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Daily decision-making involves navigating the explore-exploit dilemma (EED), balancing novel information
gathering against maintaining current strategies. Individuals with chronic pain often exhibit exploitation re-
sponses, choosing pain avoidance over exploring potentially beneficial activities. This study investigated
decision-making during the EED in individuals with chronic pain and pain-free individuals, examining whether
self-initiated exploration predicts improved outcomes when environmental contingencies change. Participants
completed a multi-armed bandit task where contingency changes occurred exclusively for unchosen options,
requiring active exploration for discovery. We assessed behavioral performance, computational modeling pa-
rameters, and individual difference variables including fear of pain, intolerance of uncertainty, and behavioral
activation/inhibition. Initial high exploration rates predicted superior task performance across all groups, despite
few participants discovering the contingency change. Contrary to our original hypotheses, no consistent dif-
ferences emerged between the pain-free and pain groups. However, differences between the pain groups sug-
gested that greater pain severity may be associated with less stable and less exploitative decision-making. These
findings highlight the importance of an adaptive balance between exploration and exploitation for discovering
environmental changes and achieving optimal long-term outcomes, supporting its role in avoidance extinction
relevant to chronic pain treatment.

1. Introduction

Accordingly, the EED is used here as a functional description of how
individuals adapt their behavior to changing environmental demands.

Daily life consists of a chain of decisions. In a dynamic and often
uncertain environment, decision making is characterized by a conflict
between several, often opposing, demands. One such conflict is the
explore/exploit dilemma (EED) that represents a choice between two
behavioral options each having benefits and costs (Cohen et al., 2007;
Sutton & Barto, 2018). Exploration is gathering novel information with
the opportunity to improve the current situation, but with also the risk to
worsen it. Exploitation is maintaining the current status but with the risk
of missing out on opportunities for improvement. To function adap-
tively, one must find the best trade-off between exploring an uncertain
environment and exploiting existing knowledge (Cohen et al., 2007;
Sutton & Barto, 2018). Within an operant framework, exploration and
exploitation can be understood as patterns of behavior shaped by rein-
forcement histories and by the environmental -contingencies.
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The modeling and understanding of solving the EED have been a topic of
interest in computer science (Charmanas et al., 2023; Wang et al., 2018),
neuroscience (Cohen et al., 2007), organizational and health economics
(Azoulay-Schwartz et al., 2004; Uotila et al., 2008). Nevertheless,
research on EED in the context of pain remains limited (Krypotos et al.,
2024).

Pain is a unpleasant experience and often results in a conflict be-
tween keeping pain at a manageable level and engaging in valued ac-
tivities (Roux et al., 2022). Individuals in pain often show an
‘exploitation’ response by repeatedly choosing the action leading to the
least pain (pain avoidance), instead of exploring other ways to continue
activities, and may even help keep pain at bay. To experimentally study
behavioral decision making in pain, previous studies have used 4-armed
bandit tasks in which participants freely selected one option amongst
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four at each trial, with each option having a specific probability of a
reward and/or pain-related stimulus (e.g., Alves, 2024; Krypotos et al.,
2022; Seymour et al., 2012). Across studies, the results indicate that
participants readily learned the changes in choice-outcome contin-
gencies during the experiments and behaved accordingly. Specifically,
after initial exploration, participants most often exploited the safest
option, and weighted rewards more heavily than receiving pain. Addi-
tionally, after receiving a painful outcome, participants were more in-
clined to explore (Alves, 2024; Krypotos et al., 2022; Seymour et al.,
2012). However, in these studies the choice-outcome contingencies
changed for all options simultaneously. As a result, the decision to
explore might have been caused by the contingency changes (e.g., a
rewarding option stops being rewarding). This may therefore hamper
the systematic study of self-initiated exploration in pain-related deci-
sion-making, as participants may be prompted to adapt in similar ways
by externally imposed contingency changes.

In the present study, we investigated decision making during the EED
with individuals reporting chronic pain and pain-free individuals. We
created a context where only self-initiated exploration could lead to the
discovery of the choice-outcome contingency change that transformed
the less favorable former options (i.e., low reward and high pain) into
the most favorable ones (i.e., low pain and high reward). We hypothe-
sized that higher levels of exploration are associated with better task
performance in all groups. In addition, we hypothesized that compared
to the pain-free individuals, individuals with chronic pain would exhibit
more exploitative behavior along with higher learning and sensitivity
rates for punishments, indicating a heightened response to pain-related
stimuli. This hypothesis is in line with a meta-analysis showing an
attentional bias towards pain-related information, including words and
pictures, in individuals with chronic pain (Crombez et al., 2013; Todd
et al., 2018). We also explored whether the individual differences in
fear of pain, intolerance of uncertainty, behavioral activation, and
behavioral inhibition affect the EED outcomes.

2. Methods
2.1. Participants

Participants were recruited via the Prolific online platform (https
://www.prolific.co/). These individuals were divided into groups
based on the report of pain at the time of the study: the pain-free group (i.
e., individuals experiencing no chronic pain) and the pain group (i.e.,
individuals with self-reported chronic pain). The first step in the
recruitment was to pre-screen specific individuals' characteristics on
Prolific, tailoring the study visibility to individuals who met the speci-
fied criteria. The inclusion criteria were: (1) age range of 18 to 65 years;
(2) a proficient command of the English language; (3) presence of pain
lasting for at least 3 months for the pain group. Exclusion criteria were:
(1) participation in our previous studies; (2) presence of pain lasting for
at least 3 months for the pain-free group. All participants completed the
Von Korff Pain Grading Scale to estimate the intensity and interference
of their pain (Smith et al., 1997). The ethical committee of KU Leuven
approved this study (Reg. #G-2023-6568-R4). Participants were
compensated with a monetary reward of £7 for their participation. The
present experiment was pre-registered before data collection
(https://osf.io/bfm53).

Participants' data were included in the analyses only if they met the
following criteria: (1) completing the entire experiment, (2) not missing
more than 10% of the trials (i.e., late responses), (3) a minimum score of
5 out of 7 in the attention checks (as recommended by Prolific; see
Supplementary Note 1 for the attention-check instructions).

Two hundred participants completed this experiment. Three partic-
ipants, 2 from the pain group and 1 from the pain-free group, were
excluded from the data analyses because they missed more than 10% of
the trials. The pain-free group was initially composed of 99 participants,
birth sex females = 48 (48.5%), Mean age = 30.06 (SD = 9.47). The pain
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group comprised 98 volunteers, birth sex females = 48 (49%), Mean
age = 28.5 (SD = 7.29). However, several individuals in the pain-free
group had a Grade I or higher score on the Von Korff Pain Grading
Scale, indicating the presence of low pain and low disability. To avoid
conflating individuals with and without pain within the same compar-
ison group, participants were separated into three groups based on the
Von Korff Pain Grading Scale': Grade 0 (no pain), Grade I (low-intensity
and low-disability pain), and Grades II-IV (Grade II = high-intensity and
low-disability pain; Grade III = high-disability and moderately limiting
pain; Grade IV = high-disability and severely limiting pain). Grades
II-IV were combined to avoid unstable estimates due to small subgroup
sizes and to distinguish low-severity pain from more severe pain con-
ditions. The final distribution across groups was as follows: The pain-
free group or Grade 0: N = 31, birth sex females = 17 (54.8%), Mean
age = 28.81 (SD = 9.23). The low-pain group or Grade I: N = 94, birth
sex females = 40 (42.6%), Mean age = 30.57 (SD = 9.31). Finally, the
moderate-to-severe pain group or Grade II-IV: N = 72, birth sex
females = 39 (54.2%), Mean age = 27.81 (SD = 6.64). See
Supplementary Material 1 for the frequency of scores on Von Korff Pain
Grading and Supplementary Material 2 for the score of pain experienced
at the time of the experiment.

2.2. Questionnaires

To explore the potential impact of individual differences on the EED
in a pain-related context, data on the following questionnaires were
collected: the Intolerance of Uncertainty Scale (IUS; internal consis-
tency: a = .94; Buhr & Dugas, 2002), the Fear of Pain Questionnaire III
(FPQ-III; internal consistency: o = .92; McNeil & Rainwater, 1998), the
Behavioral Inhibition System/Behavioral Activation System Scales
(BIS/BAS; reliability BIS internal consistency: a = .74; BAS internal
consistency: o = .66-.76; Carver & White, 1994), and the Von Korff Pain
Grading Scale (internal consistency: « = .90; Smith et al., 1997). These
questionnaires were selected because the individual differences they
assess have previously been associated with altered pain perception and
avoidance, which could influence performance during the EED in the
presence of pain-related outcomes (Donthula et al., 2020; Markfelder &
Pauli, 2020; Serrano-Ibanez et al., 2019).

2.3. Stimuli

The present study was conducted online, which made the use of
actual physical pain stimulation impossible. Consequently, twenty pain-
related pictures from the Experimental Pain Picture System (EPPS; Alves
et al., 2023) were used as pain-related stimuli (See Fig. S1 for examples
of pictures). Previous studies have shown that images depicting
pain-related content can elicit discomfort and distress, as well as phys-
iological arousal (Fusaro et al., 2016; Preis & Kroener-Herwig, 2012).

A gold coin served as the representation of the reward. Participants
were informed about the opportunity to earn an additional £50 if they
achieved the highest number of rewards among all participants in the
task.

2.4. Ratings

Before starting the experiment and after the termination of the task,
we asked participants to rate the painfulness and the arousal of the pain-
related pictures using 10-point scales (Alves, 2024), with the painfulness
scale ranging from 1 (= not pain at all) to 10 (= worst pain possible) and
the arousal scale ranging from 1 (= totally calm) to 10 (= highest level of
arousal). At the end of the experiment, participants rated the

! The three-group classification and the corresponding re-analyses were
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thank for the recommendation.


https://www.prolific.co/
https://www.prolific.co/
https://osf.io/bfm53

M. Alves et al.

pleasantness and the appreciation of the pain-related picture and the
reward, respectively ranging between 1 (= very pleasant) to 10 (= very
unpleasant) and 1 (= very much appreciated) to 10 (= not at all
appreciated). All instructions for the evaluation of the stimuli are pro-
vided in Supplementary Note 2.

2.5. Procedure

This experiment was programmed with Psychopy (version 2022.2.3;
Peirce et al., 2019) and run online via the Pavlovia platform (htt
ps://pavlovia.org/). The questionnaires and demographical informa-
tion were filled out on Qualtrics (https://www.qualtrics.com/). Partic-
ipants started the experiment by completing the informed consent, the
Von Korff Pain Grading Scale (Smith et al., 1997) and the following
demographical information (self-report): age, gender, birth sex, educa-
tion level, income class, ethnicity, country of residence, presence of
chronic pain, pain interference, presence of neurological disorder, and
level of fatigue at the moment of completing the measure (see
Supplementary Material 3 for the results). Next, we presented 20 pic-
tures of different types of pain from the EPPS (Alves et al., 2023) and
asked participants to watch each picture carefully and select the picture
that would provoke the worst pain if they were in that situation. The
selected pain picture was used as a punishment throughout the
experiment.

For the experimental paradigm, we used an online version of the 4-
armed bandit task (Alves, 2024; Krypotos et al., 2022). Four squares
were displayed on the corners of the screen, and participants were asked
to select one of them with a mouse click. After selecting the square, the
selected square changed color, and the painful picture and/or the
reward were displayed for 500 ms depending on the probability asso-
ciated with the selected square (see Fig. 1 for an example of a trial). The
inter-trial interval varied between 1500 and 3000 ms. The experiment
started with 10 practice trials, followed by two consecutive blocks of 80
trials, without a break or clear distinction between blocks. In the first
block, the probabilities were set as follows: (1) 20% chance of pain and
50% chance of reward; (2) 30% chance of pain and 50% chance of
reward; (3) 80% chance of pain and 20% chance of reward; (4) 70%
chance of pain and 30% chance of reward. In the second block, the
choice-outcome contingencies of the less favorable options changed (i.e.,
options 3 and 4), having a 20% chance of pain and 80% chance of
reward for option 3 and a 30% chance of pain and 70% chance of reward
for option 4 (Fig. 1). Finally, after the termination of the experimental

A
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task, participants completed the remaining questionnaires (i.e., IUS,
FPQ-III, and BIS/BAS) and reported their level of fatigue once more. The
mean duration of the full task, including the questionnaires, was 35 min.
All the instructions given during the experimental task are reported in
Supplementary Note 3.

2.6. Statistical analyses

We conducted all the statistical analyses using the R (version R4.5.1;
R Core Team, 2020). For the behavioral analyses, we used both fre-
quentist and Bayesian approaches to provide a more comprehensive and
robust assessment of the evidence. Where appropriate, we used
non-parametric tests and controlled for multiple comparisons using the
Holm correction. Significant overall effects were followed by pairwise
comparisons with Holm-adjusted p-values.

We used computational models to characterize the behavioral data
collected during the task (e.g., choices and outcomes) into mathematical
parameters that can be interpreted as model-based estimates of cogni-
tive latent processes (e.g., learning rates — how fast participants learn —
or sensitivity — reactivity to outcomes), without assuming that these
patterns necessarily reflect deliberate or explicit cognitive computa-
tions. To do so, models were fitted using the hBayesDM package in R
(Ahn et al., 2017). We fitted these five models for each group and each
block separately: (1) Bandit 4arm 4par, (2) Bandit 4arm 2par Lapse, (3)
Bandit 4arm Lapse, (4) Bandit4arm Lapse Decay, and (5) Bandit4arm
SingleA Lapse (see Table 1 for model specification). Each model was
estimated using 3 chains for each model with 1000 warm-ups and 5000
iterations per chain. Next, we selected the best model using the
leave-one-out information criterion (LOOIC; Vehtari et al., 2016); the
model having the lowest LOOIC was selected as the best-fitting model.
Convergence of the selected model was assessed by examining the
Markov Chain Monte Carlo (MCMC), with well-mixed chains fluctuating
around a stable mean ("hairy caterpillars”) taken as evidence of good
convergence. Differences in relevant model parameters across blocks
and groups were evaluated by calculating the posterior distributions of
the corresponding contrasts and comparing their 95% highest density
interval (HDI) to the region of practical equivalence (ROPE). A differ-
ence was considered meaningful when the HDI fell entirely outside the
ROPE, practically equivalent to zero when it fell entirely within it, and
inconclusive when the two overlapped only partially (Kruschke, 2011).

Outputs from the selected computational model were used to test our
hypotheses and answer our research questions. We modified the selected

B
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Fig. 1. (A) Example of a trial. (B) Probabilities for blocks 1 and 2.
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Table 1
Model specification.

Model Parameters

Reward learning rate?; Punishment learning rate®; Reward

sensitivity®; Punishment sensitivityd

Bandit 4arm 2par Reward learning rate?; Punishment learning rate®: Lapse
Lapse rate®

Bandit 4arm Lapse Reward learning rate?®; Punishment learning rate®; Reward

sensitivity®; Punishment sensitivity‘; Lapse rate®

Bandit 4arm Lapse Reward learning rate®; Punishment learning rate®; Reward
Decay sensitivity®; Punishment sensitivity?; Lapse rate®; Decay rate’

Bandit 4arm SingleA  Learning rate®; Reward sensitivity®; Punishment sensitivity®;
Lapse Lapse rate®

Bandit 4arm 4par

Note. ® The reward learning rate (0 < Ay, < 1) and ® the punishment learning
rate (0 < Apun < 1), indicate how individuals update their estimated value for a
given option after receiving a reward or a punishment, respectively.® The reward
sensitivity parameter shows the reactivity of participants to the reward (0 <
R < 30), in other words, how much they appreciated and anticipated the reward.
4 The punishment sensitivity points out participants' reactivity to punishment
and how much they disliked and anticipated it (0 < P < 30). € The lapse rate
demonstrates the randomness in participants' choices (0 < & < 1). { The decay
rate reflects the forgetfulness for unchosen options (0 < d < 1). & Finally, the
learning rate represents the learning rates for reward and punishment together
OD<A<.

model to extract the action value (i.e., the value for a given option based
on the interaction with the task) on every trial for each participant,
enabling the estimation of both exploration and exploitation at each
trial. To estimate the action value of each option at each trial, the
computational model considered both reward and pain-related out-
comes received on previous trials, as well as model parameters for each
participant (e.g., reward sensitivity). In this experiment, exploitation did
not necessarily correspond to selecting the option associated with the
highest reward, but rather to selecting the option with the highest
subjective action value for that individual at trial t (Cohen et al., 2007;
Mehlhorn et al., 2015). For example, an option associated with lower
probability of reward and lower probability of pain-related outcome
may be considered the exploitative choice if, based on the individual's
learning history and model parameters, it has the highest estimated
action value. Exploration was defined as selecting any alternative
option.

The action value Q for bandit i at trial t was derived from the
computational model as follows (Ahn et al., 2017; Aylward et al., 2019):

ish:
Qt(i) = Qi(ei‘;vard + Qf(];‘)nls ment "

The action value for reward and punishment are estimated
separately.

reward reward PR reward ~ punishment
t(i‘;v = t(i‘;v + Areward * Prediction Error,; Q‘@

= Q) shment | A umishment * Prediction Error f(‘i’)"iShme“‘ 2
Areward and Apunishment are the learning rates for reward and pun-
ishment, respectively.
If i = chosen 3)

Prediction Error{(e,.‘;‘”’rd = Rx Reward, — Q{i‘i’?ir)d

punishment

Prediction Erroryy' ishment _ p, Punishment, — Q1)

If i = unchosen
Prediction Errorj** = —Q[*}

PR punishment __ punishment
Prediction Errorg; = - QX

R represents the reward sensitivity and P the punishment sensitivity.
Reward, = 1 if a reward was delivered at trial t, and O otherwise. The
Punishment, is estimated similarly.

The choice probability is estimated by using the SoftMax learning
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rule and the lapse & (i.e., noise) to account for choice randomness.

p(choice = = i) = softmax(Qj) * (1 — &)+ % ®

exp ( {8_\;vard +Q:)<\:)r|ishment)
d punishment
Sy exp (QE™ + Q)
Here, j represents all the bandits.

softmax(Q;,) =

For the unchosen options, the action value is updated using the decay
rate d.

Qi1) = (1 —d) * Q)if i = unchosen 5)

To assess whether participants learned the contingency in each
block, we calculated a difference score between the number of times
they selected the two most favorable options and the two least favorable
options. A difference score equal to or below zero indicated that par-
ticipants either failed to learn the contingency or responded randomly.

Testing the first hypothesis (i.e., higher levels of exploration during
the first block are associated with better performance during block 2),
we conducted a multiple linear regression with the exploration fre-
quency in block 1 and group as predictors and the number of rewards in
the second block as the outcome variable.

To test our second hypothesis (i.e., individuals with chronic pain
would exhibit more exploitative behavior and higher learning and
sensitivity rates for punishments) and test the differences between
groups, we conducted a series of between-group analyses. We examined
the behavioral performance using pairwise independent-samples t-tests
comparing the three groups. More specifically, we compared the
following variables: the number of rewards and number of punishments
received, the proportion of switches after receiving a reward, the pro-
portion of switches after a punishment, the proportion of switches after a
punishment and a reward, and the proportion of switches after no
outcome.

We conducted the switch-no-switch analyses using a mixed ANOVA
with the switch-no-switch (i.e., switch was selecting a different option
than on the previous trial and no-switch was selecting the same option as
on the previous trial) and the block as within-subjects factors and group
as between-subjects factor.

We performed the exploration-exploitation analyses using a mixed
ANOVA with exploration-exploitation factor and block as within-
subjects factors, and group as between-subjects factor.

We also conducted a mixed-effects logistic regression testing the
influence of reward, punishment, choice perseveration (i.e., the ten-
dency to select the same option independently of the outcome), and
group on the decision to explore or exploit at a trial-by-trial level. A
participant-specific random intercept was included to account for the
repeated-measures structure of the data (following Seymour et al.
(2012); see Supplementary Note 4 for more details). The punishment
and reward bias represents the probability of selecting an option again
in the next trial if participants encountered punishment and reward
when selecting it in the recent past (i.e., five preceding trials).

To investigate associations between individual difference (i.e.,
intolerance of uncertainty, fear of pain, and behavioral activation/in-
hibition systems) and model parameters, and whether these associations
differed across groups, we conducted exploratory regression analyses.
Each regression included group, a questionnaire score, and their inter-
action as predictors. To avoid multicollinearity from simultaneously
including total and subscale scores from the same questionnaire, we
fitted two alternative models for each outcome-questionnaire combi-
nation. One included the total score and its interaction with group, the
other included the subscale scores and their interactions with group.
These alternative models were compared using the Akaike Information
Criterion (AIC), and the model with the lower AIC was selected.

We also conducted a multiple linear regression analysis using a
stepwise forward and backward variable selection strategy to identify
which factors impacted the optimal-choice performance (i.e., the
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number of times participants selected the most favorable option during
the second block). We included the following predictors: cognitive
processes derived from the model parameters (i.e., reward learning rate,
punishment learning rate, reward sensitivity, punishment sensitivity,
decay rate, and lapse rate), grade on the Von Korff Pain Grading Scale,
exploration frequency in block 1, group, and the pain score at the
moment.

A note of caution is warranted. These analyses were largely explor-
atory, and the relatively small sample size in the pain-free group means
the results should be interpreted with care, despite the use of conser-
vative analytical choices (e.g., non-parametric and correction for mul-
tiple comparisons).

3. Results
3.1. Computational analyses

The model comparison analyses reveal that the best model fit of the
data in all the groups and blocks was the Bandit4arm Lapse Decay
(Table S6 in the Supplementary Material). This model has been the
winning model in our previous studies as well (Alves, 2024; Krypotos
et al., 2022). The Bandit4arm Lapse Decay model has six parameters.
First, the reward learning rate (0 < Ay < 1) indicates how individuals
update their behavior after receiving a reward; high values imply that
more importance is given to recent outcomes, and small values indicate
that more importance is given to past outcomes. Second, the punishment
learning rate (0 < Apy, < 1) reflects how individuals adjust their
behavior following a punishment. Third, the reward sensitivity param-
eter shows the reactivity and appreciation of participants to the reward
(0 < R < 30). Fourth, the punishment sensitivity illustrates participants'
reactivity and aversion to punishment (0 < P < 30). Fifth, the decay rate
reports the tendency to forget unchosen options (0 < d < 1). Finally, the
lapse rate demonstrates the randomness in participants' choices (0 <
E<D.

Visual inspection of the MCMC indicated satisfactory convergence
(Fig. S2-54 in the Supplementary Material). However, for some groups,
the estimates of the lapse rate and/or punishment learning rate were
concentrated near the boundaries of their permitted ranges, which may
suggest restricted variability of these parameters.

In general, the results for all groups show low reward and high
punishment learning rates (Table 2, Figs. 2-4). The sensitivity for
reward is low but higher than the sensitivity for the punishment
(Table 2, Figs. 2-4). Finally, the results indicate low lapse rates (Table 2,
Figs. 2-4). The results indicated either no practically meaningful dif-
ferences or inconclusive evidence for differences in model parameters
between blocks across all groups (Fig. S5-S7 in Supplementary Material
4). Contrary to our expectations, the results did not provide practically
meaningful evidence that participants in the pain groups showed greater
sensitivity to punishment than participants in the pain-free group
(Fig. S8-S13 in Supplementary Material 4). However, in block 1, the
moderate-to-severe pain group showed a higher decay rate than the low-
pain group, which may suggest faster forgetting of the values associated
with unchosen options. All remaining between-group comparisons were

Table 2
Parameter estimates (means and standard deviations).
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inconclusive or not practically meaningful (Fig. S5-S13).

3.2. Descriptive analyses

All groups consistently rated the pictures as painful and arousing at
the beginning and end of the experiment. Participants from the pain-free
and pain groups expressed that the presented pictures were unpleasant
and that they did not appreciate encountering them during the task. The
reward appreciation and pleasantness were moderate in all groups
(Table 3).

Four participants failed to learn the choice-outcome contingency
during block 1 but did learn it in block 2. Eleven participants did not
learn the choice-outcome contingency at all (neither in block 1 nor in
block 2). Few participants learned the choice-outcome contingency
change during block 2 (58 out of 197; 29.44%). Among those who
learned the contingency in block 2, 11 belonged to the pain-free group
(35.48% of the pain-free group) and 47 belonged to the pain groups
(28.31% of the pain groups). Of these, 22 were in the moderate-to-severe
pain group (30.56% of that group) and 25 were in the low-pain group
(26.60% of that group).

3.3. Predictive performance analyses

The results show that the overall regression analysis is statistically
significant (F(3,193) = 3.70, p = .01) and explains a relatively small
proportion of variance in rewards obtained (R? adj. = -04), suggesting
that other unmeasured factors likely play a substantial role. A higher
exploration frequency during block 1 significantly predicted a higher
number of rewards during block 2 (b = 0.07, pag;. = .004, 95% CI [0.03,
0.11], BFy9 = 21.4). There was no overall evidence for the effect of the
group in predicting the number of rewards, F(2, 193) = 0.90, p = .408,
BF;p = 0.14. Neither the moderate-to-severe group (b = —0.14,
Dadj. = -872, 95% CI [-1.83, 1.55]) nor the low-pain group (b = 0.68,
Dadj. = -829, 95% CI [-0.96, 2.31]) differed significantly from the pain-
free group. Collectively, these findings suggest that more exploratory
behavior predicts better subsequent performance in terms of rewards
obtained, whereas pain severity did not influence task performance.

3.4. Behavioral performance analyses

The number of rewards received differed across the three groups
(Kruskal-Wallis )(2(2) = 11.37, p = .003). Dunn post-hoc comparisons
showed that this effect was driven by a difference between the low-pain
group (M = 83.71, SD = 6.30) and the moderate-to-severe pain group
(M = 80.85, SD = 5.53), z = —3.19, pqgj. = .004, BF1o = 11.93, with the
low-pain group obtaining more rewards. The pain-free group
(M = 81.94, SD = 5.50) did not differ significantly from either the low-
pain group, z = 2.09, pggj. = .073, BFp = 0.517, or the moderate-to-
severe pain group, z = —0.31, pagj. = .758, BF1o = 0.325. The number
of punishments also differed across groups (F(2, 194) = 3.61, p =.029),
again driven by the contrast between the low-pain group (M = 49.45,
SD = 9.11) and the moderate-to-severe pain group (M = 53.04,
SD = 8.06), z = —3.60, pag;. = .033, BF1p = 4.13, the moderate-to-severe

Low-pain group

Moderate-to-severe pain group

Pain-free group

Block 1 Block 2 Block 1 Block 2 Block 1 Block 2
0<Arew<1 0.17 + 0.04 0.16 + 0.04 0.24 + 0.06 0.25 + 0.05 0.18 + 0.05 0.29 + 0.08
0<Apm<1 0.80 + 0.07 0.90 + 0.06 0.74 + 0.10 0.96 + 0.03 0.45 + 0.10 0.69 + 0.18
0<R<30 4.74 + 0.69 6.53 + 0.87 3.87 £ 0.72 4.69 + 0.51 412 +£0.71 4.20 + 1.07
0<P<30 0.98 £ 0.19 0.74 £ 0.19 1.31 £ 0.31 0.77 £ 0.21 1.73 £ 0.57 0.53 £ 0.29
0<d<1 0.21 + 0.04 0.43 + 0.08 0.50 + 0.06 0.67 + 0.07 0.22 + 0.06 0.54 + 0.11
0<é<l 0.003 + 0.003 0.005 + 0.003 0.10 + 0.03 0.03 + 0.02 0.02 + 0.02 0.01 + 0.01

Note. Arew: reward learning rate; Apun: punishment learning rate; R: reward sensitivity; P: punishment sensitivity; d: decay rate; &: lapse rate.
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Fig. 2. Posterior distribution plots for the model parameters for the pain-free group.
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Fig. 3. Posterior distribution plots for the model parameters for the low-pain group.
The pain-free group group, z = —3.397, pugi. = .156, BF1p = .928. Together, these results
indicate that behavioral performance varied with pain severity: the low-

pain group receiving more punishments.
pain group performed best (i.e., most rewards and fewest punishments)

(M = 49.65, SD = 10.20) did not differ from the low-pain group,
z = 0.198, pygi. = .915, BF1o = 0.218, or the moderate-to-severe pain
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Fig. 4. Posterior distribution plots for the model parameters for the moderate-to-severe pain group.

Table 3
Evaluation of the stimuli.

Pain-free group

Low-pain group

Moderate-to-severe pain group

Before After Before After Before After
Painfulness of the picture 9.04 + 1.39 9.09 + 1.12 8.37 + 2.04 8.15 + 2.32 8.75 £ 1.47 8.46 + 2.14
Arousal of the picture 8.65 + 1.93 8.61 + 1.66 7.62 + 2.59 7.55 + 2.69 7.91 + 2.36 7.50 + 2.96
Pleasantness of the picture 2.49 + 3.12 2.83 +3.17 2.84 + 3.29
Appreciation of the picture 3.06 + 2.72 2.40 +1.80 2.63 + 2.25
Pleasantness of the reward 4.69 + 3.97 5.73 £ 3.35 5.55 + 3.61
Appreciation of the reward 4.19 + 4.60 3.85 + 4.40 4.06 + 4.50

compared to the moderate-to-severe pain group, with the pain-free
group falling in between.

The proportion of switches also varied with pain severity across all
four outcome types. Switches were more frequent in one group than
another after no outcome (F(2, 194) = 4.35, p = .014), after punishment
(F(2,194) = 3.90, p = .022), after simultaneous punishment and reward
(F(2, 194) = 3.43, p = .034), and after reward (F(2, 194) = 5.63,
p = .004). In each case the effect was driven by the difference between
low and moderate-to-severe pain groups, with the moderate-to-severe
pain group switching more; the only contrast reaching significance
after correction was switches after reward (pqgj. = .042, BF1o = 29.166).
All the remaining contrasts were non-significant (all p.q. > .147,
priobetween 0.218 and 6.735; Table S7).

In general, participants from all groups switched more after
receiving the punishment compared to the rewards (switches after
punishment: M = 0.78, SD = 0.21; switches after a reward: M = 0.47
(SD = 0.34), t(333) = —11.0, pagj. < .001, BF1o > 1000; the reward and
punishment together (switches after reward and punishment: M = 0.59,
SD = 0.31, t(351) = 6.92, pagj. < .001, BF1o > 1000; or no outcome at all
(switches after no outcome: M = 0.64, SD = 0.26, t(378) = 5.62, pagj. <
.001, BF;o > 1000.

Taken together, these analyses show that pain severity was associ-
ated with task performance: the low-pain group obtained more rewards,

fewer punishments, and switched less frequently, compared to the
moderate-to-severe pain group. The pain-free group consistently fell
between the two without differing significantly from either. Generally,
participants tended to select the same option more often after receiving
a reward than after receiving a punishment alone or with the reward,
suggesting the urge to avoid pain-related pictures.

3.5. Switch and no-switch analyses

The mixed ANOVA revealed a significant main effect of the switch-
no-switch factor, F(1, 194) = 140.26, p < .001, and a significant main
effect of block, F(1, 194) = 38.98, p < .001, whereas the main effect of
group was not significant, F(2,194) = 2.11, p = .124. The block x switch
interaction was significant, F(1, 194) = 4.66, p = .032: post-hoc com-
parisons showed that participants switched more than they stayed in
both blocks, but this gap was larger in block 1 (b = —25.60, t
(776) = —16.36, pag. < -001, BFyy = 8.74e+31) than in block 2
(b = —21.44, (776) = —13.71, pug. < .001; BFyo = 7.35e+13).

The group x switch-no-switch interaction was also significant, F(2,
194) = 5.31, p = .006. Post-hoc comparisons indicated that this effect
was driven by the low-pain versus moderate-to-severe pain group
contrast: the two groups differed both in their number of no-switches
(b = 6.56, t(776) = 4.26, pag;. < .001, BFo = 30.325) and switches
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(b= —6.13, t(776) = —3.97, pug;. < .001, BF;o = 16.630), whereas pain-
free group did not differ significantly from either group (all pag;. > .07;
Table S8).

The remaining interactions did not reach significance: the
group x block interaction, F(2, 194) = 1.30, p = .276, the group x block
x switch-no-switch interaction, F(2, 194) = 0.57, p = .564.

To summarize, our findings indicate that participants initially
switched more between options than they selected the same option in
the previous trial. During the second block, the number of switches
decreased. Switching behavior also varied with pain severity: the low-
pain and moderate-to-severe pain groups differed in both their switch
and no-switch counts, whereas the pain-free group did not differ
significantly from either.

3.6. Exploration-exploitation analyses

We analyzed the exploration rate using an Aligned Rank Transform
(ART) factorial ANOVA, with group and block as factors and a by-
participant random intercept. There was a significant main effect of
block, F(1, 194) = 126.92, p < .001. The main effect of group was not
significant, F(2, 194) = 1.36, p = .258. The group x block interaction did
not reach significance, F(2, 194) = 2.92, p = .056, indicating only a
trend toward group differences in how exploration changed across
blocks.

The aligned-rank-transform interaction comparisons showed that
exploration declined significantly from block 1 to block 2 within every
group (low-pain: t(194) = 6.76, p < .001; moderate-to-severe pain: t
(194) = 9.99, p < .001; pain-free: t(194) = 5.26, p < .001). Between-
group differences were present in the first block only: the low-pain
group explored significantly less than the moderate-to-severe group in
block 1 (#(284) = —2.97, pag;. = .023, BF1o = 16.144), whereas no group
differences remained in block 2 (all pag;. = 1.00; Table S9). The pain-free
group did not differ significantly from either pain group within a given
block (all pggj. > 0.24; Table S9).

These results suggest no difference between the amount of explora-
tion and exploitation during the first block, indicating no difference
between the number of times participants selected the option with the
highest action value and the number of times they explored other op-
tions (Fig. 5). During the second block, however, participants mainly
selected the best option based on their interaction with the task (i.e.,
exploitation) but they maintained a certain level of exploration (Fig. 3).
Furthermore, the results indicated only a difference between the low-
pain group and the moderate-to-severe pain group during the first block.
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Fig. 5. Frequency of exploration and exploitation per trial.
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3.7. Logistic regression

Our results indicate that when keeping all other predictors constant,
there was a 2.9% reduction in the odds of exploration for one increased
unit of the reward weight, implying that individuals who exhibit a
stronger bias towards rewards are more likely to exploit forthcoming
trials if the previous trials have been rewarding (b = -0.030, pag;. < .001,
95% CI [-0.036, -0.024]). After applying the Holm correction to the p-
value, results show no impact of the punishment weight on the odds of
exploitation (b = -0.002, psgj. = .951). The odds of exploration were
decreased by 62.5 % for each unit increase of the choice perseveration
(OR = 0.375). Participants who tended to choose the same option
regardless of the outcomes were more likely to exploit in the subsequent
trial (b = -0.982, pag;. < .001, 95% CI [-1.027, -0.937]). Group as a whole
impacted the balance between exploration and exploitation at a trial-by-
trial level (3%(2) = 14.570, p = .0006). Holm-corrected pairwise com-
parisons showed that this effect was driven by a difference between the
two pain groups: the odds of exploration were decreased by 28.97% in
the low-pain group compared to the moderate-to-severe pain group
(b = -0.342, pygi. = .0005). The pain-free group did not differ from the
low-pain group (b = 0.086, pgg. = .475), nor from the moderate-to-
severe pain group in terms of odds of exploration (b = -0.256,
Padj. = .077).

In sum, at a trial-by-trial level, the weight for reward increased the
odds for exploitation, while the weight for punishment did not impact
the odds of exploitation after the Holm correction. Nevertheless, par-
ticipants who tended to select the same option independently of the
outcomes are more likely to exploit. With respect to group differences,
results show a decrease in the odds of exploitation for the moderate-to-
severe pain group compared to the low-pain group, but no significant
difference between either pain group and the pain-free group.

3.8. Associations between model parameters and individual differences by
group

Full results for the association between model parameters (i.e.,
reward learning rate, punishment learning rate, reward sensitivity,
punishment sensitivity, decay rate and lapse rate), individual differences
(i.e., intolerance of uncertainty, fear of pain, and behavioral activation/
inhibition systems) and group (i.e., pain-free, low-pain and moderate-to-
severe pain groups) are reported in the Supplementary Material 5
(Table S10-S13). After applying the Holm correction for multiple
comparisons, the analyses revealed the following significant effects.

For punishment learning rate, pairwise comparisons showed a
graded pattern across all models: lowest in the pain-free group
(M = 0.568, SD = 0.01), higher in the low-pain group (M = 0.842,
SD = 0.004), and highest in the moderate-to-severe pain group
(M = 0.846, SD = 0.004; all padj. < .001 see Table S11-S13). In the
behavioral activation/inhibition systems model, there was also a sig-
nificant main effect of behavioral activation drive score on punishment
learning rate, F(1, 182) = 9.10, pggi. = .020, and a significant group x

behavioral activation drive score interaction, F(2, 182) = 7.41,
Dagj. = -006. Higher drive was associated with lower punishment
learning rate in the pain-free group only (vs. low-pain: b = —0.002,

Padgj. = -001, 95% CI [-0.004, —0.001]; vs. moderate-to-severe pain:
b = -0.002, pagj. = .002, 95% CI [-0.004, —0.001]), with no association
in the other groups. As behavioral activation drive reflects persistent
goal pursuit, motivation, and ambition, these findings suggest that in-
dividuals without pain who report higher goal-directed drive may show
reduced learning from punishment.

For reward sensitivity, the low-pain group (M = 5.635, SD = 1.195)
scored higher than both the pain-free group (M = 4.164, SD = 0.908, all
DPagi. < .022) and the moderate-to-severe pain group (M = 4.280,
SD = 0.746, pqgj. < .001) across all three models; the pain-free and
moderate-to-severe pain groups did not differ.

For decay rate, the moderate-to-severe pain group (M = 0.585,
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SD = 0.108) scored higher than both the pain-free group (M = 0.381,
SD = 0.180, pggj < .008) and the low-pain group (M = 0.322,
SD = 0.127, pag;. < .001) across all three models; the pain-free and low-
pain groups did not differ.

For lapse rate, all three groups differed significantly from one
another across models (all pggi. < .001), lowest in the low-pain group
(MD = 0.004, SD = 0.003), intermediate in the pain-free group
(MD = 0.013, SD = 0.013), and highest in the moderate-to-severe pain
group (MD = 0.062, SD = 0.043). In the behavioral activation/inhibi-
tion systems model, a significant group x behavioral activation total
score interaction also emerged, F(2, 188) = 4.73, pog;. = .040. Pairwise
comparisons showed that higher behavioral activation predicted lower
lapse rate only in the moderate-to-severe pain group suggesting greater
approach motivation may relate to fewer inconsistent choices specif-
ically in this group.

Overall, these exploratory analyses showed consistent group differ-
ences in punishment learning rate, reward sensitivity, decay rate, and
lapse rate, suggesting that pain severity was associated with differences
in how participants learned from negative outcomes, responded to re-
wards, updated unchosen options, and made inconsistent choices. In
addition, group moderated specific associations between behavioral
activation and model parameters. More specifically, higher behavioral
activation drive was associated with lower punishment learning rate
only in participants without pain, whereas higher behavioral activation
total score was associated with lower lapse rate only in the moderate-to-
severe pain group. All other associations between individual differences
and model parameters were non-significant after correction for multiple
comparisons.

3.9. Multilinear regression analysis

The stepwise regression shows that the most optimal model to pre-
dict behavioral performance during block 2 includes the following fac-
tors: exploration frequency during block 1 (b = 0.43, pagj. = .019, 95% CI
[0.16, 0.71]), the behavioral activation score (b = —0.48, pqqj. = .121,
95% CI [—0.87, —0.08]), group (moderate-to-severe pain vs. pain-free
group: b = 24.88, pugj. = .287, 95% CI [-10.77, 60.54]; low-pain vs.
pain-free group: b = —9.67, pagj. = .187, 95% CI [-18.46, —0.89]), the
reward learning rate (b = 10.57, pqqj. = .220, 95% CI [-0.23, 21.37]),
reward sensitivity (b = 1.04, pag;. = .287, 95% CI [-0.19, 2.27]), the
decay rate (b = 19.96, pqqj. = .010, 95% CI [8.07, 31.86]), and the lapse
rate (b = —527.71, pqgj. = .287, 95% CI [-1171.84, 116.43]).

The overall model was significant and explained a modest proportion
of the variance in performance (Rgdj, =.16, F(8,188) = 5.82,p < .001),
meaning that each parameter composing the model presented here
contributed to obtaining the most optimal fit. However, not all the
predictors significantly impacted behavioral performance once the
Holm correction was applied. Two predictors remained significant:
exploration frequency during the first block and the decay rate. Indeed,
participants exploring more during the first block tended to perform
better during the second block and hence selected more options that
were most beneficial. Likewise, a higher decay rate was associated with
better performance, suggesting that participants who more readily
forgot the value of unchosen options achieved better outcomes.

4. Discussion

In this experiment, we aimed to investigate the impact of exploration
during the EED in a pain-free group and groups of individuals reporting
chronic pain. To do so, we designed the experiment such that choice-
outcome contingency change could only be discovered after self-
initiated exploration. The results can be readily summarized as fol-
lows: First and as predicted, initial high exploration was a predictor for
better behavioral performance later on, despite the low number of
participants how discovered the contingency change. This suggests that
early exploratory behavior may have facilitated later adaptation to the
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changed environment.

Second, we found some group differences in behavioral performance.
The low-pain group obtained more rewards, received fewer punish-
ments, and switched less frequently between options compared to the
moderate-to-severe pain group. The low-pain group also explored less
than the moderate-to-severe pain group during the first block. In addi-
tion, group differences emerged at the trial-by-trial level, with the
moderate-to-severe pain group showing lower odds of exploitation than
the low-pain group. In terms of computational modeling, the ROPE
analyses revealed a difference in decay rate between the low-pain and
moderate-to-severe pain groups for block 1 only. However, the explor-
atory regression analyses showed that groups differed in punishment
learning rate, reward sensitivity, decay rate, and lapse rate. Punishment
learning rate and lapse rate differed across all three groups, reward
sensitivity was highest in the low-pain group, and decay rate was highest
in the moderate-to-severe pain group. Finally, individual differences
showed selective associations with model parameters. Behavioral acti-
vation moderated specific associations with punishment learning rate
and lapse rate. Higher behavioral activation drive was associated with
lower punishment learning rate only among participants without pain,
whereas higher behavioral activation total score was associated with
lower lapse rate only among participants in the moderate-to-severe pain
group.

As expected, high initial exploration predicted better task perfor-
mance in terms of selecting options that led to the highest chances of
receiving a reward. In addition to the exploration frequency, the decay
rate also predicted better task performance afterward. In other words,
participants forgetting more or at a faster pace about unreinforced op-
tions would tend to approach these options later on. These findings
suggest that exploration and a certain level of forgetfulness of unchosen
options are required to discover environmental changes (e.g., reduction
of aversive outcomes or increase of attractive outcomes) and hence for
the extinction of avoidance behaviors that are commonly observed in
individuals with chronic pain. Avoidance can be adaptive in the pres-
ence of genuine threats but becomes dysfunctional when it prevents
engagement in non-harmful activities (Vlaeyen & Crombez, 2020).
However, exploration alone may not be sufficient for optimal perfor-
mance. Individuals with moderate-to-severe pain explored more than
those with low-pain during the first block, yet they obtained fewer re-
wards and encountered more pain-related pictures. This suggests that
adaptive behavior depends on a flexible balance between exploration
and exploitation: individuals need to explore enough to detect changes
in the environment, but also to exploit beneficial options once they have
been identified. Therefore, encouraging exploration may lead to
avoidance extinction by enabling individuals to learn that previously
avoided situations are not always harmful and may even become
rewarding, but this process likely requires flexible adjustment between
exploration and exploitation.

Exploratory behavior represents a strategic investment in informa-
tion acquisition despite uncertain immediate returns, as it guarantees
knowledge acquisition while offering no assurance regarding outcome
quality. Exploration becomes increasingly advantageous under
extended time horizons that permit leveraging newly acquired infor-
mation, heightened environmental uncertainty regarding available op-
tions, and the introduction of novel alternatives requiring assessment
(Addicott et al., 2017; Cohen et al., 2007; Kembro et al., 2019).
Conversely, exploitation strategies prove superior when decisions carry
high immediate stakes or when information can be obtained indepen-
dently of choice behavior (Cohen et al., 2007), thereby diminishing the
instrumental value of exploratory sampling for future decision-making,
such as in acute pain episodes. Therefore, the optimal balance between
exploration and exploitation is context dependent.

Our findings are partially consistent with previous computational
modeling studies of decision-making in chronic pain without pain-
related cues. In line with Zhang et al. (2022), who reported no differ-
ence in the overall performance between a chronic pain group and a
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control group, the pain-free group in the present study did not consis-
tently differ from either pain-severity group. However, differences
emerged between the low-pain and moderate-to-severe pain groups.
Participants with moderate-to-severe pain obtained fewer rewards,
received more pain-related pictures, switched more frequently, and
showed lower odds of exploitation than participants with low pain.
Although the moderate-to-severe pain group showed more exploratory
responses, this pattern did not translate into better performance. Rather,
it may reflect a less efficient balance between exploration and exploi-
tation, together with greater randomness in choice behavior, as indi-
cated by the elevated lapse rate observed in the moderate-to-severe pain
group.

This interpretation is consistent with findings from Zhang et al.
(2022) and Hess et al. (2014), who found that individuals with
chronic pain showed less strategic decision-making, often selecting less
optimal options. These studies also reported higher reward and pun-
ishment learning rates, together with greater reward sensitivity, in in-
dividuals with chronic pain compared with healthy controls. The present
results showed that groups differed in punishment learning rate, reward
sensitivity, decay rate, and lapse rate. In particular, punishment learning
rate and lapse rate increased with pain severity, while decay rate was
highest in the moderate-to-severe pain group. This suggests that in-
dividuals with higher pain severity may update more strongly from
negative outcomes, discount unchosen options more rapidly, and show
greater inconsistency in their choices. This pattern may suggest that
moderate-to-severe pain is associated with unstable or inefficient
exploration: participants may continue sampling alternatives, but
without effectively using the information gained to maximize rewards
and avoid pain-related outcomes. Nevertheless, approach motivation
appeared to play a protective role in the moderate-to-severe pain group,
as higher behavioral activation was associated with more consistent
choice behavior.

Our results reveal a dissociation between motivational salience and
learning efficiency, wherein participants demonstrated heightened
reward sensitivity coupled with accelerated learning rates for punish-
ment. This asymmetry suggests that while positive reinforcement drives
behavioral motivation, aversive experiences produce more rapid belief
updating, a pattern consistent with evolutionary theories emphasizing
the adaptive value of rapid threat learning over gradual reward opti-
mization (Lin et al., 2020; Rasmussen & Newland, 2008).

Despite these strengths, this study also has limitations. The first
limitation is that the experiment was conducted online, reducing control
over the conditions in which participants completed the task. The sec-
ond limitation is the sampling bias that might have occurred by
recruiting participants via Prolific. Even though Prolific provides a
diverse worldwide sample, the participants are often young and tech-
nologically literate, which might not be representative of the population
of individuals with chronic disabling pain, which tends to be older and
less educated (Dahlhamer et al., 2018). Furthermore, most participants
had low-pain and low disability scores; future studies should recruit a
more diverse sample in terms of pain severity. Lastly, we used
pain-related pictures to study pain-related responses instead of noxious
stimuli.

The present findings may have several practical implications for
future research and, more broadly, for the assessment of pain-related
avoidance. First, the reinforcement-learning approach used here al-
lows exploration, exploitation, and avoidance-related behavior to be
examined as dynamic patterns of choices shaped by previous outcomes,
rather than as the mere presence or absence of a predefined avoidance
response. This approach may help identify when individuals persistently
select options associated with lower perceived threat or lower expected
pain, even when alternative options may be safe or potentially more
adaptive. In this sense, the task may contribute to characterizing indi-
vidual differences in rigid versus flexible avoidance behavior.

Second, the findings suggest that encouraging exploration may be
useful in chronic pain interventions, but that exploration alone may not
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be sufficient. Adaptive functioning may require helping individuals
flexibly balance exploration with exploitation, so that they can test
whether avoided situations are safe while also learning to rely on
beneficial actions once these have been identified. This distinction is
important because excessive or poorly regulated exploration may not
necessarily lead to better outcomes.

Third, although the present study was not designed to test inter-
vention strategies, future research could examine whether approaches
such as graded exposure, reductions in perceived threat or uncertainty,
or affective manipulations promote more flexible choice behavior in
pain-related contexts. Positive affect may be a particularly promising
avenue for increasing adaptive exploration (Fredrickson, 2001; Rowe
et al, 2007; Saragosa-Harris et al., 2022). Fredrickson's
broaden-and-build theory (Fredrickson & Branigan, 2005) holds that
positive affect broadens the behavioral and cognitive repertoire, loos-
ening the pull toward habitual, narrow responding — a process that
maps directly onto increased response variability and reduced exploi-
tation of familiar options. Positive mood states also appear to heighten
reward sensitivity and lower the threshold for approaching uncertain
alternatives (Craske et al., 2023), both of which are conducive to
exploration. Conversely, chronic pain is strongly associated with nega-
tive affect, which tends to promote behavioral rigidity and a preference
for the familiar over the uncertain (Zaman et al., 2021). Even modest
affective shifts could therefore indirectly widen the behavioral reper-
toire and facilitate exploration.
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