This striking inattention to 

losses has critical implications for interventions aiming to reduce adverse outcomes 

among persons with substance use disorders, which are reviewed in the conclusions 

section below. 

As in previous studies, the participants with substance use disorders demonstrated 

a flat learning curve and low Net scores on the IGT (i.e., low proportion of advantageous 

choices; Mukherjee & Kable, 2014). Further, Net scores were not associated with high-

risk behaviours in the MHP-SUD. In our inclusive sample of persons with substance use 

disorders, we thereby replicated prior null results reported in abstinent samples (Gonzalez 

et al., 2005; Wardle et al., 2010). 
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However, our analysis based on PVL model estimates of the component 

processes of decision making did reveal that lower attention to losses is at least weakly 

associated with one type of risk behaviour – behaviour with a high risk of adverse impact 

on the individual’s own health. This partially supports our primary hypothesis, and to our 

knowledge represents the first published evidence of a direct association between an 

element of performance on the IGT and high-risk behaviour in a large sample of MHP-

SUD. 

Although the association we detected between lower attention to losses and more 

risk behaviour impacting health is a novel result that provides preliminary support for the 

validity of the PVL model, the small magnitude of this association (i.e., 1.6% of variance) 

limits its clinical utility, at least in this severely ill population. If one aimed to predict 

individual differences in high-risk behaviour in this group, other factors such as age, 

gender, and sensation seeking, for example, show much stronger associations with high-

risk behaviour and are furthermore much more straightforward to obtain than PVL model 

parameters; we discuss the implications of this below.  

Our other two hypotheses concerned retention on the IGT. Our second hypothesis 

that lower retention on the IGT would be associated with poorer learning and memory 

abilities was supported. Our third hypothesis that lower retention on the IGT would be 

associated with higher self-reported impulsiveness was not supported. 

As expected, the pattern of specific processes underlying IGT performance 

differed between the MHP-SUD and a healthy university sample that demonstrated 

learning across blocks of the IGT. The MHP-SUD’s poor performance was characterized 

by a) near-zero attention to losses (versus gains), b) flat consistency (i.e., the probability 

of choosing the deck with the highest expected value did not increase or decrease across 

the 100 trials), and relative to the healthy sample, c) high attention to the magnitude of 

outcomes, and d) low retention of information across trials. We will now take a closer look 

at the association between lower attention to losses and more risk behaviour impacting 

health. 
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High-risk behaviours. Recall our key finding that the MHP-SUD 

demonstrated essentially no attention to losses on the IGT, and universally paid less 

attention to losses than even the least attentive to losses members of the healthy 

university sample. The results of our primary hypothesis provide preliminary support for 

the utility of the IGT and specifically the PVL model in this marginally housed population. 

Despite the minimal range of attention to losses parameter values, those MHP-SUD who 

were more concerned with avoiding losses were also more likely to avoid behaviours that 

may impact their health, as was hypothesized. Perhaps due to the minimal variance in 

attention to losses, this previously unreported association was small, representing 1.6% 

of the variance in risk behaviour. Indeed, associations accounting for 6 to 17% of variance 

in real world outcomes have been reported using the Balloon Analogue Risk Task in 

healthy groups and groups with substance use disorders (e.g., Lejuez et al., 2002; Lejuez 

et al., 2004; Prause & Lawyer, 2014). Our smaller effect may reflect limited sensitivity to 

punishments of severely ill and marginally housed persons and relatively greater 

importance of other independent factors driving real world behaviour, including features of 

the risk environment (e.g., availability and cost of particular substances, availability of 

clean needles, law enforcement practices, etc.; Rhodes, 2002). Despite the small 

magnitude of the association, this finding supports the contention that attention to losses 

is associated with high-risk behaviour outside of the laboratory in the MHP-SUD. This 

association warrants further investigation in substance using samples that may have more 

varied sensitivity to negative consequences.  

Interestingly, risk behaviour impacting others showed a divergent pattern of 

associations. We predicted that lower attention to losses on the IGT would be associated 

with more risk behaviour impacting others but results showed no association, perhaps 

because of the limited variance of this parameter. In addition, the potential adverse 

impacts on the self might have been less salient for risk behaviours impacting others (e.g., 

involvement with the justice system, physical injury) compared to risk behaviours 

impacting health (e.g., overdose, contracting HIV). As we predicted, lower attention to the 

magnitude of outcomes on the IGT was associated with more risk behaviour impacting 

others (an effect of small magnitude, representing 1.7% of the variance); however, given 

the extremely low attention to losses in this group, the attention to magnitude parameter 
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essentially represents attention to the magnitude of gains only49. Unexpectedly, higher 

retention on the IGT was also associated with more risk behaviour impacting others 

(representing 2.4% of the variance).  

This pattern of associations might be explained by the marked cognitive deficits of 

the MHP-SUD (i.e., performance one to two standard deviations below normative 

expectations), which may qualitatively impact their approach to the IGT. Perhaps those 

who attend less to outcome magnitude are able to retain a greater number of prior 

outcomes because they retain less information about each outcome. Conversely, those 

who attend more to outcome magnitudes might retain fewer prior outcomes because they 

retain more information about each one. Individuals who employ the approach of attending 

less to the magnitude information may obtain lower attention to magnitude parameter 

values – since the approach essentially ignores magnitudes – and higher retention 

parameter values – since by ignoring magnitudes, they retain less information about each 

past outcome, and thus can retain a greater number of past outcomes. Outside the 

laboratory, those who attend less to the magnitude of outcomes on the IGT might engage 

in more risk behaviour impacting others because they similarly rely on less contextually 

rich information in their decision making (i.e., they may not attend to the magnitude, or 

severity, of negative consequences).  

Verbal learning and memory. The results for verbal learning and memory 

ability clarify the role of learning and memory in laboratory-based decision making. As 

hypothesized, higher retention of previous expected values on the IGT was associated 

with better learning and memory on the HVLT-R. Although the association is modest 

(representing 3.1% of the variance in HVLT-R performance), this confirms that the PVL 

model retention parameter varies with learning and memory ability. Unexpectedly, lower 

attention to magnitude was also associated with better learning and memory on the HVLT-

R. This might reflect the same trade-off between attending to the magnitude of outcomes 

and retaining outcomes over time as we suggested in the interpretation of findings related 

 
49 Higher attention to magnitude would typically represent a more sophisticated strategy that 

would lead to more advantageous choices, but in this special case where there is no attention 
to losses, higher attention to the magnitude of gains only would not lead to more advantageous 
choices. 
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to risk behaviour impacting others. Persons with more intact learning and memory might 

naturally employ the approach of attending less to outcome magnitude in order to focus 

on retaining a greater number of prior outcomes. In contrast, persons with weaker learning 

and memory might be more likely to focus on attending the magnitude of outcomes and 

therefore retain a smaller number of prior outcomes. Although the same pattern of 

component processes (namely, higher retention and lower attention to magnitude) is 

associated with both risk behaviour impacting others and learning and memory, it appears 

that learning and memory ability plays little role in risk behaviour impacting others 

(Pleskac, 2008); indeed, they are not associated in the current sample (r = .077, p = .254). 

Sensation Seeking, Impulsiveness, and Self-Reported Difficulty 

Focusing and Paying Attention. We successfully replicated the finding from a 

previous study of persons with chronic substance use disorders (Wardle et al., 2010) that 

sensation seeking is strongly associated with high-risk behaviour (particularly risk 

behaviour impacting others, representing 17% of variance, and representing 8.5% of 

variance in risk behaviour impacting health). However, the anticipated association 

between high sensation seeking and low consistency, reflecting deliberate selection of 

decks with lower expected values, was not detected. A more “thrilling” activity than this 

laboratory-based behavioural decision making task might be required to evoke risk-

seeking behaviour.  

The predicted association between lower retention on the IGT and higher self-

reported impulsiveness was also not detected. Highly impulsive persons were expected 

to make selections based on only the most recent IGT trials (thereby obtaining low 

retention parameter values) because they may not pause to consider more distant trials. 

However, if decisions are guided not by thoughtful consideration of prior trials but rather 

by unconscious emotional biases as the somatic marker hypothesis suggests (Bechara & 

Damasio, 2005; Damasio et al., 1996), highly impulsive persons might show high retention 

despite their lack of thoughtful consideration (i.e., because more distant trials might 

influence decisions unconsciously). Alternatively, the members of this population might 

judge their own level of impulsiveness differently from how typical healthy samples judge 

impulsiveness. Thus even if their impulsiveness levels as rated by an outside observer 
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might vary inversely with their levels of retention, their self-reports of impulsiveness would 

then show no relationship to retention. 

The predicted association between lower consistency on the IGT and more self-

reported difficulty focusing and paying attention was also not detected. Again, MHP-SUD 

might judge their own level of difficulty focusing and paying attention differently from how 

typical healthy samples judge difficulty focusing and paying attention. 

Specific substances. We investigated associations of the IGT parameters 

with frequency of use of specific substances, producing several interesting results. Higher 

retention was associated with more frequent use of heroin and methamphetamine, 

suggesting an approach characterized by more consideration of distant-past outcomes 

among these more frequent users. Among the heroin users in particular, this effect might 

be related to a paradoxical preservation of memory ability; indeed, more frequent use of 

heroin showed a small association with stronger verbal learning and memory ability in the 

current sample (r = .14, p = .014)50.  

 
50 Although serious mental illness (e.g., schizophrenia spectrum disorder) and substance 

dependence are each individually known to produce cognitive impairments, the authors of a 
2012 meta-analysis concluded that relative to persons with schizophrenia spectrum disorder 
and no substance problems, those who also abuse alcohol and possibly cocaine have worse 
cognitive functioning, while those also abuse cannabis show better cognitive functioning (Potvin 
et al., 2012). Some authors have suggested that in order to maintain regular substance use, a 
certain level of relational and cognitive ability is required, and dual diagnosis is therefore more 
common among higher-functioning subgroups of persons with schizophrenia spectrum disorder 
(Joyal et al., 2003). Extending this concept to the broader range of mental illnesses present in 
the current sample, participants who have stronger learning and memory ability might be more 
capable of regularly obtaining methamphetamine or heroin. Alternatively, at least in the case of 
heroin use, there may be counterintuitive neuroprotective effects. Persons dependent on heroin 
have been shown to have milder cognitive deficits compared to users of other drugs (e.g., 
Ersche et al., 2006), and in a recent study of 195 former intravenous heroin users receiving 
methadone no cognitive deficits were identified at all (Gupta et al., 2014). Furthermore, a post-
mortem immunohistochemical study has demonstrated evidence that opiates may have a 
neuroprotective anti-inflammatory effect in persons with HIV (Byrd et al., 2012; Gupta et al., 
2014). 

 



 

57 

Strengths and limitations 

We investigated 294 MHP-SUD, representing the largest investigation to date of 

associations between decision making performance on the IGT and high-risk behaviour in 

this population51. We employed a computational modelling approach with the PVL model 

and state-of-the-art HBA techniques to reveal the specific component processes driving 

decision making on the IGT. Our inclusive community sample of persons with substance 

use disorders promoted high generalizability of our findings and enabled investigation of 

behaviours related to ongoing substance use. 

Several limitations should be noted. First, we only investigated high-risk behaviour 

in a marginally housed, severely ill population. It would be interesting to evaluate 

associations between laboratory-based decision making and risk behaviour across a 

broader population, including persons who use harmful substances or engage in other 

high-risk behaviour but have adequate housing, stable employment, or good health. High-

risk behaviours that are more prevalent across a broader population yet are still 

characterized by immediate reward with a low probability of a large negative consequence 

could be measured. For example, future research might focus on activities such as 

excessive speeding in a motor vehicle or occasional excessive consumption of alcohol. 

Second, this sample was drawn from four single-room occupancy hotels and a 

community court in one low-income neighbourhood, and therefore this is not a random 

sample of all MHP-SUD. As such, it is possible that the results might not generalize to 

other subgroups of MHP-SUD. In particular, the results might differ across different risk 

environments. For example, in an environment where all persons have access to low-

barrier employment, fewer persons might decide to engage in high-risk methods of income 

generation. High-risk methods of income generation might then be most prevalent among 

persons with particular decision making styles (e.g., persons who deliberately select high-

risk options due to high sensation seeking), and robust associations might be detected 

between certain components of decision making (e.g., low consistency) and engagement 

 
51 The only prior study investigating links between component processes of laboratory-based 

decision making and high-risk behaviours among persons with substance use disorders 
included only two groups of 14 participants each (Vassileva et al., 2013).  
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in high-risk methods of income generation. Thus, future studies may benefit from 

investigating decision making processes across a range of risk environments. 

Third, risk behaviours were self-reported and might have been under-reported or 

inaccurate. The accuracy of these reports is, however, thought to be adequate because 

even socially undesirable behaviours were reported frequently (e.g., 36% of participants 

reported selling drugs; 35% of participants reported having unprotected sex) and urine 

drug testing in a subset of participants indicated an adequate level of concordance with 

self-reported substance use (kappa = .66 - .70; Jones et al., 2013). On the other hand, 

self-reports of impulsiveness and difficulty focusing and paying attention might have been 

less reliable. In contrast to high-risk behaviours, for which instances of concrete actions 

were self-reported (e.g., “in the past month, did you inject drugs?”), the impulsiveness 

items and difficulty focusing and paying attention items on the BIS-11 refer to general 

tendencies (e.g., “I do things without thinking”). Self-reported impulsiveness and self-

reported difficulty focusing and paying attention are therefore much more subjective and 

require respondents to make a judgment about what would count as “doing things without 

thinking,” for example, while recollecting their past behaviours. For instance, behaviours 

that might be considered impulsive by most persons who are healthy, have stable housing, 

and do not have a substance use disorder might in fact be considered normative among 

MHP-SUD, owing to differences in factors such as structural vulnerability.  

Fourth, financial outcomes on the IGT were hypothetical. Although there has been 

no significant difference in Net scores when performance-based cash incentives have 

been provided compared to standard hypothetical rewards in several studies of healthy 

participants (Carter & Pasqualini, 2004; Bowman & Turnbull, 2003), in one study 

comparing the impact of reward type on performance across persons dependent on 

cocaine and healthy controls an interaction was detected (Vadhan et al., 2009). 

Specifically, in the hypothetical reward condition the cocaine group’s performance was 

poorer than the healthy controls’ performance, whereas in the cash incentive condition 

there was no significant difference in performance across the groups. Notably, this sample 
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was substantially less ill than our MHP-SUD52; however, further investigation of this 

phenomenon is warranted to determine whether performance could be improved with use 

of cash rewards in more complex populations. 

Finally, the use of computational modelling to understand behavioural decision 

making task performance necessitates a single model that is able to adequately capture 

the decision making processes of many different individuals. This represents a substantial 

challenge, given the range of strategies that are commonly employed in laboratory-based 

decision making tasks (Steingroever et al., 2013; Steingroever et al., 2016; Worthy et al., 

2012)53. Furthermore, the models we evaluated were initially applied to healthy individuals 

(Yechiam & Busemeyer, 2005), and it is possible that a different type of model would 

provide superior fit to severely ill populations such as this one. However, poorer model fit 

is to be expected when using models that assume learning across trials in a sample that 

demonstrates a flat learning curve (Fridberg et al., 2010). Although the PVL model 

currently has good empirical support (Ahn et al., 2008; Fridberg et al., 2010), the quest for 

a better model that can capture these diverse strategies continues (e.g., Dai et al., 2015).   

Conclusion and future directions 

The IGT appears to involve elements that map well onto decision making in the 

real world and it is sensitive to many clinical conditions including substance use disorders, 

but performance relies on multiple processes that are not captured by the traditional Net 

score. Our application of the PVL model to the IGT performance data of a large, inclusive 

community sample of MHP-SUD revealed that performance was characterized by a near-

total lack of attention to losses that was universal in this group.  

 
52 The 22 participants who were dependent on cocaine had no history of head injury, 

neurological/medical illness, developmental disorder (e.g., ADHD or learning disability), no 
current Axis I disorder (other than cocaine dependence) and were taking no psychoactive 
medications. 

53 For example, of 451 healthy individuals who completed a decision making task in one study, 
47% used a win-stay-lose-shift strategy (i.e., switching to a different option following a loss), 
22% used a success ratio strategy (i.e., basing choices primarily on the frequency of wins 
versus losses), and 30% used a strategy that primarily maximized expected value (Steyvers et 
al., 2009). 



 

60 

These findings have important implications for interventions aimed at reducing 

adverse outcomes among persons with substance use disorders. In particular, the findings 

support an intervention policy of providing immediate rewards for decisions that promote 

long-term wellbeing. Furthermore, immediate negative consequences for poor decisions 

may have little impact on behaviour in this population. Indeed, incarceration alone is often 

not sufficient to prevent recidivism in substance-dependent persons (Chandler et al., 

2009), and reward-based contingency management has been identified in a meta-analysis 

of 34 controlled studies as one of the most effective psychosocial interventions for 

substance use disorders (Cohen’s d = .58; Dutra et al., 2008). The considerable benefits 

of reward-based interventions may include reducing transmission of infectious diseases 

and corresponding costs to the health care system, reducing involvement with the justice 

system, and ultimately supporting a better quality of life for individuals who are affected by 

severe substance use problems. 

Our findings confirmed that the IGT Net score is not indicative of high-risk 

behaviour among MHP-SUD. In contrast, small but statistically significant associations 

were detected between lower attention to losses on the IGT and more risk behaviour 

impacting health in the real world, and between lower attention to the magnitude of 

outcomes and more risk behaviour impacting others. These findings represent an 

important step towards greater understanding of the processes that drive decision making 

in this population. However, given the small magnitude of these associations, we do not 

recommend the PVL model for use as a robust indicator of individual differences in high-

risk behaviour in MHP-SUD. Larger associations might be detected in a group with more 

varied levels of attention to losses and the model might therefore prove to be valuable for 

understanding individual differences in risk behaviour in that context. For example, future 

research investigating decision making at the neural level using electroencephalography 

(EEG) or functional magnetic resonance imaging techniques might benefit from employing 

the PVL model in a broader population. Researchers could investigate whether abnormal 

functioning in brain areas that mediate sensitivity to punishments (e.g., hypothalamus, 

amygdala, and anterior cingulate cortex; Smillie, 2008) might underlie the low attention to 

losses that was linked in the current study to more risk behaviour impacting health. Indeed, 

associations have already been demonstrated between ventromedial prefrontal cortex 
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activation and IGT choice probabilities derived from the PVL model in a small sample of 

healthy adults (Ahn et al., 2011).  

In contrast to the IGT, a variety of demographic and trait factors are robustly 

associated with high-risk behaviour among persons with substance use disorders. For 

example, in our analysis age and gender together accounted for 9.3% of variance in risk 

behaviour impacting others and 5.0% of variance in risk behaviour impacting health, and 

sensation seeking accounted for 15% of variance in risk behaviour impacting others and 

8.5% of variance in risk behaviour impacting health. Furthermore, the risk environment is 

an important determinant of behaviours with high risk of adverse outcomes (McNeil et al., 

2015). Policies and interventions must therefore keep factors such as demographics and 

traits in view, and the risk environment can in fact be a direct target of successful 

interventions (Degenhardt et al., 2010).  It is nonetheless worthwhile to pursue greater 

understanding of decision making processes at the individual level in this population using 

behavioural measures, as increased understanding can inform interventions at all levels. 

For example, at the policy level pervasive inattention to losses can inform reward-based 

contingency systems; at the biological level, well-specified component processes of 

decision making could potentially serve as endophenotypes for substance use disorders 

and thereby contribute to advances in genetic and neurobiological research (Gottesman 

& Gould, 2003). 

Alternatively, other laboratory-based decision making tasks might be better suited 

than the IGT to indexing high-risk behaviour of individuals with substance use disorders. 

These individuals often have substantial cognitive deficits (Glass et al., 2009; Jovanovski 

et al., 2005; Meier et al., 2012). In order to succeed on the IGT (i.e., to make a majority of 

advantageous choices), however, participants must first learn about the risk profiles of 

each deck and then choose more cards from the advantageous decks. Early trials on the 

IGT are thought to measure decision making under uncertainty, as the outcomes 

associated with each deck are unknown, whereas later trials are intended to measure 

decision making under risk (Brand et al., 2007; Upton et al., 2011). This design maps well 

onto real-world learning by consequences, and yet some participants with learning and 

memory impairments might not progress to decision making under risk. Alternative tasks 

that explicitly present the risk profiles of response options would ensure that all participants 
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make decisions under risk, regardless of learning and memory ability (Mata et al., 2011). 

Performance on the BART54, which does not require the same degree of learning 

(although risk profiles are not fully explicit), has indeed been linked to high-risk behaviours 

among healthy persons (Aklin et al., 2005; Lejuez et al., 2007; Lejuez et al., 2003; Lejuez 

et al., 2002; Pleskac, 2008; Prause & Lawyer, 2014; Skeel et al., 2007) and persons in 

residential treatment for substance use disorders (Lejuez et al., 2004). Furthermore, 

component processes of decision making can be derived from BART performance (e.g., 

Bishara et al., 2009). Critics of the BART have nonetheless noted that “riskier” 

performance on this measure can reflect a more successful strategy under some 

conditions55 (Ashenhurst et al., 2011; Dean et al., 2011).  

The IGT arguably remains the most widely researched behavioural decision 

making task and is now marketed for clinical use (Bechara, 2012). Concerns have 

previously been raised about the validity of scores when used on an individual basis (e.g., 

Buelow & Suhr, 2009)56. Our findings furthermore reveal that in a large group of MHP-

SUD, the IGT and the PVL model components are not robustly associated with behaviours 

that have a high risk of adverse outcomes. 

 
54 In this computerized task, participants pump up a series of balloons. Participants accrue larger 

rewards the more times a balloon is pumped, and can “cash out” the balloon at any time, but if 
the balloon pops that reward is lost. Participants are not informed of the likelihood of balloons 
popping. 

55 More pumps are generally taken to indicate riskier behaviour. When the average number of 
pumps per balloon is less than the optimal number of pumps per balloon it is financially 
advantageous to pump the balloons more times. More pumps might thus be riskier but also 
more advantageous. 

56 While computational modeling might be considered as a way of producing scores that are more 
readily interpretable in a clinical setting, recent work investigating this question suggests that 
parameter estimates, at least for the EVL model, are inaccurate and often uninterpretable for a 
given individual (Humphries et al., 2015; Wetzels et al., 2010). We replicated these problems in 
the present study when the EVL model or the PVL model with the decay-reinforcement learning 
rule and the trial-independent choice rule were applied, though they were greatly reduced with 
the use of the trial-dependent choice rule in the PVL model instead. Recalling that the best-
fitting model can differ depending on the sample and the strategy employed, application of 
computational modeling for individual clinical interpretation might require determination of the 
best-fitting model for each individual. However, this would likely lead to challenges in the 
construction of normative data sets, as parameter values generated from different models 
would not be directly comparable. 
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In conclusion, our findings indicate that marginally housed persons with active 

substance use disorders attend exclusively to rewards while ignoring losses on the IGT. 

The small association we detected between lower attention to losses on the IGT and more 

risk behaviour impacting health provides tentative support for the utility of the PVL model 

as an indicator of high-risk behaviour in this structurally vulnerable population. However, 

the utility of the PVL model for the study of individual differences in risk behaviour will 

depend on larger associations being detected when it is applied to broader populations 

who do not universally ignore losses on the IGT. This model nonetheless represents a 

valuable development in the field of decision making research, as it provides a more 

nuanced understanding of the factors that drive decision making in different populations. 

As the search for ever-better laboratory tasks and cognitive decision models continues, 

ongoing assessment of links to behaviour outside the laboratory will be critically important 

to ensure that findings will be able to inform recommendations that can reduce the 

prevalence of activities that have a severe impact on individuals and communities. 
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Appendix A.  
 
Supplementary Tables and Figures 

Table A1  Correlations among Measures of Risk Behaviour.  

Measure 1 2 3 4 5 

1. MAP infractions      

2. SRO .36***     

3. Justice contacts .30*** .46***    

4. CTS .27*** .69*** .31***   

5. MAP health .35*** .18** .10 .11†  

6. Substance harm .37*** .20** .25** .10 .39*** 

Note. Boxed cell denotes the correlation between the two measures of risk behaviour impacting health. 
Shaded cells denote correlations among measures of risk behaviour impacting others. MAP infractions, 
MAP health and substance harm indexed behaviour over one year; SRO, justice contacts, and CTS index 
lifetime behaviour. MAP = Maudsley Addiction Profile; SRO = Self Report of Offending; CTS = Conflict 
Tactics Scale; Substance harm = substance-related harm score. 
† p < .10. ** p < .01. *** p < .001. 
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Table A2  Overall IGT Performance in the MHP-SUD and Calibration Sample.  

 
MHP-SUD  
(n = 294) 

 
Calibration sample (n = 136) 

Outcome Mean (SD) Median (IQR)  Mean (SD) Median (IQR) 

Deck A % 18.66 (8.33) 18.00 (11.00)  15.85 (6.41) 15.00 (9.00) 

Deck B % 35.03 (13.54) 32.00 (18.25)  26.82 (10.87) 25.00 (15.75) 

Deck C % 21.38 (9.47) 21.00 (13.00)  24.21 (12.76) 22.00 (13.75) 

Deck D % 24.93 (12.74) 23.00 (14.00)  33.11 (13.67) 32.00 (19.75) 

Total Adv 46.31 (14.83) 47.00 (18.00)  57.32 (14.42) 57.00 (21.00) 

Last 60 Adv 46.92 (19.33) 48.33 (22.00)  63.16 (19.27) 61.67 (30.00) 

Block 1  44.27 (17.54) 45.00 (20.00)  42.43 (16.00) 40.00 (15.00) 

Block 2  46.48 (18.24) 45.00 (20.00)  54.71 (18.65) 55.00 (20.00) 

Block 3  46.77 (21.70) 50.00 (25.00)  57.53 (20.45) 60.00 (29.00) 

Block 4  47.21 (24.76) 45.00 (35.00)  62.76 (22.48) 60.00 (35.00) 

Block 5a  46.91 (26.63) 50.00 (40.00)  65.74 (23.84) 70.00 (35.00) 

 
Note. Total Adv = proportion of advantageous choices over all trials; Last 60 Adv = proportion of 
advantageous choices over the last 60 trials. 
aMHP-SUD n = 293 (one participant who completed only 78 trials was not scored for Block 5). 

Table A3 Associations among Parameter Values Obtained using MLE and 
HBA Methods.  

Model Version 

Spearman’s Rho 

Retention Consistency 
Attention to 
losses 

Attention to 
magnitude 

EVL .46*** .71*** .69*** n/a 

PVL Delta - trial-dependent .81*** .69*** .63*** .75*** 

PVL Delta - trial-independent .66*** .61*** .64*** .74*** 

PVL Decay - trial-dependent .88*** .96*** .68*** .81*** 

PVL Decay - trial-independent .76*** .95*** .57*** .57*** 

Note. Each coefficient represents Spearman’s rho for values estimated using MLE versus HBA, for the 
specified model version and parameter. For example, the top-left cell indicates that across all participants, 
the nonparametric correlation between EVL model retention parameter values estimated using MLE and the 
EVL model retention parameter values estimated using HBA was .46. Nonparametric correlations are 
presented due to skewed distributions. Delta = Delta learning rule; Decay = decay-reinforcement learning 
rule. 
*** p < .001.  
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Appendix B.  
 
Neuroanatomy of Reinforcement 

Reinforcement sensitivity theory identifies three neural systems that generate emotional 
reactions to rewarding and aversive stimuli (Carver & White, 1994; Gray & McNaughton, 
2000). Reactions to rewarding stimuli are generated by the Behavioural Approach System 
(BAS), which is instantiated in dopaminergic projections from the ventral tegmental area 
to the nucleus accumbens and prefrontal cortex (PFC; Smillie, 2008); the anterior 
cingulate cortex (ACC), medial orbitofrontal cortex (OFC) and caudate are also involved 
in reward conditioning (Cohen, Elger, & Weber, 2008; Delgado, Miller, Inati, & Phelps, 
2005; Everitt & Robbins, 2005; Galvan, Hare, Voss, Glover, & Casey, 2007; Gottfried, 
O’Doherty, & Dolan, 2003; Knutson & Greer, 2008; Kringelbach, 2005; Kringelbach & 
Rolls, 2004; O’Doherty, Kringelbach, Rolls, Hornak, & Andrews, 2001; Santesso & 
Segalowitz, 2009). Reactions to aversive stimuli, in contrast, are generated by the Fight-
Flight-Freeze System (FFFS), which includes the hypothalamus, the amygdala, and the 
ACC (Smillie, 2008). When aversive and rewarding stimuli are presented together, the 
Behavioural Inhibition System (BIS), consisting of the septo-hippocampal system and the 
amygdala, generates caution and anxiety. The FFFS and the BIS, along with the insular 
cortex, lateral OFC and caudate mediate aversive conditioning and anticipation of 
punishment (Clark et al., 2008; Cohen et al., 2008; De Martino, Camerer, & Adolphs, 2010; 
Delgado et al., 2005; Hahn et al., 2010; Knutson & Greer, 2008; Kringelbach, 2005; 
Kringelbach & Rolls, 2004; O’Doherty et al., 2001). Contingencies between stimuli or 
responses and rewarding or aversive outcomes may change over time, in which case 
decision makers must change their behaviour to continue maximizing rewards or 
minimizing punishments. The nucleus accumbens, ACC, OFC, and hippocampus are 
critically important for adaptation to changes in contingencies (Bechara & Van Der Linden, 
2005; Berlin, Rolls, & Kischka, 2004; Clark, Cools, & Robbins, 2004; Kringelbach, 2005; 
Kringelbach & Rolls, 2004; Lawrence, Jolant, O’Daly, Zelaya, & Phillips, 2009). Functional 
MRI findings suggest that poor tracking of prediction error in the nucleus accumbens and 
OFC might indeed contribute to decision making impairment among persons with 
substance use disorders (Tanabe et al., 2013).  
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Appendix C.  
 
Detailed Statistical Procedures and Results 

HBA Methods for Parameter Estimation 

Individual participants’ parameter values were drawn from independent normal 
distributions, truncated to limit values to the appropriate range (as in Vassileva et al., 
2013). Beta distributions were also tested, but resulted in poor mixing. The group-level 
parameter means were drawn from uniform distributions and the group-level precisions 
(1/σ2) were drawn from gamma(.001, .001; as in Vassileva et al., 2013). Three-hundred-
thousand samples were drawn after 100 000 burn-in samples (convergence was 
determined by inspection of trace plots, and confirmed by Gelman-Rubin test R-hat values 
at or very close to 1.00; Gelman, Carlin, Stern, & Rubin, 2004). On a Dell Precision T7600 
computer with dual processors (3.30GHz) and 32.0 GB RAM, each set of 150 000 samples 
for the MHP-SUD took approximately 96 hours to complete (RAM was not sufficient to 
draw all samples in a single run). 

Model Evaluation Methods  

BIC. Each model was compared to a Bernoulli baseline model, which uses constant 

probabilities equal to the actual proportion of cards selected from each deck. For example, 
consider a participant who selected 15 cards from Deck A, 25 cards from Deck B, 20 cards 
from Deck C and 40 cards from Deck D. For this participant, on every trial the Bernoulli 
baseline model would have a 15% probability of choosing Deck A, a 25% probability of 
choosing Deck B, a 20% probability of choosing Deck C and a 40% probability of choosing 
Deck D. Over 100 card selections, the Bernoulli model therefore chooses approximately 
the correct number of cards from each deck but cannot replicate any patterns in the order 
that cards are selected (e.g., choosing more cards from Decks A and B at the beginning 
of the task and more cards from Decks C and D at the end of the task). In order to perform 
better than the Bernoulli model, a model must therefore explain trial-by-trial changes (see 
Ahn et al., 2008 for details of the BIC calculations). Positive BIC values indicate that the 
EVL or PVL model fits better than the Bernoulli baseline model. 

DIC. The DIC was compared across all five models. Smaller DIC values indicate better 

model fit, relative to other models fitted to the same data.  

Simulations. Each participant’s IGT performance was simulated using only the 

estimated parameter values for that participant (Ahn, 2008; Yechiam & Busemeyer, 2005). 
Specifically, each participant’s estimated parameter values were plugged into the model 
equations, and the simulated participant then stepped through 100 trials. On each trial, 
the simulated participant chose a card based on the probability of choosing each deck 
according to the model. For example, if the participant had obtained a very low consistency 
parameter value, the probability of choosing each deck would be approximately equal (i.e., 
choices would be fairly random); alternatively, if the participant had obtained a high 
consistency parameter value, the probability of choosing the deck with the best expected 
value would be higher than the probability of choosing the other decks. The simulation 
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takes into account the gains and losses incurred on previous simulated trials when 
determining the next choice. The number of cards selected from each deck in each 
simulation of 100 trials was summed. Because there is an element of randomness in the 
exact outcome of each simulation (i.e., cards are selected based on probabilities), 100 
simulations were run for each participant. The average results of the 100 simulations per 
participant were compared to the actual IGT performance in each group.  

Data Cleaning and Statistical Assumptions 

Data points with absolute-value z-scores greater than 3.29 were examined for accuracy 
and adjusted to the next-highest value to reduce influence (three outliers were adjusted 
for substance-related harm scores, and two outliers were adjusted for MAP infractions). A 
small number of missing values (less than 1% of all items) on multi-item measures (BIS-
11, CTS, justice contacts, SRO, and SSS-V) were imputed using expectation-
maximization. BIS-11 data was not used for one participant who did not respond to 10 
BIS-11 items, and SRO data was not used for one participant who did not respond to 9 
SRO items. For regression analyses, scatter plots of centred leverage values, externally 
studentized residuals, DFFITS, and DFBETAS were examined to screen for multivariate 
outliers (Cohen et al., 2003). Variables were transformed to improve normality where 
necessary (square-root transformation was applied to the IGT retention parameter, 
median split was applied to the attention to losses parameter, and reflection and log-
transformation were applied to the attention to magnitude parameter). Scatter plots were 
examined to verify the assumptions of correct specification of the form of the relationship 
and correctly specified relevant predictors. The homoscedasticity of residuals assumption 
was evaluated using plots of the residuals against the independent variables and the 
predicted dependent variable values. The independence of residuals assumption was 
checked using plots of the residuals against the subject numbers. The normality of errors 
assumption was checked using normal probability (Q-Q) plots.  

Model Evaluation Results: Uninterpretable Parameter Values 

A number of the individual parameter estimates were problematic in the PVL model with 
the decay-reinforcement learning rule and the trial-independent choice rule. The HBA 
estimation procedure produces a distribution of values for each of the four model 
parameters for each individual participant, the mean of which may be taken as the best 
estimate parameter value for that individual (D. Campbell, personal communication, July 
5, 2013). Seventeen MHP-SUD participants and one calibration sample participant had 
bimodal distributions for one or more parameters; in these cases, the mean may represent 
an unlikely value (i.e., the valley between two peaks)57. Another 18 MHP-SUD participants 

 
57 Participants with bimodal parameter distributions demonstrated similar IGT Net scores, but 

differed from other participants in that they switched decks more frequently (t(22.55) = 5.01, p < 
.001; Levene’s test indicated unequal variances, F(1, 292) = 10.37, p = .001)). 
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had flat distributions for the retention parameter58, indicating that the model had insufficient 
information to determine which values were more or less likely for that person. As such, 
35 participants (11.9% of the sample) would need to be excluded with this model. The 
individual parameter distributions in the PVL model with the decay-reinforcement learning 
rule and the trial-dependent choice rule were much less problematic in this regard: only 
one MHP-SUD participant and one calibration sample participant had bimodal parameters, 
and six MHP-SUD participants had flat parameters. Those participants were excluded 
from the regression analyses. 

 

 
58 Flatness was quantified by the total height of histogram bars above the uniform distribution (D. 

Campbell, personal communication, July 5, 2013). For example, if an obtained distribution was 
exactly uniform, with the 300 000 samples divided evenly among 100 bins, the height of each 
bar would be 3000, and the total height above the uniform distribution would be zero; at the 
opposite extreme, if all 300 000 samples were in a single bin, the total height above the uniform 
distribution would be 300 000 – 3000 = 297 000. A threshold of 20 000 was (arbitrarily) selected 
in order to ensure consistency in excluding cases with flat distributions. Participants with flat 
retention parameter distributions switched decks more frequently (t(67.53) = -17.00, p < .001; 
Levene’s test indicated unequal variances, F(1, 292) = 29.80, p < .001)), selected cards 
relatively evenly across the four decks, and had low consistency parameter values, suggesting 
that their choices may have been more random. 


