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Abstract 27 

Background 28 

Learning from feedback provided by others is important for navigating complex social 29 
environments. Aberrant processing of such social feedback is implicated in the 30 

psychopathology of several mental health disorders including social anxiety and depression. 31 
Recent psychiatric research increasingly adopts transdiagnostic approaches that examine 32 

mechanisms and constructs cutting across traditional diagnostic categories.  33 
Methods 34 

Here, we applied reinforcement learning models together with transdiagnostic measures of 35 
psychopathology to formally assess social evaluation learning. Human participants (n = 193) 36 

completed the Social Evaluation Learning Task, learning whether computer personas ‘liked,’ 37 

‘disliked,’ or were ‘neutral’ toward them. Participants also completed six questionnaires 38 
assessing socially relevant psychiatric traits.  39 

Results 40 
Computational modeling revealed that a model with separate learning parameters for positive 41 

and negative feedback best accounted for the learning behavior. Exploratory factor analysis 42 
identified three transdiagnostic factors. A factor reflecting social avoidance predicted 43 

enhanced learning from negative feedback and a reduced positive learning bias. Socially 44 
avoidant individuals with heightened negative learning rates additionally showed faster 45 

reaction times specifically in positive social contexts. A second factor linking with emotional 46 
insensitivity for others predicted a lower choice accuracy in both positively and negatively 47 

valanced conditions and was associated with faster reaction times overall. No significant 48 

associations emerged for a third factor reflecting depressive and mood-related symptoms.  49 
Conclusions 50 

These results demonstrate how transdiagnostic trait dimensions shape social learning 51 
mechanisms through specific behavioral and computational processes.  52 

 53 
Keywords 54 

social evaluation; social learning; reinforcement learning; transdiagnostic; computational 55 
psychiatry  56 
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Introduction 57 

Learning from social feedback is a vital cognitive process enabling individuals to adjust their 58 

behavior based on social cues, such as praise and criticism (Bauer, 1967). This mechanism 59 
is crucial for navigating complex social environments, maintaining relationships, and shaping 60 

one’s self-concept (Boyd et al., 2011; Button et al., 2012; Elder et al., 2022; FeldmanHall & 61 
Chang, 2018; Kendal & Watson, 2023; Olsson et al., 2020; Peters et al., 2024; Schröder et 62 

al., 2025). In the form of social evaluative feedback, individuals update beliefs about the self 63 
and others (Behrens et al., 2008; Diaconescu et al., 2014) from external judgements or 64 

feedback which can differ in valence and expectancy (Peters et al., 2024). Appropriately 65 
learning from social feedback is integral to mental and physical well-being, with core self-66 

appraisals being significantly influenced by external evaluations (Lundgren, 2004). 67 

Conversely, atypical social cognition is a feature of several mental health disorders (Gkika et 68 
al., 2018; Green & Leitman, 2008; Hoertnagl & Hofer, 2014; Patin & Hurlemann, 2015; 69 

Weightman et al., 2014) where individuals report biased perceptions of oneself which persist 70 
in response to social feedback (Gilboa-Schechtman et al., 2017; Hoffmann et al., 2024; 71 

Kirchner et al., 2025; Koban et al., 2017; Korn et al., 2012; Kube, 2023). Although previous 72 
studies have explored the computational basis of social evaluation learning and its relation to 73 

various mental health disorders, to date, none have specifically taken a transdiagnostic 74 
approach when doing so.  75 

 76 
Social learning can be formally investigated using the framework of reinforcement learning 77 

(RL) (Sutton & Barto, 2018), a form of error-based learning driven by differences between 78 

actual and expected outcomes (i.e., prediction error). Specifically, individuals form a social 79 
prediction error (Joiner et al., 2017; Zhang et al., 2020; Zhang & Gläscher, 2020) - the 80 

difference between expected social feedback and the social feedback actually received. 81 
Application of the RL framework has revealed distinct biases in social feedback learning in 82 

several psychiatric disorders. For example, individuals with social anxiety and borderline 83 
personality disorder are biased towards learning from negative social feedback (Korn et al., 84 

2016; Müller-Pinzler et al., 2019; Zabag et al., 2022, 2024) and demonstrate reduced positivity 85 
regarding one’s own attributes (Hoffmann et al., 2024; Hopkins et al., 2021; Korn et al., 2012, 86 

2016). In social anxiety, this is specifically linked to the maintenance of a negative self-view 87 
and low self-esteem (Koban et al., 2017, 2023). Similarly, in contrast to healthy participants, 88 

depressed individuals do not update their beliefs more strongly following positive compared 89 

to negative social feedback (Hobbs et al., 2022; Hoffmann et al., 2024). This blunted learning 90 
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appears to reflect the domain-general effect of anhedonia which extends to the context of 91 

social interactions (Barkus & Badcock, 2019).  92 
 93 

Psychiatric disorders may present differently within categorical diagnoses (Feczko et al., 94 
2019), reflecting a complex behavioral profile which cannot be appropriately captured by a 95 

single dimension or questionnaire. Indeed, diagnostic manuals, despite being standard tools, 96 
have been critiqued for their categorical approach (Adriaens & De Block, 2013; Kendler, 2009; 97 

Kendler et al., 2011), leading to the development and advocacy of alternative approaches with 98 
broader, multi-faceted definitions of mental health (Borsboom, 2017; Insel et al., 2010; Kotov 99 

et al., 2017). Compared to categorical assessments, a transdiagnostic approach to 100 
psychopathology (Gillan et al., 2016; Insel et al., 2010; Robbins et al., 2012; Tanaka, 2024) 101 

favours a broader definition of mental illness, spanning normal variations in psychopathology 102 

in a general population sample. Focusing on dimensional traits that cut across multiple 103 
disorders, latent psychological and cognitive constructs or factors of mental health can be 104 

extracted that more accurately map onto candidate cognitive processes (Gillan & Seow, 105 
2020). This approach can further be combined with the theory-driven computational modeling 106 

of behavior such as RL models (Sohail & Zhang, 2024), to infer the construct-specific 107 
computational processes that characterize a given factor (Wise et al., 2023). Combining 108 

transdiagnostic assessments of psychopathology with computational models have identified 109 
the specific cognitive processes underlying altered behavior in mental health disorders, 110 

including model-based planning (Gillan et al., 2016), metacognition (Rouault et al., 2018), 111 
reward processing (Suzuki et al., 2021) and uncertainty (Norbury et al., 2018).  112 

 113 

In the context of social feedback learning, existing research has primarily taken a categorical 114 
approach often focusing on a single disorder or trait. However, a transdiagnostic approach 115 

can uncover latent factors across trait dimensions, allowing for shared cognitive components 116 
to be extracted. In the current study we adopted such a perspective, using a questionnaire 117 

battery in a nonclinical sample assessing diverse domains of psychopathology known to affect 118 
social behavior including autism (Chevallier et al., 2012), social anxiety (Hofmann, 2007), 119 

depression (Rygula et al., 2015; Tse & Bond, 2004), apathy (Le Heron et al., 2019), narcissism 120 
(Morf & Rhodewalt, 2001), and borderline personality disorder (Herpertz & Bertsch, 2014). 121 

Specifically, we used exploratory factor analysis (EFA), a data-driven approach yielding 122 

composite trait factors that can be related to behavioral measures and computational 123 
parameters. For our behavioral task, we used the Social Evaluation Learning Task (SELT) 124 

(Button et al., 2012, 2015), a well-established paradigm requiring participants to learn whether 125 
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a fictional computer persona liked or disliked them across three feedback conditions differing 126 

by valence.  127 
 128 

In line with previous studies extracting latent factors from similar trait measures (Gillan et al., 129 
2016; Oka et al., 2025), we anticipated transdiagnostic factors reflecting social engagement 130 

and mood to be extracted from our questionnaire battery. We also hypothesised these factors 131 
to differentially moderate social learning effects. Specifically, we expected for social 132 

engagement to negatively correlate with a negative learning bias, and for a depressive-mood 133 
factor to positively correlate with reduced learning from positive feedback. These hypotheses 134 

stem from previous studies reporting these biases for categorical assessments of social 135 
anxiety and depression (Button et al., 2012; Hoffmann et al., 2024; Hopkins et al., 2021). Using 136 

a within-subject design across feedback conditions and continuous trait measures, this study 137 

ultimately provides a nuanced look at how overlapping psychiatric traits relate to the ability to 138 
learn from social feedback. 139 

 140 

Methods 141 

Participants 142 

A priori sample size estimation using G*Power 3 software (Faul et al., 2007) suggested a 143 

sample of 191 would be needed to detect a small effect size (f = 0.20) with 80% power and α 144 
= .05 for a repeated-measures ANOVA. Participants were eligible for the study if they were 145 

18-to-25 years old, proficient in English, and had no history of brain trauma, cognitive 146 
impairment, neurological conditions or psychological disorders. Participants were recruited 147 

using the University of Birmingham Research Participation Scheme (Sona Systems) and flyers 148 

on campus and were tested online using the online experiment platform Gorilla 149 
(www.gorilla.sc) (Anwyl-Irvine et al., 2020). Participants received one academic credit point 150 

credit for completing the study. Data collection comprised 198 participants, which after 151 
excluding five participants who failed attention checks, resulted in a final sample (Table 1) of 152 

193 participants (female = 173; age = 19.4 ± 2.0). All participants provided informed consent 153 
prior to participation, and the study was approved by the University of Birmingham Research 154 

Ethics Committee (ERN_20-1897AP15).  155 

 156 
Table 1 157 

Participant demographics for the study  158 
Demographic characteristics of the study participants, including group sizes (n) and 159 

percentages (%) for sex assigned at birth, gender identity, and ethnic group. 160 
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 n % 
Sex Assigned at birth 

          Male 
          Female 

 

20 
173 

 

10.4 
89.6 

Gender 
          Male 

          Female 
          Transgender 

          Gender Variant 

 
18 

173 
1 

1 

 
9.3 

89.6 
0.5 

0.5 

Ethnic Group 
          White 

          Asian or Asian British 
          Black, Black British, Caribbean or African 

          Mixed or Multiple 
          Other           

 
88 

59 
23 

13 
10 

 
45.6 

30.6 
11.9 

6.7 
5.2 

Total 193  

 161 

Measures 162 

Social Evaluation Learning Task 163 

Participants completed the Social Evaluation Learning Task (Button et al., 2012, 2015), a 164 

probabilistic learning paradigm involving social feedback. In our experiment, we included three 165 
self-referential test blocks, each with a computer profile (i.e., persona) that participants had to 166 

learn either liked, disliked, or was neutral towards the participants (Figure 1). The order of the 167 
three blocks was randomized and counterbalanced across participants, with each block 168 

consisting of 32 trials. In each trial, participants were presented with the sentence “I think you 169 
are…” and a different positive/negative word pair randomly selected from a list of 64 pairs 170 

(e.g., nervous vs. calm). The placement (i.e., lower left vs. upper right) of the two words on 171 
the screen was counterbalanced across trials, to avoid motor habituation. Each persona 172 

followed a unique feedback contingency rule: the positive word in the word pair was the correct 173 

choice 80% of the time for the ‘Like’ persona, 20% for the ‘Dislike’ persona, and 50% for the 174 
’Neutral’ persona, whereas the negative word in the word pair was the correct choice 20% of 175 

the time for the ‘Like’ persona, 80% for the ‘Dislike’ persona, and 50% for the ’Neutral’ persona. 176 
On each trial, participants were instructed to choose which word in each pair described the 177 

persona’s opinion toward them, to which they received feedback according to the 178 
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contingencies for each persona. The feedback contingencies were not communicated to the 179 

participants; instead, participants needed to work these out using trial and error. At the end of 180 
each block, participants were asked to rate how much the persona liked them on a scale from 181 

0 (‘Dislike’) to 100 (‘Like’). 182 
 183 

 184 
Fig 1. The Social Evaluation Learning Task. Participants were instructed to determine the 185 

computer persona’s perspective of themselves. Participants played three blocks of 32 trials 186 

across three conditions, differing in the probability of positive/negative words being the correct 187 
choice. Feedback was provided after each trial. At the end of each block, participants were 188 

asked to provide a single rating on how much the persona disliked them using a Likert scale 189 
from 0 (Dislike) to 100 (Like). 190 

 191 
Questionnaires 192 

Immediately following the behavioral task, participants completed six self-report 193 
questionnaires to assess a wide range of psychopathology previously associated with deficits 194 

in social learning, namely the Autism Spectrum Quotient (AQ-10) (Allison et al., 2012), Social 195 
Phobia Inventory (SPIN) (Connor et al., 2000), Beck Depression Inventory (BDI-II) (Beck et 196 

al., 1996), Apathy Motivation Index (AMI) (Ang et al., 2017), Narcissistic Admiration and 197 
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Rivalry Questionnaire (NARQ) (Back et al., 2013), and Borderline Personality Disorder (BPD) 198 

checklist (First et al., 1997). 199 
 200 

Data analysis approach 201 

Data quality measures 202 
An attention check was randomly assigned to two of the three blocks, where participants were 203 

asked to select a specific word: “Please select <word> to show you are paying attention...”. 204 
Participants who failed either of the two attention checks were removed from the analysis. 205 

Trials with a reaction time greater than 5000ms or less than 300ms were also excluded from 206 
all analyses. 207 

 208 

Behavioral measures 209 
Three primary dependent variables were selected as indicators of task behavior: choice 210 

accuracy, reaction time, and end-of-block persona rating. Choice accuracy was defined as 211 
selecting the word whose valence was associated with the feedback contingency; positive 212 

words for the ‘Like’ condition, negative words for the ‘Dislike’ condition. For the neutral 213 
condition, there is no actually correct response. We coded the 'Like' option as correct response 214 

in this condition ('Dislike' would reveal same results) to enable joint analysis of all conditions. 215 
Raw untransformed reaction times were used for repeated-measures ANOVA, as subject-216 

level mean RTs were normally distributed across all conditions (Shapiro-Wilk tests: W > 0.985; 217 
skewness = 0.09-0.24). For trial-level mixed-effects models, we used log-transformed RT 218 

values. All mixed-effects models were fitted using the {lme4} package in R (Bates et al., 2015).  219 

 220 
Computational modeling 221 

A reinforcement learning framework was applied to quantify the computational processes 222 
underlying task behavior. Computational models included a simple Rescorla-Wagner model 223 

(Rescorla & Wagner, 1972), where for each trial (t), the value (V) of the chosen option was 224 
updated by the prediction error (PE) – the difference between the received outcome (O, coded 225 

as -1 and 1) and the value:  226 
 227 

𝑃𝐸! = 𝑂! −	𝑉! (1) 228 

 229 
Subsequently, the value of the next trial was adjusted by the prediction error, weighted by the 230 

learning rate (α, 0 < α < 1): 231 
 232 
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							𝑉!"# = 𝑉! +	𝛼𝑃𝐸!					 (2) 233 

 234 
Considering that participants may learn differently from positive versus negative social 235 

feedback (Zhang et al., 2020), a second RL model was tested with two distinct learning rates 236 

(α+ and α-) for positive and negative outcomes: 237 
 238 

𝑉!"# = 𝑉! +	𝛼"𝑃𝐸! ,															𝑂! 	> 	0 (3)
𝑉!"# = 𝑉! +	𝛼$𝑃𝐸! ,															𝑂! 	< 	0  239 

 240 
For both models, a softmax choice function was employed to compute the action probability 241 

based on the action values, where during each trial, the action probability of choosing the 242 
positive word over the negative word was defined as: 243 

 244 

𝑝(𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒)! 	= 	
#

#	"	&!"($(%&'()(*+))!$(-+./)(*+)))
(4)  245 

 246 

where the inverse temperature (β, β > 0) regulates the stochasticity of how value computation 247 
influences choice. Choices were coded according to word valence (positive word = 1, negative 248 

word = 2), with action values initialised at zero at the start of each condition block. 249 
 250 

Model estimation was conducted under the hierarchical Bayesian framework using the {rstan} 251 

(Carpenter et al., 2017), and {hBayesDM} (Ahn et al., 2017) R packages. Posterior inference 252 
was conducted through Markov Chain Monte Carlo (MCMC) sampling, using four MCMC 253 

chains with 1000 post-warmup iterations per chain. R-hat values for all parameters were 254 
inspected to examine model convergence (Gelman & Rubin, 1992) and were below 1.02. 255 

Model comparison was conducted by computing the leave-one-out information criterion 256 
(LOOIC) using the {loo} package (Vehtari et al., 2017), a commonly applied criterion for 257 

Bayesian analysis balancing model fit and complexity. Lower LOOIC scores signified superior 258 
model performance, and the model with the lowest LOOIC was chosen for further analyses. 259 

 260 
Exploratory factor analysis 261 

An exploratory factor analysis was conducted to identify transdiagnostic factors across the six 262 

psychiatric questionnaires used. To account for mixed item types (binary and ordinal), 263 
polychoric correlations were computed using the {polycor} package. Factor analysis was 264 

performed using the ‘fa’ function from the {psych} package in R with maximum likelihood 265 
estimation and oblique (oblimin) rotation (Costello & Osborne, 2005). Eighty of the eighty-two 266 



10 
 

items (two removed due to zero-variance) across the six questionnaires were included in the 267 

analysis. A Cattell-Nelson-Gorsuch test was used through the {nFactors} package to 268 
determine the optimal number of factors. Factor loadings ≥ 0.3 were deemed interpretable. 269 

Factor scores were calculated using regression scoring weights and standardized for 270 
subsequent analyses. To uncover transdiagnostic influences on behavioral and computational 271 

outcomes, multiple regression analyses were conducted where transdiagnostic factor scores 272 
and task condition, and their interaction served as independent variables in models, to predict 273 

choice accuracy, reaction times, end-of-block ratings, and learning parameters as dependent 274 
variables. 275 

 276 

Results 277 

Behavioral 278 

To test whether feedback valence affected learning accuracy, we examined choice accuracy 279 
across the three persona conditions. We initially tested whether accuracy across valanced 280 

conditions exceeded chance level (50%), where one-sample t-tests confirmed that accuracy 281 
exceeded chance (50%) in both valanced conditions (Like: t(192) = 28.94, p < 0.001; Dislike: 282 

t(192) = 23.02, p < 0.001) but not Neutral (t(192) = 1.24, p = 0.215). (Figure 2). One-way repeated 283 
measures ANOVA further revealed a significant main effect of condition on choice accuracy 284 

(F(2, 384) = 208.41, p < .001, η²p = 0.52). Post-hoc comparisons with Tukey corrections showed 285 

that the accuracy was the highest in the ‘Like’ condition (M = 80.6 ± 14.7%), followed by those 286 

from the ‘Dislike’ (M = 75.9 ± 15.6%)  and ‘Neutral’ (M = 51.6 ± 18.1%) conditions (Figure 2A; 287 

Like vs. Neutral: t(192) = 17.259, p < 0.001, Dislike vs. Neutral: t(192) = 14.597, p < 0.001, Like 288 
vs Dislike: t(192) = 3.982, p < 0.001).  289 

 290 
As a manipulation check, we examined end-of-block ratings of how much the feedback agent 291 

liked them across conditions. One-sample t-tests against the scale midpoint confirmed that 292 

Like ratings (M = 67.75 ± 18.37) were significantly above the midpoint (t(192) = 13.42, p < .001), 293 

whilst Dislike (M = 39.83 ± 17.56; t(192) = −25.98, p < .001), and Neutral ratings (M = 19.71 ± 294 

16.20) were significantly below the midpoint (t(192) = −8.04, p < .001). After applying a 295 
Greenhouse-Geisser correction (ε = 0.924) due to a sphericity violation (W = 0.918, p < .001), 296 

a one-way repeated measures ANOVA revealed a significant effect of condition on ratings 297 

(F(1.85, 354.82) = 331.93, p < .001, η²p = 0.634). Post-hoc Tukey-corrected pairwise comparisons 298 
demonstrated significant differences between all conditions (all p < .001) (Figure 2B).  299 

 300 
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Finally, to examine whether feedback valence influenced decision time, we tested for an effect 301 

of persona condition on reaction time (RT). A one-way repeated measures ANOVA showed a 302 
significant effect of condition on RT (F(2,384) = 4.18, p = 0.016), with post-hoc Tukey-corrected 303 

comparisons showing participants responded significantly faster in the 'Dislike' (M =1604 ± 304 

476ms)  condition compared to 'Neutral' (M = 1698 ± 529ms) (p = 0.009), while other pairwise 305 

comparisons were not significant (‘Like’ condition: M = 1667 ± 466ms, Figure 2C). 306 

 307 

 308 
Fig 2. Behavioral results for the Social Evaluation Learning Task. Feedback valence 309 
demonstrated a significant effect upon all conditions with choice accuracy (A) and final ratings 310 

(B), and between Neutral and Dislike conditions for reaction time (C).  311 
** p < 0.01, *** p < 0.001 312 

 313 

Computational modeling 314 

To determine whether participants exhibited asymmetric learning from positive versus 315 
negative feedback, we compared two computational models: a standard Rescorla-Wagner 316 

(RW) model with a single learning rate, and a dual-learning rate model with separate 317 
parameters for positive (α+) and negative (α-) feedback. Model comparison revealed the dual-318 

learning model performed better than the simple RW model (ΔLOOIC = 271.09), confirming 319 
that participants processed positive and negative social feedback differently. Parameters from 320 

the winning model showed good-to-excellent recovery, with posterior predictive checks 321 
accurately replicating the key patterns in our behavioural data (see Supplementary Materials: 322 

Supplementary Figure 1 and Supplementary Figure 2).  323 

 324 
After identifying the winning model, we tested whether learning rates varied as a function of 325 

feedback valence and persona condition. A learning rate valence (2: positive vs negative) by 326 
condition (3: Like, Dislike, Neutral) repeated measures ANOVA revealed a significant main 327 

effect for learning rate valence (F(1,192) = 545.63, p < 0.001) and condition (F(1.34, 256.33) = 71.05, 328 
p < 0.001) (Figure 3A). There was a significant interaction (F(1.35, 260.07) = 265.38, p < 0.001), 329 
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indicating that the relationship between feedback valence and learning varied across 330 

conditions. Post-hoc pairwise comparisons using Tukey's adjustment showed the learning rate 331 
for positive feedback was significantly higher in the 'Like' than 'Neutral' (t(192) = 34.38, p < 332 

0.001) and 'Dislike' (t(192) = 24.35, p < 0.001) conditions, and in 'Dislike' than 'Neutral' (t(192) = 333 
25.29, p < 0.001). For negative learning rates, 'Neutral' and 'Dislike' conditions did not differ 334 

(t(192) = 0.01, p = 0.999), but both differed significantly from 'Like' (Neutral vs Like: t(192) = 5.74, 335 
p < 0.001; Like vs Dislike: t(192) = 4.51, p < 0.001), with the 'Like' condition showing higher 336 

negative learning rates.  337 
 338 

To examine whether individual differences in learning rates predicted behavioral performance, 339 
we tested correlations between computational parameters and choice accuracy across 340 

conditions. Both the positive learning rate (α⁺; Kendall's τ = 0.249, p < 0.001) and the 341 

difference between the positive and negative learning rates - the positive learning bias - (α⁺ − 342 
α⁻; Kendall's τ = 0.150, p = 0.014) were positively associated with accuracy in the 'Like' 343 

condition after Bonferroni correction (Figure 3B-C). However, no such relationship was 344 
observed for the negative learning rate (all τ = 0.249, p > 0.36). These results highlight a direct 345 

link between the capacity to learn from positive social feedback and its recognition in social 346 
contexts. 347 

 348 
As a follow-up analysis, we computed the mean trial-averaged learned value of the positive-349 

word option from the winning model (Vpositive) and participants' end-of-block ratings of how 350 
much the feedback agent liked them (0–100), for each feedback condition (See 351 

Supplementary Materials). This way, we can link the learning signal in the decisions task to 352 

the end-of-block valence rating. Results showed that mean Vpositive differed substantially across 353 
conditions in the expected direction: Like (M = 0.741 ± 0.184), Neutral (M = 0.184 ± 0.337), 354 

and Dislike (M = −0.145 ± 0.288). Kendall's τ correlations between mean Vpositive and explicit 355 
ratings were significant in the Neutral (τ = 0.168, z = 3.27, p = .001, r = 0.26) and Like (τ = 356 

0.225, z = 4.38, p < .001, r = 0.34) conditions, but not in the Dislike condition (τ = 0.064, z = 357 
1.30, p = .194, r = 0.10) (Figure 3D). These results provide an important validation check for 358 

the winning model, highlighting a strong relationship between the model-derived learning 359 
signal and observed persona ratings. 360 



13 
 

 361 
Fig 3. Parameter estimates from the winning model and associations with behavior. (A) 362 

Group-level parameter estimates for negative and positive learning rates from the winning 363 
model. Individual subject estimates shown as coloured points; black points indicate group 364 

means with error bars representing standard error of the mean. (B) Positive learning rate 365 
significantly correlated with choice accuracy in the Like condition (Kendall's τ = 0.248, p < 366 

0.001, Bonferroni-corrected across six planned comparisons). (C) Positive learning bias (α⁺ − 367 
α⁻) significantly correlated with choice accuracy in the Like condition (Kendall's τ = 0.151, p = 368 

0.012, Bonferroni-corrected). (D) Correlations between mean Vpositive and subject ratings for 369 
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each feedback condition. Each point represents a single participant. Shaded regions represent 370 

95% confidence intervals.  371 
 372 

Exploratory factor analysis and associations with social learning 373 

To identify transdiagnostic dimensions of psychopathology that might relate to social feedback 374 
learning, we conducted an exploratory factor analysis (EFA) on the six questionnaires 375 

administered. Exploratory factor analysis using maximum likelihood estimation with oblique 376 
rotation, polychoric correlations to account for binary items, and the Cattell-Nelson-Gorsuch 377 

test revealed that a 3-factor solution best accounted for the questionnaire data, explaining 378 
25.8% of the variance. 379 

 380 

Based on the strongest individual item loadings (Figure 4), factors were labelled accordingly 381 
as ‘Social Avoidance’, with higher scores reflecting reduced social motivation and increased 382 

avoidance, ‘Emotional Insensitivity’, where higher scores indicate high apathy and difficulties 383 
evaluating and empathizing with others, and ‘Depressive Self-Identity’, where higher scores 384 

correspond to low mood, low self-esteem and negative self-identity. Specifically, for the Social 385 
Avoidance factor, the highest average loadings came from the SPIN questionnaire (M = 0.57, 386 

± 0.11), with significant contributions from AMI (M = 0.19 ± 0.23) and AQ-10 (M = 0.16 ± 0.14). 387 
The 'Emotional Insensitivity' factor showed only moderate loadings from AMI (M = 0.20 ± 0.26) 388 

and AQ (M = 0.17 ± 0.22), with no other questionnaires contributing meaningfully. Finally, 389 
Depressive Self-Identity was dominated by items from the BDI questionnaire (M = 0.59 ± 0.10), 390 

followed by BPD (M = 0.36 ± 0.09), with no other questionnaires reaching the 0.15 average 391 

loading threshold.  392 
 393 
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 394 
Fig 4. Factor scores (loadings > 0.3) for the three-factor solution. Factors were labelled 395 
‘Social Avoidance’ featuring items measuring social phobia and motivation, ‘Emotional 396 

Insensitivity’ consisting of items reflecting apathy and autistic traits, and ‘Depressive Self-397 
Identity’ primarily loading items assessing depression and personality disorder. No significant 398 

loadings (> 0.3) were observed for the Narcissistic Admiration and Rivalry Questionnaire 399 

(NARQ). 400 
 401 

Transdiagnostic dimensions and condition-specific learning 402 

To examine whether transdiagnostic factors predicted computational mechanisms underlying 403 
social feedback learning, we fit linear mixed-effects models with computational parameters 404 

from the winning model as dependent variables. Models included condition (Like/Dislike 405 
relative to Neutral), transdiagnostic factor scores (Social Avoidance, Emotional Insensitivity, 406 

Depressive Self-Identity), and their interactions as fixed factors, with random intercepts for 407 
subjects to account for the repeated measures structure (formula: DV ~ condition × (FA1 + 408 

FA2 + FA3) + (1|subID)) (Figure 5). Condition effects on learning parameters were robust, 409 

with the Like condition significantly increased positive learning rates (β = 0.119, p < 0.001) 410 
and decreased negative learning rates (β = -0.036, p < 0.001), while the Dislike condition 411 

significantly increased both positive learning rates (β = 0.025, p < 0.001) and positive learning 412 
bias (β = 0.025, p < 0.001). Additionally, the 'Social Avoidance' factor significantly predicted 413 

negative learning rates (β = 0.025, p = 0.016) and learning rate difference (β = -0.024, p = 414 
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0.029) in opposite directions. Specifically, individuals with higher scores on this 'Social 415 

Avoidance' factor learned more from negative social feedback, reflecting a negative learning 416 
bias. No other transdiagnostic factors significantly predicted computational learning 417 

parameters, suggesting that the negative learning bias observed is specific to traits related to 418 
social avoidance and low social motivation. 419 

 420 
Fig 5. Main effect coefficients for linear regressions predicting computational 421 

parameters from the winning model. Top: Predictors of the positive learning rate (α+) 422 
Middle: Predictors of the negative learning rate (α-). Bottom: Predictors of the positive learning 423 

bias (α+ - α-). Yellow = significant positive effects (p < 0.05), Purple = significant negative 424 

effects (p < 0.05),  grey = non-significant effects (p ≥ 0.05). Error bars = 95% CI.  425 
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 426 

We next sought to understand whether the three transdiagnostic factors moderated the effect 427 
of feedback valence on behavioral performance. To test this, we fit a series of three-way 428 

mixed-effects regression models with transdiagnostic factors, learning rate parameters (α+ 429 
and α-), and valence conditions as predictors for task performance (Figure 6).  430 

 431 
First, to examine effects on choice accuracy (Figure 6A), we fit a mixed-effects logistic 432 

regression model predicting choice accuracy, which revealed significant effects for both 'Like' 433 
(β = 1.049, p < 0.001) and 'Dislike' conditions (β = 1.080, p < 0.001), consistent with our 434 

repeated measures ANOVA analysis (cf. Figure 2A). Additionally, we observed a significant 435 
positive main effect of the positive learning rate parameter (β = 4.935, p = 0.027), indicating 436 

that individuals who learn more rapidly from positive feedback showed higher overall choice 437 

accuracy. A significant main effect of 'Emotional Insensitivity' was also observed (β = 0.243, 438 
p = 0.041), suggesting higher scores on this factor were associated with increased choice 439 

accuracy. However, significant two-way interactions between the 'Like' (β = -0.480, p = 0.004) 440 
and 'Dislike' (β = -0.323, p = 0.020) conditions with 'Emotional Insensitivity' revealed that 441 

higher scores on this factor attenuated the benefits in accuracy typically observed in value-442 
congruent learning contexts. No other two-way interactions with condition or learning rate 443 

parameters were significant, and no three-way interactions reached significance (all p > 0.05). 444 
 445 

Next, we fit linear mixed-effects models to determine whether transdiagnostic factors and 446 
learning rate parameters influenced decision time (Figure 6B). This revealed a significant 447 

main effect of the 'Dislike' condition (β = -0.147, p = 0.014), indicating faster responses. A 448 

significant main effect of the negative learning rate parameter was also observed (β = 0.510, 449 
p = 0.006), indicating that individuals who learned more rapidly from negative feedback 450 

showed slower overall response times. A significant two-way interaction between Social 451 
Avoidance and the negative learning rate parameter (β = -0.436, p = 0.043) linked higher 452 

Social Avoidance scores with a reduced relationship between negative learning rate and 453 
response time, whilst a significant two-way interaction between the 'Like' condition and 454 

'Emotional Insensitivity' (β = -0.166, p = 0.037) indicated that higher scores on this factor were 455 
associated with faster responses specifically in the 'Like' condition. Furthermore, a significant 456 

three-way interaction between the 'Like' condition, Social Avoidance, and the negative 457 

learning rate parameter (β = 0.567, p = 0.009) revealed that individuals with higher Social 458 
Avoidance scores and higher negative learning rates exhibited slower response times in the 459 

'Like' condition. 460 
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 461 

Similarly, linear mixed-effects models predicting participants' end-of-block ratings (Figure 6C) 462 
revealed significant main effects of task condition for both 'Like' (β = 14.54, p < 0.001) and 463 

'Dislike' (β = -9.01, p = 0.001) personas, consistent with our manipulation of social feedback 464 
valence. No significant main effects of transdiagnostic factors or learning rate parameters 465 

were observed, and no two-way or three-way interactions between factors, learning rate 466 
parameters, and conditions reached significance (all p > 0.05). 467 

 468 

 469 
Fig 6. Significant three-way mixed-effects model coefficients. (A) Beta coefficients for 470 

choice accuracy logistic regression showing condition main effects and interactions. (B) Beta 471 
coefficients for reaction time showing condition main effects and interactions. (C) Beta 472 

coefficients for ratings showing only condition main effects. Yellow = significant positive effects 473 
(p < 0.05), Purple = significant negative effects (p < 0.05),  grey = non-significant effects (p ≥ 474 

0.05). Error bars = 95% CI. 475 
 476 

Discussion 477 

The current study investigated how behavioral traits affect how individuals learn from social 478 
feedback utilizing a transdiagnostic approach and computational modeling under the 479 

reinforcement learning framework. Model comparison revealed that a modified Rescorla-480 

Wagner model with separate learning rates for positive and negative feedback fit the data 481 
better than a standard model, indicating asymmetric learning processes. This aligns with 482 

previous findings that reinforcement learning involves differential updating from positive 483 
versus negative (social) outcomes (Behrens et al., 2008; Zhang et al., 2020). These learning 484 
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rates were found to vary by task condition, with the learning rate from positive feedback 485 

highest in the ‘Like’ condition. Individual differences in positive learning rates and positive 486 
learning bias were also both associated with higher choice accuracy in the 'Like' condition. 487 

This suggests that individuals who learn more strongly from positive feedback make more 488 
accurate evaluative judgements in socially positive contexts. 489 

 490 
Our factor analysis extracted three robust transdiagnostic dimensions:  ‘Social Avoidance’, 491 

‘Emotional Insensitivity’ and ‘Depressive Self-Identity’. These dimensions partly overlap with 492 
previous studies extracting transdiagnostic factors of psychopathology from general 493 

population samples (Gillan et al., 2016; Hoven et al., 2023; Oka et al., 2025). On-the-other-494 
hand, the presence of an ‘Emotional Insensitivity’ factor not reported previously reflects the 495 

current study’s specific focus towards assessing social evaluative learning. Indeed, this factor 496 

loaded items from the Autism Spectrum Quotient (AQ-10) and Apathy Motivation Index (AMI), 497 
questionnaires not included together in previous studies. The extraction of this factor highlights 498 

the ability to understand and interpret the emotions of others as an important transdiagnostic 499 
dimension of social learning. 500 

 501 
Our regression analyses found significant associations between extracted transdiagnostic 502 

dimensions and task-related assessments of social evaluation learning. Specifically, we show 503 
that a latent Social Avoidance dimension, cutting across social anxiety and related traits, is 504 

selectively associated with a negative learning bias and slower response times towards 505 
positive social feedback. This finding extends previous research using categorical 506 

assessments of social anxiety and borderline personality disorder (BPD) demonstrating similar 507 

learning biases using reinforcement learning models (Hoffmann et al., 2024; Koban et al., 508 
2017, 2023; Korn et al., 2016) and increased deliberation in response to positive social 509 

information (Hunter et al., 2022; Van Der Molen et al., 2014). The Social Avoidance factor 510 
strongly loaded items from the Social Phobia Inventory (SPIN) and those from the ‘Social 511 

Motivation’ subscale of the Apathy Motivation Index (AMI). Lowered social motivation - the 512 
interest and desire to engage in social interactions (Chevallier et al., 2012; Geen, 1991; 513 

Kanterman & Shamay-Tsoory, 2025) - is commonly reported among individuals with social 514 
anxiety (Abplanalp et al., 2022; Alden & Taylor, 2010; Blay et al., 2021; Geen, 1991; Yang et 515 

al., 2024), and co-morbidly presents in autism spectrum disorder (ASD) (Bagg et al., 2024; 516 

Briot et al., 2020; Spain et al., 2018), schizophrenia (Bershad & de Wit, 2023; Catalano & 517 
Green, 2023; Hajdúk et al., 2024) and attention deficit hyperactivity disorder (ADHD) (Martin 518 

et al., 2024). It is proposed that lowered social motivation distinctly arises from changes to 519 
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cognitive processes associated with effort-based decision-making, which lead to individuals 520 

underestimating the benefits and overestimating the effort costs associated with social 521 
interactions (Catalano & Green, 2023; Kanterman & Shamay-Tsoory, 2025). Recent accounts 522 

have identified the motivation to socially engage as a key transdiagnostic measure given its 523 
comorbid presentation across multiple disorders (Barkus & Badcock, 2019) that may have 524 

distinct clinical and neurobiological correlates and respond differently to treatments (Chetcuti 525 
et al., 2026). By extracting this specific measure and revealing an association with learning 526 

parameters, we highlight a potential target candidate for social motivation.  527 
 528 

A second transdiagnostic factor, Emotional Insensitivity, reflecting lowered empathy and 529 
problems inferring the emotions of others, attenuated performance in both Like and Dislike 530 

conditions. As empathy requires accurate emotional identification (Bird & Viding, 2014; 531 

Shamay-Tsoory & Hertz, 2022), individuals with reduced empathy are hypothesized to be less 532 
capable of discerning changes in other’s emotions (Coll et al., 2017). Indeed, reduced 533 

empathy and emotion recognition have been linked to poorer performance on complex social 534 
cognitive tasks through impaired interpretation of others’ affective states (Gonzalez-Gadea et 535 

al., 2014). This is commonly observed among individuals with autism spectrum disorder (ASD) 536 
who show difficulties in social interactions (Bolis & Schilbach, 2017), due to challenges with 537 

understanding the intentions of others (Rosenthal et al., 2019). In the current study, measures 538 
from the Autism Quotient (AQ-10) and ‘Emotional Sensitivity’ subscale of the Apathy 539 

Motivation Index (AMI) loaded strongly onto the Emotional Insensitivity factor. Apathy is a 540 
multi-dimensional construct, consisting of executive, emotional, and initiation domains, each 541 

supported by distinct cognitive and neural mechanisms (Dickson & Husain, 2022). Most 542 

relevant to social behaviour is emotional apathy, characterised by emotional blunting, reduced 543 
empathy, and altered social interactions. Emotional apathy is robustly associated with 544 

prosocial behaviour across different contexts (Contreras-Huerta et al., 2022), with higher 545 
levels predicting a lowered tendency to help out others (Lockwood et al., 2017a). Yet, few 546 

studies have specifically investigated its role with social reward learning. In a study of 547 
dementia patients, those with high emotional apathy we found to demonstrate impaired 548 

learning towards social rewards (Wong et al., 2023). Our results further show that difficulties 549 
with interpreting the emotions of others directly impairs the ability to accurately evaluate 550 

positive and negative social feedback about the self. Therefore, emotional sensitivity is an 551 

important trait for correctly identifying and responding to the social preferences of others. 552 
Recent accounts also highlight individual differences in empathy and apathy, where affective 553 

empathy and emotional motivation are underpinned by the same latent factor (Lockwood et 554 
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al., 2017b). Our transdiagnostic approach was able to extract these socially-relevant 555 

measures from the AMI and AQ-10 that may be obscured in categorical assessments or 556 
questionnaires. We subsequently advocate for similar dimensional measures to be used when 557 

assessing social behaviour and cognition. 558 
 559 

The present study has some limitations. Importantly, our sample is mainly comprised of 560 
females and consisted exclusively of university students with a mean age of approximately 561 

19. This may explain the lack of any significant results with the Depressive Self-Identity factor, 562 
which strongly loaded items assessing depressive symptoms centred on guilt, lack of 563 

satisfaction and suicidal ideation. The reported Beck Depression Inventory (BDI) scores in our 564 
sample (M = 12.52 ± 9.34) primarily reflect minimal (0-13) or mild (14-19) depression (Beck et 565 

al., 1996). However, depressive symptomatology may only emerge with more severe cases 566 

than those present in our non-clinical student population. This aligns with dimensional 567 
perspectives suggesting that certain cognitive-affective impairments may only manifest 568 

beyond a clinical threshold (Insel et al., 2010). Future studies should therefore aim to capture 569 
a wider range of depressive symptoms across a more diverse sample. 570 

 571 
Taken together, combining a transdiagnostic measure of behavior with computational 572 

modelling, our study identifies key behavioral signatures of biased social evaluation learning. 573 
Computational modelling revealed that participants exhibited asymmetric learning from 574 

positive versus negative social feedback, with learning rates varying by feedback valence. A 575 
transdiagnostic factor reflecting social anxiety and motivational deficits predicted enhanced 576 

learning from negative feedback and a reduced positive learning bias, demonstrating biased 577 

social learning towards negatively salient information. An 'Emotional Insensitivity' factor 578 
capturing difficulties in empathy and mentalizing was associated with reduced choice 579 

accuracy in valanced conditions and faster reaction times in response to positive social 580 
feedback, suggesting reduced deliberative processing. Together, these findings demonstrate 581 

how transdiagnostic traits influence social evaluative learning, identifying candidate 582 
computational processes that can be targeted in future studies.  583 
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Supplementary material 957 

Questionnaire battery 958 

Autism Spectrum Quotient (AQ-10) (Allison et al., 2012), a 10-item screening instrument for 959 
autistic traits, where higher scores indicate greater social communication difficulties and 960 

rigidity. Items are rated as “Agree” or “Disagree,” and scored dichotomously (0 or 1), yielding 961 
a total score range of 0–10. 962 

 963 
Social Phobia Inventory (SPIN) (Connor et al., 2000), a 17-item measure of social anxiety 964 

symptoms. Participants rate how much each statement (e.g., fear of embarrassment) applies 965 
to them, with higher scores indicating greater social anxiety. Each item is rated on a 5-point 966 

Likert scale (0 = “Not at all” to 4 = “Extremely”), producing a total score range of 0–68. 967 

 968 
Beck Depression Inventory (BDI-II) (Beck et al., 1996), a 21-item inventory assessing 969 

depressive symptoms such as sadness, pessimism, and anhedonia. Higher scores reflect 970 
more severe depressive tendencies, and each item is rated from 0 to 3, leading to a total score 971 

range of 0–63. 972 
 973 

Apathy Motivation Index (AMI) (Ang et al., 2017), an 18-item scale measuring apathy across 974 
behavioral and social domains. We used the total score as an index of general apathy (higher 975 

scores = greater apathy/lower motivation). Items are rated on a 5-point Likert scale (0 = 976 
“Strongly disagree” to 4 = “Strongly agree”), giving a total score range of 0–72. 977 

 978 

Narcissistic Admiration and Rivalry Questionnaire (NARQ) (Back et al., 2013), a short 6-item 979 
version of a narcissism scale, with higher scores indicating stronger narcissistic tendencies. 980 

Items are rated on a 6-point scale (1 = “Disagree strongly” to 6 = “Agree strongly”), so total 981 
scores range from 6 to 36. 982 

 983 
Borderline Personality Disorder (BPD) checklist (First et al., 1997), a 10-item yes/no screening 984 

checklist for BPD features, where higher scores indicate greater severity. One item with no 985 
variance in our sample was removed, so scores were based on the remaining 9 items, with a 986 

total score range of 0–9. 987 
 988 

Winning model specification 989 
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The winning model implemented a hierarchical Rescorla-Wagner framework with asymmetric 990 

learning rates for reward (α+) and punishment (α-), alongside an inverse temperature 991 
parameter (τ) governing choice stochasticity. Parameters were estimated using Bayesian 992 

hierarchical modeling with non-centered parameterization and effect coding for within-subject 993 
condition contrasts. 994 

 995 
The model defines the choice process by: 996 

 997 

𝐶ℎ𝑜𝑖𝑐𝑒((,!"#)	~	𝑐𝑎𝑡𝑒𝑔𝑜𝑟𝑖𝑐𝑎𝑙_𝑙𝑜𝑔𝑖𝑡(𝜏((,+)	.		𝑉((,!)) (1) 998 

 999 

where V(s,t) are action values updated according to the outcome valence: 1000 

 1001 

𝑉(!"#) 	= 	𝑉(!)	 +	𝛼((,+)" 	.		(𝑅	 −	𝑉(!))																		𝑖𝑓	𝑅	 > 	0
𝑉(!"#) 	= 	𝑉(!)	 +	𝛼((,+)$ 	.		(𝑅	 −	𝑉(!))																		𝑖𝑓	𝑅	 > 	0 (2) 1002 

 1003 

with hierarchical priors: 1004 
 1005 

μα+, μα-, μτ ~ Normal(0, 1) 1006 
σα+, σα-, στ ~ Exponential(2) 1007 

εα+, εα-, ετ ~ Normal(0, 1) 1008 
 1009 

Parameter recovery 1010 
After model fitting, we confirmed the identifiability of parameters through parameter recovery. 1011 

We repeated the following procedure for 20 iterations. Denoting φ as a generic parameter, we 1012 
iterated the following steps: 1013 

 1014 

(a) We randomly drew one joint sample of group-level parameters from the joint posterior 1015 
group-level distribution of the winning model, a Rescorla-Wagner model with separate learning 1016 

rates for positive and negative outcomes. That is, a group-level mean (μφ) and a group-level 1017 
standard deviation (σφ) of the parameter φ. We repeated this procedure for all group-level 1018 

parameters of the winning model: 1019 
 1020 

𝜇, , 𝜎,	~	𝑝J𝜇, , 𝜎,K	𝐷M (3) 1021 

 1022 
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(b) Next, we simulated 193 synthetic participants whose parameters were sampled using the 1023 

hierarchical structure implemented in the Stan model. Individual-level parameters φᵢ were 1024 
generated using non-centered parameterization in probit-transformed space, then 1025 

transformed to natural parameter bounds via effect coding and the cumulative normal 1026 
distribution function, preserving the model's hierarchical structure and parameter constraints. 1027 

We repeated this procedure for all individual-level parameters of the winning model. 1028 
 1029 

(c) Then, we used the winning model as a generative tool to simulate behavioral data for our 1030 
social evaluation learning task, namely, to simulate choices for 96 trials per participant (32 1031 

trials per condition). Individuals' choices (denoted as D̂i) were sampled from the sampling 1032 
distribution conditional on individual-level parameters (φi) from the previous step (i.e., 1033 

likelihood function): 1034 

 1035 

𝐷- 	~	𝑝(𝐷- , 𝜎-) (4) 1036 

 1037 

(d) We fit the model to the simulated data (D̂i) in the same way as we did for the real data 1038 
obtaining parameter estimates (i.e., posterior distributions) at both the group-level (e.g., μ̂φ, 1039 

σ̂φ) and the individual level (e.g., φ̂i). 1040 
 1041 

(e) Finally, we compared whether the posterior distributions recovered the true data-1042 
generating parameters. At the group level, we assessed whether the true parameter values 1043 

fell within the 95% highest density interval (HDI) of the recovered posterior distributions for 1044 
each iteration, and report coverage rates (percentage of iterations where true value falls within 1045 

95% HDI) across the 20 iterations (Supplementary Figure 1A). At the individual level, we 1046 

computed Spearman's rank correlations (ρ) between the true and recovered parameters for 1047 
each parameter and condition combination within each iteration, then aggregated these 1048 

correlations across iterations using Fisher's Z transformation to obtain mean correlation 1049 
coefficients (Supplementary Figure 1B). 1050 

 1051 
The parameter recovery analyses initially revealed differential recoverability across individual-1052 

level parameters, with positive learning rates showing lower correlations compared to negative 1053 
learning rates. Examining the fitted parameters revealed extremely low between-subject 1054 

variability for the positive learning rate (CV = 0.05-0.14), whereas in contrast, the negative 1055 
learning rate showed high variability (CV = 0.74-0.98) (Supplementary Table 1).  1056 

 1057 
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Condition a+ mean a+ CV a- mean a- CV 

Neutral 0.32 (0.17) 0.05 0.11 (0.89) 0.74 

Like 0.44 (0.43) 0.14 0.04 (0.99) 0.98 

Dislike 0.34 (0.20) 0.08 0.08 (0.70) 0.77 

 1058 
Supplementary Table 1. Parameter estimates for the winning model. Mean values are 1059 

accompanied by the standard deviation (SD) in brackets. Mean values are group-level 1060 
posterior means in natural space [0,1]. SD values are group-level posterior standard 1061 

deviations in probit space. Coefficients of variation (CV) are calculated from individual-level 1062 
posterior means in natural space to reflect between-subject variability. 1063 

 1064 

To test whether low variability of this parameter caused the observed differences with 1065 
recovery, we re-ran parameter recovery after artificially increased the group-level standard 1066 

deviation of α+ while keeping all other parameters at empirical values. Specifically, we 1067 
calibrated α+ probit-space SDs to achieve CVs matching α- levels (Neutral: SD = 1.00, CV = 1068 

0.74; Like: SD = 2.90, CV = 0.88; Dislike: SD = 1.20, CV = 0.78). Increasing α+ variability 1069 
subsequently improved its recovery across all three conditions (Neutral: r = 0.24 to r = 0.57; 1070 

Like: r = 0.35 to r = 0.68; Dislike: r = 0.26 to r = 0.57). In contrast, α- recovery remained stable 1071 
(r = 0.60-0.66). 1072 

 1073 
Posterior predictive checks  1074 

To validate that the winning model could generate behavioral patterns consistent with the 1075 

observed data, we conducted posterior predictive checks using a generative simulation 1076 
approach. We selected 4,000 posterior samples from the winning model's MCMC chains, 1077 

where for each sample, we extracted the individual-level parameters (α+, α-, τ) for all 193 1078 
participants across all three conditions and used the model to simulate a complete synthetic 1079 

dataset of 96 trials per participant (32 trials per condition), maintaining the same task structure 1080 
and feedback contingencies as in the original experiment. We then analysed each simulated 1081 

dataset using the same statistical procedures applied to the observed data. Specifically, we 1082 
calculated mean choice accuracy for each condition and conducted repeated-measures 1083 

ANOVA with post-hoc pairwise comparisons (Tukey-corrected). To evaluate model fit, we 1084 

calculated Bayesian p-values as the proportion of predicted statistics more extreme than the 1085 
corresponding observed statistic (two-tailed), with p-values < 0.05 indicating circumstances 1086 

where the model fails to capture the observed data pattern. 1087 
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 1088 

Posterior predictive checks (PPCs) on the empirical data showed deviations in the Like 1089 
condition, where the model underpredicted accuracy. Model predictions accurately captured 1090 

the Neutral (observed = 49.8%, predicted = 50.0%, 95% HDI: [48.8%, 51.3%]) and Dislike 1091 
(observed = 76.2%, predicted = 76.2%, 95% HDI: [74.2%, 78.2%]), with observed values 1092 

falling within the 95% prediction intervals. However, the model systematically underestimated 1093 
accuracy in the Like condition (observed = 80.9%, predicted = 76.2%, 95% HDI: [73.6%, 1094 

78.6%]), with the observed value falling outside the prediction interval. Subsequently, a 1095 
weaker predicted condition effect (Bayesian p = 0.005) and smaller predicted pairwise 1096 

differences were observed for Neutral vs. Like (p = 0.001) and Like vs. Dislike (p = 0.003).  1097 
 1098 

To test whether this also reflected low α+ variance, we fit the model to simulated data with 1099 

inflated α+ variance as described above, and re-generated 4,000 posterior predictive datasets. 1100 
Doing so significantly improved the similarity between the observed and predicted data for the 1101 

Like condition (observed = 67.6%, predicted = 67.9%, 95% HDI: [65.7%, 70.0%], Bayesian p-1102 
value = 0.756). The remaining conditions were also well-recovered: Neutral (observed = 1103 

50.0%, predicted = 50.0%, 95% HDI: [47.9%, 52.2%], p = 0.982) and Dislike (observed = 1104 
70.7%, predicted = 70.8%, 95% HDI: [68.9%, 72.7%], p = 0.863), with all observed values 1105 

falling within their respective 95% prediction intervals. The model also accurately captured the 1106 
overall condition effect (observed F = 94.17, predicted mean F = 101.61, 95% HDI: [71.73, 1107 

136.80], p = 0.664) and all pairwise differences between conditions (all Bayesian p-values > 1108 
0.75; Supplementary Figure 2). 1109 
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  1110 
Supplementary Figure 1. Parameter recovery for the winning computational model. 1111 

Group-level mean parameters were drawn from the empirical posterior of the winning model, 1112 
with between-subject variance for α+ inflated to match empirically plausible levels (CV ≈ 0.74–1113 

0.98). The data-generating model was then fitted to synthetic behavioral data from 193 1114 

simulated participants, and parameter estimates were compared to the true data-generating 1115 
values. (A) At the group level, true mean and group-level standard deviation parameters fell 1116 

within the 95% HDI of recovered posterior distributions across all conditions. Note that SD 1117 
parameters are reported in probit space. (B) At the individual level, parameter recovery 1118 
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showed good identifiability for both the negative learning rate (ρ = 0.60–0.66) and positive 1119 

learning rate (ρ = 0.57–0.68)." 1120 
 1121 

  1122 
Supplementary Figure 2. Posterior predictive checks of the winning model. Each 1123 
condition has the distribution of predicted mean choice accuracy across 4,000 posterior 1124 

predictive datasets plotted per condition (Neutral = green, Like = blue, Dislike = red), within 1125 

the mean predicted accuracy. The orange dot denotes the observed mean accuracy from the 1126 
simulated dataset, representing the empirical estimate. Significance brackets reflect pairwise 1127 

differences in the predicted data. *** p < .001 1128 
 1129 

Subjective ratings and learned value 1130 
To verify that participants' explicit social appraisals tracked the feedback contingencies across 1131 

conditions, we examined whether model-derived learned values predicted self-reported 1132 
ratings of how much the feedback agent liked them. This served as a manipulation check, 1133 

confirming that the computational learning signals captured by the model corresponded to 1134 
participants' subjective experience of the social feedback. 1135 

 1136 

For each participant and condition, we reconstructed the trial-by-trial trajectory of Vpositive - the 1137 
learned value of the positive-word option - by replaying the Rescorla-Wagner update rule 1138 
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forward using each participant's posterior mean α+ and α− estimates. Specifically, Vpositive was 1139 

initialised to zero at the start of each block and updated on each valid trial according to: 1140 
 1141 

																																														𝑉!
./(-!-0& = 𝑉!$#

./(-!-0& + 𝛼± ⋅ (𝑟! − 𝑉!$#
./(-!-0&)																																					(5) 1143 

 1142 
where α+ was applied following positive outcomes and α− following negative outcomes. The 1144 

mean Vpositive across all valid trials within each block was taken as the learned social value for 1145 
that condition. This quantity reflects the degree to which participants learned that the agent 1146 

responded positively to their choices: values approaching +1 indicate strong learned 1147 
association between positive choices and positive feedback, while negative values indicate 1148 

the inverse. 1149 
 1150 

Explicit ratings were collected via a continuous slider (0–100) at the end of each block, with 1151 
participants indicating how much they felt the feedback agent liked them. We computed 1152 

Kendall's τ correlations between mean Vpositive and ratings separately for each condition. 1153 

 1154 
Supplementary tables 1155 

 1156 

Predictor Choice Accuracy Reaction Time Rating 

Intercept 0.290* (0.122) 7.423*** (0.066) 36.607*** (3.848) 
Like 1.049*** (0.164) -0.105 (0.074) 29.071*** (4.324) 
Dislike 1.080*** (0.140) -0.147* (0.059) -18.017*** (4.221) 
α+ 4.935* (2.230) 2.247 (1.260) -64.323 (75.272) 
α− -0.117 (0.472) 0.510** (0.184) -9.918 (10.725) 
Depressive Self-Identity 0.008 (0.122) -0.047 (0.078) 2.074 (4.604) 
Social Avoidance -0.022 (0.128) 0.032 (0.077) -5.060 (4.606) 
Emotional Insensitivity 0.243* (0.119) 0.042 (0.069) -0.711 (4.056) 
Like x α+ -0.697 (2.316) -2.226 (1.203) 94.351 (78.096) 
Dislike x α+ -1.421 (2.826) -1.658 (1.144) 5.432 (89.455) 
Like x Depressive Self-Identity 0.033 (0.177) 0.026 (0.087) -1.935 (5.132) 
Dislike x Depressive Self-Identity 0.045 (0.136) 0.058 (0.070) 0.042 (4.987) 
Like x Social Avoidance 0.013 (0.183) -0.011 (0.086) 2.736 (5.218) 
Dislike x Social Avoidance 0.076 (0.144) -0.027 (0.070) 3.409 (4.968) 
Like x Emotional Insensitivity -0.480** (0.167) -0.166* (0.079) -2.841 (4.615) 
Dislike x Emotional Insensitivity -0.323* (0.139) -0.109 (0.062) 3.621 (4.440) 
α+ x Depressive Self-Identity -0.698 (2.082) -0.159 (1.482) 24.555 (89.024) 
α+ x Social Avoidance 1.576 (2.432) 0.451 (1.541) -111.455 (94.878) 
α+ x Emotional Insensitivity 3.414 (2.097) 2.336 (1.320) -28.313 (78.797) 
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Like x α− -0.046 (0.678) -0.251 (0.189) 16.568 (14.527) 
Dislike x α− 0.963 (0.653) 0.041 (0.183) 8.668 (14.948) 
Depressive Self-Identity x α− -0.492 (0.521) 0.378 (0.210) -10.270 (12.059) 
Social Avoidance x α− 0.897 (0.528) -0.436* (0.214) 19.899 (12.408) 
Emotional Insensitivity x α− -0.328 (0.490) 0.179 (0.197) 6.092 (11.392) 
Like x α+ x Depressive Self-Identity 1.259 (2.188) 0.302 (1.427) -44.807 (92.670) 
Dislike x α+ x Depressive Self-Identity 0.366 (2.445) 0.768 (1.338) 61.081 (104.559) 
Like x α+ x Social Avoidance -2.297 (2.622) -0.939 (1.496) 153.429 (98.570) 
Dislike x α+ x Social Avoidance 2.118 (3.014) 0.342 (1.438) 66.422 (111.565) 
Like x α+ x Emotional Insensitivity -3.126 (2.324) -1.688 (1.264) 42.010 (82.483) 
Dislike x α+ x Emotional Insensitivity -2.417 (2.698) -1.597 (1.189) 20.662 (92.636) 
Like x Depressive Self-Identity x α− 0.709 (0.768) -0.079 (0.217) 13.631 (16.758) 
Dislike x Depressive Self-Identity x α− -0.434 (0.723) -0.102 (0.205) 17.190 (16.849) 
Like x Social Avoidance x α− -0.737 (0.738) 0.567** (0.214) -20.751 (16.307) 
Dislike x Social Avoidance x α− -0.517 (0.767) 0.297 (0.215) -23.714 (17.618) 
Like x Emotional Insensitivity x α− 0.089 (0.712) 0.134 (0.202) -16.903 (15.501) 
Dislike x Emotional Insensitivity x α− 0.369 (0.710) 0.083 (0.200) -4.951 (16.364) 

 1157 
Supplementary Table 2. Regression coefficients predicting behavioral task 1158 

performance. Models consisted of a fixed-effects logistic regression for choice accuracy, 1159 
linear mixed-effects model for reaction time, and standard linear regression for likeability 1160 

ratings. All models included condition (Like, Dislike relative to Neutral), transdiagnostic factor 1161 
scores and their interactions as predictors. Mixed-effects models included random intercepts 1162 

for subjects. Model formula: DV ~ condition * alpha_pos * (fa1 + fa2 + fa3) + condition * 1163 
alpha_neg * (fa1 + fa2 + fa3) + (1 + condition | Subject). Coefficients for factor scores represent 1164 

semi-standardized estimates (standardized predictors, unstandardized outcomes) with 1165 

standard errors in parentheses. * p < 0.05, ** p < 0.01, *** p < 0.001 1166 
 1167 

Predictor α+ α− αdiff 

Intercept 0.325*** (0.003) 0.173*** (0.009) 0.152*** (0.010) 
Like 0.119*** (0.003) -0.036*** (0.006) 0.155*** (0.007) 
Dislike 0.025*** (0.003) 0.000 (0.006) 0.025*** (0.007) 
Depressive Self-Identity -0.001 (0.003) -0.001 (0.010) 0.000 (0.011) 
Social Avoidance 0.001 (0.003) 0.025* (0.010) -0.024* (0.011) 
Emotional Insensitivity -0.001 (0.003) -0.011 (0.009) 0.010 (0.010) 
Like x Depressive Self-Identity 0.003 (0.004) 0.002 (0.007) 0.001 (0.008) 
Dislike x Depressive Self-Identity -0.001 (0.004) -0.005 (0.007) 0.003 (0.008) 
Like x Social Avoidance 0.002 (0.004) -0.006 (0.007) 0.008 (0.008) 
Dislike x Social Avoidance -0.001 (0.004) 0.001 (0.007) -0.002 (0.008) 
Like x Emotional Insensitivity -0.002 (0.003) 0.006 (0.006) -0.008 (0.007) 
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Dislike x Emotional Insensitivity 0.000 (0.003) -0.000 (0.006) 0.000 (0.007) 

 1168 
Supplementary Table 3. Regression coefficients predicting computational parameters 1169 

from the winning model. The table shows results from three separate linear mixed-effects 1170 
regression models with condition (Like/Dislike relative to Neutral), transdiagnostic factor 1171 

scores (Depressive Self-Identity, Social Avoidance, Emotional Insensitivity), and their 1172 
interactions predicting each computational parameter from the winning reinforcement learning 1173 

model. Outcome variables across the four models were positive learning rate (α+), negative 1174 
learning rate (α-) and positive learning bias (α+ − α-). Model formula: DV ~ condition × (fa1 + 1175 

fa2 + fa3) + (1|subID). Values reflect semi-standardized regression coefficients (standardized 1176 

predictors, unstandardized outcomes) with standard errors in parentheses. * p < 0.05, ** p < 1177 
0.01, *** p < 0.001 1178 

 1179 
Item Depressive Self-Identity Social Avoidance Emotional Insensitivity 
NARQ1 

   

NARQ2 
   

NARQ3 
   

NARQ4 
   

NARQ5 
   

NARQ6 
   

SPIN1 
 

0.539 
 

SPIN2 
 

0.545 
 

SPIN3 
 

0.511 
 

SPIN4 
 

0.7 
 

SPIN5 
 

0.624 
 

SPIN6 
 

0.623 
 

SPIN7 
 

0.433 
 

SPIN8 
 

0.557 
 

SPIN9 
 

0.441 
 

SPIN10 
 

0.647 
 

SPIN11 
 

0.703 
 

SPIN12 
 

0.608 
 

SPIN13 
 

0.751 
 

SPIN14 
 

0.414 
 

SPIN15 
 

0.426 
 

SPIN16 
 

0.479 
 

SPIN17 
 

0.668 
 

AMI1 
  

0.423 
AMI2 

 
0.54 

 

AMI3 
 

0.415 
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AMI4 
 

0.317 0.302 
AMI5 

 
0.458 

 

AMI6 
   

AMI7 
  

0.476 
AMI8 

 
0.323 

 

AMI9 
   

AMI10 
   

AMI11 
   

AMI12 
   

AMI13 
  

0.657 
AMI14 

 
0.497 

 

AMI15 
   

AMI16 
  

0.549 
AMI17 

 
0.429 

 

AMI18 
  

0.579 
AQ1 

   

AQ2 
   

AQ3 
   

AQ4 
   

AQ5 
 

0.312 0.427 
AQ6 

  
0.472 

AQ7 
   

AQ8 
   

AQ9 
  

0.386 
AQ10 

  
0.301 

BDI1 0.629 
  

BDI2 0.54 
  

BDI3 0.672 
  

BDI4 0.632 
  

BDI5 0.551 
  

BDI6 0.615 
  

BDI7 0.732 
  

BDI8 0.638 
  

BDI9 0.575 
  

BDI10 0.652 
  

BDI11 0.649 
  

BDI12 0.646 
  

BDI13 0.646 
  

BDI14 0.544 
  

BDI15 0.533 
  

BDI16 0.608 
  

BDI17 0.651 
  

BDI18 0.514 
  

BDI19 
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BDI20 0.577 
  

BDI21 0.493 
  

BPD1 0.305 
  

BPD2 0.341 
  

BPD3 
   

BPD5 0.409 
  

BPD6 0.378 
  

BPD7 0.502 
  

BPD8 
   

BPD9 0.437 
  

Supplementary Table 4. Factor loadings from the exploratory factor analysis three-1180 

factor solution. Only loadings ≥ 0.30 are displayed, consistent with standard reporting 1181 
thresholds for exploratory factor analysis. 1182 


