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Abstract
Aberrant cost–benefit decision making is a key factor related to individual differences in the expression of substance
use disorders (SUDs). Previous research highlights how delay-cost sensitivity affects variability in SUDs; however,
other forms of cost–benefit decision making—effort-based choice—have received less attention. We administered the
Effort Expenditure for Rewards Task (EEfRT) in an SUD-enriched community sample (N = 80). Individuals with more
severe SUDs were less likely to use information about expected value when deciding between high-effort, high-reward
and low-effort, low-reward options. Furthermore, individuals whose severity of use was primarily related to avoiding
aversive affective states and individuals with heightened sensitivity to delay costs during intertemporal decision making
were the least sensitive to expected value signals when making decisions to engage in effortful behavior. Together,
these findings suggest that individuals with more severe SUDs have difficulty integrating multiple decision variables to
guide behavior during effort-based decision making.
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Epidemiological data highlight substance use disorders
(SUDs) as a leading cause of death and disability in the
United States, and estimates of SUD-linked morbidity
and mortality continue to rise (Mokdad et al., 2018). Current estimates suggest that as many as 9% of Americans
meet criteria for SUDs (Kessler, Chiu, Demler, & Walters,
2005), and the cost of SUDs exceeds $740 billion annually in the United States (National Institute on Drug
Abuse, 2016). Among those with SUDs, individuals with
more severe disorders (i.e., those with more impairment, measured by greater SUD symptoms) carry the
greatest burden of disease; they report more barriers to
receiving treatment (Probst, Manthey, Martinez, & Rehm,
2015), exhibit higher rates of relapse or arrest following
treatment (Kopak, Hoffmann, & Proctor, 2016), and
experience a higher chance of accidental or early death
and lower chance of survival compared with individuals
with less severe SUDs (Maynard et al., 2016). Given the
profound personal, social, and economic impact of

SUDs, determining the cognitive mechanisms that
underlie the observed variability in SUD severity is an
essential step for advancing prevention and treatment
development.
Although the factors that contribute to the expression
of SUDs are multifaceted, impaired cost–benefit decision making has emerged as a key factor. Cost–benefit
decision making is characterized by the need to integrate information about the diverse costs and benefits
associated with different choice options. When faced
with a decision and multiple choice options, an individual uses information about the estimated costs of
each action to calculate its absolute value (i.e., the
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benefit; for review, see Rangel & Hare, 2010). One can
differentiate distinct facets of cost–benefit decision
making according to the specific costs that an individual
must integrate to make optimal decisions (e.g., delay,
probability, effort, and uncertainty; Rudebeck, Walton,
Smyth, Bannerman, & Rushworth, 2006).
Of these distinct facets of cost–benefit decision making, heightened sensitivity to delay costs has received
the most attention in the context of SUDs. Delay-cost
sensitivity, or delay discounting, reflects a tendency to
prefer small immediate rewards over larger delayed
rewards. This tendency is inherent in many of the decisions made by individuals who use and abuse substances because benefits of substance use (e.g., the
high experienced from use) often are realized immediately, whereas the larger benefits of abstinence (e.g.,
improved health) often are realized later in time (Bickel,
Johnson, Koffarnus, MacKillop, & Murphy, 2014). Elevated delay-cost sensitivity is a core factor related to
the initiation of substance use and recovery from SUDs
(for review, see Mitchell & Potenza, 2014; VerdejoGarcía, Lawrence, & Clark, 2008). Moreover, delay-cost
sensitivity is associated with reduced treatment retention (Stevens et al., 2014), reduced likelihood of achieving abstinence following treatment (Krishnan-Sarin
et al., 2007; MacKillop & Kahler, 2009; Stanger et al.,
2012; Washio et al., 2011), and increased likelihood of
relapse following abstinence (Yoon et al., 2007). Delaycost sensitivity is also associated with multiple indicators
of substance use severity across a variety of substances
(Amlung & MacKillop, 2011; Amlung, Vedelago, Acker,
Balodis, & MacKillop, 2017; Claus, Kiehl, & Hutchison,
2011; E. N. Peters, Petry, LaPaglia, Reynolds, & Carroll,
2013). A wealth of empirical evidence illustrates how
heightened sensitivity to delay costs increases risk for
SUDs at multiple stages (Garrison & Potenza, 2014; Kreek,
Nielsen, Butelman, & LaForge, 2005); there is strong evidence that this facet of cost–benefit decision making is
related to individual differences in the expression of
SUDs (Amlung et al., 2017).
Although previous research sheds important light on
how delay-cost sensitivity relates to variability in SUDs,
other forms of cost–benefit decision making—especially
those involving effort-based choice—have received less
attention. Effort-based decision making describes the
process of choosing how much effort to invest to obtain
a valued outcome and may involve choosing between
options with varying work requirements (Chong,
Bonnelle, & Husain, 2016; Salamone, Correa, Farrar, &
Mingote, 2007). Every individual makes effort choices
daily, whether deciding if it is “worth it” to invest effort
and study hard for an exam, maintain a social relationship, or go to the gym after work. All other things being
equal, individuals are generally effort-averse: When
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faced with a choice between completing two actions
with equivalent reward outcomes, an individual will
choose the one requiring less effort. Thus, within the
framework of cost–benefit decision making, effort can
be considered a cost (cf. Inzlicht, Shenhav, & Olivola,
2018). Consistent with the notion that adjusting effort
expenditure according to expected value is an essential,
evolutionarily conserved component of adaptive choice
behavior (Salamone et al., 2007), effort-cost discounting
of subjective value has been demonstrated across multiple species (Chong et al., 2016; Kurniawan, GuitartMasip, & Dolan, 2011; Phillips, Walton, & Jhou, 2007;
Walton, Rudebeck, Bannerman, & Rushworth, 2007).
Recent work using effort-based decision making
tasks points to aberrant effort-based computations as a
proximal cognitive mechanism underlying motivationrelated symptoms in diverse forms of clinical disorders
(Salamone et al., 2016; Treadway, Bossaller, Shelton, &
Zald, 2012; Treadway & Zald, 2013). For example, individuals with schizophrenia demonstrate a relative
insensitivity to information about reward magnitude
and probability during effort-based decision making.
Moreover, this insensitivity is associated with more
severe negative symptoms and functional outcomes,
which suggests effort-based computations may be
related to variability in the expression of schizophrenia
(see Culbreth, Moran, & Barch, 2018, for review). In
addition, patients with major depressive disorder show
similar deficits in effort-based decision making
(Treadway, Bossaller et al., 2012), and the magnitude of
these deficits tracks severity in anhedonic symptoms
(Yang et al., 2014). Together, this work suggests that
effort-based decision-making deficits may represent a
transdiagnostic factor important for the expression and
course of clinical disorders. However, despite evidence
for cost–benefit decision-making deficits in individuals
with severe SUDs, effort-based decision making remains
relatively unexplored.
The goal of the present study was to examine the
association between effort-based decision making and
SUD severity. Previous research highlights dysfunction
in other facets of cost–benefit decision making among
individuals with SUDs as well as a striking overlap
between (a) the circuitry involved in effort-based decision making—for example, the mesolimbic dopamine
(DA) system (Treadway, Buckholtz, et al., 2012), the
anterior cingulate cortex (ACC; Croxson, Walton,
O'Reilly, Behrens, & Rushworth, 2009), the dorsolateral
prefrontral cortex (DLPFC; Goldstein & Volkow, 2011)—
and (b) circuit-level abnormalities associated with
SUDs, such as DA system dysfunction (Everitt et al.,
2008) and reductions in ACC and DLPFC gray matter
and activity (Goldstein et al., 2009; Goldstein & Volkow,
2011; Volkow, Fowler, Wang, Baler, & Telang, 2009).

Decision Making in Substance Use Disorders
Together, these separate lines of research provide a
premise for the hypothesis that integrating cost and
benefit signals during effort-based decision making may
be disrupted in individuals with SUDs. However, no
work to date has examined effort-based choice in this
population.
In the present study, we administered the Effort
Expenditure for Rewards Task (EEfRT) in a sample
enriched for SUDs. On the basis of previous work in
other clinical populations linking symptom severity and
dysfunction in effort-based decision making (e.g., individuals with depression, Treadway, Bossaller, et al.,
2012; Yang et al., 2014; individuals with schizophrenia,
Culbreth et al., 2018), we focused on examining individual variability in the severity of SUDs. Moreover,
individuals with SUDs and other clinical disorders show
severity-linked elevations in other facets of cost–benefit
decision making, such as delay discounting (e.g., individuals with SUDs, Amlung et al., 2017; individuals with
depression, Cáceda et al., 2014; Pulcu et al., 2014; individuals with schizophrenia, Brown, Hart, Snapper,
Roffman, & Perlis, 2018; Heerey, Robinson, McMahon,
& Gold, 2007). In addition, we used a self-report measure of specific motivational triggers for substance use
to determine the relevance of different underlying motivations for substance use in effort-based decision making. Finally, given the known importance of delay-cost
sensitivity for SUDs and overlap between delay- and
effort-based decision making, we employed a self-report
measure of delay discounting to identify potential moderating effects of this related and well-documented
decision-making facet.

Method
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Williams, Karg, & Spitzer, 2015); or had a history of
medical problems (e.g., uncorrectable auditory or visual
deficits, head injury with loss of consciousness greater
than 30 min) that may affect their comprehension of
the materials or performance on the task. All participants provided written informed consent according to
the procedures set forth by the Yale University Human
Investigation Committee. Participants earned $10/hr for
their completion of the self-report measures and the
experimental task. Participants also were eligible to
earn a bonus (range = $2–$8, rounded to the nearest
dollar) depending on the sum of two randomly selected
trials from the EEfRT task.
An a priori power analysis based on previous studies
of individual differences in effort-based decision making
(Treadway, Bossaller, et al., 2012; Treadway, Buckholtz,
Schwartzman, Lambert, & Zald, 2009) was conducted
using GLIMMPSE Statistical Software (Kreidler et al.,
2013). The power analysis indicated that a sample size
of 48 to 80 participants would be required to have 80%
power (α = .05) to detect an effect size comparable with
those of other studies (i.e., a 15%–20% difference in
hard task choices; Barch, Treadway, & Schoen, 2014;
Treadway et al., 2009, Treadway, Bossaller, et al., 2012)
that found three-way interactions among task variables
(e.g., expected value, or EV, as a within-subjects
repeated measure) and individual difference measures
(e.g., SUD severity and moderator variables as betweensubjects variables) in the EEfRT, controlling for covariates (see the Supplemental Material for a detailed
account of the power analysis).
Below, we report all measures, conditions, and data
exclusions. All deidentified data are available on the
Open Science Framework website.

Participants

Measures

Participants consisted of 94 adults recruited from the
community through flyers soliciting risk-taking (e.g.,
substance use, crime, gambling, impulsive behavior,
bullying) individuals in New Haven County, Connecticut (see Tables 1 and 2 for sample characteristics; for
other psychiatric diagnoses in the current sample, see
Table S1 in the Supplemental Material available online).
A prescreen phone interview and in-person assessment
materials were used to exclude individuals who were
younger than 18 or older than 75; had performed below
the fourth-grade level on a standardized measure of
reading (Wide Range Achievement Test–III; Wilkinson,
1993); scored below 70 on a brief measure of IQ (Shipley Institute of Living Scale; Zachary, 1986); had diagnoses of schizophrenia, bipolar disorder, or psychosis,
not otherwise specified (according to the Structured
Clinical Interview for DSM–5 Disorders [SCID-5]; First,

Structured Clinical Interview for DSM–5 Disorders.
The SCID-5 (First et al., 2015) was used to determine
SUD diagnoses in the following nine categories: alcohol;
sedatives, hypnotics, and anxiolytics; cannabis; stimulants; opioids; inhalants; phencyclidine; hallucinogens;
and other or unknown substances. In the present sample,
the majority of participants met criteria for one or more
SUDs (73.75%), and more than half met criteria for two or
more SUDs (52.5%). Therefore, to represent the diagnostic degree of impairment related to SUDs for each participant, an average SUD severity measure was calculated by
summing the severity of diagnoses across substance categories (0 = did not meet threshold for any SUD, zero or
one symptom; 1 = mild SUD, two to three symptoms; 2 =
moderate SUD, four to five symptoms; and 3 = severe
SUD, six or more symptoms) and dividing the total severity by the sum of substance categories meeting diagnostic
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Table 1. (Continued)

Table 1. Sample Characteristics
Characteristic (N = 80)
Age
Mean
SD
Range
Sex
Male
Female
Race
White
Black
Asian
Ethnicity
Hispanic
Not Hispanic
Education
Junior high/middle school
Partial high school
High school graduate
Partial college
College education
Graduate degree
SCID-5 alcohol use disorder diagnosis
No diagnosis
Past diagnosis
Current diagnosis
SCID-5 sedative use disorder diagnosis
No diagnosis
Past diagnosis
Current diagnosis
SCID-5 cannabis use disorder diagnosis
No diagnosis
Past diagnosis
Current diagnosis
SCID-5 stimulant use disorder diagnosis
No diagnosis
Past diagnosis
Current diagnosis
SCID-5 opioid use disorder diagnosis
No diagnosis
Past diagnosis
Current diagnosis
SCID-5 inhalant use disorder diagnosis
No diagnosis
Past diagnosis
Current diagnosis
SCID-5 phencyclidine use disorder diagnosis
No diagnosis
Past diagnosis
Current diagnosis
SCID-5 hallucinogen use disorder diagnosis
No diagnosis
Past diagnosis
Current diagnosis

Value
37.59 years
12.88
18–62 years
51
29
33
45
2
5
75
2
16
23
21
11
7
40
39
1
75
4
1
34
39
7
58
19
3
64
16
0
80
0
0
79
1
0
75
4
1
(continued)

Characteristic (N = 80)
SCID-5 other/unknown use disorder diagnosis
No diagnosis
Past diagnosis
Current diagnosis

Value
80
0
0

Note: Unless otherwise noted, values are not significant. SCID-5 =
Structured Clinical Interview for DSM–5 Disorders.

criteria. Average severity scores for individuals with no
SUDs were entered as 0; average SUD severity could range
from 0 to 3.
Risky, Impulsive, and Self-Destructive Behavior
Questionnaire. The RISQ (Sadeh & Baskin-Sommers,
2017), a self-report questionnaire, was administered to
tap motivations for substance misuse. Some researchers
hypothesize that effort-based computations relate to individual differences in the motivation for substance use
and the motivation for seeking and completing treatment
(Trifilieff, Ducrocq, Van Der Veldt, & Martinez, 2017).
Moreover, theoretical models of SUDs long distinguish
between substance use evoked by a desire to avoid
negative affect (i.e., avoid tendencies; e.g., Baker, Piper,
McCarthy, Majeskie, & Fiore, 2004; Kassel et al., 2007)
and substance use evoked by a desire to enhance positive affect (i.e., approach tendencies; e.g., Cheetham,
Allen, Yücel, & Lubman, 2010; Volkow et al., 2005). In
particular, avoidance motivations especially may be relevant for SUD recovery or relapse (Forster, Finn, & Brown,
2017; Gökbayrak, Paiva, Blissmer, & Prochaska, 2015;
Lijffijt, Hu, & Swann, 2014; McCabe, Cranford, & Boyd,
2016; Venniro, Caprioli, & Shaham, 2016), and individuals
with heightened avoidance tendencies experience more
craving during periods of abstinence and worse treatment outcomes (Baker et al., 2004; Forsyth, Parker, &
Finlay, 2003; Shorey et al., 2017).
The RISQ measured engagement in eight domains
of risky and impulsive behavior; eight domain subscales
reflected specific expressions of risky behaviors identified using factor analysis. In addition to assessing
engagement in these behaviors, participants were asked
to rate on a 5-point Likert-type scale (0 = strongly disagree, 4 = strongly agree) the extent to which they
agreed with the following statements for each behavior
endorsed: “I do this behavior to stop feeling upset,
distressed, or overwhelmed” and “I do this behavior to
feel excitement, to get a thrill, or to feel pleasure.”
These last two questions assessed approach and avoid
tendencies, respectively, encompassing both the automatic action tendency and the valence motivating these
behaviors. For each domain of risky behavior, the
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Table 2. Additional Sample Characteristics and Task Statistics
Statistic (N = 80)
Lifetime SCID-5 substance use disorder
Diagnosis total
Average severity
Discount rate (k)
ln(k)
RISQ
Approach scorea
Avoid scorea
EEfRT
Number of trials
Proportion of hard task choices

Min

Max

M

SD

0
0
0.0003
–8.29

6
3
0.2500
–1.39

1.70
1.37
0.0530
–3.53

1.50
1.02
0.0562
1.30

0.00
0.00

8.00
7.71

4.16
3.00

2.57
2.38

44.00
0.00

50.00
1.00

49.23
0.39

1.42
0.21

Note: Min = minimum; Max = maximum; SCID-5 = Structured Clinical Interview for DSM–5
Disorders; RISQ = Risky, Impulsive, and Self-Destructive Behavior Questionnaire; EEfRT = Effort
Expenditure for Rewards Task.
a
N = 76; four participants reported no lifetime substance use behaviors; therefore, they have
missing data for the RISQ approach/avoid scales.

approach scale included positive basic emotions and
approach motivational impulses, whereas the avoid
scale included negative basic emotions (e.g., distress)
and avoidance motivational impulses. For the present
study, only the alcohol- and drug-use approach and
avoid subscales were analyzed, given our focus on substance use motivations rather than the general tendency
to engage in risky and impulsive behavior captured by
the RISQ total score. For each alcohol and drug question, individuals provided a rating for the approach and
avoid scales. On the RISQ, there were two questions
assessing alcohol and eight assessing drug behaviors.
Given our focus on average SUD severity across substance use categories, responses on motivation scales
for each alcohol and drug question were summed to
create total approach and total avoid scores, respectively. Higher total approach and avoid scores are associated with a greater tendency to be motivated by those
specific tendencies. Note that 4 participants did not
endorse any lifetime substance use; therefore, they have
missing data for the RISQ approach and avoid scales
(see Table 2).
Monetary Choice Questionnaire. The MCQ (Kirby,
Petry, & Bickel, 1999), a 27-item questionnaire, was used
to measure delay discounting. Delay-discounting behavior
during intertemporal choice is associated with initiation of
use, maintenance of use, SUD severity, recovery from
SUDs, and relapse frequency. Previous studies identify
both shared and cost-selective neurobiological mechanisms underlying delay discounting and effort-based decision making ( J. Peters & Buchel, 2011; Prévost, Pessiglione,
Météreau, Cléry-Melin, & Dreher, 2010), which raises the
possibility that variation in delay-cost sensitivity might
influence effort-based computations. Note that decisions

about effort allocation often involve an implicit consideration of delay. Tasks that require more effort typically
take longer to complete and therefore provide delayed
payouts.
For each binary choice item, participants indicated
their preference between a larger amount of money
($25–$85) available at a delay (7–186 days) and a
smaller amount of money ($11–$80) available immediately. Discount rates, k, were calculated according to a
hyperbolic discounting function (Mazur, 1987), V d =
r / (1 + kD); Vd was the subjective value of a delayed
reward of magnitude r available at delay D. Distributions of k estimations were positively skewed and thus
were natural log-transformed. Higher lnk values are
associated with a greater tendency to value immediate
rewards over delayed rewards.
Effort Expenditure for Rewards Task. The EEfRT
(Treadway et al., 2009), a multitrial computerized buttonpressing game, measured the extent to which individuals
were willing to incur greater effort costs to obtain larger,
more probable rewards (e.g., see Barch et al., 2014;
Treadway, Bossaller, et al., 2012; Treadway, Buckholtz, et al.,
2012). Participants made a series of choices between completing an easy task and a hard task for variable amounts of
reward. The hard task always required 100 button presses to
be made within 30 s with the nondominant pinkie finger.
The easy task always required 30 button presses to be made
within 7 s with the dominant index finger. Each trial started
with an information/decision screen indicating the reward
magnitude that could be earned for completing the easy task
(always $1.00) and hard task ($1.24–$4.30) as well as the
probability that completing either task would result in earning the reward (either a 12%, 50%, or 88% probability of
being rewarded; see Fig. S1 in the Supplemental Material).
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The participant had 5 s to make a choice between the easy
and hard task for each trial. If the participant did not make a
choice within 5 s, the computer randomly selected a task for
the participant. After the choice period, a button-press screen
appeared, and the participant completed button presses for
the selected task. Individuals received feedback about
whether they successfully completed the selected task and
whether they earned a reward on each trial. Participants
completed four practice trials before the task began and
were monitored by research assistants via video camera to
ensure proper execution of button presses and engagement
with the EEfRT.
Following previous research (e.g., Treadway et al.,
2009, Treadway, Bossaller, et al., 2012; Treadway,
Buckholtz, et al. 2012), trial-by-trial modeling was conducted to account for time-varying parameters; only
the first 50 trials after practice were extracted for data
analysis, and only trials in which the participant (not
the computer) made a choice were analyzed. Moreover,
participants were excluded completely if they had a
physical feature that precluded complete engagement
with the task (e.g., broken finger, arthritis in wrist),
technical problems during their session (e.g., computer
crash in the middle of the task), or behavior that indicated they were not making decisions or were not completing the selected tasks (i.e., timing out on over 10%
of trials, failing to complete the selected task on over
20% of trials). The final sample consisted of 80 participants. Excluded participants did not differ significantly
from included participants on average SUD severity.
The primary outcome from the EEfRT was choice
(easy task vs. hard task). For each trial, two key variables
were incorporated into analyses: the reward magnitude
at stake for the hard task and the probability of earning
a reward for successfully completing either task. In addition, the product of these two variables was calculated
and used to represent the EV of the hard task for each
trial. This third key variable, EV, thus represented the
combined effect of reward magnitude and probability.

Results
Reward magnitude, probability, and
EV influence effort-based choice
We first aimed to confirm that, consistent with prior
studies, EV was a significant predictor of hard-task
choice options regardless of SUD status. To confirm
that participants’ choices to select high- versus loweffort options were guided by EV, we ran a mixedeffects logistic regression model in STATA (Version 14).
Choice was considered a binary outcome variable (0 =
easy task, 1 = hard task), and EV, participant age, and
trial number were considered continuous fixed-effect
predictors.1 Participant was treated as a random effect.
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Consistent with previous research, there was a significant main effect for EV (β = 0.801, SE = 0.041, 95%
CI = [0.720, 0.882], z = 19.44, p < .001) on choice such
that as the EV for the hard task increased, there was a
greater likelihood of selecting the hard task. Overall,
individuals used EV to inform their decisions to expend
effort. Moreover, EV predicted choice behavior (β =
0.484, SE = 0.144, 95% CI = [0.203, 0.765], z = 3.37, p =
.001) even after controlling for trial-wise variation in
both reward magnitude (mean-centered; β = 0.562,
SE = 0.045, 95% CI = [0.474, 0.51], z = 12.45, p < .001)
and probability (mean-centered; β = 2.04, SE = 0.128,
95% CI = [1.787, 2.287], z = 15.97, p < .001). These data
confirm that decisions about effort expenditure relied
on the integration of multiple decision variables available at the time of choice to guide action value estimation and drive action selection (for additional analyses
of task effects, see the Supplemental Material).

Individuals with more severe
SUDs show diminished cost–benefit
integration during effort-based choice
To determine whether the use of EV to guide choice
behavior varied at different levels of SUD severity, we
used a mixed-effect logistic regression model and
included EV, average SUD severity, and the EV × SUD
Severity interaction as continuous fixed-effects predictors.
Consistent with our hypothesis, individuals with higher
average SUD severity appeared less likely to use EV to
modulate effort expenditure (β = −0.139, SE = 0.041, 95%
CI = [–0.220, –0.059], z = −3.39, p = .001; Fig. 1).
This pattern of behavior is not necessarily evidence
of a deficit in integrating effort costs and EV. It is possible that severity-linked differences in the use of EV
information during effort-based choice could reflect
blunted sensitivity to one or both of the decision variables used to calculate EV. It was thus important to
identify any significant two-way interactions between
our measure of SUD severity and reward magnitude or
probability. Indeed, sensitivity to both reward magnitude and reward probability were blunted in individuals
with more severe SUDs: Reward magnitude and probability showed independent interactions with SUD
severity (Reward Magnitude × SUD Severity: β = –0.135,
SE = 0.045, 95% CI = [–0.224, –0.047], z = –3.00, p =
.003; Probability × SUD Severity: β = –0.327, SE = 0.128,
95% CI = [–0.577, –0.077], z = –2.56, p = .010).
To confirm that the EV × SUD interaction (reflecting
the integration of two decision variables) accounted for
variance in choice behavior over and above that which
could be explained by the interactions between SUD
severity and the two “simple” decision variables (reward
magnitude and probability), we included the three-way
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Fig. 1. Expected value (EV) by substance use disorder (SUD) severity. Individuals with more severe SUDs were less likely to use EV to
modulate effort expenditure. Lines represent ±1 SD from the mean.
Shading around lines represents 95% confidence intervals for point
estimates.

interaction between reward, probability, and SUD severity as a continuous fixed-effect predictor. If the SUD
Severity × EV interaction truly signifies an integration
deficit, rather than simply reflecting an insensitivity to
reward magnitude and/or probability that is carried
over into the EV term, the three-way interaction between
reward, probability, and SUD severity should predict
choice even when two-way interactions between the
simple decision variables and SUD are modeled. In fact,
a significant three-way interaction between reward
magnitude, probability, and SUD severity was observed
(β = 0.250, SE = 0.085, 95% CI = [0.083, 0.417], z = 2.94,
p = .003; see Fig. 2). This pattern of results is consistent
with the notion that more severe SUDs are associated
with a relative deficit in the capacity to integrate available decisions variables—here, reward magnitude and
probability of reward receipt—to modulate action valuation and selection during cost–benefit decisions involving effort allocation. Having confirmed that the effects
of SUD severity on EV use during effort-based choice
reflect an integration deficit rather than simply recapitulating the independent effects of SUDs on the use
of reward magnitude and probability information, we
used EV in subsequent analyses of motivation for substance use and delay discounting.

EV sensitivity during effort-based
decision making varies by motivational
triggers for substance use
The relationships among effort-based decision making,
motivation, and SUD severity suggest that variation in
approach/avoidance tendencies might moderate the
relationship between SUDs and effort-based choice
(Baker et al., 2004; Cheetham et al., 2010; Kassel et al.,
2007; Treadway, Buckholtz, et al., 2012; Volkow et al.,

2005). To explore this possible relationship, we first
tested for two-way interactions between EV sensitivity
and individual differences in approach and avoidance
motivations for substance use. Approach and avoid
scales from the RISQ were entered into separate models.
We found significant effects for both the Approach ×
EV (β = 0.057, SE = 0.016, 95% CI = [0.025, 0.089], z =
3.49, p < .001) and Avoid × EV interaction terms (β =
–0.037, SE = 0.018, 95% CI = [–0.072, –0.002], z = –2.09,
p = .037) that indicate that approach and avoidance
motivation exerted independent and opposing influences on EV use during effort-based decision making.
Specifically, individuals who tend to seek substances
to enhance positive affect were more sensitive to EV
information during effort-based computations, whereas
those who use drugs to avoid negative affect exhibited
decreased sensitivity to EV.
Next, we sought to determine whether approach/
avoidance motivation modulated the relationship
between EV sensitivity and SUD severity. Models
included all first- and second-order terms and the threeway interaction term. The Approach × EV × SUD Severity interaction was not significant (β = –0.020, SE =
0.018, 95% CI = [–0.055, 0.014], z = –1.14, p = .253).
However, the Avoid × EV × SUD Severity interaction
was significant (β = –0.058, SE = 0.020, 95% CI = [–0.097,
–0.018], z = –2.84, p = .004; see Fig. 3). These results
indicate that EV sensitivity was weaker in the individuals with more severe SUDs whose use was primarily
motivated by a desire to avoid negative affect.

Delay-cost sensitivity predicts effort
and blunted EV sensitivity during
effort-based decision making
Cost–benefit decisions involving effort costs may also
inherently involve considerations of delay costs, given
that the outcomes of more effortful choices frequently
are realized with greater time delays compared with
time delays associated with less effortful options. This
tendency suggests that individuals who more steeply
discount delayed rewards also should avoid high-effort–
high-reward options. We found a negative relationship
between lnk values calculated from the MCQ and the
probability of making high-effort–high-reward choices
(β = –0.225, SE = –0.099, 95% CI = [–0.419, –0.031], z =
–2.28, p = .023). This result indicates that participants
with higher levels of delay discounting exhibited
increased effort aversion during decision making.
Next, we examined whether the use of EV signals to
make effort-based choices varied as a function of delay
discounting. A significant lnk × EV interaction was
observed (β = –0.153, SE = 0.035, 95% CI = [–0.221,
–0.085], z = –4.42, p < .001); EV use during effort-based
decision making diminished with greater levels of delay
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Fig. 2. Heat map showing the effects of reward magnitude and probability on choice at each level of
substance use disorder (SUD) severity. Individuals with more severe SUDs displayed a relative deficit in
the capacity to integrate reward magnitude and probability to modulate effort expenditure. For display,
average SUD severity: no diagnosis = 21 participants, mild (two or three symptoms) = 17 participants,
moderate (four or five symptoms) = 13 participants, and severe (six or more symptoms) = 29 participants.
Heat maps indicate that the likelihood of choosing the hard task increases (i.e., shading becomes darker
red) as probability increases (horizontally from left to right across each heat map), as reward magnitude
increases (vertically from the bottom to the top of each heat map), and as expected value (EV) increases
(diagonally from bottom left to top right of each heat map). However, looking at the separate panels by
SUD severity, each of these effects (probability, reward magnitude, EV) is diminished among individuals
with more severe SUDs (i.e., individuals with moderate or severe SUDs transition to red shading that is
lighter compared with those with no or mild SUDs).

discounting. Together, these findings are consistent
with the notion that effort-based decision making and
delay discounting rely on common cognitive mechanisms (see the Supplemental Material for follow-up
analyses examining integration of probability and
reward).
These findings also raise the possibility that a known
risk factor for SUDs (steeper delay discounting) might
amplify the effect of SUD severity on effort-based computations. To test this possibility, we ran a model that
included all first- and second-order terms and the threeway interaction term. However, we did not observe
significant interactions between delay discounting and
SUD severity on effort allocation preferences (lnk ×
SUD Severity: β = –0.121, SE = 0.130, 95% CI = [–0.376,
–0.134], z = –0.93, p = .354). The three-way interaction
between lnk, EV, and SUD severity likewise was not significant (lnk × EV × SUD Severity: β = 0.037, SE = 0.039,
95% CI = [–0.040, 0.114], z = 0.95, p = .343). On the whole,
this pattern of results indicated that delay discounting

affects effort-based computations by interfering with the
use of EV information during effort-based decision making. However, evidence supporting the relevance of this
relationship for SUDs was not compelling given that we
did not observe interactions between delay discounting,
EV, and SUD severity.

Discussion
In a community sample enriched for SUDs, we found
evidence that aberrant cost–benefit computations are
associated with the expression of SUDs. Specifically,
individuals with more severe SUDs displayed decreased
sensitivity to EV information during effort-based decision making. Note that the significant three-way interaction between reward magnitude, probability, and SUD
severity reflected deficits in the integration of multiple
decision variables during effort-based decision making.
These integration deficits had motivational specificity;
in particular, the individuals with more severe SUDs

Decision Making in Substance Use Disorders

9

Mild SUD Severity

No SUD

Moderate/Severe SUD Severity

4

Expected Value

3

2

1

0
0

2

4

6

8

0

2

4

6

8

0

2

4

6

8

RISQ Avoid Scale for Alcohol and Drugs
Fig. 3. Heat map showing the two-way interaction between expected value (EV) and Risky, Impulsive,
and Self-Destructive Behavior Questionnaire (RISQ) avoid at each level of substance use disorder (SUD)
severity, allowing for a visualization of the three-way interaction. Individuals with more severe SUDs and
higher avoidance motivations were less likely to use EV information during effort-based computations.
For display, average SUD severity: no diagnosis = 21 participants, mild (two or three symptoms) = 17
participants, moderate (four or five symptoms) = 13 participants, and severe (six or more symptoms) =
29 participants. Heat maps indicate that the likelihood of choosing the hard task increases (i.e., shading
becomes darker red) as EV increases (moving from bottom to top across each heat map). However, the
separate panel for individuals with moderate to severe SUDs indicates that the EV effect is diminished
(i.e., shading transitions to a lighter red) among those with higher avoid tendencies.

who used substances primarily to avoid experiencing
negative affect exhibited the most pronounced cost–
benefit decision-making integration deficits during
effort-based choice. These data provide evidence that
the capacity to integrate information from multiple
decision-making variables to estimate EV and guide
action selection is compromised in individuals with
more severe SUDs, especially among those whose SUDs
are driven by avoidance motivations.
The finding that individuals with more severe SUDs
were less able to integrate information about reward
magnitude and probability into an EV signal that was
used to guide effort expenditure is especially interesting given that the brain circuit mechanisms underlying
cost–benefit decision making broadly and effort-based
decision making specifically appear dramatically compromised in individuals with SUDs. For instance, decrements in striatal DA transmission were reported in
individuals with both SUDs and a preference for low
effort-low cost choices during effort-based decision
making (Martinez et al., 2007; Treadway, Buckholtz,

et al., 2012). Note that these deficits also are associated
with symptom severity in other clinical populations
(e.g., Culbreth et al., 2018; Treadway, Bossaller, et al.,
2012; Yang et al., 2014). DA dysfunction also predicts
SUD treatment outcomes, and some researchers suggest
a link between blunted striatal DA transmission, SUD
relapse, and effort-based decision making (Martinez
et al., 2011). Our finding that individuals with severe
SUDs show deficits in decision variable integration during effort-based choice is consistent with the possibility
that aberrant decision-making preferences may play a
particularly strong role in the maintenance and modifiability of more severe SUDs.
Furthermore, the motivationally specific deficit in
decision variable integration highlights the importance
of considering negative affect as a determinant of the
modulation of effort expenditure. Research in rodents
and humans documents that negative affect, from acute
stress to clinical levels of depression, impairs effortbased decision making (Shafiei, Gray, Viau, & Floresco,
2012; Treadway et al., 2009). The relationship between
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negative affect and SUDs also is well documented; considerable evidence from population-based and clinical
studies supports a positive association between negative affect, chronic distress, and SUDs. In fact, difficulty
tolerating distress (i.e., heightened perception of
unpleasant states and difficulty persisting in goaldirected activity when experiencing distress) increases
risk for experiencing negative emotional states, withdrawal symptoms, use of avoidance-based coping strategies, and treatment dropout in individuals with SUDs
(Baskin-Sommers & Hearon, 2015; Daughters, Lejuez,
Bornovalova, et al., 2005; Daughters, Lejuez, Kahler,
Strong, & Brown, 2005; McHugh, Hearon, & Otto, 2010).
In the EEfRT, it is possible that individuals with more
severe SUDs and strong avoidance tendencies may have
less tolerance for the distress involved in completing
effortful tasks and may thus be less willing to expend
effort, regardless of the rewards at stake or their probabilities. Taken together, these findings suggest that
negative affect not only influences effort-based decision
making but also that individual differences in the avoidance of negative affect may further constrain integration
of decision variables during effort-based choice among
individuals with more severe SUDs.
Another important cost–benefit decision-making factor related to SUDs is delay discounting. Delay-cost
sensitivity is a robust predictor of multiple stages of
SUDs. Here, we found that participants with steeper
delay discounting during intertemporal choice showed
a consistent preference for low effort and low reward
options and were less sensitive to information about
expected value during effort-based choice. This finding,
to our knowledge, is the first report of a link between
these facets of cost–benefit decision making in humans.
However, this relationship is perhaps not surprising
given the overlap in mechanisms contributing to both
effort and delay-based discounting (Croxson et al.,
2009; J. Peters & Buchel, 2011; Westbrook, Kester, &
Braver, 2013). It is often the case that rewards that
require more effort to obtain also are received at greater
temporal delays. It is possible that the shortsightedness
about the future present in individuals who discount
delayed rewards more steeply prevents them from
appropriately estimating the value of exerting effort to
obtain future rewards. In other words, steeper delay
discounting may reflect not only a bias toward the present but also an intolerance or aversion to delays that
precede rewards requiring a high amount of effort
(Pattij & Vanderschuren, 2008). This could be the case
with the task in this study, given the longer duration of
the hard task delays the delivery of feedback about
reward earnings relative to the easy task. However, the
relationship between delay- and effort-based preferences may not have specific relevance for SUD
severity.
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We found no evidence that delay discounting moderated the relationship between effort-based computations and severity of SUDs. Both SUD severity and delay
discounting exerted independent influences on effortbased decision making. Follow-up analyses on our EV
findings indicated that individuals with more severe
SUDs showed reduced sensitivity to multiple decision
variables (probability, reward, and their combination,
EV), which suggests integration deficits. By contrast,
elevated delay discounting was associated with diminished sensitivity to probability but not with differences
in sensitivity to reward magnitude (see the Supplemental Results in the Supplemental Material). This latter
finding is consistent with prior studies linking delaycost sensitivity with abnormal probability-cost sensitivity (Green & Myerson, 2013). More broadly, though,
these independent influences on effort-based decision
making reflect how multiple factors can result in similar
decision-making aberrations. Overall, these findings
highlight the importance of considering not only specific facets of cost–benefit decision making but also
component processes within types of decision costs
and individual differences that relate to them (Green &
Myerson, 2013).
The present study is not without limitations. First,
although we used a well-characterized sample of individuals with SUDs, we included individuals with both
current (past 12 months) and past (before past 12
months) diagnoses. On the basis of existing research,
there was no reason to believe SUD recency or remission status would affect effort-based decision making,
and previous research has shown cost–benefit decisionmaking deficits across stages of SUDs (initiation, maintenance, recovery, and relapse). Second, we included
individuals with SUDs across several substance categories. Our choice to measure SUD severity across substance categories was based on well-documented rates
of polysubstance use, particularly among more severe
users. Third, although it is hypothesized that effortbased decision making is important for treatment outcomes among individuals with SUDs, we did not have
measures of treatment in the present sample. Fourth,
our cross-sectional design precluded the ability to rule
out whether decreased use of EV to modulate effort
occurs as a consequence of more severe SUDs rather
than as a mechanism supporting the development of
more severe SUDs. Although our effects were robust to
various measures of SUD severity (see the Supplemental
Results in the Supplemental Material), future studies
replicating the found associations between effort-based
decision making and SUD-related impairment and studies connecting effort-based decision making to stage of
illness and treatment outcomes in SUDs are needed to
increase confidence in our results and extend them in
meaningful ways.

Decision Making in Substance Use Disorders
Finally, the goal of the present study was to examine
the influence of decision variables on effort-based computations; however, we did not measure effort discounting (Botvinick, Huffstetler, & McGuire, 2009). The EEfRT
is designed to look at basic effort-based decision making, but it does not measure effort discounting because
there was no parametric variation in the amount of effort
required over trials. Future studies that sample from a
wider distribution of effort options would be useful for
testing alterations in effort-based decision making
among individuals with SUDs.
In sum, our findings indicate that individuals with
more severe SUDs show aberrations in the integration
of multiple decision variables to guide action selection
during effort-based decision making. Moreover, these
integration deficits appear to be closely linked to motivations to avoid negative affect. Decisions regarding
effort define many real-world choices confronted by
individuals with SUDs. Whether they are deciding to
make an effort to find a sober driver or overcome perceived barriers to attending treatment (Probst et al.,
2015), these choices require the integration of information regarding the probabilities of different outcomes
and their potential benefits (e.g., the greater likelihood
of safety despite the cost of the ride, the greater likelihood of abstaining from substance use despite the time
and money spent on therapy, the greater likelihood of
improving physical health despite the initial discomfort
of withdrawal). Failure to integrate this information can
result in a choice that yields problematic outcomes
(e.g., arrest, physical harm) for the individual and other
members of society.
More broadly, these findings are particularly interesting given mounting evidence for cost–benefit integration deficits in other disorders highly comorbid
with SUDs, from internalizing disorders (e.g., depression) to externalizing disorders (e.g., antisocial personality disorder; Buckholtz, 2015). Although we
know of no studies to date that look specifically at
effort-based decision making in other externalizing
disorders, the present findings raise the intriguing possibility that such deficits may constitute a common
mechanism across several forms of psychopathology.
An exciting avenue for future research will be to examine whether findings related to cost–benefit decision
making reflect common factors that influence risk for
psychopathology more generally or whether specific
combinations of decision-making abnormalities confer
risk for specific disorders (e.g., SUDs, depression,
schizophrenia) or specific aspects of their expression
(e.g., course of illness, severity). Future studies examining multiple facets of cost–benefit decision making
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systematically across heterogeneous samples may help
to identify and specify transdiagnostic features of clinical disorders.
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Note
1. Consistent with prior studies using the EEfRT, age and trial
number were included in all analyses to account for potential
confounding effects of fatigue, including those associated with
age (Treadway, Bossaller, et al., 2012; Treadway, Buckholtz,
et al., 2012; Treadway et al., 2009; Wardle et al., 2011). For
all results, age was a significant predictor of fewer hard-task
choices (all ps < .01), and trial number was either a significant
predictor of fewer hard choices or predicted fewer hard choices
at trend levels (all ps < .08). However, all effects reported in the
article remained significant when age and trial number were
not included as covariates.
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