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ABSTRACT

BACKGROUND: Decision making in uncertain environments can lead to varied outcomes, and how we process those
outcomes may depend on our emotional state. Understanding how individuals interpret the sources of uncertainty is
crucial for understanding adaptive behavior and mental well-being. Uncertainty can be broadly categorized into 2
components: volatility and stochasticity. Volatility describes how quickly conditions change. Stochasticity, on the
other hand, refers to outcome randomness. We investigated how anxiety and apathy influenced people’s
perceptions of uncertainty and how uncertainty perception shaped explore-exploit decisions.

METHODS: Participants (N = 1001, nonclinical sample) completed a restless 3-armed bandit task that was analyzed
using both latent state and process models.

RESULTS: Individuals with anxiety perceived uncertainty as resulting more from volatility, leading to increased
exploration and learning rates, especially after reward omission. Conversely, individuals with apathy viewed uncer-
tainty as more stochastic, resulting in decreased exploration and learning rates. The perceived volatility to sto-
chasticity ratio mediated the anxiety-exploration relationship post adverse outcomes. Dimensionality reduction
showed exploration and uncertainty estimation to be distinct but related latent factors shaping a manifold of
adaptive behavior that is modulated by anxiety and apathy.

CONCLUSIONS: These findings reveal distinct computational mechanisms for how anxiety and apathy influence de-
cision making, providing a framework for understanding cognitive and affective processes in neuropsychiatric disorders.

https://doi.org/10.1016/j.bpsc.2025.01.005

Life presents unexpected challenges, and how individuals
interpret undesirable outcomes in uncertain environments
shapes their actions (1). Attributing changes to environmental
volatility (the speed at which the environment is changing) may
encourage exploration, while attributing them to chance (sto-
chasticity) may lead an individual to persist with existing
strategies (2).

This interpretation likely interacts bidirectionally with affec-
tive states. Viewing outcomes as stochastic may protect from
hurtful feedback but could lead to apathy and depression by
hindering adaptation. Perceiving outcomes as volatile may
motivate learning and uncertainty reduction but could increase
anxiety through exposure to more adverse experiences.

Reciprocally, how individuals perceive and respond to
environmental uncertainty can be influenced by underlying
affective states (3). Apathy, characterized by a lack of moti-
vation and goal-directed behavior (4,5), is an affective state
associated with imprecise beliefs about action outcomes (6)
and a tendency to persist with previous choices rather than
explore (7). These features are mechanistically linked: impre-
cise outcome beliefs increase uncertainty about new actions,
potentially leading individuals to choose familiar options. This
computational bias is self-reinforcing because reduced
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engagement limits action-outcome learning, and restricted
exploration prevents exposure to diverse outcomes. Building
on these observations, we hypothesize that apathetic in-
dividuals may perceive outcomes as primarily stochastic rather
than controllable, potentially perpetuating a cycle of reduced
exploration and helplessness (8).

In contrast, anxiety, marked by excessive worry and a
heightened perception of potential threats (9,10) and uncer-
tainty (11), may lead individuals to overestimate environmental
volatility. Consequently, individuals with anxiety could be
driven to seek new information to update their beliefs and
reduce uncertainty (12). However, research on the link between
anxiety and exploration has yielded mixed findings, with some
studies showing increased exploration to mitigate uncertainty
(13,14) and others showing reduced exploration to avoid un-
predictable feedback under high anxiety (15,16). Notably,
apathy and anxiety often coexist in clinical populations, such
as individuals with Alzheimer’s disease (17), Parkinson’s dis-
ease (18), and depression (19), despite these diseases having
distinct neural representations (20,21).

Building on these findings, we proposed 3 fundamental
questions to further elucidate the relationship between affec-
tive states and decision making under uncertainty. First, we

© 2025 Society of Biological Psychiatry. Published by Elsevier Inc. This is an open access article under the

CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

Biological Psychiatry: Cognitive Neuroscience and Neuroimaging September 2025; 10:954-963 www.sobp.org/BPCNNI

ISSN: 2451-9022


Delta:1_given name
Delta:1_surname
Delta:1_given name
Delta:1_surname
Delta:1_given name
https://doi.org/10.1016/j.bpsc.2025.01.005
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://www.sobp.org/BPCNNI

Opposing Uncertainty Responses in Anxiety Versus Apathy

aimed to investigate whether apathy and anxiety exhibit
distinct behavioral patterns when individuals are faced with
uncertain situations. Second, we sought to examine how in-
dividual differences in levels of apathy and anxiety are asso-
ciated with perceptions of different types of uncertainty,
specifically volatility and stochasticity.

We posited 2 competing hypotheses:

First, apathetic individuals manifest less exploration, while
individuals with anxiety engage in more exploration. Apathetic
individuals weigh stochasticity over volatility and explore less,
while individuals with anxiety overestimate volatility but explore
more to reduce their uncertainty. This result would be
consistent with previous findings suggesting that the 2 affec-
tive states have distinct neural substrates (20,22).

Second, both apathetic individuals and individuals with
anxiety engage in less exploratory behavior, but through
different computational mechanisms. Apathetic individuals
weigh stochasticity over volatility and explore less, while in-
dividuals with anxiety overestimate volatility, leading to a sense
that their actions cannot track or learn from the environment,
ultimately leading to exploitation. This may provide a compu-
tational account for learned helplessness (23) and the co-
occurrence of apathy and anxiety in various clinical pop-
ulations, such as individuals with Parkinson’s disease and
Alzheimer’s disease.

To address these questions, we recruited 1001 participants
from a nonclinical population with measures of anxiety and
apathy. Participants completed a restless 3-armed bandit task
(Figure 1A), a well-established paradigm for capturing adaptive
learning in volatile environments (24). We adopted a hidden
Markov model (HMM) to obtain the likelihood of individuals
switching between exploitation and exploration states (25,26).
To further investigate how volatility and stochasticity modulate
exploration, we utilized a Kalman filter (KF) model, which can
dissociate 2 distinct sources of noise, volatility (process noise
variance) and stochasticity (observation noise variance), during

inference (27). Our findings support the first hypothesis,
revealing distinct behavioral patterns and computational
mechanisms in apathetic individuals and individuals with
anxiety when faced with uncertainty.

METHODS AND MATERIALS

Ethics Approval

The experimental procedures of all experiments were consis-
tent with the standards set by the Declaration of Helsinki and
were approved by the local Research Ethics Committee of the
University of Minnesota, Twin Cities. Participants provided
written informed consent after the experimental procedure had
been fully explained and were reminded of their right to with-
draw at any time during the study.

Participants

Sample size was determined through a priori power analysis.
To detect correlations of r = 0.1 (typical for individual differ-
ences research; see Supplementary Text S1) with 80% power
at o = 0.05, we required a minimum sample of 782 participants.
We recruited 1500 participants to account for expected ex-
clusions based on previous large-sample online studies (7,15)
and our own pilot work, expecting to achieve a sample of
between 900 and 1100 participants, thus allowing for a buffer
above the minimum sample size. Our final sample of 1001
participants provided 98% power to detect a correlation of r =
0.1. We recruited a sample of 1512 participants (nonclinical
sample) via Prolific (Prolific Co.); exclusion criteria included a
current or history of neurological or psychiatric disorders.
Participants were excluded if they did not complete all ques-
tionnaires (8.57% of initial sample) or did not complete the
bandit task (30.22% of initial sample) (Table S1). A total of 1001
participants completed all questionnaires and the bandit task
(age range 18-54 years, mean [SD] = 28.446 [10.354] years;

Figure 1. Three-armed restless bandit task and
distinct behavioral patterns associated with apathy
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493 female). All participants were compensated for their time in
accordance with the minimum wage.

Questionnaire Measurement

Anxiety and apathy were assessed using the General Anxiety
Disorder Screener (28) and the Apathy Motivation Index (AMI)
(29), respectively. Higher scores indicate greater anxiety or
apathy. See Table S2 for details.

Three-Armed Restless Bandit Task

We assessed exploration-exploitation behavioral dynamics
using a 300-trial 3-armed restless bandit task (25) (Figure 1A).
Task parameter settings can be found in Supplementary
Method S1. We assessed performance by comparing the to-
tal number of rewarded trials to the number of rewarded trials
expected by chance. Of the 1001 participants, 985 accrued
more rewarded trials than would be expected by chance
(Figure 1B).

Model-Free Analyses

We defined a trial as a switch trial if the chosen option was
different from the last trial and as a stay trial if the choice was
the same as the last trial. We adopted some widely used
model-free measures, including win-stay and lose-shift (30,31),
as the direct measurement for this learning task.

p(switch) is calculated as the proportion of trials in which
participants selected a different option from their previous
choice. Win-stay is defined as the percentage of times that the
choice in trial t-1 was repeated on trial t following a reward. In
contrast, lose-shift equals the percentage of trials for which the
choice was shifted or changed when the outcome of trial t-1
was nonreward.

Model-free results can be found in Table S3.

Complementary Computational Approaches:
Process Model and Latent Space Model

To comprehensively characterize decision making under un-
certainty, we used 2 complementary computational ap-
proaches: a KF process model capturing the individual
differences in how to learn and process uncertainty and an
HMM revealing trial-by-trial differences in exploration and
exploitation across individuals. These models provide distinct
but complementary insights (for more details, see
Supplementary Text S2).

Hidden Markov Model

We fit an HMM to the behavior to decode the hidden state of
each trial for each participant. We fit the HMM via expectation-
maximization using the Baum-Welch algorithm and decoded
hidden states from observed choice sequences by the Viterbi
algorithm (32). From this analysis, we extracted 2 types of
measures. The first measure, p(explore), quantifies the overall
proportion of trials classified as exploratory states for each
participant. The second measure, the transition probabilities,
which characterize the temporal dynamics of state switching:
p(explore — explore), indicates the probability of maintaining an
exploratory state between consecutive trials, with higher
values reflecting more sustained exploration periods;
p(exploit — exploit) represents the probability of maintaining an

exploitative state, with higher values indicating more persistent
exploitation of chosen options. Model details are provided in
Supplementary Method S2. HMM results can be found in
Figure 2 and Table S4. For details on parameter recovery for
the HMM, see Supplementary Method S7.

KF Model

The KF model has been widely applied in psychology and
neuroscience to study various aspects of learning and decision
making (33,34). Details to explain the KF model are provided in
Supplementary Method S3.

Extended KF for Three-Armed Bandit Task

The KF model can be extended to capture the effects of both
volatility and stochasticity in a multiarmed bandit task (27,35).
In the current study, process noise variance (v) and observa-
tion noise variance (¢?) represent volatility and stochasticity,
respectively. A traditional assumption of the KF is that v and ¢
are constant.

Reward means update is as follows:

my = Me—1 + ke(Or — Me—1)

where m; is the estimated mean or value of the chosen arm at
trial t and Oy is the observed reward at trial t.

The mean update is driven by the prediction error, which is
the difference between the observed reward and the previous
estimate.

Kalman gain is defined as follows:

ke = Wi +v)/ (Weq + v + 0°)

Here, k: represents the Kalman gain or learning rate, which
adjusts the weight given to new information based on the
relative uncertainty of the prior estimate (w;-1) and the total
noise (v + ¢?). When the stochasticity (¢?) is high relative to the
volatility (v), the Kalman gain (learning rate) will be small, and
the model will rely more on its prior beliefs and less on the
observations. Conversely, when the volatility (v) is high relative
to the stochasticity (¢), the Kalman gain (learning rate) will be
large, and the model will update its beliefs more strongly based
on the observed rewards.
Variance update equation is as follows:

Wt = (1 — kt)(Wtf1 + V)

This equation updates the posterior variance (w;), which rep-
resents the estimate’s uncertainty after observing O.

Alternative Models

We also fitted our data with alternative models including vol-
atile KF model (Supplementary Method S4) and Rescorla-
Wagner model (Supplementary Method S5).

Model Fitting and Comparison

We employed hierarchical Bayesian inference (HBI) to fit
models to choice data (36) (for details, see Supplementary
Method S6). For model comparison, we used Bayesian
model selection (37), specifically employing the protected ex-
ceedance probability (PXP) to select the winning model. The
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Figure 2. Apathy and anxiety have opposing re-
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detailed results of our model comparison, including PXP and
Bayesian information criterion (BIC) values for all models, can
be found in Table S5.

Model Validation

We validated our modeling procedure using 2 approaches.
First, we assessed parameter recovery by refitting data simu-
lated from the winning model and comparing the resulting
parameter estimates to their ground truth. We simulated 50
agents’ choices and observations, repeating this process 50
times. Second, we tested the accuracy of the model predic-
tion. We calculated the correlation between behavioral output
predicted by model and real choices. The details for validation
analyses can be found in Supplementary Method S8 and
Figures S1 and S2.

Split-Half Reliability

To assess the split-half reliability of our task, we examined the
consistency of overall choices and model parameters from the
winning model between the first and second halves of trials.
Analyses details are provided in Supplementary Method S9
and Figure S3.

RESULTS
Apathy and Anxiety Predicted Distinct Exploratory
Behaviors

As expected, anxiety and apathy showed a significant positive
correlation (r = 0.35, p < 10~2%) (Figure 1C), which is consistent

with previous findings on their co-occurrence (17). We found
that apathy negatively predicted p(switch) (r= —0.16, p < .001)
regardless of feedback type (reward or no reward), while
anxiety positively correlated with p(switch) (r=0.13, p < .001).
Intriguingly, the relationship between anxiety and switch be-
haviors was greater after nonreward feedback (r = 0.16, p <
.001) compared with reward feedback (r = 0.07, p = .024) (their
difference, z score = 2.40, p = .01). Although coexisting in this
population, these 2 affective states predicted distinct switch
behaviors under uncertainty (Figure 1D). The stronger rela-
tionship between anxiety and p(switch) after undesirable
feedback indicates that highly anxious individuals are more
sensitive to negative feedback, which may lead them to
disengage.

Next, we fitted the behavior with an HMM to decode the
hidden states, explore and exploit (Figure 2A) (24,25,38,39).
Each arm is associated with a hidden reward probability that
randomly and independently changes throughout the task
(Figure 2A). We calculated the percentage of explore states,
i.e., p(explore). Consistently, apathy correlated negatively with
p(explore) (r = —0.16, p < .001) and the percentage of explo-
ration after reward omission [p(explore | 0) (r = —0.17, p <
.001)], while anxiety positively correlated with p(explore) (r =
0.11, p = .003) as well as p(explore | 0) (r = 0.13, p < .001)
(Figure 2C).

In addition to the overall frequency with which hidden states
occur, examining the transitions between these states can
further illuminate the dynamics of decision making. Therefore,
we investigated how apathy and anxiety manifest in the tran-
sition probability (Figure 2B) between explore and exploit. As
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predicted, apathy had a positive correlation with the transition
probability from explore to exploit (- = 0.13, p < .001) but a
negative correlation with the transition probability from exploit
to explore (r = —0.08, p = .011). In contrast, anxiety had a
negative correlation with the transition probability from explore
to exploit (r = —0.07, p = .035) but a positive correlation with
the transition probability from exploit to explore (r = 0.07, p <
.022) (Figure 2D). All significant results reported in the study
survived false discovery rate (FDR) (o < .05) correction.

Apathy and Anxiety Are Associated With Distinct
Computational Processes Underlying Exploration

Then we asked whether differing perceptions of the environ-
ment might explain the distinct patterns of exploration pre-
dicted by apathy and anxiety we observed.

To address this question, we utilized a KF model (Figure 3A),
which can dissociate sources of uncertainty into perceived
volatility and stochasticity (27). We also fitted the behavioral

Opposing Uncertainty Responses in Anxiety Versus Apathy

data to alternative models including volatile KF (for model
details, see Supplementary Method S4) (27), Rescorla-Wagner
models single (RW1) (Supplementary Method S5) (40) and dual
learning rates (RW2) (Supplementary Method S5) to weigh
positive and negative learning rates (31). The KF served as the
best model for our population, and we examined the resulting
distribution of volatility and stochasticity (Figure 3B).

We conducted correlation analyses using all data points.
Specifically, we found that apathy was positively correlated
with stochasticity (- = 0.08, p = .010) but negatively correlated
with volatility (r= —0.08, p = .008). Conversely, anxiety nega-
tively correlated with stochasticity (r = —0.12, p = .0001) and
had a positive correlation with volatility (- = 0.11, p = .0003).
These correlations highlight the distinct cognitive biases
associated with apathy and anxiety in processing environ-
mental uncertainties (Figure 3C).

To aid the visualization for these effects, we then catego-
rized participants into distinct groups based on their apathy
and anxiety levels. For apathy, we identified the high apathy

Figure 3. Apathy and anxiety have opposing re-

o
A volatility B 1 3 % lationships with volatility and stochasticity. (A) The
o 8:2 ER schematic of the Kalman filter model that was used
reward rate x04 g3 in our analysis. The diagram illustrates how this
%2 g3 model can differentiate between volatility (process
o — — S5 g . . . . .
- N LW = noise variance) and stochasticity (observation noise
8 5 E X § variance), providing insights into the underlying
polatiiy BRstodhaticlty o 1 1 decision-making processes. (B) Bayesian model
stochasticity ) -
0.8 comparison and the parameter ranges of volatility
switch (explore) 0.5 0.6 and stochasticity. (C) Apathy was positively corre-
stochasticity  volatility 0.4 lated with stochasticity but negatively correlated
0 0.2 with volatility ~estimation. Conversely, anxiety
say (exploit) : o) 0 showed a negative correlation with stochasticity and
outcome a positive correlation with volatility (for plots with all
volatility stochasticity data points, see Figure S6). (D) Individuals with a
C = 0.08. b = 0.010 =012 p = 0.0001 B B B B high level of apathy overestimated stochasticity but
>r— U6, p=0 r=-01sp="2 @ r=-0.08 p=0008 r=011 p=00003 underestimated volatility, resulting in a lower
g 06 . L. . 06 g .. 05 . . {0553 learning rate. (E) In contrast, individuals with a high
E R A F04Snesl o Tlasea04 g level of anxiety overestimated volatility but under-
S 0.4 - . 04 o S 03 *° T e L 103< estimated stochasticity, resulting in a higher learning
> 0 55 - = rate. *p < .01. All p values remained significant after
apath ot 20 25 4 6 8 false discovery rate p < .05 correction. [Note that
pathy anxiety apathy anxiety violin plots in panels (D) and (E) are provided for
visualization purposes only. For details on the
D " . ) - grouping methodology and statistical analyses, refer
1 1 g to Table S6 and Supplementary Text S3.]
208 >
= £
Z.s 206 £ !
= Y. @® k)
g § 0.4 3 0.5
0 % 0.2 2 0
0 I}
>
-0.5 1 © 5
high apathy low apathy high apathy low apathy high apathy low apathy
E 2
1 *k 1 *x © *k
z 2 ]
> °Q c
£05 B 0.5 3
© 2 Los
o ] °
> 0 i) 0 [
® g 0
g
05 . 0.5 T .05
high anxiety low anxiety high anxiety low anxiety high anxiety low anxiety
958 Biological Psychiatry: Cognitive Neuroscience and Neuroimaging September 2025; 10:954-963 www.sobp.org/BPCNNI


http://www.sobp.org/BPCNNI

Opposing Uncertainty Responses in Anxiety Versus Apathy

Biological
Psychiatry:
CNNI

Figure 4. Distinctions between apathy and anxi-
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group (n = 223) as those scoring in the top 25% (total score,
mean [SD] = 34.879 [4.055]) on the AMI, which assesses
apathy in behavioral and social domains (29). Conversely, the
low apathy group (n = 251) comprised individuals scoring in the
bottom 25% (12.912 [3.695]) of apathy scores (Figure 3D).
Similarly, for anxiety, the high anxiety group (n = 228) included
participants within the top 25% of scores (15.395 [2.819]) on
the 7-item General Anxiety Disorder scale (28), while the low
anxiety group (n = 250) consisted of those in the bottom 25%
(0.844 [0.852]) (Figure 3E). Statistical details examining the
group differences are provided in Table S6. To ensure our
findings were not dependent on arbitrary cutoffs, we also
validated our results using a standard deviation approach (*1
SD from the mean); the results were the same (see
Supplementary Text S3).

The Ratio of Volatility to Stochasticity Distinguished
Apathy and Anxiety

To clarify the differential impacts of apathy and anxiety on
decision making under uncertainty, we computed the ratio of
volatility to stochasticity (v/s) to represent the balance be-
tween these 2 types of uncertainties. A higher v/ s indicates a
perception of greater volatility relative to stochasticity, while a
lower ratio suggests a perception of more stochasticity relative
to volatility. We applied a logarithmic transformation to the
ratio to manage extreme values (e.g., cases where individuals
might perceive very high volatility but very low stochasticity).
Consistently, our findings revealed a clear distinction: v/ s
correlated negatively with apathy (r = —0.08, p = .0128) but
positively with anxiety (r = 0.13, p < .001) (Figure 4A).

The Ratio of Volatility and Stochasticity Mediated
the Relationship Between Anxiety and the
Exploration After Negative Feedback

To examine potential associations between individual differ-
ences in the perception of uncertainty, exploratory behavior,
and affect, we conducted a mediation analysis (see
Supplementary Method S10) with anxiety, switching after
reward omission [p(switch | 0)], and v/s. The results demon-
strate that the relationship between anxiety and the tendency
to switch after receiving no reward is significantly mediated by
v/s (Figure 4B). This mediation was also significant for the
analogous HMM-based measures (see Figure S9). This is
consistent with expectations given the strong correlation be-
tween p(switch) and p(explore) (r = 0.916, p < .0001)

(Figure S10). No significant mediation effect was found for
apathy.

A Low Dimensional Manifold Unifies Exploration,
Perceptions of Uncertainty, and Affective State

The HMM state model of exploration-exploitation and the KF
process model of uncertainty estimation represent comple-
mentary ways of understanding adaptive behaviors (see
Supplementary Text S2). We hypothesized that a latent
structure underlying adaptive behavior on this task might unify
these descriptions of behavior. We utilized advanced dimen-
sionality reduction methods to uncover such a latent structure
in the raw task behavior.

First, we formatted each participant’s trial-by-trial task data
into sequences of choices to stay (repeat the choice on the last
trial) or switch (choose a different option) and reward outcome
for 2 consecutive trials (choice;;, outcome;s, choicey)
(Figure 5A, B). The behavioral data for each participant were
then transformed into counts for each of these 8 unique se-
quences. Then we applied Uniform Manifold Approximation
and Projection (UMAP) (41) to learn the 2-dimensional manifold
underlying the 8-dimensional behavioral data (Figure 5C; see
Supplementary Method S11 for more algorithm details).
Including additional reward history and applying other dimen-
sionality reduction methods such as principal component
analysis and t-distributed stochastic neighbor embedding did
not change the results (Figure S11 and Table S7).

Our analysis using UMAP revealed distinct correlations within
the derived dimensions. Specifically, the dimension 1 score (the
horizontal axis) exhibited a very strong significant negative cor-
relation with exploratory behavior [p(explore) r = —0.90, p <
1072%), but it showed no significant relationship with v/s (r =
0.03, p = .35) (Figure 5D, E). In contrast, the dimension 2 score
(the vertical axis) demonstrated a strong negative correlation
with v/s (r = —0.72, p < 10789, which was significantly more
pronounced than its correlation with p(explore) (r = —0.19, p <
1079 (Figure 5F, G). This suggests that dimension 1 primarily
represents exploratory behavior, while dimension 2 primarily
reflects the computational factors: volatility and stochasticity.

Furthermore, both dimensions also showed correlations
with affective states; the dimension 1 score was positively
correlated with apathy (r = 0.14, p < .001) and negatively
correlated with anxiety (r = —0.11, p < .001). Similarly, the
dimension 2 score had a positive correlation with apathy (r =
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Figure 5. Visualizing the complex relationships in
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0.097, p = .002) and a negative correlation with anxiety
(r = —0.088, p = .004).

To better understand the structure of the manifold, we
examined its relationship with affective states and exploration
patterns. Using a critical dimension 1 score of —0.671 as the
dividing point (see Supplementary Method S12 and
Figure S12), we identified 2 distinct groups: a monotonically
decreasing group (n = 390) and a monotonically increasing
group (n = 611). These groups showed markedly different
characteristics. The decreasing group exhibited higher overall
exploration rates and was characterized by slightly higher

960
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(eJo|dxe)d
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dimension1

v/s
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dimension1

anxiety levels (tggg = 2.08, p = .037) and lower apathy levels
(tage = —3.56, p = .0003), with higher v/s being associated with
decreased exploration. In contrast, the increasing group
showed lower overall exploration rates, lower anxiety levels,
and higher apathy levels, with higher v/s correlating with
increased exploration.

These patterns reveal complexity that is not captured by
traditional analyses. When using simple quartile splits of anx-
iety and apathy groups, higher v/s consistently predicts
increased exploration regardless of group membership. How-
ever, the manifold approach integrates multiple behavioral
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aspects, including affective states (anxiety and apathy),
exploration behaviors, and uncertainty processing (v/ s),
thereby allowing us to identify interaction patterns that would
be missed when examining each factor in isolation. This inte-
gration also captures the nonlinear relationship between (v/ s)
and exploration (Figure S13).

It is worth noting that we only found linear relationships
between apathy, anxiety, and exploration, as well as between
these affective states and the ratio of volatility to stochasticity
(our analysis using higher-order effects among these variables
did not yield significant results; more details can be found in
Table S8).

DISCUSSION

The distinct patterns of exploratory behavior observed in in-
dividuals with anxiety and apathetic individuals highlight the
role of affective states in shaping responses to uncertainty.
Individuals with anxiety, who generally display a heightened
sensitivity to potential threats and environmental changes,
exhibited a bias toward perceiving greater volatility and
exploring more after negative outcomes. Our mediation anal-
ysis revealed that the perception of volatility relative to sto-
chasticity partially mediated the relationship between anxiety
and exploratory behavior after reward omission. The apparent
relationship between anxiety and a higher weighting of volatility
relative to stochasticity may be linked to increased information-
seeking behavior. This may reflect a strategy aimed at reducing
uncertainty and managing perceived risks more effectively (42).
Although such a strategy may be beneficial for adaptation in
genuinely volatile environments, it may also contribute to
excessive worry and stress, especially if the perceived level of
volatility exceeds actual environmental volatility (9,11). Conse-
quently, individuals with anxiety may find themselves in a pro-
longed state of heightened arousal and uncertainty, leading to
suboptimal decision making and diminished well-being.

On the other hand, apathetic individuals, who generally
exhibit diminished motivation and responsiveness (43), tended
to attribute outcomes more to stochasticity in our study. This
perception may underlie their reduced exploratory behavior,
reflecting a disengagement from active learning and adapta-
tion. If outcomes seem random and beyond our control,
expending energy to explore may seem futile, and focusing on
what we know seems rational. While this approach may
conserve energy, the inflexibility can perpetuate a cycle of
disengagement and maintain apathetic symptoms (44,45).
Apathetic individuals may fail to recognize the potential ben-
efits of exploration and remain stuck in suboptimal decision-
making patterns, further reinforcing their disengagement from
the environment (4).

The dimensionality reduction of the behavioral sequence
data using UMAP allowed us to examine the relationship be-
tween exploration and the estimation of volatility and sto-
chasticity. Despite the intuitive connection between these 2
behavior models, their relationship has not been directly
examined. Our results showed that exploration and uncertainty
estimation were closely related to the 2 axes of a parabolic
latent structure of explore-exploit trade-off in our task. As a
result, both model-based metrics were necessary to charac-
terize the spectrum of individual differences fully. Segmenting

the data on the manifold further illuminated the fine-grained
interplay between affective states and exploratory behavior.
The monotonically decreasing group (n = 390) (Figure 5H),
characterized by relatively higher anxiety and lower apathy,
showed higher overall exploration rates than the monotonically
increasing group (n = 611), who had lower anxiety and higher
apathy. Intriguingly, these groups exhibited opposing re-
lationships between uncertainty estimation and exploration:
within the decreasing group (left), higher (v/s) ratios were
associated with decreased exploration, while within the
increasing group (right), higher (v/s) ratios predicted increased
exploration. This pattern suggests that the relationship be-
tween uncertainty estimation and exploratory behavior de-
pends on an individual’s mixed mental states. The shape from
UMAP captures the nonlinear relationship between the ratio of
volatility to stochasticity and exploration (Figure S13), raising
important questions about how environmental volatility and
stochasticity may affect exploration and its implications for
mental health.

These results reconcile previously inconsistent findings
regarding exploratory behavior in individuals with anxiety, with
some studies showing more exploitative behavior (15,16) and
others finding that higher anxiety predicted more exploratory
behaviors (13,14). The relationship between perceived volatility
and exploration is modulated by the degree of anxiety, with
more severe anxiety potentially suppressing exploration as a
form of avoidance. Conversely, moderate anxiety may drive
exploration to gather information and reduce uncertainty,
potentially easing discomfort. This dual response to perceived
volatility underscores the complex interplay between anxiety
levels, environmental perceptions, and behavioral strategies in
managing emotional responses.

Our findings have implications for personalized behavioral
interventions in mental health. For individuals with anxiety,
therapies focusing on recalibrating volatility perceptions and
improving uncertainty management may reduce worry and
enhance decision making (46,47). Encouraging longer-term in-
formation integration could also benefit anxiety management
(48). For apathetic individuals, strengthening perceived control
and action efficacy may counteract stochasticity attribution.
Incorporating these strategies into existing therapies such as
behavioral activation and motivational interviewing (49) could
promote balanced environmental perceptions and exploration.

The behavioral manifold (Figure 5) could predict and monitor
treatment responses in patients. By tracking an individual’s
position on the manifold before and during treatment, clini-
cians may infer changes in anxiety, apathy, and associated
behaviors. Key questions remain about the predictability of
individual trajectories and whether clinical populations
conform to the same manifold. Answering these questions
could advance personalized neuropsychiatric care by offering
a more nuanced approach to assessment and treatment based
on individual behavioral patterns (50).

The observed effect sizes in the current study (r =
0.10-0.16) are consistent with recent recalibrations of effect
size interpretation in individual differences research, where r =
0.10 is considered meaningful (51). These effects are compa-
rable to well-established phenomena such as the effectiveness
of antihistamines on allergy symptoms (r = 0.11) (52). While
modest in isolation, such effects on exploratory decisions can
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accumulate substantially over time, potentially contributing to
the maintenance of anxiety or apathetic behaviors through
persistent influence on decision making.

Conclusions

While our findings provide valuable insights into uncertainty
processing mechanisms, we acknowledge that our sample
may not fully represent individuals with clinical levels of anxiety
and apathy, potentially limiting generalizability to diagnosed
populations. Future research with clinical samples will be
crucial to validate and extend these findings, strengthening
their translational impact.
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