
Social prediction errors and feedback shape momentary mood and anxiety: 
Moderation by social anxiety and depression symptoms

Elena Bagdades a,b,*,1 , Marjan Biria b,f,1, Charlotte Burman b, Raphaëlle Delpech b,f,  
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A B S T R A C T

Social interactions strongly influence mental wellbeing, yet the mechanisms linking them to momentary mood and anxiety remain unclear. Building on work showing 
that reward prediction errors (PEs) shape mood, we extend this framework to the social domain. In a preregistered study, 185 participants (ages 14–45), varying in 
social anxiety and depression symptoms, completed a task involving serial social interactions. We compared computational models to test how social feedback, 
expectations, and PEs related to momentary affect. Results showed that social feedback and PEs best explained affective fluctuations. Social PEs predicted anxiety 
more strongly than social feedback, while social feedback predicted mood more strongly than social PEs. Critically, higher social anxiety symptoms heightened 
affective responses to social feedback, whereas depressive symptoms increased sensitivity to negative PEs for mood and to social feedback for anxiety. These findings 
provide a computational account of social affective dynamics across development and highlight potential risk markers and treatment targets.

1. Introduction

Humans are inherently social beings, and our daily interactions with 
others profoundly shape our affect and mental wellbeing. A single 
encounter, whether a harsh critique in an interview or an unexpectedly 
warm conversation, can significantly impact how we feel. Importantly, 
this is a bidirectional relationship — social interactions influence 
momentary affect, and in turn, our affective states shape how we engage 
with and respond to others (Charpentier et al., 2017; Heffner et al., 
2021; Lamba et al., 2020). Despite the central role social experiences 
play in our emotional lives, the mechanisms underlying the relationship 
between these experiences and momentary affect remain surprisingly 

underexplored. Understanding these mechanisms is particularly 
important given that many forms of psychopathology are closely tied to 
interpersonal difficulties, especially during adolescence (Fett et al., 
2015; Lamblin et al., 2017). Impairments in social functioning are 
evident in mood and anxiety disorders, with Social Anxiety Disorder 
(SAD) being a key example (Saris et al., 2017; Wittchen et al., 2000). 
Exploring how social interactions shape affect and how these processes 
contribute to psychopathology can thus advance both basic and clinical 
science.

One promising approach to unpacking this relationship is through 
computational modelling. Recent advances have begun to uncover the 
mechanisms of self-reported momentary mood, highlighting a central 
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role for reward prediction errors (RPEs)—the discrepancy between ex
pected and actual outcomes—in shaping momentary fluctuations (Keren 
et al., 2021; Rutledge et al., 2014). According to this framework, mood 
can be explained by integrating over the history of events, especially 
RPEs, in our environment. Positive RPEs, where outcomes exceed ex
pectations, tend to elevate mood, while negative RPEs tend to suppress it 
(Rutledge et al., 2014; Shepperd & McNulty, 2002). For example, an 
unexpected bonus at work might boost mood, whereas receiving the 
same bonus when expecting a bigger one could lead to disappointment. 
The literature is mixed, however, on the effect of RPEs over and above 
other appraisals, such as reward magnitude or expectations (Forbes & 
Bennett, 2023; Keren et al., 2021; Rutledge et al., 2014). Computa
tional models can formalize how appraisals shape momentary affect, 
including how past events influence mood over time. For example, 
incorporating a forgetting factor can capture a recency bias; the ten
dency to weight recent experiences more heavily (Keren et al., 2021). 
Extending this research into the social domain is essential to examine 
whether similar mechanisms underlie mood dynamics across different 
reward types.

Much of the computational literature on momentary affect has 
focused on the happy–unhappy spectrum, while other types of affect, 
including momentary anxiety, remain largely understudied. Clinical 
theory offers valuable insight here. Belief disconfirmation, related to PE, 
is central to both exposure and cognitive therapy (Clark & Wells, 1995; 
Craske et al., 2014; Salkovskis et al., 2007). For example, cognitive 
therapy for SAD uses behavioural experiments — planned activities 
designed to test feared predictions — to help individuals compare their 
expectations with the actual outcomes of social interactions, allowing 
them to update negative beliefs (Clark, 1999; Leigh & Clark, 2023). This 
therapeutic principle can be 'reverse-translated' to guide experimental 
investigations into the mechanisms of momentary anxiety, particularly 
within social contexts. In other words, the cognitive mechanisms central 
to cognitive therapy, namely the comparison of expectations against 
actual social outcomes and the updating of beliefs in response to pre
diction errors, can be directly operationalised, thus providing a theo
retically grounded framework for investigating the computational basis 
of momentary anxiety. Computational modelling of momentary affect 
provides a powerful framework for this and can help disentangle the 
effects of depressive and social anxiety symptoms on affective dynamics. 
Prior work suggests these symptoms exert partially overlapping but 
dissociable influences on reward learning: depression is most consis
tently associated with blunted reward sensitivity and reduced positive 
PE signals, particularly in relation to anhedonia (Brown et al., 2021; 
Cavanagh et al., 2019; Kumar et al., 2018), whilst social anxiety is 
characterised by heightened sensitivity to negative social outcomes and 
neural processing of social PEs (Becker et al., 2019; Beltzer et al., 2019). 
This highlights the importance of exploring whether depressive and 
social anxiety symptoms differentially influence the computational 
mechanisms underlying momentary affect.

In this study, we addressed key gaps by examining the computations 
underlying momentary mood and anxiety during social interactions. 
Specifically, we designed a novel experimental setup emulating socially 
demanding situations, in which expectations and outcomes are manip
ulated, we extended computational models of mood into the social 
domain and incorporated the measurement of anxious affect in addition 
to mood. Finally, we investigated how these processes vary across 
depressive and social anxiety symptoms. We recruited adults aged 
18–45 years (recruited through Prolific and the local community) and 
adolescents aged 14–18 years (recruited through schools)—given the 
heightened salience of social rewards (Foulkes & Blakemore, 2016) and 
rising prevalence of mental health problems related to interpersonal 
difficulties in this age group (Collishaw, 2015; Lamblin et al., 2017). 
This task was co-designed with a youth advisory group to ensure rele
vance, clarity and engagement for younger participants.

We preregistered the hypothesis (https://osf.io/73zsg/) that social 
PEs would be central to affective responses and, more specifically, that 

positive social PEs would be positively associated with momentary 
mood and negatively with momentary anxiety, while negative PEs 
would show the opposite pattern. To test this, we fitted and compared 
computational models that systematically varied in their inclusion and 
specification of social PEs, expectations, and outcomes. Crucially, this 
included a model without social PEs, allowing us to directly evaluate the 
added explanatory value of social PEs relative to a plausible alternative. 
In exploratory analyses, we extended the best-fitting model to assess 
how social anxiety and depressive symptoms modulated these compu
tational parameters.

2. Methods

2.1. Participants

We recruited 722 participants aged 18–25 through Prolific (www. 
prolific.com) across 21 pilot studies. Data from these pilots were used 
to refine the SPEAK task, inform the design of computational models 
based on preliminary mixed-effects model analyses, and conduct power 
calculations to estimate the required sample size.

We recruited 185 participants aged 14–45 years from three different 
sources: an online platform, the UCL community, and secondary schools 
in the South East of England. Based on our preregistered power analyses 
using pilot data, which included parametric simulations for detecting 
the effect of social prediction errors on mood and anxiety and boot
strapping for Bayesian model comparison, both conducted to ensure at 
least 80% power, our final sample of 185 participants exceeds the 
required sample sizes (n ≈ 30), indicating that the study is well powered. 
For participant demographic information see Table 1.

Online Participants. We recruited 106 online participants between 
the ages of 18-45 using Prolific (www.prolific.com). Some of the data 
included in this sample was collected during the piloting phase of the 
experiment. The task used in this pilot study was identical to the final 
task, and we made the decision to include this data (n = 37, ages 18-25) 
in the manuscript in order to make full use of all available data, which 
should afford us additional statistical power. Eight participants were 
excluded due to poor engagement with the task, as evidenced by their 
video recordings. We required that our participants be adults living in 
the United Kingdom or the United States, that they speak fluent English, 
have no cognitive impairment or dementia, and that over 90% of their 
previous jobs on Prolific have been approved. We also required that 
participants had not taken part in any of our pilot studies. Participants 
were paid at a rate of £9/hr as compensation for their time.

UCL Community Participants. We recruited 47 participants be
tween the ages of 18-25 from the University College London (UCL) 
community, using flyers and through the UCL psychology subject pool 

Table 1 
Participant Demographics table by Recruitment Group.

Prolific 
Participants

UCL Community 
Participants

School 
Participants

Age (Mean ± SD) 26.7 ± 6.8 21.7 ± 2.5 16.4 ± 1.1
Female (%) 61 (62.2%) 40 (93.0%) 27 (61.4%)
White (%) 60 (61.2%) 11 (25.6%) 17 (38.6%)
Black (%) 11 (11.2%) 0 (0.0%) 2 (4.5%)
Asian (%) 4 (4.1%) 25 (58.1%) 12 (27.3%)
Other Ethnicity (%) 37 (37.8%) 13 (30.2%) 18 (40.9%)
Depression diagnosis 

(%)
21 (21.4%) 2 (4.7%) 2 (4.5%)

Anxiety diagnosis (%) 19 (19.4%) 2 (4.7%) 6 (13.6%)
ADHD (%) 7 (7.1%) 0 (0.0%) 1 (2.3%)
ASD (%) 2 (2.0%) 1 (2.3%) 3 (6.8%)
Other Diagnoses (%) 4 (4.1%) 1 (2.3%) 1 (2.3%)
Social Anxiety (LSAS; 

Mean ± SD)
57.4 ± 28.9 55.6 ± 27.5 49.3 ± 26.3

Depression 
(Mean ± SD)

19.1 ± 12.3 
(CES-D)

15.1 ± 11.2 (CES- 
D)

12.3 ± 5.8 
(RCADS)
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(SONA). Four participants were excluded due to poor engagement with 
the task, as evidenced by their video recordings. Upon registration, 
participants were invited to book a testing session, which they were 
instructed to complete in a quiet and private space. At the time of the 
testing session, they received a link to the online SPEAK task. Partici
pants were compensated with a £10 Love2shop or Amazon voucher for 
their time.

School Participants. We recruited 49 participants between the ages 
of 14-18 through schools (via physical flyers or via school newsletters). 
Schools were recruited either by direct contact or by advertising through 
the Anna Freud school network newsletter. Five participants were 
excluded due to poor engagement with the task, as evidenced by their 
video recordings. For students under the age of 16, parental opt-out 
consent was required. Upon registration, participants were invited to 
book a testing session, which they were instructed to complete in a quiet 
and private space. At the time of the testing session, they received a link 
to the online SPEAK task. Participants were compensated with a £10 
Love2shop voucher for their time. As an additional incentive, schools 
were also offered talks on mental health, careers in psychology or 
related topics as well as the donation of tablets or books.

2.2. Questionnaires and the ‘SPEAK’ task

The online questionnaires and the SPEAK task were created and 
hosted on Gorilla Experiment Builder (www.gorilla.sc). The experiment 
took approximately 50 min to complete. Participants first provided 
informed consent as approved by UCL's Research Ethics Committee (ID: 
24867/001). Participants then completed a series of self-report ques
tionnaires assessing mental health symptoms. First, they completed a 
survey about their demographics, mental health diagnoses and psy
chotropic medication use. Then, participants completed the Mini-Social 
Phobia Inventory (Mini-SPIN) (Connor et al., 2001), the Generalized 
Anxiety Disorder 7-item Scale (GAD-7) (Spitzer et al., 2006), and the 
Affective Reactivity Index (ARI) (Stringaris et al., 2012). School par
ticipants additionally completed the Lebowitz Social Anxiety Scale for 
Children and Adolescents – Self-Report (LSAS-CA) (Leigh & Clark, 2022) 
and the Revised Child Anxiety and Depression Scale (RCADS) (Chorpita 
et al., 2000). Online and UCL community participants completed the 

adult version of the Lebowitz Social Anxiety Scale – Self-Report 
(LSAS-SR) (Fresco et al., 2001), the Centre for Epidemiologic Studies 
Depression Scale (CES-D) (Radloff, 1977), the Adult ADHD Self-Report 
Scale (ASRS) (Kessler et al., 2005), the Drug Use Disorders Identifica
tion Test (DUDIT) (Berman et al., 2002), the Alcohol Use Disorders 
Identification Test (AUDIT) (Saunders et al., 1993), and the Body Image 
Questionnaire (BIQ) (Cash & Szymanski, 1995). In the present study, we 
report analyses only from the LSAS, CES-D and the low mood RCADS 
subscale.

After completing the mental health questionnaires and passing two 
attention checks, participants proceeded to the SPEAK task (see Fig. 1). 
In this task, participants were informed that they would practice 
speaking to others and receive performance ratings from "virtual 
players" based on how well they came across. They were told that they 
would be rated on several criteria relevant for assessing performance 
and communication in socially anxious individuals (e.g. How nervous 
they appeared; How interesting they were). The task consisted of 48 
trials. On each trial, participants were first shown a picture of the virtual 
player who would be providing feedback for that trial. For the first trial 
with each of the four virtual players, the picture was accompanied by a 
histogram depicting that player's previous ratings of others, in order to 
establish an initial expectation regarding the player's level of harshness. 
The four virtual players varied in their rating style, ranging from very 
easy-going to highly critical.

After viewing the virtual player, participants were asked to report 
their expectation regarding how they would perform on that specific 
trial, on a scale from 0 to 100. Next, they were shown a picture and 
instructed to describe it to the virtual player while being video recorded 
for 15 s. The picture stimuli were emotionally neutral pictures depicting 
a scene (e.g. someone fixing a bike, a family cooking together etc.), 
chosen from free stock photo websites. After their description, they 
received feedback from the virtual player in the form of a percentage 
score. Finally, participants rated their current mood and anxiety levels 
on a scale from 0 to 100 (with 0 indicating "Very unhappy" or "Very 
relaxed," and 100 indicating "Very happy" or "Very nervous/uncom
fortable," respectively).

To induce a variety of social PEs, we manipulated the feedback with 
the aim of generating two positive (PE+), two bigger positive (PE++), 

Fig. 1. Structure of a trial in the SPEAK task. Participants interacted with four different virtual players throughout the task. During the first four trials, each virtual 
player was introduced alongside a histogram illustrating their rating tendencies, expressed as percentages ranging from 0% to 100%, designed to induce expectations 
about how critical each virtual player would be. From the fifth trial onward, only the name and picture of the virtual player providing the upcoming rating were 
shown. After this presentation, participants rated how well they expected to perform on that trial (Prediction), then described a picture to the virtual player for 15 s 
while being video recorded. They subsequently received a score out of 100 from the virtual player (Feedback) and reported their current levels of mood and anxiety.
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four negative (PE− ) and four neutral PEs (PEN; indicating no PE) per 
virtual player. These were based on the virtual player's histogram mean 
(29, 37, 63, 71). PE + feedback was generated by adding a randomly 
sampled value (from a normal distribution with mean = 12, SD = 3, 
range = 12–20) to the histogram mean. PE++ feedback was generated 
by further adding 10 ± 1 to the PE + value. PE− feedback was generated 
by subtracting a similarly sampled value from the histogram mean. PEN 
feedback was set as either the exact histogram mean or one point above 
or below it. Note that these PE categories reflect our intended experi
mental manipulation, rather than participants' actual experienced PEs 
(see Computational Modelling section). The order of trials with each 
virtual player, the feedback received, the mood and anxiety rating 
prompts, and the picture stimuli were all randomised across participants 
and trials.

The SPEAK task was co-produced with members of a Young People 
Advisory Group (YPAG), who provided feedback on multiple pilots. 
Their input helped refine the phrasing of task instructions and questions 
to ensure accessibility for young people. Additionally, they evaluated 
the credibility of the virtual players across several iterations of the task. 
Evidence from piloting suggests the task is socially salient and believ
able, as indicated by: (1) higher overall anxiety ratings among in
dividuals with elevated social anxiety symptoms, and (2) higher anxiety 
ratings in pilots that included a video recording component compared to 
those without it. A preview version of the questionnaires and task can be 
accessed here.

The SPEAK task was inspired by the structure of behavioural ex
periments used in cognitive therapy for social anxiety (Clark, 1999), in 
which individuals are encouraged to compare their predictions about a 
feared social situation against the actual outcome, thereby enabling 
belief updating. This design choice was intended to ensure that the 
experimental paradigm mirrors clinically relevant cognitive processes.

2.3. Computational Modelling

Our computational models were chosen based on (1) theoretical 
considerations drawing directly on established models from prior liter
ature (Forbes & Bennett, 2023; Keren et al., 2021; Rutledge et al., 2014) 
and (2) preliminary model comparisons using pilot data from 37 par
ticipants (all of whom were subsequently included in the full sample), 
which involved testing and comparing over 30 candidate models. Eight 
models were chosen, which were variations of a model developed by 
Rutledge et al. (2014), each differing in their inclusion and specification 
of social PEs, expectations, and outcomes. This approach allowed us to 
identify the combination of social appraisal variables that best explained 
self-reported momentary mood and anxiety ratings in the SPEAK task 
and to isolate the unique contribution of each variable.

The key variables of interest derived from these models are social 
prediction errors (PEs), the difference between received and expected 
social feedback, which are decomposed into positive PEs (better-than- 
expected feedback) and negative PEs (worse-than-expected feedback), 
alongside social expectations and outcomes. These variables are used to 
explain trial-by-trial fluctuations in self-reported mood and anxiety, and 
are the primary focus of the results section.

Calculation of social appraisal variables. Three classes of social 
appraisal variables were computed for each trial: the outcome received 
(O), the participant's expectation (E), and the resulting social prediction 
error (PE = O − E). Within this approach, the feedback or outcome 
amount, Ot , was defined as the percentage score received from the vir
tual player on trial t. 

Ot = Scoret (1) 

For all models except one, expectation, Et, was defined as the 
participant-reported expectation on that trial. The only exception was 
model 2, in which Et was defined as 

Et =
1

t − 1
∑t− 1

i=1
Oi (2) 

representing the average of all previous outcomes (Oi). When 
included in a time-decayed accumulator as shown in Equations (6) and 
(7), this gives rise to a primacy bias; whereby earlier outcomes have a 
stronger influence on current mood or anxiety than more recent out
comes. This model was adapted from Keren et al. (2021) to fit the data 
from the SPEAK task.

Social PEs were defined as the difference between the actual outcome 
and expectation, Et , on that trial. 

PEt =Ot − Et (3) 

In some models, the PE term was divided into separate components for 
positive and negative social prediction errors, assuming an asymmetric 
influence on affect. 

PEpos(t) =
{

PE(t), if PE(t) > 0
0, otherwise (4) 

PEneg(t) =
{

PE(t), if PE(t) < 0
0, otherwise (5) 

Hierarchical Bayesian Framework. All models were fit within a 
hierarchical Bayesian framework using the rstan package (Stan 
Development Team, 2025) in RStudio (RStudio, 2024, 2024). In each 
model, at least one of the social appraisal variables (i.e., social expec
tations, prediction errors or outcomes) was modelled as a time-decayed 
accumulator (note that "recency weighted" in Table 2 refers to this 
time-decayed accumulator formulation). Specifically, self-reported 
mood or anxiety at trial t for individual i was modelled as a normally 
distributed outcome: 

Moodit ∼ N

(

β0i + β1i⋅
∑t

j=1
γt− j

i ⋅Social Appraisalij, σi

)

(6) 

Anxietyit ∼ N

(

β0i + β1i⋅
∑t

j=1
γt− j

i ⋅Social Appraisalij, σi

)

(7) 

Here, Social Appraisalij denotes the value of the social appraisal on trial j. 
The parameter γi ∈ (0, 1) is an individual-specific forgetting factor that 
determines the influence of prior trials on self-reported affect. When, γ =

0 only the most recent trial contributes to affect, indicating no memory 
of past events. In contrast, γ = 1 reflects full accumulation, where all 
prior social appraisals are weighted equally.

Model estimation was performed via Hamiltonian Monte Carlo, 

Table 2 
Summary table of models compared.

Model Expectation Prediction Errors Feedback

1 Recency weighted 
E

Recency weighted PE -

2 Primacy weighted 
E

Recency weighted PE -

3 Recency weighted 
E

- O(t)

4 - Recency weighted PE O(t)
5 - PE(t) Recency weighted 

O
6 Recency weighted 

E
PE(t) -

7 - Asymmetric recency 
weighted PE

Recency weighted 
O

8 - Asymmetric recency 
weighted PE

O(t)

Note. E = expectation; PE = social prediction error; O = outcome; ‘-‘ =Not 
included in the model.
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using four independent Markov chains. Each chain produced 2000 post- 
warmup samples after an initial 2000-iteration warmup, yielding a total 
of 8000 samples for posterior inference.

The hierarchical structure of the models relied on partial pooling, 
where individual-level parameters were assumed to be drawn from 
group-level normal distributions whose means and standard deviations 
were estimated from the data. This allowed for individual variation 
while also leveraging population-level structure. For example, individ
ual parameters were specified as follows: 

β0i = μβ0
+ ϵβ0i (8) 

β1i = μβ1
+ ϵβ1i (9) 

⋮ 

βni = μβn
+ ϵβni (10) 

γi =Φ
(
μγ + ϵγi

)
(11) 

σi = exp
(
μσ + ϵσi

)
(12) 

where ϵθi ∼ N
(
0, σ2

θ
)

are individual-level deviations. Parameters 
bounded to specific intervals were sampled in an unconstrained latent 
space and transformed accordingly. Specifically, the forgetting factor γ, 
which is bounded between 0 and 1, was transformed using a probit link 
function to ensure it remained within this interval. Standard deviation 
parameters were constrained to be positive through exponential trans
formations. Weakly informative priors were applied to all group-level 
parameters (see Section S1 in Supplement).

Summary of Fitted Models. For our first aim, we fit and compared 
eight different computational models for mood and anxiety, respectively 
(see Table 2). The models differed in their inclusion and specification of 
social appraisals, expectations, PEs and Outcomes. Notably, Models 7 
and 8 incorporated asymmetric effects for positive and negative PEs. 
Models 1 and 2 were modified versions of the standard model proposed 
by Rutledge et al. (2014) and the primacy model by Keren et al. (2021), 
respectively, adapted to fit our task-specific data.

2.4. Aim 1: Identify the computations underlying momentary mood and 
anxiety in the ‘SPEAK’ task

Model Comparison and Evaluation. To evaluate and compare the 
performance of computational models, we employed a combination of 
information-theoretic and predictive accuracy metrics. Specifically, we 
used the loo package in R to compute the Leave-One-Out Information 
Criterion (LOOIC) and the Watanabe-Akaike Information Criterion 
(WAIC), both of which estimate out-of-sample predictive fit by 
approximating leave-one-out cross-validation while accounting for 
model complexity. Both criteria estimate the expected log predictive 
density for new data and are particularly well-suited for Bayesian 
models, with lower values indicating better fit. In addition to these 
criteria, we computed Mean Squared Error (MSE) and Mean Absolute 
Error (MAE) as measures of predictive accuracy, reflecting the average 
squared and absolute deviations between predicted and observed 
values, respectively. Finally, we included the coefficient of determina
tion (R2) as an indicator of explained variance, providing an interpret
able summary of model fit. Together, these complementary metrics 
allowed for a comprehensive assessment of model performance across 
both explanatory and predictive dimensions. Posterior predictive checks 
were conducted on the winning model to verify that the fitted model is 
compatible with our observed data.

All outcome and predictor variables were z-scored prior to model 
fitting to place them on a common scale and facilitate interpretation of 
regression coefficients.

The 95% Bayesian Highest Density Interval (HDI) was calculated for 

the mean of each group-level parameter. A social appraisal parameter 
was deemed to have a meaningful influence if its 95% HDI did not cross 
zero, suggesting a statistically credible effect.

2.5. Aim 2: Explore how these computations vary with individual 
differences in mental health symptoms

To examine individual differences in affective dynamics, we 
extended the winning model by including a main effect of a participant- 
level moderator (either social anxiety or depression symptoms) and its 
interaction with all free parameters. These moderators were included as 
between-subject predictors that modulate both baseline affect and 
sensitivity to social signals over time.

Specifically, mood and anxiety were modelled as functions of 
recency-weighted positive and negative prediction errors, current trial 
social feedback, and a participant-specific moderator, Mi (e.g., LSAS- 
CA/LSAS-SR score for social anxiety, RCADS/CES-D score for 
depression): 

Moodit = β0i + β1i⋅
∑t

j=1
γt− j

i ⋅PEpos,j + β2i⋅
∑t

j=1
γt− j

i ⋅PEneg,j + β3i⋅Ot + β4i⋅Mi

Anxietyit = β0i + β1i⋅
∑t

j=1
γt− j

i ⋅PEpos,j + β2i⋅
∑t

j=1
γt− j

i ⋅PEneg,j + β3i⋅Ot + β4i⋅Mi

β0i = μβ0
+ β0×M⋅Mi + ϵβ0i

β1i = μβ1
+ β1×M⋅Mi + ϵβ1i

β2i = μβ2
+ β2×M⋅Mi + ϵβ2i

β3i = μβ3
+ β3×M⋅Mi + ϵβ3i

γi = Φ
(
μγ + βγ×M⋅Mi + ϵγi

)

σi = exp
(
μσ + βσ×M⋅Mi + ϵσi

)

(13) 

where ϵθi ∼ N
(
0, σ2

θ
)

are individual-level deviations.
All predictors and outcomes were z-scored prior to model fitting. 

Because different measures were used for adults and adolescents, 
depression scores (CES-D in adults, RCADS in adolescents) and social 
anxiety scores (LSAS-SR in adults, LSAS-CA in adolescents) were each z- 
scored within age group to ensure comparability.

To compliment these analyses, we also computed the posterior dis
tribution of Pearson correlations between each participant-level 
parameter estimate (e.g. social feedback, positive and negative PEs, 
forgetting factor) and participant's social anxiety or depression symptom 
scores. Correlations were computed for each posterior sample, providing 
a Bayesian estimate of the strength, 95% highest density interval (HDI), 
and probability of the association being in the observed direction for 
each parameter.

3. Results

3.1. Momentary mood and anxiety were best explained by asymmetric 
PEs and social feedback amount

Out of the eight computational models compared, the best-fitting one 
for both momentary mood and anxiety included an effect of social 
feedback and asymmetric effects for positive and negative PEs (see 
Fig. 2). Crucially, this model outperformed alternatives that excluded 
PEs, supporting the idea that social PEs contribute to shaping affect, in 
line with our hypothesis. Social feedback was modelled as the outcome 
of the current trial, while the PE terms were represented as recency- 
weighted sums of all prior positive and negative PEs, respectively. 
Specifically, PEs were computed as the difference between the outcome 
(O; i.e., the amount of social feedback received) and the participant- 
reported expectation on that trial. Self-reported mood and anxiety at 
trial t for individual i was modelled as: 
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Moodit = β0i + β1i⋅
∑t

j=1
γt− j⋅PEpos,j + β2i⋅

∑t

j=1
γt− j⋅PEneg,j + β3i⋅Ot (14) 

Anxietyit = β0i + β1i⋅
∑t

j=1
γt− j

i ⋅PEpos,j + β2i⋅
∑t

j=1
γt− j

i ⋅PEneg,j + β3i⋅Ot (15) 

where β0i represents the individual-specific baseline of mood or anxiety, 
and β1i and β2i capture the sensitivity of individual i to the weighted 
history of positive and negative PEs, respectively. The parameter γt− j

i is a 
forgetting factor that determines the influence of prior trials on affect. Ot 
represents the social feedback on trial t, and β3i captures its immediate 
effect on momentary affect for participant i.

3.2. Group-level parameter Estimates

Positive Prediction Error Effects (β1). The effect of accumulated 
positive PEs varied across mood and anxiety models. For momentary 
mood, the effect was negligible (mean β1 = 0.05, 95% HDI [− 0.02, 
0.13]). However, for momentary anxiety, there was a substantial 
negative effect of positive PEs (mean β1 = − 0.18, 95% HDI [− 0.25, 
− 0.10]), indicating that the accumulation of positive surprises was 
linked to reduced anxiety.

Negative Prediction Error Effects (β2). Accumulated negative PEs 
did not show an association with momentary mood (mean β2 = − 0.02, 
95% HDI [− 0.06, 0.03]). For momentary anxiety, however, there was a 
positive effect (mean β2 = 0.13, 95% HDI [0.07, 0.18]), suggesting that 
the accumulation of worse-than-expected outcomes was associated with 
increased anxiety.

Social Feedback Effects (β3). Social feedback had a substantial effect 
on both mood and anxiety. For momentary mood, social feedback on a 
given trial had a substantial positive effect (mean β3 = 0.22, 95% HDI 
[0.19, 0.26]), indicating that more positive social feedback was associ
ated with improved mood. In contrast, for momentary anxiety, social 
feedback exerted a negative effect (mean β3 = − 0.09, 95% HDI [− 0.11, 
− 0.07]), suggesting that more positive social feedback was associated 
with reduced anxiety.

Note on parameter comparability. Although all predictors were 
standardised to facilitate interpretation, the PE coefficients (β1, β2) and 
social feedback coefficient (β3) are not directly comparable. Social 
feedback reflects trial-level effects, whereas PEs represent the weighted 

accumulation of prediction errors across trials (see Section S3.3 in 
Supplement). Direct comparison of standardised coefficients would 
therefore conflate temporally distinct processes. To assess the relative 
contribution of these predictors to mood and anxiety, we instead 
compared nested models with and without each predictor (see Section 
S3.5 in Supplement).

Forgetting Factor (γ).The forgetting factor γ determines how much 
influence past prediction errors (PEs) have on current affect, with values 
bounded between 0 and 1. A value of γ = 0 implies full recency, where 
only the most recent trial influences affect, while γ = 1 implies equal 
weighting of all past trials, regardless of their temporal distance.

The group-level estimate of γ was 0.93 for mood (95% HDI [0.91, 
0.95]) and 0.93 for anxiety (95% HDI [0.92, 0.95]), indicating that past 
trials have a long-lasting impact on current affect.

These results partially support our hypothesis that social surprises, 
operationalised here as PEs, play a key role in shaping momentary mood 
and anxiety. While the best-fitting model included terms for both posi
tive and negative PEs, and outperformed models without them, only 
social feedback and not the PEs themselves showed a substantial effect 
on momentary mood at the group level. In contrast, PEs had a sub
stantial effect on momentary anxiety that exceeded the effect of social 
feedback, as confirmed by nested model comparisons of the reduced 
models (see Table S5 and S7 in Supplement).

3.3. Moderation of effects by social anxiety symptoms

To assess whether social anxiety symptoms (SA), as measured by the 
LSAS (z-scored within each sample prior to modelling; refer to Fig. S7 for 
the distribution of SA symptoms), moderated any of the model param
eters, we examined interaction terms from the hierarchical Bayesian 
models predicting momentary mood and anxiety. For both types of 
affect, the interaction term for social feedback, β3⋅SA, showed the most 
robust effect. For mood, this interaction was positive (mean = 0.03, 95% 
HDI [0, 0.06]; see Fig. 3A), indicating that the trial-specific effect of 
social feedback on mood was stronger in individuals with elevated SA: 
more positive feedback on a given trial was associated with a larger 
improvement in mood, while more negative feedback was associated 
with a larger decrease. In contrast, for anxiety, the interaction was 
negative (mean = − 0.03, 95% HDI [− 0.05, − 0.02]; see Fig. 3B), sug
gesting that the same pattern held for anxiety, with SA amplifying both 
the anxiety-enhancing effects of negative feedback and the anxiety- 

Fig. 2. Reported and predicted momentary mood and anxiety across trials for two example participants. Each panel shows z-scored values across trials, with 
mood plotted in the left column and anxiety in the right column. Rows represent individual participants. Reported responses are shown in grey, predicted mood in 
blue, and predicted anxiety in red. Predicted values are derived from the posterior mean of the winning hierarchical Bayesian model.
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lowering effects of positive feedback at the trial level.
Other interaction terms between SA and the intercept (β0⋅SA), posi

tive PEs (β1⋅SA), negative PEs (β2⋅SA), and the forgetting factor (βγ⋅SA) had 
credible intervals that overlapped zero for both outcomes, suggesting 
inconclusive or negligible moderation effects. Similarly, the main effects 
of SA on momentary mood (mean = − 0.16, 95% HDI [− 0.81, 0.54]) and 
anxiety (mean = 0.22, 95% HDI [− 0.47, 0.91]) were also uncertain.

To complement the model-based findings, we computed the poste
rior distribution of Pearson correlations between each participant-level 
parameter estimate and SA scores. The parameter for social feedback 
(β3) showed a positive correlation in predicting mood (mean r = 0.13, 
95% CI [0.08, 0.17], Pr(r > 0) = 100%; see Fig. 4 A), and a negative 
correlation with SA in predicting anxiety (mean r = − 0.27, 95% CI 

[− 0.33, − 0.21], Pr(r < 0) = 100%; see Fig. 4 B). These results provide 
further support for a moderation of the influence of social feedback on 
momentary affect by SA. Correlations for all other parameters were 
weaker and had posterior intervals that included zero.

3.4. Moderation of effects by depression symptoms

To assess whether depression symptoms (DEP), as measured by the 
RCADS in the student sample and the CES-D in all other samples (z- 
scored within each sample prior to modelling; refer to Fig. S8 for the 
distribution of DEP symptoms), moderated any of the model parameters, 
we examined interaction terms from the hierarchical Bayesian models 
predicting momentary anxiety and mood. For both mood and anxiety 

Fig. 3. Posterior distributions by symptom group for each analysis. (A) Social feedback predicting momentary mood by SA group, (B) Social feedback predicting 
momentary anxiety by SA group, (C) Negative PE predicting momentary mood by DEP group, and (D) Social feedback predicting momentary anxiety by DEP group. 
Dashed lines indicate the mean of the posterior distribution for each group. Participants were categorised into high versus low symptom groups based on clinical 
thresholds, although symptom measures were treated as continuous variables in all models.

Fig. 4. Posterior distributions of Pearson correlations between participant-level parameter estimates and symptom scores. (A) Social feedback and SA 
scores for momentary mood, (B) Social feedback and SA scores for momentary anxiety, (C) Negative PE and DEP scores for momentary mood, and (D) Social feedback 
and DEP scores for momentary anxiety. Dashed lines indicate the mean Pearson correlation coefficient (r), and dotted lines represent the 95% highest density in
terval (HDI).
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models, the interaction terms between DEP and the intercept (β0⋅DEP), 
positive PEs (β1⋅DEP), negative PEs (β2⋅DEP), social feedback (β3⋅DEP) and 
the forgetting factor (βγ⋅DEP) had credible intervals that overlapped zero, 
suggesting inconclusive or negligible moderation effects. Similarly, the 
main effects of DEP on momentary mood (mean = − 0.19, 95% HDI 
[− 0.89, 0.49]) and anxiety (mean = 0.16, 95% HDI [− 0.56, 0.84]) were 
also uncertain.

We also computed the posterior distribution of Pearson correlations 
between each participant-level parameter estimate and DEP scores. The 
parameter for the effect of accumulated negative PEs (β2) showed a 
negative correlation with DEP in predicting mood (mean r = − 0.18, 95% 
CI [− 0.34, 0], Pr(r < 0) = 97.9%; see Fig. 4C), indicating that in
dividuals with higher DEP tended to exhibit a stronger negative effect of 
the accumulated history of negative PEs on their mood across trials, 
although the confidence intervals include zero. Similarly, social feed
back (β3) showed a negative correlation with DEP in predicting anxiety 
(mean r = − 0.19, 95% CI [− 0.26, − 0.12], Pr(r < 0) = 100%; see 
Fig. 4D), indicating that individuals with higher DEP experienced a 
stronger trial-specific anxiety response to social feedback — that is, 
larger reductions in anxiety following more positive feedback and larger 
increases following more negative feedback on a given trial. Correla
tions for all other parameters were weaker and had posterior intervals 
that crossed zero.

4. Discussion

In this study, we examined how momentary affect is influenced 
during social interactions. Building on clinical theory and computational 
models of reward-based mood dynamics, we developed a novel experi
mental paradigm to elicit and quantify social PEs in real time. The best- 
fitting model for both momentary mood and anxiety included social 
surprises and social feedback, supporting our hypothesis. However, our 
results reveal an asymmetry: mood was more strongly and selectively 
modulated by immediate social feedback, whereas anxiety was shaped 
by both social feedback and the cumulative impact of social PEs, sug
gesting distinct computational mechanisms for happy and anxious 
affect. This pattern may suggest that, during social interactions, mood is 
more influenced by the valence of social evaluations, while anxiety re
flects sensitivity to expectation violations. Furthermore, we found that 
individuals with elevated social anxiety symptoms were more sensitive 
to social feedback in both mood and anxiety, and that depressive 
symptoms moderated the influence of negative PEs on mood and of 
social feedback on anxiety. Together, these findings advance our un
derstanding of the computational underpinnings of momentary affect in 
social contexts and may help identify potential mechanisms by which 
affective dynamics go awry in psychopathology.

Our findings build on influential computational models of mood that 
conceptualize affect as a function of PEs (Rutledge et al., 2014). One 
theory proposes that mood acts as a momentum signal, integrating over 
sequences of PEs to track environmental trends and support adaptive 
behaviour in dynamic contexts (Eldar et al., 2016). Unlike the model 
proposed by Rutledge et al. (Rutledge et al., 2014), which includes terms 
for expected reward and a single undifferentiated PE signal, our model 
incorporates both outcome magnitude and asymmetric PEs. Our model 
aligns closely with that of Forbes & Bennett (Forbes & Bennett, 2023), 
who also found that the best-fitting model of mood included asymmetric 
PEs and reward outcome magnitude. In their study, as in ours, the in
clusion of an outcome term substantially reduced the effect of PEs on 
mood. However, a key contribution of our work is that we extended 
these models to momentary anxiety.

Our work has a number of potential clinical implications. First, is the 
importance of expectation violations. We found that PE terms contribute 
more to explaining momentary anxiety than social feedback does, as 
evidenced by comparing our full model to reduced models. In this way, 
we also provide experimental support for the notion that belief 

disconfirmation during social interactions modulates anxiety, as pro
posed in clinical theories of SAD (Clark & Wells, 1995). This suggests 
that interventions that focus on optimising expectancy violations could 
be key to the efficacy of anxiety interventions. Second, we found that 
mood, in contrast to anxiety, was more strongly driven by current 
feedback than by PEs, and to a greater extent than anxiety. This diver
gence may reflect distinct functional roles of mood and anxiety, at least 
in the social domain. Mood may signal how rewarding the environment 
is, while anxiety may serve as a vigilance signal, with its sensitivity to 
expectation violations tracking uncertainty and ensuring that antici
pated social threats are continually monitored and updated. This 
asymmetry between momentary mood and anxiety may suggest that 
different intervention strategies are optimal for different affective 
symptoms. For example, interventions that increase the frequency or 
salience of positive social rewards (e.g., behavioural activation, grati
tude, or savouring exercises) may be more effective for improving mood, 
whereas interventions that facilitate the updating of maladaptive social 
predictions (e.g., cognitive restructuring or exposure-based belief dis
confirmation) may be more effective for reducing anxiety.

To explore whether these processes are modulated by individual 
differences in social anxiety and depressive symptoms, we extended the 
winning model to include both main effects and interaction terms with 
each parameter for each symptom dimension. To the best of our 
knowledge, this is the first study to show that individuals with high trait 
social anxiety show stronger effects of experimentally-manipulated so
cial feedback on their momentary affect. Our findings align with those of 
an EMA study by Doorley et al. (Doorley et al., 2021) which showed that 
more socially anxious individuals experienced bigger drops in their 
anxiety levels following a positive social event. In contrast, a substantial 
body of research has demonstrated reduced sensitivity to social rewards 
in socially anxious individuals (O'Connor et al., 2014; Cremers et al., 
2015; Beltzer et al., 2023). Critically, this discrepancy may reflect that 
previous studies have generally focused on learning from social rewards, 
rather than affectively responding to them. This suggests that social 
anxiety symptoms may differentially influence momentary affect in 
response to social rewards and the capacity to learn from them. That is, 
while socially anxious individuals may show a drop in their anxiety and 
an increase in their mood in response to positive social interactions, 
other processes, such as heightened self-focused attention or post-event 
processing, may inhibit their ability to encode or generalize these ex
periences over time (Brozovich & Heimberg, 2008; Clark & Wells, 
1995). Consistent with this, Koban et al. (Koban et al., 2017, 2023) 
demonstrated that individuals with SAD show an absent or reversed 
positivity bias in affective updating of self-evaluation following social 
feedback. The enhanced affective responsiveness to positive feedback 
suggests that interventions which amplify these experiences, alongside 
addressing maladaptive cognitive processes, may enhance treatment 
outcomes. Behavioural activation (BA), which targets reward and social 
engagement processes by encouraging approach behaviour toward 
positive activities and social interactions (Jacobson et al., 2001), may be 
particularly well-suited to capitalise on this preserved affective 
responsiveness in socially anxious individuals. However, given that 
self-focused attention and post-event processing may limit the extent to 
which these positive experiences are consolidated over time (Brozovich 
& Heimberg, 2008; Clark & Wells, 1995), pairing BA with strategies that 
target these maintaining cognitive processes, such as attention training 
or brief post-event processing interventions, may offer a more compre
hensive approach, leveraging preserved affective reactivity while 
addressing the mechanisms that would otherwise undermine its clinical 
benefit.

We found that depressive symptoms were associated with height
ened affective reactivity to negative PEs, specifically in mood. This 
finding diverges from that of Rutledge et al. (Rutledge et al., 2017), that 
found no differences in affective responses to RPEs between patients 
with depression and controls. One key distinction is that our modelling 
approach allowed for asymmetric PEs, potentially uncovering individual 
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differences that may have been obscured in their model, which treats 
PEs as a single undifferentiated signal (Rutledge et al., 2014). However, 
in an EMA study by Villano & Heller (Villano & Heller, 2024), it was 
shown that depressive symptoms impaired emotional responses to pos
itive, but not to negative PEs. This discrepancy may reflect differences in 
the type of rewards used across studies; monetary rewards in Rutledge 
et al. (Rutledge et al., 2017), exam grades in Villano & Heller (Villano & 
Heller, 2024), and social feedback in ours. Furthermore, in contrast to 
existing literature emphasizing reduced reward sensitivity in depres
sion, we found that depressive symptoms moderated the influence of 
social feedback on anxiety. These discrepancies, as well as the broader 
inconsistencies in the literature on reward learning in depression 
(Halahakoon et al., 2020; Kieslich et al., 2022), may be a manifestation 
of the substantial heterogeneity within depressive symptomatology 
(Fried, 2017). In other words, different symptoms may be associated 
with distinct abnormalities in how individuals learn from and 
emotionally respond to rewards and punishments, particularly in so
cially salient contexts. Future research could benefit from taking a 
symptom-specific approach, examining how features such as anhedonia, 
depressed mood, and self-criticism uniquely shape affective responses to 
different types of PEs. Relatedly, our finding that depressive symptoms 
moderated the effect of social feedback on anxiety highlights the value 
of transdiagnostic treatments addressing mood and anxiety jointly. 
Consistent with this, internet-delivered cognitive therapy for social 
anxiety disorder has been shown to also reduce comorbid depressive 
symptoms (Leigh & Clark, 2023), suggesting shared social-cognitive 
mechanisms may underlie treatment gains across both domains.

Our study has several strengths. First, our modelling approach was 
grounded in preliminary analyses conducted on pilot data and validated 
in a larger, preregistered sample, enhancing the robustness of our 
findings. Second, we sampled across three distinct recruitment strate
gies, including an online platform, schools, and the local community, 
capturing a diverse participant pool across a broad age range, which 
strengthens generalizability. Third, we simultaneously modelled 
momentary mood and anxiety, allowing us to disentangle distinct 
computational mechanisms underlying different affective states. To our 
knowledge, this study is the first to extend computational models of 
mood to the social domain, thereby contributing to an emerging liter
ature examining how dynamics of momentary psychological states 
relate to individual differences in social anxiety and depression 
(Rutledge et al., 2017; Will et al., 2017). Finally, the experimental task 
was co-designed with a youth advisory group, ensuring appropriateness 
for adolescent participants.

Several limitations warrant caution and highlight important di
rections for future research. Firstly, although the use of pre-determined 
social feedback allowed us to experimentally manipulate social PEs, this 
may have limited the credibility of the social interactions, particularly 
since feedback was not contingent on participants' actual performance; 
however, the fact that participants' anxiety and mood were nevertheless 
influenced by the feedback suggests the manipulation retained psycho
logical validity. Relatedly, while our model captured the effects of social 
PEs, the random trial structure prevented participants from forming 
stable expectations and limited our ability to model how they might 
have learned about or adapted to different partners over time. Addi
tionally, we asked participants to predict their own performance rather 
than to predict how they would be evaluated by others. Whilst this de
cision was theoretically motivated — beliefs about one's own perfor
mance are considered central to the maintenance of social anxiety and 
represent a key treatment target in established cognitive models (Clark 
& Wells, 1995; Leigh & Clark, 2023) — these two types of predictions 
are potentially distinct constructs, and future work should directly 
compare the two framing approaches to examine whether this influences 
affective responses to social feedback. Future research should also 
explore how affective responses evolve during more naturalistic social 
interactions, ideally incorporating real-time belief updating and 
high-frequency affective sampling in daily life. Such work will be 

essential for testing the ecological validity of our findings and for 
identifying robust, computational markers of vulnerability to mood and 
anxiety disorders. Finally, while our sample spanned adolescence to 
adulthood, differences in age were confounded with recruitment 
method, limiting our ability to draw developmental inferences.

This study provides a computationally grounded account of how 
social experiences shape momentary affect, capturing both shared and 
distinct mechanisms underlying mood and anxiety. These findings open 
new avenues for identifying early risk markers and can inform more 
personalised approaches to treatment or early intervention.
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