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ABSTRACT
BACKGROUND: Psychotic experiences are thought to emerge from various interrelated patterns of disrupted belief
updating, such as overestimating the reliability of sensory information and misjudging task volatility, yet these sub-
strates have never been jointly addressed under one computational framework, and it is not clear to what degree they
reflect trait-like computational patterns.
METHODS: We introduce a novel hierarchical Bayesian model that describes how individuals simultaneously update
their beliefs about the task volatility and noise in observation. We applied this model to data from a modified pre-
dictive inference task in a test-retest study with healthy volunteers (N = 45, 4 sessions) and examined the relationship
between model parameters and schizotypal traits in a larger online sample (N = 437) and in a cohort of patients with
schizophrenia (N = 100).
RESULTS: The interclass correlations were moderate to high for model parameters and excellent for averaged belief
trajectories and precision-weighted learning rates estimated through hierarchical Bayesian inference. We found that
uncertainty about the task volatility was related to schizotypal traits and to positive symptoms in patients, when
learning to gain rewards. In contrast, negative symptoms in patients were associated with more rigid beliefs about
observational noise, when learning to avoid losses.
CONCLUSIONS: These findings suggest that individuals with schizotypal traits across the psychosis continuum are
less likely to learn or use higher-order statistical regularities of the environment and showcase the potential of
clinically relevant computational phenotypes for differentiating symptom groups in a transdiagnostic manner.

https://doi.org/10.1016/j.biopsych.2024.08.021
Computational phenotypes are computational parameters that
provide trait-like, mechanistic descriptions of psychological,
behavioral, or neural processes and have the potential to guide
psychiatric treatment (1,2). One area where computational
approaches have proven especially promising is in describing
schizotypal traits across the severity spectrum as aberrant
inference or learning (3–6).

Under normative accounts of statistical inference, the de-
gree to which new observations reflect meaningful events in
our environment should depend on our beliefs about several
distinct sources of uncertainty, such as our beliefs about
outcome uncertainty (how reliable or noisy we feel our obser-
vation was) and environmental uncertainty (how likely we
believe such an event to be) (7,8). Overestimating either the
precision of sensory sensations or the probability of unlikely
events can both lead to attributing too much saliency to in-
ternal sensations and random external events, leading to a
psychological state where the world seems imbued with sig-
nificant experiences that provoke bizarre explanations (4,9,10).

The challenge of separating outcomes arising from noise in
observation from outcomes that reflect latent environmental
changes has been operationalized in probabilistic reversal
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learning tasks. Empirical research using various variations of
learning tasks has shown that patients with schizophrenia tend
to update their beliefs more rapidly (11,12), overestimate the
likelihood of a contextual change (13), and are more likely to
switch between choices in binary choice tasks (14,15).
Computational work implies that these behavioral patterns
result from an overestimation of and uncertainty about the task
volatility (16–18); however, several important issues remain to
be resolved.

First, all computational work in this domain only investi-
gated either beliefs about volatility or beliefs about observation
noise and did not account for both simultaneously and within
one common framework. This is an important limitation
because the 2 mechanisms are computationally interdepen-
dent, and abnormalities in one might be attributed to abnor-
malities in the other (19). They might also represent 2 different
factors of the illness and recruit different brain circuits (20,21).
Second, findings of increased updating in patients with
schizophrenia are hard to reconcile with a range of studies
showing that patients demonstrate reduced belief updating
and impaired flexibility (22–25) and display overconfidence
across a range of social, cognitive, and learning tasks (26–30).
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Third, a major setback in defining outputs of computational
models as clinically relevant phenotypes has been that their
test-retest reliability is either unknown (31) or modest at best
(32–34). Despite recent progress demonstrating fair to good
reliability of parameters in reinforcement learning tasks (35–40),
test-retest scores of parameters representing beliefs about
more abstract task features, such as task volatility or outcome
variance, are simply not known. Finally, it is not clear to what
degree the proposed belief updating patterns are specific to
positive symptoms, rather than to the syndrome of schizo-
phrenia more generally, and whether they represent trans-
diagnostic patterns on a whole spectrum of clinical severity.

The current study aimed to address these issues. We first
introduce a model that describes how individuals dynamically
update their beliefs about environmental volatility and obser-
vational noise when both can dynamically change throughout
the task. We then determined the minimal task conditions
under which satisfactory reliability of computational parame-
ters was feasible. We then empirically investigated whether the
parameters of the computational model were reliable and
clinically meaningful measures. To this end, we first conducted
a test-retest study in healthy volunteers and looked at which of
the 3 computational patterns predicted subclinical delusional
ideation (experiment 1). We then replicated and extended the
findings of experiment 1 in a larger dataset of healthy partici-
pants (experiment 2) and a dataset of patients with schizo-
phrenia (experiment 3).

METHODS AND MATERIALS

Computational Modeling

How an observer updates their beliefs about a latent cause in
an environment where the (sensory) observations are noisy and
the underlying cause changes has been operationalized within
the predictive inference task (Figure 1A). In one commonly
used cover story, the participants needed to guess the position
of a hidden helicopter by simply observing where items
dropped from that helicopter appeared on the ground (23).
Observational noise is introduced by the dropped items
randomly deviating from the actual position of the helicopter
and the latent change is operationalized by the helicopter
changing its position. The only way to notice the change is to
infer it from the dropped items. Participants are asked to
predict the location of the next drop and (optionally) how
confident they are in their prediction. In this task, a prediction
error (PE) is simply the difference between the predicted and
actual outcome, and the (model agnostic) learning rate is the
change in the response from one trial to the next, normalized
by PE. Behavioral measures include average learning rates, the
adaptation of the learning rate based on outcome variance,
and the effect of PE on confidence ratings.

To model how participants form beliefs about the underlying
state and the associated observational noise, we use a meta-
Bayesian framework (41,42). We define the observers’
assumed generative model of how observations are generated
and invert this model, which gives us a set of update equations
that amount to a generalization of the hierarchical Gaussian
filter (8,43,44). In a well-established 2-level version of the hi-
erarchical Gaussian filter, the mean latent variable x and its
volatility xv are modeled as states, and the observational noise
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is a fixed parameter a (8). Here, we modify this model to
instead model observational noise as a state, xa, with its own
volatility. This allows us to infer not only the participants’ mean
beliefs and uncertainties about the overall mean mx and envi-
ronmental volatility mv but also their mean beliefs about
observational noise ma. Importantly, the evolutions of the 3
described states are governed by 3 agent-specific parameters:
variance volatility parameter ua (the rate of change of the
variance state), environmental volatility parameter ϑ (the rate of
change of the volatility of the mean), and tonic volatility
parameter u (the rate of change of the mean x, after ac-
counting for the environmental volatility) (see Table S1 for
update equations and Figure S1).

The likelihood function (or the decision model) probabilisti-
cally maps beliefs about the mean mx to behavior (y) with a
Gaussian distribution:

yðtÞ ¼ N
�
mðtÞ; expðhÞ

�
(1)

where h stands for decision noise, or measurement error (on a
log scale), which represents the participant-level error term in
the parameter fitting, and therefore captures behavior of par-
ticipants not accounted for by the model (such as lack of
attention, motivation, or other random behavior). Parameter
estimation was done both without pooling and hierarchically
(refer to Supplemental Methods for details on parameter esti-
mation and intraclass correlation coefficient [ICC] calculation).

Experiment 1

Participants and Procedures. Fifty-five healthy adults
(N = 55) took part in 4 in-person testing sessions separated by
at least 1 week, of whom 45 finished all 4 sessions and were
included in the final analysis. On each session, participants
performed a behavioral battery that included the predictive
inference task, as well as an exploration-exploitation task and
a losing of control task (45) that will be published elsewhere. In
the third session, participants filled out the Peters et al. De-
lusions Inventory (PDI) (46), and in the fourth session they
played the two-step task (47,48). The participants earned a
base fee of V40 and could earn up to V80 through bonus
payments from the tasks. All participants gave written informed
consent, and the experiment was approved by the ethics
committee of the University of Vienna (# 1918/2015).

The Predictive Inference Task. In the adapted predictive
inference task (49), participants are required to predict the
outcome of each trial. The outcome is a random number be-
tween 0 and 100, drawn from a normal Gaussian distribution
with a certain mean and standard deviation, with a rebounding
boundary. In contrast to the task by Nassar and colleagues,
both the mean and the standard deviation change several
times throughout the task. The probability of the mean
changing is 0.1 except for the first 3 trials of each block and the
probability of the standard deviation to change when the mean
changed is 0.4, and could be either high (15) or low (5). Par-
ticipants could express their confidence with a longer button
press and performance was incentivized based on PEs (the
smaller the PE, the higher the reward). Participants played 240
trials in 4 sessions with 4 different trajectories that did not
chiatry January 15, 2025; 97:188–197 www.sobp.org/journal 189
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Figure 1. Computational model. (A) Observations are generated from an unobservable dynamically changing Gaussian variable with varying variance.
Observers make predictions based on their beliefs and use the prediction errors to update their beliefs about the underlying states. Belief updates are regulated
by the precision weight j1, ratio of the belief about outcome precision (pu) and the belief about the expected mean precision (px ), which is in turn governed by
both prior belief precision or uncertainty sx and belief about volatility mv . (B) The generative model is defined as 2 parallel cascades of Gaussian random walks,
where the first governs the evolution of the underlying mean (x) and its (log) volatility (xv ), and the second governs the evolution of the outcome variance (xa ),
also on a log scale. (C) Model inversion through the hierarchical Gaussian filter provides both the mean and the precision of beliefs about the mean, variance,
and volatility of the latent variable.
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change across participants. The task was embedded in a
cover story, where an alien mines for gold. For a detailed
description of the task, see Supplemental Methods.

The Two-Step Task. The two-step task is often used as a
behavioral measure for the capacity for model-based decision
making (47,48), whereby keeping a model of the mapping
between steps 1 and 2 can improve points earned in the task
(see Supplemental Methods for details). For 5 participants, the
data of the task were not saved; therefore, a total of 40 par-
ticipants were included in the analysis of these data.

Behavioral Analysis. For frequentist mixed linear models,
the lme4 package in R was used, and for Bayesian mixed linear
models, the brms package was used. For frequentist models,
we report confidence intervals (CIs) and p values. For Bayesian
models, we report credibility intervals (CrIs) and the probability
mass of the posterior distribution that lies above (or below)
0 (p). For details on behavioral analysis, see Supplemental
Methods.
190 Biological Psychiatry January 15, 2025; 97:188–197 www.sobp.or
Experiment 2

In the second experiment, we reanalyzed data from a previously
published online study (50). Here, a sample of 437 participants
recruited through Amazon Mechanical Turk (Table 1) played a
version of the predictive inference task that deviated from that in
experiment 1 in several ways. First, the outcome was generated
with constant noise but under varying volatility; second, the
cover story required participants to catch particles on a circle;
third, confidence was expressed on a visual analog scale after
each prediction; and fourth, participants could lose points if their
prediction was poor enough [see Supplemental Methods and
(50) for details]. The participants filled out a wide range of
questionnaires assessing general psychopathology including
the Short Scales for Measuring Schizotypy that consists of 4
subscales (51). In our main analysis, we used the unusual
experience subscale and the introvertive anhedonia subscale
that are phenomenologically related to positive and negative
symptoms of psychosis, respectively. In an exploratory fashion,
we also looked at how our model parameters relate to the
anxious-depression factor of the factor analysis reported in (50).
g/journal
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Table 1. Demographic Data

Experiment 1,
N = 45

Experiment 2a,
N = 437

Experiment 3b,
N = 100

Gender, n (%)

Female 31 (68.9%) 196 (44.9%) 33 (33.3%)

Male 14 (31.1%) 241 (55.1%) 67 (66.6%)

Age, Years,
Mean (SD)

25.31 (4.14) 37.54 (10.39) 37.08 (10.05)

Race, n

African
American

NA NA 40

Asian 4

Caucasian 49

Mixed/Other 7

Parental
Education,
Years, Mean
(SD)

NA NA 14.56 (2.93)c

Data Collection
Site

In person,
Vienna, Austria

Online, United
Statesd

In person,
Baltimore,
Maryland

NA, data not available.
aData from (50).
bData from (23).
cData for parental education are missing for 5 participants in experiment 3.
dParticipants were recruited through Amazon Mechanical Turk.
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Experiment 3

In the third experiment, we reanalyzed data from a previously
published study with patients with schizophrenia (23). Data
were used from 102 participants (Table 1) with a diagnosis of
schizophrenia or schizoaffective disorder collected at the
Maryland Psychiatric Research Center, University of Maryland
School of Medicine. Participants were stable outpatients, most
treated with antipsychotic medications. Inclusion criteria were
a presence of a schizophrenia spectrum disorder in patients.
Exclusion criteria were a presence of a neurological disorder or
a cognitively impairing medical disorder. The severity of posi-
tive symptoms was assessed with the Brief Psychiatric Rating
Scale (52), averaging the items grandiosity, suspiciousness,
unusual thought content, and hallucinations. Negative symp-
toms were estimated with an average rating across all items of
the Scale for the Assessment of Negative Symptoms (53). For
2 participants, symptom data were missing, and participants
were excluded. In the predictive inference task performance
was incentivized in 2 different ways across 2 different task
sessions, each lasting for 100 trials. In the reward-seeking
condition, participants could earn points, and in the loss-
avoiding condition, participants would have points taken away
from their initial endowment in a performance contingent way.
In contrast to experiment 1, no confidence data were collected,
and the cover story was built around a helicopter obscured by
clouds dropping items (see Supplemental Methods for details).

RESULTS

Computational Model

We used simulations to determine under which conditions the
recovery and test-retest reliability of computational parameters
in an experiment would be sufficient. We found that parameter
Biological Psy
recovery is generally excellent when trial numbers are
adequate (Figure S2). We then simulated behavior on 2
different trajectories and calculated ICCs (type ICC3k) (see
Supplemental Methods). Simulated ICCs for all 3 parameters
(even when comparing task trajectories with various trial
lengths) were excellent with sufficient trial numbers conditional
on decision noise (Figure 2A and Figure S3), in contrast to
binary task structures and associated models (Figure 2B).

Experiment 1

Model and Behavior. Participants (n = 45) (see Table 1 for
demographics) in our task tended to adapt their learning rate
(b =20.167, SE = 0.011, d = 0.168, t139.34 =215.761, p, .001)
(Figure 3A), beliefs about variance (b = 0.108, SE = 0.015,
d = 0.190, t55.245 = 7.199, p , .001) (Figure 3B), and volatility
(b = 0.14519, SE = 0.01588, d = 0.265, t52.504 = 9.141, p, .001)
(Figure 3C) across the 2 variance blocks. Model comparison
revealed that the model with all 3 parameters outperformed
the 2 other models with fixed ϑ (Tables S2 and S3).

Hierarchically derived ICC scores were the following: for u,
the mean was 0.787 (95% CrI, 0.681 to 0.874); for ϑ, the mean
was 0.557 (95% CrI, 0.261 to 0.819); and for ua, the mean was
0.491 (95% CrI, 0.264 to 0.711) (Figure 3D), indicating at least
moderate ICCs. However, when looking at the ICC scores
(ICC3k, absolute raters) of averaged trial-by-trial trajectories
calculated with a separate linear model (Figure 3E), we found
excellent test-retest scores for the precision-weighted learning
rates j1 (ICC = 0.93; 95% CI, 0.88 to 0.96), mean beliefs about
volatility mv (ICC = 0.92; 95% CI, 0.87 to 0.95), and noise ma

(ICC = 0.92; 95% CrI, 0.88 to 0.96). Note that the ICC scores
were lower when parameter estimation was done without pool-
ing (Figures S4–S6) or when considering single-rater ICC scores.

We defined 3 participant-level behavioral patterns that
reflect implicit learning rates (BU ), learning rate adaptation to
variance (BL), and confidence adaptation to PE (BC). All 3 had
excellent ICCs (all mean ICCs . 0.9) (Figure 3F and Figure S7)
and were differentially related to the model parameters
(Figure 3G–I and Tables S4–S6). Furthermore, we found that ϑ
correlated negatively to the performance in the two-step task
(r = 20.371, p = .048) (Figure 3J).

Delusional Ideation Is Associated With the Environ-
mental Volatility Parameter. We found that higher PDI
was related to increased environmental volatility parameter ϑ
(effect size d = 0.687; 95% CrI, 0.027 to 1.373; p[d , 0] = .02)
(Figure 4A, B) and no evidence for a decrease in the tonic
volatility parameter u (d = 0.176; 95% CrI, 20.407 to 0.771;
p[d , 0] = .286) and no conclusive evidence of an effect on the
noise volatility parameter ua (d = 20.548; 95% CrI, 21.317 to
0.198; p[d . 0] = .072) (Table S7). We found no robust evi-
dence of PDI’s effect on the behavioral pattern associated with
ϑ, confidence behavior (bPE:PDI = 0.009; 95% CrI, 20.011 to
0.029; p[b , 0] = .186) (Figure 4C).

Experiment 2

We analyzed the data from (50) with the same computational
model as in experiment 1 and investigated how the model
parameters relate to schizotypal traits. Associating the scores
of the positive schizotypy (unusual experience subscale) with
chiatry January 15, 2025; 97:188–197 www.sobp.org/journal 191
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Figure 2. Simulated intraclass correlations. (A)
ICC3k (absolute raters) scores in the simulation of
behavior in the predictive inference task with 3 levels
of decision noise h (1, 16, or 48). (B) Binary reversal
one-armed bandit task, where the trajectories (cor-
rect/incorrect) are generated with the same proba-
bility of reversal as in (A) and the probability of correct
in each block being 0.2, 0.8, or 0.5. The decision
noise is parametrized through the softmax inverse
temperature set as 48, 8, or 1 (from low to high noise).
Note that in tasks with binary outcome variables, the
probability of outcome (p) determines the outcome
variance (p [1 2 p]) therefore making it indistinguish-
able from prior beliefs. ICC, intraclass correlation
coefficient.
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the model parameters, controlling for age, gender, and IQ, we
found positive correlations with the environmental volatility
parameter ϑ (d = 0.092; 95% CrI,20.001 to 0.186; p[d, 0] = .026)
(Figure 4D), with no conclusive evidence for an effect on ua

(Table S8). For the negative schizotypy (introvertive anhedonia
subscale) (Figure 4E), we found weak evidence of a negative cor-
relation with ua (d = 20.081; 95% CrI, 20.179 to 0.017;
p[d . 0] = .053) and u (d = 20.071; 95% CrI, 20.168 to 0.023;
p[d. 0] = .071) but no evidence for an association with ϑ (Table S9).
We also found that unusual experience subscale modulated the
effect of PE on confidence ratings (d = 0.035; 95%CrI, 0.015–0.055;
p[d , 0] , .001) (Figure 4F and Table S10), but introvertive anhe-
donia subscale did not (d = 0.01; 95% CrI, 20.009 to 0.029;
p[d , 0] = .154).

As an exploratory measure, we investigated how our model
parameters correlate with the anxious-depression trans-
diagnostic factor of the factor analysis and found that the
factor was negatively related to u (d = 20.125; 95%
CrI, 20.222 to 20.03; p[d . 0] = .006) (Table S12), as well as
ua (d = 20.111; 95% CrI, 20.21 to 20.013; p[d . 0] = .013)
(see the Supplement for models with other subscales and
factors of the factor analysis).

Experiment 3

The behavior in this experiment was analyzed with the same
model as in experiments 1 and 2, whereby we estimated the
192 Biological Psychiatry January 15, 2025; 97:188–197 www.sobp.or
parameters for the 2 incentivization conditions (reward seeking
and loss avoiding) separately, giving 6 parameters in the belief
model. We first looked at the association between the 6 pa-
rameters and the positive symptoms and found that the envi-
ronmental volatility parameter ϑ estimated in the reward-
seeking condition was a significant predictor of positive
symptoms (d = 0.192; 95% CrI,20.013 to 0.397; p[d, 0] = .034)
(Figure 5A, C and Table S14), whereas we found no credible
support for u (d = 20.058; 95% CrI, 20.274 to 0.149;
p[d . 0] = .287) or ua (d = 20.147; 95% CrI, 20.358 to 0.067;
p[d . 0] = .088). We also found no evidence for an association
between the parameters estimated in the loss-avoiding con-
dition on positive symptoms (all p . .368). To ensure the
robustness of the main effect of ϑ (seek), we ran several other
models and found the effect remains stable when including
decision noise in both conditions, age, gender, and finally IQ.
We also repeat the analysis by excluding patients with poorest
performance (for details and results of these effects, see
Table S16).

When looking at negative symptoms, we found that in the
loss-avoiding condition, there was a negative association be-
tween ua (d = 20.282; 95% CrI, 20.498 to 20.057; p[d . 0] =
.007) (Figure 5B, D and Table S15) and u (d = 20.208; 95%
CrI, 20.428 to 0.027; p[b . 0] = .039) but not ϑ (d = 0.071; 95%
CrI, 20.149 to 0.282; p[d , 0] = .274). We found no evidence for
an association of negative symptoms with the model parameters
in the reward-seeking condition (all p . .222).
g/journal
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Figure 3. Model performance in experiment 1.
(A–C) Learning rate on a log scale (A), beliefs about
variance (B), and beliefs about volatility (C) across
the variance blocks. Parameter estimation was per-
formed hierarchically. All dependent variables were
scaled within participant and then averaged within a
participant and a variance block and then across
participants. Bar plots and error bars represent
means and standard errors across participants (with
n = 45). (D) Empirical intraclass correlation coeffi-
cient (ICC) scores derived from the hierarchical
model (means and 95% confidence intervals [CIs]).
(E) Single and average fixed rater ICCs (means and
95% CIs) of model derived trial-by-trial precision-
weighted learning rates (j1), beliefs about outcome
variance (ma), and volatility (mv ) averaged within
participant. (F) ICCs (means and 95% CIs) plotted
for the participant-level random slope of prediction
error (PE) effect on confidence on the next trial
(BC), signed PE on signed update (BU), and the
effects of variance on learning rate (BL). (G–I)
Relationship of random slopes BU, BL, and BC on
model parameters. (J) Correlation between the
performance in the two-step task and the
environmental volatility parameter ϑ in session 1
(n = 40).
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Finally, we investigated whether the association between ϑ
(in the seek condition) and symptoms was specific to the
positive symptoms. By comparing the effect sizes using
Fisher’s z-transform method, we found no convincing differ-
ences between the 2 correlations (z = 1.110, p = .133). To get a
more detailed view of how the combinations of model pa-
rameters relate to the 2 symptom variables, we conducted a
penalized canonical correlation analysis (54) (Figure 5E) (for
details, see Supplemental Methods). Using 2 latent canonical
variables, we found that positive symptoms and ϑ in the seek
condition load on to correlated canonical variables (r = 0.254,
p = .038). In contrast, ϑ in the seek condition has only a very
weak correlation with the canonical variable that negative
symptoms correlate with.

DISCUSSION

We introduce a computational model that describes how in-
dividuals with schizophrenia and schizotypal traits learn in
environments where both observational noise and the volatility
of environmental changes can vary. We demonstrate that
positive schizotypal traits and positive symptoms of
Biological Psy
schizophrenia are related to higher uncertainty about the task
volatility, even when accounting for how participants update
their beliefs about observational uncertainty.

Previous work suggests that schizotypal traits correlate with
volatility estimates across both clinical and nonclinical samples
(16,18); however, not accounting for participants’ perception of
outcome reliability limits the conclusions that can be drawn
from these studies (19,55). Importantly, even in stable task
environments (without latent changes), patients with schizo-
phrenia do not down-weight their updating in response to
higher outcome variance (56) and fail to attenuate sensory
signals (6,20,57,58). In our data, positive symptoms in chronic
patients and schizotypal traits were associated with rigid be-
liefs about outcome variance; however, the effects did not
reach the significance thresholds. Instead, our findings sug-
gest that positive schizotypy and positive symptoms are
associated with an inability or unwillingness to extract and use
higher-order statistical features of the environment.

Proposed biological implementations of hierarchical
Bayesian inference suggest that these processes are encoded
at higher levels of the neural hierarchy (20,59,60).
chiatry January 15, 2025; 97:188–197 www.sobp.org/journal 193
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Figure 4. Model parameters and schizotypal traits in experiments 1 (A–C) and 2 (D–F). (A) Posterior distributions of effect sizes of the effect of each model
parameter (averaged per participant) regressed against Peters et al. Delusion Inventory (PDI), plotted over means and credibility intervals (CrIs). (B) Correlation
plot of ϑ and PDI. PDI was log transformed and scaled. (C) Plotting confidence ratings after change points in experiment 1. Points and error bars represent
means and standard errors (across participants). Line and shade represent the posterior predictive mean and 95% predictive interval of a linear regression
model predicting confidence from prediction errors. (D) Plotting posterior distributions of effects of each model parameter, over means and CrIs of effect
sizes when positive schizotypy (unusual experience [UE] subscale of the Short Scales for Measuring Schizotypy) was regressed against the 3 parameters
controlling for age, gender, and IQ. (E) Same as (D) but for negative schizotypy (introvertive anhedonia subscale of the Short Scales for Measuring
Schizotypy). (C) Plotting confidence ratings after change points for the median split of the UE. Points and error bars represent means and standard errors
(across participants). Line and shade represent the posterior predictive mean and 95% predictive interval of a linear regression model predicting
confidence from prediction errors.
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Neuroimaging studies report that volatility estimates are
encoded in the dorsal prefrontal cortex (61,62) and this
encoding of volatility might be different in patients with
schizophrenia compared with healthy control participants (16).
It has been proposed that positive symptoms result from a
disruption of prefrontal and hippocampal circuits through
hypofunction of glutamatergic receptors (63). This abnormality
could reduce the precision of top-down predictions and make
the world seem more uncertain and surprising (6). In this
context, symptoms may emerge as a compensatory mecha-
nism to explain a seemingly chaotic world (64). This notion is
supported by modeling work depicting how having weak priors
over possible explanations can serve as a protective belt (65),
allowing unpredictable events to be explained away with a new
194 Biological Psychiatry January 15, 2025; 97:188–197 www.sobp.or
hypothesis (e.g., a new change has occurred), while at the
same time being consistent with the former belief being held
with high confidence and rigidity (66). This is also in line with
our data where higher uncertainty about volatility was associ-
ated with higher confidence and reduced model-based
behavior.

Using penalized canonical correlation analysis, we find
some evidence for the claim that this pattern is related to
positive but not negative symptom domains, although a direct
comparison of effects using simpler methods failed to show
this specificity. Thus, we regard these findings as tentative and
preliminary, and a larger dataset will likely be required for more
conclusive evidence (or lack thereof). Interestingly, negative
symptoms in patients were related to reduced beliefs about
g/journal
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Figure 5. Modeling results from a sample of pa-
tients with chronic schizophrenia in experiment 3.
(A, B) A total of 6 parameters (3 parameters of the
belief model for both reward-seeking and loss-
avoiding conditions) were used as predictor vari-
ables in 2 models predicting positive symptoms
measured by the Brief Psychiatric Rating Scale
(BPRS) (A) and negative symptoms measured by the
Scale for the Assessment of Negative Symptoms
(SANS) (B). Plotting posterior distributions of effects
of each model parameter over means and credibility
intervals (CrIs) of effect sizes across 2 incentivization
conditions. (C, D) Correlation plot for ϑ in the seek
condition and positive symptoms (C) and negative
symptoms (D). (E) Results of a penalized canonical
correlation analysis. We used canonical correlation
analysis to find the maximal correlation between a
linear combination of computational parameters
from the belief model with the linear combination
of the 2 symptom domains. Bootstrapping with
5000 permutations was used to obtain p values.
CV, canonical variable; GLM, general linear model.
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observational noise when avoiding losses. A suggestive
pattern in the same direction was observed for negative
schizotypy and, more reliably, in the anxious-depression
transdiagnostic psychiatric dimension. Previous work in
humans and rodents has shown that estimates of outcome
uncertainty and learning rate adaptations are encoded in the
dopaminergic midbrain (67–70) and amygdala (71) and were
shown to be reduced in anxiety (72). Our results support the
notion that negative symptoms, similar to traits related to
anxiety and depression, may be associated with such mis-
estimations of outcome uncertainty, particularly in aversive
contexts.

Despite the consistency of our main findings across the 3
studies, several pertinent issues must be considered. First,
there were some important differences among the 3 experi-
ments. The 2 measures of schizotypal traits in experiments 1
and 2 were not the same. Although convergent validity be-
tween them is, to our knowledge, yet to be established, our
results support the notion that the 2 scales capture similar
Biological Psy
aspects of schizotypal psychopathology. The task versions
across the 3 experiments also had small but important differ-
ences, such as the manner of responding, the cover story, and
incentivization schemes. Second, the effect sizes of main ef-
fects were small to moderate. Meta-analytic evidence in-
dicates that this is usually the case when considering specific
associations of belief updating patterns with positive symp-
toms (73,74), and such effect sizes can still have clinically
meaningful implications (75), especially given the possibility of
repeated measurement, which current standardized question-
naires are not suited for. Third, the significance threshold we
used was not very conservative. To mitigate overfitting, we
included predictors in a single model and used weakly infor-
mative shrinkage priors for regularization. Taken together,
these limitations imply that more direct replications of the re-
sults of each (or either) experiment are valuable as is a more
systematic investigation of the effects of various task modifi-
cations. Finally, we showed that ICCs of computational pa-
rameters can sometimes be improved by using continuous
chiatry January 15, 2025; 97:188–197 www.sobp.org/journal 195
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inputs and hierarchical estimation, as shown previously
(39,40,76); however, test-retest studies in clinical populations
are needed to investigate to what degree these results
generalize to patients.

In conclusion, we showed that mechanistic descriptions of
how individuals with psychotic symptoms and psychotic-like
traits process information when faced with various sources
of uncertainty have the potential to become reliable, trans-
diagnostic, and clinically meaningful computational
phenotypes.
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