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Abstract 20 



Transcutaneous auricular vagus nerve stimulation (taVNS) has emerged as a promising tool 21 

for modulating interoception and social cognition, yet its effects on adaptive social learning 22 

remain unexplored. This study investigates the impact of taVNS on social reinforcement 23 

learning under uncertainty using an adaptive empathy task. Participants (N = 68) were 24 

assigned to either active or sham stimulation groups. During the task, participants learned the 25 

emotion regulation preferences (reappraisal or distraction) of a virtual character under stable 26 

and volatile conditions. Behavioural data were modelled using the Hierarchical Gaussian 27 

Filter (HGF), capturing learning rates and belief updates across different levels of uncertainty. 28 

While taVNS did not influence overall task accuracy or mean learning rates, it enhanced 29 

adaptability to volatile conditions, reflected in greater learning rate modulation of other’s 30 

emotion regulation preferences between stable and volatile phases. Regression analyses 31 

revealed that individual differences in empathic concern and interoceptive sensibility 32 

interacted with taVNS effects, further modulating learning parameters. These findings 33 

suggest that taVNS modulates adaptive learning by enhancing sensitivity to environmental 34 

volatility. This study highlights the therapeutic potential of taVNS for modulating social 35 

cognition and adaptability to uncertainty, with implications for interpersonalised psychiatry. 36 

 37 
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Several bodily functions, like respiration and cardiac activity, are controlled by the vagus 43 

nerve, i.e., the tenth cranial nerve and a major part of the parasympathetic nervous system. 44 



Comprising approximately 75% afferent and 25% efferent fibres, the vagus nerve is essential 45 

for bidirectional communication between the brain and the body (Berthoud and Neuhuber, 46 

2000). Through its predominantly afferent fibres, it conveys information from major internal 47 

organs to the brainstem, a central interoceptive hub (Critchley & Harrison, 2013), and from 48 

there to several other areas including the insula, hippocampus and locus coeruleus -49 

noradrenergic system (Van Leusden et al., 2015). These brain networks are critically 50 

implicated in social attention, learning, emotion processing, empathy and interoception - the 51 

perception and regulation of internal body states (Critchley & Harrison, 2013; Critchley & 52 

Garfinkel, 2017; Singer et al., 2009). 53 

Leveraging these insights, non-invasive methods for stimulating the vagus nerve, specifically 54 

transcutaneous auricular vagus nerve stimulation (taVNS), were developed in the early 2000s 55 

(Ventureyra, 2000) and have since been widely used in basic and clinical research (Johnson & 56 

Wilson, 2018; Yap et al., 2020). taVNS delivers low-intensity electrical stimulation to the left 57 

auricular branch of the vagus nerve, targeting afferent pathways without interfering with 58 

efferent cardiac fibres. TaVNS has also been widely investigated as a non-invasive 59 

neuromodulation approach across clinical and translational contexts (e.g., mood, pain), with 60 

ongoing evaluation of its efficacy and mechanisms (Beekwilder & Beems, 2010; De Smet et 61 

al., 2021; Guerriero et al., 2023).Recent studies further demonstrate enhanced cardiac 62 

interoceptive processing following taVNS application, reflected in improved performance on 63 

interoceptive accuracy tasks (Villani et al., 2019) and modulation of heart-evoked potentials 64 

(HEP)—an EEG marker of cortical cardiac signal processing (Poppa et al., 2022).  65 

Importantly, interoception has been associated with various aspects of social cognition, such 66 

emotion perception, empathic understanding and social inference (Hubner et al., 2021; 67 

Grynberg & Pollatos, 2015; Shah et al., 2017), whereas afferent interoceptive signals found to 68 

influence socio-affective processing (Arslanova et al., 2023; Azevedo et al., 2017; 2023). 69 



Moreover, meta-analytic evidence indicates that interoceptive dimensions (e.g., accuracy and 70 

sensibility) show reliable, though modest, associations with empathy and theory of mind 71 

measures (Canino et al., 2024). Given interoception’s role in social cognition, taVNS might 72 

present a valuable tool for enhancing social functioning by improving access to interoceptive 73 

states (Salaris & Azevedo, 2024). 74 

Social interactions are inherently dynamic and require not only the understanding of others' 75 

current mental and affective states, but also the ability to flexibly adapt one's responses as 76 

these states and interpersonal contingencies evolve. Empathic exchanges, for example, unfold 77 

in real time and often involve iterative cycles of action and feedback, demanding rapid and 78 

context-sensitive adjustments to others’ needs (Kozakevich Arbel et al., 2021; Shamay-79 

Tsoory & Hertz, 2022). Such adaptive social cognition depends on learning mechanisms that 80 

support the refinement of interpersonal responses based on experience and social cues, 81 

including learning which empathic response best supports the other. Within such dynamic 82 

contexts, uncertainty arises in many forms - whether from probabilistic but stable patterns 83 

(expected uncertainty) or from environments where contingencies change more abruptly 84 

(unexpected uncertainty; Angela & Dayan, 2005; Soltani & Izquierdo, 2019). Effective social 85 

adaptation thus requires accurate estimation and updating of these uncertainties, to guide 86 

learning and behaviour in complex interpersonal settings (Diaconescu et al., 2014; 87 

FeldmanHall & Shenhav, 2019; Sevgi et al., 2020). Computational accounts propose that 88 

unexpected uncertainty (or volatility) should increase learning rates, enabling rapid updating 89 

when contingencies change. 90 

Interoceptive and noradrenergic systems have been proposed to contribute to these adaptive 91 

processes. Afferent interoceptive signals may support adaptive predictions and intuitive 92 

decisions by informing affective salience and allostatic regulation (Pinna & Edwards, 2020; 93 

Ventura-Bort & Weymar, 2024), especially in uncertain (social) environments (Critchley & 94 



Garfinkel, 2017; Damasio, 1996; Dunn et al., 2010; 2012; Katkin et al., 2001; Lenggenhager 95 

et al., 2013; Siegel et al., 2018). Several studies also indicate a role for interoceptive signals 96 

in learning and memory (Fouragnan et al., 2024; Pfeifer et al., 2017; Werner & Shandry, 97 

2024), while vagus nerve stimulation (VNS) has been suggested to facilitate these processes 98 

(Bowles et al., 2022; Driskill et al., 2022; Pena et al., 2014). However, human studies 99 

examining taVNS effects on learning have produced mixed results. Specifically, taVNS 100 

improved performance in two different reward-based learning tasks (Çakır et al., 2025; Weber 101 

et al., 2021), but impaired learning in a go/no-go task (Kühnel et al., 2020). Extending this 102 

mixed picture, a taVNS study using a predictive reversal-learning paradigm found no overall 103 

improvement in reversal performance relative to sham, with only subtle and partly 104 

unexpected cue-type differences (D’Agostini et al., 2021). Thus, it remains unclear when and 105 

how reinforcement learning is affected by taVNS. Consistent with this heterogeneity, VNS is 106 

reported to influence dopaminergic (Han et al., 2018), noradrenergic (Roosevelt et al., 2006) 107 

and cholinergic systems (Bowles et al., 2022), each with distinct computational roles in 108 

uncertainty-guided cognition. Specifically, hierarchical Bayesian modelling suggests that 109 

noradrenaline is implicated in learning driven by unexpected change/volatility, acetylcholine 110 

in attributing uncertainty to within-context noise versus contextual change, and dopamine in 111 

adaptive responding based on uncertainty representations (Marshall et al., 2016). 112 

Additionally, computational and neurophysiological work further links LC–noradrenergic 113 

arousal to unexpected uncertainty/volatility processing and learning-rate regulation in 114 

dynamic environments (Nassar et al., 2012; Payzan-LeNestour et al.,2013; Vincent et al., 115 

2019; Angela & Dayan, 2005). Despite this evidence, we do not yet know whether and how 116 

taVNS can impact social reinforcement learning, particularly under varying uncertainty 117 

conditions. 118 



Despite evidence suggesting taVNS effects on social cognition (Colzato et al., 2017; Sellaro 119 

et al., 2018), no study has thus far investigated the impact of taVNS on social functioning 120 

under volatility. In particular, taVNS could be used to examine whether it can influence social 121 

reinforcement learning when the relevant contingencies, such as another person’s regulatory 122 

preferences, change over time, requiring volatility-sensitive adaptation. Despite the 123 

postulated importance of interoception in socio-affective functioning, it remains challenging 124 

to manipulate (the processing of) afferent interoceptive activity to individuate its impact on 125 

key processes of social learning and decision-making. taVNS can thus be a promising tool for 126 

modulating both interoceptive and neuromodulatory pathways, and in turn adaptive (social) 127 

cognition. 128 

Here, capitalizing on evidence that vagus stimulation influences learning and social cognition 129 

potentially through interoceptive and noradrenergic pathways, we examined whether, and 130 

how, taVNS can impact adaptive decision-making in a social context under changing 131 

contingencies and volatility. Specifically, we used a reinforcement learning task of empathic 132 

responses while applying active or sham taVNS in a between-participants design. In this 133 

adaptive empathy task (AET), adapted from Kozakevich Arbel and colleagues (2021), 134 

participants have to learn the preferred emotion regulation strategy (between reappraisal and 135 

distraction) of a virtual character based on probabilistic facial-expression feedback. Critically, 136 

these preference contingencies were not stable but changed over time under different 137 

volatility phases, i.e. changing every few trials (volatile block) requiring faster learning or 138 

after longer periods of stable preference (stable block) requiring more a consistent response 139 

strategy. Behaviour was modelled using a hierarchical Bayesian learning model (the 140 

Hierarchical Gaussian Filter), where social beliefs and the related uncertainty are represented 141 

at 3 different levels (current preference, preference tendency, volatility of preference; Mathys 142 

et al., 2011; 2014). This modelling approach captures individuals learning parameters, 143 



adaptive learning rates at multiple representation levels, prediction errors (PEs) and decision-144 

making indices. Based on the predominant proposal that taVNS effects are mostly mediated 145 

by noradrenergic modulations (Roosevelt et al., 2006, Zhang et al., 2019), our main 146 

hypothesis was that taVNS would increase volatility-dependent adaptation of emotion 147 

regulation preferences which could potentially be reflected on overall task performance too. 148 

We also explored how individual differences in interoceptive sensibility (IS), empathy and 149 

autistic traits may moderate the effects of taVNS on learning. 150 

 151 

Methods 152 

Participants 153 

At the time of study design, there were no published effect sizes for taVNS on a directly 154 

comparable adaptive empathy task or on volatility-dependent computational parameters. We 155 

therefore based our a priori recruitment target on the closest available human taVNS learning 156 

studies using between-subject designs, which generally reported effects in the medium range 157 

(Salaris and Azevedo, 2025; D’Agostini et al., 2021; Giraudier et al., 2020), and aimed to 158 

recruit approximately 72 participants. Because our primary hypothesis concerned volatility-159 

dependent modulation of learning rather than a simple overall group difference, the most 160 

relevant inferential target is the within–between interaction in the repeated-measures analyses 161 

of learning adaptation. Using G*Power (v3.1.9; Faul et al., 2009), assuming a medium 162 

interaction effect (f=.25), a=.05, power = .90, two groups, two repeated measurements, and 163 

an estimated correlation among repeated measures of  r =.27, the required total sample size is 164 

N=62. Our final analysed sample (N=69) exceeded this threshold. Analyses of moderation by 165 

individual-difference measures were exploratory and not powered to detect small effects. 166 



Our participants were psychology students from the University of Kent. In total, 69 167 

participants were included in our analyses [aged 18-35, (M=20.5, SD=2.5), 47 females]. 168 

Their participation was rewarded with credits in the research participation scheme of the 169 

University of Kent. All participants provided written informed consent before the beginning 170 

of the experiment. The study was approved by the School of Psychology University of Kent 171 

Ethics Committee and all safety requirements were ensured. TaVNS is a non-invasive 172 

technique that posits no major risk to the participants but to minimize any potential 173 

implications. Inclusion criteria required: 1) no history of neurological disorders, 2) no history 174 

of brain surgery, tumour, or intracranial metal implantation, 3) no known cardiovascular 175 

abnormalities, 4) no pregnancy, 5) no susceptibility to seizures or migraine, and 6) no 176 

pacemaker or other implanted devices; 7) no history of syncope; 8) no particularly 177 

irritable/sensitive skin. Before the beginning of the experimental procedure, participants were 178 

informed regarding possible adverse effects (i.e. itch, minor skin irritation and mild pain at 179 

the point of stimulation that typically disappears a few minutes after stimulation offset). 180 

Online questionnaires 181 

Participants completed 4 questionnaires prior to the empathy task in the lab session. All 182 

questionnaires were created and presented in Qualtrics platform 183 

(https://www.qualtrics.com/en-gb/ ). 184 

Emotion Regulation Preference questions (ERP) 185 

Participants were presented with the 60 distress scenarios, that were later presented in the 186 

AET, and instructed to report their preferred emotion regulation response if they were in 187 

these scenarios. They responded on a scale from 1 to 10, with the 1 being “always prefer the 188 

first option” (distraction) and 10 being “always prefer the second option” (reappraisal). Then, 189 

they were asked to evaluate again 10 of these scenarios under two different imagined 190 

https://www.qualtrics.com/en-gb/


conditions: while experiencing economical scarcity; and while having a family member 191 

facing a severe health issue. These additional contexts were included to illustrate how 192 

contextual parameters might change emotion regulation preferences. This was done to 193 

demonstrate the potential variability in ER preferences, making the volatility of the virtual 194 

character's ER preferences in the subsequent AET and the related cover story more realistic. 195 

Autism-Quotient (AQ) 196 

The Autism-Quotient is a self-report questionnaire to measuring autistic traits in normal adult 197 

populations (Baron-Cohen et al, 2001). It includes 50 statements to which participants have 198 

to report their agreement in 4-point Likert scale from ‘definitely agree’ to ‘definitely 199 

disagree’. The scores can be calculated as total sum of all answers or divided into 5 200 

dimensions, assessing: social skills, attention switching, attention to detail, communication, 201 

imagination. 202 

Interpersonal Reactivity Index (IRI) 203 

The IRI is a self-report questionnaire that measures difference in empathic social interaction 204 

and included 4 subscales assessing perspective taking, fantasy (imagination), empathic 205 

concern (EC) and personal distress (PD; Davis, 1980). The first two subscales assess 206 

cognitive empathy while the last two affective empathy. It includes 28 items to which 207 

participants respond in 5-point Likert-type scale from 0 (does not describes me well) to 4 208 

(describes me very well). 209 

Multidimensional Assessment of Interoceptive Awareness (MAIA) 210 

The MAIA-2 assesses various aspects of self-reported interoceptive awareness, also referred 211 

to as interoceptive sensibility (MAIA-2, Mehling et al., 2018). This test includes 37 questions 212 

assessing, across 8 dimensions, the different ways people process and pay attention to their 213 



bodily sensations. Participants are asked to indicate how often each statement applies to them 214 

generally in daily life, in a 5-point Likert scale ranging from 0 (never) to 5 (always). 215 

 Adaptive empathy task 216 

Procedure 217 

After completing the questionnaires at home, participants came to the lab to perform the AET 218 

while being stimulated by sham or active taVNS. In this task, adapted from Kozakevich Arbel 219 

and colleagues (2021), participants are first shown a description of a distress scenario for 3s 220 

accompanied by an image of the virtual character “Amy”, displaying a facial expression 221 

indicating distress (Fig. 1A). Two empathic response options are then presented in left and 222 

right boxes on either side of the image. One option corresponds to cognitive reappraisal, i.e., 223 

suggesting a change in how the situation is interpreted to reduce its emotional impact 224 

(cognitive reframing), whereas the other corresponds to distraction, i.e., suggesting a shift of 225 

attention away from the distressing event toward another activity or topic (attentional 226 

redeployment).The positions of these responses are randomized and counterbalanced to avoid 227 

an association between response type and box side. Examples of responses include: ‘We can 228 

go on a weekend trip away from the city. I have a few good places to suggest’ (distraction) 229 

and ‘The most important thing is that you were not there at the time and weren’t hurt’ 230 

(reappraisal, reframing toward safety/benign aspects). Importantly, participants are never 231 

made aware that the answers fall into these two emotion regulation categories. Participants 232 

had 12s to read the responses and make a decision, but they were only allowed to respond 233 

after the first 6s. Following their selection, feedback appeared on the screen for 3s, showing 234 

Amy’s face turning happy if the correct response was chosen and sad if the response was 235 

incorrect. Then follows an inter-trial-interval (ITI) of 2s. Of note, participants were instructed 236 

that their goal was to choose the response that Amy would find most helpful, and to learn her 237 



preferences from the feedback provided. They were explicitly told that Amy’s preference 238 

could change over time (e.g., due to changing contextual circumstances such as those 239 

presented in the online ERP questionnaire), and therefore they should continuously adapt 240 

their choices based on recent feedback rather than aiming for consistency across repeated 241 

scenarios. 242 

Participants were seated comfortably at a 60-70 cm distance from the computer monitor. The 243 

task lasted around 35mins, including two breaks. At the end, participants were asked a few 244 

debriefing questions (see supplementary material S2). 245 

Design 246 

Sixty different everyday distress scenarios of medium severity were selected based on the 247 

evaluation of 20 people in a pilot study. Each scenario was presented twice (with the same 248 

empathic responses), resulting in a total of 120 trials. The task began with 4 practice trials. 249 

The main task started with a stable condition block in which one empathic response (order 250 

counterbalanced across participants) was correct with a probability of ~73%. This was 251 

followed by a volatile phase consisting of 5 mini-blocks, where the probability of one 252 

strategy being correct was 80% and alternated between the two strategies every 10 trials. 253 

Finally, the second stable block followed, but with the alternative empathic response now 254 

correct in ~73% of trials (see Fig. 1B). In total, 70 trials were categorized as stable and 50 as 255 

volatile. taVNS was applied in a between-subjects single-blind design, with participants 256 

randomly assigned to the sham or active stimulation groups.  257 



258 
Figure 1. Experimental procedure and design. (A) Experimental design.  The adaptive empathy 259 
task comprises three phases: scenario presentation; emotion regulation (ER) options and decision; 260 
feedback/outcome presentation. Participants first read the distress scenario and then select among two 261 
ER options (reappraisal and distraction) presented randomly and counterbalanced in a left and right 262 
box. If the correct option is selected a happy face is presented, otherwise a sad face is displayed. ER 263 
strategies are not labelled to avoid participants being aware of the existence of these 2 response 264 
categories. (B) Probability schedule. Probability of one of the two ER responses being the correct one, 265 
the alternative ER strategy follows the opposite probability schedule. The schedule comprised three 266 
phases: stable1 (trials 1–30), volatile (trials 31–80), and stable2 (trials 81–120). For half of the 267 
participants a reappraisal response is coded as “1” and for the other half is distraction is coded as “1”, 268 
due to the counterbalanced presentation order. 269 

Stimuli and paradigm 270 

Our tasks were programmed and presented in Matlab (https://uk.mathworks.com/ ) using the 271 

Psychtoolbox (http://psychtoolbox.org/). The stimuli presented in this task were taken from 272 

the FACES database (Ebner et al., 2010). We used fearful (i.e. during the presentation of the 273 

distress scenario), happy and sad (i.e. as feedback) expressions of one white female model. 274 

The task is a social variant of two-choice probabilistic learning that operationalizes adaptive 275 

empathy as the ability to learn, from socio-affective feedback, which interpersonal response 276 

best alleviates another person’s distress (i.e., empathic response selection rather than affect 277 

sharing). In the original AET (Kozakevich Arbel et al., 2021), adaptive-empathy accuracy 278 

exceeded a non-social control condition and was uniquely associated with trait cognitive 279 

http://psychtoolbox.org/


empathy (online simulation), yet not with a measure of affective empathy, providing initial 280 

construct validity that task performance partly reflects mentalizing processes engaged during 281 

interpersonal emotion regulation. The AET shares core computations with standard 282 

reinforcement learning/reversal learning, while differing in that outcomes are social-affective 283 

(facial feedback) and the learning target is, ostensively, a person-specific preference. 284 

Our version extends this paradigm by introducing stable and volatile phases in which the 285 

character’s preferred strategy changes over time. Specifically, in the original version, there 286 

were two virtual characters, instead of one in ours, with stable ER preferences throughout the 287 

20 trials of task, such that one ER strategy was correct for each character at 80% of times. In 288 

contrast, our task focused on a single character and incorporated volatility, requiring 289 

participants to learn the character’s ER strategy and detect when it changed due to unknown 290 

contextual factors. The distress scenarios used in the original study were based on “everyday 291 

life situations related to relationships, work, daily routines, and the like”. The use of the two 292 

ER strategies was decided based on the related literature suggesting that reappraisal and 293 

distraction (or expressive suppression) to be the most commonly used ER approaches. 294 

According to Gross’s (2001) process model of emotion regulation, cognitive reappraisal 295 

involves changing the interpretation/meaning of an event to alter its emotional impact 296 

(cognitive change), whereas distraction involves redirecting attention away from the 297 

emotional aspects of the situation toward an alternative focus (attentional deployment). 298 

For our task, we used the 20 distress scenarios from Kozakevich Ardel’s and colleagues 299 

(2021) study and added 40 new scenarios that were tested in a pilot study. We aimed for 300 

scenarios of moderate severity that allowed both ER strategies to be perceived as plausible 301 

responses. Therefore, we created 50 distress scenarios, each paired with 50 different 302 

reappraisal and distraction responses and asked the participants of the pilot study to rate each 303 

scenario’s severity and the likelihood of choosing each response. Responses were given in 304 



10-point Likert scale from 1 (“I would always choose distraction”) to 10 (“I would always 305 

choose reappraisal”). Scenarios where the two ER strategies appeared less equiprobable 306 

(usually the most preferred one was appraisal) were excluded. 307 

TAVNS set up and device  308 

We used the Transcutaneous Electrical Nerve Stimulation device (V-TENS Plus; 309 

https://bodyclock.co.uk/) for stimulation with custom-built electrodes (Villani et al, 2019). 310 

For the active stimulation, the electrodes were placed on the anterior wall of the external left 311 

ear canal where the tragus is, a region considered to have high density ABVN contributions 312 

but also mixed innervation from other nerves. Sham stimulation was performed by placing 313 

the electrode on the left earlobe, as this area is free of vagal innervation (Peuker & Filler, 314 

2002). Here, we applied continuous current stimulation with the following parameters for all 315 

participants: pulse width=250μs and frequency=25Hz. The intensity of the stimulation was 316 

adjusted across participants so that it remained just below their individual perceptual 317 

threshold. To this aim, the experimenter slowly increased the intensity level up to the level 318 

that the participant felt some sensation (e.g., tingling, itching), which was barely detected 319 

without causing any pain or discomfort. We then decreased the intensity and then increased 320 

again repeating the process 3 times to ensure the intensity stimulation level for each 321 

participant, i.e. just below perceptual awareness. The intensity was applied continuously at 322 

that specified level continuously throughout the task. The average intensity was 2.0 mA 323 

(SD=0.7) for the active stimulation group and 1.9 mA (SD=0.6) for the sham stimulation 324 

group. Previous research has shown that sub-perceptual threshold stimulation is effective as 325 

indexed, for example, by changes in pupil dilation (Phillips et al, 2025; Villani et al, 2022; 326 

Pandža et al, 2020), a proxy for LC-noradrenergic activity. This approach was adopted to 327 

avoid the side-effects of more intense stimulations, such as discomfort and distraction, which 328 

could alter the participants motivational-affective states and impact on task performance. 329 

https://bodyclock.co.uk/


Computational modelling  330 

We observed how participants learned to recognize the preferred emotion regulation (ER) 331 

strategy of a virtual character, using clear and immediate feedback to allow them to associate 332 

their actions with outcomes. However, the relationship between empathic actions and 333 

emotional outcomes was probabilistic and changed throughout the task, presenting 334 

participants with limited information to interpret social cues under varying conditions of 335 

uncertainty. By accumulating available information (e.g. the distress scenario and the target’s 336 

previous ER strategy preferences), participants could infer the character’s unobserved mental 337 

states (i.e. their preferred ER strategy). To examine how participants utilized the available 338 

social information to learn and make decisions in our AET, we used a hierarchical Bayesian 339 

learning model (HGF; Mathys et al., 2011; 2014). Such Bayesian models provide a formal 340 

framework for modelling the evolution of an observer’s beliefs about another’s mental states 341 

over time. Since each belief state depends on the previous one, this approach can be viewed 342 

as a partially observable Markov decision process (POMDP), which defines the relationship 343 

between observed environmental states and the unobserved mental states of the other (Baker 344 

et al., 2011). 345 

The HGF is a generic Bayesian learning model that quantifies belief states and their 346 

associated uncertainties across multiple levels (Fig.2). Each belief state is represented as a 347 

gaussian distribution, where the mean value represents the current belief state, while the 348 

variance reflects the uncertainty around this belief, with precision (πi
(k)=1/σi

(k)) being the 349 

inverse variance. In our 3-level HGF model, each level is denoted as x₁ᵏ, x₂ᵏ, x3ᵏ, where k is 350 

the trial number. The model’s lowest level x₁ represents outcome uncertainty (or irreducible 351 

uncertainty) of the effectiveness of the ER responses coded as binary categories (e.g. 1 for 352 

reappraisal being the correct response, 0 for distraction). In the HGF version implemented 353 

here, these beliefs are stochastically mapped to corresponding binary inputs with reappraisal 354 



coded as uᵏ = 1 and distraction as uᵏ = 0. The second level x₂ represents the character’s 355 

tendency to prefer one ER response over the other, which fluctuates over the task according 356 

to a predefined schedule (estimation uncertainty). The third level x₃ represents the volatility 357 

of these preferences, capturing how frequently the character’s ER preferences change over 358 

time (volatility uncertainty). 359 

The model’s three levels capture different forms of uncertainty to produce predictions for the 360 

specific social environment. The three representation levels are hierarchically coupled so that 361 

each one is influenced by the one above it. Specifically, the first level is coupled to the 362 

second according to the sigmoid function of Equation 1: 363 

𝑥𝑥�1
(𝑘𝑘) = 𝑠𝑠�𝑥𝑥2

(𝑘𝑘−1)� = 1

1+𝑒𝑒𝑒𝑒𝑒𝑒(−𝑥𝑥2
(𝑘𝑘−1))

   (Equation 1) 364 

 At the second and third level, beliefs evolve as Gaussian random walks in the following way. 365 

The second level’s step size is controlled by the third level through the equation: x₂ᵏ ~ 366 

N(x₂ᵏ⁻¹, exp(κx₃ + ω₂)), and similarly, the third level’s step size is determined by x₃ᵏ ~ N(x₃ᵏ⁻¹, 367 

exp(ω₃)). The three parameters κ, ω₂, and ω₃ capture individual differences in belief updating 368 

within this social context: κ represents the influence of volatility at the third level on the 369 

belief updating rate at the second level; ω₂ is the tonic volatility at level two, reflecting beliefs 370 

about how easily ER preferences may change; and ω₃, or ‘meta-volatility’, captures beliefs 371 

about environmental volatility, with higher values indicating a greater readiness to update x₃ 372 

in response to perceived instability. Here, the parameter κ is fixed to 1, defining an invariable 373 

relationship between the second and third level across participants.  374 

In this framework, individuals perform trial-by-trial belief updating by calculating posterior 375 

probabilities, applying an approximation of ideal Bayesian inference. Here, a mean-field 376 

approximation is applied, yielding the following update equations:  377 



𝛥𝛥𝜇𝜇𝑖𝑖
(𝑘𝑘) = 𝜇𝜇𝑖𝑖

(𝑘𝑘) − 𝜇𝜇𝑖𝑖
(𝑘𝑘−1) ∝ 𝜋𝜋�𝑖𝑖−1

(𝑘𝑘)

𝜋𝜋𝑖𝑖
(𝑘𝑘) 𝛿𝛿𝑖𝑖−1

(𝑘𝑘)   (Equation 2) 378 

According to Eq. 2, beliefs (posterior means) at each level (i) are proportional to the 379 

prediction error (δi-1) weighted by a precision ratio. The prediction error term quantifies the 380 

difference between the lower-level prediction 𝜇𝜇 ̂i-1(k) before the input and the posterior 381 

expectation 𝜇𝜇i-1
(k) afterwards. This error term is weighted by the ratio of the precision of the 382 

prediction of the lower level 𝜋𝜋� i-1(k) before the input to the precision of the current belief πi
(k).  383 

Precision here refers to the inverse variance of the posterior probability distribution. This 384 

ratio of precision estimates represents the adaptive learning rate at each level, where the 385 

second level’s learning rate can be transformed to reflect that of the first level. 386 

 387 

x1 Outcome uncertainty: represents 
whether reappraisal or distraction is 
the correct response 

x2 Estimation uncertainty: Belief about 
the virtual character’s preference for 
an ER strategy 

x3 Volatility uncertainty: how often ER 
preferences change 

ω2 Tonic log-volatility: how easily ER 
preferences may change 

ω3 Meta-volatility: how volatile ER 
preference changes are 

y 
Observed responses 

ζ Response model decision parameter: 
how deterministic is the mapping of 
beliefs to responses 

 388 

Figure 2. Schematic of the 3-level Hierarchical Gaussian Filter (HGF; light blue) and response 389 
model (dark blue) used in the analysis. The table on the right summarizes the key hidden states and 390 
parameters. In our task, the first level x1 represents the binary outcome (emotion regulation choice), 391 
coded as 1 for reappraisal and 0 for distraction. The second level x2 encodes the virtual character’s 392 
preference for reappraisal, while the third level x3 reflects the volatility of this preference over time. 393 



Circles denote model states that evolve across time points k, and hexagons indicate fixed learning 394 
parameters (ω2, ω3). At each trial x2

(k) and x3
(k) are updated on their respective values at k-1 modulated 395 

by ω2 (tonic log-volatility of x2) and ω3 (meta-volatility of x3) respectively. Behavioural responses 396 
(y(k)) are generated by mapping x1

(k) through the response model, incorporating a decision noise 397 
parameter (ζ). Observed variables are the participant’s choices and related facial feedback, whereas 398 
preference and volatility are latent states inferred from the feedback history. 399 

 400 

The HGF serves as the perceptual model in our study and is used in conjunction with a 401 

response model. Response models are functions for mapping beliefs generated by the 402 

perceptual model to the observed responses. Here, we used as a response model the unit-403 

square sigmoid function for binary responses (Ingesias et al, 2013), which has the following 404 

form: 405 

   𝑓𝑓(𝑦𝑦 = 1) = 𝜇𝜇�1
𝜁𝜁

𝜇𝜇1
𝜁𝜁+�1−𝜇𝜇�1 �

𝜁𝜁     (equation 3) 406 

f(y=1) represents the probability of choosing a particular response (reappraisal) based on the 407 

belief state x1, with values closer to 1 indicating a higher probability of selecting reappraisal. 408 

The sensitivity parameter ζ, reflects exploration tendencies and decision noise. Higher values 409 

of ζ make choices more deterministic, while lower values indicate increased randomness or 410 

exploration. This response model enables us to investigate how participants’ inferred beliefs 411 

about the correct response translate into action probabilities, with the sensitivity parameter ζ 412 

adjusting the influence of these beliefs in dynamic and uncertain contexts. 413 

In sum, the model can be read as formalising a stability–flexibility trade-off in this task. At 414 

the preference level (x₂), the participant’s belief corresponds to which response (reappraisal 415 

vs distraction) is currently more likely to be preferred by the character; at the volatility level 416 

(x₃), beliefs reflect the likelihood of this preference to change over time. Behaviourally, 417 

surprising facial feedback (i.e. outcome not aligned with expectations) induces larger belief 418 

updating and thus a higher probability of switching to the alternative response on subsequent 419 

trials. However, while such surprising outcomes are best treated as noise in stable phases they 420 



may be perceived as cues for genuine change in volatile phases. Higher second-level learning 421 

rates (LR2) mean that recent feedback has a stronger impact on beliefs about the character’s 422 

current preference and therefore predict faster switching after surprising outcomes. Higher 423 

third-level learning rates (LR3) indicate stronger updating of volatility beliefs, which in turn 424 

modulates LR2 across stable versus volatile contexts. In addition, the parameters ω₂ and ω₃ 425 

capture fixed participant-specific baseline assumptions about changeability at the preference 426 

(x₂) and volatility (x₃) levels, respectively, thereby also shaping the magnitude of trialwise 427 

learning rates (LR2/LR3) and the degree to which prediction errors translate into belief 428 

updating and switching behaviour. The response parameter ζ captures choice consistency 429 

(how deterministically beliefs translate into choices), separating learning dynamics from 430 

response noise. 431 

Model inversion  432 

The priors of our model parameters were selected based on the experimental design and the 433 

questionnaires regarding ER preferences. We opted for relatively uninformative priors, 434 

setting large variances values to allow for adjustments based on individual differences in 435 

empathic learning and decision-making. Similarly, for parameters bounded between 0 and 1, 436 

we set the prior mean at 0.5. Details on all priors used in the HGF are response model are 437 

provided in Table S1 of the Supplemental Materials. Parameters and states were estimated in 438 

unbounded spaces, thus confined parameters (between 0-1) were log-transformed. Using the 439 

TAPAS toolbox (Frässle et al., 2021), we estimated the maximum-a-posteriori (MAP) of 440 

model parameters, given the priors provided and input sequence for each participant. 441 

Optimization was performed with a quasi-Newton algorithm, maximizing the log-joint 442 

posterior density over all perceptual and observation parameters based on the data and 443 

generative model. 444 



Statistical analysis 445 

With the behavioural data obtained on the empathic learning task, we first ran a 2 (taVNS 446 

group: active, sham) × 2 (Volatility Phase: stable, volatile) mixed ANOVA on accuracy to 447 

examine whether task performance varied as a function of stimulation and social volatility. As 448 

a robustness check addressing possible confounds introduced by fixed phase order (stable-449 

volatile-stable) we imposed on our design and the trial-wise nature of accuracy, we 450 

additionally analysed trial-by-trial accuracy using mixed-effects logistic regression. As fixed 451 

effects we included stimulation, volatility phase (stable1, volatile, stable2), their interaction 452 

and the trial-wise correct strategy (reappraisal-correct vs distraction-correct). Random 453 

intercepts were added for participant and scenario: Accuracy ~ tVNS * phase + 454 

CorrectStrategy + (1|Scenario) + (1|ParticipantID). 455 

For the computational model parameters and estimates extracted from HGF, we summarised 456 

learning-rate trajectories within each uncertainty level and experimental phase and submitted 457 

these participant-level repeated measures to repeated-measures models. Specifically, we ran a 458 

2 (learning-rate level: LR2, LR3) × 2 (taVNS group: active, sham) mixed ANOVA on mean 459 

learning rates to test for global stimulation effects across levels. To assess whether taVNS 460 

influenced volatility sensitivity (phase-dependent modulation), we computed the difference in 461 

learning rate between volatile and stable blocks at the second and third level (ΔLR2 = 462 

LR2_volatile – LR2_stable; ΔLR3 = LR3_volatile – LR3_stable), such that positive values 463 

index stronger upregulation of updating under volatility. We submitted these two values to 464 

another 2×2 mixed ANOVA with ΔLR level (2, 3) as the within-subjects factor and taVNS 465 

group as the between-subjects factor. In addition, we ran an independent samples t-test to 466 

compare the response parameter ζ between the sham and active stimulation groups. 467 



Moreover, as exploratory analysis we tested how individual differences affect task 468 

performance and potentially moderate taVNS effects, by running 4 linear regressions with the 469 

following DVs: the mean learning rate of the second (LR2) and third (LR3) HGF levels; the 470 

learning rate change in the second (ΔLR2) and third level (ΔLR3) between the stable and 471 

volatile phase. The predictors were the questionnaires scores and their interaction with 472 

stimulation group. Specifically, as predictors we used the affective dimensions of the IRI (i.e. 473 

EC and PD), and the total AQ and MAIA score. Emotion regulation preferences (ERP) were 474 

entered as covariate. Finally, taVNS group was entered as an interaction term. Thus, the 475 

general formula of these regressions was the following: 476 

DV ~ (IRI_EC + IRI_PD + AQ + MAIA) * taVNS + ERP 477 

All the above statistical analyses (ANOVAs and regressions) we conducted using the R 478 

software. 479 

 480 

Results 481 

taVNS effects on accuracy and on learning and response model variables 482 

First, the 2x2 mixed ANOVA on accuracy revealed the expected main effect of phase 483 

(F(1,67)=49.250, p<0.001, η²p =0.424), with higher performance in the stable phase 484 

(M=57.3, SD=8.12) compared to the volatile phase (M=49.5, SD=7.30). Conversely, no main 485 

effect of taVNS (F(1,67)=0.405, p=0.527, η²p =0.006), or interaction effect between taVNS 486 

and phase were observed (F(1,67)=0.541, p=0.465, η²p =0.008). This shows no general 487 

taVNS effect on performance in terms of accuracy.  488 

As a robustness check, we also ran a mixed-effects logistic regression on trial-wise accuracy 489 

(including phase as stable1/volatile/stable2) to test whether the fixed phase order we imposed 490 



in our task induced order confounds and to account for repeated trials within participants and 491 

scenarios. This analysis showed lower accuracy in the volatile phase relative to the first stable 492 

phase (β = −0.284, SE = 0.089, z = −3.17, p = .001), whereas accuracy did not differ between 493 

the two stable phases (β = 0.041, SE = 0.096, z = 0.43, p = .670), indicating no evidence for a 494 

generic fatigue/practice effect across the session. There was no main effect of stimulation and 495 

no stimulation-by-phase interaction in this model (ps ≥ .290). Accuracy was substantially 496 

lower on trials where reappraisal was the correct response compared to distraction-correct 497 

trials (β = −0.936, SE = 0.048, z = −19.64, p < .001), indicating a strong strategy-related 498 

asymmetry in objective trial difficulty. 499 

To further investigate how participants' learning was affected by taVNS, we entered the mean 500 

learning rate of the second and third levels (LR2, LR3) in a 2x2 mixed ANOVA. The results 501 

showed a significant main effect of LR type (F(1,67)=29.625, p<0.001, η²p =0.313) but no 502 

significant main effect of taVNS (F(1,67)=1.661, p=0.202, η²p =0.026) nor interaction effect 503 

between LR type and taVNS (F(1,67)=0.058, p=0.942, η²p =0.001). Therefore, no effect of 504 

taVNS on mean learning rates was observed.  505 

We also analysed how participants modulated their learning rate according to environmental 506 

volatility by entering the learning rate difference (ΔLR2, ΔLR3) between the stable and 507 

volatile phase parameters in a 2x2 mixed ANOVA. The ANOVA showed a significant main 508 

effect of ΔLR type (F(1,67)=18.957, p<0.001, η²p =0.221) and a significant main effect of 509 

taVNS (F(1,67)=4.686, p=0.034, η²p =0.065). Importantly, we also found an interaction effect 510 

between ΔLR and taVNS (F(1,67)=4.817, p=0.032, η²p =0.067). Pairwise comparisons (with 511 

Bonferroni corrections) showed that ΔLR2 was significantly higher for the active stimulation 512 

group (M=0.209, SD=0.357) compared to the sham stimulation group (M=0.073, SD=0.076; 513 

t(1,66.695)=2.387, p=0.037, Cohen’s d=0.544; Fig. 3). Conversely, ΔLR3 did not differ 514 

between the active and sham stimulation groups (t(1,66.804)=-0.2073, p=0.836, Cohen’s 515 



d=0.049). These results suggest that the taVNS effect on learning pertains mainly to the 516 

learning of second-level contingencies (with a moderate to large effect size) by helping  517 

participants adapt to the virtual character’s changes in ER preferences. 518 

 519 

      520 

Figure 3. Group comparisons of behavioural and computational model parameters across 521 
taVNS conditions. A) Mean task accuracy for stable and volatile phases, showing a main effect of 522 
phase but no effect of taVNS or interaction. B) Inverse decision temperature parameter ζ from the 523 
response model, reflecting choice consistency, did not differ between the active and sham stimulation 524 
groups. C) Mean learning rates at the second and third levels (LR2, LR3), showing no effect of 525 
taVNS. D) Learning rate differences (ΔLR2 and ΔLR3) between volatile and stable phases. A 526 
significant interaction between ΔLR type and taVNS was found, with pairwise comparisons indicating 527 
that ΔLR2 was significantly higher in the active group compared to sham. Error bars represent 528 
standard error of the mean. 529 
 530 
Regarding the response model results, we found that there was no difference between the 531 

active and sham stimulation for the model parameter ζ (t(1,66.339)=0.455, p=0.649, Cohen’s 532 



d=0.057). This indicates that taVNS did not influence participants’ decision-making 533 

consistency, suggesting that its effects were specific to learning dynamics rather than 534 

response behaviour. 535 

Individual differences 536 

To explore how the learning parameters of the HGF model were related to individual traits, 537 

we ran linear regressions on the learning parameters presented above, with the taVNS group 538 

and the individual traits measured in the questionnaires as predictors. Prior to this, we 539 

conducted a series of t-tests to rule out possible initial differences between the two groups of 540 

participants for the traits measured. No significant differences were observed in any of these 541 

traits (ps > 0.493). 542 

The regressions on mean learning rates showed that EC was the only significant predictor (t = 543 

2.390, p = 0.022) of LR2 with a small effect size (f2 = 0.03), suggesting that participants with 544 

higher EC learned the ER contingencies faster. The interaction between taVNS and EC 545 

approached significance (t = -1.866, p = 0.071) and showed a small-to-moderate effect size 546 

(f2 = 0.11); all other predictors were not close to significance (ps > 0.124). Conversely, 547 

individual traits did not influence the volatility (LR3) learning rate (ps>0.296).  548 

The regression on the learning rate difference ΔLR2 showed that it was predicted by taVNS (t 549 

= 2.423, p = 0.021), with medium effect size (f2=0.18), confirming our ANOVA results. EC 550 

approached significance (t = 1.984, p = 0.053, f2 = 0.09), well as the taVNS x AQ interaction 551 

(t = -1.980, p = 0.056, f2=0.12), while all other predictors did not (ps>0.095).  552 

Interestingly, and in contrast to the results observed in the ANOVA, the volatility learning 553 

rate change (ΔLR3) was significantly predicted by taVNS activation (t = 3.494, p = 0.001), 554 

showing a greater change in volatility learning rate between stable and volatile phases in the 555 

active stimulation group compared to the sham group. This effect was associated with a large 556 



effect size (f2 = 0.38), indicating a substantial impact of taVNS on belief updating about 557 

volatility when accounting for individual differences. AQ score also emerged as a significant 558 

predictor (t = 3.620, p = 0.001, f2 = 0.03), with individuals higher in autistic traits showing 559 

greater updating of ΔLR3. The interaction between AQ score and taVNS was also significant 560 

(t = -3.636, p = 0.001), with a large effect size (f2 = 0.41). In the sham condition, higher AQ 561 

scores were associated with more adaptive volatility learning, while this association was 562 

absent in the taVNS group. A similar moderation effect was observed for IS (MAIA), with a 563 

significant interaction between MAIA and taVNS (t = -2.060, p = 0.047) and a small-to-564 

moderate effect size (f2 = 0.13). In the sham group, MAIA scores were positively correlated 565 

with ΔLR3, whereas in the taVNS condition, this correlation was abolished. Together, these 566 

findings suggest that while individual traits such as autistic characteristics and IS are 567 

associated with increased volatility learning in more naturalistic conditions, taVNS appears to 568 

attenuate this trait dependence, promoting more uniform learning across individuals. 569 

 570 

 571 

 572 

 573 

 574 

Regression 
Model 

Predictor t-value p-value Effect size (f2) Interpretation 

LR2 Empathic 
Concern 

2.390 0.029 0.03 Higher EC → Faster learning 
of ER preferences 

ΔLR3 ΜΑΙΑ x 
taVNS 

-2.060 0.047 0.13 IS positively predicted ΔLR3 
mainly in the sham group 

Autism 3.620 0.001 0.03 Higher AQ → Higher 
volatility learning rate 
change (ΔLR3) 



Autism x 
taVNS 

-3.636 0.001 0.41 ΑQ correlated with ΔLR3 
mainly in the sham group  

 575 
Table 1. Regression Results on Individual Differences. This table presents the significant regression 576 
results examining the relationship between individual traits (e.g., IS, EC, autistic traits) and learning 577 
trajectories. Predictors include questionnaire scores and their interactions with taVNS stimulation 578 
(active vs. sham). LR2 = Second-level learning rate and ΔLR3 = Learning rate change between stable 579 
and volatile phases at the third level, respectively. Significant interaction effects indicate that the 580 
relationship between individual traits and learning dynamics differ between the active and sham 581 
taVNS groups. 582 
 583 
Discussion 584 

Adaptive social cognition relies on the ability to flexibly update our understanding of others' 585 

internal states, preferences and intentions as social contexts evolve. This dynamic process 586 

becomes especially important in situations of uncertainty, where social and, as we show here, 587 

visceral cues must be integrated with changing contextual information to guide appropriate 588 

behaviour. Interoceptive signals have been proposed to support social cognition (Grynberg & 589 

Pollatos, 2015; Ondobaka et al., 2017; Shah et al., 2017) and decision making under 590 

uncertainty (Dunn et al., 2010; Katkin et al, 2001; Kandasamy et al, 2016), while taVNS has 591 

emerged as a promising tool to intervene in the brain-body pathways involved in these 592 

processes (Paciorek & Skora, 2020; Weng et al., 2021). Here, we demonstrate that taVNS 593 

modulates adaptive social behaviour in an empathy task where participants had to (implicitly) 594 

learn the emotion regulation preferences of a virtual character across stable and volatile 595 

phases. To examine learning under different uncertainty conditions, we applied a hierarchical 596 

Bayesian learning model (HGF; Mathys et al., 2014) to capture changes in belief updating 597 

across nested levels of inference. While taVNS did not influence task accuracy and average 598 

learning rates, it significantly modulated volatility-dependent learning flexibility, specifically 599 

increasing the adjustment of second-level learning rates between stable and volatile contexts. 600 

Moreover, taVNS modulated the relationship between individual differences in EC and IS 601 

and social learning. These results extend previous findings suggesting a positive impact of 602 



vagus stimulation on associative learning (Weber et al., 2021) and social perception (Colzato 603 

et al., 2017), showing for the first time how taVNS can influence social learning under 604 

volatile conditions. These effects likely reflect taVNS' neuromodulatory influence on the 605 

noradrenergic system and/or its modulation of interoceptive signal processing. 606 

While several animal studies have demonstrated a positive impact of vagal stimulation on 607 

learning and memory (Clark et al., 1998, 1999; Driskill et al., 2022; Frausto Pena et al., 608 

2014), human research is limited and marked by inconsistent findings. For instance, Weber 609 

and colleagues (2021) reported that taVNS improved reinforcement learning by enhancing 610 

reward sensitivity and inducing a shift on accuracy-speed trade-offs towards maximizing 611 

rewards. Conversely, another study observed impaired decision-making and reduced learning 612 

rate in an approach-avoidance task following taVNS (Kühnel et al., 2020). Burger et al. 613 

(2018) found no effect of taVNS on fear extinction in humans, failing to replicate positive 614 

findings reported in animal research in rats (Alvarez-Dieppa et al., 2016). Similarly, 615 

D’Agostini et al. (2021) found no overall improvement in reversal learning following taVNS 616 

and reported no clear enhancement of putative noradrenergic markers such, despite some cue-617 

specific behavioural effects and tentative post hoc effects on cortisol. Together, these mixed 618 

findings highlight that taVNS does not appear to exert a uniform facilitatory effect on human 619 

learning, but may instead influence specific components of adaptation depending on task 620 

demands, the structure of uncertainty, and stimulation parameters.  621 

In our study investigating associative learning within a social context, we found no 622 

differences in total accuracy scores or average learning rates between active and sham 623 

stimulation groups. Critically, however, we observed greater modulation of the learning rate 624 

of the target’s ER preferences between high and low volatility phases under active 625 

stimulation. This effect was particularly evident at the second hierarchical level, which 626 

captures beliefs about the target’s current ER preference and determines how strongly recent 627 



feedback updates these preference beliefs. Notably, the absence of group differences in 628 

overall accuracy or mean learning rates suggests that taVNS did not produce a global 629 

improvement in task performance but instead altered how participants adjusted updating as a 630 

function of environmental volatility. Such mechanistic modulation can be detectable in latent 631 

learning dynamics even when aggregate performance remains stable, because similar mean 632 

accuracy can arise from different combinations of updating and decision policies. A similar 633 

pattern also emerged for volatility-related learning rate adjustments (ΔLR3) when individual 634 

differences were taken into account. These two levels are inherently linked, as second-level 635 

learning is modulated by higher-order expectations about volatility. In social contexts, 636 

anticipated volatility determines how prediction errors are interpreted. In volatile contexts, 637 

unexpected outcomes are more likely to signal a meaningful change and promote faster 638 

updating, whereas in stable contexts they are more readily attributed to noise.  639 

A plausible interpretation is that taVNS altered catecholaminergic regulation of belief 640 

updating under uncertainty. Animal studies with invasive VNS suggest that vagal stimulation 641 

can influence both noradrenergic (Roosevelt et al., 2006) and dopaminergic signalling (Han 642 

et al., 2018). In humans, however, direct evidence for comparable effects of auricular taVNS 643 

remains limited and mixed. There is some preliminary evidence consistent with noradrenergic 644 

engagement, especially under specific stimulation conditions. By contrast, comparable human 645 

evidence for dopaminergic modulation is still lacking. Importantly, each neuromodulatory 646 

system appears to have distinct effects on learning under volatile conditions (Angela & 647 

Dayan, 2005; Marshall et al., 2016; Sales et al., 2019; Vincent et al., 2019). Pharmacological 648 

studies using hierarchical Bayesian models indicate that noradrenergic manipulations alter 649 

learning under contextual uncertainty and volatility-linked updating, whereas dopaminergic 650 

manipulations more strongly affect the translation of higher-order beliefs into behaviour 651 

(Marshall et al., 2016; Lawson et al., 2021). Furthermore, in the context of RL, dopaminergic 652 



influences have often been linked to reward prediction and value-guided action selection 653 

(Bayer & Glimcher, 2005; Glimcher, 2011; Jocham et al., 2011), thereby consistently 654 

implicated in adaptive behaviour. Relatedly, recent rodent work showed that VTA dopamine 655 

neuron activity encodes social prediction error and drives social reinforcement learning, 656 

suggesting that dopaminergic mechanisms may also contribute to adaptive learning in social 657 

contexts (Solié et al., 2022). In the present study, taVNS modulated volatility-dependent 658 

learning-rate adjustment without changing overall performance or response consistency. This 659 

pattern appears more compatible with an effect on precision-weighting and contextual belief 660 

updating than with a broad effect on action selection. Accordingly, our findings are more 661 

consistent with a noradrenergic contribution than with a dopaminergic one. At the same time, 662 

the present design does not allows to make strong inferences on the specific neurotransmitters 663 

involved, and overlapping noradrenergic and dopaminergic contributions cannot be excluded. 664 

This interpretation also fits the computational demands of our adaptive empathy task. 665 

Although the AET shares core features with probabilistic reinforcement-learning and 666 

reversal-learning paradigms (D’Agostini et al., 2021; Kühnel et al., 2020), it places particular 667 

demands on ongoing volatility inference across stable and volatile social contexts, rather than 668 

on a single reversal after acquisition. This makes noradrenergic processes involved in 669 

unexpected uncertainty especially relevant. Moreover, because the outcomes are social-670 

affective, arousal and interoceptive signals may contribute more strongly to valuation and 671 

precision-weighting than in more abstract non-social tasks or in associative tasks without 672 

reinforcement. 673 

These taVNS effects on empathic learning may therefore also reflect changes in brain-body 674 

signalling and the use of interoceptive information during belief updating. Prior work 675 

suggests that taVNS can improve interoceptive processing (Villani et al., 2019; Poppa et al., 676 

2022; Richter et al., 2021), enhance sensitivity to emotional and social cues (Colzato et al., 677 



2017; Maraver et al., 2020), and promote prosocial behaviour (Oehrn et al., 2022). More 678 

broadly, interoception has been implicated in emotion perception (Hubner et al., 2021), 679 

empathy (Fukushima et al., 2011; Grynberg & Pollatos, 2015), and emotion regulation 680 

(Zamariola et al., 2019), and has been linked to intuitive decision-making and learning under 681 

uncertainty (Dunn et al., 2010; Katkin et al., 2001; Fouragnan et al., 2024; Werner & 682 

Shandry, 2024). It has been further suggested that alignment between subjective arousal and 683 

physiological state may scaffold the updating of uncertainty representations in dynamic 684 

environments (Biddell et al., 2024). One possibility is that, by enhancing the perception 685 

(Villani et al., 2019) and integration (Salaris & Azevedo, 2025) of visceral signals, taVNS 686 

may help individuals to more precisely gauge their bodily responses in uncertain social 687 

contexts. In this sense, visceral signals may provide part of the embodied salience generated 688 

by surprising social outcomes (Allen et al., 2016; Fouragnan et al., 2024), while LC-NE 689 

modulation may regulate the precision assigned to those signals and thus how strongly they 690 

drive belief updating under volatility (Angela & Dayan, 2005; Sales et al., 2019). This could 691 

modulate the perceived reliability of internal signals, recalibrate subjective precision 692 

estimates, and thereby alter how much weight is assigned to social prediction errors. On this 693 

account, taVNS may calibrate emotional responsiveness and confidence in evolving social 694 

predictions, promoting greater flexibility in empathic learning under volatile conditions. 695 

A parallel taVNS-related moderation emerged for volatility learning when accounting for 696 

participants’ IS (MAIA). In the sham group, higher MAIA scores predicted a larger increase 697 

in ΔLR3, suggesting that individuals with heightened interoceptive abilities were more 698 

attuned to subtle contextual shifts during volatile phases. Notably, this correlation was absent 699 

in the active stimulation group, indicating that taVNS may regulate autonomic activity in a 700 

way that lessens the influence of somatic processing differences on social learning. While the 701 

positive association between MAIA and volatility learning was not directly foreseen based on 702 



previous literature, it aligns with evidence linking interoceptive accuracy to learning and 703 

decision-making in uncertain environments (Dunn et al., 2010; Katkin et al., 2001; 704 

Kandasamy et al., 2016). The absence of a similar association with second-level learning 705 

suggests that this effect may be more specific to volatility estimation than to lower-level 706 

updating more generally.  707 

A similar moderation effect emerged for autistic traits (AQ) in relation to volatility learning. 708 

Individuals with higher AQ scores exhibited a more pronounced increase in ΔLR3, echoing 709 

previous findings that people on the autism spectrum tend to overlearn about volatility, 710 

possibly due to an overestimation of environmental change coupled with heightened phasic 711 

noradrenaline responses (Lawson et al., 2017). Strikingly, this positive correlation was largely 712 

absent in participants receiving active taVNS, suggesting that vagal stimulation may regulate 713 

noradrenergic mechanisms in a way that reduces the impact of autistic traits on volatility-714 

driven belief updating (Jin & Kong, 2017; Yap et al., 2020). Although autistic individuals 715 

often show lower vagal tone (Ming et al., 2005), atypical locus coeruleus activity (Chatham 716 

et al., 2022), difficulties navigating high-uncertainty contexts (Jenkinson et al., 2020), as well 717 

as aberrant belief updating (Lawson et al., 2014; Van de Cruys et al., 2014), taVNS could 718 

potentially alleviate these challenges by “optimizing” uncertainty estimations. Nevertheless, 719 

the notion of what constitutes an “optimal” volatility estimate could be heavily context-720 

dependent. Psychopathology in autism has been reframed as not merely a suboptimal belief-721 

updating process, but rather an interpersonal mismatch thereof (Bolis et al., 2018). As such, 722 

taVNS may offer a promising route toward an “interpersonalised psychiatry” (Bolis et al., 723 

2023), aiming to harmonize interactions by modulating both internal autonomic states and 724 

interpersonal predictive processes. 725 

We also found that EC correlated positively with both mean second-level learning rate (LR2) 726 

and its volatility-driven change (ΔLR2), suggesting that individuals high in EC more readily 727 



integrate social cues when inferring others’ emotion regulation preferences. These findings 728 

extend earlier work showing that empathic traits predict performance in this paradigm, but 729 

not on analogous associative learning tasks lacking social meaning, highlighting the 730 

usefulness of this paradigm to the study of adaptive social behaviour (Kozakevich Arbel et al, 731 

2021). Our findings further suggest that people more attuned and concerned with other’s 732 

feelings are better at learning others’ emotion regulation preferences and more sensitive to 733 

unexpected shifts, two abilities that are crucial for flexible empathic behaviour. By contrast, 734 

EC did not predict higher-level volatility learning, indicating that this facet of affective 735 

empathy primarily supports the processing of context-specific socio-affective cues rather than 736 

the broader monitoring of environmental instability. 737 

However, it is important to note that the interpretations of how taVNS modulates the 738 

relationship between individual differences, as measured by questionnaires, and task 739 

performance needs to be approached cautiously due to the limited sample size, which restricts 740 

our ability to draw confident conclusions. Moreover, although we found a taVNS effect on 741 

adaptive empathic learning, it was only observed in the change of learning rates in response 742 

to volatility shifts and not in other indices of overall task performance. This could be 743 

explained by a specific stimulation-dependent effect related to the update of volatility 744 

representations. However, alternative explanations cannot be excluded. For instance, 745 

performance might have been affected by the order in which the virtual character initially 746 

preferred a specific emotion regulation strategy (e.g., reappraisal vs. Distraction, see 747 

supplementary material S4). This potential confound could be more systematically assessed 748 

in future studies with larger samples, enabling more precise modelling of order effects and 749 

their interaction with stimulation.  750 

It should also be noted that: i) there is considerable debate regarding the optimal stimulation 751 

site for taVNS, with many researchers preferring to stimulate the cymba conchae region 752 



rather than the tragus (for discussions see: Butt et al., 2020; Verma et al., 2021); ii) inter-753 

individual variability in vagus nerve innervation of the external ear may contribute to 754 

heterogeneity in stimulation efficacy; iii) and there is still uncertainty regarding the optimal 755 

stimulation parameters and protocol (e.g. Phillips et al., 2025; D’Agostitni et al, 2023). 756 

Moreover, we did not assess physiological proxies of vagal engagement, such as pupil 757 

diameter or LC activity, which could have provided more direct evidence of effective 758 

modulation of vagal–noradrenergic networks. Together, these limitations warrant caution in 759 

attributing the observed modulation in adaptive learning solely to vagus nerve stimulation. 760 

Future studies incorporating concurrent measures of pupil dynamics or LC-related activity 761 

would help to clarify the extent to which vagal network engagement mediates these effects. 762 

Lastly, even if this task has been shown to be particularly sensitive to learning in the social 763 

domain (Kozakevich Arbel et al, 2021), we cannot be certain whether the taVNS effects 764 

observed here are specific to social cognition or, instead, reflect broader enhancements in 765 

associative learning. Indeed, the AET shares core computations with probabilistic 766 

reinforcement learning and can be viewed as a social and more complex variant of simpler 767 

reversal learning tasks, differing primarily in the social-affective meaning of outcomes and 768 

uncertainty structure. VNS has been shown to impact both domain-general associative or RL 769 

learning (Bowles et al., 2022; Çakır et al., 2025; Weber et al., 2021) and social engagement 770 

and perception (Colzato et al., 2017; Maraver et al., 2020). Applying a comparable task 771 

structure to a non-social learning context would help clarify the specificity of taVNS’s 772 

influence on social versus general adaptive behaviour.  773 

Conclusion 774 

In summary, this study is the first to demonstrate a relationship between vagus nerve 775 

stimulation and adaptive learning under volatility within a social context. Specifically, taVNS 776 



was found to modulate empathic learning flexibility, particularly in response to changes in 777 

environmental uncertainty. taVNS also influenced how individual differences in autistic and 778 

interoceptive traits shape learning behaviour. Our modelling approach highlighted specific 779 

facets of uncertainty representations affected by taVNS while suggesting potential underlying 780 

mechanisms. While these findings have promising implications for clinical and subclinical 781 

applications, future research integrating computational, behavioural and neuro-physiological 782 

methods will be essential to clarify the neurocognitive processes through which taVNS 783 

supports adaptive social learning. 784 
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