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Background: Cannabis users present an important group for investigating
putative mechanisms underlying psychosis, as cannabis-use is associated with
an increased risk of psychosis. Recent work suggests that alterations in belief-
updating under uncertainty underlie psychosis. We therefore compared belief
updating under uncertainty between cannabis and non-cannabis users.

Methods: 49 regular cannabis users and 52 controls completed the Space
Game, via an online platform used for behavioral testing. In the task, participants
were asked to predict the location of the stimulus based on previous information,
under different uncertainty conditions. Mixed effects models were used to
identify significant predictors of mean score, confidence, performance error
and learning rate.

Results: Both groups showed decreased confidence in high noise conditions,
and increased belief updating in more volatile conditions, suggesting that they
could infer the degree and sources of uncertainty. There were no significant
effects of group on any of the performance indices. However, within the cannabis
group, frequent users showed worse performance than less frequent users.

Conclusion: Belief updating under uncertainty is not affected by cannabis use
status but could be impaired in those who use cannabis more frequently. This
finding could show a similarity between frequent cannabis use and psychosis risk,
as predictors for abnormal belief-updating.
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1 Introduction

Psychosis is characterized by symptoms such as hallucinations
and delusions that can cause severe distress (1). Contemporary
research on psychosis increasingly focuses on the investigation of
non-clinical cohorts deemed to have heightened vulnerability to
psychotic disorders (2) as well as those exhibiting subclinical
phenomena reminiscent of psychotic symptoms (3). These groups
are often more accessible than clinical groups and might reveal
clinically relevant details about psychotic symptoms that can be
observed in the absence of the confounding effects of factors such as
medication (4). They may also enable us to identify markers that are
predictive of psychosis-transition in risk groups (5).

A large body of research investigates people at clinical high risk
for psychosis (CHR-P) who have an estimated overall transition
rate to psychosis of 25% within a three-year timeframe (3). While
this research has already revealed important insights, it is important
to note that only a minority of people with a first episode of
psychosis were previously managed/identified by early detection
services aimed at CHR-P individuals (6, 7). This stresses
the importance of investigating other groups of individuals
who may be more vulnerable to, or present with risk factors
for psychosis.

An established risk factor for psychosis is cannabis use (8). It is
associated with an increased risk of psychotic disorders, particularly
among adolescent users (8-12). Specifically, daily cannabis users
were found to be three times more likely to experience a psychotic
episode compared to non-users (13). One study showed that almost
half of those presenting with cannabis-induced psychosis developed
a psychotic disorder in the following three years (14), while another
longitudinal study found a considerable association between
cannabis use disorder and the subsequent development of
psychotic unipolar depression and bipolar disorder (15). Finally,
cannabis has been associated with alterations in dopamine release,
the main neurotransmitter in psychosis, although results are
mixed (16).

As such, cannabis users are a valuable group to investigate
candidate mechanisms for psychosis. There is increasing evidence to
suggest that psychotic symptoms result from key alterations in the way
that individuals update their beliefs about uncertain outcomes (17—
20). Belief-updating under uncertainty involves the adaptation to the
constantly changing environment, by distinguishing relevant from
irrelevant stimuli (21-23). In this regard, the term “expected
uncertainty” (noise) refers to the predictable variability of the
environment, while “unexpected uncertainty” refers to unpredictable
changes (volatility) in the environment (23, 24). Successful adaptation
requires a high rate of belief-updating under conditions of unexpected
uncertainty, where new information could serve as evidence for an
important change, while a low learning rate should be adopted under
the conditions of expected uncertainty, where new information is an
expected variation of the current belief (23). Studies that investigated
belief-updating under uncertainty using probabilistic paradigms found
an association with psychosis, particularly an overestimation of
environmental volatility and failure to adapt to change in
uncertainty (25, 26). These findings have also been replicated in
cohorts with CHR-P (27-29).
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While there is evidence supporting that the attribution of
salience to insignificant events (referred to as aberrant salience),
which may impact belief updating, is associated with cannabis use,
research on belief updating in cannabis users (30) remains scarce.
The only study to date that investigated belief-updating in cannabis-
users, did not include high-volatility conditions, the processing of
which is thought to be primarily affected in psychosis (31). More
research is thus required to investigate how cannabis users adapt to
noise and volatility and reveal whether there are any shared patterns
with individuals on the psychosis spectrum. This study, therefore,
aimed to investigate the association between cannabis use and
belief-updating under conditions of noise and uncertainty in a
general population sample. We used a novel task, designed to
capture the key information needed to learn about uncertain
outcomes (the mean, expected and unexpected uncertainty). A
secondary aim was to explore if there would be a relationship
between cannabis use, psychotic-like symptoms, and belief-
updating under uncertainty.

2 Methods

All procedures in this study were approved by the King’s
College London ethics committee (Cannabis users: LRU-20/21-
20376, non-cannabis-users: MRA-19/20-19444) and all
participants provided informed consent before taking part in the
study. The collected data was processed in compliance with the
United Kingdom General Data Protection Regulation (GDPR).

2.1 Participants

Participants were recruited online through the platform ‘Prolific’
(https://www.prolific.co), which is an online platform used for
anonymous recruitment of research volunteers. The cannabis-using
group (CU) was selected based on the completion of a pre-screening
questionnaire on Gorilla (https://gorilla.sc), which assessed cannabis
use status and medical history. The inclusion criteria were age 18-40,
fluency in English, UK residence, and frequency of cannabis use of 3
times a week or more. The people who were currently undergoing
treatment or taking medications for treating symptoms of anxiety
and depression and those who had a current or past diagnosis of a
mental health condition were excluded from the study. The control
group was selected from a larger general population cohort through
the same procedure as the cannabis users. The participants who
reported never using cannabis (generally or continuously) and
responded “not applicable” to the question about the type of
cannabis used were selected as non- cannabis users (NCU). They
were matched with the CU group by age, gender, ethnicity, device
type and education.

2.2 Procedure

The volunteers who fulfilled the eligibility criteria were invited
to participate in the study via Gorilla (gorilla.sc), an online platform
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that is used for behavioral experiments. The participants provided
informed consent and completed a questionnaire on baseline
demographics, before taking part in the study.

Both participant cohorts were part of a larger study, and data
was collected on demographic information, mental health scales
(for depression, anxiety, paranoia, psychometric schizotypy), and
performance in a range of behavioral tasks, including the Space
Game. After completing the study, the participants were reimbursed
with £6.50 per hour spent and an additional payment of up to £2 for
the score obtained in the Space Game.

2.3 Materials

2.3.1 The Schizotypal Personality Questionnaire

This study included the scores on the Schizotypal Personality
Questionnaire-Brief (SPQ) which is a 22-item self-reporting tool
consisting of yes/no questions about 3 domains of schizotypal
personality disorder: (i) Cognitive perceptual deficits (CPD),
referring to belief-related traits such as magical thinking or
paranoid ideation, (ii) Interpersonal Deficits, regarding social
interactions, and (iii) Disorganization, which refers to unusual
behavior or speech (32).

2.3.2 The Peters Delusion Inventory

The Peters Delusion Inventory (PDI) is a 21-item measuring
delusional ideation in the general population (33). The PDI is
comprised of 11 components: persecution, suspiciousness, paranoid
thinking, religiosity, grandiosity, paranormal beliefs, thought
disturbances, negative self, depersonalization, catastrophic ideation
and thought broadcast, ideation of reference and influence (33).

10.3389/fpsyt.2024.1309868

2.3.3 The Space Game

The Space Game is a probabilistic learning task adapted from a
previous study (34) designed as an interactive game in which
participants are tested on their ability to adapt to changes in noise
(expected uncertainty) and volatility (unexpected uncertainty) of
the environment.

In the task, the participants are instructed to collect space junk
that falls from an unseen spaceship, by horizontally moving a rover
(keys A,D or arrows left and right), which has an adjustable
electromagnetic ‘beam’ (keys W.,S or arrows up and down) that
can collect the falling junk (Figure 1). By successfully collecting the
falling space junk, participants can obtain points and the narrower
the beam, the more points are added to the total score. The score is
then converted to monetary rewards (section 2.2), which creates an
incentive for participants to adapt to the uncertainty in the location
of the space junk and thus obtain a higher score.

The task consists of 219 trials divided into 6 blocks (i.e. levels)
(Table 1), which begin when the participant starts moving the rover
and stop after 5 seconds have passed. At the beginning of each level,
participants are given a cue of where the space junk fell previously
so that they can adapt their prediction and move the rover to the
predicted location of the next falling junk. This process is repeated
in each trial. For a more precise prediction of the new location,
participants can adjust the width of the rover beam (Figure 1). At
the end of each trial, participants are given feedback about whether
they were successful in catching the space junk, or whether they
missed (Figure 1). The trial score is then calculated based on
whether the space junk was collected and the precision of the
beam width. Successful collection of the space junk indicates that
the prediction of its location was correct, and a narrower beam
width indicates a higher level of confidence in this prediction.

FIGURE 1

An overview of the Space Game. (A) Hint. The screen shows where the last piece of space junk fell. Please use this information to guess where the
next piece will fall. (B) Move the rover. Move the rover to the place where you think the space junk will fall. On a computer use the keyboard arrows.
On a smartphone, use the arrows on the touchscreen. (C) Adjust the power. Adjust the power, using the lowest setting that will allow you to catch
the junk, using the up and down arrows. Once you have adjusted the power it will become green. (D) Feedback. The screen will show you where
the junk landed, whether you caught it and if you caught it, how many points you gained.
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TABLE 1 Overview of the number of trials, uncertainty conditions and type of rewards in each level (block) of the Space Game.

N trials Mean of SD of Uncertainty Reward Type
the distribution the distribution condition

Level 1 3 (repeat until successful) -0.07 0.045 N/A NA

(practice)

Level 2 10 0 0.12 or 0.03 No volatility-50% participants Gains
SD=0.12; 50%
participants SD=0.03

Level 3 40 0 0.12, 0.03 No volatility; noise changed Gains
from high to low or vice versa

Level 4 40 0.35, -0.35 0.06 High volatility Gains

Level 5 84 0.35, -0.35, 0.14, -0.21 0.12, 0.03 High volatility; noise switched Gains
between high and low

Level 6 42 0.35, -0.21 0.12, 0.03 High volatility; noise switched Increased gains or losses
between high and low

The noise and volatility of the falling junk are statistically
manipulated by changing the standard deviation (SD) and mean,
respectively, of the normal distribution by which the location of the
falling junk is computed. These changes vary depending on the level
of the game, as shown in Table 1. For example, in level 3, which
simulates high noise conditions, the SD changed midway through
the level, while the mean remained the same. Alternatively, at level
4, the SD was maintained throughout the level, while the mean
changed midway through, simulating unexpected uncertainty
(volatility). Level 5 combines high noise and high volatility, while
level 6 adds the possibility to have higher gains with higher
precision, but also losses when unsuccessful.

2.4 Outcome measures

For each participant, a set of performance metrics were computed
based on performance in each trial. The most comprehensive
performance metric which considers both participants’ learning of
the mean and the noise is score. The score is zero when the space junk
is not collected and ranges from one to ten depending on precision
when the space junk is collected, with a smaller beam width
corresponding to a higher score.

To investigate whether the participants learned to infer the main
characteristics of the outcome distributions and task structure that
had to be learned, the following outcome measures were used. First,
to successfully complete the task, the participants had to keep track of
the mean of the normal distribution from which the space junk
location was computed. As the most accurate prediction would be the
mean of this distribution, Performance error (PerfE) was calculated as
the absolute difference between the participant’s location in a trial and
the true mean of the distribution. Secondly, as participants should
keep track of the noise of the underlying distribution, using a large
beam width when the SD of the underlying normal distribution was
higher, Confidence was quantified as the inverse of beam width, with a
greater beam width indicating a lower level of confidence, and thus a
higher subjective uncertainty of the exact location of the falling space
junk. To determine if participants were able to infer the relative noise
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level, confidence was compared for trials with low vs high SD (based
on the underlying normal distribution from which the space junk was
drawn), thus reflecting participants’ ability to adapt to the noise.
Finally, to determine if participants could infer changes (ie.,
volatility) in the underlying normative distributions, and whether
they could ‘reset’ their beliefs about the junk locations when such a
change occurred, Learning rates (LR) were calculated by dividing the
change in rover position by the difference between the participant
position and the location of the falling space junk (i.e., the prediction
error), as it was done in a similar task previously (34). The trial-wise
LRs were adjusted to deal with that were outlier values (over 1) and
negative values that occurred due to a change in the direction
opposite to the location of the falling space junk. The values that
were lower than 0 were recoded to 0, while the values higher than 1
were recoded to 1. From the adjusted LR values, a new categorical
variable was created, separating trial-wise learning rates in 3 different
categories based on how much beliefs were updated in each trial. The
non-updates occurred when LR was between 0 and 0.1 (inclusive),
moderate belief updates were attributed to trials in which LRs were
between 0.1 and 0.9, and total updates were attributed to LRs equal to
or higher than 0.9, as done by Nassar et al. (35).

2.5 Data cleaning and analysis

The experiments included two attention checks, in which
participants were asked to select a particular option. The attention
checks had the purpose of identifying participants that did not
interact sufficiently with the study. In the data cleaning process, the
participants who failed the attention checks, did not complete the
task, or completed it repeatedly were excluded from the study.
Additionally, participants that were believed to “spam through” the
space task were excluded from the analysis, based on the following
criteria: (i) no movement of the rover in 10% or more of all trials and
(ii) completion of 10% or more trials in under 1000ms.

All data was analyzed using R version 4.2.3. Frequency tables
were extracted using the tidyverse and janitor libraries. Between-
group comparisons were done for demographic data, including
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matching variables. T-tests and Mann-Whitney U-tests were used
for numerical parametric and non-parametric data, respectively.
Chi-square tests were used for comparing categorical variables.

Linear mixed effects (LME) models (Ime4 library in R) were
used to analyze the effects of group and level on the performance
metrics, as well as the effects of cannabis frequency, type, and last
use on mean scores at different levels. LME models were chosen
over multiple or multivariate linear regression models, due to the
possibility to add a random effect that adjusted for the repeated
measures. For each performance metric, a model was selected from
a range of mixed models, starting from the least complicated model
that included one fixed effect (group) and two random effects
(participant and counterbalancing condition nested within level)
to account for multiple measures and varying versions of the game.
More complex models included a larger number of fixed effects and/
or interaction effects. The most adequate models were selected
based on the Akaike information criterion (AIC), which is a
measure indicating how well a model fits the data (36), with
lower AIC values indicating a lower amount of information loss.
The models including different combinations of fixed effects were
compared using a X*-test, and the models that were significantly
better than others were selected for analysis. When a X*-test was not
possible or there were no significant differences between similar
models, the model with a numerically lower AIC value was
chosen (37).

To analyze which variables predicted mean score and PerfE in
different uncertainty conditions, the values were averaged by level
per participant using the tidyverse library, and the final analysis
included contrasts between levels 3-4, 4-5, and 5-6, as measures of
adaptation to changes in uncertainty. To analyze confidence, the
participant-averaged data was grouped by the type of SD value -
new categorical variable - in which a TRUE value was attributed to
SD=0.12, while a FALSE value was attributed to SD = 0.06 or 0.03.
For the belief-update type analysis, a multinomial logistic regression
with random effects was used (mclogit library), in which the trial-
wise update type was an outcome variable, and the best model fit
was chosen as described previously.

Data from levels 1 and 2 were not included in the final analysis,
due to level 1 being a practice level and level 2 having had
distributions that differed across participants (to average out
potential priming effects of starting with a distribution with a low
vs high noise level; Table 1). Since level 6 included the possibility of
obtaining a higher score, but also losing points, the score range
differed from other levels and thus scaling was applied, using the
scales library in R. Statistical significance was set for alpha = 0.05,
and the Wald method (38) was used to estimate degrees of freedom
in LME and multinomial logistic models.

3 Results
3.1 Participant characteristics
A total of 79 cannabis users and 539 individuals from the general

population completed the study and attempted the Space Game. As a
result of the data-cleaning process, 30 (37.9%) cannabis users and 106
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(19.7%) participants from the general population were excluded.
After applying the filter for cannabis use and excluding the
participants that did not have matching demographics with CU
(device type, ethnicity) the control group consisted of 53 NCU.
During the analysis, another participant was excluded from the
control group due to apparent participation in the cannabis study.
As a result, 49 CU (mean age (SD) = 28.4(6.36) years, male = 63.3%)
and 52 NCU (mean age (SD) =26.8(5.9) years, male =51.9%) were
included in the analysis. There were no significant differences in age,
gender, ethnicity, education level and device type between the final
included two groups (Table 2). The majority (98%) of the participants
completed the SPQ, the score of which did not differ significantly
between the groups (Mann Whitney U =1460.5, p = 0.099). There
was a significant difference in the score on the CPD sub-scale of the
SPQ between the groups, with cannabis users obtaining a significantly
higher score than the NCU controls (Mann Whitney U = 1669.5, p =
0.001). Cannabis users scored significantly higher on the PDI scale
(Mann Whitney U = 1546.5, p = 0.040). From the PDI subscales,
cannabis users had a significantly higher conviction score (Mann
Whitney U = 1543.5, p = 0.043), and had a tendency for a higher
preoccupation score, which did not reach statistical significance
(Mann Whitney U = 1532, p = 0.051).

3.2 Space task performance in cannabis-
users vs non-cannabis users

3.2.1 Overall performance (score)

The best-fitted model for mean score included participant and
counterbalancing condition nested within level as random effects
and group, level, total SPQ score, and total PDI score as fixed effects.
A model including an interaction term did not significantly improve
the model fit (X2 = 0.372, p = 0.542). There was no significant effect
of the group, SPQ total score or PDI total score on predicting mean
scores (Figure 2). Contrast analyses showed significant differences
across mean scores between levels (level 4 vs level 3: Beta (SE) = 0.67
(0.05), p<0.001; level 5 vs level 4: Beta (SE) = 0.56(0.06), p<0.001;
level 6 vs level 5: Beta (SE) = 1.05(0.05), p<0.001). These results
indicate that advancing levels (increasing levels of uncertainty and
negative rewards) predicted changes in scores when adjusting for
group, SPQ score, and PDI score.

3.2.2 Performance error

The best-performing model for PerfE included participant and
counterbalancing condition nested within level as random effects
and level, PDI total score and an interaction between group and
SPQ total score as fixed effects. A model including an interaction
term significantly improved the model fit (X2 = 4.42, p = 0.036).
Contrast analysis showed significant differences in PerfE between
levels (level 4 vs. level 3: Beta (SE) = -0.72 (0.13), p <0.001; level 5 vs.
level 4: Beta (SE) = 0.65 (0.15), p < 0.001; level 6 vs. level 5: Beta (SE)
= 1.81 (0.13), p < 0.001). These results show that participants had
high performance errors (i.e., low accuracy) in the initial high noise
level (level 3) when they were still learning about high noise
distributions in the task and where even the best predictions will
have relatively high-performance errors due to the imposed noise.
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TABLE 2 Participant demographics.

Participant Canna- e
characteristics bis users cannabis | P-value
users
Age, years
Mean (SD) 28.4 (6.36) 26.8 (5.9) 0.18
Gender, n (%)
Male 31 (63.3) 27 (51.9)
0.39
Female 18 (36.7) 25 (48.1)
Ethnicity,n (%)
Asian 7 (14.3) 8 (15.4)
Black 5(10.2) 3 (5.8) 0.71
White 37 (75.5) 41 (78.8)
Education,n (%)
Highschool (on-going) 0 (0) 1(1.9)
Highschool (finished) 8 (16.3) 15 (28.8)
Professionaltraining (on-going) 3(6.1) 0 (0)
Professionaltraining (finished) 2(4.1) 4(7.7)
University (on-going) 8 (16.3) 8 (15.4) 02
University (finished) 15 (30.6) 16 (30.8)
f;:-ggor;(;lateuniversity 3 (6.1) 00)
::;;ateuniversity (finished) 10 (204) 8 (154)
Devicetype,n (%)
Computer 44 (89.8) 44 (84.6)
0.63
Mobile 5(10.2) 8 (15.4)
SPQscore
Mean (SD) 8.78 (4.20) 7.44 (5.46) 0.099
Cognitiveperceptualdeficitsscore 2.55 (1.97) 1.4 (1.71) 0.001**
Interpersonaldeficitsscore 4.24 (2.33) 4.16 (2.68) 0.94
Disorganisationscore 1.98 (1.73) 1.88 (2.03) 0.48
PDlIscore
Mean (SD) 45.14 (36.2) 32.33 (31.3) 0.040*
Convictionscore 15.57 (12.67) 10.49 (9.84) 0.043*
Distressscore 11.71 (9.93) 9.29 (9.62) 0.145
Preoccupationscore 13.33 (11.77) 9.18 (9.63) 0.051

Performance errors decreased in the next level when the noise
reduced but some volatility was imposed (level 4), and then started
increasing again in subsequent conditions (level 5) that had higher
noise and more frequent mean changes (volatility) and when negative
rewards were set (level 6) (Figures 3A, C) thus making it harder to
keep track of the mean of the underlying distributions. The
interaction between group and SPQ significantly predicted PerfE
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(Beta (SE) = 0.10 (0.05), p = 0.034, Figure 3B). Post-hoc t-tests for
SPQ total score indicated that there was a significant difference
between the two groups (t(df) = 2.75 (373.15), p = 0.006), where
CU displayed higher mean SPQ total score (mean = 8.78) than NCU
(mean = 7.44). To further understand the significant interaction,
histograms for SPQ total scores were also plotted for CU and NCU
(Figure 4.) Post-hoc correlation analyses revealed a non-significant
correlation between average PerfE and SPQ scores in NCU (Kendall's
tau = 0.173, p = 0.085), and a non-significant correlation between
PerfE and SPQ scores in CU (Kendall’s tau = - 0.145, p = 0.151).

3.2.3 Confidence

The model predicting confidence that showed the best fit for the
data included group, SD as a categorical variable (high SD/low SD),
SPQ total score, and PDI total score as fixed effects and participant
and counterbalancing condition nested within level as random
effects. There was no significant effect of group and SPQ score on
confidence (Beta (SE)NCU = 1.26(3.19), p=0.69; Beta (SE)SPQ =
-0.61(0.41), p=0.136). However, there were significant effects of SD
category, showing that the high SD category predicted significantly
lower confidence (Beta (SE) = -6.73(0.77), p<0.001). This indicates
that participants had significantly lower confidence in their
decision-making in high noise conditions, compared to low noise
conditions (Figure 5A). Additionally, higher PDI scores
significantly predicted higher average confidence regardless of
noise condition or cannabis use (Beta (SE) = 0.16(0.06), p =
0.007, Figure 5B).

3.2.4 Learning rate

The best-fitted multinomial model for predicting the type of
updates (non, moderate, full) included group, level, and gender as
fixed effects and participant and counterbalancing condition nested
within level as random effects. None of the predictors had a
significant effect on the difference between non-updates and
moderate updates. Gender predicted a significantly lower
difference between total updates and moderate updates in males
(OR(CI) = 0.54(0.43 - 0.68), p < 0.001). Contrast analyses also
revealed a significant effect of level on the difference between total
updates and moderate updates (level 4 vs level 3: OR (CI) = 4.87
(2.95-8.04), p < 0.001; level 5 vs level 4: OR(CI) = 1.78 (1.22-2.59),
p = 0.003). These findings indicate that (i) males had a lower
frequency of total updates relative to moderate updates, than
women and (ii) participants had a higher frequency of total
updates relative to moderate updates when advancing between
levels 3 and 4, and between levels 4 and 5, indicating that they
adapted their learning rate to increased volatility, when previous
information was no longer informative.

3.3 Task performance in cannabis
user subgroups

3.3.1 Mean score

The best-fitted LME model for predicting mean score included
participant and counterbalancing condition nested within level as
random effects and cannabis type (strong cannabis/hash/resin/weak
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FIGURE 2

Distribution of mean scores in all participants across levels 3-6.
Individual datapoints indicate values averaged by participant. Level 3 =
high noise/low volatility, level 4 = low noise/high volatility, level 5 =
high noise/high volatility, level 6 = high noise/high volatility inc.
negative rewards. CU, cannabis users; NCU, non- cannabis users.

cannabis), frequency of cannabis use (daily/three times a week or
more often), last use (under 24 hours/over 24 hours), level, and
gender as fixed effects. The model was not significantly improved by
adding any interaction effects (X> = 2.004, p=0.57). There were no
significant effects of cannabis type or last use on score. However,
cannabis use frequency significantly predicted mean scores, with a
higher frequency (daily) predicting a significantly lower mean score
than using cannabis between 3-6 times a week (Beta (SE) = -0.39
(0.196), p = 0.047, Figure 6). There was a significant effect of gender
on performance and a higher score was predicted for males than for
females (Beta (SE) = 0.40(0.18), p = 0.029).

3.3.2 Performance error

The best-fitted model for predicting PerfE included participant
and counterbalancing condition nested within level as random effects
and frequency, level, last use, and cannabis type as fixed effects.
Contrast analyses demonstrated a significant effect on PerfE between
levels (level 4 vs. level 3: Beta (SE) = -0.617 (0.187), p < 0.001; level 5
vs. level 4: Beta (SE) = 0.598 (0.216), p = 0.006; level 6 vs. level 5: Beta
(SE) = 1.866 (0.187), p < 0.001). There was no significant effect of
cannabis frequency, cannabis type and last use on PerfE.

3.3.3 Confidence

The best-fitted LME model for predicting confidence included
participant and counterbalancing condition nested within level as
random effects and cannabis type, frequency of cannabis use, SD
category, last use, and PDI total score as fixed effects. There was no
significant effect on frequency, last use, and cannabis type, while the
significant effects of SD category and PDI scores were preserved,
with high SD predicting significantly lower confidence (Beta (SE) =
-6.48 (0.99), p < 0.001) and PDI total score predicting significantly
higher confidence (Beta (SE) = 0.124 (0.059), p = 0.038).

3.3.4 Learning rate

The best-fitted multinomial mixed effects model for belief update
categories had gender, level, frequency, cannabis type, and last use as
fixed effects and participant and counterbalancing condition nested
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within level as random effects. None of the fixed effects significantly
predicted the difference between non-updates and moderate updates.
There was a significant effect of gender, as shown in the main analysis,
indicating that male gender predicted a significantly smaller number of
total updates relative to moderate updates, as opposed to female gender
(OR(CI) = 0.458 (0.327-0.642), P<0.001). Between-level contrast
predictors showed significant effects on the difference between total
updates and moderate updates, similar to the main analysis (level 4 vs
level 3: OR(CI) = 6.28(2.65-14.87), p < 0.001; level 5 vs level 4: OR (CI)
= 2.05(1.091-3.87), p = 0.026.

Cannabis frequency had a trend-level effect on predicting belief
updates. That is, daily cannabis use predicted a smaller number of
total updates relative to moderate updates (OR(CI) = 0.68(0.46-
1.01), p = 0.059, Figure 7), when compared to a less frequent use (3-
6 days a week). This indicates that people who used cannabis more
frequently had a tendency to completely update their beliefs less
than those who used cannabis less frequently.

4 Discussion
4.1 Task performance and learning

This study aimed to investigate the relationship between cannabis
use, belief-updating and psychotic-like experiences using a novel
online behavioral task. The task was designed to manipulate noise
and volatility conditions independently and combined to simulate
real-life belief-updating. Results indicate that performance (score),
performance error, confidence and belief updates differed under
changing uncertainty conditions, with a pattern of an increase in
learning rates under conditions of unexpected uncertainty, which is
in line with previous findings in probabilistic learning tasks (29, 31,
39-41). Although differences were present across uncertainty
conditions, none of the performance metrics differed between CU
and NCU.

Previous studies using the ITowa Gambling task (IGT) found
decreased performance in CU (30) or late-onset cannabis use
compared to early onset (42) which was associated with poorer
decision-making. Additionally, chronic cannabis users were found
to be less sensitive to losses compared to healthy controls assessed
with IGT (43), an effect that was also observed in schizophrenia
patients in a study investigating IGT performance (44), which
suggests that there might be shared underlying behavioral
patterns between cannabis use and psychosis. However, the
present study showed no significant difference between the NCU
and CU, or an effect of cannabis frequency, type, or recency in
performance the win/loss condition of the task (level 6), which
employed a risk assessment-based decision-making factor
(choosing higher and risky, over lower and certain rewards).

One of the secondary aims of this study was to explore the
effects of PDI and SPQ scores on task performance in the two
groups. The results showed that performance error was predicted by
SPQ score, depending on cannabis use, in particular, cannabis use
attenuated performance error in individuals scoring high on the
SPQ, as opposed to non-cannabis use. Relevant to this finding, a
previous study found that aberrant salience mediated the
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FIGURE 3

Performance errors for levels 3—6 of the Space Game. (A) Mean performance errors across levels. Individual datapoints indicate values averaged by
participant. Level 3 = high noise/low volatility, level 4 = low noise/high volatility, level 5 = high noise/high volatility, level 6 = high noise/high volatility inc.
negative rewards. (B) Scatterplot indicating the effect of the group-by-SPQ interaction on PerfE. Shaded areas stand for standard errors. (C) Trial-wise
performance errors averaged by trial by group, starting from trial 14 (level 3) till trial 219 (end). CU, cannabis users; NCU, non-cannabis users.

relationship between cannabis use and SPQ scores (45). Aberrant
salience refers to abnormal attribution of salience, significance, or
value to otherwise neutral stimuli (46) which might occur before
full-blown psychosis (47, 48). Our results uncovered a new layer in
the relationship between schizotypy, cannabis use, and belief
updating, in particular that cannabis use could have opposing
effects on belief-updating in those at the higher end of the
schizotypy spectrum. Interestingly, a previous study found
improvements in cognition associated with cannabis use prior to
the first psychotic episode, as opposed to deteriorating effects on
healthy controls (49). This raises the question of whether cannabis

Frontiers in Psychiatry

use interacts differently with cognition depending on psychotic-like
experiences, which is in line with our finding. Alternatively, this
finding could be explained by the significant difference in SPQ
scores between cannabis users and non-cannabis users, with
cannabis users displaying significantly higher SPQ scores, and
lower variation in scores, than non-cannabis users. The pattern
for SPQ histograms for these two groups were not similar, with
NCU showing more extreme values towards the lower ends of SPQ
scores than CU, which may have driven the significant interaction
between SPQ score and performance error for the NCU compared
to the CU. To further understand the results, Bayesian modelling
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SPQ total score histograms for cannabis and non-cannabis users.

methods could be used to estimate perceived environmental
volatility (25) which could offer a better insight into this finding.
Another exploratory aim of the study was to evaluate the effects of
cannabis type, frequency, and last use on belief-updating under
uncertainty. The results showed that individuals who used cannabis
more frequently performed poorer than those who used cannabis less
frequently. These differences did not seem related to the cannabis-
users ability to learn the mean or the noise of the distributions from
which the space junk was drawn, as performance error and confidence
were not predicted by cannabis frequency. However, we found a
tendency of cannabis users who had a higher frequency of cannabis
consumption to use fewer total updates in learning. Since the type of
update is indicative of the participants’ ability to detect changes in the
environment, these findings could be interpreted as tendency towards
altered adaptation to environmental volatility by those who used
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FIGURE 5

Mean confidence in cannabis and non-cannabis users. (A) Mean confidence by group in high noise conditions (SD=0.12) vs medium-low noise (SD =
0.03/0.06). (B) Relationship between confidence and PDI score across groups (CU, cannabis users; NCU, non-cannabis users). Individual data points

are values averaged by participant per SD condition.

Frontiers in Psychiatry

09

cannabis more frequently, which is a behavioral pattern similar to
those seen in individuals with psychotic symptoms (19, 20, 50).
Nevertheless, the evidence in this study is not sufficient to infer this
overlap and warrants further investigation into the relationship
between heavy cannabis use, psychotic symptoms, and adaptation
to volatility.

4.2 Limitations

Despite online recruitment being a great strength in behavioral
studies, enabling accessibility to a larger population, and thus a
greater generalizability of the results, the limitation of using this
approach is that participants cannot be monitored for false reports
or inaccurate interaction with the task. While a strength of our
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Distribution of mean scores in cannabis users by frequency of cannabis use, across levels 3-6. Individual datapoints indicate values averaged

by participant.

study was the data cleaning process, which removed a significant
minority of users who did not complete the task with sufficient care,
this also led to data loss which could have had an influence on the
final results. Another limitation is that the study did not consider
the possible effects of age of onset and amount of cannabis use,
which could have offered greater insights into the cannabis
subgroup analysis, since both age of onset and amount of
cannabis use have been associated with increased psychosis risk
(9, 51, 52). It is also worth mentioning that self-reported cannabis
use is not always accurate, and the correlation with objective
measures is limited in some populations (53), especially since
the concentration of A9-tetrahydrocannabinol in different types of
cannabis products can be substantially difterent (54). Furthermore,
our analysis did not adjust for nicotine use, which was previously
associated with impaired uncertainty processing in reinforcement
learning (55) and could have had confounding effects on
the cannabis frequency results since cannabis is often co-

administered with tobacco (56). Additionally, the employment of
any mental health disorder as an exclusion criterion might result in
a more robust cannabis group as they reported frequent exposure to
cannabis while remaining illness-free. The primary intent of
employing this criterion was directed towards disentangling the
effects of cannabis from mental health disorders. The focus was
specifically on examining the impact of cannabis on belief updating
under different uncertainty conditions. However, given the robust
evidence indicating a strong positive correlation between the
frequency of cannabis use and the likelihood of experiencing
mental health disorders (13, 57), this exclusion criterion can be
problematic. It is also essential to acknowledge that the present
sample may not be entirely representative due to this selection
criterion. Furthermore, it is worth noting that the Space Game is a
gamified task, thus participants’ game use/habits might be a
reasonably important factor that is nevertheless lacking in the
present study. Thus, future work should collect data on
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Belief update types in cannabis users. Bars indicate proportions of total updates — moderate updates — non updates averaged by trial, starting from
trial 14 (level 3) and ending in trial 219 (end of level 6). The top plot indicates belief updates in participants who used cannabis 3—6 times per week,
while the bottom plot shows belief updates in participants who used cannabis daily.
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participants’ game use experience and implement it into the
matching procedures accordingly. Finally, although the novel
Space Game used in the present study lends itself very well to
capturing outcome measures without employing complex
computational modelling, the Hierarchical Gaussian Filtering
(HGF)—Jumping Gaussian Estimation Task can be useful in
gaining deeper understanding of the impact of both volatility and
noise on belief updating. This could be addressed in further studies.

To summarize, although we found no significant effect of cannabis
use overall, there was a significant effect of cannabis frequency on task
performance with more frequent users performing worse. These
findings warrant further research investigating the relationship
between frequency of cannabis use, psychosis risk, and aberrant
belief- updating. It is also imperative to interpret our findings within
the context of their exploratory nature. While the results offer insights
into the relationship between cannabis use, belief-updating and
psychotic-like experiences, it is important to recognize that these
findings are hypothesis-generating rather than conclusive.
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