
Accepted manuscripts are peer-reviewed but have not been through the copyediting, formatting, or proofreading
process.

This is an open-access article distributed under the terms of the Creative Commons Attribution 4.0 International
(http://creativecommons.org/licenses/by/4.0), which permits unrestricted use, distribution and reproduction in any
medium provided that the original work is properly attributed.

Copyright © 2015 Society for Neuroscience

This Accepted Manuscript has not been copyedited and formatted. The final version may differ from this version.

Research Article: New Research | Cognition and Behavior

Single-trial event-related potential correlates of belief updating

Single-trial ERP correlates of belief updating

Daniel Bennett1,2, Carsten Murawski2 and Stefan Bode1

1Melbourne School of Psychological Sciences, The University of Melbourne, Parkville, Victoria 3010, Australia
2Department of Finance, The University of Melbourne, Parkville, Victoria 3010, Australia

DOI: 10.1523/ENEURO.0076-15.2015

Received: 8 July 2015

Revised: 3 September 2015

Accepted: 16 September 2015

Published: 28 September 2015

Author contributions: DB, CM, & SB designed research. DB performed research and analysed data. DB, CM
and SB wrote the paper.

Funding: Australian Research Council: DE140100350. Faculty of Business and Economics, The University of
Melbourne: Strategic Initiatives Fund.

Conflict of Interest: The authors declare no competing financial interests.

This work was funded by a Strategic Initiatives Fund grant from the Faculty of Business and Economics at The
University of Melbourne to C.M. and S.B., and an Australian Research Council (ARC) Discovery Early Career
Researcher Award (DE 140100350) to S.B.

Correspondence should be addressed to: Daniel Bennett, Melbourne School of Psychological Sciences, The
University of Melbourne, Parkville, Victoria, 3010, Australia. Email: daniel.bennett@unimelb.edu.au

Cite as: eNeuro 2015; 10.1523/ENEURO.0076-15.2015

Alerts: Sign up at eneuro.org/alerts to receive customized email alerts when the fully formatted version of this
article is published.



eNeuro

http://eneuro.msubmit.net

eN-NWR-0076-15R1

Single-trial event-related potential correlates of belief updating

This is a confidential document and must not be discussed with others, forwarded in any
form, or posted on websites without the express written consent of eNeuro.



 

   1 
 

1. Manuscript title: Single-trial event-related potential correlates of belief updating 1 

2. Abbreviated title: Single-trial ERP correlates of belief updating 2 

3. Author names and affiliations: Daniel Bennett1,2, Carsten Murawski2 & Stefan Bode1 3 
1 Melbourne School of Psychological Sciences, The University of Melbourne, Parkville, 4 

Victoria 3010, Australia 5 
2 Department of Finance, The University of Melbourne, Parkville, Victoria 3010, Australia 6 

4. Author contributions: DB, CM, & SB designed research. DB performed research and 7 

analysed data. DB, CM and SB wrote the paper. 8 

5. Correspondence should be addressed to:  9 

Daniel Bennett 10 

Melbourne School of Psychological Sciences 11 

The University of Melbourne, 12 

Parkville, Victoria, 3010, Australia 13 

Email: daniel.bennett@unimelb.edu.au 14 

6. Number of Figures: 5 15 

7. Number of Tables: 3 16 

8. Number of Multimedia: 0 17 

9. Number of words for Abstract: 242 18 

10. Number of words for Significance Statement: 120 19 

11. Number of words for Introduction: 548 20 

12. Number of words for Discussion: 2059 21 

13. Acknowledgments: The authors would like to thank Birte Forstmann, Robert Hester, 22 

Daniel Little, Bowen Fung, and Christina van Heer for comments on the manuscript, David 23 

Sewell and Jutta Stahl for general feedback, Damien Crone and Daniel Rosenblatt for 24 

assistance with data collection, and Hayley McFadyen for assistance with EEG preprocessing. 25 

14.Conflict of interest: The authors declare no competing financial interests. 26 

15. Funding sources: This work was funded by a Strategic Initiatives Fund grant from the 27 

Faculty of Business and Economics at The University of Melbourne to C.M. and S.B., and an 28 

Australian Research Council (ARC) Discovery Early Career Researcher Award (DE 29 

140100350) to S.B. 30 

 31 

 32 

  33 



 

   2 
 

ABSTRACT 34 

Belief updating—the process by which an agent alters an internal model of its environment—35 

is a core function of the central nervous system. Recent theory has proposed broad principles 36 

by which belief updating might operate, but more precise details of its implementation in the 37 

human brain remain unclear. In order to address this question, we studied how two 38 

components of the human event-related potential encoded different aspects of belief updating. 39 

Participants completed a novel perceptual learning task while electroencephalography was 40 

recorded. Participants learned the mapping between the contrast of a dynamic visual stimulus 41 

and a monetary reward, and updated their beliefs about a target contrast on each trial. A 42 

Bayesian computational model was formulated to estimate belief states at each trial and used 43 

to quantify two variables: belief update size and belief uncertainty. Robust single-trial 44 

regression was used to assess how these model-derived variables were related to the 45 

amplitudes of the P3 and the stimulus-preceding negativity (SPN), respectively. Results 46 

showed a positive relationship between belief update size and P3 amplitude at one fronto-47 

central electrode, and a negative relationship between SPN amplitude and belief uncertainty at 48 

a left central and a right parietal electrode. These results provide evidence that belief update 49 

size and belief uncertainty have distinct neural signatures that can be tracked in single trials in 50 

specific ERP components. This, in turn, provides evidence that the cognitive mechanisms 51 

underlying belief updating in humans can be described well within a Bayesian framework. 52 

 53 

SIGNIFICANCE STATEMENT 54 

Recent theories propose that a central function of the brain is belief updating, the process by 55 

which internal models of the environment are revised. However, despite strong implications 56 

for cognition, the neural correlates of belief updating remain poorly understood. This study 57 

combined computational modeling with analysis of the event-related potential (ERP) to 58 
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investigate neural signals which systematically reflect belief updating in each trial. We found 59 

that two ERP components, the P3 and the SPN, respectively encoded belief update size and 60 

belief uncertainty. Our results shed light on the implementation of belief updating in the brain, 61 

and further demonstrate that computational modelling of cognition in ERP research can 62 

account for variability in neural signals which has often been dismissed as noise. 63 
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INTRODUCTION  64 

In an uncertain and dynamically changing world, survival depends upon having accurate 65 

beliefs about the environment. The more accurately an agent’s beliefs predict environmental 66 

contingencies such as threats from predators or the availability of food, the more effectively 67 

the agent can plan its actions (Gläscher et al., 2010; Wunderlich et al., 2012). In particular, 68 

where environmental contingencies are unknown or non-stationary, an agent should 69 

constantly update beliefs in order to produce adaptive behaviour (Behrens et al., 2007). Belief 70 

updating has generally been studied within a Bayesian framework (e.g. Nassar et al., 2010; 71 

Stern et al., 2010), wherein beliefs are described by probability distributions over possible 72 

states of the world. Bayesian belief updating is captured by the transformation of prior beliefs 73 

into posterior beliefs after new information is observed (e.g. Knill and Pouget, 2004; 74 

Courville et al., 2006).  75 

Recent theories propose that belief updating may be a general principle underlying 76 

neural functioning, not merely an adaptive feature of cognition (Fiorillo, 2008; Friston, 2010; 77 

Fiorillo, 2012). This hypothesis has strong implications for understanding of human cognition 78 

(see e.g. Bubic et al., 2010; Schwartenbeck et al., 2013). However, while general 79 

computational principles of belief updating are well-understood, details of the mechanisms by 80 

which belief updating is carried out in the human brain remain unclear. In addition, some 81 

recent research has suggested that the ability of decision-makers to update beliefs in a Bayes-82 

optimal fashion may depend on the complexity of the decision situation, and upon the 83 

availability of heuristic alternatives to Bayesian updating (Achtziger et al., 2014, 2015). The 84 

present study addressed these questions by comparing Bayesian and heuristic accounts of 85 

belief updating, and by assessing how Bayesian belief updating was associated with two 86 

event-related potential (ERP) components typically linked with prediction and learning: the 87 

P3, and the stimulus-preceding negativity (SPN).  88 
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These components are implicated in belief updating by their association with learning 89 

and prediction. The P3 is a positive ERP component, the amplitude of which indexes the 90 

information content or surprise of an eliciting stimulus (Sutton et al., 1967; Mars et al., 2008). 91 

Under the context updating hypothesis, P3 amplitude is thought to reflect the updating of 92 

internal schemata representing stimulus context (Donchin and Coles, 1988). These functions 93 

are broadly compatible with belief updating in the Bayesian sense of the term (Kopp, 2008). 94 

Furthermore, Mars and colleagues (2008) hypothesised that a fronto-central subcomponent of 95 

the P3 (the P3a; see Polich, 2007) encodes belief update size. The present study explicitly 96 

tested this hypothesis.  97 

The SPN is a negative-going slow wave elicited by stimulus anticipation (Brunia, 98 

1988). SPN amplitude increases prior to stimuli delivering response reinforcement, both for 99 

reward (Masaki et al., 2010) and for instructive feedback (Morís et al., 2013), and covaries 100 

with the predictability and expected information of feedback (Kotani et al., 2003; Catena et 101 

al., 2012). The present study investigated whether SPN amplitude was related to belief 102 

uncertainty prior to updating.  103 

We recorded the electroencephalogram (EEG) from participants performing a 104 

perceptual learning task with monetary feedback, and used a Bayesian framework to estimate 105 

participants’ beliefs at each trial. Model-derived variables related to belief updating were then 106 

used to regress single-trial variations in ERP components (e.g. Bénar et al., 2007; Mars et al., 107 

2008; van Maanen et al., 2011; Ostwald et al., 2012; Lieder et al., 2013; Kolossa et al., 2015). 108 

  109 

MATERIALS AND METHODS 110 

Participants 111 

Participants were eighteen right-handed individuals with normal or corrected-to-normal visual 112 

acuity. Human subjects were recruited from among staff and students of The University of 113 
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Melbourne. Exclusion criterion was a medical history of any neurological disorder, including 114 

migraine and epilepsy. Informed consent was acquired from all participants in accordance 115 

with the Declaration of Helsinki, and approval was obtained from The University of 116 

Melbourne Human Research Ethics Committee. 117 

One participant was excluded from analysis because of poor EEG signal quality. A 118 

second participant was excluded from analysis after post-experiment debriefing revealed 119 

inadequate task understanding. For two other participants, computer error resulted in 120 

incomplete acquisition of EEG data. For these participants, behavioural analyses are reported 121 

only for task blocks in which complete EEG data was available (eight and seven of fifteen 122 

blocks, respectively). Final analyses were performed on data acquired from 16 participants 123 

(mean age = 22.63, range = 18-29, 6 female).  124 

In order to incentivise task performance, participants received monetary compensation 125 

for participation proportional to task winnings. Actual remuneration values were within the 126 

range of AUD$20-30 (M = $25.89, SD = 4.36). 127 

 128 

Behavioural paradigm 129 

Participants performed a novel perceptual learning task while EEG data was recorded. The 130 

task required participants to learn an arbitrary mapping between the contrast of a stimulus and 131 

monetary reward. This mapping was constant within each block, but differed between blocks. 132 

During each block, participants performed a number of consecutive trials in which they aimed 133 

to choose the contrast associated with the maximum reward (target contrast). The stimulus 134 

was a greyscale checkerboard stimulus (Figure 1A), which was presented on each trial for a 135 

duration of up to 30 seconds. During this time, the checkerboard’s contrast linearly changed 136 

(Figure 1B), and the participant could at any time choose the contrast displayed on screen by 137 

pressing a button with the right index finger. After choosing a contrast, participants received 138 
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the reward associated with the chosen contrast. Crucially, the amount of reward which 139 

participants received for a given contrast was determined by the proximity of the chosen 140 

contrast to the maximally rewarding target contrast. Concretely, reward was assigned as a 141 

function of the difference between the chosen and target contrasts, and reward per trial was in 142 

the range 0-25 cents (rounded to the nearest integer value). The mapping (Figure 1C) was a 143 

symmetrical triangular function with a centre of zero percent contrast difference, a half-width 144 

of 15 percent contrast difference, and a height of 25 cents. As such, received reward was 145 

maximal when the participant responded at the target contrast, and decreased monotonically 146 

with increasing difference of chosen contrast from the target. Reward was zero for responses 147 

at greater than 15 percent distance. This relationship is formally expressed in Equation (1):  148 

( , ) = 25 −  |  | ,   | −  | < 15              0,                  | − |  ≥ 15   (1) 149 

where t is the trial number, rt is the target contrast on trial t, and xt is the participant’s chosen 150 

contrast on trial t. 151 

By choosing different contrasts and obtaining associated rewards over a number of 152 

trials, participants were able learn the target contrast and thereby maximise their winnings. 153 

One important feature of the task was that participants were never informed of the exact 154 

contrast value they had chosen. As a result, there remained at all times a degree of uncertainty 155 

concerning to which contrast the observed feedback pertained. 156 

Initial contrast and initial direction of contrast change were randomly determined on 157 

each trial using a MATLAB random number generator with unique seeds for each participant. 158 

Half-cycle period, defined as the time required for the checkerboard’s contrast to change from 159 

one extreme to the other, was likewise randomly selected as 6, 7, 8, or 9 seconds on each trial 160 

in order to nullify the potential confound of learning based on temporal cues. The 161 

checkerboard phase-reversed at a rate of 12 Hz, giving it a flickering appearance. 162 
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Prior to testing, participants received training to instruct them in the shape of the reward 163 

function, and were informed that each block would have a different target in the range 10-164 

100%. Participants then completed 15 blocks of the task, each with a different target contrast, 165 

over approximately 60 minutes. Each block continued until cumulative checkerboard 166 

presentation duration for the block exceeded three minutes, or until 25 trials were completed, 167 

whichever occurred sooner. As a result, the number of trials per block varied (mean = 18.46, 168 

SD = 3.68). This ensured that participants could not rush through the task, and that it was not 169 

possible to trade off experiment duration against monetary winnings.  Finally, target contrasts 170 

were assigned subject to the constraint that the reward available for lowest and highest 171 

contrasts must be zero. In practice, because of the width of the reward distribution (see Figure 172 

1), this meant that target contrasts were assigned on the interval [25, 85] rather than the 173 

interval [10, 100]. This ensured that total reward available in each block was equivalent, and 174 

that feedback was always equally interpretable. Participants were not informed of this 175 

manipulation. 176 

Stimuli were presented using a Sony Trinitron G420 CRT monitor at a framerate of 120 177 

Hz. During task performance, participants were seated comfortably in a darkened room, using 178 

a chin rest at a distance of 77 cm from the screen. Checkerboard stimuli were 560 by 560 179 

pixels in size, measuring 19.5 by 19.5 cm on the screen and subtending a visual angle of 14.43 180 

by 14.43o. Responses were recorded using a five-button Cedrus Response Box. 181 

  182 

EEG data acquisition 183 

The electroencephalogram was recorded from 64 Ag/AgCl active scalp electrodes located 184 

according to the International 10-20 system. Electrodes interfaced with a BioSemi ActiveTwo 185 

system running ActiView acquisition software, and used an implicit reference during 186 

recording. Data were linearly detrended and re-referenced offline to an average of mastoid 187 
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electrodes. The vertical and horizontal EOG were recorded from electrodes infraorbital and 188 

horizontally adjacent to the left eye. EEG was recorded at a sampling rate of 512 Hz. Using a 189 

linear FIR filter, data were highpass filtered at 0.1 Hz, lowpass filtered at 70Hz, and notch 190 

filtered at 50Hz to remove background electrical noise. Data were analysed in epochs 191 

consisting of data from 1500 milliseconds before to 1500 milliseconds after presentation of 192 

monetary feedback. 193 

During preprocessing, data were first manually screened to exclude epochs 194 

contaminated by skin potential or muscle artefacts. Poor-quality data channels were then 195 

identified visually and corrected using the spline interpolation routine as implemented by the 196 

EEGLAB processing toolbox (Delorme and Makeig, 2004). An independent components 197 

analysis as implemented in the EEGLAB toolbox was performed on the resulting dataset to 198 

identify and remove components related to eye movements and eye-blink artefacts. A final 199 

impartial artefact screening procedure was performed to exclude from analysis all epochs in 200 

which max/min amplitudes exceeded ±500µV. Finally, a standard current source density 201 

(CSD) analysis was conducted on epoched EEG data for each of the 64 electrode sites using 202 

the CSD toolbox (version 1.1; Kayser and Tenke, 2006). This analysis calculates the spatial 203 

second derivative of voltage distribution over the scalp, and is a commonly applied procedure 204 

in the P3 and SPN literature (e.g. Gaeta et al., 2003; Catena et al., 2012). Spatial filters such 205 

as CSD are recommended for single-trial EEG analysis because their ability to extract 206 

estimates of activity unique to each electrode increases the signal-to-noise ratio of individual 207 

trial CSD-ERPs, thereby augmenting the statistical power of analysis (Blankertz et al., 2008). 208 

 209 

Single-trial CSD-ERP calculation 210 

Single-trial P3 amplitudes were calculated at four electrodes typically investigated in 211 

condition-based P3 ERP research:  FCz, Cz, CPz, and Pz (e.g. Mecklinger and Ullsperger, 212 
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1993; Troche et al., 2009). These electrodes were chosen to allow investigation of the effects 213 

of belief update on the topographically distinct P3a (fronto-central) and P3b (parietal) 214 

subcomponents of the P3 (see Polich, 2007 for review of P3 subcomponents).  215 

For each electrode, P3 amplitude was calculated as the maximum voltage in the window 216 

from 300-450ms after feedback presentation. This window was chosen according to a 217 

consensus estimate of latency of the peak of the P3 (Polich, 2007), and accounted for trial-to-218 

trial variability in P3 peak latency. Voltages at each electrode were baseline-corrected to the 219 

mean voltage within the period from 0-200ms pre-feedback.  220 

Single-trial SPN amplitudes were calculated at ten electrodes typically investigated in 221 

condition-based SPN ERP studies:  F3, F4, C3, C4, T7, T8, P3, P4, O1, and O2 (Kotani et al., 222 

2003). This allowed investigation of the relationship between belief uncertainty and SPN 223 

amplitude at bilateral frontal, central, temporal, parietal, and occipital electrodes. For each 224 

electrode, SPN amplitude was calculated as the mean voltage in the window from 0-500ms 225 

prior to presentation of feedback. This window was longer than that employed in some 226 

previous studies (Kotani et al., 2003; Masaki et al., 2010; Catena et al., 2012), but this was 227 

considered necessary to stabilise measurement volatility associated with calculation of SPN 228 

amplitudes in single trials rather than from averaged waveforms. Voltages were baseline-229 

corrected at each electrode to the mean voltage within the period from 1300-1500ms pre-230 

feedback.  231 

 232 

Overview of behavioural models  233 

We estimated two competing behavioural models: an unbiased updating model and a win-stay 234 

lose-shift (WSLS) heuristic model. The updating model assumed that participants maintained 235 

a belief distribution over the entire range of possible contrasts, and updated this distribution as 236 

feedback provided new information on each trial. By contrast, the WSLS model assumed that 237 
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rather than maintaining a full belief distribution across contrasts, choices exhibited a one-trial 238 

memory such that participants tried to repeat the previous trial’s choice if it had resulted in 239 

any reward, and shifted randomly to a new contrast otherwise. Both models are formally 240 

specified below. 241 

Parameters were estimated for each participant with maximum likelihood estimation 242 

using the interior point algorithm as implemented in MATLAB (The Mathworks, Natick, 243 

MA). Standard statistical model comparison tools were used to identify which model provided 244 

the best account of observed choices. The best-fitting model from this comparison was used in 245 

subsequent analyses of ERP results. 246 

 247 

Unbiased updating model 248 

For the unbiased updating model, a variant of a Bayesian grid estimator (Moravec, 1988) was 249 

used to obtain estimates of participants’ belief uncertainty and belief update size on each trial. 250 

In general terms, the model made a probabilistic estimate on each trial of participants’ beliefs 251 

regarding the level of the target contrast. These estimates could then be used to quantify (a) 252 

the degree of belief uncertainty in any given trial, and (b) how beliefs changed from trial to 253 

trial as new feedback information was received.  254 

Structurally, the model describes participants’ prior beliefs at each trial t by a 255 

probability mass function (PMF) θt over a contrast space divided into J discrete bins 1, 2, 3, 256 

… J, such that the value of the PMF at each bin j, θt(j), represented the subjective probability 257 

that the target contrast rt fell within bin j on trial t. Bins had a width of 0.61 percent contrast, 258 

chosen as the largest value sufficient to resolve different monetary feedback values. As a 259 

result, the belief distribution contained J = 148 contrast bins on the interval [10, 100]. At the 260 

beginning of each block, this distribution was initialised according to a discrete uniform 261 

distribution, reflecting participants’ a priori uncertainty regarding the target contrast. Use of 262 
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an uninformative starting prior is consistent with the modelling protocol of similar studies 263 

(e.g. Mars et al., 2008; Ostwald et al., 2012). Except for transitions between one block and the 264 

next, beliefs were considered to be updated sequentially, such that the posterior distribution of 265 

trial t was the prior distribution for trial t + 1.  266 

For each trial t, participants observed the feedback ft after the choice of contrast bin xt, 267 

determined according to the feedback mapping function R specified by Equation (1). Upon 268 

receipt of monetary feedback, the prior θt was updated for each contrast bin j according to 269 

Bayes’ Rule: 270 ( ) =  ( ) ( , | ∈ )( , )     (2) 271 

The left-hand side of Equation (2) is the value of the posterior belief distribution for bin j, 272 

calculated by multiplying the participant’s prior belief that the target contrast fell within bin j, 273 

θt(j) by the likelihood of observing the choice/feedback pair if the target were in bin j, Pr(ft, 274 

xt|r ∈ j),  and dividing by the marginal likelihood of the update, Pr(ft,xt).  275 

Importantly, in the task used in the present study, participants did not possess perfect 276 

knowledge of which contrast they had chosen (for instance, if the true value of a participant’s 277 

chosen contrast was 50 percent, the participant might know only that he or she had chosen 278 

some contrast between 40 and 60 percent). To account for this response uncertainty, the 279 

likelihood Pr(ft, xt|r ∈ j) in Equation (2) was expressed as a probability-weighted sum over all 280 

contrasts the participant might have believed he or she had chosen. As such, the likelihood 281 

was considered not at a single contrast value but over the set of all candidate contrast bins J*, 282 

J* = J.   283 ( , | ∈ ) = ∑ ∈ , ∗ = ∗∗     (3) 284 
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For each candidate contrast j* in the set J*, the probability Pr(r∈j|ft,xj*) was equal to one if it 285 

was logically possible under the task feedback mapping for the target contrast r to belong to 286 

bin j if feedback ft was observed after a choice of contrast xj*, and was zero otherwise. That is,  287 

∈ , ∗ = 1, ( , ∗) =0, ( , ∗) ≠    (4) 288 

Each candidate contrast likelihood was then weighted by the subjective probability Pr(xt = xj*) 289 

that the chosen contrast xt was equal to the candidate contrast xj*. This subjective probability 290 

reflects participants’ response uncertainty, and was calculated as the function G0, a zero-mean 291 

Gaussian function of the contrast difference between the true chosen contrast xt and the 292 

candidate contrast xj*:  293 

= ∗ = , ∗, ≡ √ (  ∗)    (5)  294 

The standard deviation σ of the distribution function reflects degree of response uncertainty, 295 

such that greater values of σ result in more weight being given to candidate contrasts at a 296 

greater distance from the true chosen contrast. In the case of zero response uncertainty, 297 

Equation (5) reduces to a Dirac δ function. Given Equations (3) and (5), Equation (2) can be 298 

rewritten: 299 

( ) =  ( ) ∑ ∈ , ∗  √  (  ∗)  ∗ ( , )   (6) 300 

For an intuitive understanding of this model parameterisation, consider the case of a 301 

participant who has perfect knowledge of exactly which contrast he or she has chosen. In this 302 

case, σ = 0 and Pr(xt = xj*) is equal to one where xj* = xt and zero elsewhere. In this case, the 303 

likelihood in Equation (3) is calculated exclusively on the basis of the true chosen contrast, 304 

and the participant is able to make very precise inferences from the observed feedback. In the 305 

present study it was considered highly unlikely that participants had perfect knowledge of 306 
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their chosen contrast. By allowing σ to vary, the model allows that participants consider a 307 

range of alternative hypotheses concerning the chosen contrast when updating their beliefs. 308 

The parameter σ was permitted to vary between participants when fitting the unbiased 309 

updating model. 310 

To implement this model, we made the further assumption that participants’ choices 311 

were determined by beliefs, such that contrast bins with a higher probability of containing the 312 

target contrast had a higher probability of being chosen, subject to response uncertainty 313 

during choice. Formally, the PMF for contrast choices over the set of contrast bins J was 314 

determined by convolving the prior belief distribution θt by the response uncertainty function 315 

G0 over the set of contrast bins J: 316 

 ( ) =  ( ∗ )[ ]   (7) 317 

where k is a normalisation constant ensuring that ΣPr(xt) = 1. 318 

As an illustration of how this model operates, we can assess the effects on belief of 319 

receiving feedback of f1 = 20 cents after a choice of x1 = 50 percent contrast on trial one (t = 320 

1). For the sake of simplicity, rather than enumerating effects across the entire belief 321 

distribution, we consider the effects of observing this feedback on one contrast bin of the 322 

belief distribution centred around 60.2 percent contrast (j = 83). Since we are considering the 323 

first trial of a block, prior belief probability for this contrast θ1 (83) = 1  = 0.007. If we 324 

assume that the perceptual uncertainty parameter σ is equal to 15, then by Equation (3), the 325 

likelihood Pr(20c, 50%|r ∈ 60.2%) is equal to 0.026. In order to calculate the posterior 326 

probability, we multiply the likelihood 0.026 by the prior belief probability 0.007 and divide 327 

by the marginal likelihood to normalise, giving θ2 (83) = 0.013. By calculating the ratio of 328 

posterior and prior, we observe that the participant’s subjective belief that the target contrast 329 
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falls within this bin has nearly doubled in strength as a result of the information provided by 330 

feedback: ( )( ) = ..  = 1.86.  331 

 332 

Win-stay lose-switch heuristic model  333 

Unlike the unbiased updating model, the WSLS model does not assume that participants 334 

maintain a belief distribution over the entire range of contrasts. Instead, this model predicted 335 

that participants’ behaviour on a given trial was a function of whether or not they had 336 

received reinforcement on the preceding trial (Robbins, 1952). Specifically, the model 337 

assumed that  participants attempted to repeat the previous trial’s  contrast choice if they had 338 

received any monetary reward on the previous trial (win), subject to response uncertainty, or 339 

shifted randomly to a new contrast if they had not received monetary reward (loss) or at the 340 

start of a new block. This gives the following choice probability function: 341 

( ∈ ) = ( ( )∗ )[ ] , > 0                 ,             ℎ   (8) 342 

where k is a normalisation constant. Equation (8) implements the win case with the 343 

convolution of the zero-mean Gaussian response uncertainty function given in Equation (5) 344 

with the Dirac delta function δ, which is equal to one at the contrast bin chosen in the 345 

previous trial contrast and zero elsewhere. This allows for the WSLS model to account for 346 

response uncertainty in a similar fashion to the unbiased updating model, thereby ensuring 347 

that predicted choice probabilities are comparable across the two models. 348 

 349 

Calculation of belief updating variables 350 

For the unbiased updating model, which assumed participants updated a belief distribution 351 

across all contrasts, estimations of subjective belief distributions could be used to calculate 352 
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three variables of interest on each trial: belief uncertainty prior to the receipt of feedback, 353 

post-feedback belief update size, and post-feedback surprise (see Mars et al., 2008).  354 

Belief uncertainty was calculated as Shannon entropy (Shannon, 1948) over contrast 355 

bins of the prior distribution: 356 ( ) =  − ∑ ( ) log ( )   (9) 357 

Shannon entropy was used as an uncertainty metric because the entropy H of a probability 358 

distribution represents the degree of uncertainty coded by that set of probabilities. The 359 

entropy of a distribution is equal to zero only in the case of complete certainty, when all 360 

probabilities but one are zero. Conversely, the entropy of a distribution is maximal when all 361 

probabilities have an equal value, as in a uniform distribution. In the present study, therefore, 362 

higher entropy values of the belief distribution reflected greater levels of belief uncertainty.  363 

Belief update size was calculated as the mutual information of prior and feedback. This 364 

quantity represents the degree to which uncertainty is resolved in the transformation from 365 

prior to posterior probabilities, and corresponds to the information content (I) of feedback: the 366 

more informative feedback is, the greater the reduction in uncertainty from prior to posterior 367 

beliefs. Accordingly, belief update size was calculated as the difference in entropy between 368 

prior and posterior beliefs: 369 ( ; , )  ≡ ( ) − ( | , )     (10) 370    = ( ) − ( )   371 

This value was calculated for each trial, and provided a model-based estimate of the 372 

degree to which feedback was used by participants to update their beliefs regarding the 373 

location of the target contrast in contrast space. Larger values of I indicate greater resolution 374 

of uncertainty, and therefore larger belief updates.  375 

In addition, we note that in the literature, belief update size is sometimes also measured 376 

by a metric termed Bayesian surprise (Baldi & Itti, 2010; Ostwald et al., 2012), which can be 377 
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calculated as the Kullback-Leibler divergence of prior and posterior. In order to allow 378 

comparison between the present study and previous research, Bayesian surprise, denoted IKL, 379 

was also calculated as an alternative measure of belief update size: 380 ( , )  ≡  ∑ ( ) ( )( )    (11) 381 

Finally, we calculated feedback surprise S, a measure of the improbability of observing 382 

a particular feedback value given a certain contrast choice under certain beliefs (Shannon, 383 

1948). Formally, this was computed as the negative logarithm of the probability of observing 384 

a certain feedback value ft given the pre-feedback belief distribution θt, and the chosen 385 

contrast value xt: 386 ( , , )  ≡  − log ( | , )    (12) 387 

It has previously been shown that surprise was encoded in the amplitude of the P3 at 388 

parietal electrodes in a serial reaction time task (Mars et al., 2008), and this quantity was 389 

therefore calculated in order to allow us to dissociate any observed effects of belief updating 390 

from effects of surprise. Importantly, while there is a superficial conceptual resemblance 391 

between belief update size and surprise, the two quantities are mathematically distinct (Baldi 392 

and Itti, 2010). Feedback surprise relates to the probability of occurrence of a particular 393 

feedback value; it is calculated as a function of the prior predictive distribution over possible 394 

observations. By contrast, belief updating relates to the degree to which feedback causes 395 

beliefs to be modified, and is calculated as a function of the prior and posterior distributions 396 

over parameters. Moreover, it has been shown that the two quantities have distinct neural 397 

substrates, with belief updating encoded in anterior cingulate cortex and surprise encoded in 398 

posterior parietal cortex (O’Reilly et al., 2013). Furthermore, from a statistical perspective, an 399 

important difference between surprise and belief updating is that belief updating is calculated 400 

as the distance measure between prior and posterior belief distributions, whereas surprise is 401 

calculated only at a single point in the prior distribution. 402 
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 403 

Single-trial regression analysis of belief updating 404 

Robust single-trial multiple regression analyses were used to investigate (a) the effect of 405 

feedback reward, feedback surprise, and belief update size on the amplitude of the post-406 

feedback P3 component, and (b) the effect of belief uncertainty on the amplitude of the pre-407 

feedback SPN. To account for individual variability in the amplitude of ERP components, 408 

both P3 and SPN amplitudes were normalised on an individual-participant level prior to 409 

regression analysis. To account for heteroscedasticity in the relationship between model-410 

derived belief variables and single-trial ERP amplitude estimates, robust (weighted least 411 

squares) linear regression analyses were used. For all ERP analyses, regressions were run 412 

separately for each participant at each electrode, and resulting beta coefficients were subjected 413 

to Bonferroni-corrected single-sample t-tests in order to determine whether the effect of each 414 

predictor significantly different from zero across participants. 415 

 416 

RESULTS 417 

Behavioural task  418 

Table 1 presents an overview of all statistical analyses reported. Across participants, 419 

responses became more precise with increasing within-block trial number (mean β = -0.65, 420 

t(15) = -9.66, p = .00000008a), indicating acceptable task performance (see Figure 2). The 421 

mean absolute difference between the chosen contrast and the target contrast in the final trial 422 

of blocks was 9.24 percent (SD = 8.48). This demonstrates that, while participants achieved 423 

proficiency on the task, their performance did not reach an absolute ceiling before block 424 

termination. 425 

  426 

Model comparison 427 



 

   19 
 

We used standard model comparison techniques in order to determine which of the two 428 

computational models described above provided the best account of participants’ choices. 429 

Table 2 presents Bayesian Information Criterion (BIC) values for the unbiased updating and 430 

WSLS models. Use of BIC allows us to identify models which account for data in a 431 

parsimonious way by balancing measures of parsimony (number of parameters) against 432 

measures of goodness-of-fit (log likelihood).  433 

It can be seen that the unbiased updating model provided the best overall account of 434 

participants’ choicesb. This model assumed that participants maintained a complete belief 435 

distribution over the contrast space, and that belief updates were unbiased by the direction of 436 

contrast movement at the time of choice. Furthermore, examination of model fits for 437 

individual participants using participant-specific BIC values revealed that the unbiased 438 

updating model provided the best account of choices for a clear majority of participants (see 439 

‘N best fit’ column in Table 2).  As a result, all ERP analyses made use of belief variables 440 

calculated from the unbiased updating model.  441 

 442 

Computational model   443 

Across participants, pre-trial belief uncertainty, as quantified by the unbiased updating model, 444 

was found to significantly predict choice accuracy on the upcoming trial (mean β = 5.71, t(15) 445 

= 11.74, p = .000000006c. Moreover, model-estimated belief uncertainty predicted choice 446 

accuracy even after accounting for the effects of three linear and non-linear trial number 447 

regressors: a linear term, a quadratic term, and a cubic term. In this analysis, we found 448 

significant effects for the quadratic trial number term (mean β = 0.12, t(15) = 2.15, p = .048d) 449 

and the cubic trial number term (mean β = -0.004, t(15) = -2.44, p = .03e), but not for the 450 

linear effect of trial number (mean β = -.28, t(15) = -0.42, p = .68f). However, even when 451 

accounting for these effects of trial number, the linear relationship between model-estimated 452 
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belief uncertainty and choice accuracy was still strong (mean β = 9.75, t(15) = 6.68, p = 453 

.0000007g). This result indicates that belief uncertainty was predictive of choice accuracy 454 

even when linear and nonlinear trial-by-trial learning effects were accounted for, suggesting 455 

that the task model fit data well, and validating the use of variables derived from this model in 456 

single-trial regression analyses. Figure 3 presents descriptive statistics for each of the 457 

calculated belief variables as a function of trial number. 458 

In the task model, participants’ response uncertainty was captured by the parameter σ, 459 

the standard deviation of the Gaussian noise affecting the marginal likelihood of belief 460 

updates. Across participants, estimates of σ had a mean value of 12.99 (SD = 4.42), and fit 461 

values of σ were positively correlated with participants’ overall task performance as measured 462 

by the average deviance between chosen and target contrasts, r(16) = 0.86, p = .00002h. 463 

Individual differences in σ were therefore behaviourally relevant, such that individuals with 464 

less response uncertainty tended to respond closer to the target contrast on average. This 465 

further validates our use of the Bayesian grid estimator to represent participants’ beliefs.   466 

 467 

Single-trial regression analysis: P3 468 

Single-trial regression analysis found a positive effect of belief update size (formally, the 469 

feedback-related reduction in entropy of the belief distribution approximated by a Bayesian 470 

grid estimator) on P3 amplitude at electrode FCz (mean β = 0.27, t(15) = 3.33, p = .005i, 471 

Bonferroni corrected; illustrated in Figure 4). There was no effect of belief update size on P3 472 

amplitude at electrodes Cz, CPz or Pz, and no significant effect of reward magnitude or 473 

feedback surprise on P3 amplitude at any electrode. This indicates that single-trial amplitudes 474 

of the fronto-central P3a directly indexed model-derived measures of belief update size. 475 

Figure 4B displays the average voltage scalp distribution and Figure 4C illustrates the 476 

difference map for large and small belief updates during the P3 time window. Table 3 477 
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displays a correlation matrix of the predictor variables included in the P3 regression analysis. 478 

Note that P3 regression analyses included either I or IKL as measures of belief update size, but 479 

never both. 480 

As illustrated by Figure 3C, there was a significant tendency for belief update size I to 481 

reduce as trial number increased (mean Spearman correlation across participants = -.67, t(15) 482 

= -17.91, p = 2×10-11j). As a result, we considered the possibility that the single-trial 483 

relationship between P3 amplitude and belief update size might have been confounded by an 484 

incidental effect of trial number on P3 amplitude. In order to address this possibility, we ran a 485 

control analysis in which trials were partitioned according to both trial number and belief 486 

update size. In this analysis, each trial was designated as either an ‘early’, ‘middle’, or ‘late’ 487 

stage trial, corresponding respectively to trial numbers one to five, six to ten, and eleven to 488 

fifteen. Trials were also designated as either ‘small or ‘large’ belief updates according to a 489 

median split separately for each participant. We then used 3 × 2 repeated-measures analysis of 490 

variance (ANOVA) to assess separately the effects of trial number (early, middle, late) and 491 

belief update size (small, large) on mean P3 amplitudes at electrode FCz. Consistent with the 492 

single-trial regression results presented above, ANOVA results indicated a significant main 493 

effect of update size, F(1,15) = 8.40, p = .01k, with large belief updates (M = 0.053 μV/cm2, 494 

SD = 0.017) associated with significantly larger P3 amplitudes than small belief updates (M = 495 

0.049 μV/cm2, SD = 0.016). There was no main effect of trial number on P3 amplitude, 496 

F(2,14) = 0.25, p = 0.78l, and no interaction between belief update size and trial number, 497 

F(2,14) = 0.63, p = 0.55m. These results support the contention that fronto-central P3 498 

amplitude indexed belief update size, and suggest that this effect was not confounded by any 499 

incidental effects of trial number. 500 

Interestingly, there was no relationship between belief update size and P3 amplitude at 501 

any electrode when belief update size was calculated as Bayesian surprise IKL rather than 502 
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mutual information I (mean β = 0.20, t(15) = 1.54, p = .14n). This appears to suggest that the 503 

observed effects are specific to the mutual information formulation of belief update size. Note 504 

that regression analyses were each run with either I or IKL as measures of belief update size, 505 

never both. 506 

Across participants, mean P3 peak latency at electrode FCz was 338.43 ms (S.D. = 507 

5.29). There were no effects of reward, belief update size, or surprise on P3 peak latency at 508 

any electrode assessed. 509 

 510 

Single-trial regression analysis: SPN 511 

Single-trial regression analysis found a small but significant negative effect of belief 512 

uncertainty (formally, the entropy of the belief distribution approximated by a Bayesian grid 513 

estimator) on SPN amplitude at electrodes C3, (mean β = -0.06, t(15) = 3.56, p = .003o, 514 

Bonferroni corrected; illustrated in Figure 5), and P4, (mean β = -0.05, t(15) = 3.77, p = .002p, 515 

Bonferroni corrected).  Note that SPN regression analyses were run including belief 516 

uncertainty as the sole predictor variable.  517 

This result indicates that higher levels of belief uncertainty were associated with smaller 518 

SPN components. That is, the more certain participants were regarding the location of the 519 

target contrast in contrast space, the greater the amplitude of the SPN evoked in anticipation 520 

of feedback stimuli. Figure 5B displays the average voltage scalp distribution and Figure 5C 521 

illustrates the difference map for high and low uncertainty during the SPN time window. 522 

There was no significant effect of belief uncertainty on single-trial SPN amplitude at any 523 

other electrode. However, as with belief update size, there was a strong negative correlation 524 

between belief uncertainty and trial number (mean Spearman correlation = -.94, t(15) = -525 

115.20, p = 2×10-23q; see Figure 3A), as would be expected in a task in which participants 526 

learned incrementally from each trial. The strength of this relationship precluded a factorial 527 
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control analysis to dissociate effects of belief uncertainty and trial number on SPN 528 

amplitudes. 529 

  530 

DISCUSSION 531 

This study combined single-trial analysis of ERPs with computational modelling of belief. 532 

Our results showed that two mathematically distinct belief variables—update size and 533 

uncertainty—were encoded in distinct ERP components in a perceptual learning task. The 534 

combination of methods that we employed linked the fine-grained information contained in 535 

single-trial EEG data with model-based estimates of participants’ latent beliefs, which would 536 

have been inaccessible to explicit testing. Our results suggest that trial-by-trial variations in 537 

the P3 and SPN reflect fundamental and distinct neural processes by which beliefs regarding 538 

the structure of the environment change over time.  539 

Participants performed a simple perceptual learning task in which they learned a 540 

functional mapping between stimulus contrast and monetary reward. The task was both 541 

naturalistic and challenging: even with extensive practice, participants’ performance did not 542 

reach ceiling, suggesting that participants continued to update beliefs throughout the 543 

experiment. We used a probabilistic model termed the unbiased updating model to infer 544 

participants’ beliefs at each trial from their choice history, and found that model-based 545 

estimates of belief uncertainty predicted future choices well. The unbiased updating model 546 

gave better predictions of behaviour than a competing model assuming a win-stay/lose-switch 547 

choice process in which participants chose on the basis of reward received on the previous 548 

trial rather than updating a full belief distribution. 549 

We used the unbiased updating model to quantify three latent belief variables: belief 550 

uncertainty, belief update size, and surprise (cf. Mars et al., 2008; Baldi and Itti, 2010; 551 
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O’Reilly et al., 2013). We then investigated how the model’s estimates of belief update size 552 

and belief uncertainty were encoded in the P3 and SPN components of the ERP, respectively. 553 

At the fronto-central midline electrode FCz, we found a significant positive relationship 554 

between post-feedback belief update size and single-trial P3 amplitude. This indicates that 555 

larger P3 amplitudes were observed in trials where feedback caused larger belief updates. 556 

Variability in single-trial P3 amplitude was best explained by regression using a model-557 

derived estimate of belief update size, and could not be accounted for by alternative regressors 558 

such as reward amount or feedback surprise. This is consistent with the hypothesis that P3 559 

amplitude reflects a Bayesian belief updating mechanism (Kopp, 2008; Mars et al., 2008). 560 

This theory attributes variability in P3 amplitude to the engagement of cognitive processes for 561 

revising internal models of the environment, and predicts that larger updates to beliefs will be 562 

associated with larger P3 amplitude. Our study, using a single-trial regression approach, 563 

allowed for a direct test of this hypothesis, and our results provide broad support for the 564 

theory. In addition, we note that the observed association between belief update size and P3 565 

amplitude disappeared when Bayesian surprise, rather than mutual information, was used as a 566 

measure of belief update size. The reason for this discrepancy is unclear, but may be related to 567 

differences in statistical power associated with the different temporal dynamics of the two 568 

measures (see Table 1 and Figure 3). Other metrics, including a free-energy-theoretic quantity 569 

termed model adjustment, have also been used in the ERP literature (Lieder et al., 2013). 570 

Future research should seek to provide a unifying account of belief updating by investigating 571 

circumstances under which these different metrics make differing cognitive and behavioural 572 

predictions. 573 

The significant single-trial relationship between belief update size and P3 amplitude 574 

was restricted to a fronto-central midline electrode, with no evidence for a comparable effect 575 

at centro-parietal midline electrodes. This partition corresponds to a distinction drawn 576 
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between two subcomponents of the P3: the fronto-central P3a, and the centro-parietal P3b 577 

(Polich, 2007). In the present study, the P3a but not the P3b was an index of belief update 578 

size. In this regard it is of particular interest that a previous study by Mars and colleagues 579 

(2008) found that feedback surprise but not belief update size was encoded in the P3b 580 

subcomponent, leading the authors to speculate that the P3a component may encode update 581 

size but not surprise. This proposal received empirical support from our findings. The 582 

observed results are broadly consistent with recent research investigating Bayesian single-trial 583 

properties of the P3 in a prediction task without reinforcement (Kolossa et al., 2015). 584 

Furthermore, the dissociation between frontal encoding of belief update size and parietal 585 

encoding of surprise is consistent with evidence from functional magnetic resonance imaging 586 

research. O’Reilly and colleagues (2013) measured brain activity during a saccadic eye 587 

movement task, and found that whereas belief update size was encoded in anterior cingulate 588 

cortex (ACC), surprise was encoded in posterior parietal cortex. Convergent methodologies, 589 

therefore, have shown that belief update size is encoded in both ACC and in the fronto-central 590 

P3a component of the ERP. Since the ACC has been proposed as a possible source of the P3a 591 

(Volpe et al., 2007), these results may be manifestations of the same underlying process. 592 

However, we note that since we did not use a standard P3a paradigm with novel non-target 593 

distractors, it is possible that the P3a component encoding belief update size in the present 594 

study might also simply be labelled an anterior P3. To date, this nomenclature remains 595 

ambiguous (see Luck, 2005; Polich, 2007).  596 

A link between the P3 and belief updating has the potential to unify a number of 597 

disparate experimental findings. Larger P3 potentials are elicited by infrequent stimuli (Sutton 598 

et al., 1965), novel stimuli (Friedman et al., 2001), and stimuli imparting information (Sutton 599 

et al., 1967). Since these manipulations each vary the extent to which participants must revise 600 

an internal model of the environment, belief updating might be considered a general principle 601 
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linking each of these observations. Moreover, the Bayesian perspective is broadly compatible 602 

with context updating theory, which proposes that P3 amplitude reflects revision of schemata 603 

concerning stimulus context (Donchin and Coles, 1988). Prior beliefs in the Bayesian sense 604 

are conceptual cognates of context schemata, and belief updating equivalent to schema 605 

revision. Of course, a Bayesian framework cannot account for all manipulations which affect 606 

P3 amplitude (Kopp, 2008). Other important manipulations include effects of stimulus value 607 

(Begleiter et al., 1983; Sato et al., 2005) emotional salience (Johnston et al., 1986), and 608 

target/non-target status (for review see Squires et al., 1975). The triarchic model of Johnson 609 

(1986) suggests that both transmission of information (analogous to the effect of a Bayesian 610 

belief update) and stimulus meaning contribute to the amplitude of the P3. Since stimulus 611 

meaning was not manipulated in the present study, we are unable to assess how its effects 612 

might have interacted with observed effects of belief updating. Integrating these 613 

manipulations is a task for future research.  614 

The present study also observed a significant negative relationship between belief 615 

uncertainty and pre-feedback SPN amplitude. At electrodes C3 and P4, larger SPN 616 

components were observed in trials in which participants’ beliefs were more certain. The SPN 617 

has previously been linked to the anticipation of feedback which provides response 618 

reinforcement (Damen and Brunia, 1994). The left central electrode C3 was situated over 619 

primary motor cortical areas responsible for the right index finger button press that indicated 620 

participants’ choices. The observed association between uncertainty and SPN amplitude at C3 621 

may therefore reflect motor learning, since preparatory neural activity in motor cortex is 622 

known to be associated with rapid visuomotor learning (Muellbacher et al., 2001; Paz et al., 623 

2003). Likewise, encoding of belief uncertainty at electrode P4 may reflect anticipatory pre-624 

feedback processing, consistent with previous studies showing involvement of parietal SPN in 625 

reward processing (Kotani et al., 2003).  However, we note whereas the present study found a 626 
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negative association between SPN amplitude and uncertainty, one recent study found a 627 

positive effect at frontal electrodes (Catena et al., 2012). Of course, it is problematic to 628 

compare frontal with central and parietal SPN, since different regions are likely to be 629 

recruited in different cognitive processes. Nevertheless, an important difference between the 630 

present study and that of Catena and colleagues (2012) pertains to the operationalisation of 631 

uncertainty. We employed a task in which uncertainty was reducible: with practice, 632 

participants could become more certain about the contrast-reward mapping. By contrast, 633 

Catena and colleagues (2012) tested irreducible uncertainty by varying cue-outcome 634 

association strength. Resultant use of different cognitive processes may explain the 635 

discrepancy between electrophysiological findings. Furthermore, we note that the SPN is 636 

generally elicited only during the period prior to the occurrence of a stimulus. As such, our 637 

finding that SPN amplitude indexes uncertainty is specific to the case of temporal 638 

anticipation, and does not necessarily fully define a general principle of the neural encoding 639 

of uncertainty. Future research should seek to determine how belief uncertainty is encoded 640 

when there is not a well-defined future time at which uncertainty will be resolved. 641 

In the P3 analysis, an additional factorial control analysis demonstrated that single-trial 642 

regression results were unlikely to have been affected by the possible confound of trial 643 

number. In the SPN analysis, by contrast, since a relationship between trial number and belief 644 

uncertainty was an inherent feature of the learning task employed in the present study, it was 645 

not possible to rule out a possible mediating effect of trial number on the relationship between 646 

SPN amplitude and belief uncertainty. Further research is required to determine whether the 647 

relationship between SPN amplitude and belief uncertainty holds even when uncertainty is not 648 

monotonically decreasing as a function of trial number. 649 

In the present study, our intention was not to give a complete overview of the ERP 650 

correlates of feedback processing, but rather to investigate the role in belief updating of two 651 
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particular ERP components (the P3 and SPN) which have been implicated in belief updating 652 

by past research. Indeed, the general neural response to feedback is likely to recruit many 653 

processes other than just those associated with the P3 and SPN, and research using different 654 

experimental tasks from the present study has identified other ERP components involved in 655 

learning from feedback. In particular, a large body of research suggests the importance of the 656 

feedback-related negativity (FRN; Miltner et al., 1997). This component has been strongly 657 

linked to the evaluation of feedback outcomes (Yeung and Sanfey, 2004; Achtziger et al., 658 

2015), and has been theorised to index the magnitude of a reward prediction error associated 659 

with reinforcement learning (Holroyd and Coles, 2002). Given this theory, in the present 660 

study we would have expected the FRN to encode not the size of a belief update, or the 661 

uncertainty of beliefs per se, but the valence of feedback outcomes relative to participants’ 662 

expectations. This is conceptually a separate aspect of learning from the model-based 663 

definition of belief updating employed in the present study. Furthermore, a recent review 664 

noted that it is problematic to investigate the FRN in tasks such as that employed by the 665 

present study, in which reward and performance feedback are delivered concurrently (Luft, 666 

2014). Since the task used in the present study was not optimised for the investigation of the 667 

FRN component, we chose to exclude the FRN from our model-based single-trial regression 668 

analysis. Future research should investigate the interaction of the FRN with the ERP 669 

components identified in the present study by making use of a belief updating task in which 670 

reward and performance feedback are orthogonal. 671 

Finally, we note that while we assessed belief updating within a Bayesian framework, 672 

there is evidence that humans also perform non-Bayesian belief updating in some 673 

circumstances (Hogarth and Einhorn, 1992; Stern et al., 2010). We do not make the strong 674 

claim that all neural computations underlying perceptual learning take place according to 675 

Bayesian principles; instead, it is likely that the ability of decision-makers to make use of 676 
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Bayesian updating is constrained by the complexity of the decision situation, and by the 677 

availability of heuristic alternatives to Bayesian updating (Achtziger et al., 2014, 2015). 678 

However, results of the present study show that a Bayesian updating model outperformed a 679 

non-Bayesian heuristic model for a relatively simple perceptual learning task. Non-Bayesian 680 

belief updating may have distinct ERP correlates in more complex environments, as suggested 681 

by Achtziger and colleagues (2014; 2015), and further research is required to reconcile these 682 

perspectives.  683 

In summary, the present study provides evidence that single-trial EEG data can be used 684 

to track the evolution of latent states of belief in humans. Our results build an empirical bridge 685 

between general theories of belief updating in cognition and a long tradition of research into 686 

the functional significance of ERPs. More broadly, our findings are a novel demonstration of 687 

the value and viability of computational cognitive modeling in EEG research.  688 
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LEGENDS 826 

Figure 1. (A) Following a self-paced button press, a checkerboard stimulus was presented 827 

whose contrast changed linearly. The participant could at any time select the contrast 828 

displayed on screen by pressing a button with the right index finger. The trial continued until 829 

a button was pressed, or until stimulus duration exceeded 30 seconds. Following the 830 

participant’s choice, the selected contrast remained on screen for two seconds, after which 831 

time the monetary reward associated with the chosen contrast was displayed for 2.5 seconds. 832 

In the event that no button was pressed within 30 seconds, feedback was a message reminding 833 

the participant of the task instructions. (B) Two demonstrative examples of stimulus contrast 834 

as a function of elapsed time. Example trial one (blue) has an initial contrast of 63%, is 835 

initially increasing, and has a half-cycle period of nine seconds. Example trial two (red) has 836 

an initial contrast of 39%, is initially decreasing, and has a half-cycle period of six seconds. 837 

The checkerboard stimulus phase-reversed at a rate of 12 Hz. (C) Functional mapping 838 

between contrast difference from target and monetary reward. The mapping was a 839 

symmetrical triangular function with a centre of zero percent contrast difference, a half-width 840 

of 15 percent contrast difference, and a height of 25 cents. As such, received reward was 841 

maximal when the participant responded at the target contrast, and decreased linearly with 842 

increasing difference of chosen contrast from the target. Reward was zero for responses at 843 

greater than 15 percent distance. Feedback received was rounded to the nearest whole-cent 844 

value. 845 

 846 

Figure 2. Mean accuracy as a function of within-block trial number across participants. 847 

Accuracy is presented as the absolute difference of chosen and target contrasts, where lower 848 

differences indicate better task performance. Error bars represent the standard error of the 849 

mean. Note that the number of trials per block varied across blocks and participants, and as a 850 
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result some participants did not complete more than 19 trials in any block. This confound 851 

limited the interpretability of accuracy data for trial numbers greater than 20, and the final 852 

data point of the series therefore represents mean accuracy across trials 19-25 for each 853 

participant. 854 

 855 

Figure 3. Computational belief variables as a function of trial number. A) Belief entropy. B) 856 

Feedback surprise. C) Belief update size measured as mutual information (see Equation 14). 857 

D) Belief update size measured as Bayesian surprise (see Equation 15). Note that the number 858 

of trials per block varied across blocks and participants, and as a result some participants did 859 

not complete more than 19 trials in any block. This confound limited the interpretability of 860 

computational belief variables for trial numbers greater than 20, and the final data point of the 861 

each series therefore represents a mean across trials 19-25 for each participant. Error bars 862 

represent the standard error of the mean. 863 

  864 

Figure 4. P3 analysis. A) Median split waveforms for 200 milliseconds preceding to 1000 865 

milliseconds following visual presentation of feedback. The P3 regression analysis window is 866 

indicated by the grey bar. ERP waveforms were lowpass filtered at 30Hz for display purposes 867 

only. Top panel: electrode FCz. Bottom panel: electrode Cz. B) Mean voltage topography 868 

during P3 analysis window from 300 to 450 milliseconds following visual presentation of 869 

feedback (time = 0). C) Topography of mean voltage difference between large and small 870 

belief update trials across participants during P3 analysis window. A median split was used to 871 

divide trials into two bins for each participant, corresponding to large and small belief updates 872 

according to model-derived estimates. This median split was for display purposes only, and 873 

was not used in the main regression analysis, which was based on single-trial amplitudes.  874 

  875 
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Figure 5. Stimulus-preceding negativity analysis. A) Median split waveforms for 0 to 1500 876 

milliseconds prior to visual presentation of feedback. The SPN regression analysis window 877 

from 0 to 500 milliseconds preceding feedback is indicated by the grey bar. ERP waveforms 878 

were lowpass filtered at 30Hz for display purposes only. B) Mean voltage topography during 879 

SPN analysis window from 0 to 500 milliseconds prior to visual presentation of feedback 880 

(time = 0). C) Topography of mean voltage difference between high and low uncertainty trials 881 

across participants during the SPN analysis window. A median split was used to divide trials 882 

into two bins for each participant, corresponding to high and low belief uncertainty according 883 

to model-derived estimates. This median split was for display purposes only, and was not 884 

used in the main regression analysis, which was based on single-trial amplitudes. 885 
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TABLES 886 

Table 1. Summary of statistical analyses. 887 

 Data structure Type of test Observed power 

a Normally distributed Single-sample t-test 1.0 

b Model likelihoods Bayesian Information Criterion N/A 

c Normally distributed Single-sample t-test 1.0 

d Normally distributed Single-sample t-test .54 

e Normally distributed Single-sample t-test .65 

f Normally distributed Single-sample t-test .06 

g Normally distributed Single-sample t-test 1.0 

h Normally distributed Pearson correlation .99 

i Normally distributed Single-sample t-test .95 

j Normally distributed Single-sample t-test 1.0 

k Normally distributed Repeated-measures ANOVA .77 

l Normally distributed Repeated-measures ANOVA .08 

m Normally distributed Repeated-measures ANOVA .13 

n Normally distributed Single-sample t-test .31 

o Normally distributed Single-sample t-test .97 

p Normally distributed Single-sample t-test .98 

q Normally distributed Single-sample t-test 1.0 

 888 

  889 
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Table 2. Summary of behavioural model fits for 4417 choices by 16 participants. 890 

Model 
Parameters per 

participant 
Parameters 

Belief 

distribution 

Log-

likelihood 
BIC 

N best 

fit 

Unbiased updating 1 σ Yes -20190 40515 11 

Win-stay/lose-shift 1 σ No -20350 40834 5 

BIC: Bayesian Information Criterion 891 

 892 

 893 

Table 3. Correlation matrix for predictors in P3 regression analysis. Presented as mean 894 

Spearman coefficient across participants (SD). 895 

 Reward Belief update size (I) Belief update size (IKL) 

Reward 1 - - 

Belief update size (I) .22 (0.19) 1 - 

Belief update size (IKL) -.24 (0.12) .64 (0.16) 1 

Surprise .45 (0.21) .22 (0.12) .05 (.14) 

I: Mutual information. IKL : Kullback-Leibler divergence. 896 












