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Abstract 

Mood can be understood as an affective state resulting from the integration, over 

time, of positive and negative outcomes. To capture intra- and inter-individual vari-

ability in mood fluctuations, computational models have been increasingly applied to 

self-reported mood ratings obtained during behavioural tasks. Such computational 

models of mood may be useful tools for understanding mood disorders. However, to 

be used in a clinical setting, their validity and reliability should be assessed. Recent 

versions of these models incorporate reciprocal interactions between mood and 

event perception, governed by specific parameters. Hence, it is critical to determine 

the extent to which estimated parameters depend on potentially arbitrary aspects of 

experimental design (e.g., feedback sequences) and to assess their psychometric 

test-retest stability. We used two widely established mood-induction tasks—a lottery 

task and a general-knowledge quiz—alongside a newly developed task, designed to 

allow precise experimental control over outcome sequences, while preserving par-

ticipants’ perception that outcomes depended on their actions. Extensive numerical 

simulations were conducted to test the robustness of the computational models. To 

evaluate test-retest reliability, 163 healthy volunteers completed the tasks twice, sep-

arated by a two-week interval. Simulations demonstrated robust parameter recovery 

overall, though estimating the effect of mood on feedback perception proved more 

challenging. All tasks successfully induced mood fluctuations, accurately described 

by models employing leaky integration of feedback. Test-retest reliability was sat-

isfactory for two important parameters, baseline mood and accumulated feedback 

weight, with significant correlations observed across most parameters. Further-

more, our newly developed task confirmed that mood-related parameter estimates 

remained largely unaffected by specific feedback sequences. Computational models 

of mood dynamics show robust validity and satisfactory test-retest reliability. Stable 

parameters, such as baseline mood and feedback weighting, endorse the application 
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of these models in longitudinal studies, offering a reliable methodological basis for 

clinical research on mood disorders.

Author summary 

Our mood changes from moment to moment as we experience positive and 
negative events. Researchers increasingly use mathematical models to describe 
these changes and to understand why mood fluctuates differently across people. 
Such models could eventually help study mood disorders, but they first need to 
be tested carefully: do they capture real mood changes, and do they give stable 
results when the same person is tested again? In this study, healthy volunteers 
completed mood-inducing tasks twice, two weeks apart. Two tasks were already 
commonly used in this field, and we also developed a new task that allowed us 
to control the sequence of positive and negative feedback while maintaining 
participants’ impression that outcomes depended on their actions. We also ran 
numerical simulations to check whether the models could reliably recover the 
quantities they were designed to estimate. Overall, the models captured mood 
fluctuations well. Some quantities, especially baseline mood and the impact of 
recent feedback on mood, were reasonably stable over time. Our new task also 
showed that these estimates were not strongly influenced by the exact feedback 
sequence. These findings support the use of such models in future studies of 
mood and mood disorders.

Introduction

The classic definition of mood by Jean Delay refers to “a basic affective disposition 
[…] that gives each of our states of mind a pleasant or unpleasant tone, oscillating 
between the extreme poles of pleasure and pain” [1]. While emotion is thought to 
be closely tied to a specific event, mood is thought to reflect the cumulative effect of 
multiple stimuli [2–4]. How mood fluctuates in response to (or independently of) life 
events is a crucial question for understanding both everyday affective fluctuations 
and mood disorders.

Empirical observations of the effect of life events on mood fluctuations are com-
mon [5–11], in real life as well as in lab experiments [12,13], but only recently have 
formal theories been proposed [14–18]. An important step in this direction has been 
the use of computational models to analyse mood fluctuations on a short time scale, 
approached through a series of self-report mood ratings collected during behavioural 
tests [19–23]. In short, such computational model conceive mood as an affective 
state that integrates over time the positive and negative outcomes. Several variations 
have been suggested around this idea. A first group of models conceives mood as 
a “representation of momentum.” Mood is updated via a delta-rule driven by reward 
prediction error rather than direct reward values. As a result, mood converges toward 
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the temporal derivative of reward availability in the environment. Some of these models include an effect of mood on the 
perception of obtained outcomes (thereby facilitating reinforcement learning [23]) and/or an effect on the perception of 
prospects [24–26] (thereby facilitating the decision to engage in reward-effort trade-offs). A variation on this idea is that 
mood is not just a representation of the external world, but rather captures an agent’s ability to achieve positive outcomes 
in that world [27]. In a recent study, we proposed a simple mechanism to implement this idea at the algorithmic level, 
dubbed the MAGNETO model [28]. In this model, mood is updated through a delta-rule using the net value of actions 
(reward minus cost) as the driving outcome signal. Consequently, mood converges toward a global net expected trade-off 
(how much rewards are expected to outweigh the time and effort invested in upcoming potential actions). Beyond integrat-
ing costs, mood becomes a representation of average reward availability rather than its temporal momentum. The critical 
idea underlying these models is that such a process could be adaptive in an autocorrelated environment (e.g., in early 
spring, the appearance of low-hanging fruits on a given tree predicts the appearance of fruits on other trees within the 
next few weeks, and vice versa when “winter is coming” [14,28]).

Experimentally, several tasks have been proposed to induce short-term (i.e., < 2 hours) mood changes. The most 
frequently used are gambling/lottery tasks [19], in which participants receive positive and negative feedback as a result 
of a random draw. The outcome could be completely independent of the agent’s will (as in a wheel of fortune), or it could 
depend on the agent’s choice to participate in the lottery (e.g., a choice between 1 euro for sure or a 50% chance of win-
ning 2 euros). More recently, we and others have used a quiz task designed to induce episodes of high correct response 
rate (leading to higher mood) vs. low correct response rate (leading to lower mood) [24–26]. The idea behind this task was 
to maximize the sense of agency, which might arguably be minimal in a lottery task where participants could rely on sim-
ple decision heuristics. The underlying hypothesis is that mood might be more responsive to outcomes when they depend 
on the agent’s behaviour, than when they depend solely on the environment [29–31]. However, this increased sense of 
agency comes at the cost of reduced experimental control: the course of the task, including the sequence of outcomes, 
inherently depends on participants’ choices and responses rather than being fully determined by the experimenter. This 
reduced control may affect the validity and reliability of inferred computational phenotypes.

Studies using these tasks have demonstrated that positive and negative feedback can induce measurable changes in 
mood. These mood fluctuations were then modelled in terms of a leaky accumulation (weighted sum across time, where 
the weight exponentially decays with delay) of outcomes and/or expected outcomes. Some models added a reciprocal 
effect of mood on outcome perception, such that good mood induces a “rosy outlook”. Given that individuals may integrate 
identical feedback sequences differently (leading to distinct mood trajectories), these models include free parameters 
that characterize the temporal dynamics of mood responses to past outcomes. Critically, reciprocal interactions make the 
model nonlinear: the current mood state influences how subsequent feedback is integrated, so small differences in early 
event sequences can produce markedly different long-term trajectories. This raises an important methodological concern: 
to what extent do the free parameters derived from participants’ mood ratings genuinely reflect stable individual traits, 
rather than being driven by incidental differences in the feedback sequence they experienced?

A promising application of computational models of mood is the phenotyping of patients with mood disorders, either to 
better understand the cognitive mechanisms underlying the emergence of mood swings, to identify their neurobiological 
correlates, or to develop clinical tools for predicting patient outcomes [32–35]. However, longitudinal studies in patients 
with neuropsychiatric disorders require measures with established test-retest reliability. When reassessing the same 
patient after a therapeutic intervention, it is essential to determine whether observed changes reflect meaningful cognitive 
changes rather than measurement variability. When using computational modelling, reliability must be considered at two 
complementary levels. First, model reliability can be assessed using simulation and recovery analyses [36], which involve 
generating synthetic data with predefined parameters, fitting the model to the data as if they were real data, and evalu-
ating the deviation between generative and fitted parameters. Second, behavioural reliability can be assessed through 
model-free measures and computational parameters.
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The objective of this study is threefold. First, we aim at evaluating how the free parameters controlling short-term mood 
fluctuations depend on the sequence of feedback used. For this purpose, we developed a new paradigm that allowed 
us to externally control the sequence of feedbacks while participants falsely believed that the outcomes depended on 
their responses. This new task was compared to previous tasks used in the literature (namely, the lottery task and the 
quiz task, see methods and Fig 1). Second, we aim at evaluating the robustness of the mood models used in the litera-
ture, both in terms of model identification and parameter recovery. For this purpose, we used a simulation and recovery 
approach. Third, we aim at assessing test-retest consistency by repeating the same task twice, two weeks apart.

Fig 1.  Task presentation. (A) Lottery task: Participants chose between a certain gain/loss and a gamble with equal probabilities of €0 or a larger gain/
loss. (B) Quiz task: Participants answered general knowledge questions, with biased difficulty and feedback meant to generate episodes with high and 
low correct response rates. (C) Riven task: Participants solved puzzles by selecting the most logical item to complete a series. The design allowed 
for a fixed sequence of feedback across participants. In all tasks, feedback was followed by an economic choice involving effort, delay, or risk. Each 
trial ended with a subjective mood rating. The smiley clip-art is an open-source image and can be found online (https://openclipart.org/detail/321098/
thumbs-up-smiley).

https://doi.org/10.1371/journal.pcbi.1014597.g001
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Results

Simulations

Procedure.  We first tested the robustness of a representative set of candidate models previously used in the 
literature to fit mood rating timeseries. To assess model identifiability and parameter recovery, we used a simulation-
recovery approach. From the model’s perspective, the three tasks differed only in the nature of the outcome variable: 
continuous in the lottery task and binary in both the quiz and the Riven task. For each type of outcome (continuous 
or binary), 200 synthetic participants were simulated by sampling parameter values from uniform distributions that 
were chosen to yield plausible behaviours. For each model variant and two sequences of 75 feedbacks, a series 
of mood ratings was simulated. We then fitted the mood ratings generated under each model to assess model 
identifiability (i.e., the extent to which the model that generated the data was identified by the model selection 
procedure) and parameter recovery (i.e., the extent to which fitted parameters correlated with simulated parameters 
when the same model was used to generate and fit the data). In the model identifiability analysis, we performed 
random-effects Bayesian model comparison and computed each model’s exceedance probability (denoted xp); we 
report the mean, across both sequences, of this exceedance probability for each model variant. In the parameter 
recovery analysis, we compared simulated and fitted parameters and report the mean Spearman correlation, 
across both sequences, for each alternative model variant. Since a common practice in the literature is not to ask 
for a mood rating on every trial, but rather to assess mood every few trials, we also varied the frequency of mood 
ratings available by downsampling mood ratings, i.e., removing one-fourth, one-third, or one-half of the generated 
mood ratings. Finally, we evaluated whether or not linearly interpolating mood ratings was a valid strategy for 
compensating missing data points. Note that only simulations with binary outcomes are reported here (with only 
minor differences found with continuous outcomes, S1 Fig).

Model space

All candidate models were variants of previously published models in which mood is generated by integrating tasks events 
over time, as follows:

	

m(t) = ω0 + ωf

t∑
j=1

γ t–j ∗ f(j) +ωe

t∑
j=1

γ t–j ∗ EV(j)+ ωt∗t
	 (1)

where m(t) denotes the predicted mood at time or trial t, f denotes perceived feedback, and EV denotes the expected value 
of the outcome. The free parameters γ and all ω are estimated from the data at the subject level: ω0 represents a baseline 
mood term, ωf the weight assigned to accumulated feedback, ωe the weight assigned to expected value, and ωt a linear 
effect of time. The parameter γ, with 0 < γ < 1, is a forgetting factor that controls the relative influence of recent events ver-
sus more distant events.

Since mood ratings were expressed on a bounded scale from -1–1, m(t) was transformed using a sigmoid function. The 
inverse temperature parameter c was fixed a priori to avoid collinearity with the weight parameters ω, which determine the 
scale of m(t).

	
mr(t) = (

1

1 + e
(
–c∗m(t)

) ) ∗ 2 – 1
	 (2)
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We generated a set of candidate models by systematically varying the following specifications:

• We allowed for an asymmetric influence of positive and negative events on mood, using a rescaling parameter a (with 
a > 0) for positive outcomes:

	

f(t) = a ∗ out(t) out(t) > 0
f(t) = out(t) out(t) < 0	 (3)

where out(t) denotes the outcome at trial t.

• As previously suggested in the literature, we also allowed mood to influence the subjective perception of feedback, as 
follows:

	 f(t) = out(t) + δ ·m(t–1) 	 (4)

where δ is a scaling free parameter that controls the effect of mood on perceived feedback.

• We also tested a simplified version of the model in which only the outcome (or its subjective perception f) was consid-
ered, meaning that ωe was fixed to 0.

All combinations of these specifications yielded a total of 8 model variants (Table 1). Two “control” models were also 
added to the model space: one in which mood was a linear function of trial number (m(t) = ω0 + ωt·t) and one in which only 
the last feedback was considered (m(t) = ω0 + ωf·f(t) + ωt·t), equivalent to a forgetting factor γ fixed to 0.

This model space is conceived as a summary of previous research focusing on explicit mood modelling in laboratory- 
based studies. In a landmark study, Rutledge and colleagues introduced the leaky accumulation model of affect integrat-
ing outcomes, expected values and reward prediction errors [19]. Eldar and colleagues added a reciprocal effect of mood 
on outcome perception, first in a multiplicative [23], then in an additive form [14]. We introduced an asymmetric effect of 
negative and positive outcomes in a previous study [24], as well as a time drift as a nuisance term. Notably, a negative 
drift in mood during such tasks has since been shown to be a robust contextual effect [37].

Table 1.  Model space. Two control models and 8 models of interest were studied in terms of model identifiability and parameter recovery.

Model 
Number

Model Name Asymmetry between negative 
and positive outcomes (a)

Reciprocal effect of 
mood on feedback (δ)

Impact of expected 
value on mood (ωe)

Original publication

M1 Control1 Control model where mood is a linear function of time

M2 Control2 Control model where only the last feedback is considered

M3 Asy-Rec-Exp- 0 0 0

M4 Asy-Rec-Exp+ 0 0 1 Rutledge et al. 2014

M5 Asy-Rec + Exp- 0 1 0

M6 Asy-Rec + Exp+ 0 1 1 Eldar & Niv 2015, Eldar et al. 2016

M7 Asy + Rec-Exp- 1 0 0

M8 Asy + Rec-Exp+ 1 0 1

M9 Asy + Rec + Exp- 1 1 0 Vinckier et al. 2018

M10 Asy + Rec + Exp+ 1 1 1

https://doi.org/10.1371/journal.pcbi.1014597.t001
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Model and parameter recovery

As a baseline, we first examined model and parameter recovery using noiseless ratings. Model identifiability was almost 
perfect for all models that did not include a parameter introducing asymmetry between positive and negative feedback 
weight (all xp > .99, Fig 2A). By contrast, models including an asymmetry between positive and negative outcomes were 
essentially non-identifiable. Specifically, the simpler model without asymmetry was consistently identified as the best- 
fitting model, irrespective of whether the mood ratings were generated by a model including an asymmetry term. Further 
analyses showed this lack of identifiability reflected a complex interaction among several factors, rather than simple model 
overparametrisation (S3 Appendix).

Parameters γ and all ω were accurately recovered for all models (all r > .86, all 95%CI lower bounds > .82, Fig 2B and 
S2 Fig). The remaining two parameters, δ and a, showed less accurate recovery, with estimated correlations between sim-
ulated and fitted parameters between 0.32 and 0.65.

Effect of rating reliability

In order to assess the effect of noisy mood ratings, we incorporated a reliability parameter α controlling the relative contri-
bution of the model-predicted signal and random response variability. Specifically, after mapping the latent model predic-
tion onto the bounded response scale, the observed response was generated as a mixture of this bounded signal and a 
random contaminating component:

	 yt = α mr(t) + (1 – α)ϵt 	

where ϵ
t
 was sampled from a uniform distribution over the same interval, ϵ

t
 ∼ U (−1,1), and α∈ [0,1]. This formulation 

ensures that simulated observations remain within the admissible response range for all values of α. The parameter α 
can be interpreted as a reliability or signal-preservation parameter: when α = 1, responses are fully determined by the 
model-predicted signal, whereas when α = 0, responses are independent of the model and uniformly distributed over the 

Fig 2.  Model and parameter recovery for noiseless ratings. Mood ratings are entirely reliable and available at every trial, for a total of 75 trials. (A) 
Confusion matrix (exceedance probability of each model given the model that generated the data). (B) Overview of same-parameter recovery for every 
model. Every cell displays the correlation between a generative parameter and the corresponding recovered parameter when the same model is fitted. 
(C) Parameter recovery for the selected model. Cross-parameter correlation matrix when the same model is fitted. The diagonal corresponds to the fifth 
column of the middle panel.

https://doi.org/10.1371/journal.pcbi.1014597.g002



PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1014597  August 3, 2026 8 / 24

response scale. Intermediate values correspond to partial corruption of the model-predicted signal by bounded random 
variability.

Systematically assessing model and parameter recovery with varying α values, we found that global model identifiability 
plateaus until α values around 0.5 (corresponding to a signal-to-noise ratio of 1), before decreasing sharply. By contrast, 
parameter recovery follows a seemingly linear decrease until α values around 0.3 before collapsing (Fig 3A and 3D).

To assess the global reliability of mood ratings in the experimental dataset, we estimated the empirically predictable 
variance using a global mixed-effects linear model that included lagged Volterra predictors and autoregressive terms for 
past mood ratings. This analysis yielded a R2 of 0.865, corresponding to an estimated reliability parameter α = 0.717, with 
the remaining unexplained variance taken as a plausible estimate of empirical noise.

Examining confusion matrices around this value, we found that the model recovery pattern remained close to the 
noiseless reference, with perfect identification of models that didn’t include an asymmetry parameter (all xp > .99, Fig 3A-
3C). Consistent with the global pattern, parameter recovery was more impacted by noise than model identifiability at the 

Fig 3.  Effect of mood rating reliability on model and parameter recovery. (A) Mean model recovery exceedance probability as a function of 
decreasing signal weight. (B) Confusion matrix (exceedance probability of each model given the model that generated the data) of the full model space 
for the experimental noise estimate (α = 0.72). (C) Confusion matrix of the restricted model space for the experimental noise estimate. (D) Mean param-
eter recovery correlation as a function of decreasing signal weight. (E) Same-parameter recovery across models for the experimental noise estimate 
(α = 0.72). (F) Selected model cross-parameter correlation for the experimental noise estimate.

https://doi.org/10.1371/journal.pcbi.1014597.g003
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empirical estimate. Recovery remained high for ω parameters (r > 0.67, 95%CI lower bound > .59), but fell to intermedi-
ate levels for the decay factor γ (0.51 < r < 0.94), which became sensitive to the presence of the parameter that governs 
the reciprocal effort of mood on feedback perception, δ (Fig 3D-3F). The two remaining parameters a and δ showed low 
recoverability (r < .40, 95%CI higher bound < .50).

Effect of rating number, frequency and interpolation

When mood ratings were downsampled, simulating a design in which mood was not probed on every trial, model identifi-
ability decreased significantly. Specifically, the identifiability of the model variants that included an effect of mood on  
feedback perception (δ) was impaired, as their simpler variant (without this reciprocal effect) was selected by model 
comparison. However, keeping the number of mood ratings constant while decreasing their frequency tended to improve 
model recovery, suggesting that the observed decrease in model identifiability was attributable to the smaller number 

Fig 4.  Effect of the number and frequency of mood ratings on model identifiability. (A) Mean recovery exceedance probability as a function of the 
proportion of trials in which mood ratings are collected, in two situations: fixed total trial number (red) and fixed total mood rating number (grey pink). 
Dotted lines denote linear interpolation for missing data. (B) Confusion matrix (exceedance probability of each model given the model that generated 
the data) when mood ratings are collected every 4 trials out of a total of 75 trials, without (top) and with (bottom) linear interpolation for missing data. (C) 
Confusion matrix when mood ratings are collected every 4 trials for a total of 75 mood ratings (300 trials), without (top) and with (bottom) linear interpola-
tion for missing data.

https://doi.org/10.1371/journal.pcbi.1014597.g004
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of samples rather than to lower rating frequency per se (Fig 4). We also noted that, for a fixed number of mood ratings, 
model recovery was strongly determined by the temporal coverage of the rating schedule. Uniformly spaced ratings 
outperformed unconstrained random sampling, likely because random schedules produced clusters and long gaps that 
reduced observability of the latent mood trajectory, and are therefore presented as the main results (but see S3 and 
S4 Figs for results with random sampling).

Importantly, linear interpolation, often used in the literature to compensate for missing mood ratings, systematically 
decreased model identifiability, such that only Control Model 1 was correctly identified (Fig 4B, bottom row). Surprisingly, 
linear interpolation biased model recovery toward more complex models (M7 and M9), even when the data were gener-
ated by very simple ones. These results were preserved across interpolation methods, suggesting that impaired recovery 
was a general consequence of the interpolation procedure rather than a consequence of the specific interpolation method 
used.

Fig 5.  Effect of the number and frequency of mood ratings on parameter recovery. (A) Mean parameter recovery correlation as a function of the 
proportion of trials in which a mood rating is collected, in two situations: fixed total trial number (blue) and fixed total mood rating number (grey blue). 
Dashed lines denote linear interpolation for missing data. (B) overview of same-parameter recovery for every model. Every cell displays the correlation 
between a generative parameter and the corresponding recovered parameter when the same model is fitted, without (top) and with (bottom) linear 
interpolation for missing data. (C) Cross-parameter correlation matrices for the selected model, fitted on native only (top) or linearly interpolated (bottom) 
ratings. Diagonals correspond to the highlighted columns in the middle panel.

https://doi.org/10.1371/journal.pcbi.1014597.g005
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Parameter recovery was moderately affected by mood-rating downsampling, with the average recovery correlation 
decreasing from  .91 to  .86 when only a quarter of mood ratings were retained (Fig 5A-5B). One parameter whose recov-
ery was particularly affected was the reciprocal-effect parameter, δ. For example, in model 5 (Asy-Rec + Exp-), its recovery 
correlation decreased from  .65 (95%CI, [.57,  .73]) to  .52 (95%CI, [.41,  .61]).

As for model identification, keeping the number of mood ratings constant while lowering their frequency tended to 
improve parameter recovery, suggesting that the observed decrease was attributable to the smaller number of samples 
rather than to lower rating frequency per se (Fig 5A).

Likewise, using linear interpolation to compensate for missing mood ratings systematically impaired parameter recov-
ery, a result that once again did not depend on the interpolation method. This reduction affected all parameters, with the 
most pronounced effects observed for δ and γ (Fig 5B-5C, bottom row).

Behavioural data

Below, we describe the results of three tasks designed to induce mood fluctuations. Those three tasks, referred to as 
the “lottery task”, the “quiz task” and the “Riven task”, were conducted on 54 participants for the lottery task (mean age 
37.44 years, standard deviation 16.58 years, proportion of female participants 57%), 109 participants for the quiz task 
(mean age 34.70 years, standard deviation 15.74 years, proportion of female participants 75%) and 138 participants for 
the Riven task (mean age 36.54 years, standard deviation 17.18 years, proportion of female participants 67%), twice with 
a two weeks interval. The lottery task and the quiz task were previously used in the literature, while the Riven task was 
created for this study.

All three tasks involve negative and positive feedbacks designed to induce mood fluctuations. The time course of a trial 
is presented in Fig 1 for each task. The lottery task involves a choice between a certain gain/loss and a gamble with equal 
probabilities of €0 or a larger gain/loss. The quiz task involves answering general knowledge questions with biased ques-
tion difficulty and feedback, in order to generate episodes of high and low correct response rates. The Riven task involved 
solving puzzles by determining which of three proposed items was the most logical to follow a series of three other items. 
Crucially, all three proposed items could be the most logical depending on the participant’s interpretation of the series, 
allowing the experimenter to use the same fixed sequence of feedback for each participant. This feature was included to 
assess whether computational phenotyping results depend on the feedback sequence. In order to be able to compute 
a prediction error, a subjective confidence rating was included in each trial before the feedback was given. In all three 
tasks, the feedback was followed by an economic choice involving effort, delay, or risk. The main purpose of these eco-
nomic choices was to assess the effect of mood on decision making (see [25] for the results, where the analysed dataset 
includes only the quiz task). Therefore, they are not analysed further in this paper. Finally, a subjective mood rating was 
required on each trial in all three tasks.

Model-free analyses

We first verified the extent to which outcome affected mood in each of the three tasks (Fig 6). To do so, we correlated 
each participant’s z-scored mood with the average reward over the last 3 trials (monetary outcome in the lottery task, 
binary feedback in the other two tasks). The mean correlation between z-scored mood and proportion of good feedback 
(window of 3 previous trials) was r = 0.082 (95%CI [.04,  .12], t(53) = 3.9, p < .001) for the lottery task, r = 0.21 (95%CI 
[.16,  .26], t(104) = 9.0, p < .001) for the quiz task and r = 0.24 (95%CI [.20,  .28], t(137) = 12.0, p < .001) for the Riven task. 
The correlation coefficients were higher in the quiz task and Riven tasks compared to the lottery task (both p < .001; quiz/
lottery: t = 4.50, df = 316; Riven/lottery: t = 5.84, df = 382), while there was no difference between these two tasks (p = .26, 
t = 1.12, df = 484). Substituting RPE to reward yielded the same result, albeit with lower correlation coefficients: there were 
significant correlations between RPE and mood ratings in the lottery (r = 0.063, 95%CI [.026, 1.0]), quiz (r = 0.14, 95%CI 
[.11,  .18]), and Riven task (r = 0.16, 95%CI [.13,  .20]); this correlation was lower in the lottery task than in the quiz (t(316) = 
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3.63, p < .001) and Riven task (t(382) = 3.92, p < .001), while there was no difference between these last two tasks (t(484) 
=  .95, p = .34). Therefore, even though the average correlation between feedback and mood was quite low, all three tasks 
robustly induced mood fluctuations such that higher mood ratings followed positive feedback. In the lottery task, bet 
acceptance rates depended on the gamble type (one-sample t-tests, all p < .001): mean ±SD in the loss, mixed and gain 
trials were respectively  .37 ± .24,  .53 ± .23, and  .70 ± .24.

Because most participants completed the task twice, we were able to assess the stability of descriptive model-free 
measures of mood fluctuations across sessions. Specifically, we examined test-retest correlations across participants 
for the mean and variance of mood ratings, as well as for the correlation between feedback and mood examined above. 
For the lottery task, the between-session correlation was 0.55 (95%CI [.33,  .71], p < .001) for mean mood, 0.51 (95%CI 
[.28,  .68], p < .001) for mood standard deviation, and 0.4 (95%CI [.15,  .60], p < .01) for the correlation between feedback 
and mood. For the quiz task, the between-session correlation was 0.74 (95%CI [.64,  .81], p < .001) for mean mood, 0.62 
(95%CI [.49,  .73], p < .001) for mood standard deviation, and 0.56 (95%CI [.41,  .68], p < .001) for correlation between feed-
back and mood. For the Riven task, the between-session correlation was 0.72 (95%CI [.63,  .79], p < .001) for mean mood, 
0.72 (95%CI [.63,  .79], p < .001) for mood standard deviation, and 0.69 (95%CI [.59,  .76], p < .001) for the correlation 

Fig 6.  Model-free properties of mood ratings across tasks. Each row presents the results for one of the three tasks. First column: z-scored mood as 
a function of the proportion of positive feedback in the last three trials. Shaded areas represent the standard error of the mean. Second column: same 
analysis with RPE substituted for feedback. Third and fourth columns: correlations of the mean and standard error of mood between sessions. Mood 
ratings are scaled between 0 and 1. Dotted line represents our exclusion criteria for model-based analyses. Fifth column: correlations of mood-feedback 
correlation coefficients between sessions. (* p < .05, ** p < .01, *** p < .001).

https://doi.org/10.1371/journal.pcbi.1014597.g006
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between feedback and mood (Fig 6). In addition, there was no significant difference between the first and second ses-
sions for any of these 3 indicators in any of the tasks (all p > .05). Overall, these model-free analyses suggest that partici-
pants’ behaviour was stable across the two sessions, with little evidence for an effect of retesting. We therefore proceeded 
to the model-based analyses, which constituted the main objective of the study. In these analyses, we excluded partic-
ipants with very low variability in mood ratings, defined as a standard deviation below 2%, because their mood reports 
provided little variance for the models to explain.

Model-based analyses

For each participant and each experimental session, every candidate model was fitted to the time series of mood 
ratings. Economic choices, that did not include any feedback, were not included in the main analysis (S4 Appendix). 
Since models with an asymmetric effect of positive and negative outcomes were not correctly identified in the  
simulation-recovery analyses, we excluded them from the model space, which ultimately included 6 models (4 models 
of interest and two “control” models). While the expected value of the feedback was directly computable in the lottery 
task, this was not the case for the other two tasks. For the quiz task, the expected value was estimated as the propor-
tion of correct answers in a previous sample of participants, while for the Riven task, we used confidence ratings as a 
proxy for expected value.

First, we ensured that there were no differences in model frequencies between groups (i.e., tasks) or sessions, using 
dedicated Bayesian tests [38]. Indeed, we found strong evidence that the distribution of model frequencies was the 
same in all three task-groups (xp > .99 for each session). Similarly, the distribution of model frequencies was the same in 
both sessions in each of the three groups (all xp > .99). Thereafter, model comparisons will be presented using session 
1 results. As there was no evidence for a difference in model frequencies between groups, we ran a Bayesian model 
selection on all groups pooled together. The selected model was Model 5 (Asy-Rex + Exp-), i.e., the model in which only 
feedback was considered (without any effect of expected value), with a reciprocal effect of mood on feedback perception 
(xp > .99).

We then checked the proportion of participants in which the model identified as the best one was actually better than 
our control model 1, in which mood is just a linear function of time (Control1). This was the case for 54.1% of participants 
in the lottery task, for 70.0% of participants in the quiz task and for 68.8% of participants in the Riven task. There was no 
difference in those proportions across tasks (χ2 (2, N = 236) = 3.34, p = 0.19).

Next, we assessed the stability of model parameters across sessions. For each of the three tasks and each of the five 
parameters of the selected model, we computed test-retest correlations across participants, relating individual parameter 
estimates from the first session to those from the second session (Fig 7). In the lottery task, we found a significant correla-
tion only for ωf (r = 0.49, 95%CI [.20,  .70], p = .002). For the quiz task, the correlation reached significance for ω0 (r = 0.59, 
95%CI [.43,  .71], p < .001), ωf (r = 0.57, 95%CI [.41,  .70], p < .001) and γ (r = 0.22, 95%CI [.01,  .41], p = .04). Finally, it 
reached significance for the Riven task for ω0 (r = 0.46, 95%CI [.30,  .60], p < .001), ωf (r = 0.62, 95%CI [.49,  .72], p < .001), γ 
(r = 0.21, 95%CI [.03,  .38], p = .02) and marginally so for ωt (r = 0.16, 95%CI [-.03,  .33], p = .1). We then tested for difference 
between these correlation coefficients by transforming the correlation coefficients to z-scores using Fisher’s r to z trans-
formation. We found differences between the lottery and the quiz task for ω0 (p = .002) and ωt (p = .02), as well as between 
the lottery and the Riven task for ω0 (p = .02) and ωt (p = .01), while between the quiz task and the Riven task we found no 
significant difference (all p > .1). Importantly, paired t-tests showed no difference between sessions for any parameter in 
any of the tasks (all p > .1).

Fitted parameter mean and standard deviations are reported in Table 2. The forgetting factor γ differed between tasks 
(F(2,99) = 5.98, p = .004); specifically, post-hoc comparisons indicated γ was lower in the Riven task than in both the 
quiz task (p = .004) and lottery task (p = .02). The reciprocal-influence parameter δ, which quantifies the effect of mood 
on feedback perception, did not differ between task (F(2,83) = 2.31, p = .11) and its global group mean did not differ from 
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zero (t(235) = -1.11, p = .27). The weight on feedback accumulation, ωf, also showed a main effect of task (F(2,64) = 7.32, 
p = .001) with lower values in the quiz task than in the Riven task (post-hoc comparison, p = .003).

An important aspect of the Riven task is that it allows the experimenter to control the feedback sequence. In this study, 
we used two feedback sequences to define two conditions: half of the participants completed both sessions with the same 
sequence, whereas the other half completed each session with a different sequence. This design allowed us to assess the 
extent to which parameter stability depended on sequence identity, which could occur if the estimated parameters were 
partly driven by the specific feedback sequence used (Fig 8). As in previous analyses, the correlation between sessions 
was significant for both subgroups for both ω0 (r = 0.50, 95%CI [.28,  .68], p < .001 and r = 0.45, 95%CI [.22,  .64], p < .001 

Fig 7.  Parameter stability. Scatter plot of fitted free parameter values for sessions 1 vs. session 2 for the three tasks. Parameter values are relative to 
mood ratings scaled between -1 and 1 and a fixed sigmoid observation mapping. (°p < .1, * p < .05, ** p < .01, *** p < .001).

https://doi.org/10.1371/journal.pcbi.1014597.g007

Table 2.  Summary statistics of fitted parameter distributions in each task (first session). Reported figures are mean (standard deviation), for 
each parameter and each task. All values are relative to mood ratings scaled between -1 and 1 and a fixed sigmoid observation mapping.

Parameter ω0 ωf ωt γ δ

Interpretation Mood baseline Sensitivity to outcomes Time drift Forgetting factor Reciprocal effect of mood on outcome perception

Lottery 0.25 (0.39) 0.060 (0.15) -0.046 (0.20) 0.78 (0.19) 0.10 (0.93)

Quiz 0.20 (0.29) 0.032 (0.047) -0.036 (0.12) 0.78 (0.20) 0.016 (1.34)

Riven 0.20 (0.34) 0.063 (0.089) -0.056 (0.14) 0.69 (0.23) -0.21 (0.85)

https://doi.org/10.1371/journal.pcbi.1014597.t002
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respectively in the same and different sequence condition) and ωf (r = 0.77, 95%CI [.64,  .86], p < .001 and r = 0.59, 95%CI 
[.39,  .74], p < .001 respectively in the same vs different sequence condition). Correlation did not reach significance for the 
other parameters, with γ showing a marginally significant correlation when the same sequence was used (r = 0.24, 95%CI 
[-.02,  .48], p = .07) and ωt when different sequences were used (r = 0.25, 95%CI [-.01,  .48], p = .06). Fisher’s r to z transfor-
mation showed no difference between these correlations. Finally, we tested whether these groups had any influence on 
parameter values, and found an isolated group-session interaction for δ (F (1,110) = 6.15, p = .015), indicating opposing 
session-wise changes in δ in the two groups, with a decrease in the same-sequence group and an increase in the  
different-sequence group.

Finally, for each parameter and task, we quantified parameter stability as the log ratio of within-subject to between- 
subject variance (Table 3). This index provides a measure of the reliability of the parameter estimates relative to inter- 
individual variability: lower values indicate that within-subject variability is small compared with between-subject  
differences. Only two parameters showed greater between-subject than within-subject variability, corresponding to a 

Fig 8.  Parameter stability in the Riven Task. Scatter plot of fitted free parameter values in the Riven task. Each line denotes a separate condition: 
same or different feedback sequence between sessions. Parameter values are relative to mood ratings scaled between -1 and 1 and a fixed sigmoid 
observation mapping. (° p < 0.1, * p < .05, ** p < .01, *** p < .001).

https://doi.org/10.1371/journal.pcbi.1014597.g008

Table 3.  Within-subject vs. across-subject variability summaries. Log-ratios of variance of means to mean of variances is reported for each 
computational parameter and task (with additional per-condition values for the Riven task), together with bootstrap standard error. A value 
of 0 indicates equal within-subject and between-subject variability. A value of 1 indicates within-subject variability was twice as high as 
between-subject variability, whereas a value of −1 indicates that it was half as high.

Parameter ω0 ωf ωt γ δ

Lottery 0.86 (0.80) -0.56 (0.34) 2.01 (0.86) 0.79 (0.47) 0.59 (0.32)

Quiz -0.95 (0.30) -0.89 (0.39) 0.66 (0.43) 0.35 (0.36) 1.45 (0.46)

Riven (overall) -0.39 (0.36) -1.05 (0.64) 0.58 (0.28) 0.37 (0.27) 1.21 (0.16)

Riven (same sequence) -0.46 (0.53) -1.53 (0.45) 0.78 (0.29) 0.26 (0.35) 1.07 (0.16)

Riven (different sequence) -0.30 (0.42) -0.82 (0.94) 0.31 (0.49) 0.46 (0.41) 1.36 (0.28)

https://doi.org/10.1371/journal.pcbi.1014597.t003
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negative log-ratio: baseline mood, ω0, and the sensitivity to feedback accumulation, ωf. This pattern was consistent across 
tasks, with the exception of baseline mood in the lottery task.

For the Riven task, we computed both an overall ratio and condition-specific ratios, providing a summary of how chang-
ing the feedback sequence affected relative parameter stability. The results indicate that changing the sequence reduced 
parameter reliability, with lower log-ratio values in the same-sequence condition for all parameters except the time drift 
parameter ωt.

Discussion

In this study, we evaluated the internal validity and psychometric reliability of a behavioural-computational paradigm 
in which mood fluctuations are induced using behavioural tasks and analysed with a dedicated class of computational 
models. Using extensive numerical simulations, we first assessed the identifiability of different models previously used in 
the literature [14,19,24] and showed that some of them were indeed not identifiable. We also showed that while some free 
parameters were easy to recover, such as baseline mood and the weight of feedback accumulation on mood, others were 
much harder to recover, such as the forgetting factor or the reciprocal effect of mood on feedback perception. Importantly, 
the scarcity of mood ratings may worsen model identifiability and parameter recoverability, especially when interpolation 
is used to compensate for missing data points. Using a test-retest approach, we then assessed the stability of model-free 
behaviour and model-based free parameters. We identified which parameters appear to be stable after two weeks (at 
least in healthy participants) and which are not. Finally, using a novel mood induction task, we demonstrated that the sta-
bility of free parameters seems to be little impacted by the feedback sequence.

Model and parameter recovery is a critical sanity check in computational modelling [36]. Surprisingly, we found that 
mood models containing an asymmetry between positive and negative outcomes are not recoverable, while the asymme-
try term itself is difficult to recover. This result is disconcerting because many reinforcement learning models include such 
an asymmetry in their structure [39–41]. Dedicated analyses showed that the identifiability of this parameter depends  
primarily on the absolute magnitude of the asymmetry, but also interacts with other model specifications, such as the 
inclusion of expected value accumulation and reciprocal effect of mood (S3 Appendix). One way to circumvent this 
identifiability issue could be to use mixed lotteries in which gains and losses are weighted in the same trials, allowing 
an indifference point to be fitted directly to choices and an asymmetry parameter to be inferred from it, that could in turn 
inform a mood model. Perhaps less surprising is the fact that the parameter that captures the reciprocal effect of mood 
on feedback perception, δ, is among the least recoverable ones. In fact, the effect of δ on mood dynamics can be partially 
reproduced by increasing the forgetting factor (thus taking more events into account). Intuitively, this can be related to the 
fact that δ introduces an autoregressive term into the mood updating rule.

Our behavioural results showed that all three tasks were able to induce mood fluctuations. They all have strengths and 
weaknesses. The lottery task, while the simplest, is subject to simple heuristics and does not induce a sense of control, 
but it has the advantage of allowing the computation of a normative expected value of feedback. The quiz task increases 
the sense of control, but loses the computation of the expected value and does not allow for perfect control of the feed-
back sequence. The Riven task, which was designed to avoid this shortcoming, allows for perfect control over the feed-
back sequence and thus for more fine-grained mood manipulations than the previously used tasks. Although this feature 
was intended to optimize the test-retest stability of computational phenotyping stability if the results depended on the 
feedback sequence, our results suggest that it is not crucial, as within- and across-sequence parameter correlations were 
comparable. Another important aspect of the Riven task is that participants can decide to invest more or less (cognitive) 
effort on each trial to solve the puzzles, which was not possible in previous tasks. This type of feature can be relevant to 
probe the influence of additional cognitive variables such as effort on mood fluctuations. The objective of this study was 
not to determine which task is objectively “best” for investigating mood, as this choice largely depends on the specific 
research questions authors aim to address. However, if anything, tasks involving a sense of control (e.g., the quiz and the 
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Riven tasks) appear somewhat more effective, particularly regarding the proportion of participants whose mood ratings 
are slightly better explained by a complete model rather than a control one, and the relative stability of free parameters 
across sessions.

At a more general level, all the tasks used in this study consider mood fluctuations in a stable environment, in the 
absence of explicit learning: the outcomes experienced by participants may have motivational value, but they do not carry 
relevant information to learn about the task. While this approach is the most frequently used in the literature, one line of 
work focuses on interactions between learning-relevant variables and mood [21,23]. In particular, the reciprocal effect of 
mood on feedback perception has primarily been found when big singular outcomes were added to a task, arguably lever-
aging a learning mechanism [23]; it was conceptualised to be relevant in a context where mood interacts primarily with 
learning [14]. Using tasks where learning about outcomes is a key dimension might therefore lead to different findings. 
One can speculate that when made relevant by active learning, associated variables such as expected values and RPEs 
might carry more relative weight in driving mood fluctuations, potentially leading to the selection of a different model. 
Likewise, different models that consider an effect of mood on subjective outcome in a learning context might yield different 
results regarding the recoverability and stability of the associated parameters. More generally, these different empirical 
approaches relate to different conceptualisations of the function of mood as driving primarily reinforcement learning or 
motivation [28].

Interestingly, the best-fitting model of mood was consistent across all three tasks. Aside from the asymmetry between 
positive and negative outcomes, which was excluded from the model space, it mirrors the model previously supported by 
behavioural data from the quiz task [24]. Specifically, it is a model that considers only feedback (excluding the prediction 
error about feedback) but includes a reciprocal effect of mood on feedback. This finding contrasts with most of the existing 
literature, which typically integrates the effect of expected values or prediction errors into mood models. For instance, the 
existing literature suggests that reward prediction error, rather than feedback alone, influences mood-related processes, 
such as gambling tendencies in lottery tasks and the content of language on social media [10,11]. Regarding the quiz 
task, this discrepancy may be due to potentially poor estimates of the expected value of feedback. Since participants’ 
prior knowledge cannot be directly assessed, the expected value of feedback was approximated by using the average 
proportion of correct responses obtained from a separate group. However, at the individual level, this approach is likely 
inaccurate, as we assume participants have a more binary assessment of whether or not they know the answer to a 
specific question. A similar limitation applies to the Riven task, where the expected value of feedback was derived from 
subjective confidence ratings. However, the same model was also selected for the canonical lottery task, further deviating 
from findings commonly reported in the literature. We currently lack a robust hypothesis explaining our consistent inability 
to replicate the role of expectation in mood fluctuations. Aside from a potential issue of statistical power, the most plau-
sible explanation relates to a significant alteration in our experimental design, notably the introduction of an orthogonal 
task (economic choice) between feedback and mood assessment. This modification was intentionally implemented to 
weaken the direct association participants might perceive between feedback and subsequent mood evaluation. Another 
significant difference from the published design is the inclusion of mood ratings on every trial, which may have narrowed 
the participants’ focus to the immediately preceding trial and interacted with the way outcomes and prediction errors were 
accumulated.

From a computational psychiatry perspective, subject-level model parameter estimates, often referred to as “com-
putational phenotype”, are key outcomes. A central hope in the field is that these estimates will enable researchers to 
shed a new light on inter-individual differences, diagnosis and clinical prediction [34,42]. In this regard, it is necessary to 
quantitatively assess the sources of variation in parameter estimates. One potential source is the particular task used for 
model fitting and parameter estimation. Our results across three different tasks were mixed. We found that in the Riven 
task, the forgetting factor γ was lower than in the lottery and quiz tasks, indicating that fewer previous trials contributed 
to mood at a given trial. Notably, the weight of mood on subjective feedback δ did not differ across tasks, but was widely 
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distributed across participants, with a group mean not significantly different from zero. Positive values of δ are indicative 
of a mood-congruent bias, resulting in a “rosy outlook” when mood is high and a “gloomy outlook” when it is down, and 
might promote mood swings by amplifying small fluctuations. Negative values of δ, by contrast, can be interpreted as a 
contrast effect, with higher mood leading to an attenuation of the positive valuation of better outcomes, and might reflect a 
tendency towards regulation around an equilibrium.

Comparing computational parameter estimates with previous literature is challenging, given that values are always 
relative to other model specifications, which is why few studies actually report them. This is especially true for feedback 
sensitivity, which is often estimated in models that also include accumulation terms for EV and RPE, making compari-
son with our selected model irrelevant. However, we note that baseline mood values reported in [43] are similar to our 
findings, with a mean around 60% of scale range. Forgetting factor values are reported in many studies that mainly use 
variants of the lottery task; these reported values are in the same range as our estimates [19,21,44–48]. One study 
also reports a time drift parameter between -2% and -4% of scale range, similar to our finding [48]. More generally, 
this result is consistent with previous findings that a negative time drift is a consistent and robust driver of mood during 
cognitive tasks [37].

Finally, we were able to assess the stability of model parameter estimates over two weeks, which is a crucial pre-
requisite for the use of computational phenotyping in longitudinal studies with patients suffering from neuropsychiatric 
disorders. The two parameters for which we found strong test-retest stability are the mood baseline ω0 and the weight 
of feedback on mood ωf. It is worth noting that the effect of mood on decision-making—although not reported here—has 
previously been demonstrated to exhibit stable properties across sessions in the same dataset [25]. Conversely, we 
found little to no correlation across sessions for the forgetting factor γ and the weight of mood on feedback percep-
tion δ. This finding may appear somewhat disappointing, given these two parameters are closely related to quantities 
that could be directly estimated using a model-free approach. Indeed, we found no evidence for a greater stability of 
computational fitted parameters over model-free statistics such as the mean or standard deviation of mood ratings. 
Importantly, we must acknowledge that since we recruited only healthy volunteers for this study, we assumed that their 
mood state would not vary over a two weeks interval. However, a clear limitation of our study is that we didn’t collect 
clinical questionnaires to verify that this was indeed the case. Therefore, the weak test-retest consistency observed for 
most parameters may reflect not only noisy behaviour or intrinsically limited parameter recoverability, but also genuine 
changes in these parameter values over timescales of days or weeks. The extent to which mood fluctuations observed 
at the timescale of minutes are actually relevant for understanding clinical mood swings, which often last for weeks or 
months [49], remains an open question that calls for longitudinal studies in healthy volunteers and patients with mood 
disorders.

Methods

Ethics statement

The study was approved by the Ethics Committee for Biomedical Research of the Pitié-Salpêtrière Hospital (AP-HP hos-
pital group, Paris), where the experiments were conducted. All the experiments followed the guidelines and regulations of 
the Paris Brain Institute, and were in accordance with the Declaration of Helsinki.

Participants

Participants were recruited using e-mail through an online database of candidates for behavioural experiments in the 
greater Paris area. Inclusion criteria were: being 18 years of age or older, being a French native speaker, and not having 
any history of psychiatric or neurologic disorders. The study took place in the PRISME behavioural facility of the Paris 
Brain Institute. Participants gave written informed consent before starting the experiment. They were paid a fixed endow-
ment of €25 for each experimental session in which they participated.
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A total of 163 healthy volunteers participated in this study. All participants were screened for a history of neurological or psychiat-
ric disorders and excluded if present. 25 participants completed a first experiment comparing the quiz task with another task that is 
not discussed here because it did not meet its objectives (mean age 30.44 years, standard deviation 4.98 years, female proportion 
80%). 84 participants took part in a second experiment comparing the quiz task with the Riven task. Out of these 84 participants, 
80 completed both tasks and 4 completed only the Riven task due to technical problems or time constraints (mean age 35.96 
years, standard deviation 17.53 years, female proportion 74%). Finally, 54 participants took part in an experiment comparing the 
canonical lottery task to the Riven task (mean age 37.44 years, standard deviation 16.58 years, female proportion 57%).

For the model-based analyses, we excluded participants whose mood ratings were not variable enough on a task-by-
task basis. Specifically, we excluded participants whose mood ratings had a standard deviation of less than 2%. We also 
excluded participants who answered the Riven question in less than 3 seconds on average, considering that they didn’t 
try to find the good answer. The first exclusion criterion lead to the exclusion of 17.1% of participants (18/105) from the 
quiz task analysis, 15.2% of participants from the Riven task analysis (21/138), and 31.5% of participants (17/54) from the 
lottery task analysis. The second exclusion criterion lead to the exclusion of 5.1% of participants (7/138) from the Riven 
task. In total, 18.8% of Riven task participants (26/138) were excluded. Chi-squared tests with Yates correction were not 
significant for a difference in the proportion of exclusions between tasks (X² = 3.48, p = 0.06 between quiz and gambling, 
X² = 2.88, p = 0.09 between Riven and gambling, X² = 0.03, p = 0.86 between quiz and Riven).

Tasks

Participants were given three tasks designed to induce mood fluctuations. The lottery task, adapted from [19], the quiz 
task, adapted from [24], and a newly developed task, the Riven task (Fig 1). The stimuli were presented using the Psycho-
physics Toolbox Version 3 (Psychtoolbox-3) in MATLAB R2021a (Mathworks Inc) [50–52]. In all three tasks, trials ended 
with a mood rating screen, where participants had to place a cursor along a continuous scale to answer the question “How 
do I feel?” with anchors “in a bad mood” and “in a good mood”.

Lottery task

After 10 training trials to familiarize participants with the task and each question, participants completed 150 trials. There 
were three types of trials: 50 gain trials (a certain gain or an equal probability lottery between 0€ and a larger gain), 
50 loss trials (a certain loss or an equal probability lottery between 0€ and a larger loss), and 50 mixed trials (a certain 
amount of 0€ or an equal probability lottery between a gain and a loss amount). If participants failed to respond within the 
10 s time limit, they received the worst outcome. The certain option proposed a loss between -0.6 and 0€ in loss trials, a 
gain between 0.6 and 0€ in gain trials, or 0€ in the mixed trials. The lottery option proposed a gain between 0 and 3€ or a 
loss between 0 and -3€. More precisely, in the mixed trials there were 5 amounts of gain in centimes of euros (30, 50, 80, 
110, 150) and the amount of loss was determined by 10 multipliers on the amount of gain (0.2, 0.3, 0.4, 0.52, 0.66, 0.82, 
1, 1.2, 1.5, 2). In the gain trials, there were 5 certain amounts (20, 30, 40, 50, 60), and the lottery gains were determined 
using 10 multipliers on the certain amount (1.68, 1.82, 2, 2.22, 2.48, 2.8, 3.16, 3.6, 4.2, 5). In the loss trials there were 5 
certain amounts (-20, -30, -40, -50, -60) and the lottery losses were determined using 10 multipliers on the certain amount 
(1.68, 1.82, 2, 2.22, 2.48, 2.8, 3.16, 3.6, 4.2, 5).

After the choice, the selected option remained visible for 1 second, then either the certain option was selected and 
remained visible for another second, or the result of the lottery was displayed for 1 second if the lottery option was selected.

Quiz task

The quiz task consisted of questions that were drawn from the French version of the ‘Trivial Pursuit’ game. Quiz questions 
were sorted according to the rate of correct answers given by participants in a previous study and then divided into cate-
gories of relatively easy, intermediate, or relatively hard questions.
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After a training of 11 trials, the task consisted of 128 trials. In every trial, a quiz question was presented for 3.5 s, fol-
lowed by 4 possible answers from which one had to be selected within 4.5 s. Hard, easy and intermediate questions were 
respectively presented during negative episodes, positive episodes and transitions between episodes. The 1 s feedback 
screen showed a smiling emoji accompanied by a cheerful ping sound (positive feedback) or a frowning emoji accom-
panied by an unpleasant buzz sound (negative feedback). A player always received positive feedback when answering 
correctly, and feedback was always negative when the player did not answer within the time limit. Feedback following 
an incorrect answer depended on a bias parameter whose value depended on the experimental condition: 0%, 25%, or 
50% respectively for negative episode, transition, and positive episode. Moreover, questions asked during 50% bias and 
0% bias conditions were respectively easier and harder, while during transition questions with intermediate difficulty were 
used. There was a total of 2 episodes of 50% bias and 2 episodes of 0% bias. Each episode was composed of 7 transition 
trials, 18 main condition trials and 7 transitions trials. 50% bias and 0% bias conditions always came alternatively but the 
first one was randomized.

Riven task

The Riven task is loosely inspired by the Raven matrices used in classic IQ tests such as WISC V [53]. We designed 150 
puzzles composed of a series of 3 original stimuli and three possible following items and calibrated them on 60 partici-
pants that did not take part in our main experiment (see SI for behavioural statistics on this calibration procedure). Unlike 
the actual Raven matrices test, each of the three items could logically follow in the series. In the calibration sample, we 
checked that participants were engaged in the task and did not detect the manipulation. We computed two estimates 
of perceived difficulty for each stimulus: response coherence across participants and average participant confidence 
(S1 Appendix). The actual task presented in this paper consists of 75 trials. On each trial, a puzzle was presented for a 
maximum of 15 seconds, during which the participants had to select the next item in the suite, or answer “none of the 
above.” Participants were then asked to rate how confident they felt about their answer by selecting a position on a con-
tinuous scale presented with the question “How sure am I?,” with anchors “Very sure” and “Not at all sure.” The feedback 
screen and sound were the same as in the quiz task.

Leveraging on this design that allowed for entirely controlled feedback sequences, we selected two sequences of 75 tri-
als based on average model and parameter recoverability, using the simulation procedure described in the results section 
(S1 Appendix). At task launch, the order of the puzzles was randomised, while always keeping the 20% easiest (as iden-
tified by the calibration procedure) associated with a positive feedback, in order to promote participants’ sense of agency 
and engagement with the task. Participants were divided into two groups. Participants in the first group were assigned the 
same sequence for both experimental sessions, while participants in the second group were assigned different sequences 
in a randomised order.

Statistical analysis

All the analyses were conducted using MATLAB (Mathworks Inc) version R2025a. Statistical tests were performed using 
MATLAB native functions and the associated Statistics and Machine Learning toolbox. All the reported p-values are 
two-tailed.

Because most participants completed two different tasks, the participant groups contributing to each task partially over-
lapped. For between-task analyses, such as comparisons of computational parameters, we therefore preserved partici-
pant identity across tasks rather than treating task-specific samples as independent groups. Specifically, we fitted linear 
mixed-effects models including task as a categorical fixed effect and participant identity as a random effect, and used 
these models to derive the relevant omnibus tests and post-hoc contrasts.

Confidence intervals for within-/between-subject variability ratios were estimated by subject-level bootstrap resampling, 
preserving the pairing between sessions and recomputing the log ratio in each bootstrap sample.
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Modelling

Models were fit to individual participants data, using the VBA academic toolbox in MATLAB [54]. The inversion routine 
inverts nonlinear state-space models using variational Bayes under the Laplace approximation [55,56]. It also estimates 
model evidence, representing a trade-off between accuracy (goodness of fit) and complexity (degrees of freedom).Group-
level model comparison was performed using random-effects Bayesian model selection, as implemented in the VBA tool-
box, using subject-level model evidence estimates as input [38,57]. All the associated Bayesian tests for model frequency 
distribution differences between groups and conditions were performed using dedicated implementations in VBA.

Supporting information

S1 Appendix. Riven task design procedure. 
(DOCX)

S2 Appendix. Lottery task design details. 
(DOCX)

S1 Fig. Model and parameter recovery for noiseless continuous outcomes. Left panel. Confusion matrix (exceed-
ance probability of each model given the model that generated the data). Middle panel. Overview of same-parameter 
recovery for every considered model. Every cell displays the correlation between a generative parameter and the corre-
sponding recovered parameter when the same model is fitted. Right panel. Parameter recovery for the selected model. 
Cross-parameter correlation matrix when the same model is fitted.
(PNG)

S3 Appendix. Conditions of identifiability of models with an asymmetry between positive and negative outcomes. 
(DOCX)

S2 Fig. Cross-parameter correlation matrix for every model in the initial model space. X-axis, generative parameter 
used in the simulation. Y-axis, recovered parameter value after model fit. Values displayed on matrix cells are the Spear-
man correlation coefficient across 200 simulated subjects. Diagonal cells contain parameter recovery correlations. Models 
are denoted by their number according to the model space described in the main manuscript.
(PNG)

S3 Fig. Effect of the number and frequency of mood ratings on model identifiability for randomly placed ratings. 
(A) Mean recovery exceedance probability as a function of the proportion of trials in which mood ratings are collected, 
in two situations: fixed total trial number (red) and fixed total mood rating number (grey pink). Dotted lines denote linear 
interpolation for missing data. (B) Confusion matrix (exceedance probability of each model given the model that generated 
the data) for 19 randomly placed mood ratings out of a total of 75 trials, without (top) and with (bottom) linear interpolation 
for missing data. (C) Confusion matrix for a total of 75 randomly placed mood ratings (300 trials), without (top) and with 
(bottom) linear interpolation for missing data.
(PNG)

S4 Fig. Effect of the number and frequency of mood ratings on parameter recovery for randomly placed ratings. 
(A) Mean parameter recovery correlation as a function of the proportion of trials in which a mood rating is collected, in two 
situations: fixed total trial number (blue) and fixed total mood rating number (grey blue). Dashed lines denote linear inter-
polation for missing data. (B) Overview of same-parameter recovery for every model. Every cell displays the correlation 
between a generative parameter and the corresponding recovered parameter when the same model is fitted, without (top) 
and with (bottom) linear interpolation for missing data. (C) Cross-parameter correlation matrices for the selected model, 
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fitted on native only (top) or linearly interpolated (bottom) ratings. Diagonals correspond to the highlighted columns in the 
middle panel.
(PNG)

S4 Appendix. Mood models considering economic choices. 
(DOCX)

S5 Fig. Cross-task parameter stability for tasks completed in a same experimental session. Correlation between 
the parameters of the selected mood model, that was fit separately to two tasks that were completed in a same experi-
mental session. X-axis denotes parameter estimates in the Riven task. Y-axis denotes parameter estimates in the quiz 
task (first row) or in the lottery task (second row). No subject completed both the lottery and quiz tasks. Consistently 
with the main results, the most stable parameters were baseline mood ω0 and feedback accumulation sensitivity ωf. The 
correlation is only significant for ωf values between the Riven and quiz tasks, which may be related to similarities in their 
designs. The lack of correlation between baseline mood ω0 estimates might relate to the negative time drift frequently 
observed during this type of tasks, which could dissociate baseline estimates when two tasks are completed sequentially 
within the same experimental session.
(PNG)
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