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The brain predicts the timing of forthcoming events to optimize responses to them. Temporal predictions have
been formalized in terms of the hazard function, which integrates prior beliefs on the likely timing of stimulus
occurrence with information conveyed by the passage of time. However, how the human brain updates prior
Surprise temporal Peliefs is st'ill elusive. Here w§ inves'tigated electrogncephalographic (EEG) signatures ass?c.iated with
Belief updating Bayes-optimal updating of temporal beliefs. Given that updating usually occurs in response to surprising events,
P3 we sought to disentangle EEG correlates of updating from those associated with surprise. Twenty-six participants
performed a temporal foreperiod task, which comprised a subset of surprising events not eliciting updating. EEG
data were analyzed through a regression-based massive approach in the electrode and source space. Distinct late
positive, centro-parietally distributed, event-related potentials (ERPs) were associated with surprise and belief
updating in the electrode space. While surprise modulated the commonly observed P3b, updating was associated
with a later and more sustained P3b-like waveform deflection. Results from source analyses revealed that neural
encoding of surprise comprises neural activity in the cingulo-opercular network (CON) and parietal regions. These
data provide evidence that temporal predictions are computed in a Bayesian manner, and that this is reflected
in P3 modulations, akin to other cognitive domains. Overall, our study revealed that analyzing P3 modulations
provides an important window into the Bayesian brain. Data and scripts are shared on OSF: https://osf.io/ckqa5/

The current study focuses on a fundamental aspect of perception
that until now has received much less attention within the Bayesian

1. Introduction

The Bayesian brain hypothesis assumes that brain functions can
be modeled as Bayesian inference (Doya et al., 2007; Friston, 2012;
Kersten et al., 2004; Knill and Pouget, 2004). Bayesian inference is
very effective in modeling information processing under uncertainty,
and it represents a general framework increasingly being used for in-
vestigation of human perception, cognition and action (Chater et al.,
2010; De Lange et al., 2018; Friston et al, 2017). More specifically, the
Bayesian brain hypothesis supposes that the brain represents informa-
tion as posterior probabilities, which are derived by integrating likeli-
hoods of newly gained information with prior probabilities, that is, pre-
viously held (prior) beliefs. A general brain function hence is to update
prior beliefs to build accurate predictive models that minimize discrep-
ancies (i.e., surprise) — which may impose cognitive costs (Zénon et al.,
2019) - between newly gained information and prior beliefs.

framework as compared to other perceptual processes, namely, tempo-
ral expectations (Coull, 2009; Niemi and Naatanen, 1981; Vallesi, 2010).
Temporal expectations can be considered as beliefs about the timing
of occurrence of relevant events. One explanation for the paucity of
Bayesian research on this key ability could be ascribed to the suc-
cess of previous literature in modeling temporal expectations in terms
of the hazard function. Hazard functions describe the change in the
probability that an event will occur given it has not yet occurred
(Nobre and van Ede, 2018). To illustrate the hazard function, consider
a task in which the time interval (foreperiod, FP) between a warning
signal and a target can assume one of three equally probable durations
[P(FPqpore) = P(FPpegium) = P(FPyo,e) = .33]. If the target does not appear
at the short FP, the probability of its occurrence at the medium or long
FP will change to .5, and if still it does not appear at the medium FP,

* Corresponding authors at: Department of Neuroscience, University of Padova, 35128 Padova, Italy
E-mail addresses: antonino.visalli@unipd.it (A. Visalli), antonino.vallesi@unipd.it (A. Vallesi).

https://doi.org/10.1016/j.neuroimage.2021.117867

Received 29 September 2020; Received in revised form 2 February 2021; Accepted 9 February 2021

Available online 13 February 2021

1053-8119/© 2021 The Authors. Published by Elsevier Inc. This is an open access article under the CC BY-NC-ND license

(http://creativecommons.org/licenses/by-nc-nd/4.0/)


https://doi.org/10.1016/j.neuroimage.2021.117867
http://www.ScienceDirect.com
http://www.elsevier.com/locate/neuroimage
http://crossmark.crossref.org/dialog/?doi=10.1016/j.neuroimage.2021.117867&domain=pdf
mailto:antonino.visalli@unipd.it
mailto:antonino.vallesi@unipd.it
https://doi.org/10.1016/j.neuroimage.2021.117867
http://creativecommons.org/licenses/by-nc-nd/4.0/

A. Visalli, M. Capizzi, E. Ambrosini et al.

the probability of its occurrence at the long FP will equal 1. As long as
the (generative) probability of target occurrence remains stable, hazard
functions are valid models for describing both behavioral and neural re-
sponses in FP paradigms (Janssen and Shadlen, 2005; Bueti et al., 2010;
Herbst et al., 2018). However, hazard functions do not capture potential
changes in the generative probability of FP durations. As a consequence,
hazard functions are not well suited to model updating of temporal be-
liefs'.

In a previous study, we combined a Bayesian computational ap-
proach with functional magnetic resonance imaging (fMRI) in an at-
tempt to understand neural correlates of temporal belief updating
(Visalli et al., 2019). To that aim, we implemented a FP paradigm
(adapted from O’Reilly et al., 2013) that was designed to identify sepa-
rable neural correlates of belief updating and surprise. Here, by surprise
we refer to the information content of a particular event, such that the
lower its probability of occurrence is, the higher the level of surprise is.
Under common conditions, more surprising events typically give rise
to strong changes in beliefs. However, updating and surprise reflect
qualitatively different types of information (see Methods section 2.4,
for further details). Belief updating is often quantified by the Kullback-
Leibler divergence (Dg; ; Baldi and Itti, 2010), whereas Shannon’s Infor-
mation quantifies surprise (Ig; Itti and Baldi, 2009)?. Although these two
measures are usually highly correlated, surprising events do not neces-
sary trigger belief updating (see the “white snow paradox” in Itti and
Baldi, 2009, and the “two models” example in Barto et al., 2013). The
extent to which a surprising event induces a change in beliefs depends,
for example, on the precision (confidence or inverse uncertainty) of
our beliefs (Courville et al., 2006; Mathys et al, 2011), the volatility
of the environment (Behrens et al., 2007, Nassar et al., 2010) or re-
ward (McGuire et al., 2014). Furthermore, it also possible to imagine
scenarios in which belief updating might occur after events with very
low surprise (O'Reilly et al., 2013), a phenomenon that can be more
easily appreciated in a FP paradigm. Indeed, a target that occurs after
a FP with low a priori probability potentially induces a change in be-
liefs. At the same time, if the target appears later in time, even if the
associated a priori probability is very low, its level of surprise is also
low, since probability will increase during the trial as a function of the
elapsed time (i.e., high hazard rate). Going back to our previous study
(Visalli et al., 2019), to lower the correlation between updating and sur-
prise, which is usually high in experimental paradigms, our FP paradigm
introduced an experimental manipulation for which a subset of tempo-
rally surprising events not requiring belief updating emerged (see the
Methods Section 2.2, for details). Consistent with other recent studies
(Kobayashi and Hsu, 2017; Schwartenbeck et al., 2016), our fMRI re-
sults (see the Methods Section 2.7.2, for details) showed that updating
of temporal beliefs and surprise modulated trial-by-trial activity in two
key brain networks supporting top-down cognitive control (i.e. the abil-
ity to coordinate information processing for the pursuit of current goals;
Cocchi et al., 2013) in a multitude of cognitive tasks: the fronto-parietal

1 The terms belief (more common in the Bayesian brain literature) and expec-
tation (more common in the FP literature) are usually considered as synonyms.
Hereafter, we will use temporal beliefs to refer to prior beliefs about FP duration,
whereas expectations will refer to beliefs about FP duration modulated within a
trial according to the hazard function.

2 The Dy, between an observer’s prior and posterior beliefs is sometimes re-
ferred to as Bayesian Surprise, whereas the negative log probability (I5) of a
particular event as Surprisal. As reported in the main text, although the termi-
nology might be confusing, Ig and Dy, have distinct computational definitions:
for the former definition a highly unlikely event has high surprise, whereas for
the latter definition the degree of surprise of an event depends on how much it
changes internal beliefs.
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(FPN) and the cingulo-opercular (CON) networks (Dosenbach et al.,
2008). Overall, our results showed that Bayesian inference is suitable
for modeling temporal belief updating and, in line with the above-
mentioned studies (Kobayashi and Hsu, 2017; Schwartenbeck et al.,
2016), they provided further evidence for casting top-down control net-
works within a Bayesian brain framework (Pezzulo, 2012).

In the present study, we moved a step forward using electroen-
cephalography (EEG) to overcome the poor temporal resolution of fMRI
and to better describe the dynamics of neural processes of temporal up-
dating and surprise. Following the EEG-based research on Bayesian be-
lief updating (see Kopp et al., 2016, for an overview), we predicted
to differentiate updating and surprise at the level of the P3 event-
related potential (ERP) family (Donchin and Coles, 1988; Polich, 2007;
Sutton et al., 1965). It is a well-replicable fact that P3 amplitudes are
inversely related to stimulus probabilities (Donchin and Coles, 1988).
Therefore, notions of expectancy, uncertainty, subjective probability,
surprise, or updating were introduced as functional hypotheses of the
P3 early on (Donchin, 1981; Squires et al., 1976; Sutton et al., 1965).
A major shortcoming of the traditional P3 literature lies in the fact that
these functional notions remained undefined in formal terms. The rele-
vant research needs to be qualified as being non-computational because
P3 research was grounded on the goal of semantic agreement, which
was never achieved (see the controversy between Verleger (1988) and
Donchin and Coles (1988) as a prime example). Interest in P3 research
decreased in the years after 1988 until the rise of computational for-
malization in cognitive neuroscience revitalized the field. Our study
is another attempt to understand P3 amplitude fluctuations from the
vantage point of the Bayesian brain hypothesis. Explicit linkage be-
tween Bayesian inference and P3 amplitude variability did only ap-
pear in relatively recent years (Kopp, 2008; Friston, 2005). Since then,
a relatively small number of studies relied on computational formal-
ization and modeling of functional P3 hypotheses (e.g., Mars et al.,
2008; Kolossa et al. 2013, 2015). A consistent finding emerging from
these studies is that distinct P3 sub-components can be differenti-
ated in terms of the above-mentioned Dy; and Ig measures. In par-
ticular, a parietal scalp-distributed P3b has been associated with Ig
(Kolossa et al., 2013; Mars et al., 2008), whereas an earlier and more
anteriorly scalp-distributed P3a has been linked to Dy; (Bennett et al.,
2015; Kolossa et al., 2015). Of note, none of these previous Bayesian P3
studies was designed to differentiate between belief updating and sur-
prise. Using the same task employed in our previous study (Visalli et al.,
2019), we addressed this limitation in the present EEG study by applying
an appropriate experimental manipulation.

All previous Bayesian P3 studies investigated correlations between
Dy;, and/or Ig and EEG single-trial amplitude measures extracted from
time windows and electrodes that were selected on the basis of some a-
priori assumptions and/or inspection of grand-average ERP waveforms.
The main disadvantage of such an approach is that it does not pro-
vide temporally detailed information about the waveforms of interest
(Smith and Kutas, 2015). Indeed, neural activities related to belief up-
dating and surprise may occur in close spatial and temporal proximity,
potentially overlapping in scalp-recorded resulting EEG signals. Finally,
other modulations outside the P3 latency range and/or its typical scalp
topography could be associated with updating and surprise, but these
potential ERP modulations may have been overlooked in those previous
Bayesian P3 studies.

To overcome these limitations, we adopted a regression-based mas-
sive approach that considered the entire spatio-temporal EEG record-
ings in the present study (Ehinger and Dimigen, 2019). Moreover, we
performed source reconstruction of the EEG signal within some re-
gions of interest (ROIs) selected on the basis of our related fMRI study
(Visalli et al., 2019) in order to gather further information on our pre-
vious findings.
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In sum, the present Bayesian ERP study targeted three goals: (i) To
identify ERP correlates of temporal belief updating and distinguish them
from ERP correlates of surprise through appropriate experimental ma-
nipulations; (ii) To link the results from previous Bayesian P3 studies
with those from the present study on temporal belief updating. At the
same time, by applying some theoretical (i.e., the distinction between
updating and surprise through appropriate experimental manipulation)
and methodological (i.e., mass analysis of EEG signals) refinements, we
tried to improve the analysis and the computationally informed under-
standing of the P3; (iii) To further scrutinize our previous fMRI finding
showing the involvement of cognitive-control brain networks in tem-
poral belief updating and encoding of surprise by the analysis of EEG
signals in the source space.

2. Methods
2.1. Participants

The study included an initial sample of 26 participants. One par-
ticipant was excluded due to low compliance with task instructions
(22% of premature/missing responses) and replaced with an addi-
tional participant. Therefore, the final sample still comprised 26 par-
ticipants [10 males; mean age: 23.4 (SD = 3), range: 19-33 years
old]. All of them were right-handed [Edinburgh Handedness Inventory
(Oldfield, 1971) average score: 81.8 (SD = 16)] except one who showed
weak right-handedness (EHI = 20). An a-priori sensitivity power anal-
ysis (G*Power 3 software; Faul et al., 2007) revealed that our sample
size was large enough to have a statistical power of .80 to detect the
significant (a« = .05) effects of interest with a medium effect size d = .50
(Cohen, 1988), as estimated from our previous study (Visalli et al.,
2019).

All participants reported no current (or history of) neurological or
psychiatric disorders, normal color vision and normal or corrected-
to-normal visual acuity. The procedures involved in this study were
approved by the Bioethical Committee of the Azienda Ospedaliera di
Padova. Participants gave their written informed consent before the ex-
periment, in accordance with the Declaration of Helsinki, and were re-
imbursed 20 Euros for their time.

2.2. Task and procedure

The experimental paradigm — the same variable FP task used in our
previous study (Visalli et al., 2019; see also O’Reilly et al., 2013) — was
implemented in MATLAB (The MathWorks, Inc., Natick, Massachusetts,
United States) using the PSYCHOPHYSICS TOOLBOX 3 (Brainard and
Vision, 1997; Kleiner et al., 2007). The task is available in the shared
folder task.zip. On each trial, participants had to respond as quickly as
possible to the onset of a target that was separated from a neutral warn-
ing signal by variable FPs (Fig. 1A). The warning signal was a black fix-
ation cross displayed centrally against a gray background for the whole
FP duration. The target was a colored circle with a diameter equal to
the length of the cross arms and centrally displayed for 1000 ms. Partic-
ipants responded by pressing the spacebar with their index finger (half
of the participants used their right hand, whereas the other half their
left hand). The inter-trial interval was randomly jittered between 1250
and 1750 ms (rectangular distribution). The onset of the majority of the
targets (80% of 790 trials) was predictable (predictable trials), since the
target appeared after a FP drawn from a Gaussian distribution (normal
FP) having constant mean and standard deviation during a block of trials
(Fig. 1A and 1B). However, FP means and standard deviations changed
abruptly between blocks of trials. The blocks were not temporally sepa-
rated, and participants were explicitly instructed that a change in target
color (vermillion, reddish purple, bluish green, or blue) signaled the be-
ginning of a new block (updating trial). On a few trials (20%; uniform
trials), interspersed with the other trial types, the target appeared af-
ter a FP drawn from a uniform distribution ranging from 250 to 2500
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ms (half of them had a FP below the expected mean and the other half
above). Therefore, the generative probability density function over FP
duration for each block was:

p(FP)=.80p(FP|FP ~ N(u,0))+ .20 p(FP|FP ~ U250 ms,2500 ms))

M
that is, the sum of the probability of normal FPs, p(FP|FP~N (u,0)),
scaled by 80% and the probability of uniform FPs, p(FP|FP~U(250 ms,
2500 ms)), scaled by 20%.

Importantly, “uniform” targets were always white, signaling that the
current trial was not igniting a new block. Although update and uniform
trials were both highly surprising, participants were instructed to use
the color information in order to avoid updating after uniform trials.
Summarizing, the color manipulation created three types of trials: (i)
“predictable” trials in which the target onset could be easily predicted;
(ii) “updating” trials in which target onsets were generally surprising
(lower hazard rate) and led to strongly update the internal model; (iii)
“uniform” trials that, like updating trials, were generally surprising, but
in which updating was minimized (see Supplementary Figure S1, for a
behavioral confirmation of task strategy). It follows that the color ma-
nipulation allowed having a subset of surprising events not eliciting up-
dating in order to partially differentiate between processes involved in
trial-to-trial belief updating and within-trial preparatory processes to
the current trial. The number of blocks was 72 (plus an initial familiar-
ization block, which was excluded from analyses). In each block, pre-
dictable FPs were drawn from a different Gaussian distribution, whose
parameters were derived from an orthogonal combination of 9 means
(500, 700, 900, 1100, 1300, 1500, 1700, 1900, and 2100 ms) and 8 stan-
dard deviations (25, 50, 75, 100, 125, 150, 175 and 200 ms). Each block
included a number of trials ranging between 8 and 13 (mean: 10.5). In
half of the blocks, the Gaussian distribution had a mean at least 3 SD
higher than the previous one, whereas in the other half it was at least 3
SD lower. The blocks were grouped in four runs with self-paced breaks
in between. Participants were informed that each new run started from
the same FP distribution as that used in the last block of the previous
run (trials of a new block presented at the beginning of a new run were
discarded from analyses). Before the EEG cap application, participants
familiarized themselves with the task. They performed a shorter version
of the experimental task comprising three runs of two blocks each. In
the first two runs, they were presented only with normal FP, in order
to realize the arbitrary association between colors and FP distributions
and to be made aware that after a pause (beginning of a new run) the
new block resumed the same FP distribution as in the last block. The
third practice run introduced uniform FPs and the difference between
them and the normal ones was carefully explained to participants.

2.3. Ideal Bayesian observer

The model was introduced in Visalli and colleagues (2019; see
also O’Reilly et al., 2013) and is now available in the shared folder
bayesian model. Briefly, on a trial-by-trial basis, the model estimates the
posterior probability of putative pairs of p and ¢ values of the parame-
ters of the Gaussian distribution from which normal FPs are drawn. The
range of possible values of n and ¢ (parameter space) considered by the
model is 300 x 25 (respectively, p from 10 to 3000 ms in steps of 10 ms,
and o from 10 to 250 ms in steps of 10 ms). Following task instructions
given to participants, the model updates prior beliefs according to the
type of trial.

Predictable trial. The posterior at trial n is calculated with Bayes’ rule
by multiplying the likelihood of the new observation with posterior at
trial n-1:

p(FP~ N(py.0,)|FP.,) o p(FP,|FP~N(u.0))
xp(FP ~ N (py.0,)|FP.,) @)

where p(FP~N(u,, 6,,)|FP;.,) indicates the posterior probability of each
u and o parameter pair at trial n, p(FP,|FP~N(y, o)) indicates the likeli-
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ITI Fig. 1. Depiction of the task paradigm. (A) Example of
a trial: Participants had to respond to target onsets that
were separated from a neutral warning signal by variable
FPs. (B) FP durations in three exemplary blocks. In most of
the trials (i.e., 80%), target onsets were predictable since
they occurred after FP (colored dots) drawn from a Gaus-
sian distribution (as suggested by dotted lines connecting
normal-FP values of the third block in panel B with the
corresponding Gaussian distribution in panel C). FP mean
(solid grey line) and standard deviation were kept constant
within a block. On 20% of trials, targets occurred after
FP (white dots) extracted from a uniform distribution. (C)
Gaussian distributions over FP duration in the three exem-
plary blocks.

50 60 70 80

Trial

hood of the observed FP duration, and p(FP~N(u,, 6,)|FP;.,.1) indicates
the posterior probability at trial n-1.

Uniform trial. The posterior at trial n is derived from the posterior at
trial n-1 without modification.

Update trial. The posterior at trial n is calculated with Bayes’ rule
by multiplying the likelihood of the new observation with a uniform
distribution over parameter space:

p(FP~ N(uy,.0,)|FP.,) < p(FP,|FP ~ N(u,0)) X p(FP ~U(u,0))
(€)

where p(FP~U(u,0)) indicates the uniform distribution over the consid-
ered parameter space.

Posteriors over parameter space are then translated into probability
density functions over normal FP duration by computing a sum of all
possible Gaussian distributions whose i, ¢ belonged to the parameter
space weighted according to their posterior probability:

p(FP|FP.,) = ) p(FP|FP ~ N(u,0)) X p(FP ~ N (4, 0,) | FPy.,,)

Ho

“)

where p(FP|FP~N(y,0)) is the probability distribution over FP duration
for each Gaussian belonging to the parameter space.

At the beginning of each trial, participants know they can be pre-
sented with targets appearing either after predictable FPs or after ran-
dom FPs (uniform/update trials). Therefore, a prior probability density
function over FP duration for trial n+1 is obtained as a weighted mix-
ture between the posterior Gaussian distribution over time at trial n and
a uniform distribution:

p(FP,1|FP.,) = p(predictable,y,,) - p(FP|FP.,)
+p(uniform,,, Uupdate,y, ) - p(F P|U(10,3000 ms))
(6))
where p(predictable, ;) and p(uniform,,; |J updatey,, ) represent
the probability of incurring, respectively, in a predictable or in a uni-

form/update trial at the next trial of the current block (nb indicates
the trial number within a block, which differs from n that indicates

p(FP)

trial number referred to the whole task). For simplicity, p(uniform,,, ;
(J update;,,) was the true proportion of incurring, respectively, in
a predictable or a uniform/update trial at each trial within a block,
smoothed with a moving average in order to have a monotonic increase
in the probability of having an update trial during a block. Concerning
p(predictable ), it was 1 - p(uniform,,; |J update,, ).

2.4. Model-based measures of updating and surprise

As mentioned in the Introduction, two measures from information
theory were used to formally quantify updating of temporal expectations
and surprise. Such information theory measures were computed with
reference to the ideal Bayesian observer, and used as regressors for both
behavioral and EEG analyses.

Following Itti and Baldi (2009), updating was trial-wise quantified
in terms of the Kullback-Leibler divergence (Dy;) between prior and
posterior on each trial:

3000

p(FP|FP,, ;)
Dy, = p(FP|FP,., ) log———— =~ ©6)
Kt F;lo( [ Przner) P(FP|FP1:n)

where the prior p(FP|FP;., ;) and the posterior p(FP|FP;.,) are defined
analogously as in Eq. 5.

Since during a trial, the prior probability of target onset changed as a
function of the elapse of time (Janssen and Shadlen, 2005), surprise was
quantified as the Shannon information (Ig), i.e. the negative log value
of the hazard function at target onset:

FP,|FP,.,_
IS=—log P( n| 1:n 1) (7)
1—-p(FP<FP)|FP.,,)

where p(FP, |FP;.;;) is the probability of FP duration at trial n given
the prior, and p(FP<FP,|FP;., ;) is cumulative probability up to that
FP. The correlation between Dy; and Ig was r = 0.30 (R = 0.09). An
output of the model and the resulting model-based measures of updating
and surprise is presented in Supplementary Figure S2.
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2.5. RT data analysis

Raw data and scripts used for this analysis are available in the shared
folder behavioral analysis.

The behavioral analysis is the same as the one conducted in
Visalli and colleagues (2019). RTs were log-transformed to mitigate the
influence of non-normally distributed and skewed data. Log-RTs were
then analyzed by means of Linear Mixed Models (LMM) using the Ime4
library (Bates et al., 2015) in R (http://www.R-project.org/). Data from
error trials (i.e., anticipated and/or missing response to the target) and
post-error trials were not included [mean percentage of excluded trials:
4.4% (SD = 3.2%), range: 0.5-14.3%]. First, we specified a full LMM
as the following Wilkinson-notation (Wilkinson and Rogers, 1973) for-
mula:

log(RT) ~ Trial + Preceding RT + Dy, * Ig
+(Trial + Preceding RT + Dy + Ig|ID) (8)

In detail, we entered Dy; and Ig (and their interaction) along with the
rank-order of each trial (Trial) and the log-RT at the preceding trial
(Preceding RT) as fixed-effect terms. The random structure (between
parentheses in Eq. 8) included correlated by-subject random intercepts
and by-subject random slopes for Trial, Preceding RT, Ig and Dg;. All
these continuous predictors were standardized using Z-score in order to
facilitate model convergence. Following Baayen and Milin (2010), the
variables Trial and Preceding RT were included to control for the tempo-
ral dependencies between successive trials that generally need to be ad-
dressed when modeling RTs. Specifically, TRIAL was included to capture
possible effects of learning and fatigue, while PRECEDING RT was used
to capture the trial-by-trial RT autocorrelation. Model selection proce-
dure from the full model to a minimal adequate model was conducted
through the function step of the ImerTest R-library (Kuznetsova et al.,
2017), which performs backwards elimination of non-significant ran-
dom and fixed effects of LMM (Kuznetsova et al., 2015).

2.6. EEG data acquisition

The EEG was recorded using BrainAmp amplifiers (Brain Products,
Munich, Germany) from 64 Ag/AgCl electrodes that were mounted on
an elastic cap (EASYCAP GmbH, Germany) according to the interna-
tional 10-10-system. Electrooculographic activity was recorded through
an electrode placed under the right eye and was also monitored through
the scalp electrodes placed in the proximity of both eyes. Before record-
ing, impedance for all electrodes was checked and adjusted until it was
lower than 10 kQ before testing. All electrodes were referenced to FCz
during the recording, and an electrode positioned at AFz served as the
ground. EEG activity was digitized at a sampling rate of 500 Hz.

2.7. EEG data analysis

Raw EEG datasets, data and scripts used for the EEG data analysis
are available in the shared folder eeg analysis.

2.7.1. EEG pre-processing

Offline processing of EEG signal was performed using custom MAT-
LAB scripts, which included functions from the EEGLAB environment
(version 14.1.2b, Delorme and Makeig, 2004) and the FastICA algorithm
(Hyvarinen and Oja, 2000).

As a preliminary step for ICA decomposition (used for EEG arte-
fact removal), a band-pass filter using a one-pass non-causal zero-phase
Kaiser windowed sinc FIR filter (cut-off frequencies = 2 and 40 Hz;
beta = 5.6526; transition bandwidth = 4 and 20 Hz for the high- and
low-pass filters, respectively) was applied to continuous EEG data. The
high cut-off for the high-pass filter was applied to remove low-frequency
drifts in order to improve the results of ICA (Winkler et al., 2015). The
clean_rawdata function was used to remove noisy channels (channel cri-
terion = .8) and short-time bursts (burst criterion = 20 SD) from the
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data. A maximum of 3 channels per subject (mean = 0.6, SD = 1) were
removed. Then, the FastICA algorithm was applied to obtain ICA weight
matrices and sphering matrices.

Since the use of a high-pass filter with such a high (2-Hz) cut-off may
attenuate ERP effects and introduce distortions (Tanner et al., 2015), the
ICA solution calculated on the 2-Hz high-pass filtered data was then ap-
plied on continuous EEG data band-pass filtered with a high-pass cut-off
frequency of 0.1 (transition bandwidth = .2). Before applying the ICA
solution, noisy channels identified in 2-Hz high-pass filtered data were
removed. Subsequently, the EEGLAB plugin SASICA (Chaumon et al.,
2015) was used to guide the identification and exclusion of artifactual
ICA components (e.g., blinks, eye movements, muscle activity, miscon-
nected channels). Finally, removed channels were interpolated using
spherical splines (Perrin et al., 1989) and continuous EEG data were
re-referenced to the average of all of the EEG electrodes adding FCz
channel back to the data.

2.7.2. EEG source analysis

The neuronal source of the scalp-based EEG signal was estimated
using Brainstorm toolbox (Tadel et al., 2011). In particular, we esti-
mated the current strength dynamics of the EEG cortical sources using
the depth-weighted minimum norm estimation approach (Baillet et al.,
2001) and a boundary element methods (BEM) conductive head model
generated with OpenMEEG (Gramfort et al., 2010; Kybic et al., 2005) us-
ing the adaptive integration method. The solution space was constrained
to the cerebral cortex, which was modeled as a three-dimensional grid
of 15002 elementary current dipoles with unconstrained orientations
based on the FreeSurfer brain template (FSAverage; see Fischl et al.,
1999). Based on the results of our previous fMRI study (Visalli et al.,
2019), we created ten regions of interest (ROIs) centered on the ten
volumes of interest that we used in the correlational psychophysiolog-
ical interaction analysis of fMRI data (see Supplementary Table S1 in
Visalli et al., 2019) and covering a cortical surface of approximately 5
cm? (range: 4.99-5.07 cm?).

The ten ROIs were located in the following FPN and CON regions:
bilateral inferior frontal gyri (IIFG and rIFG), bilateral posterior parietal
cortices (IPPC, IPPC2, and rPPC), precuneus (PCun), posterior cingulate
cortex (PCC), bilateral insulae (1Al and rAl), and dorsal anterior cingu-
late cortex (dACC). Activity in such regions was found to be modulated
by updating and/or surprise with the following distinctions: (i) medial
parietal regions within the FPN (i.e., PCun and PCC) were exclusively
modulated by belief updating; (ii) lateral frontoparietal regions within
the FPN (i.e., PPC and IFG) were instead modulated by both updating
and surprise; (iii) CON regions (i.e., dACC, and AI) were modulated by
surprise only.

The time course of the current strength of each ROI was computed
by performing a principal component analysis and taking the first com-
ponent explaining most of the signal variance.

2.7.3. EEG inferential statistics

For both scalp- and source-reconstructed EEG signals, first-level
(subject-specific) analysis was performed using the Unfold toolbox
(Ehinger and Dimigen, 2019) in MATLAB. This toolbox allows per-
forming regression-based EEG analysis by integrating a mass-univariate
approach with linear deconvolution. Deconvolution tries to disentan-
gle overlapping electrophysiological responses from subsequent events
(e.g., from stimulus onset and from button press). This aspect is very
helpful in our paradigm to analyze the neural response associated with
target onset. Indeed, targets were preceded by variable foreperiod inter-
vals in which several processes likely occurred. Since targets appeared
at different stages of these foreperiod processes depending on their sta-
tus (i.e., predictable vs. surprising), the resolution of electrophysiologi-
cal correlates of such processes differently affected target-related ERPs.
Deconvolution helped us to face this problem by (at least partially) iso-
lating specific ERPs associated with target onset. For a methodological
description of the “Unfold” analysis steps, the reader is referred to the
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original work (Ehinger and Dimigen, 2019). For the current analysis, we
specified three events: cue onset, target onset and button press. Error
trials were discarded from the analysis. Target onsets were modeled ac-
cording to the following Wilkinson-notation formula: y =1 + Dg; + Ig.
As suggested by Ehinger and Dimigen (2019), cue onset and button
press were modeled using a simple intercept term (y = 1) to remove
ERP evoked by events of no interest from the estimation of the target
evoked response. The design matrix was time expanded from -1 sto 1 s
around each event using a set of spline functions (1 s is the target stim-
ulus duration and, therefore, the maximum time allowed to respond).
Before fitting the model, artifact intervals in the scalp-EEG signal were
identified using a peak-to-peak voltage threshold of 75 4V and removed
from the design matrix (i.e., set to 0). The same bad intervals identified
in the scalp-EEG signal were also marked as artifactual in the source-
reconstructed EEG signal and removed. The estimated regression coef-
ficients (betas) of each predictor (Dg; and Ig), which can be visualized
as ERP-like waveforms or scalp topographies (aka “regression-ERPs”,
rERPs), were then entered in a second-level analysis for group inference.

Second-level analysis was performed using the ept- threshold-free
cluster enhancement (TFCE) toolbox (Mensen and Khatami, 2013) in
MATLAB. One-sample t-tests were performed on estimated betas of Dy,
and Ig parameters® in the data space channels x epoch time points (0-
1000 ms) and results were corrected for multiple comparisons using the
TFCE approach. For scalp-EEG analysis, since performed at the whole
scalp level, we used a conservative alpha-level = .001 (number of per-
mutations = 20000), whereas for the source-reconstructed EEG analy-
sis, since performed on a priori ROIs, we used the more common alpha-
level = .05 (number of permutations = 5000).

3. Results
3.1. RT data results

The final model after backward selection is specified as follows:

log(RT) ~ Trial + Preceding RT + Dy, * Ig
+(Trial + Preceding RT + Ig|ID) )

Visual inspection of the residuals showed that they were skewed. As
suggested by Baayen and Milin (2010), trials with absolute standard-
ized residuals higher than 2.5 SD were considered outliers and removed
(1.6% of the trials). After outlier trials removal, the model was refitted
achieving reasonable closeness to normality. Marginal R? of the final
model, which represents the variance explained by the fixed effects, was
0.24; conditional R?, which is the variance explained by both fixed and
random effects, was 0.58.

Table 1 shows the statistical results of the type IIl ANOVA. The anal-
ysis revealed a significant effect of I5. Indeed, on average, RTs were
longer for higher values of I5. Importantly, this effect was further qual-
ified by a significant interaction between Dy; and Ig. Fig. 2 shows that
the increase of RTs with increasing surprise was slightly augmented with
high Dy, in a multiplicative way. These results replicated our previous
findings (see Table 1 and Fig. 2 in Visalli et al., 2019). In other words,
at negligible levels of belief updating (a situation that is equivalent to
common FP paradigms), participants were faster in responding to pre-
dictable compared to surprising target onsets (grey dots in Fig. 2; see
also the left cloud of dots in supplementary Figure S3). Moreover, slow-
ness for very surprising targets (around 2 SD above the mean surprise)

3 Whether baseline correction is an always appropriate EEG preprocessing
step is still a matter of debate (Alday, 2019), especially in tasks with stimulus ex-
pectations or response preparation effects (Maess et al., 2016). For this reason,
here we report results of TFCE analysis on no-baseline corrected betas. An anal-
ysis conducted on betas baseline corrected to the average betas calculated over
the 50 ms preceding and following the target onset (Correa and Nobre, 2008;
Kononowicz and van Rijn, 2014) yielded similar results.
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Table 1

Analysis of variance with type-III sums of squares.
Fixed Effects SumSq Num.df Den.df F P B
Trial 0.15 1 249 41 .055 -0.04
Preceding RT 1.14 1 234 30.9 < .001 0.56
Dy 2.84 1 18364.7 76.7 < .001 -0.10
Is 9.27 1 24.5 250.2 < .001 0.26
Iy:Dy. 457 1 183643 1234 <. 001 0.12

Notes: F-statistics and associated p-values were calculated using Satterthwaite’s
approximation of degrees of freedom. Additionally, standardized regression
coefficients (f) are shown. Dy; and Ig represent the main effects of updating
and surprise, respectively, while Dy, :I represent their interaction.

5.95

5.55

5.5

-4 -2 0 2 4
z-score IS

©No-Update Trials @Update Trials

Fig. 2. Interaction plot for log-transformed RTs. The plot shows the effect of
surprise (Ig) for update trials (black line and dots) and no-update (i.e., uniform
and predictable; grey line and dots) trials. Fitted log-RT values were extracted
from the final model using the fitted.merMod function in the Ime4 library. Then,
separately for each trial type (i.e., update and no-update), they were averaged
by I values across participants (black and grey dots represent average I values
for update and no-update trials, respectively).

was greater at higher levels of belief updating, that is, in update trials
(black dots in Fig. 2).

3.2. Scalp EEG data results

As predicted, the results of the TFCE analysis on updating and sur-
prise (Fig. 3) showed that both processes were associated with distinct
P3-like modulations but also with other earlier effects.

Specifically, we mainly observed three significant Dy; -effects
(Fig. 4). An early positive deflection was present over frontal electrodes
(Fpl, Fpz, Fp2, AF3 AF4, AF8, F2, F4, F6, FC4) approximately between
230 and 280 ms. A second positive deflection emerged over posterior
electrodes between 310 and 400 ms. The last significant effect consisted
of a late and sustained positive modulation extending approximately be-
tween 480 and 820 ms over parietal scalp sites (CP4, CP6, P1, P3, P5,
Pz, P2, P4, P6, P8, PO3, POz, PO4, PO8).

Concerning significant Ig effects (Fig. 5), an early positive deflection
was observed roughly between 70 and 140 ms over posterior electrodes
(CP6, P4, P6, PO3, POz, PO4, O1, Oz, 02). A later significant modu-
lation was observed as a positivity that developed over centro-parietal
scalp sites (C4, Cpl, Cp3, Cpz, Cp2, Cp4, P1, P3, Pz, P2, P4, PO3, POz,
PO4) approximately between 360 and 640 ms. Such P3-like modulation
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Fig. 3. Raster diagram showing significant
effects elicited by updating (D) and sur-
prise (I5) according to TFCE analysis. Rect-
angles in warm and cold colors indicate elec-
trodes/time points significantly modulated by
model-based regressors. The colorbar indi-
cates t values. Gray rectangles indicate elec-
trodes/time points that were not significantly
modulated. Note that electrodes are organized
along the y-axis somewhat topographically
(Groppe et al., 2011). Electrodes on the left
side of the scalp are grouped on the top of the
diagram, midline electrodes are shown in the
middle, and right electrodes are grouped at the
bottom. Within those three groupings, the y-
axis top-to-bottom corresponds to anterior-to-
posterior electrodes

peaked earlier and was less sustained compared to the P3-like modula-
tion associated with Dy .

3.3. Source EEG data results

Results of the TFCE analysis are shown in Fig. 6. Concerning updat-
ing, analyses revealed no significant effect in any of the ROIs selected
on the basis of our previous findings (Visalli et al., 2019). Concerning
surprise, we found significant modulations in all cingulo-opercular net-
work (CON) ROIs (dorsal anterior cingulate cortex, dACC: 226-356 ms;
left anterior insula, 1AI: 408-458 ms; right anterior insula, rAl: 346-474
ms) and in two parietal ROIs (IPPC2: 262-366 and 470-584 ms; posterior
cingulate cortex, PCC: 380-436 ms).

4. Discussion

The present study investigated electrophysiological correlates of
Bayesian inference about temporal beliefs, and it targeted separating
decomposable event-related potential measures of surprise and belief
updating. In order to achieve these goals, we dissociated surprise from
updating through a FP paradigm that had been utilized in a previous
fMRI study (Visalli et al., 2019). In that particular FP paradigm, the re-
quest for belief updating was purposefully decoupled from presenting
surprising events through corresponding experimental manipulations.
Corroborating previous research on the Bayesian brain and P3-like ERPs
- and extending this line of research to the temporal domain — we found
that surprise and requests for belief updating selectively modulated late
positive ERP waveforms, as detailed below.

Before elaborating on the ERP findings, we shall briefly dwell on
the present behavioral results, which replicated those from our previ-
ous fMRI study (Visalli et al., 2019). To begin with, we found that in-

creases in surprise were associated with increased RTs. With regard to
the previous FP literature, this result is consistent with the well-observed
modulation of RT by the hazard rate (Nobre and van Ede, 2018). Be-
yond FP studies, RTs are considered to reliably index, at least in part,
the effort related to information encoding (Hyman, 1953; Teichner and
Krebs, 1974; Zénon et al., 2019). This finding is hence in line with
information-theory accounts of cognition, which posit that surprising
events are effortful to encode (see Zénon et al., 2019, for an overview).
Furthermore, we also replicated our previously reported finding of an
interaction between surprise and updating, indicating that belief updat-
ing incurred higher RT costs at higher levels of surprise compared to
lower levels of surprise. Overall, the replication of these RT costs pro-
vides novel insights into how RTs relate to information encoding effort.
Prior to the present study, Zénon and colleagues (2019) suggested that
these RT costs are equivalent to the amount of information that is re-
quired for belief updating. However, the present RT findings suggest
that, at least in the temporal domain, it is the stimulus surprise that
mainly affects RTs, and that updating-related contributions to RT costs
can be appreciated only in interaction with surprise. We suggest that
the distinction between surprise and updating in modulating RT should
be more carefully sorted out in future research.

Turning to the confirmatory part of the present ERP analyses, we
found a first significant late positive waveform being modulated in am-
plitude by surprise. Due to its timing (i.e., 360-640 ms following target
onset) and its parietal scalp distribution, this ERP deflection may be best
described as representing a modulation of the P3b component (Luck and
Kappenman, 2011). The finding of surprise-related P3b amplitude mod-
ulation is consistent with analogous findings from some previous studies
(Kolossa et al., 2013; 2015; Mars et al., 2008).

Previous work did not provide more precise definitions of those cog-
nitive processes that should be captured by the information theoretic
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Fig. 4. Effects significantly modulated by Updating. The trace-plots depict
the mean betas values (grand-average rERP) of the Dy, parameter (UNFOLD
analysis) averaged over the electrodes indicated as black dots in the correspond-
ing topoplot. Mean beta values are surrounded by standard error bounds. The
topoplots show the t values averaged in the time windows grey shaded in the
trace-plot (top: 230-270 ms; middle: 320-400 ms; bottom: 600-700 ms), which
reflect the time windows of significance overlap across the electrodes indicated
as black dots.

measure of surprise, Ig. Some features of the present FP paradigm may
shed some light on this issue, given that we purposefully decoupled
surprising and updating-inducing events in our experimental design.
The color manipulation rendered it possible to present surprising events
without any request for belief updating (see the Methods, Section 2.2).
In addition to that, surprise was computed in the present study on the
hazard rate of target onset rather than on its prior probability. To clarify
this distinction, consider the example that we made in the Introduction.
Imagine a task with three possible FP durations. When the participant’s
prior beliefs are [FPg = .8, FPregium = -1, FPigng = .11, if s/he sees
the target occurring at FPy,,, surprise equals O since the target proba-
bility has reached 1 according to the hazard function. However, despite
surprise equaling 0, belief updating will still occur in response to the tar-
get, rendering FPy,,, more probable. Therefore, the information derived
from the hazard function may be very useful during the current trial for
facilitating behavioral responses to the target. In contrast, hazard rate at
target onset is not utilized for updating temporal beliefs about FP dura-
tions on forthcoming trials. It is thus reasonable to consider the reported
surprise-related P3b amplitude modulation as likely indexing neurocog-
nitive processes that primarily subserve efficient immediate responses
to targets.

A related issue is that previous studies typically used paradigms with
two or more types of targets, which were associated with distinct mo-
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Fig. 5. Effects significantly modulated by Surprise. The trace-plots depict
the mean betas values (grand-average rERP) of the Ig parameter (UNFOLD anal-
ysis) averaged over the electrodes indicated as black dots in the correspond-
ing topoplot. Mean beta values are surrounded by standard error bounds. The
topoplots show the t values averaged in the time windows grey shaded in the
trace-plot (top: 100-150 ms; bottom: 400-600 ms), which reflect the time win-
dows of significance overlap across the electrodes indicated as black dots.

tor responses (i.e., n-choice tasks, with n > 2). This aspect inevitably
introduces another serious confound, as the surprise-related P3b am-
plitude modulation may either reflect stimulus-related sensory surprise
or, not necessarily mutually exclusive, surprise related to the selection
of the corresponding (more or less surprising) motor responses in n-
choice RT tasks (Barcel6 et al., 2008; O’Connell et al., 2012). The fact
that the present FP paradigm requires only one motor response (simple
response task, i.e., n = 1) suggests that violations of sensory expecta-
tions per se (more precisely, temporal expectations here) are sufficient
for eliciting the surprise-related P3b amplitude modulation. Neverthe-
less, since interactions between temporal preparation and task-demands
have been shown to be captured by P3-like components (Barcel6 and
Cooper, 2018a, 2018b), it would be interesting for future research to
compare our P3 modulation with that elicited in tasks manipulating sen-
sorimotor uncertainty (e.g., a two-forced choice paradigm).

Belief updating likewise modulated a positive P3b-like potential dis-
tributed over parietal electrodes. This amplitude modulation occurred
at somewhat later latencies and as a more sustained modulation (480-
820 ms) compared to the surprise-related P3b amplitude modulation. At
first sight, this updating-related P3b amplitude modulation seems to lie
in disagreement with results that were obtained in previous Bayesian
studies. These studies reported associations between belief updating
and waveform modulations of the relatively earlier and more anteri-
orly distributed scalp-recorded P3a component (Bennett et al., 2015;
Kolossa et al., 2015). However, the discrepancy between present and
previous results can be easily accounted for by differences in the way
updating was computed, as detailed in the following paragraph.

As an example, Kolossa and colleagues (2015) used a modified ver-
sion of the urn-ball paradigm (Phillips and Edwards, 1966), and they
decomposed belief updating into two distinct processes referred to as
“Bayesian surprise” and “postdictive surprise”. In their study, Bayesian
surprise represents the updating of beliefs over latent variables (the urns
from which balls are drawn), whereas postdictive surprise represents
the change in beliefs over the observable stimuli (the balls). To better
understand the difference between these two measures, we will make
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Fig. 6. Effects modulated by Updating and Surprise at the source space. The traceplots depict the mean betas values (grand-average rERP) of the Dy, (blue line)
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posterior parietal cortex; PCun: precuneus; PCC: posterior cingulate cortex; Al: anterior insula; dACC: dorsal anterior cingulate cortex; pre-SMA: pre-supplementary

motor area; | and r indicate left and right.

a parallel with our FP paradigm. In the named study (Kolossa et al.,
2015), latent variables would correspond to Gaussian distributions from
which normal FPs were drawn in the present FP paradigm (i.e., see
the Methods Section 2.3, specifically the description of the parame-
ter space). Kolossa and colleagues’ (2015) notion of Bayesian surprise
therefore corresponds to changes in the probability over the parameter
space in the present study. Note that this measure of Bayesian surprise
was not considered in our study. In contrast, Kolossa and colleagues’

(2015) notion of postdictive surprise corresponds to the Dy; that we
utilized to quantify belief updating in the present study. Kolossa and col-
leagues (2015) found that Bayesian surprise modulated P3a waveforms,
whereas postdictive surprise better explained the modulation of positive
slow wave (SW) amplitudes, which took place somewhat later compared
to the proper P3b waveforms. As already mentioned above, Ig was re-
lated to the P3b in the named study (Kolossa et al., 2015). Considering
all these issues, it seems reasonable to assume that our surprise- and
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updating-related P3b amplitude modulations may correspond very well
to (surpise-related) P3b and (postdictive surprise-related) SW waveform
modulations, respectively, which had been reported by Kolossa and col-
leagues’ (2015). On a side note, the mathematical equivalence between
postdictive surprise in the named previous study and temporal belief
updating in the present study exemplifies an important advantage of
computational approaches because they allow tracing terms or concepts
(e.g., surprise, Bayesian surprise, postdictive surprise, belief updating)
back to their computational core.

As an interim conclusion, our data provide additional hints that clas-
sically observed P3b waveforms may result from spatio-temporal over-
lap of updating- and surprise-related ERP modulations. The present re-
sults further reconcile more traditional, yet loosely defined views of
the P3b as an index of “context updating” (Donchin and Coles, 1988;
Polich, 2007) with previous Bayesian ERP studies that found P3b mod-
ulated by surprise. It is worth noting that none of our P3-like re-
sponses resembled the anterior P3a sub-component. More traditional
views have associated the P3a with involuntary attentional responses to
deviant/novel non-target stimuli (Polich, 2007), whereas some previous
Bayesian ERP studies have reported a modulation of this component by
belief updating (Bennett et al., 2015; Kolossa et al., 2015). Although dis-
cussing about the absence of evidence is risky, focusing on differences
between previous paradigms and ours (e.g., temporal modulation of at-
tention, absence of non-target stimuli, use of non-discrete continuous
stimuli) might inform future studies for a deeper (computational) com-
prehension of the P3a. Overall, our findings, in line with those from pre-
vious Bayesian ERP studies (Bennett et al., 2015; Kolossa et al., 2013;
Kolossa et al., 2015; Mars et al., 2008), reinforce the view according
to which the P3 complex represents a valuable tool for decomposing
neural correlates of Bayesian computations — such as surprise and belief
updating — across a variety of experimental paradigms and cognitive do-
mains. Overall, our findings, in line with those from previous Bayesian
ERP studies (Bennett et al., 2015; Kolossa et al., 2013; Kolossa et al.,
2015; Mars et al., 2008), reinforce the view according to which the P3
complex represents a valuable tool for decomposing neural correlates of
Bayesian computations — such as surprise and belief updating - across a
variety of experimental paradigms and cognitive domains.

Turning to the more exploratory part of the present ERP analyses,
we found associations between model-based regressors for updating and
surprise and earlier ERP waveform modulations. Regarding surprise, we
observed the modulation of a positive waveform that peaked at around
100 ms with occipital scalp distribution, resembling a P1 ERP compo-
nent (Luck, 2014). Previous findings from temporal attention studies,
which utilized symbolic cues predicting the likely timing of target on-
set, showed that early visual ERP components such as the P1 may be en-
hanced in response to validly cued temporal target onset under certain
conditions (for a discussion on this issue, see Correa et al., 2006). This
phenomenon has been explained in terms of pre-stimulus alpha synchro-
nization (Gruber et al., 2014). At first glance, our finding of enhanced
P1 amplitudes for surprising targets seems to be at odds with previous
research. However, the majority of our surprise trials comprised “white”
uniform targets. P1 amplitudes are known to be enhanced in response to
more intense (i.e., brighter) stimuli (Johannes et al., 1995). As a result
of such a limit in our task design, the observed P1 effect may be more
parsimoniously explainable as being related to changes in physical stim-
ulus features rather than being related to changes in their information
properties.

Regarding belief updating, we found two other significant ERP wave-
form modulations: a positive deflection at fronto-central sites around
250 ms, and a somewhat later P2-like posterior positivity around 350
ms (most pronounced at occipital electrodes). Together, these two ERP
waveform modulations suggest that belief updating may involve addi-
tional top-down perceptual processes. This possibility rests on the argu-
ment that the frontally discernible ERP waveform modulation resembled
ERP components that were recently observed in perceptual decision-
making studies in terms of their scalp topography and timing. Notably,
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similar ERP waveform modulations have been considered as markers of
prefrontal neural activities that reflect top-down perceptual processing
in Go-NoGo paradigms (Di Russo et al., 2017). Even more specifically,
the prefrontal P2 (pP2) was suggested to reflect the accumulation of
sensory evidence to reach “Go” decisions (Berchicci et al., 2016). By
analogy, the modulation of the fronto-central positive waveform in the
present study might represent decisions for belief updating in response
to color changes.

Concerning the updating-related posterior P2 amplitude modulation,
previous studies have related P2 amplitudes to cognitive processes such
as encoding of novel stimuli, target validity/incongruency effects and
memory processes (see Freunberger et al., 2007, for an overview). The
present updating-related P2 findings may possibly index the recruitment
of additional cognitive processes involved in belief updating. Of course,
all these post-hoc interpretations should be treated with caution, and
our computational approach was not meant to target these cognitive
processes. These exploratory ERP findings suggest that surprise and up-
dating affected also early stages of target processing differently, a topic
that should be considered in more detail in future research.

A final point concerning our results pertains to the source reconstruc-
tion of the EEG signal, an analysis that included some cortical ROIs se-
lected on the basis of our previous study (Visalli et al., 2019). Consider-
ing the parietal scalp topography of both surprise-related and updating-
related P3-like effects, and since our fMRI study indeed showed some
overlapped modulation by surprise and updating in the posterior pari-
etal cortex (PPC), we expected to find similar P3 cortical genera-
tors in this area (a hypothesis supported by several fMRI-constrained
EEG source analyses; see, Bledowski et al., 2004; Crottaz-Herbette and
Menon, 2006; Horovitz et al., 2002). In contrast to this hypothesis, how-
ever, our analyses revealed only significant effects associated with sur-
prise, thereby only partially corroborating our previous fMRI findings.
Although these results do not add to our previous fMRI findings on up-
dating, they are still important to get some valuable hints on the tempo-
ral course of neural activation associated with surprise. More in detail,
like our previous fMRI study, we replicated that surprise elicited re-
sponses in the cingulo-opercular network (CON). This modulation was
first observed in the dorsal anterior cingulate cortex (dACC) and then
in bilateral anterior insulae (AI). As regards the fronto-parietal network
(FPN), we found that surprise elicited a response in a portion of the left
posterior parietal cortex (IPPC2) which was also modulated by surprise
only in the fMRI study. However, we also observed a surprise-related
significant modulation in the posterior cingulate cortex (PCC), an area
found in our previous fMRI study to be associated only with belief up-
dating. Overall, the present findings provide some evidence favoring our
prior interpretation of the CON as a “surprise” network (Visalli et al.,
2019). Our perspective represents an information-theoretic formaliza-
tion of those theories that see the CON as a “salience network” involved
in the transient detection of relevant stimuli in order to guide behavior
(Menon and Uddin, 2010; Seeley et al., 2007; but see Dosenbach, 2008).
According to their model, AI and ACC are involved in the rapid iden-
tification of deviant stimuli and in the generation of top-down control
signals to neocortical regions, such as primary sensory areas, premotor
areas, as well as lateral FPN areas generating the scalp-recorded P3b,
including the PPC (Menon and Uddin, 2010; Sridharan,et al., 2008),
which are involved in the in the phasic adjustment of top-down con-
trol in response to identified salient stimuli (Dosenbach et al., 2008). Of
course, these considerations should be taken with caution, since source
reconstruction was not computed on high density EEG data or using the
individual MRI of the participants.

The present study isolated ERP correlates of temporal belief updating
by separating them from ERP correlates elicited by surprise. For such a
purpose, we utilized the experimental design of our previous fMRI study
(Visalli et al., 2019). However, a potential concern might be that the eco-
logical validity of our study design was rather limited. For example, it
might be difficult to generalize our results to contexts in which changes
in the statistical properties of the environment are not explicitly sig-
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naled (Nassar et al., 2010; Yu and Dayan, 2005). The ecological validity
of our FP paradigm, and of Bayesian inference paradigms in general, re-
mains a potentially important issue that should be investigated in future
research.

To conclude, our main results can be summarized as follows: (i) In
line with our previous fMRI study (Visalli et al., 2019), we were able
to identify behavioral and neural mechanisms associated with updating
of temporal belief and facing of temporally surprising events, thus con-
firming that Bayesian inference can represent a promising framework to
model dynamic adaptations of temporal beliefs; (ii) Temporally surpris-
ing events elicited updating- and surprise-related P3 waveform modula-
tions similar to those observed in non-timing tasks. These results, thus,
suggest that the P3 is a valid index of inferential processes also in the
temporal domain; (iii) Analyses in the source space revealed the involve-
ment of areas belonging to control networks in the encoding of surprise,
especially areas within the CON (suggesting a functional definition of
the CON as a surprise network); (iv) Finally, the methodological ap-
proach adopted here (combining a task design thought to disentangle
belief updating and surprise plus regression-based massive EEG analy-
sis) allowed a partial reconciliation of long-held accounts of P3 ampli-
tude fluctuations with more recent findings from Bayesian ERP studies.
This progress was achieved by showing that belief updating and surprise
elicited similar, yet clearly distinguishable P3b amplitude modulations
in their time-course, which likely summed together in traditional P3b
studies. Overall, the P3 has once again proved to be a valid indicator
of information processing at the neural level and in the temporal do-
main. The present contribution for the functional interpretation of the
P3 represents, therefore, a relevant step forward in the computational
modeling of brain information processing.
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