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Abstract

Adolescence is marked by neurocognitive changes
and heightened vulnerability to psychiatric
disorders. Yet, it remains unclear how age-related
changes in learning processes known to contribute
to adult psychopathology may contribute to the
emergence of psychiatric symptoms. In a sample of
889 individuals aged 10-25, we related
reinforcement learning computational phenotypes to
psychopathology measured along multiple
dimensions of dysfunction. Participants completed
three learning tasks targeting sensitivity to positive
versus negative outcomes, Pavlovian bias (innate
versus instrumental behavior), and model-based
control (goal-directed planning). Factor analysis of
self-report questionnaires identified four symptom
dimensions: rumination, physiological anxiety,
impulsivity/dysregulation, and anhedonia. Symptom
expression varied with age, and each symptom
domain demonstrated a distinct computational
signature.
Keywords:Reinforcement Learning;
Computational Psychiatry; Development

Introduction

During  adolescence, as individuals gain
independence and encounter new social and
intellectual challenges (Sanders, 2013; Verhoeven et
al., 2019), brain systems involved in reinforcement
learning also undergo major developmental shifts
(Hauser et al., 2019). This developmental window
coincides with increased risk for anxiety, mood
disorders, psychosis, and other conditions (Kessler
et al., 2005; Patton et al., 2016). Understanding how
neurocognitive development confers vulnerability to
psychopathology is critical (Paus et al., 2008). Here,
we examined whether specific
reinforcement-learning computations implicated in
adult psychiatric symptomatology may modulate
underlying psychiatric risk across development
(Goldway et al., 2023).

Methods

A total of N = 889 participants from the general
population, aged 10 to 25 years were divided into a
discovery sample (N = 456) and a replication sample
(N = 433). Here, we present results from the
discovery sample only, as recruitment for the study
is still ongoing.

Participants completed a battery of three
reinforcement-learning tasks and  self-report
questionnaires assessing transdiagnostic psychiatric
symptoms, including OCD (OCI), anxiety (SCARED),
depression (BDI), ADHD (ASRS), impulsiveness
(BIS), emotion dysregulation (TIDES), intolerance of
uncertainty (IUS), rumination (RRS), and anhedonia
(SHAPS), over a three-week period.

Reinforcement-learning tasks: The valence
asymmetry task (Niv et al, 2012) measured

sensitivity to signed prediction errors (the extent of
learning from positive vs. negative prediction errors).
On each trial, participants chose between a certain
cue (+5 points) and a risky cue that yielded +10 or 0
points with varying probabilities (20%, 50%, or 80%
for different cues). Feedback was provided on both
chosen and unchosen options, allowing learning
through both experience and counterfactual
feedback (Figure 1A). The Pavlovian Bias Task
(Zorowitz et al., 2023) measured how automatic
tendencies to approach rewards or withdraw from
punishments interfere with instrumental learning.
Participants saw "robot" stimuli and had to learn, via
feedback, whether to respond ("Go") or withhold a
response ("No-Go"). Trial types varied by reward
and punishment outcome domain and action
requirement, producing Pavlovian-congruent and
incongruent conditions. Feedback was probabilistic
(Figure 1B). Finally, in the Model-Based/Model-Free
Task (Decker et al., 2016), participants chose
between spaceships leading probabilistically to
different planets, followed by a second-stage choice
between aliens yielding rewards based on drifting
probabilities. The task  structure  allowed
distinguishing whether participants relied on an
action’s reward history alone (model-free) or also on
the task’s transition structure (model-based) when
making choices (Figure 1C). Behavior was analyzed
using variantes of previously published
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computational models (Rosenbaum et al., 2022;
Decker et al., 2016; Zorowitz et al., 2023)

Figure 1: Three reinforcement learning tasks

Results

Developmental trajectory of  psychiatric
symptomatology. We used factor analysis to
identify underlying dimensions of psychopathology
by clustering self-report items based on shared
variance (Figure 2A). Ruminative intrusion and
physiological anxiety both increased with age, with
significant linear and quadratic effects (age: p <
.001; age* p < .001). In contrast, impulsivity and
dysregulation decreased significantly as individuals
grew older (age: p < .001). Anhedonia showed a
non-linear trajectory, peaking during adolescence
(age* p < .05) (Figure 2B).
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Figure 2: Developmental trajectory of psychiatric
symptomatology in our sample aged 10-25
Developmental trajectory of learning
computations. Parameter estimates derived from
task behavior revealed age-related shifts in learning
processes, replicating past findings (Nussenbaum et
al., 2020; Rosenbaum et al., 2022). As individuals
aged, they became less optimistic, as reflected by
lower initial Q-values (p < .001) and increased
sensitivity to negative outcomes, particularly for the
unchosen option (chosen: p=.87; unchosen: p<.001)
in the valence asymmetry task. Pavlovian biases
remained stable across age (p = .325), while
model-based learning showed a significant increase

with age (p < .05).
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Figure 3: Developmental trajectory of psychiatric
symptomatology.
Correspondence between reinforcement-learning
phenotypes and transdiagnostic clinical
symptomatology. Regression models incorporating
task-derived parameters and age revealed
developmental patterns linking learning computation
to psychiatric symptoms. Ruminative intrusions were
elevated in individuals with negative asymmetry in
learning from unchosen outcomes (p < .05), with this
effect being stronger in younger participants (p <
.05). This symptom domain was also more
pronounced in individuals with lower initial Q-values
(p < .01) and reduced Pavlovian bias (p < .001).
Physiological anxiety was associated with a stronger
Pavlovian bias (p < .01), particularly during
adolescence, and with negative asymmetry in
learning from unchosen outcomes (p < .001).
Impulsivity and dysregulation were elevated in
adolescents with negative unchosen asymmetry (p <
.01) and higher levels of Pavlovian bias (p < .05).
Anhedonia was linked to higher Pavlovian bias (p <
.01), especially when combined with negative
asymmetry for unchosen outcomes (p < .01) and

younger age (p < .001).

Conclusion

Consistent with past findings, both learning
strategies and symptom dimensions changed with
age; however, their associations were not stable
across development and tended to peak during
adolescence. Moreover, interactions between
learning processes, such as Pavlovian biases and
valence asymmetry, uniquely predicted symptom
expression. These computational phenotypes offer
insight into the mechanisms through which learning
alterations may shape vulnerability to
psychopathology during adolescence.
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