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Abstract

Advantageous decision-making is an adaptive trade-off between exploring alternatives and
exploiting the most rewarding option. This trade-off may be related to maladaptive decision-
making associated with nicotine dependence; however, explore/exploit behavior has not been
previously investigated in the context of addiction. The explore/exploit trade-off is captured by the
multi-armed bandit task, in which different arms of a slot machine are chosen to discover the
relative payoffs. The goal of this study was to preliminarily investigate whether smokers differ
from non-smokers in their degree of exploratory behavior. Smokers (n = 18) and non-smokers (n =
17) completed a six-armed bandit task as well as self-report measures of behavior and personality
traits. Smokers were found to exhibit less exploratory behavior (i.e. made fewer switches between
slot machine arms) than non-smokers within the first 300 trials of the bandit task. The overall
proportion of exploratory choices negatively correlated with self-reported measures of delay
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aversion and nonplanning impulsivity. These preliminary results suggest that smokers make fewer
initial exploratory choices on the bandit task. The bandit task is a promising measure that could
provide valuable insights into how nicotine use and dependence is associated with explore/exploit
decision-making.

Keywords
exploration; exploitation; smoking; tobacco; multi-armed bandit task

Substance dependence is often considered the result of maladaptive decision-making.
Consistent with this, nicotine dependent individuals exhibit a preference for immediate
gains, more impulsivity (i.e., prefer smaller, sooner over larger, later rewards), and less
sensitivity to consequences compared to healthy controls on tasks measuring outcome-
contingent decision-making (Bickel, Odum, & Madden, 1999; Fishbein et al., 2005; Grant,
Contoreggi, & London, 2000; Lane, Cherek, Tcheremissine, Steinberg, & Sharon, 2007;
Lejuez et al., 2003). These performance deficits help inform why substance abusers continue
to use drugs in the face of increasingly negative consequences (Bechara et al., 2001). One
dimension of decision-making, the explore/exploit trade-off, has not previously been
examined in the context of substance dependence but may offer new insights on the
behavioral correlates of tobacco and other addictions.

Many daily decisions that we make, from conducting a job search to buying groceries,
involve a choice between exploiting a familiar option with a known reward (e.g., job
satisfaction, brand preference) versus exploring other options, hoping to discover a more
rewarding alternative (for review, see Cohen, McClure, & Yu, 2007). Over time, our needs
may change or the value of the rewards we obtain may diminish, thus prompting a re-
evaluation (i.e. exploration) of alternative options. There are advantages and disadvantages
to both exploitation and exploration: exploitation may have the advantage of familiarity and
a guarantee of some reward, but at the expense of information that could be gathered by
exploration. There may be better rewards out there, but gathering this information (i.e.
exploring) costs time and effort that may not be recuperated unless it results in the discovery
of a more rewarding alternative. The dilemma is when to stay and exploit versus when to
leave and explore in order to maximize long-term rewards. The balance between exploration
and exploitation is a fundamental behavioral adaptation to a changing world (Cohen et al.,
2007) that is pertinent to both animals foraging for food and to people hunting for jobs or
breakfast cereal. Importantly, a tendency towards exploitation may promote the
development and maintenance of habitual behaviors, including extreme habits such as
substance dependence (for review, see Graybiel, 2008).

The multi-armed bandit problem represents a classic mathematical formulation of the
explore/exploit tradeoff (for review, see Cohen et al., 2007; John C. Gittins, 1989; J. C.
Gittins & Jones, 1974; Sutton & Barto, 1998). The bandit task, adapted for behavioral
research, is analogous to a gambler concurrently playing n slot machines (also known as
“one-armed bandits”). Here, there is a direct trade-off between exploiting a single arm for its
expected payoff and exploring other arms for potentially larger rewards (Kaelbling, Littman,
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& Moore, 1996). In the so-called “restless” version of the bandit problem, the expected
value of each slot machine changes with time, so that none of the machines are always
advantageous or disadvantageous; rather, ongoing re-evaluation of outcomes and behavioral
flexibility are necessary in order to advantageously switch between exploration and
exploitation to maximize long-term gain.

The explore/exploit trade-off is a critical component of reinforcement learning, which is the
method by which agents learn in response to environmental outcomes. In a new
environment, exploration is necessary because response outcomes are uncertain, but with
experience, the subject can predict future outcomes with more confidence and therefore
exploit the option with the greatest expected reward (Daw & Doya, 2006; Graybiel, 2008;
Sutton & Barto, 1998). In most theories of reinforcement learning, changes in reward-
seeking behavior are driven by prediction errors that signal the difference between the
predicted and the actual reward. Little or no prediction error implies a stable environment in
which exploitation is the optimal strategy, while larger errors may signal uncertainty or
instability and trigger exploration (Cohen et al., 2007). Research has shown that phasic
dopaminergic signaling in the mesocorticolimbic pathway correlates with prediction errors
(Schultz, 1998), and most importantly, this dopaminergic signaling has been implicated in
both goal-directed learning and the transition from goal-directed to habitual behavior that
occurs during the development of drug addiction (Canales, 2005; Everitt & Robbins, 2005).
In particular, nicotine has been shown to enhance phasic dopamine signaling in the dorsal
striatum and nucleus accumbens (Rice & Cragg, 2004; Zhang & Sulzer, 2004), which may
be a mechanism involved in the development of tobacco addiction. However, very little
research has investigated the effects of nicotine dependence on reinforcement learning in
human subjects, and the relationship between nicotine dependence and explore/exploit
decision-making is unknown.

Recently, a small but growing body of research has accumulated on the cognitive,
psychological and neuroanatomical mechanisms that underlie the explore/exploit trade-off
using the bandit task (Biele, Erev, & Ert, 2009; Daw, O’Doherty, Dayan, Seymour, &
Dolan, 2006; Jepma, te Beek, Wagenmakers, van Gerven, & Nieuwenhuis, 2010; Pearson,
Hayden, Raghavachari, & Platt, 2009; Steyvers, Lee, & Wagenmakers, 2009), and given its
relevance to reinforcement learning, explore/exploit decision-making could provide new
insights into addiction. Potentially, a tendency towards exploitation of known rewards may
be a cause or consequence of habitual drug use, but to our knowledge, this facet of decision-
making has not been investigated in the context of substance dependence. The present study
compared explore/exploit performance between smokers and non-smokers on a 6-armed
bandit task to investigate whether smoking behavior could be associated with the increased
tendency to exploit known (yet diminishing) rewards at the expense of exploration for other
(potentially larger) rewards. Our hypothesis is based on previous research that suggests
smoking is characterized by automatic tobacco use (Piper et al., 2008), nicotine enhances
dopaminergic signaling implicated in reward learning (Rice & Cragg, 2004; Zhang &
Sulzer, 2004), and smokers have impaired performance on decision-making tasks that
require flexible cognitive control (Businelle et al., 2009; Chiu, Lohrenz, & Montague, 2008;
Lejuez et al., 2003; Nesic, Rusted, Duka, & Jackson, 2011; Xiao et al., 2008). Secondly, we
hypothesized that the extent of exploratory behavior would be negatively associated with
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smoking dependence motives such as automaticity and loss of control. Exploratory
correlations between bandit performance and self-reported traits such as impulsivity and
delay aversion were also conducted to investigate individual differences in explore/exploit
decision-making.

Thirty-seven smokers and non-smokers (21 women), aged 20-55 years (mean + S.D.: 34 £
10 years), participated in this study. Potential participants were recruited from the Raleigh-
Durham-Chapel Hill area via internet advertisements and by word-of-mouth. Inclusion
criteria were general good health and exclusion criteria included reports of significant health
problems (e.g., hypertension), current use of smokeless tobacco or nicotine replacement
therapy, current use of psychoactive medication, a positive breath alcohol concentration and
a positive urine drug screen for illicit drugs on the study day. Smokers had to report smoking
> 10 cigarettes per day for > two years, and produce an afternoon expired-air carbon
monoxide (CO) level > 10 ppm (in order to establish smoking status). Non-smokers had to
report smoking less than 50 cigarettes in their lifetime, report not smoking in the last 6
months, and produce an afternoon CO level <5 ppm. This experiment was approved by the
Duke University Institutional Review Board. Informed consent was obtained from all
participants.

This version of the “restless bandit” task was adapted from previous studies (Berry &
Fristedt, 1985; Daw et al., 2006; John C. Gittins, 1989; J. C. Gittins & Jones, 1974; Jepma et
al., 2010; Pearson et al., 2009; Whittle, 1988). On each trial, six slot machines were depicted
on a computer screen and participants selected one to play by pressing a corresponding
number on the keypad. Following the selection, the number of points awarded was displayed
on the screen for 500 msec. The number of points paid off by each slot machine (i.e., target)
gradually changed from trial to trial, independently of other slot machine targets. The target
values for our version of the bandit task were calculated as follows: targets began with an
initial point-value of 50 on the first trial and subsequent values were drawn from a Gaussian
distribution with a standard deviation (o) = 2.8 around a moving mean and rounded to the
nearest integer. Target values were randomly adjusted according to a biased random walk,

Ti,t+1:)\(ri,t_0)+0+n 1)

where r; is the reward value of the ith target on trial t, &is the asymptotic mean reward
value (equal to 50), and A is a central tendency parameter that represents the tendency of r
to drift back toward 6. i is a Gaussian random variable with mean zero and standard
deviation o. We used parameter values of A = 0.015 and o = 2.8, since this yielded payouts
variable enough to encourage exploration and a low likelihood that a single target would
remain most profitable for the entire task. The number of points awarded by target i on trial t
was allowed to range between 0 and 100 (the resulting range was -4 to 105). A single
version of the task was administered to all participants, and all participants received the

Exp Clin Psychopharmacol. Author manuscript; available in PMC 2014 May 21.



1duosnue Joyiny vd-HIN 1duosnue Joyiny vd-HIN

1duosnuely Joyny vd-HIN

Addicott et al.

Procedure

Page 5

same pattern of target point values. The target point values for the first 100 trials of the task
are shown in Figure 1. Participants were told the goal of this task was to earn as many points
as possible. They could earn up to an additional $10 based on the ratio of the number of
points they earned to the total number of points possible. All 1500 trials were presented in a
single block and the task lasted approximately 25 minutes. The bandit task was programmed
in Matlab (MathWorks, Inc. Natick, MA) using the Psychophysics Toolbox (Brainard,
1997).

Participants completed questionnaires and decision-making tasks as part of a larger battery
of self-report and computer-based measures. All participants completed a smoking history
survey which contained questions regarding lifetime and recent tobacco use in addition to
the Barratt Impulsiveness Scale (BIS-11; Patton, Stanford, & Barratt, 1995), which measures
trait impulsivity on three subscales: attention, motor, and nonplanning, and a Delay
Questionnaire (DQ; Clare, Helps, & Sonuga-Barke, 2010). The DQ is a five-point Likert
Scale (1 = strongly disagree to 5 = strongly agree) that assesses an individual’s delay
discounting and aversion (e.g., “I often give up on things that | cannot have immediately”
and “I hate waiting for things”, respectively). All participants were administered the Positive
and Negative Affect Schedule (Watson, Clark, & Tellegen, 1988) before and after the
testing session to test for changes in mood. Smokers completed the Fagerstrom Test for
Nicotine Dependence (FTND; Heatherton, Kozlowski, Frecker, & Fagerstrom, 1991) and
the Wisconsin Inventory for Smoking Motives (WISDM; Piper et al., 2008). Four subscales
of the WISDM (automaticity, craving, loss of control, and tolerance) were included in our
analyses. These subscales constitute a distinct common factor that has been shown to predict
dependence criteria (Piper et al., 2008). Smokers also completed the Shiffman-Jarvik
nicotine withdrawal scale (Shiffman & Jarvik, 1976) before and after the session to test for
changes in symptoms of nicotine withdrawal. Smokers were allowed to smoke prior to the
study and were offered a smoking break half-way though the testing session.

Behavioral Modeling of the Bandit Task

Choices made in the bandit task were classified as exploratory or exploitative according to
model-based account of participants’ individual choice behavior (previously described in
Daw et al., 2006; Jepma & Nieuwenhuis, 2011; Pearson et al., 2009). Four reinforcement-
learning models, which each calculate the estimated target pay-offs differently, were initially
fit to the participants’ data and compared using the Bayesian Information Criterion in order
to determine the best fitting model. The results from the best fitting model are reported here;
see Supplementary Information for a description of the other three models. On each trial,
selection of the target with highest estimated action value in the model was coded as
exploitative, all other choices as exploratory.

As in previous studies, the best fitting model valued the slot machine options according to a
softmax rule and Kalman filter (Anderson & Moore, 1979; Daw et al., 2006). The softmax
rule chooses machine options probabilistically based on their expected point values:
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P(il3, Qi)—m @)

where P(i\B,Q;) is the probability of choosing option i, and Sis a so-called “greediness”
parameter, with 8= co corresponding to perfectly greedy (uniformly exploitative) choice. In
other words, the logarithmic value of the explore/exploit ratio is proportionate to the
softmax parameter, 8, multiplied by the difference in action value between the explore
options and the exploit option. That is, B is the logarithmic value of the explore/exploit ratio
per unit of action value. A larger value of Swill lead to a higher percentage of exploit trials.
See Figure S1 in the Supplementary Information for a graph of representative g values. The
Kalman filter (Anderson & Moore, 1979) is a Bayes-optimal filtering process used to infer
the values of unseen targets. Here, the posterior probability estimates for the target values
took the form of normal distributions with mean and variance for all targets updated each
trial according to a drift rule:

pi — (1=Q)ui+C0  (3)

of — (1-¢)*0?+D* (@)

where j and g; are the mean and standard deviation of the previous estimate of each target’s
value, Cis a central tendency of options to drift toward an asymptotic value, 6, and D
reflects the growing uncertainty in an unchosen target’s value over time due to drift. Due to
random changes in the target values over time, uncertainties of unseen targets grow each
trial, and mean values decay slowly back toward a subject-specific asymptotic value. Note
that participants did not know the true value of the central tendency, so ¢ # A in general. In
addition, for the chosen target, we calculated learning parameters as follows:

Oi=r—pi (5)

2
0;

Q=7
2 2
o7t+og]

(6)

With r the outcome on the current trial, | the mean of the chosen target, and oy the prior
standard deviation of the target. As usual, & is the reward prediction error and a the learning
rate, used to update the chosen target according to

Wi < pitaid; (1)

a? — (1—01—)03 8)

As a result, each trial yields a single oand a, along with vectors p and .
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Data Analysis

Results

The bandit task consisted of 1500 trials that were divided into 5 blocks of 300 trials each for
analysis. The main dependent variable was the percentage of trials per block coded as
“exploratory.” In addition, we explored two other trial-to-trial variables to investigate
qualitative differences in bandit performance between groups. The learning rate is the rate at
which values of the targets are updated (i.e., the sensitivity to the most recent pay-off of
each machine arm), and is determined optimally via the Kalman filter. Learning rates are
higher in more variable environments, which should positively correlate with exploration.
Alternately, lower learning rates indicate behavior appropriate to a stable environment,
which would favor exploitation. The range in action value is the difference between the
estimated value of the chosen option and the maximum estimated pay-out during
exploratory trials; large values of this measure indicate a large reward was forfeited in order
to choose a suboptimal option. The reward ratio (total points/maximum possible points) was
also calculated for each participant. The distribution of exploratory choices and reward
ratios were normalized using a logit transformation for analysis (Gart & Zweifel, 1967).

Demographic differences between groups were analyzed with independent-sample t-tests
and chi-square tests. Mood questionnaires and bandit task data were analyzed using mixed-
model analyses of covariance (ANCOVAs), with time or block of trials as the within-subject
factor, smoking status as the between-subject factor, and education level as the covariate of
no interest. The Greenhouse-Geisser correction was reported when Mauchley’s test of
sphericity was violated. Significant main effects were followed up with multivariate and
univariate ANCOVAEs. Effect sizes are eta-squared. All analyses were performed with SPSS
(Chicago, IL) with alpha set to .05. Data from two smokers who fell asleep during the bandit
task were excluded; thus, the final subject sample was 18 smokers and 17 non-smokers.

Potential differences between men and women were preliminarily tested using an ANCOVA
with sex and smoking status as between-subject factors, block of trials as the within-subject
factor, and education level as the covariate of no interest. There were no main effects of sex
or interactions with sex; therefore, data from men and women were combined for further
analyses.

Participant characteristics

Participant characteristics are shown in Table 1. There were no differences between the two
groups in age, sex, or racial distribution; however, smokers had fewer years of education
than non-smokers, t = 4.1, p < .001. The relationships between education, self-report data,
and performance outcomes were explored with Pearson correlations. Years of education
correlated with scores on the BIS, r = -.39, p =.020, and the FTND, r = -.74, p < .001, in
addition to the percentage of exploratory choices, r = -.43, p = .010, and the reward ratio, r
=.50, p =.002, from the bandit task. Therefore, all subsequent analyses controlled for
education level. There were no between-group differences in BIS or DQ scores. There were
no significant changes in nicotine withdrawal symptoms among smokers pre- to post-
session, nor were there changes in positive or negative affect pre- to post-session among
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both groups. Eight smokers chose to smoke during the cigarette break, and there were no
differences between smokers that smoked and those that did not on pre- to post-session
nicotine withdrawal symptoms, positive and negative affect, or task outcomes.

Averaged across all trials of the bandit task, the proportion of choices coded as exploratory
was 23% and the rest of the choices were coded as exploitative. Participants earned
approximately $8.60 for their performance and there was no difference in the amount earned
between smokers and nonsmokers. The estimated marginal means of the percentage of
exploratory choices (controlling for education level) made by non-smokers and smokers
across the five blocks of trials are shown in Figure 2. The initial ANCOVA performed on
the logit transformed data revealed a significant block x smoking status interaction, F(4,128)
= 5.6, p =.003, 77 = .133, and follow-up tests showed that nonsmokers had a greater
decrease in exploratory choices from the first to the fifth block of trials than smokers,
F(1,34) =12.6, p = .001. The initial ANCOVA also revealed a trend for a between-subject
effect, F(1,32) = 2.9, p = .097, 77 = .064, and follow-up tests found that nonsmokers had a
greater percentage of exploratory choices than smokers in block 1, F(1,34) =11.9, p =.002,
and had a trend for greater exploratory choices in block 2 F(1,34) = 3.9, p = .056.

A post hoc investigation into potential qualitative differences in exploratory behavior
between smokers and nonsmokers was conducted on the first block of 300 trials. According
to the model, smokers had a higher learning rate (estimated marginal mean + S.E.; 0.73 £
0.11) than non-smokers (0.36 + 0.11), F(1,34) = 4.7, p < .038, but there was no statistical
difference in the measure of the range in action value.

Analyses on the within- and between-group differences in the number of points earned on
the bandit task found no effect of block or smoking status on the reward ratio. In general,
participants earned an average of 88% of the total possible points and there was a negative
partial correlation (controlling for education) between the reward ratio and the percentage of
exploratory choices, r = .50, p = 0.003, averaged across all 1500 trials.

Correlations were performed to explore potential relations between bandit performance and
self-reported behaviors. Partial correlations (controlling for education) showed a negative
relationship between the percentage of exploratory choices across 1500 trials and the BIS
nonplanning subscale, r = -.38, p =.029, and the DQ, r = -.38, p = .027, for all participants,
and the WISDM subscales loss of control, r = —.61, p =.010, and tolerance, r = -.57,p =.
018, for smoking participants. In other words, as individuals’ ratings for nonplanning-type
impulsive behaviors and delay aversion/discounting increased, there was a corresponding
increase in the percentage of exploitative choices made on the bandit task. Similarly, as
smokers’ ratings increased for the smoking dependence motives concerning a loss of
volitional control over smoking behavior and nicotine tolerance, there was a corresponding
increase in the percentage of their exploitative choices. There were no significant
relationships between the self-report scores and the reward ratio.
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Discussion

The present study is the first to preliminarily investigate differences in explore/exploit
behavior among smokers and non-smokers using a multi-armed bandit task. In support of
our hypothesis, we found that smokers made fewer exploratory choices within the first block
consisting of 300 trials. The number of exploratory choices made by smokers remained the
same while exploratory choices made by non-smokers decreased from the first to the fifth
block of trials. Both groups earned a similar number of points based on their selections. This
novel result suggests that behavioral strategies guiding explore/exploit decision-making in
the bandit task may be related to smoking status. It is possible that either a combination of
factors contributing to an increased risk for tobacco addiction (e.g., a behavioral tendency to
exploit known rewards) or the effects of habitual tobacco use (e.g., the chronic effects of
nicotine on dopaminergic reward signaling) contribute to explore/exploit choices. This study
identifies and provides initial support for some potential correlates of explore/exploit
behavior, including impulsivity, delay aversion, smoking motives and education level.

The majority of choices made in the bandit task were exploitative, and these choices
positively related to the number of rewards earned on the task. This underscores the
advantage of exploiting a slot machine arm with the maximum number of points available.
However, when the value of the selected machine arm begins to decline, exploration is
necessary to find the subsequent best option. Non-smokers made more exploratory choices
in the first block of the task, and the significant decrease in this behavior from the first to the
fifth block suggests an effect of learning on their performance. Perhaps they explored more
than necessary to maximize their gain in the first block, and the number of exploratory
choices decreased as their familiarity with response-outcomes improved. In comparison, the
percentage of exploratory choices made by smokers remained constant throughout the task.
This appears to be congruent with previous reports of diminished cognitive flexibility or
response adaptation in other substance abusing subjects (Lane et al., 2007; Ornstein et al.,
2000; Verdejo-Garcia, Lopez-Torrecillas, de Arcos, & Perez-Garcia, 2005). However, it is
unlikely that explore/exploit behavior on the bandit task simply reflects cognitive flexibility.
A post hoc analysis of the range in action value indicated that smokers’ exploratory choices
were not qualitatively different from nonsmokers’ choices, nor did they earn fewer points,
which suggests that smokers were not exploring less strategically. Interestingly, the learning
rate, the rate that action value is updated based on new information, was higher among
smokers in the first block. This suggests that smokers were more sensitive to the most recent
pay-off of each machine arm at the start of the task. That is, smokers reacted to random
noise in payouts over early trials more than non-smokers. Based on these results, smokers
did not have worse performance on the bandit task compared to nonsmokers, and additional
studies are needed to better understand smoker/non-smoker differences in explore/exploit
strategy.

Intuitively, too much exploration in the bandit task may be considered risky or novelty-
seeking behavior, while too much exploitation may be considered risk-averse (Steyvers et
al., 2009). Steyvers and colleagues compared bandit task performance with self-reported
measures of personality traits associated with risk-seeking behavior, but found little to no
relationship (Steyvers et al., 2009). However, among the participants in this study, the
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proportion of exploratory choices decreased as self-reported delay aversion and nonplanning
impulsivity traits increased. A potential interpretation for this relationship is that participants
who report disliking and discounting delayed rewards may exploit more, thus they are
analogously sacrificing larger net gains in favor of immediate rewards. A tendency against
planning for future events (e.g., low scores on the BIS nonplanning scale such as “I plan for
job security” and “I plan tasks carefully”’) may also contribute to exploitative behavior. The
absence of group differences on these measures suggests that impulsivity and delay aversion
do not account for smoker/nonsmoker differences in bandit performance. It appears that
exploratory choices on the bandit task are not representative of risky or impulsive decision-
making, but may reflect a degree of deliberation or planning for future outcomes during
goal-directed behavior. Ultimately, the optimal strategy on the bandit task is a well-timed
trade-off between exploration and exploitation, and more research is needed to understand
how personality traits are associated with bandit task performance.

The bandit task may be particularly appropriate for the study of tobacco addiction since
nicotine affects several neuromodulators implicated in explore/exploit behavior and reward
prediction, including acetylcholine (ACh), norepinephrine (NE) and dopamine (DA)
(Summers & Giacobini, 1995). Acetylcholine and NE have been proposed to play an
important role in the neural signaling of expected and unexpected uncertainty (Yu & Dayan,
2005). Expected uncertainty may promote exploitation when the points from a chosen arm
of the bandit task vary within an expected degree across trials. Alternatively, unexpected
uncertainty may promote exploration when the points from a chosen arm begin to decrease
more than expected. Dopaminergic signaling has been correlated with prediction errors
(Schultz, 1998), which help determine if changes in outcome are expected or unexpected.
How acute and chronic nicotine exposure affects these neuromodulators in relation to
explore/exploit behavior is unknown, but future studies with the bandit task and other
models of reinforcement learning may offer new insights into the development and
maintenance of addictive behaviors.

The development of substance dependence may also be related to the balance between
explore and exploit behavior. Adaptive decision-making can be described as a carefully
timed trade-off between exploring options to evaluate their outcomes and exploiting options
with the most desirable outcomes. In contrast to this goal-directed behavior, habitual
behaviors are fixed and repetitive actions that are insensitive to changes in outcome
contingency. Habitual learning is thought to play an important role in tobacco addiction,
which is primarily characterized by automatic, habitual tobacco use and a loss of volitional
control over this habit, in addition to craving and tolerance (Piper et al., 2008). Within the
group of smokers there were negative correlations between exploratory choices and self-
reported loss of control (e.g., strongly endorsing “My smoking is out of control”) and
tolerance (e.g., strongly endorsing “I usually want to smoke right after | wake up”) to their
smoking habit, as measured by the WISDM. Hypothetically a behavioral preference for
exploitation at the expense of exploration may promote the development of habitual drug
use. Alternatively, the smoker/non-smoker differences could be a result of chronic nicotine
exposure. Our results provide initial support for a relationship between exploitative choices
on the bandit task and smoking motives, albeit reproducing these results with a larger
subject sample would strengthen this interpretation.
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In our sample of community volunteers, smokers had fewer years of education than non-
smokers, which agrees with previous studies showing smoking to be more prevalent among
low educated men and women (Giskes et al., 2005; Winkleby, Fortmann, & Barrett, 1990).
Groups were matched by age, sex and race, yet differences in education level were
significant. This limitation was addressed by statistically controlling for education in our
data analyses. The inclusion of this covariate did not affect the direction or significance of
our results. However, there remains a possibility that education level is an important
moderator of bandit performance, either independently or in relation to other factors. Higher
levels of education correlated with less impulsivity on the BIS, more exploitative choices
and a higher reward ratio earned on the bandit task. Hypothetically, less impulsive
individuals with more education are better able to exploit the slot machine arm with the
maximum point values. To our knowledge, this is the first study to show that education level
predicts performance on the bandit task. Additional studies are needed to confirm a
difference in bandit performance between smokers and non-smokers, and these studies can
avoid the limitation addressed here by balancing education levels between groups.

A limitation of the present study is that the bandit task consisted of 1500 trials, as we
anticipated that differences might develop between groups as the task progressed.
Unexpectedly, group differences were most significant in the first 300 trials. Previous
studies using bandit problems have administered tasks consisting of 300 trials (Daw et al.,
2006; Jepma et al., 2010; Steyvers et al., 2009). While the convergence of behavior was an
interesting result, the large number of trials resulted in fatigue among two participants and
this led to the removal of their data. A second limitation is that in-depth mental health and
substance use histories were not obtained in this preliminary study of smoker/non-smoker
differences. Smokers have a high rate of co-morbid psychiatric illnesses and other substance
dependence (Kalman, Morissette, & George, 2005), which could have influenced their
behavior. Future studies could improve the interpretation of explore/exploit behavior by
investigating whether these preliminary results extend to individuals who are dependent on
drugs other than nicotine.

In summary, the explore/exploit trade-off is an evolutionary adaptation to changes in
environmental reinforcement contingencies and studies have shown that the ability to act
according to dynamic changes in reward estimation is preserved across species (e.g., Keasar,
Rashkovich, Cohen, & Shmida, 2002; Pearson et al., 2009; Racey, Young, Garlick, Pham, &
Blaisdell, 2011). The bandit task, with its roots in reinforcement learning, is an excellent
tool to investigate the balance between exploratory and exploitative behavior. To date, the
bandit task has been used to study decision-making behavior among healthy control subjects
and in animal models, and to our knowledge, this is the first study to preliminarily
investigate explore/exploit decision-making among nicotine-dependent subjects. Our results
suggest that the extent of exploratory behavior may be related to smoking status and other
individual characteristics such as delay aversion, impulsivity, smoking motives, and
education level.
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Figure 1.
Point values for the first 100 trials of the bandit task. Participants selected one of six slot

machine arms to play per trial. The number of points paid off by each slot machine gradually
changed from trial to trial, independently of other machines. The pattern of point values was
determined according to a biased random walk (Equation 1). Each line represents the point
values for a single slot machine. Dots represent the selections made by a representative
subject.

Exp Clin Psychopharmacol. Author manuscript; available in PMC 2014 May 21.



1duosnue Joyiny vd-HIN 1duosnue Joyiny vd-HIN

1duosnuely Joyny vd-HIN

Addicott et al.

Page 16

60

—&— Non smoker

* — &~ Smoker

50

40

30

20

10

Percentage Exploratory Choices (Estimated Marginal Means)

1 2 3 4 5
Block of Trials

Figure2.
The proportion of exploratory choices made on the bandit task by non-smokers and smokers.

Shown are the estimated marginal means of the average percentage of exploratory choices
per block of 300 trials (controlling for education). Smokers made significantly fewer
exploratory choices in the first block compared to non-smokers (*p < 0.05). Error bars are
S.E.M.
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Participant characteristics for smokers (n = 18) and non-smokers (n = 17); (Mean £ S.D.).

Table 1

Smokers

Non-smokers tor X2

Age

Male/Female

Race C/AA/HIA

Years of Education

CO

Alcohol drinks/week

Cigs/day

FTND

WISDM:
automaticity
craving
loss of control

tolerance

36+8
8/10
6/9/1/2
13+2
14+6
2+4
16+8
59+23

4317
4617
42+13
46+1.2

32+12
7110

6/10/1/0

15+2 t=41
1+1 t=79
2+2

n.s.
n.s.
n.s.
p <0.001
p <0.001

n.s.
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C: Caucasian, AA: African American, H: Hispanic, A: Asian. CO: carbon monoxide. FTND: Fagerstrém Test for Nicotine Dependence. WISDM:
Wisconsin Inventory of Smoking Dependence Motives. n.s.: not significant.
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