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This important study addresses the question of how large-scale events such as the
COVID-19 pandemic can change peoples' beliefs and their updates. Using a well-
validated task, the authors find that belief updating becomes less optimistically
biased during COVID-19, compared to prior to it. While they have solid evidence for
specific changes of positive learning rates in their RL model and should be
commended for more extensive modeling of the task than many previous studies,
comprehensive model confusion and recovery analyses could further strengthen
their claims by clarifying the specificity of their findings. As with many manipulations
outside the experimenters' control, it remains unclear which psychological factor
impacted by the pandemic drives the group differences, and sample sizes are by
necessity on the smaller side as data cannot readily be acquired.

https://doi.org/10.7554/eLife.101157.1.sa3

Abstract

Optimistically biased belief updating is essential for mental health and resilience in adversity.
Here, we asked how experiencing the COVID-19 pandemic affected optimism biases in
updating beliefs about the future. One hundred and twenty-three participants estimated the
risks of experiencing adverse future life events in the face of beliefdisconfirming evidence
either outside the pandemic (n=58) or during the pandemic (n=65). While belief updating was
optimistically biased and Reinforcement-learning-like outside the pandemic, the bias faded,
and belief updating became more rational Bayesian-like during the pandemic. This
malleability of anticipating the future during the COVID-19 pandemic was further
underpinned by a lower integration of positive belief-disconfirming information, fewer but
stronger negative estimations, and more confidence in base rates. The findings offer a
window into the putative cognitive mechanisms of belief updating during the COVID-19
pandemic, driven more by quantifying the uncertainty of the future than by the motivational
salience of optimistic outlooks.
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Introduction

Anticipating the future is an essential part of human thinking. These beliefs guide how we
understand the world; updating them is vital for learning to make better predictions and to
generalize across contexts. Interestingly, belief updating tends to be optimistically biased(1 &).
Even when confronted with negative information, humans often downplay its importance to
maintain an optimistic view of the future. The underlying mechanism of optimistically biased
belief updating involves an asymmetry in learning from positive and negative belief-

disconfirming information(2 2 )(3 % )(4 ). This optimism bias can be formalized in two

estimation error, which reflects a form of surprise when we face information that disconfirms our
initial beliefs. For example, the positive surprise of learning that the risk of contracting a disease is
lower than initially thought implies a motivational salience, guiding toward lowering the initial
risk estimation and avoiding worsening beliefs(5 (2).

On the contrary, many aspects of human reasoning, including belief updating, can be formalized
using Bayes’ rule. Bayesian updating models assume that initial beliefs are prior probabilities or
guesses that express how strongly a person predicts future life events within a finite set of possible
outcomes before being presented evidence in line and at odds with this initial belief. Following
Bayes’ rule, a belief is updated by combining the observed evidence for the initial belief with its
likelihood ratio, which expresses the evidence’s diagnosticity(é (2). For example, updating one’s
risk for contracting a disease in a Bayesian way means quantifying the uncertainty of this event
for oneself compared to others. This can be optimal and non-biased, which we refer to here as
rational Bayesian. On the contrary, it can be optimistically biased, with more Bayesian beliefs
updating when the odds against contracting a disease are favorable.

Although RL-like and Bayesian updating models make different assumptions about the updating
strategy, they are complementary and powerful formalizations of human reasoning. Both models
provide insight into hidden, latent variables of the updating process. Most notably, the learning
rate indicates how quickly a person updates their beliefs. It comprises two free parameters: The
scaling parameter weighs how much the estimation error is considered following an RL-like
updating model or the product of the evidence for the prior and its diagnosticity following a
Bayesian updating model. The asymmetry parameter expresses how much this scaling differs in
the face of positive and negative belief-disconfirming evidence. Both the scaling and asymmetry
parameters can vary between individuals and contexts and, through this variance, offer possible
explanations for the idiosyncrasy in belief-updating behavior and its deviation from rationality.

The COVID-19 pandemic represented a chronic, adverse life context, drastically altering individual
and social realities. The existing literature documenting the impact of the COVID-19 pandemic and
the associated changes in everyday life on mental health has shown that stress, anxiety, and
depression have increased during the pandemic(7 % )(8 %). Moreover, previous work has
demonstrated that belief updating during reversal learning became more erratic and was linked to
arise in paranoia during the COVID-19 pandemic across the US(9 ). However, it is unknown how
optimism biases in belief updating about the future and their underlying putative mechanisms
changed during the experience of such an unprecedented, adverse life event. Our hypothesis was
twofold. We argued that maintaining optimistically biased belief updating under lasting, adverse
life conditions is adaptive. The optimism bias benefits exploratory behavior, reduces stress, and
improves mental and physical health and well-being(102)(112)(12Z)(13(2)(14Z)(15%). These
benefits promote resilience, especially for fitness and survival during a pandemic(15 Z)(16 (%)

(17[2'7)‘ ............................

Iraj Khalid et al., 2024 eLife. https://doi.org/10.7554/eLife.101157.1 2 of 47


https://doi.org/10.7554/eLife.101157.1

7 eLife

On the contrary, optimism biases can lead to suboptimal decision-making. Contextual factors such
as acute stress, perceived threat, and depression have been shown to reduce or even reverse
optimistically biased belief updating(17 @)(18 @2 )(19(%)(20 £ )(21 2)(22 X )(23 ). These findings
suggest that optimistically biased belief updating should be weaker when experiencing a
pandemic.

We leveraged a belief-updating dataset from 123 participants tested between 2019 and 2022 to rule
between these alternative hypotheses. Among them, fifty-eight participants were tested outside the
context of the COVID-19 pandemic, either in October 2019, three months before the outbreak in
France (n=30) or two years later in June 2022 (n=28), after the lift of the sanitary state of
emergency. Their belief updating behavior was compared to sixty-five participants tested during
the sanitary state of emergency due to the COVID-19 outbreak in France. This was either during
the first very strict lockdown of social and economic life (e.g., schools closed, stay-at-home orders,
shops, and museums closed) from March to April 2020 (n=34) or one year later in Mai 2021 (n=31),
when lockdowns were less strict (e.g., schools open, museums and shops closed, part-time curfew),
but the COVID-19 pandemic still unfolding. Belief updating was measured by a behavioral task that
asked participants to estimate their risk of experiencing adverse future life events before and after
receiving information about these events’ actual base rates. Observed belief updating behavior
was fitted to an RL-like and a Bayesian updating model to gain insight into potential underlying
strategies of belief updating. The learning rates were compared across groups for insight into how
experiencing the COVID-19 pandemic changed beliefs about the future and their updating in the
face of belief-disconfirming evidence.

Methods

Ethical considerations

The study protocol followed the Declaration of Helsinki and was approved by the local ethics
committee at Sorbonne University. All participants provided informed consent. The authors
declare no competing interests.

Participants

One hundred twenty-five participants (mean age = 37.50 + 1.28, 99 females) allotted to four
different groups were recruited for the study (see Table 1@ and SI Table 15(#) via a public
advertisement. Two participants from the group tested in June 2022 were excluded from the
analyses because they always indicated the same risk estimate for each event.

Experimental design

As shown in Figure 1a (@, a first group of 30 participants (mean age = 33.73 + 1.96, 18 females) was
recruited in October 2019 before the COVID-19 outbreak in France. These participants were tested
in the laboratory. A second group of 34 participants (mean age = 42.24 + 3.34, 25 females) was
recruited for online testing during the first COVID-19-related lockdown of social and economic life,
with schools closed from March to April 2020. A third group of 31 participants (mean age = 42.42 +
3.35, 20 females) was recruited and tested online immediately after the last lockdown and still
during the COVID-19 pandemic in Mai 2021. A fourth group of 30 participants (mean age = 34.66 +
2.71, 16 females) was recruited at the lift of the COVID-19 pandemic-related state of emergency and
tested in the laboratory in June 2022. This group was also used to rule out an eventual effect of
task design. Half of them performed a one-run (n = 15) task design, and the other half performed a
two-run (n = 15) task design (e.g., see in more detail the belief updating task description below).
Note the 30 participants tested before the COVID-19 pandemic were recontacted during the first
strict lockdown to re-perform the belief updating task online. This allowed us to check for the
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October Mai June
April 2020
2019 (N=30) 2021 (N=31) 2022 (N=28)
(N=34)
Age (years) 34 +2 42 +3 42 +3 34+3
Gender | 182,12 259,943 209,113 14 2,14 &
Education
5+04 4+0.3 5+0.2 4+04
(years)

Table 1.

Sociodemographic data for all four groups (N = 123).
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effects of experiencing a COVID-19-related lockdown within the same cohort of participants. Two
of the thirty participants of this group did not respond. Therefore, the sample size for the within-
group test-retest analyses was 28 participants.

Sample sizes:

The sample sizes were determined by a power analysis using the power curve function in R
(version 1.2.5033) and building on the good news/bad news bias observed in the first group tested
in October 2019 before the COVID-19 outbreak in France. The sample size required to replicate a
significant effect of estimation error valence on the absolute updating with a power between 80%
and 90% lay between 28 and 35 participants, respectively.

Belief Updating Task

All participants performed a belief-updating task (Figure 1b ). For in-person testing, stimulus
presentation and response recording were done with the Psychophysics toolbox in MATLAB
(R2018b, Update 6, version 9.5.0.1265761). The online testing was done using Qualtrics (Qualtrics
Software, version March 2020 of Qualtrics, Copyright 2020 Qualtrics. Available at https://www
.qualtrics.com@).

The task comprised 40 trials with 40 adverse lifetime events and base rates. In each trial,
participants were asked to estimate the likelihood of experiencing an adverse event in the future
for themselves and somebody else before and after receiving information about the likelihood of
occurrence in the general population (i.e., the base rate). The adverse life events and their actual
were uniformly distributed and ranged between 10 and 70%. Participants were instructed to rate
their estimates between 3% and 77%.

The task design variations:

Fifty-eight participants underwent assessment outside the COVID-19 pandemic, with 45
performing a two-run task design (n=30 tested before the outbreak in October 2019; n = 15 tested
at the end of the sanitary state of emergency in June 2022). The remaining 13 participants tested
outside the pandemic performed the one-run task design like the 65 participants tested during the
pandemic.

In the two-run task design, participants performed a first run of 40 trials. Each trial started with
the display of an adverse lifetime event. Participants were asked to estimate the risk of
experiencing this event in the future for themselves (E1 rating) and for somebody else (eBR
rating). At the end of each trial, they received information about the event’s base rates and rated
their confidence. In a second run, they saw an adverse future life event and its base rate on each
trial. They then re-estimated their risk (E2 rating) on a trial-bytrial basis. The one-run task design
is displayed in Figure 4b(Z and consists of one run of 40 trials. Within each trial, participants first
estimated the risk of experiencing a future adverse lifetime event for themselves (E1 rating) and
for somebody else (eBR rating), were presented with the base rate for this event (BR), rated their
confidence in the base rate and re-estimated their risk of experiencing the event in the future (E2
rating). Note that all analyses were controlled for these differences in task design, which had non-
significant effects on belief updating, confidence ratings, estimation error magnitude, and learning
rates (see SI tables 2(2,33,5,63,7®).
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October 2019 w March to April 2020 Mai 2021 Mai to June 2022
Group 1 Group 2 Group 1 Group 3 Group 4
N=30 GLVIS-13 Noa4 No2B No28 Noa0
outbreak 2
First full lockdown Partial lockdown Lift of state
school closure schools open of emergency
closure of restaurants & museums closure of restaurants & museums
full stay at home order part-time curfew

sanitary state of emergency sanitary state of emergency

b
Initial belief (E1) ---nmenemeemeemeee - Initial belief (E1) <--e-veoeneenemenecn
Tooth decay i good news trial: Tooth decay ! bad news trial:
For you ? | EE=E1- Baserate>0 For you ? | EE=F1- Baserate <0
40% ' 40%
Tooth decay ; Tooth decay
For somebody For somebody
else? else?
50% 50%
Tooth decay Tooth decay
Base rate: Base rate:
20% Updated belief (E2) 60% Updated belief (E2)
Tooth decay Tooth decay
Foryou ? Foryou ?
25% 45%
Figure 1.

Experimental design.

(a) Timeline of testing. Four groups were tested before the COVID-19 outbreak in October 2019, during the first complete
lockdown of social and economic life in March and April 2020, after a partial lockdown in Mai 2021, and after the pandemic in
June 2022. (b) Belief updating task. Panels show subsequent events within a good news trial (left panels) and a bad news
trial (right panel). Responses were self-paced. The task goal was to estimate the risk of experiencing different adverse future
life events (e.g., tooth decay) for oneself and for somebody else before (E1) and after (E2) being presented with information

about the event’s prevalence in the general population (i.e., base rate).
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Belief updating task measures of interest:

The estimation error indicated whether participants overestimated or underestimated their
likelihood of experiencing an adverse event (E1) relative to its actual base rate (aBR). The
estimation error (EE) was calculated according to the equation i™:

i EE =E1-aBR

The estimation error was further used to categorize trials into good or bad news trials:

For good news trials, the estimation error was positive (EE > 0), which indicated an overestimation
of one’s likelihood of experiencing an adverse life event relative to the base rate of that event (E1 >
aBR). For bad news trials, the estimation error was negative (EE < 0), which indicated an
underestimation of one’s likelihood of experiencing an adverse event relative to its actual base
rate (E1 < aBR).

The main variable of interest was the magnitude of belief updating (UPD), which was calculated as
the difference between the first (E1) and the second (E2) estimate after receiving information
about the base rate (BR). Notably, the update was calculated for good and bad news trials,
respectively, following equation ii (2:

i ifEE >0
UPDgood news — E1 = E2

IfFEE<O0

UPDbadnews = E2 — E1

Lastly, the difference between updating after good and bad news was calculated to assess the
updating bias following equation iii 2:

ii. UDB = UPDgood news — UPDbad news

A positive difference indicated that participants updated their beliefs about their lifetime risks of
experiencing adverse life events more frequently following good news than bad news.

For each participant, trials that did not receive a response (on average of 0.44 trials per subject)
and trials with an EE = 0 (on average of 0.63 trials per subject) were excluded from the analyses.

The distance measured the extent to which participants consider their probability of experiencing
a given adverse event (E1) different from the lifetime risk of someone from a similar socio-
economic background (eBR). If positive, it reflected an optimistic bias in initial estimates. The
following, distance = eBR — E1, was calculated.

Model-free statistical analyses of observed belief updating behavior:

The main aim of this study was to assess how belief updating was affected by the context of
experiencing the COVID-19 pandemic.

We, therefore, conducted between-context analyses, contrasting groups tested during (i.e., during
the first lockdown in March/April 2020 and immediately after the last lockdown one year later in
Mai 2021) and outside the pandemic context (i.e., before the outbreak in October 2019 and one
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year after the pandemic in June 2022). All statistical tests were conducted using the MATLAB
Statistical Toolbox (MATLAB 2018b, MathWorks) and JASP (JASP 0.16.4).

A first linear mixed effects model (LME 1) was fitted to the absolute belief updating, following
equation iv(Z:

iv. |UPD| = Bo Intercept + Bee |EE| + BeE valence EE valence + Bcontext
context + Bdesign design + Bage age + Lgender gender + Leducation
education + SEE valencercontext EE valence by context + (1 | subject) +
(1+ |EE] | subject) + (1 + EE valence | subject)

The model included fixed effects for estimation error magnitude (| EE|), estimation error valence
(EEyajences coded -1 for bad news trials and 1 for good news trials), context (coded 0 for outside
and 1 for during the COVID-19 pandemic), task design (coded 1 for one-run, 2 for two-run design),
age, gender (coded 0 for male, 1 for female participants), level of education, and the interaction of
interest EE valence by context. The model also included random intercepts nested by subject
number and random slopes for estimation error magnitude and valence.

Subsequently, the same Linear Mixed Effects (LME) model was applied again to the absolute belief
update to explore the categorical effect of context in conjunction with EE valence. This allowed for
a more specific comparison of the impact of EE valence between contexts (groups): those tested
before the COVID-19 pandemic outbreak in October 2019 (baseline) compared to those tested
during the initial COVID-19-related lockdown (context 1), those tested immediately after the last
lockdown during the pandemic in Mai 2021 (context 2), and those tested one year post-pandemic
in June 2022 (context 3), respectively.

Post-hoc two-tailed and one-tailed t-tests were conducted to characterize the directionality of
detected main effects and interactions.

Model-based analyses of belief-updating behavior

To gain more insight into putative cognitive mechanisms of belief updating during and outside the
COVID-19 pandemic, two families of non-linear computational models were fitted to observe belief
updating behavior, which is specified below.

Model specifications

V. UPD=LR*EE

Importantly, the learning rate was estimated for good and bad news trials separately and
following equations vi2 and vii 2 :

Vi. LRgood news = S + A

V” LRbad news = S - A

Iraj Khalid et al., 2024 eLife. https://doi.org/10.7554/eLife.101157.1 8 of 47
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For both types of trials, the learning rate was composed of two components that varied across
participants. The scaling parameter (S) measured the extent to which a participant took the
prediction error into account when updating beliefs. The asymmetry parameter (A) indicated to
what extent the belief updating differed for positive and negative estimation errors. The priors for
scaling and asymmetry were untransformed and unbound. The mean of the prior distribution for
scaling was set to 1. Thus, a scaling of 1 meant that the updating magnitude equaled the estimation
error magnitude. The mean of the prior distribution for the asymmetry parameter was set to zero.
An asymmetry parameter value larger than zero meant positively biased updating, whereas an
asymmetry parameter smaller than zero meant negatively biased belief updating.

A version of the RL-like model of belief updating took the personal relevance (PR) of presented
adverse future life events into account following equations viii 2 and ix (% :

viii. UPD good news = (alpha + asymmetry) * EE * (1 - PR)
iX. UPD bad news = (alpha - asymmetry) * EE * (1 - PR)

The PR weighed the estimation error (EE) and corresponded to the difference between the
estimated base rate (eBR — the estimated risk for somebody else) and the initial estimate (E1 —
the estimated risk for oneself). Based on the sign of this difference between eBR and E1, the PR
was calculated following equations x(% to xii &

X. IfeBR < E1
_ eBR—E1
~ eBR-1

Xi. IfeBR > E1

Xil. IfeBR =E1
PR=0

(22) Bayesian belief updating model

A second family of computational models was fitted to belief updating behavior and assumed that
belief updating was proportional or equal to the Bayes rule, following equations xiii @ and xiv(®%:

xifi. ~ UPD good news = (E1 — E2b) * (scaling + asymmetry)

xiv.  UPD pad news = (E2b — E1) * (scaling - asymmetry)

The scaling parameter (S) corresponded to the tendency of participants to update their beliefs in
response to the presented base rate. A scaling smaller than one (S < 1) indicated lesser belief
updating than what was predicted by the Bayes rule, and a scaling larger than one (S > 1) indicated
more updating than predicted by the Bayes rule.

The Bayes rule was used to define a Bayesian second estimate (E2b, the updated belief), which was
calculated following equations xv@ and xvi(@:

XV. E2b = Prior * LHR

5 Prior * LHR
XVI. E2p =——F——
1+(Prior * LHR)

Iraj Khalid et al., 2024 eLife. https://doi.org/10.7554/eLife.101157.1 9 of 47


https://doi.org/10.7554/eLife.101157.1

7 eLife

. . BR
XVII. Prior =
1- BR

The Likelihood Ratio (LHR) indicates the probability of the initial estimate (E1) relative to the

E1

_— _1-E1
xvili. LHR = —-53
1-eBR

Alternative models of these two model families (RL and Bayesian) were fitted to the observed
belief-updating behavior. Each model alternative represented a different combination of free
parameters composing the learning rate to test a total of 12 assumptions about the cognitive
process underlying belief updating:

¢ RL model 1. Belief updating is asymmetrical and proportional to the estimation error: S + A
varied across participants.

¢ RL model 2. Belief updating is non-asymmetrical and proportional to the estimation error:
S varied, A was silent (fixed to zero)

e RL model 3. Asymmetrical updating is equal to the estimation error: S is fixed (to 1), and A
is varied

¢ RL model 4. Updating equals the estimation error: S and A were fixed

e RL model 5. Belief updating is asymmetrical, proportional to the estimation error, and
moderated by the personal relevance of events (PR): S + A vary. PR is weighting the EE
following equations v. and vi.equations v(4. and vi(%.

¢ RL model 6. Belief updating is non-asymmetrical and proportional to the estimation error
moderated by PR: S varies, A is fixed, and PR weighs the EE following equations v. and
vi.equations v(Z. and vi(%.

¢ RL model 7. Asymmetrical updating equal to the estimation error moderated by PR: S is
fixed, A varies, and PR weighs the EE following equations v. and vi.equations v(%. and vi (2.

¢ RL model 8. Updating equals the estimation error moderated by PR: S and A are fixed, and
PR weighs the EE following equations v. and vi.equations v(%. and vi (2.

¢ Bayesian model 1. Belief updating is asymmetrical and proportional to Bayes rule: S and A
vary.

¢ Bayesian model 2. Belief updating is proportional to a rational Bayes rule: S varies, and A is
fixed.

¢ Bayesian model 3. Belief updating equals an asymmetrical Bayes rule: S is fixed, and A
varies.

e Bayesian model 4. Belief updating equals a rational Bayes rule: S and A are fixed.

Model estimation

Models were estimated following the procedure reported by Kuzmanovic and Rigoux 2017 and
Bottemanne et al., 2022(5%)(21&). In short, models were not hierarchical, and parameter
estimation was thus less sensitive to differences in group sample sizes. For each participant,
optimal scaling and asymmetry parameter values were obtained using Bayesian variational

inferences implemented in the VBA toolbox(24 ).

Iraj Khalid et al., 2024 eLife. https://doi.org/10.7554/eLife.101157.1 10 of 47


https://doi.org/10.7554/eLife.101157.1

7 eLife

Model comparisons

The free energy approximations for a model’s evidence in each participant were entered into a
random effect Bayesian model comparison that yielded the two criteria considered for model
selection: the estimated model frequency (Ef) in each group and the exceedance probability (pxp),
which corresponded to the likelihood of the model to describe best the observed belief updating
behavior in each participant.

Parameter recovery

Parameter recovery analysis was conducted to check whether the free parameters of the winning
models were identifiable and described the data better than any other set of parameters. The
accuracy of the fitting procedure in providing meaningful parameter values, simulated belief
updating data was generated using the observed parameter values for both the optimistic RL
model and the optimistic Bayesian updating model. Subsequently, we applied the fitting procedure
to these simulated data to iteratively ‘recover’ the parameters. Thereby, the means of the
parameters were set to correspond to the observed sample means (i.e., scaling = 0.37 + 0.02,
asymmetry = 0.06 + 0.01 for the RL model; scaling = 0.40 + 0.02, asymmetry = 0.04 + 0.01 for the
Bayesian model). This process was iterated to simulate 40 values of belief updates 123 times. The
model was then inverted by fitting it to the simulated data, yielding a new set of recovered values
for scaling and asymmetry. Finally, the recovered and estimated parameters were compared by
assessing their correlation using Pearson’s correlation coefficients.

Parameter comparisons

To compare learning rates and learning rate components across groups, we used the parameters
from the optimistically biased RL-like model (RL model 1), which performed best when fitted to
the whole dataset (Ef = 0.40, pxp = 1).

Individual learning rates from this RL model 1 and their scaling and asymmetry components were
the dependent variables (DV) of the following generic linear mixed effects model (equation xix (2
and xx(@):

XiX. LR = ﬂ 0 Intercept + B valence Valence + ﬂ context context + ﬁ design deSign + ﬂ
age @ge + [8 gender gender + f8 education €ducation + f vaience*context Valence by

context + (1 | subject)

XX. LR components = f3 o Intercept + f8 context cONtEXt + B age g€ + f5 gender

gender + f education €ducation + (1 | subject)

The model included fixed effects for news valence (valence, coded 1 for good news, -1 for bad
news), context (coded 0 for outside the pandemic, 1 for during the pandemic), task design (coded 1
for one-run and 2 for two-run), age, gender (coded 0 for male, 1 for female participants), and level
of education. It also tested the interaction of interest context by valence. The intercept was nested
at random by subject number.

Post-hoc one-sampled and two-sampled t-tests were conducted to characterize the directionality of
effects.
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Results

Effects of experiencing the COVID-19 pandemic

on the optimism bias in belief updating

A linear mixed effects (LME) model was fitted to absolute belief updates to test whether belief
updating was less or more biased during the COVID-19 pandemic. The model found a significant
interaction estimation error valence by context (B =-5.54, SE = 1.69, t(232) =-3.28, p = 0.001, 95% CI
[-8.87 —-2.21]; SI table 2(%). As shown in Figures 1a and b (2, the optimism bias in belief updating
disappeared during the COVID-19 pandemic compared to participants tested outside the
pandemic. More specifically, it was decreased among participants tested during the initial COVID-
19-related strict lockdown in March and April 2020 (EEvalence by context 1: B =-7.39, SE = 2.29,
t(228) = -3.32, p = 0.002, 95% CI [-11.91 - -2.86]; SI table 3®@), as well as in Mai 2021 (EEvalence by
context 2: B =-5.59, SE = 2.36, t(228) = -2.37, p = 0.02, 95% CI [-10.24 —-0.93]; SI table 3 @),
compared to those tested before the outbreak in October 2019, respectively. The bias re-emerged
among participants tested one year later at the time of the lift of the sanitary state of emergency in
June 2022, returning to levels akin to those observed before the pandemic in October 2019
(EEvalence by context 3: B =-2.11, SE = 2.46, t(228) =-0.86, p = 0.39, 95% CI [-6.95 — 2.73]; Figure
2a(@, SI table 3(%). The effect of the COVID-19 pandemic on belief updating was driven by a
significant decrease in belief updating following good news during the pandemic compared to
participants tested outside the pandemic (t(121) = 2.66, p = 0.009, Cohen’s d = 0.48, two sampled,
two-tailed t-test, Figure 2b (@). No contextual group difference was observed for belief updating
following bad news (t(121) = -1.77, p = 0.08, Cohen’s d = -0.32, two sampled, two-tailed t-test, Figure
1b@). This effect could be reproduced when fitting an analogous LME to belief updates observed
in a group of participants (n=28) who were tested both before and during the pandemic (EE
valence by context interaction: p =-7.66, SE = 1.49, t(103) = -5.13, p < 0.001, 95% CI [-10.62 — 4.70]; SI
figure 1Z, SI table 4(2). Note that all effects were controlled for participant age, years of higher
education, gender, confidence in the base rates, belief updating task design, and estimation error
magnitude.

Effects of COVID-19-related lockdown on belief updating variables
As shown in Figure 2c @, experiencing the COVID-19 pandemic influenced participants’
confidence in the base rates, with significantly lower confidence ratings observed among those
tested outside the pandemic compared to those tested during it (B = 14.11, SE = 4.52, t(233) = 3.12, p
=0.002, 95% CI [5.19 - 23.02]; SI Table 5(%). Moreover, a significant interaction of EE valence by
context (§ = 2.19, SE = 0.67, t(233) = 3.28, p = 0.001, 95% CI [0.88 — 3.51]; SI Table 6%) was found for
absolute estimation error magnitude. This finding indicated that participants tested during the
pandemic overestimated their risk of experiencing adverse future life events relative to base rates
more largely than participants tested outside the pandemic (t(121) = -3.01, p = 0.003, Cohen’s d =
-0.54, Figure 2d @). On the contrary, the two groups did not differ significantly in the magnitude of
negative estimation errors (i.e., initial underestimations relative to base rates, t(121) =-0.49, p =
0.63, Cohen’s d = -0.09, two-sampled, two-tailed t-tests (Figure 2d @). This finding contrasts with
the observed difference in how often they made positive estimation errors (i.e., the number of
good news trials). Participants tested during the pandemic overestimated less frequently than
participants tested outside the pandemic (t(121) = 2.40, p = 0.02, Cohen’s d = 0.43). No significant
difference between groups was found for the frequency of underestimations (i.e., reflected by the
number of bad news trials; t(121) = -1.85, p = 0.07, Cohen’s d = -0.33). These results indicated that
participants held fewer but more negative future outlooks during the pandemic compared to those
tested outside the pandemic.
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(a) Boxplots display the belief-updating bias (i.e., the difference between the belief update for good news minus belief
update for bad news) in each of the four participant groups tested before the pandemic in October 2019 (n=30), during the
first lockdown from March to April 2020 (n=34), with less restrictive measures in Mai 2021 (n=31), and at the end of the
pandemic in June 2022 (n=28). (b) Belief updating for good and bad news during (n=65) and outside the pandemic (n=58).
(c) Confidence ratings, and (d) estimation errors for bad and good news during and outside the pandemic. Boxplots in
all panels display 95% confidence intervals, with boxes indicating the interquartile range from Q1 25t to Q3 75th percentile.
The horizontal black lines indicate medians and whiskers range from minimum to maximum values and span 1.5 times the
interquartile range. The dots correspond to individual participants. The source data file provides exact p-values. *p < 0.05
two-sampled, two-tailed t-tests, * p < 0.05 two-sampled, one-tailed t-tests.
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Effects of COVID-19-related lockdown on

putative mechanisms of belief updating.

We then sought to identify which putative strategy participants used to update their beliefs about
the future during and outside the pandemic. To answer this question, we used computational
modeling and model comparisons to rule between twelve alternative models. This approach
revealed that belief updating outside the pandemic was more RL-like and optimistic (pxp = 1, Ef =
0.77), while during the pandemic, it was best explained by a rational Bayesian updating model
(pxp = 0.90, Ef = 0.43; Figure 3a-c @). Similar findings were obtained when conducting model
comparisons in the participants tested before and during the lockdown (n=28, SI Figure 2 ).

Effects of the Covid-19-related lockdown on

hidden, latent variables of belief updating
Next, we compared the effects of experiencing the COVID-19 pandemic on the learning rates and
its components.

A linear mixed effects model (LME), analogous to the LME fitted to observed belief updates, was
fitted to the learning rates and detected a main effect of EE valence (B = 0.09, SE = 0.01, t(236) =
7.14, p = 1.18e-11, 95% CI [0.06 - 0.11]), and a significant interaction EE valence by context (§ =
-0.03, SE = 0.02, t(236) = -2.11, p = 0.04, 95% CI [-0.07 - -0.002]; Figure 4a (%, SI table 7(2). A main
effect of EE valence (B = 0.07, SE = 0.02, t(105) = 3.22, p = 0.002, 95% CI [0.03 — 0.12]; SI table 8 2)
and context (B =-0.10, SE = 0.03, t(105) = -3.10, p = 0.002, 95% CI [-0.17 —-0.04]; SI table 8 2) on
learning rates was detected when comparing the participants, who were both tested before and
during the pandemic. As shown in Figure 4a (%, all participants’ learning rates were lower in
response to bad news than to good news. Still, the difference between good and bad news learning
rates was significantly reduced for participants tested during the pandemic. In line with the
observed belief updating after good and bad news, the effect of context on the learning rates was
driven by a decrease in the learning rates from positive estimation errors in participants tested
during the pandemic compared to participants tested outside the pandemic (t(121) = 2.17, p = 0.03,
Cohen’s d = 0.39). Both groups did not differ in their learning rates from negative estimation errors
(t(121) = 0.87, p = 0.39, Cohen’s d = 0.16, two sampled, two-tailed t-tests).

Parameter recovery was successful for the scaling and asymmetry components of the learning
rates (Figure 4b(@), which indicated that the model gave identifiable values for these parameters.
We, therefore, were able to explore potential group differences in the learning rate components in
more detail. Linear mixed effects modeling found a main effect of context for the asymmetry
component (B =-0.04, SE = 0.02, t(117) = -2.32, p = 0.02, 95% CI [-0.07 —-0.01]; Figure 4c 2, SI table
92), but not for the scaling component (§ = -0.07, SE = 0.05, t(117) = -1.54, p = 0.13, 95% CI [-0.16 —
0.02]; Figure 3c @, SI table 10 ). The average asymmetry of learning rates was positive in both
groups but significantly smaller in participants tested during the pandemic than those tested
outside (t(121) = 2.00, p =0.048, Cohen’s d = 0.36, two-sampled, two-tailed t-test, Figure 4c ). This
result indicated that participants considered positive estimation errors more than negative ones
but less when experiencing the COVID-19 pandemic. Similar results were found in the within-
subject group (n = 28), with a significant main effect of context on asymmetry (B =-0.06, SE = 0.02,
t(51) =-3.72, p = 0.001, 95% CI [-0.09 — -0.03]; SI table 11 ), but not on alpha (§ =-0.10, SE = 0.05,
t(51) =-1.96, p = 0.06, 95% CI [-0.21 — 0.003]; SI table 12(@).
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Computational model comparisons.

Twelve alternative models from RL-like (blue) and Bayesian (orange) updating model families were fitted to observed belief
updates for participants tested during the COVID-19 pandemic (left panel columns) and outside the pandemic (right column
panels). (a) Protected exceedance probabilities for each of the 12 alternative models. (b) Posterior model attributions.
Colored cells display the probability that individual participants (y-axis) will be best explained by a model version (x-axis). (c)
Estimated model frequencies correspond to how many participants are expected to be best described by a model version,
with error bars corresponding to standard deviations. The red line indicates the null hypothesis that all model versions are
equally likely in the cohort (chance level). Labels on the x-axis of the histogram and bar graphs indicate the model versions
with non-silenced parameters (S— scaling, A— Asymmetry) and PR — personal relevance of events.
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Parameter comparisons between participants tested
during (n=65) and outside (n=58) the COVID-19 pandemic.

(a) Learning rates. Boxplots display 95% confidence intervals for learning rates from the RL-like updating model that
assumed updating is proportional to the estimation error with an asymmetry and a scaling learning rate component. (b)
Parameter recovery for learning rate components. Pearson’s correlation between generating and recovered parameters
for scaling (left panel) and asymmetry (right panel) learning rate component. r—Pearson’s correlation coefficient against
zero. Source data and exact p-values are provided as a Source Data file. (c) Group comparisons scaling and asymmetry
components. Boxplots display 95% confidence intervals for the learning rate’s scaling (left panel) and the asymmetry (right
panel) component. Boxes in all boxplots correspond to the interquartile range from Q1 25th percentile to Q3 75th percentile.
The horizontal black lines indicate medians and whiskers range from minimum to maximum values and span 1.5 times the
interquartile range. The dots correspond to individual participants. *p <0.05. P-values were obtained with two-sampled, two-
tailed t-tests between groups, and exact p-values are provided in the source data file.
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Discussion

This study investigated how experiencing the COVID-19 pandemic impacted the optimism bias in
updating beliefs about the future. Belief updating was optimistically biased before the COVID-19
outbreak. It faded during the COVID-19 pandemic and reemerged after the pandemic. The lack of
optimistically biased belief updating during the pandemic was related to three effects: (12) a

modeling showed that a rational Bayesian model best-described belief updating during the
pandemic.

In contrast, an optimistic RL-like model best approximated belief updating outside the pandemic.
Both models showed that the attenuated optimism bias in belief updating during the pandemic
was not due to a learning deficit. The groups were similar in how much they integrated overall
evidence in favor or against initial beliefs. On the contrary, it was explained by a diminished
learning asymmetry in considering positive belief-disconfirming evidence that paralleled the
observed belief-updating behavior.

The finding that optimistically biased belief updating faded during the pandemic favors the
hypothesis that experiencing an adverse life event such as a pandemic weakens optimistic
outlooks. It further aligns with the body of research that has explored the malleability of the
optimistically biased belief updating and information integration under acute threat and stress
and mood disorders such as depression(172)(19 & )(18 2)(20 (% ). While our findings align with
these previous findings, we also observed a difference. Notably, our sample tested during the
pandemic considered positive, favorable information less while showing no change in negative,
unfavorable information consideration. Differences in populations and task designs might explain
these odds. However, it could also be specific to experiencing the COVID-19 pandemic, which
involved an immediate, unpredictable, and global health threat with high uncertainty about its
outcome and significant psychological repercussions (7 &)(2532).

Mental health assessments during the COVID-19 pandemic indicated that anxiety, stress, paranoia,
and depression levels were more prevalent in the population(8 2 )(9%). The rapid spread of SARS-
CoV-2 and the emergence of COVID-19 cases worldwide constitute a challenging situation that, in
five months, has shifted from an elusive and distant threat to an immediate and drastic health and
economic crisis. All citizens were confronted daily with alarming figures such as infection rates or
mortality, and rather mundane everyday activities, from grocery shopping to jogging, became
stressful and threatening situations during which one could catch a potentially fatal infection.
Moreover, for many, the COVID-19-related lockdowns of social and economic life implied a
physical cut-off from friends and relatives, and life plans, routines, and activities were severely
disrupted. It also implied a substantial financial risk. Previous research has shown that economic
uncertainties, particularly during marked economic inequality and epidemics, can contribute to
beliefupdating fallacies reflected by the rise of conspiracy theories(26 ). We did not collect
information about the COVID-19 infection status of participants, which precludes a direct
exploration of the immediate effects of experiencing the infection on belief-updating behavior and
the potential interaction with anxiety and stress levels. This limitation is noteworthy, as the impact
of experiencing the pandemic on belief updating about the future could differ between those who
directly experienced infection and those who remained uninfected. It is also important to
acknowledge that our study was timely and geographically limited to the context of the COVID-19
outbreak in France. Cultural variations and differences in governmental responses to contain the
spread of SARS-CoV-2 may have impacted the optimism biases differently.
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The observed lack of optimistically biased belief updating may be interpreted as an adaptive
response to the experience of an unprecedented level of uncertainty and chronic threat during a
global crisis. Although we did not have access to anxiety and stress perceptions during and outside
the pandemic, our computational modeling results corroborate to some extent this interpretation.
Notably, belief updating was more optimistically biased RL-like outside the pandemic and more
rational Bayesian-like during the pandemic. The biased RL-like updating behavior observed
outside the pandemic indicated that participants relied on the motivational salience of positive
estimation errors to teach them how to update their beliefs about the future by trial and error.
This finding aligns with past work, showing that RL-like updating models best explain belief
updating in non-threatening, non-stressful, and predictable laboratory contexts(5 ). It further
suggests that RL strategies are a computationally efficient way to guide decision-making and belief
formation when the environment is stable and predictable(27 ). For instance, in environments
with well-defined reward structures, the human brain has been shown to efficiently rely on RL
and avoid a computational overhead associated with the Bayesianlike inference process(28 (%).

On the contrary, belief updating was more rational and Bayesian-like during the COVID-19
pandemic, indicating that participants weighed the uncertainty of evidence in favor of and against

their prior beliefs. This finding aligns with research about Bayesian networks to model semantic

how humans learn and choose under uncertainty(30 2 )(31 ) (32 (2).

It is essential to acknowledge that computational modeling provides insight into potential
mechanisms, but this excludes inferences on whether humans indeed update beliefs in the way
the best-fitting model assumes. Other models, such as evidence accumulation models, may also
work when humans update their beliefs about the future and their immediate

crucial for fitting evidence accumulation models such as drift-diffusion models to observed
behavior. However, we can infer from our findings that the two model families employed to fit
observed belief-updating behavior represented two different but complementary prediction
strategies. These strategies were then used to function in the uncertainty of real-life conditions. We
call for more studies investigating these computational models’ psychological and biological
validity under certainty and uncertainty.

In conclusion, our results provide insight into the resilience and adaptability of beliefupdating
processes during and following the COVID-19 pandemic. They demonstrate the malleability of the
human ability to anticipate the future and how it can adapt to real-life conditions under which an
overly optimistic view of future risks would be harmful.
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Supplementary Information

1. Additional behavioral analysis

a. Within-group comparisons

Belief updating was compared within a group of participants (n=28), who were tested both before
(October 2019) and during the COVID-19 pandemic (March-April 2020). A mixed effects linear
regression analysis of belief updating showed a significant main effect of EE valence ( = 4.05, SE =
1.22,t(103) = 3.31, p = 0.001, 95% CI [1.63 - 6.47]), as well as a significant effect of testing context (3
=-4.41, SE = 1.49, t(103) =-2.95, p = 0.004, 95% CI [-7.37 —-1.45]), and more importantly a significant
EE valence by testing context interaction ({3 = -7.66, SE = 1.49, t1(103) = -5.13, p < 0.001, 95% CI [-10.62
—-4.70], SI Figure 12, SI table 4 @). A significant main effect of gender was also found (8 = 3.53,
SE = 1.64,t(103) = 2.15, p = 0.03, 95% CI [0.27 - 6.79]), with women updating their beliefs more than
men. Post-hoc t-tests revealed that participants tested before the emergence of the pandemic
updated their beliefs more after receiving good news (mean UPDg,q = 14.38 + 1.14) than after
receiving bad news (mean UPDy 4 = 6.23 + 1.17; t(27) = 4.93, p < 0.001, Cohen’s d = 0.93, paired
sample t-tests). This optimism bias in belief updating was not observed when the same 28
participants were tested during the first lockdown (mean UPDgqoq = 2.25 + 1.76; mean UPDy,,q =
9.30 + 2.47; t(27) = -1.84, p = 0.08, Cohen’s d =-0.35, paired sample t-tests).
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Belief updating within the same group of participants
tested before and during the COVID-19 pandemic (n=28).

Boxplots display 95% confidence intervals for belief updating after bad and good news and during and outside the pandemic.
Boxes indicate the interquartile range from Q1 25t to Q3 75th percentile. The horizontal black lines indicate medians and
whiskers range from minimum to maximum values and span 1.5 times the interquartile range. The dots correspond to
individual participants. The source data file provides exact p-values. *p < 0.05 two-sampled, two-tailed t-tests.
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b. Sources of variance in belief updating.

In Figure 1b @, participants tested during the COVID-19 pandemic showed more variance in belief
updating in response to both good and bad news than those tested outside the pandemic. This
variability might be because they ignored the base rates when updating their beliefs, possibly
influenced by the shift to online testing during the pandemic.

If participants paid attention to the base rates, they were expected to update toward the base rate,
yielding positive values for the update. On the contrary, ignoring the base rates can be reflected by
updating away from the base rate, with second estimates (E2) that, in the case of good news trials,
lay above the first estimate (E1; e.g., E1 = 60%, BR = 40 %, E2 = 70 %, UPD = E1 - E2 = -10 %).
Likewise, in the case of bad news trials,second estimates may lay below the first estimate (e.g., E1 =
20 %, BR =40 %, E2 = 10 %, UPD = E2 - E1 = -10%). We examined the number of trials with such
paradoxical second estimates yielding negative values for the belief update. We found no
significant difference (t(121) = 1.77, p = 0.08, Cohen’s d = 0.32) between the number of paradoxical
trials in participants tested outside (6.09 + 0.47 trials on average) and during (4.77 + 0.56 trials on
average) the pandemic. This suggests that participants tested online exhibited no greater
propensity for paradoxical responses than those tested inperson.

Second, we tested if the observed variance in belief updating between the groups was due to
second estimates that over- and undershot the base rates. For instance, individuals who undershot
indicated second estimates below base rates signaling good news (e.g., E1 = 40 %, BR = 20 %, E2 =
10 %). In contrast, individuals who overshot indicated second estimates above the base rates,
signaling bad news (e.g., E1 = 10%, BR = 20%, E2 = 40%). Undershooting might indicate an attuned
sensitivity to good news, and overshooting an attuned sensitivity to bad news. We found that
participants tested outside the COVID-19 pandemic undershot more often (on average 4.48 + 0.46
trials) than they overshot (on average 2.38 + 0.33 trials; t(57) = 3.76, p < 0.001, Cohen’s d = 0.49,
paired-sample, two-tailed t-test). This propensity aligned with the bias to update beliefs more after
good than after bad news in this group. Conversely, participants tested during the pandemic didn’t
show a significant difference in the number of trials where they under- (2.00 + 0.32 trials on
average) or overshot (3.08 + 0.73 trials on average;t(64) = -1.34, p = 0. 19, Cohen’s d = -0.17, paired-
sample, two-tailed t-test), aligning with the absence of optimistically biased belief updating.
Critically, when comparing the two groups, we found a significant positive interaction testing
context by type of shooting (8 = 1.66, SE = 0.50, t(233) = 3.33, p = 0.001, 95% CI [0.68 — 2.65]; SI table
142). Post-hoc t-tests showed that participants tested during the COVID-19 pandemic undershot
more often than participants tested during the pandemic (t(121) = 4.48, p < 0.001, Cohen’s d = 0.81,
two-sample two-tailed t-test). No differences were observed between the groups regarding
overshooting (t(121) = -0.84, p = 0.40, Cohen’s d = -0.15, two-sample two-tailed t-test). These findings
indicated that participants tested outside the pandemic were more sensitive to good news,
corroborating the findings of a more robust good news/bad news bias in belief updating found in
this group.

2. Additional computational analyses

a. Model comparisons among participants
tested before and during the pandemic.

We then conducted a Bayesian model comparison to the model fits of belief updating observed in
the group of participants tested both before and during the lockdown. This cohort’s belief updating
was more RL-like before the lockdown (Ef = 0.73, pxp = 1), and rational Bayesian during the
lockdown (Ef = 0.61, pxp = 0.99; SI Figure 2(%).
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Estimated model frequencies for participants tested
both before and during the COVID-19 pandemic.

The histograms display average posterior model frequencies that reflect how many participants are expected to be best
described by a model version, with error bars corresponding to standard deviations. The red line indicates the null hypothesis
that all model versions are equally likely in the cohort (chance level). Labels on the x-axis of the histograms indicate the
model versions with non-silenced parameters (S - scaling, A-asymmetry), and PR - personal relevance factor.
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3. Task instructions

The following instructions in French were displayed to participants prior to performing the task.

“Il s’agit d’un test qui mesure vos croyances concernant de futurs événements de la vie. 40
événements vous seront présentés successivement.

Pour chacun d’entre eux, vous devrez indiquer :

1. La probabilité qu’il se produise dans votre vie future (Pour vous: quelle est la probabilité
estimée que cet événement vous arrive)

2. La probabilité que cela arrive a quelqu’un d’autre (Pour quelqu'un d’autre : selon vous,
quelle est la probabilité que quelqu’un d’autre vive cet événement) On vous montrera alors
la probabilité officielle que cet événement se produise pour une personne de votre groupe
socio-démographique. Ensuite, on vous demandera de saisir :

3. Votre niveau de confiance dans le taux officiel, si vous pensez qu’il est correct ou qu’il s’agit
d’une erreur de sondage.

4. La probabilité qu’il se produise dans votre vie future (Pour vous: maintenant que vous
connaissez ’estimation de 'INSEE, quelle est, selon vous, la probabilité que cet évenement
vous arrive).

Notez que tous les évenements présentés ont une probabilité estimée située entre 3% et 77%.”

4. SI tables: 1-15
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Category Specific question Mean sem
COVID-19 risk 2.9 0.2
Risk
) General risk perception 1.8 0.1
perception
COVID-19 mortality risk 3.1 0.2
Mask wearing 3.7 0.2
Social distancing outside home (shops, work) 4.4 0.1
Hand washing 4.2 0.2
Adoption of
Social distancing at home 4.0 0.1
protective
Gloves wearing 1.4 0.1
measures
Shaking hands, hugging 2.2 0.2
Leave home for work,errands 3.7 0.1
Hand sanitizer use 4.0 0.2
Social craving 3.8 0.2
Feeling isolated 2.6 0.2
Calling friends, parents, family, acquaintances 4.5 0.1
Need for social
) ) Loosing contact with friends,acquaintances 2:3 0.2
interaction
Social media use 3.6 0.2
Feeling of isolation from loved ones 2.9 0.2
Quality of social interactions 3.9 0.1
Mood Sadness and anxiety 2.5 0.2
Anxiety Level of anxiety 2.6 0.2
1- alone, 2—alone with pet, 3 — couple w/o children, 4 —
Living 3.3 0.2
couple w/ children, 5 — Family
1 - apartment, 2 — apartment w/ outdoor space, 3 — house,
Housing 2.3 0.2
4 — house w/ outdoor space
Occupation 1 — no occupation. 2 — remote work. 3 — work 2.2 0.1
Displacement | 1 —no displacement, 2 — public transportation, 3 — car 2.4 0.1
SI table 1.

Survey responses in n=40 participants tested during the pandemic.
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UPD ~ 1 + context + valence + EE + confidence + age + gender + education + design +
valence*context + (1 | subject) + (1 + valence | subject) + (1 + EE | subject)
Model fit statistics:
AIC BIC LogLikelihood Deviance
1851.1 1913.9 -907.54 1815.1
Fixedeffects coefficients (95% Cls):
95% Cls
Name Estimate SE tStat DF pValue

Lower Upper
Intercept -2.1975 5.033 -0.4366 | 232 0.6628 -12.114 7.7188
valence 3.2418 1.2297 2.6363 232 0.00895 | 0.81898 | 5.6646
context -0.76328 | 1.9987 |-0.3819 | 232 0.7029 |-4.7013 | 3.1747
EE 0.4187 0.11434 | 3.662 232 0.00031 | 0.19343 | 0.64397
confidence 0.02234 | 0.03859 | 0.57888 | 232 0.56323 | -0.0537 | 0.09836
age -0.00690 | 0.03181 | -0.2169 | 232 0.82845 | -0.0696 | 0.05577
gender -0.62168 | 1.0909 | -0.5698 | 232 0.56932 |-2.7711 | 1.5277
education -0.29937 | 0.29786 | -1.005 232 0.31592 | -0.8862 | 0.2875
design 1.797 1.9642 0.91487 | 232 0.36121 | -2.0729 5.6669
valence:cont
ot -5.5395 | 1.6879 |-3.2819 | 232 0.00119 |-8.8652 |-2.2139
Random effects covariance parameters (95% Cls):
Group:subject (121 Levels)
Namel Name2 Type Estimate 95% Cls

Lower Upper
Intercept Intercept std 2.0778 NaN NaN
Group:subject (121 Levels)
Namel Name2 Type Estimate 95% Cls

SI Table 2.

Linear Mixed-Effects Model results fitting the average absolute Belief Updates (UPD) in participants tested outside (n=58) and
during (n=65) the pandemic
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Lower Upper
Intercept Intercept std 3.1204 NaN NaN
valence Intercept corr -0.38448 NaN NaN
valence valence std 8.3125 NaN NaN
Group:subject (121 Levels)
95% Cls
Namel Name?2 Type Estimate
Lower Upper
Intercept Intercept std 12.117 6.4527 22.755
EE Intercept corr -0.99998 NaN NaN
EE EE std 0.53486 0.31495 0.90834
Group:Error
95% Cls
Name Estimate
Lower Upper
Res Std 5.0881 NaN NaN
SI Table 2. (continued)
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UPD ~ 1 + context + valence + EE + confidence + age + gender + education + design +
valence*context + (1 | subject) + (1 + valence | subject) + (1 + EE | subject)
Model fit statistics:
AIC BIC LogLikelihood Deviance
1857 1933.8 -906.5 1813
Fixedeffects coefficients (95% Cls):
95% Cls
Name Estimate SE tStat DF pValue
Lower Upper

Intercept -5.041 6.1791 |-0.8158 | 228 0.41546 | -17.216 | 7.1345
valence 4.2371 1.6732 2.5324 228 0.012 0.94033 7.534
EE 0.42432 | 0.11572 | 3.6668 228 0.00031 | 0.1963 0.65233
confidence 0.02225 | 0.0386 0.57687 | 228 0.5646 -0.0538 0.098252
age -0.0062 | 0.0317 -0.1955 | 228 0.8452 -0.0686 0.0562
gender -0.4786 |1.1083 |-0.4319 | 228 0.6663 | -2.6625 1.7052
education -0.2686 | 0.2992 |-0.8978 | 228 0.3703 | -0.8582 0.3210
design 2.7278 2.2643 | 1.2047 | 228 0.2296 | -1.734 7.1894
Context 1 0.9516 2.6961 | 0.3529 | 228 0.7245 | -4.361 6.2641
Context 2 0.5282 2.7112 0.1948 228 0.8457 -4.814 5.8703
Context 3 1.7166 1.8127 0.9470 228 0.3446 -1.855 5.2883
Valence by

-7.3853 | 2.2942 -3.2191 | 228 0.0015 -11.906 -2.8647
context 1
Valence by

-5.5876 | 2.3627 -2.365 228 0.0189 -10.243 -0.9321
context 2
Valence by -2.1096 | 2.456 -0.8590 | 228 0.3913 -6.9489 2.7297

SI Table 3.

Linear Mixed-Effects Model results fitting the average absolute Belief Updates (UPD) in participants tested before the COVID-
19 outbreak in France (October 2019, n=30, baseline), and comparing them to participants tested during the first lockdown in
March/April 2020 (n=34, context 1), one year later in Mai 2021 during a less strict lockdown (n=31, context 2), and at the lift of
the sanitary state of emergency in June 2022 (n=28, context 3).
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context 3
Random effects covariance parameters (95% Cls):
Group:subject (121 Levels)
95% Cls
Namel Name2 Type Estimate
Lower Upper
Intercept Intercept std 1.8256 NaN NaN
Group:subject (121 Levels)
95% Cls
Namel Name2 Type Estimate
Lower Upper
Intercept Intercept std 2.7322 NaN NaN
valence Intercept corr -0.4591 NaN NaN
valence valence std 8.0804 NaN NaN
Group:subject (121 Levels)
95% Cls
Namel Name?2 Type Estimate
Lower Upper
Intercept Intercept std 12.429 6.8097 22.687
EE Intercept corr -0.99996 NaN NaN
EE EE std 0.54549 0.32728 0.90917
Group:Error
95% Cls
Name Estimate
Lower Upper
Res Std 5.6331 NaN NaN

SI Table 3. (continued)
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UPD ~ 1 + context + valence + EE + confidence + age + gender + education + valence*context
+ (1 | subject) + (1 + valence | subject) + (1 + EE | subject)
Model fit statistics:
AIC BIC LogLikelihood Deviance
830.29 876.5 -398.14 796.29
Fixedeffects coefficients (95% Cls):
95% Cls
Name Estimate SE tStat DF pValue
Lower Upper
Intercept 10.333 7.5518 |1.3683 | 103 0.1742 | -4.6443 |25.31
valence 4.0497 1.2219 3.3142 103 0.00127 | 1.6263 6.4732
context -4.4101 1.4926 -2.9546 | 103 0.00388 |-7.3704 -1.4499
EE 0.08869 | 0.14664 | 0.6046 | 103 0.54678 |-0.2022 | 0.37948
confidence 0.00141 | 0.04768 | 0.02948 | 103 0.97654 |-0.0932 | 0.09597
age -0.05015 | 0.08563 | -0.5856 | 103 0.55941 |-0.2199 | 0.11968
gender 3.5299 1.6424 | 2.1492 | 103 0.03396 | 0.27253 |6.7873
education -0.5649 0.42109 |-1.3415 | 103 0.1827 -1.4 0.27023
valence:cont
ot -7.6601 | 1.4923 |-5.1332 | 103 1.35e-06 | -10.62 -4.7005
Random effects covariance parameters (95% Cls):
Group:subject (28 Levels)
95% Cls
Namel Name2 Type Estimate
Lower Upper
Intercept Intercept std 2.2282e-07 NaN NaN
Group:subject (121 Levels)
95% Cls
Namel Name2 Type Estimate
Lower Upper
Intercept Intercept std 1.4291 0.80997 2.5215
valence Intercept corr -1 NaN NaN

SI Table 4.

Linear Mixed-Effects Model results fitting the average absolute Belief Updates (UPD) in participants tested both before and
during the pandemic (n = 28)
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valence valence std 3.3249 1.9554 5.6537
Group:subject (28 Levels)
95% Cls
Namel Name2 Type Estimate
Lower Upper
Intercept Intercept std 8.274e-07 NaN NaN
EE Intercept corr -0.99994 NaN NaN
EE EE std 3.0154e-08 NaN NaN
Group:Error
95% Cls
Name Estimate
Lower Upper
Res Std 7.8366 6.7914 9.0426
SI Table 4. (continued)
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confidence ~ 1 + context + valence + EE + age + gender + education + design +
valence*context + (1 | subject)
Model fit statistics:
AIC BIC LogLikelihood Deviance
1908.6 1946.9 -943.28 1886.6
Fixedeffects coefficients
95% Cls
Name Estimate SE tStat DF pValue
Lower Upper
Intercept 61.051 |9.1552 |6.6685 |233 1.86e-10 | 43.013 79.088
valence -0.4795 | 0.7288 |-0.6580 | 233 0.5112 -1.9154 | 0.9563
context 14.105 4.524 3.1177 233 0.0021 5.1915 23.018
EE -0.2398 | 0.1177 |-2.0376 | 233 0.0427 -0.4717 | -0.0079
age 0.0451 0.0747 0.6037 233 0.5466 -0.1021 | 0.1923
gender -2.415 2.5148 |-0.9603 | 233 0.3379 -7.3697 | 2.5397
education 0.0563 | 0.6898 |0.0816 | 233 0.935 -1.3027 | 1.4153
design 3.8568 |4.6503 |0.8294 |233 0.4077 -5.3052 | 13.019
valence:cont
ot 0.0969 | 1.0256 |0.0944 | 233 0.9248 -1.9237 |2.1174
Random effects covariance parameters
Group:subject (121 Levels)
95% Cls
Namel Name2 Type Estimate
Lower Upper
Intercept Intercept std 11.892 10.188 13.88
Group:Error
95% Cls
Name Estimate
Lower Upper
Res Std 7.6935 6.7828 8.7265

SI Table 5.

Linear Mixed-Effects Model results fitting the average confidence ratings in participants tested outside (n=58) and during
(n=65) the pandemic
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EE ~ 1 + context + valence + confidence + age + gender + education + design +
valence*context + (1 | subject)
Model fit statistics:
AIC BIC LogLikelihood Deviance
1569 1607.3 -773.48 1547
Fixedeffects coefficients (95% Cls):
95% Cls
Name Estimate SE tStat DF pValue

Lower Upper
Intercept 24.602 3.5887 6.8553 233 6.32e-11 | 17.531 31.672
valence -0.4550 | 0.4902 -0.9282 | 233 0.3543 -1.4209 | 0.5108
context 3.686 1.6893 2.1819 233 0.0301 0.3577 7.0143
confidence -0.0496 | 0.0289 -1.7123 | 233 0.0882 -0.1067 | 0.0075
age 0.0403 0.0272 1.4801 233 0.1402 -0.0133 | 0.0939
gender -1.073 0.9181 -1.1688 | 233 0.2437 -2.8818 | 0.7358
education -0.3296 | 0.2511 -1.3128 | 233 0.1906 | -0.8243 | 0.1651
design 1.7037 1.6971 1.0039 233 0.3165 -1.64 5.0473
valence:cont
ot 2.1942 0.6688 3.2808 233 0.0012 0.8765 3.5119
Random effects covariance parameters ():
Group:subject (121 Levels)

95% Cls

Namel Name2 Type Estimate
Lower Upper
Intercept Intercept std 3.046 2.1255 4.3652
Group:Error
95% Cls
Name Estimate
Lower Upper

Res Std 5.1867 4.5717 5.8845

SI Table 6.

Linear Mixed-Effects Model results fitting the average absolute Estimation Error (EE) in participants tested outside (n=58) and
during (n=65) the pandemic
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LR ~ 1 + context + valence + age + gender + education + design + valence*context + (1 |

subject)

Model fit statistics:

AIC BIC LogLikelihood Deviance
-54.291 -19.319 37.146 -74.291
Fixedeffects coefficients
95% Cls
Name Estimate SE tStat DF pValue
Lower Upper
Intercept 0.5189 | 0.1546 | 3.3566 236 0.0009 0.2144 | 0.8235
valence 0.0856 | 0.0120 |7.1351 | 236 1.18e-11 | 0.0620 0.1092
context -0.0492 | 0.0797 |-0.6172 | 236 0.5377 -0.2062 | 0.1078
age -0.0005 | 0.0014 |-0.3404 | 236 0.7339 -0.0031 | 0.0022
gender -0.0287 | 0.0457 | -0.6267 | 236 0.5315 -0.1187 |0.0614
education -0.0227 | 0.0126 |-1.8091 | 236 0.0717 -0.0474 | 0.0020
design 0.0269 | 0.0822 |0.3272 236 0.7438 -0.1351 | 0.1889
valence:cont
ext -0.0347 | 0.0164 |-2.1126 | 236 0.0357 -0.0671 | -0.0023
Random effects covariance parameters
Group:subject (122 Levels)
95% Cls
Namel Name2 Type Estimate
Lower Upper
Intercept Intercept std 0.22053 0.19016 0.25575
Group:Error
95% Cls
Name Estimate
Lower Upper
Res Std 0.12808 0.11297 0.1452
SI Table 7.

Linear Mixed-Effects Model results fitting the average Learning Rates in participants tested outside (n=58) and during (n=65)

the pandemic
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LR ~ 1 + context + valence + age + gender + education + valence*context + (1 | subject)
Model fit statistics:
AIC BIC LogLikelihood Deviance
-15.954 8.5125 16.977 -33.954
Fixedeffects coefficients

95% Cls

Name Estimate SE tStat DF pValue
Lower Upper
Intercept 0.3529 | 0.1869 | 1.8887 105 0.0617 -0.0176 | 0.7234
valence 0.0752 0.0234 3.2175 105 0.0017 0.0288 0.1215
context -0.1024 | 0.0330 |-3.1011 | 105 0.0025 -0.1679 | -0.0369
age 0.0010 |0.0035 |0.2876 105 0.7742 -0.0060 | 0.0080
gender 0.1858 | 0.0704 | 2.6385 105 0.0096 0.0462 | 0.3254
education -0.0216 | 0.0178 |-1.2130 | 105 02279 -0.0570 | 0.0137
valence:cont
ext -0.0616 | 0.0330 |-1.8662 | 105 0.0648 -0.1271 | 0.0039
Random effects covariance parameters
Group:subject (28 Levels)
95% Cls
Namel Name?2 Type Estimate
Lower Upper
Intercept Intercept std 0.15167 0.10662 0.21576
Group:Error
95% Cls
Name Estimate
Lower Upper
Res Std 0.17479 0.15026 0.20332
SI Table 8.

Linear Mixed-Effects Model results fitting the average Learning Rates for RL-like model in participants tested both before and
during the pandemic (n = 28)
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asymmetry ~ 1 + context + age + gender + education + (1 | subject)
Model fit statistics:
AIC BIC LoglLikelihood Deviance
-204.79 -185.16 109.39 -218.79
Fixedeffects coefficients
95% Cls
Name Estimate SE tStat DF pValue
Lower Upper
Intercept 0.0264 0.0323 0.818 117 0.415 -0.0375 | 0.0903
context -0.04 0.0172 -2.3202 | 117 0.0221 -0.0741 | -0.0058
age 0.0006 0.0005 1.1752 117 0.2423 -0.0004 | 0.0016
gender 0.0089 0.0045 2.0024 117 0.0475 0.0001 0.0178
education -0.0048 | 0.0172 -0.2815 | 117 0.7788 -0.0388 | 0.0291
Random effects covariance parameters
Group:subject (122 Levels)
95% Cls
Namel Name2 Type Estimate
Lower Upper
Intercept Intercept std 0.063415 NaN NaN
Group:Error
95% Cls
Name Estimate
Lower Upper

Res Std 0.063415 NaN NaN

SI Table 9.

Linear Mixed-Effects Model results fitting the average asymmetry in the RL-like model in participants tested outside (n=58)

and during (n=65) the pandemic
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scaling ~ 1 + context + age + gender + education + (1 | subject)
Model fit statistics:
AIC BIC LoglLikelihood Deviance
10.519 30.147 1.7406 -3.4813
Fixedeffects coefficients
95% Cls
Name Estimate SE tStat DF pValue
Lower Upper
Intercept 0.561 0.0858 6.5375 117 1.71e-09 | 0.3911 0.731
context -0.0705 | 0.0458 -1.5406 | 117 0.1261 -0.1612 | 0.0201
age -0.0004 | 0.0014 -0.3263 | 117 0.7448 -0.0031 | 0.0022
gender -0.0214 | 0.0119 -1.7993 | 117 0.0745 -0.0449 | 0.0022
education -0.0297 | 0.0456 -0.6517 | 117 0.5159 -0.1201 | 0.0606
Random effects covariance parameters
Group:subject (122 Levels)
95% Cls
Namel Name2 Type Estimate
Lower Upper
Intercept Intercept std 0.16865 NaN NaN
Group:Error
95% Cls
Name Estimate
Lower Upper

Res Std 0.16865 NaN NaN

SI Table 10.

Linear Mixed-Effects Model results fitting the average scaling in the RL-like model in participants tested outside (n=58) and

during (n=65) the pandemic
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asymmetry ~ 1 + context + age + gender + education + (1 | subject)
Model fit statistics:
AIC BIC LoglLikelihood Deviance
-138.71 -124.53 76.354 -152.71
Fixedeffects coefficients
95% Cls
Name Estimate SE tStat DF pValue
Lower Upper
Intercept 0.0471 | 0.0473 0.9969 |51 0.3235 -0.0478 | 0.1420
context -0.0615 | 0.0165 |-3.7185 |51 0.0005 -0.0947 |-0.0283
age 0.0005 |0.0009 |0.6121 |51 0.5432 -0.0012 | 0.0023
gender -0.0023 | 0.0176 |-0.1285 |51 0.8983 -0.0376 | 0.0331
education 0.0019 | 0.0045 |0.4158 |51 0.6793 -0.0071 | 0.0108
Random effects covariance parameters
Group: subject (28 Levels)
95% Cls
Namel Name2 Type Estimate
Lower Upper
Intercept Intercept std 9.1905e-09 NaN NaN
Group:Error
95% Cls
Name Estimate
Lower Upper
Res Std 0.06189 0.051427 0.074482
SI Table 11.

Linear Mixed-Effects Model results fitting the average asymmetry in the RL-like model in participants tested both before and
during the pandemic (n = 28)
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scaling ~ 1 + context + age + gender + education + (1 | subject)
Model fit statistics:
AIC BIC LoglLikelihood Deviance
3.4809 17.658 5.2595 -10.519
Fixedeffects coefficients
95% Cls
Name Estimate SE tStat DF pValue
Lower Upper
Intercept 0.3529 0.1880 1.8776 51 0.0662 -0.0244 | 0.7302
context -0.1024 | 0.0524 -1.9554 |51 0.0560 -0.2076 | 0.0027
age 0.0010 0.0035 0.2876 51 0.7748 -0.0061 | 0.0081
gender 0.1858 0.0704 2.6385 51 0.0110 0.0444 0.3272
education -0.0216 | 0.0178 -1.2130 |51 0.2307 -0.0575 | 0.0142
Random effects covariance parameters
Group:subject (28 Levels)
95% Cls
Namel Name2 Type Estimate
Lower Upper
Intercept Intercept std 0.10692 0.046689 0.24485
Group:Error
95% Cls
Name Estimate
Lower Upper

Res Std 0.19601 0.15084 0.2547

SITable 12.

Linear Mixed-Effects Model results fitting the average scaling in the RL-like model in participants tested both before and

during the pandemic (n = 28)
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Nb of trials ~ 1 + valence + context + age + gender + education + design+ context*valence +
(1 | subject)
Model fit statistics:
AIC BIC LogLikelihood Deviance
1623.5 1644.6 -805.76 1611.5
Fixedeffects coefficients
95% Cls
Name Estimate SE tStat DF pValue
Lower Upper

Intercept 19.427 3.059 6.3508 234 1.10e-09 | 13.4 25.454
valence -1.9732 | 0.6083 -3.2436 | 234 0.0014 -3.1717 | -0.7747
context -0.1904 | 1.57 -0.1213 | 234 0.9036 -3.2836 | 2.9028
age 0.0010 0.0260 0.0402 234 0.9680 -0.0501 | 0.0522
gender -0.1403 | 0.8746 -0.1604 | 234 0.8727 -1.8633 | 1.5828
education 0.0022 0.2397 0.0092 234 0.9926 -0.4701 | 0.4745
design 0.1215 1.6177 0.0751 234 0.9402 -3.0656 | 3.3085
context :vale

-2.3576 | 0.8300 -2.8404 | 234 0.0049 -3.9928 | -0.7223
nce
Random effects covariance parameters
Group:subject (123 Levels)

95% Cls
Namel Name2 Type Estimate
Lower Upper
Intercept Intercept std 2.8591e-15 NaN NaN
Group:Error
95% Cls
Name Estimate
Lower Upper
Res Std 6.4381 5.8893 7.038
SI Table 13.

Linear Mixed-Effects Model results fitting the average number of trials in participants tested outside (n=58) and during (n=65)

the pandemic
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(1 | subject)

Nb of shoot ~ 1 + type + context + EE + age + gender + education + design + context*type +

Model fit statistics:

AIC BIC LogLikelihood Deviance
1623.5 1644.6 -805.76 1611.5
Fixedeffects coefficients
95% Cls
Name Estimate SE tStat DF pValue

Lower Upper
Intercept 3.5229 2.0186 1.7452 233 0.0823 -0.4542 | 7.5001
type -1.0751 | 0.3611 |-2.9769 | 233 0.0032 -1.7866 | -0.3636
context 0.2141 | 0.9390 |0.2280 |233 0.8199 -1.6359 | 2.064
EE -0.0288 | 0.0406 |-0.7102 | 233 0.4783 -0.1088 | 0.0511
age 0.0079 | 0.0155 0.5099 | 233 0.6106 -0.0226 | 0.0384
gender -0.4039 | 0.5200 |-0.7766 | 233 0.4382 -1.4284 | 0.6207
education -0.4182 | 0.1428 |-2.9286 | 233 0.0037 -0.6995 | -0.1369
design 1.4082 | 0.9612 1.4651 | 233 0.1443 -0.4855 | 3.3019
context :type | 1.6648 | 0.5003 3.3277 | 233 0.0010 0.6792 2.6505
Random effects covariance parameters
Group:subject (123 Levels)

95% Cls

Namel Name2 Type Estimate
Lower Upper
Intercept Intercept std 2.2037e-06 NaN NaN
Group:Error
95% Cls
Name Estimate
Lower Upper
Res Std 3.8174 3.492 4.1731
SI Table 14.

Linear Mixed-Effects Model results fitting the average number of under- and overshooting in participants tested outside
(n=58) and during (n=65) the pandemic
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N gender age educationlevel
Outsidepandemic 58 32 females 33.84+1.68 4.54 +0.29
Duringpandemic 65 45 females 42.32+2.35 4.59 £0.19
Group tested before
28 18females 34.14 £ 2.08 5.00+ 0.41
and during
SI Table 15.
Sociodemographical data (N = 123)
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Reviewer #1 (Public review):
Summary:

This manuscript uses a well-validated behavioral estimation task to investigate the degree to
which optimistic belief updating was attenuated during the 2020 global pandemic. Online
participants recruited during and outside of the pandemic estimated how likely different
negative life events were to happen to them in the future and were given statistics about
these events happening. Belief updating (measured as the degree to which estimations
changed after viewing the statistics) was less optimistically biased during the pandemic
(compared to outside of it). This resulted from reduced updating from "good news" (better
than expected information). Computational models were used to try to unpack how statistics
were integrated and used to revise beliefs. Two families of models were compared - an RL set
of models where "estimation errors" (analogous to prediction errors in classic RL models)
predict belief change and a Bayesian set of models where an implied likelihood ratio was
calculated (derived from participants estimations of their own risk and estimation of the base
rate risk) and used to predict belief change. The authors found evidence that the former set of
models accounted for updating better outside of the pandemic, but the latter accounted for
updating during the pandemic. In addition, the RL model provides evidence that learning was
asymmetrically positively biased outside of the pandemic but symmetric during it (as a result
of reduced learning rates from good news estimation errors).

Strengths:

Understanding whether biases in learning are fixed modes of information processing or
flexible and adapt in response to environmental shocks (like a global pandemic or economic
recession) is an important area of research relevant to a wide range of fields, including
cognitive psychology, behavioral economics, and computational psychiatry. The study uses a
well-validated task, and the authors conduct a power analysis to show that the sample sizes
are appropriate. Furthermore, the authors test that their results hold in both a between-
group analysis (the focus of the main paper) and a within-group analysis (mainly in the
supplemental).

The finding that optimistic biases are reduced in response to acute stress, perceived threat,
and depression has been shown before using this task both in the lab (social stress
manipulation), in the real world (firefighters on duty), and clinical groups (patients with
depression). However, the work does extend these findings here in important ways:

(1) Examining the effect of a new real-world adverse event (the pandemic).

(2) The reduction in optimistic updating here arises due to reduced updating from positive
information (previously, in the case of environmental threat, this reduction mainly arose
from increased sensitivity to negative information).

(3) Leveraging new RL-inspired computational approaches, demonstrating that the bias - and
its attenuation - can be captured using trial-by-trial computational modeling with separate
learning rates for positive and negative estimation errors.

Weaknesses:

Some interpretation and analysis (the computational modeling in particular) could be
improved.

On the interpretation side, while the pandemic was an adverse experience and stressful for
many people (including myself), the absence of any measures of stress/threat levels limits the
conclusions one can draw. Past work that has used this task to examine belief updating in
response to adverse environmental events took physiological (e.g., SCR, cortisol) and/or self-
report (questionnaires) measures of mood. In SI Table 1, the authors possibly had some
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questionnaire measures along these lines, but this might be for the participants tested during
the pandemic.

On the analysis side, it was unclear what the motivation was for the different sets of models
tested. Both families of models test asymmetric vs symmetric learning (which is the main
question here) and have similar parameters (scaling and asymmetry parameters) to quantify
these different aspects of the learning process. Conceptually, the different behavioral patterns
one could expect from the two families of models needed to be clarified. Do the "winning"
models produce the main behavioral patterns in Figure 1, and are they in some way uniquely
able to do so, for instance? How would updating look different for an optimistic RL learner
versus an optimistic Bayesian RL learner? Would the asymmetry parameter in the former be
correlated with the asymmetry parameter in the latter? Moreover, crucially, would one be
able to reliably distinguish the models from one another under the model estimation and
selection criteria that the authors have used here (presenting robust model recovery could
help to show this)?

https://doi.org/10.7554/eLife.101157.1.sa2

Reviewer #2 (Public review):

The authors investigated how experiencing the COVID-19 pandemic affected optimism bias in
updating beliefs about the future. They ran a between-subjects design testing for participants
on cognitive tasks before, during, and after lifting the sanitary state of emergence during the
pandemic. The authors show that optimism bias varied depending on the context in which it
was tested. Namely, it disappeared during COVID-19 and re-emerged at the time of lift of
sanitary emergency measures. Through advanced computational modeling, they are able to
thoroughly characterize the nature of such alternations, pinpointing specific mechanisms
underlying the lack of optimistic bias during the pandemic.

Strengths pertain to the comprehensive assessment of the results via computational modeling
and from a theoretical point of view to the notion that environmental factors can affect
cognition. However, the relatively small sample size for each group is a limitation. A major
impediment interpreting of the findings is the need for additional measures. While the
information on for example, risk perception or the need for social interaction was collected
from participants during the pandemic, the fact that these could not be included in the
analysis hinders the interpretation of findings, which is now generally based on data
collected during the pandemic, for example, reporting increased stress. While authors
suggest an interpretation in terms of uncertainty of real-life conditions it is currently difficult
to know if that factor drove the effect. Many concurrent elements might have accounted for
the findings. This limits understanding of the underlying mechanisms related to changes in
optimism bias

https://doi.org/10.7554/eLife.101157.1.sa1

Author response:
To reviewer #1:

We appreciate your advice on providing more conceptual motivations for comparing
Bayesian and RL-like belief updating models. In short, both model families are
complementary in capturing asymmetrical and symmetrical updating. They both consider
that the magnitude of updating is weighed by two separate learning rates, one for positive
and one for negative belief disconfirming evidence. If these two learning rates differ,
updating is asymmetrical; if they are equal, updating is symmetrical.

Iraj Khalid et al., 2024 eLife. https://doi.org/10.7554/eLife.101157.1 46 of 47


https://doi.org/10.7554/eLife.101157.1
https://doi.org/10.7554/eLife.101157.1.sa2
https://doi.org/10.7554/eLife.101157.1.sa1

7 eLife

However, the model families’ assumptions about the underlying updating process differ. In
the RL-like belief updating model family, this process is assumed to be driven by comparing
base rates and initial beliefs, also known as the prediction error (PE), weighed by the learning
rates. On the contrary, the Bayesian updating model assumes that updating (i.e., the posterior
belief) is driven by combining the base rate (i.e., the prior evidence) and how often the initial
belief is represented in the estimated base rate (i.e., the likelihood ratio of all other
alternative hypotheses, beliefs). Moreover, the two components of the posterior belief can
differ in their respective contribution (i.e., precision or confidence), which might be more
adaptive to external actual life conditions characterized by high uncertainty about the future.

For the revised manuscript, we will elaborate more on the conceptual and psychological
meaning of these two proposed belief updating processes. So far, it is important to note that
we do not have direct proof of humans reasoning in an RL-like or Bayesian way when
updating their beliefs about the future. We, therefore, focus on the complementarity of both
models to capture latent processes and variables in belief updating that can be leveraged to
understand the sources of inter-individual differences and the impact of external contexts
such as experiencing an actual adverse life event on human psychology.

To reviewer #2:

Thank you for recommending the exploration of potential differences between optimism
biases in initial belief estimations (self versus other) during and outside the pandemic. We
will also provide more details on the belief updating task and design.

To both reviewers:

We agree on the limitations arising from the lack of physiological and self-reported measures
of stress. We collected some self-reports on risk perception, adoption of protective measures,
need for social interactions, and mood, but solely in participants tested during the pandemic-
related lockdowns (reported in the SI Table 1). For the revised manuscript, we propose
exploring the correlational links between belief-updating biases and self-reports in this
sample. The expected outcomes of such correlational analyses may identify the variables to
target with interventions in future studies of human belief updating under real-world
contexts. We also will add a relevant section to the discussion to elaborate on the limitation
that hinders inferring plausible psychological causes of the differences observed in belief
updating during and outside the pandemic.

Importantly, we will follow your recommendations to improve the computational modeling
analyses. We will (1) add the confusion matrices from model recovery analyses to gain
inferences on specificity, (2) provide evidence for the best-fitting model to reproduce the
observed behavior shown in Figure 1, and (3) conduct model comparisons on the combined
groups to justify the focus on the RL like updating model. In a few weeks, we plan to submit a
revised manuscript alongside a point-by-point response to your concerns and
recommendations.

https://doi.org/10.7554/eLife.101157.1.sa0
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