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ABSTRACT
BACKGROUND: Diminished use of goal-directed (model-based) decision making is a hallmark of transdiagnostic 
compulsivity, promoting an overreliance on inflexible and habitual behaviors. However, the origin of this 
impairment remains unclear. Here, we tested the hypothesis that these impairments arise due to uncertainty 
within the internal world model that subserves goal-directed decision making.
METHODS: We adapted a validated gamified decision-making task to characterize how individuals build an internal 
model of an environment, pairing these data with computational modeling to uncover the exact mechanisms 
underpinning behavior and quantify individual differences. Two samples of participants (a discovery sample and a 
preregistered replication sample, n = 551 and 1322, respectively) performed the task, and we also acquired 
longitudinal data over 2-week and 3-month periods to assess task reliability and stability of behavior over time. 
RESULTS: In the discovery and replication samples, we found that individuals higher in compulsivity and intrusive 
thought learned more slowly and formed a less certain representation of the task’s structure. This uncertainty 
mediated the link between compulsive symptoms and use of goal-directed behavior. Behavior in the task was 
relatively stable over a 3-month (n = 385) and 1-year (n = 326) period and did not predict changes in symptoms. 
CONCLUSIONS: Our results suggest that reliance on habitual behaviors seen in individuals with high levels of 
compulsive symptoms result from a tendency to form less certain internal models of the external world. Given the 
stability of this behavior and its links to symptoms, this may represent a trait-level vulnerability for this symptom 
dimension.

https://doi.org/10.1016/j.bpsc.2025.10.005

After a long day of work, you immediately head to the freezer and 
take out a frozen pizza, almost as if without thinking. If your goal is 
to lower your cholesterol, you might have chosen to make a salad 
instead, a decision guided by your ultimate goal of improving your 
health. This contrasts with your usual pizza routine, a simpler 
choice that does not account for longer-term health consider-
ations. However, making this kind of goal-directed decision 
(accounting for distal outcomes) is only possible if you appreciate 
that eating healthily will reduce your cholesterol, ultimately 
improving your health; in essence, you must possess an internal 
model of how your actions lead to more distant consequences (1). 
Impairments in goal-directed decision making are impli-

cated in multiple psychiatric conditions, suggesting that 
symptoms in disorders such as obsessive-compulsive disor-
der (OCD) and addiction may arise from an overdependence 
on habitual (model-free) processes in place of goal-directed 
(model-based) strategies. For example, an individual with 
OCD may find themselves repeatedly checking whether they 
have locked the door due to this behavior having acquired 
model-free value rather than considering the long-term 
consequences that this behavior may cause. More recently, 
efforts to characterize transdiagnostic mechanisms have

clarified this preponderance of results across disorders (2); 
rather than being tied to a diagnostic category, impairments in 
goal-directed decision making appear to underlie symptoms 
of compulsivity and intrusive thought patterns that are present 
across multiple diagnostic categories (3,4).
It has been suggested that this reliance on model-free 

decision making may arise due to uncertainty in an internal 
model of the world (5–7); if I am uncertain about the long-run 
consequences of my actions, I should be less likely to use a 
decision-making strategy that relies on this knowledge. While 
uncertainty is multifaceted, here we focus on reducible 
uncertainty (also referred to as estimation uncertainty), cor-
responding to our degree of knowledge when making a pre-
diction. For example, I may currently believe that there is a 
75% chance of rain today. Because this is not 100% or 0%, 
there is uncertainty. This kind of uncertainty is known as 
irreducible uncertainty; some events are inherently stochastic, 
precluding us from making entirely accurate predictions. 
However, perhaps I have only checked a single forecast and 
therefore am uncertain whether the true probability is 75%. 
This is reducible uncertainty; I could acquire additional infor-
mation and become more confident about the true probability.
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Human behavior follows this basic principle (8), and there is 
accumulating evidence that compulsivity symptoms are 
associated with deficits in learning an internal world model 
(9,10). While there is some evidence that compulsive in-
dividuals specifically overestimate uncertainty regarding task 
structure changeability (5), to our knowledge, it has not yet 
been established whether uncertainty more generally un-
derlies habitual decision making.
Large-scale online citizen science studies now enable us to 

answer these questions with greater precision and robustness 
than was previously possible (2,11,12). Mental health symp-
toms are highly multifactorial in their etiology, meaning that 
any individual influence will likely have a subtle effect; thus, 
large samples are vital to achieve sufficient statistical power 
(2), rendering large-scale online data collection highly valu-
able. Concurrently, efforts to gamify decision-making tasks for 
mass online deployment encourages greater task engagement 
(3,13) and naturalism (14,15), improving our ability to detect 
subtle relationships and enabling research to move beyond 
highly selected samples and into the general population. 
Here, we tested the hypothesis that a reliance on model-

free decision making linked to transdiagnostic compulsivity 
arises due to uncertainty about learned task structure. 
We exploited a gamified task that indexes participants’ 
ability to learn task structure combined with computational 
modeling that permits precise quantification of individuals’ 
estimates of reducible uncertainty throughout the task. 
This is achieved by learning a distribution over transition 
probabilities, the variance of which serves as a measure of 
uncertainty. We demonstrate that transdiagnostic compul-
sivity is linked to heightened uncertainty about task structure 
and further suggest that this uncertainty mediates the link 
between compulsivity and reliance on habitual decision 
making.

METHODS AND MATERIALS 

Ethical Approval

The study was approved by the King’s College London 
Research Ethics Committee (LRS-21/22-31704).

Sample

Participants were recruited through Prolific (16) and were 
selected based on having a 95% approval rate, being based in 
the United Kingdom, and being age $18 years. Participants 
received compensation of £9/hour. We recruited 600 partici-
pants for the discovery sample, followed by 1400 for the 
replication sample (based on power calculations derived from 
the discovery sample). Of the discovery sample, 400 partici-
pants completed a second series of assessments approxi-
mately 3 months later, and 344 participants completed 
assessments for a third time approximately 1 year after that. 
Of the replication sample, 80 participants completed the task 
a second time approximately 2 weeks after their initial 
participation to allow us to assess test-retest reliability.

Exclusion Criteria

Participants failing any attention checks or failing more than 1 
infrequency item check (17) were excluded from analyses. We

also excluded individuals reporting a gender other than male 
or female from analyses that included gender as a covariate as 
we had insufficient numbers to properly estimate these 
effects.

Task

Modified Cannon Blast Task. The primary task was a
modified version of the Cannon Blast task (3), which is a 
gamified version of the 2-step decision-making task for 
assessing goal-directed versus habitual decision making (18). 
The original task asks participants to make decisions about 
first-stage options based on their likelihood of transitioning to 
second-stage states, which are associated rewards that vary 
over the course of the task according to a random walk and 
must be learned. A model-based decision maker will use the 
knowledge of transition probabilities to determine the best 
first-stage option based on its likelihood of transitioning to a 
rewarding second-stage state. A model-free decision maker 
will simply rely on the rewards that follow their first-stage 
choices, ignoring the structure of the task.
In our task, participants were tasked with firing cannon 

balls to hit moving aliens (Figure 1A). A hit provided 100 
points. During a standard trial, participants operated a cannon 
to choose the firing direction and selected between 2 con-
tainers, each holding purple and pink balls. Balls had a pre-
determined probability of being unusable on each trial, 
meaning that they would explode before reaching their target, 
and 100 points would be lost. These probabilities varied 
throughout the task but were displayed on screen via 2 
colored bars. Probabilities were high to prevent frustration 
and disengagement and were anticorrelated. We also used 
rapid switches between reward probabilities to make model-
free strategies less effective (because the best option 
changed frequently), as we wanted to encourage model-
based planning to facilitate exploration of uncertainty in the 
learning of task structure. To maximize success, participants 
should choose the color that they see has the best chance of 
being usable. Thus, the container represents the first-stage 
choice, and each container has a probability of transition-
ing to a second-stage state represented by the ball color. 
Each of these then has a probability of reward (i.e., not 
exploding).
The key manipulation was that the ball color was not shown 

to participants in advance of their choice. Instead, each 
container had a varying probability of firing pink or purple balls 
(Figure 1E), which participants had to learn. This contrasts 
with the original 2-step task, where participants are provided 
with this information. Participants were informed that the 
probabilities for the left and right containers were inversely 
related, such that if the left container had a 90% chance of 
pink, the right container had a 90% chance of purple. This 
constitutes the structure of the task; participants needed to 
learn an internal model of the likelihood of each color given 
their choice of container and combine this with their knowl-
edge of explosion probabilities to determine the best option 
on each trial. Therefore, this constitutes an inverted variant of 
the original task; in the original task, participants are provided 
with the transition probabilities but must learn the rewards 
associated with second-stage states, whereas here they are
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given the rewards but must learn the transition probabilities. 
As a result, the task enables quantification of learning about 
transition probabilities, whereas the original version does not. 
We also included trials to assess implicit confidence in task 

structure, where participants were effectively asked to bet on 
the likelihood of a given ball color (Figure 1D; see 
Supplemental Methods for further information).
Finally, we included a set of trials where information about ball 

color was concealed (described to participants as broken trials), 
prompting participants to guess which containers held good balls. 
The purpose of this was to heighten uncertainty about the task 
structure by removing information about ball color for a period.

Original Cannon Blast Task. We collected data in the
replication sample using the original Cannon Blast task,

described in detail elsewhere (3), to determine the corre-
spondence of measures across related tasks. See 
Supplemental Methods for details.

Questionnaire Measures

Symptom Measures. We measured 3 transdiagnostic 
factors that had been identified in previous work (4): anxious-
depression, compulsivity and intrusive thought, and social 
withdrawal. These factors have been linked to behaviors 
including model-based decision making (4), metacognition 
(19), and aversive learning (13). We chose to focus on trans-
diagnostic symptoms rather than condition-specific measures 
because these have been more strongly associated with 
model-based planning in previous work (2). Following our 
previous work, we used a subset of items from the original

A B
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H

Figure 1. Task overview. (A) Schematic of the 
original and modified Cannon Blast task, a gamified 
implementation of the 2-step task. First-stage states 
(cannon ball containers) have a fixed and shown 
probability of transitioning to second-stage states 
(ball color), and participants must learn the proba-
bility of each color ball exploding. In the modified 
task, participants are shown the probabilities of 
explosion for each ball color but must learn the 
probability of first- to second-stage state transi-
tions. (B) Estimated transition probabilities can be 
associated with different levels of reducible uncer-
tainty, represented here through confidence in-
tervals around an estimated probability. (C) 
Screenshot of a standard trial in the game. Partici-
pants were tasked with firing cannon balls from the 
cannon to hit an alien that moved around the top 
portion of the screen. They could select to fire a ball 
from 1 of 2 containers, each of which had a varying 
but hidden probability of producing pink or purple 
balls. The probability of each ball color exploding 
before reaching its target was shown by colored 
bars at the top of the screen. (D) A confidence trial. 
Participants were tasked with shooting at one of a 
range of pink or purple asteroids with varying 
values. If the color of the ball matched the color of
the asteroid, they were awarded the number of 
points shown next to that asteroid, but they lost that 
number of points if the color did not match. (E) A
broken trial, where all information regarding ball 
color was hidden. (F) Explosion probabilities for pink 
and purple balls changed rapidly across the task. All
information regarding ball color was removed in 
broken trials. (G) Probabilities of pink and purple 
balls being produced by the left and right containers
drifted over the course of the task. Probabilities for 
the left container are shown, and probabilities for 
the right container were the inverse of these prob-
abilities. Pointers at the top indicate confidence tri-
als. (H) Overview of the computational modeling 
approach. Observations of ball colors following left/ 
right choices are used to update a probability dis-
tribution over task structure, the variance of which 
provides an index of uncertainty. This is then com-
bined with the provided reward probabilities to 
inform the next choice.
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measures to predict the true scores (13,20). In addition, we 
measured state depression and anxiety using the Patient 
Health Questionnaire (21) and the 7-item Generalized Anxiety 
Disorder assessment (22); we refer to these measures as 
depression and anxiety.

Computational Modeling

Model Definitions. To provide a mechanistic account of 
participants’ behavior in the task, we designed computational 
models of the processes underpinning learning about task 
structure. These models were built on our previous work using 
approximately Bayesian learning strategies (13,23) to learn a 
probability distribution over a given outcome. A significant 
strength of these models is their ability to estimate uncertainty 
during learning and thus to provide individual-level estimates of 
participants’ subjective uncertainty while remaining very simple 
(3 free parameters including decision temperature). These 
models were fit to all learning trials (including broken trials), 
excluding confidence trials. Broken trials served to manipulate 
uncertainty, because the model gained no information regarding 
transition structure during these trials; instead, its estimates 
were allowed to decay but not update, increasing uncertainty. 
These models, along with fitting procedures, are described in 

full in Supplemental Methods. Briefly, we used 4 variants: 1 used 
only a model-based strategy based on a learned task structure, 1 
used a purely model-free strategy, and 2 used either weighted or 
fixed combinations of model-based and model-free strategies. 
Our modeling approach provides 3 key measures of interest, 
which are described in Table 1 and Supplemental Methods. 
For comparison, we also tested 3 equivalent models that do 

not represent uncertainty and instead use a Rescorla-Wagner 
learning rule rather than the approximate Bayesian beta 
learning rule (24).

Statistical Analysis

Test-Retest Reliability Analyses. We quantified test-
retest reliability and longer-term stability using intraclass

correlation coefficients (ICCs) (25). We used consistency ICCs 
[also known as ICCs (1,3)], which estimate reliability based on 
the rank order of the observations.

Modeling of Confidence Ratings. We verified that the
quantities derived from the model were meaningfully related to 
participant’s behavior on the task by establishing that confi-
dence ratings were predicted by different types of uncertainty 
as quantified by our model. Full details are provided in 
Supplemental Methods.

Symptom-Behavior Regression Models. Relationships
between symptoms and behavior were tested using linear 
models with p values estimated using bootstrapping. Full 
details are provided in Supplemental Methods.

Preregistration

For our replication study, we preregistered the primary hy-
potheses and methods based on results from the discovery 
sample (https://osf.io/52awb). These pertained to analyses 
predicting 3 core behavioral metrics (model-basedness, mean 
uncertainty about task structure, and transition update rate) 
based on transdiagnostic symptoms and state depression/ 
anxiety.

RESULTS

Samples

Our final samples after exclusions consisted of 551 partici-
pants for the discovery sample and 1322 participants for the 
replication sample (see Table 2 and Figure 2 for demographic 
information). Of the discovery sample, 385 participants 
completed a second series of assessments after 3 months, 
and 326 participants returned a third time after 1 year; 21.05% 
and 23.23% scored above established cutoffs for clinically 
relevant symptom severity based on anxiety and depression 
measures, respectively, a pattern that replicated in the repli-
cation sample (18.38% and 23.6%).

Task Behavior

Participants were able to perform the task successfully, as 
demonstrated by increasing scores across the entire task 
(Figure 2F). We observed a pattern of switching between op-
tions indicative of model-based decision making in trials with a 
clear transition pattern ($80% chance of 1 color); as in the 
original 2-step task, participants switched after observing a 
rewarded rare transition and stayed when observing a 
rewarded common transition (discovery β rewarded 3 common = 
0.23; 95% highest density interval [HDI], 0.20–0.26; replication
β rewarded 3 common = 0.25; 95% HDI, 0.23–0.28). 
Computational modeling revealed that participants’ 

behavior was predominantly goal directed, being best 
described by a model that did not feature model-free value 
learning, in both samples (Figure 3A–C). Test-retest reliability 
analyses indicated that key model parameters exhibited test-
retest reliability in the moderate range, with values of 0.4 to 0.6 
(26) (Table 3). Reliability was higher over 3 months and 1 year 
(Table 3). The model-basedness estimate from the modified task

Table 1. Key Model Parameters (Update Rate, Model-
Basedness) and Latent Variables (Mean Uncertainty)

Parameter/Latent
Variable Description

Update Rate, τ The update rate in the model, representing the extent 
to which evidence for transitions (pink or purple 
balls) is updated on each trial. Greater values 
generally result in faster learning.

Mean Uncertainty The variance of the distribution over transition 
probabilities, averaged across trials within 
participant. This represents reducible uncertainty 
and generally reduces as the model acquires more 
information.

Model-Basedness The difference in model fit between models 
representing purely model-based and purely 
model-free decision making, providing an index of 
the extent to which participants use model-based 
(goal-directed) over model-free (putatively habitual) 
strategies.

Other parameters are included in the model (decay rate λ and softmax 
temperature) but are not of interest for our primary hypotheses. These are 
described in Supplemental Methods.
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was also correlated with model-basedness from the original 
Cannon Blast task (σ = 0.17, p , .001).
To provide evidence that uncertainty plays a role in learning, 

we compared these models with equivalent models that learned 
transition probabilities using a Rescorla-Wagner learning rule, 
maintaining only point estimates of probabilities. Uncertainty-
driven learning models outperformed these comparison 
models (Figure 3A–C), suggesting that participants learned 
transition structure in a manner that tracked uncertainty. 
Confidence ratings were strongly predicted by model-

derived transition expectations (probability of pink vs. purple), 
alongside both reducible and irreducible uncertainty (Figure 3D; 
see Supplemental Results for details). Model-derived reducible 
uncertainty was also strongly positively correlated with age, 
indicating that this metric is sensitive to individual differences 
(discovery r = 0.20, p , .001; replication r = 0.25, p , .001) 
(Figure 3E). Notably, an optimal model demonstrated low un-
certainty relative to human participants, with 97.1% of partici-
pants having higher uncertainty than was optimal.

Relationships Between Behavior and 
Transdiagnostic Symptom Dimensions

In the discovery sample, we found that model-basedness 
in the task was predicted positively by anxious-depression 
(β = 0.19, p corrected , .001) (Figure 4A) and negatively by

compulsivity and intrusive thought (β = 20.19, p corrected , 
.001) (Figure 4A). These effects were replicated in the repli-
cation sample (compulsivity and intrusive thought: β = 20.10, 
p corrected = .001; anxious-depression: β = 0.07, p corrected = .04). 
Separating this metric into its constituent parts (given that it 
represents the difference between model-based and model-
free fit) revealed that this was driven specifically by the use 
of model-based decision making (see Tables S14, S15, S22, 
and S23). We also replicated previous findings using the 
original Cannon Blast task (4) in the replication sample, finding 
a reduction in model-basedness associated with compulsivity 
and intrusive thought together with an increase in model-
basedness associated with anxious-depression and social 
withdrawal (compulsivity and intrusive thought β = 20.11, p , 
.001; anxious-depression β = 0.06, p = .039; social withdrawal
β = 0.08, p = .008) (Figure 4E).
In both discovery and replication samples, compulsivity and 

intrusive thought was further associated with heightened uncer-
tainty about task structure (discovery β = 0.16, p corrected = .003; 
replication β = 0.09, p corrected = .009) (Figure 4A) and more 
gradual updating of task transition probability estimates, as 
indexed by the update parameter in our model (discovery
β = 20.15, p corrected = .015; replication β = 20.10, p corrected = 
.002) (Figure 4A). Anxious-depression consistently demonstrated 
the opposite pattern with respect to uncertainty estimates (dis-
covery β = 20.16, p corrected = .003, replication β = 20.11, 
p corrected = .001) (Figure 4A) and update rates (discovery β = 0.15, 
p corrected = .012; replication β = 0.10, p corrected = .001) (Figure 4A). 
We sought to clarify these relationships further by deter-

mining whether the relationship between compulsivity and 
intrusive thought and model-basedness was mediated by un-
certainty. In both samples, mediation analysis revealed a sig-
nificant indirect effect (path values are shown in Figure 4C for 
the replication sample and in the Supplement for the discovery 
sample) and a nonsignificant direct effect (Figure S4C), sug-
gesting that the observed association was fully mediated by 
uncertainty. Notably, we also found that the association be-
tween compulsivity and intrusive thought and model-basedness

Table 2. Demographic Characteristics of the Samples

Sample
Sample
Size Age, Years

Gender, Female/ 
Male

Discovery 551 40.75 (12.32) 276/275

3-Month follow-up 385 41.80 (12.39) 187/198

1-Year follow-up 326 43.78 (12.22) 154/172

Replication 1322 41.15 (12.69) 667/655

2-Week follow-up 80 – –

Values are presented as n or mean (SD). Demographic data were not available 
for the 2-week follow-up sample due to a technical error.

A

B

C

D

E

F

Figure 2. (A) Age distribution across both samples. 
The point above represents the mean, with the error 
bars showing the SD. (B) Depression scores across 
both samples, measured using the Patient Health 
Questionnaire-8. The dashed line represents a cutoff 
for identifying clinically significant depression (36),
while the shaded area represents the distribution of 
scores above this cutoff. (C) Anxiety scores across 
both samples, measured using the 7-item Generalized 
Anxiety Disorder scale. The dashed line represents a 
cutoff for identifying clinically significant generalized 
anxiety disorder (22). (D) Illustration of sample sizes for
discovery (Disc.) and replication (Rep.) samples at 
different time points. (E) Age and gender in the dis-
covery sample across multiple time points. The points 
and error bars represent the mean and standard error 
of participants’ ages. The pie charts represent the 
proportion of male (shaded) and female (unshaded) 
participants. (F) Participants’ scores on the task in the
replication sample as a function of trial. The shaded 
area represents the standard error.
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in the original Cannon Blast task was partially mediated by 
uncertainty estimated from the novel task (Table S30).

Effects of Anxiety and Depression Symptoms on 
Task Behavior

We observed a positive relationship between depressive 
symptoms and relative model-basedness in both the discov-
ery (β = 0.29, p corrected , .001) (Figure 4B) and replication (β = 
0.14, p corrected = .003) (Figure 4B) samples, with no replicable 
results related to anxiety. Breaking the relative measure into 
its component parts, depressive symptoms were specifically

associated with greater use of model-based strategies in both 
samples (see Supplemental Results).
We also found that higher depressive symptoms were 

linked to more rapid updating (discovery: β = 0.35, p corrected , 
.001; replication: β = 0.17, p corrected , .001) (Figure 4B) and 
lower uncertainty (discovery: β = 20.32, p corrected , .001; 
replication: β = 20.17, p corrected = .002) (Figure 4B). This as-
sociation was fully mediated by uncertainty, as indicated by a 
significant indirect effect (Figure 4D) and a nonsignificant 
direct effect (Figure 4D).

Changes in Behavior Over Time

As described above, behavior was reasonably stable over 
time (Table 3 and Figure 5B), with subtle learning effects as 
demonstrated by increasing scores (Figure 5D). Symptoms 
exhibited even greater stability, with ICCs .0.77 (Table S1 
and Figure 5A). We found no significant associations between 
changes in symptoms and changes in behavior across either 
time point when we controlled for baseline scores 
(Figure S5C).

DISCUSSION

Impairments in goal-directed decision making are an estab-
lished correlate of compulsive symptoms (3,4,27,28). How-
ever, it has remained unclear why such impairments emerge. 
Here, we used a computational factor modeling approach (2) 
to suggest that greater uncertainty in a learned internal model 
of the external environment may underpin the association

A D

B

C E

Figure 3. Computational modeling. (A) Model 
comparison results for the discovery sample, 
showing Watanabe-Akaike information criterion 
(WAIC) scores for each model (higher scores = 
better fit). Fit is shown for 2 families of models: beta 
models that represent uncertainty and Rescorla-
Wagner (RW) models that do not. The winning 
model is highlighted in blue. (B) Model comparison
results for the replication sample. The winning
model is highlighted in pink. (C) The best-fitting
model for every participant in both samples. (D)
Regression coefficients from a Bayesian hierarchical
model predicting implicit confidence ratings from
model-derived irreducible and reducible certainty
metrics. Note that the direction of the reducible 
uncertainty (derived from the variance) effect has 
been reversed for illustrative purposes such that 
greater uncertainty predicts lower confidence. (E) 
Associations between age and reducible uncertainty 
across both samples. Weight indicates parameter-
ized weighting of model-based (MB) and model-free 
(MF) structures. a.u., arbitrary unit; HDI, highest 
density interval.

Table 3. Test-Retest Reliability and Stability Estimates for 
Model Parameters (Update Rate, Model-Basedness) and 
Latent Variables (Mean Uncertainty) Over 2-Week, 3-
Month, and 1-Year Intervals

Interval Sample Size Parameter/Latent Variable ICC

2 Weeks 80 Update rate, τ 0.50

Mean uncertainty 0.50

Model-basedness 0.42

3 Months 385 Update rate, τ 0.57

Mean uncertainty 0.57

Model-basedness 0.60

1 Year 326 Update rate, τ 0.62

Mean uncertainty 0.60

Model-basedness 0.60

ICC, intraclass correlation coefficient.
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between transdiagnostic compulsivity and intrusive thought 
and model-based planning.
We developed a novel extension of a validated, gamified 

2-step decision-making task (3) that required participants to 
learn the structure of the task in order to perform well. Using 
computational modeling, we extracted a measure of model-
basedness for each individual, finding in 2 samples that in-
dividuals higher in compulsivity were less model based in their 
decision making, as has been observed in previous studies 
using different tasks (3,4). Critically, our modeling also 
demonstrated that people higher in this symptom dimension 
learned the task structure more slowly and were more un-
certain as a result. Mediation analyses demonstrated that the 
link between compulsivity and model-basedness was medi-
ated by this uncertainty metric.
Taken together, these results suggest that impaired goal-

directed decision making may emerge as a result of an un-
certain internal model of the world; simply, an uncertain model 
is less likely to be relied on to guide behavior. As a result, 
behavior is likely to become rigid and dependent on habits. 
This is consistent with previous theoretical work (6,7) and 
empirical findings regarding perceptions of changeability (5)

alongside evidence that successful cognitive map formation 
predicts use of model-based control (29). These results also 
echo previous findings suggesting alterations in task structure 
learning associated with compulsivity (9,10) but provide an 
important extension by providing empirical evidence regarding 
the specific role of uncertainty. Notably, previous in-
vestigations into value learning processes in transdiagnostic 
compulsivity have observed either null results (30) or associ-
ations in an opposite direction (13), suggesting that these re-
sults are specific to task structure learning. Future work could 
consider the role of additional factors that are known to in-
fluence cognitive map formation, such as motivation (29), in 
this relationship. Future work in clinical samples would also be 
valuable to establish the extent to which these findings 
translate to clinically relevant settings, and the integration of 
transdiagnostic approaches into clinical practice represents a 
broader challenge within the field.
More generally, our task provides a novel measure of goal-

directed decision making and the task structure learning that 
underpin this process. Combined with a modeling approach 
adapted from previous research (13,23) that captures sub-
jective uncertainty during learning, this method provides an

A C

D

B

Figure 4. Associations between task behavior
and symptoms. (A) Results from regression models 
predicting behavioral metrics (indicated by the title 
above each panel) from symptoms (shown on the x-
axis) across both samples. The points represent the 
regression coefficient, while the error bars represent
95% CIs (estimated using bootstrapping). Stars 
above the points represent statistical significance, 
corrected for multiple comparisons. The top row 
represents analyses of transdiagnostic symptom 
dimensions, while the bottom row represents ana-
lyses of depression (Dep.) and anxiety (Anx.)
symptoms (measured using the Patient Health 
Questionnaire-8 and 7-item Generalized Anxiety
Disorder scale, respectively). (B) Results from 
regression models predicting model-basedness 
(MB) as assessed by the original Cannon Blast
task (3) from both transdiagnostic dimensions (left) 
and state anxiety and depression (right). (C) Results 
of a mediation model testing mediation of the CIT . 

MB association by uncertainty about task structure. 
(D) Results of a mediation model testing mediation 

of the depression . MB association by uncertainty about task structure. Values represent regression weights (β) and confidence intervals (estimated using 
bootstrapping). *p , .05, **p , .01, ***p , .001.

A B 
Figure 5. Longitudinal results. (A) Results from
regression models predicting change (Δ) in behav-
ioral metrics across the follow-up period from 
change in symptom scores (top) and state anxiety 
(Anx.) and depression (Dep.) (bottom), controlling for 
baseline scores. The points represent the regression 
coefficient, while the error bars represent 95% CIs 
(estimated using bootstrapping). (B) Participants’ 
scores on the task across the 3 time points.
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effective way to assess both decision making and the learning 
processes that facilitate it. We also demonstrated that implicit 
confidence in our task was predicted by different types of 
model-derived uncertainty, indicating that these quantities are 
not solely abstract values but have subjective meaning for 
participants. We also found that alternative models that did 
not represent uncertainty provided a poorer fit to the data, 
suggesting that uncertainty plays a role in learning task 
structure. An advantage of these models is that they allow 
learning to adapt to current uncertainty, such that unexpected 
outcomes are less influential during periods of certainty. 
However, we note that our models focus only on reducible (or 
estimation) uncertainty, because it represents the precision of 
a world model, and therefore should drive its use. Future work 
could investigate how these findings extend to our sources of 
uncertainty, such as environmental volatility (31).
Notably, our best-fitting model was one that relied purely 

on a model-based strategy (although there was variation in its 
fit across participants, with a substantial minority being best fit 
by a model-free variant). This is likely because model-free 
strategies performed poorly in the task due to very rapid 
changes in reward probabilities; the task was designed to 
promote model-based planning by using reward probabilities 
with low autocorrelation. However, we note that our model 
assumes that participants possess a correct, but uncertain, 
model of the task. An alternative explanation is that compul-
sivity is associated with an imperfect (but perhaps no less 
certain) model of the world. This was not possible to test with 
a simple task as was used here but would be an intriguing 
avenue for future work with more sensitive task designs. 
Furthermore, there are alternative models that may capture 
the pattern of dynamic learning seen here without explicitly 
representing uncertainty (for example, models that adjust 
learning rates according to prediction error magnitude). 
Therefore, future research should seek to confirm that the 
pattern of transition learning that we observed here is truly 
uncertainty dependent and explore alternative explanations 
for imperfect learning or use of world models.
Our longitudinal analyses demonstrated that both symp-

toms and behavior were relatively stable over time and that 
changes in symptoms were not predictive of changes in 
behavior. This may suggest that learning profiles are relatively 
stable markers of trait compulsivity, potentially reflecting a 
general vulnerability factor for more severe symptoms. This 
would be consistent with suggestions that deficits in model-
based planning are not ameliorated following successful 
treatment in OCD (32). However, it is also possible that this 
null result arose as a result of limited variability in symptoms 
available in a community sample. Longer-term investigations, 
including in samples with more extreme symptoms, may 
provide greater insight into these relationships. This may also 
suggest that these processes are not a promising target for 
later intervention, but we might speculate that they could 
serve as a target for earlier preventive interventions. This work 
also has limitations. While the use of an unselected, general 
population sample recruited online allows for well-powered 
investigations (2), the symptoms and underlying mechanisms 
present in such a sample may be qualitatively different from 
those seen in clinical populations. However, 20% of the par-
ticipants scored above established cutoffs for depression and

anxiety. Furthermore, these is evidence that relationships 
between compulsive symptoms and goal-directed decision 
making are present in both general population and clinical 
samples (27), suggesting that this may not necessarily repre-
sent a significant problem. Furthermore, while the sample was 
not selected based on clinical status, such individuals were 
not excluded. We also relied on self-report symptom mea-
sures and used a brief questionnaire (20,33) rather than the full 
set of items originally used to derive these transdiagnostic 
dimensions (4), which precludes us from assessing effects 
related to individual questionnaire measures. Lastly, we also 
note that our approach relies on a somewhat simplistic defi-
nition of habitual, and the precise definition of this term is 
debated (34); it is possible that participants using a model-free 
strategy may have chosen this as a result of a goal-directed 
decision where the goal is to obtain points, potentially 
considering cognitive cost, although we note that a recent 
study found that compulsivity and intrusive thought were also 
associated with habitual responding in a task that offers a 
purer measure of habitual behavior (35).
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