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Abstract
When a visual event is unexpected, because it violates a train of repeated events, it excites
a greater positive electrical potential at sensors positioned above occipital-parietal human
brain regions (the P300). Such events can also seem to have an increased duration relative
to repeated (implicitly expected) events. However, recent behavioural evidence suggests
that when events are unexpected because they violate a declared prediction — a guess —
there is an opposite impact on duration perception. The neural consequences of incorrect
declared predictions have not been examined. We replicated the finding whereby
repetition violating events elicit a larger P300 response. However, we found that events
that violated a declared prediction entrained an opposite pattern of response — a smaller
P300. These data suggest that the neural consequences of a violated prediction are not

uniform but depend on how the prediction was formed.

Significance statement

The authors demonstrate that how a prediction is formed dictates how the brain responds to
unexpected visual information. They replicate the classic finding whereby the P300 wave,
detected via EEG at occipital-parietal sensors, is larger following violations of trains of
repetitive (implicitly expected) events. Using the same paradigm, they find that events that
violate a declared, explicit prediction produce an opposite effect — a smaller P300.
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INTRODUCTION

There is great contemporary interest in the neural processes that govern our capacity to predict
the near future. Neuroscientists have proposed that this capacity is perhaps the primary function
of the human brain, and findings regarding the outcome of perceptual predictions have inspired

prominent theories of brain function [1-4].

Recent behavioural evidence has suggested that different types of predictions can have opposite
effects on time perception [5-8]. Events that are presumed to be expected due to repetition,
although participants tend not to be quizzed about their expectations, can seem to have a shorter
duration relative to unexpected ‘oddball’ events [6-8]. However, if people are asked to guess
(to declare) which of two equally likely events might eventuate, then events that confirm a

declared prediction can seem to last longer relative to events that are not predicted [5].

In terms of brain activity, neural responses to events that are unexpected, because they break a
chain of repeated events (which we will refer to as a repetition-based prediction), tend to be
exaggerated relative to responses to repeated events [9-12]. For example, a neural signature of
violations of repetition-based predictions is a greater positive electrical potential recorded by
sensors positioned above occipital-parietal regions of the human brain, peaking ~300ms from

event onset — the P300 [13-15].

It has been suggested that neural response magnitudes may typically scale with perceived
duration [6, 16, 17]. So repeated visual events may evoke a reduced amount of visual and
temporal information processing in the visual system [6]. The exact mechanism for these

processes are unknown, but a neural correlate of exaggerated perceived durations has been
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identified - the P300, which is enhanced for events that seem longer due to violations of a

repetition-based prediction [13].

When we considered the reversed impact of expectation on time perception for declared
predictions [5] and repetition-based predictions [6-8], we were motivated to ask if there might
be a similar reversed impact on brain activity — will responses elicited by events that confirm
a declared-prediction be opposite to responses elicited by events that confirm a repetition-based

prediction? To the best of our knowledge, this question has not been examined previously.

We conducted two experiments. In Experiment 1, participants were shown sequences of brief
repetitive events (flashed red or green circles; see Figure 1A for a graphic depicting this
experimental protocol). Before the first presentation of each sequence, participants guessed
what colour the first event would be — a declared prediction. The final event of the sequence
was either a repeat of all preceding events, or an oddball (the opposite colour) — encouraging a
repetition-based prediction. The results of this experiment are suggestive of a reversed neural

outcome for violations of repetition-based predictions and declared predictions.

The design of Experiment 1 had the benefit of closely matching many similar past
investigations, at the cost of confounding the effects of repetition with the effects of the
probability of encountering a specific type of event (repeated events were both more common
and were presumed to be implicitly predicted). In Experiment 2 we adopted a design that broke
this confound. Participants viewed sequential pairs of flashed coloured circles (see Figure 2A
for a graphic depicting this experimental protocol). Participants guessed the colour of both

sequential events before they were presented — a declared prediction. Repetitions of the same
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colour were used to explore the effects of repetition, independent of the impact of the

probability of encountering a given type of event.

Across both experiments, we found that while P300s were exaggerated for events that violated
repetition-based predictions, they were diminished for events that violated declared predictions
—areversed pattern of neural response which we were encouraged to predict based on findings

relating to time perception [5-8].

EXPERIMENT 1

METHODS AND DATA ANALYSIS
Experimental procedures, participant numbers, exclusion criteria and analyses for this

experiment were pre-registered (https://aspredicted.org/8s3re.pdf), and the research was

approved by the University of Queensland ethics committee and conducted in accordance with
the Declaration of Helsinki. We report how we determined our sample size, all data exclusions,
all inclusion/exclusion criteria, whether inclusion/exclusion criteria were established prior to
data analysis, all manipulations, and all measures in the study. We have also distinguished the

unregistered procedures and analyses from the pre-registered ones.

Participants

A target N of 40 participants was pre-registered. A total of 44 participants were recruited for
testing via a research participation scheme at the University of Queensland (in exchange for
course credit). Four were excluded according to pre-registered exclusion criteria (see data

analysis section), leaving a total of 40 (our target N; 13 males). All reported having normal or
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corrected-to-normal visual acuity. Ages for the final sample ranged from 18 to 33 (M ~ 20, SD

~3).

Stimuli and Apparatus

Stimuli consisted of coloured circles, with a diameter subtending ~17 degrees of visual angle.
Green and red circles were matched in luminance (green circles CIE: 0.2858, 0.5939, 8.9311;
red circles CIE: 0.6337, 0.3117, 8.9311). Stimuli were presented on an ASUS VG248QE 3D
Monitor, using a Cambridge Research Systems ViSaGe stimulus generator and custom Matlab
R2015b software [18]. The monitor had a resolution of 1920 x 1080 pixels and was set at a
refresh rate of 60Hz. Participants viewed stimuli from 57cm, from directly in front of the
monitor with their chin placed on a chin rest. A Biosemi International ActiveTwo system was

used to record EEG data (sampling rate: 1024Hz, channel array: 64).

Procedure
Each trial consisted of between five and seven 50ms coloured circle presentations (hereafter
referred to as events; the precise number was determined at random on a trial-by-trial basis)

separated by 500ms inter-stimulus intervals (ISIs).

Each trial began with the participant making a declared prediction regarding the colour of the
first event in the forthcoming sequence, by using a mouse to click on the word ‘red’ or ‘green’
(a declared prediction). The colour of the first event in each sequence was contingent on the
participant’s declared prediction, set to match it with a probability of ~70%. After the declared
prediction, a fixation dot was presented and then, after a variable delay (of between 2 and 3

seconds), the presentation sequence began. The events in the sequence were either all the same
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colour (a repeat trial) or all the same colour except the last event, which was oppositely
coloured (an oddball trial, encouraging a repetition-based prediction, see Figure 1). Half of the
280 individual trials were repeats, and half were oddballs, both interleaved in a pseudo-random
order during a single block of trials. Participants were encouraged to try and detect an
unspecified pattern used to determine the colour of the first event in each sequence, to enhance
guessing behaviour and attention to whether their guess had been correct or not. After each
trial, participants reported if the final circle was the ‘same’ or ‘different’ relative to all
preceding events, again using a mouse to make their selection. This was done to enhance and

monitor attention to the final presentation of each sequence.

Data Analysis

During pre-processing, data were high (1Hz), low (100Hz), and band-stopped (45 — 55Hz)
filtered. Data were then subjected to an independent component analysis, implemented by the
FieldTrip toolbox for Matlab, [18, 19] to remove blink artefacts (positive patterns of activity at
frontal electrodes, often the strongest component). Electrode activity was then average
referenced, to correct for baseline skin conductance levels. Data were then sorted into trials,

and events within trials, via custom Matlab code.

The response period for each event (450ms) within each trial was baseline-corrected relative
to the average of activity recorded by each sensor during a period 100ms prior to the onset of
physical events. Individual participant datasets were then averaged according to trial type (i.e.
Oddball vs. Repeat — using the last event in each trial sequence, and Incorrect vs. Correct
declared predictions — using the first event of each sequence) — producing average wave forms
for a 550ms window (-100ms to +450ms from event onset), for each trial type, and for each

participant.



NEURAL PREDICTION ERRORS 8

Individual differences were then calculated between responses to Oddballs and Repeats (i.e.
for violations of repetition-based predictions), and between Incorrect and Correct guesses (i.e.
for violations of declared predictions). These two sets of individual difference wave forms were
then compared via a cluster-based permutation analysis conducted using the FieldTrip toolbox
for Matlab (settings: Monte Carlo method; test statistic set as the maximum of the cluster-level
statistics; alpha = .05; cluster alpha = .05; randomisations: 1000; minimum number of
neighbourhood channels required sample inclusion in clustering algorithm: 3). This test is
designed to detect epochs, after the physical onset of different types of events, where the neural
consequences of violations of declared predictions differ from the neural consequences of

violations of repetition-based predictions.

RESULTS

Our cluster test identified a positive occipito-parietal cluster (see Figure 1C) extending from
346 until 394ms after event onsets (cluster electrodes: C1, CP1, P1, PO3, Ol, Iz, Oz, POz, Pz,
CPz, Cz, CP2, P2, P4, POS8, PO4, & O2) where the neural consequences of violations of
declared predictions were not interchangeable with the neural consequences of violations of
repetition-based predictions. We used the FieldTrip toolbox to create a topographic heat map,

depicting the results of this cluster test, in Figure 1C.

Figure 1B plots differences between oddballs and repeats (red line — representing violations of
repetition-based predictions) and between incorrect and correct guesses (purple line —
representing violations of declared predictions) averaged across all electrodes that contributed
to the significant cluster test. This plot highlights a reversed pattern of response (see

Supplemental Figure 1 for the event-related potentials (ERPs) used to calculate these two
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neural difference waves) for violations of declared predictions and for violations of repetition-
based predictions. The period corresponding with the significant cluster test corresponds with
a positive for the violation of repetition-based predictions, consistent with a P300 [14, 15],
which has been associated with apparent duration dilations for oddballs [13]. Another
commonly examined ERP for repetition violations is the mismatch negativity (MMN), which
occurs between ~150-300ms [11, 12, 20, 21]. We did find a negative difference between
oddballs and repeats that peaked within this time window (225-275ms, t39 = 7.45, p < .001,
with a Bayes factor analysis revealing decisive evidence for the alternative hypothesis, that

there would be a difference, BF10 > 1000).
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Figure 1. A) Graphic depicting the protocol for Experiment 1. B) Mean amplitude difference scores taken
from the occipito-parietal electrodes identified by the cluster analysis, from 100ms prior to event onset to
450ms after event onset. Difference scores calculated as unexpected outcome (oddball or incorrect guess)
minus the expected outcome (repeat or correct guess). Error bars depict £1 SE across participants for each
time point. C) Heat map depicting the occipito-parietal cluster identified by the cluster analysis, at 346 to
394ms (shaded bar). White Xs mark the cluster electrodes. A positive cluster (yellow on heat map, taken
as red line minus purple line) indicates that the repetition violation difference was greater than the
intuition violation difference.

DISCUSSION

In Experiment 1 we found that violations of declared predictions produced an opposite pattern
of neural responses (recorded from occipito-parietal sensors) relative to violations of repetition-
based predictions. A cluster analysis identified a period between ~350-400ms post-event onsets

that differentiated these two types of prediction violations. This period was associated with a
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greater positive deflection for oddballs relative to repeat presentations (i.e., for violations of
repetition-based predictions), but diminished deflection for events that violated a declared
prediction relative to events that confirmed these predictions. This reversed pattern is consistent
with our hypotheses, which were motivated by the reversed impact of violations of these

different types of predictions on measures of time perception [5-8].

In Experiment 1 we adopted a traditional visual oddball paradigm, which allowed us to examine
the effects of violations of repetition-based predictions using a protocol that was commensurate
with past investigations [6-8, 10-12], and then contrast this pattern of response to the
consequences of violations of declared predictions. However, the design of Experiment 1 had

a number of features that we thought could be improved.

First, in Experiment 1 there was a difference in sequence position between our measures of
declared predictions (the first event of each sequence) and our measures of repetition-based
predictions (the final event of each sequence). In Experiment 2 we therefore adopted a
simplified two sequential event protocol, and all analyses related to the second of these two
events — eliminating this temporal confound. Second, event durations in Experiment 1 were
very brief (50ms), which introduced offset transients within analysis periods. While this cannot
account for the conditional reversal of neural response patterns, it does undermine the
equivalence of our data with typical measures of visual evoked potentials [11-15], so in
Experiment 2 we used longer event presentations (600ms) and constrained analyses to this time

window.

The third and most important conceptual issue in relation to Experiment 1 was that our measure

of repetition-based prediction violations had (at least) two contributing factors — the effect of
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repetition per se [which has been linked to adaptation, e.g., 22] vs change, and the effect of the
probability of encountering a given type of event. To break this confound, in Experiment 2 we
included three blocks of trials in each experimental session, one in which event types (repetition
vs change) were equally likely, and two in which one of the two types of events was more
probable (80%). Moreover, we informed participants of these contingencies at the outset of
each of these blocks of trials. In sum, this allowed us to independently assess the impact of
repetition per se, the impact of the probability of events being encountered (regardless of the
event type), and the impact of guessing (i.e., of declared predictions) — all by having

participants guess the entire sequence before each trial began.

EXPERIMENT 2

METHODS AND DATA ANALYSIS
Experimental procedures, participant numbers, exclusion criteria and analyses for this

experiment were pre-registered (https://aspredicted.org/9r6fn.pdf), and the research was

approved by the University of Queensland ethics committee and conducted in accordance with
the Declaration of Helsinki. We report how we determined our sample size, all data exclusions,
all inclusion/exclusion criteria, whether inclusion/exclusion criteria were established prior to
data analysis, all manipulations, and all measures in the study. We have also distinguished the

unregistered procedures and analyses from the pre-registered ones.

Participants
A target N of 42 participants was pre-registered. These participants were recruited for testing

via a research participation scheme at the University of Queensland (in exchange for course
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credit or monetary reimbursement of $40). No participants were excluded according to pre-
registered exclusion criteria (see data analysis section). However, 3 participants were excluded
due to corruption of the EEG data files — leaving a sample of 39 participants, 16 males. All
reported having normal or corrected-to-normal visual acuity. Ages for the final sample ranged

from 18 to 47 (M ~ 23, SD ~5).

Stimuli and Apparatus
All features of the stimuli and apparatus were the same as Experiment 1, except the diameter
of the circles subtended ~23 degrees of visual angle (35% larger) — to increase the ERP signal

strength.

Procedure
Each trial consisted of two sequential 600ms circle presentations. Presentations were separated
by a 500-1500ms ISI, with the precise ISI duration determined at random on a trial-by-trial

basis.

To manipulate repetition, circles on each trial were either the same colour (Green then Green,
or Red then Red — the Repeat condition), or the second colour was different (Green then Red,

or Red then Green — the Change condition).

To manipulate statistical likelihood, the experiment was split into three blocks of 100
individual trials, with each block containing a different ratio of Repeat to Change trials: either
80:20, 20:80, or 50:50. Trial blocks were presented in an order that was counter-balanced
across participants. More probable trials of unbalanced blocks constituted the ‘More Likely’

condition, and less probable trials the ‘Less Likely’ condition. Trials within balanced 50:50
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blocks constituted the ‘Equally Likely’ condition. Participants were informed of the probability

that would prevail in each block before the first block trial.

Guessing (declarations) was manipulated by having participants predict what sequence of
colours they were about to see (e.g., red — red, or red — green). To encourage participants to
engage in this task, they were told there would be an underlying pattern to the order of sequence
presentations that they might discern if they paid close attention. To reduce discouragement
due to poor guessing, the first event colour was set to the participants’ first ‘guess’ with a
probability of 80%. So, participants were seldom wrong in their guess regarding the first colour.

There were 300 trials total, with 100 per block.

Data analysis
Pre-processing and data handling was the same as Experiment 1. The final ten trials from the
experimental session where we tested the first participant were corrupted and have been

excluded from the analysis.

The response period for each event (600ms) within each trial was baseline-corrected to the
average activity taken from the period 100ms prior, for each electrode, for each participant.

The data were then averaged across trials for each participant.

Initially, mean difference wave forms were calculated in the same manner as Experiment 1,
and activity for the electrodes determined by the original cluster analysis were plotted in Figure
2A. The mean difference scores within a restricted time window, 300-500ms (determined based
on previous research examples [13-15]), were taken for each trial type, for each participant.

Each of these three sets of difference scores was subject to frequentist and Bayesian paired
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sample t-tests. All analyses pertained to the second event, and when comparing correct to
incorrectly guessed events, we took only trials where participants had correctly guessed the
first event colour. We had originally planned to analyse these data independently, via a cluster
analysis. However, as Experiment 2 was a conceptual replication of Experiment 1, with the
added benefit that the results were temporally comparable to previous literature, we decided

that using the same spatial cluster as Experiment 1 was more appropriate.

The first follow-up analysis involved all the same steps, except data were first averaged as sub-
conditions — 4 (guess outcome: both correct, first correct only, second correct only, or both
incorrect) x 2 (sequence option: Repeat, or Change) x 3 (likelihood: Likely option, Unlikely
option, or Balanced). There was a different number of trials within each of these, thus some
trials were given a greater weighting than others. However, this method balanced the influence
of each sub-condition — meaning the difference scores were not unfairly influenced by sub-
conditions with more trials (e.g., correctly guessed sequences that were the statistically more
likely sequence). The second follow-up analysis involved the same steps as the original

method, except trials from the balanced block only were included.

RESULTS

Using the same occipito-parietal electrodes identified by the cluster analysis of Experiment 1,
we again plot separate difference scores, but this time for each of 3 factors, the effect of change
(vs repetition, red line Figure 2B), the effect of incorrect guessing (for the second event only,
vs correctly guessing both, purple line), and the effect of encountering an improbable (vs a
probable, blue line) type of event. All data relate to neural responses to the second of the two

sequential events on each trial (see Supplementary Figure 2 for original ERPs that were used
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for these difference scores). These difference plots illustrate a reversed pattern for the effects

of change (vs repetition; red line) vs incorrect guessing (vs correct; purple).

The longer presentation times of Experiment 2 avoided offset transients during the analysis
window, which allowed us to test for ERPs described in past similar investigations [e.g. 13-
15]. Of central interest is the P300, which has been associated with the recognition of odd
events [14, 15], and the strength of apparent time dilations for oddballs [13]. The electrode
cluster we identified in Experiment 1, and used for these analyses, is consistent with previous
similar investigations [e.g., 13-15]. For the critical time window of similar investigations [300
— 500ms; e.g. 11-15], we found positive differences for change sequences (relative to repeats,
see Figure 2C; 133 = 4.42, p < .001), with a Bayes factor analysis revealing decisive evidence
for the alternative hypothesis, that there would be a difference (BF1o = 304.29). We also found
an oppositely signed negative difference for incorrect (vs correct) guesses (f38 =2.93, p =.006),
with a Bayes factor analysis revealing substantial evidence for the alternative hypothesis, that
there would be a difference (BFi0 = 6.72). Finally, we found a negative difference for
improbable (vs probable) types of event sequences (133 = 2.43, p = .02), with a Bayes factor
analysis revealing only anecdotal evidence for the alternative hypothesis, that there would be
a difference (BF1o = 2.3). Note that analyses for this last result were restricted to data from our
two unbalanced blocks of trials, whereas other analyses incorporated data from all three blocks.
Also, all data relate to the status of the second event, as we only analysed trials where

participants had correctly guessed the first colour.
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Figure 2. A) Graphic depicting the protocol for Experiment 2. B) Mean amplitude difference scores taken
from the occipito-parietal electrodes identified by the Experiment 1 cluster analysis, from 100ms prior to
event onset to 600ms after event onset. Difference scores calculated as unexpected outcome (change,
improbable outcome, or incorrect guess) minus the expected outcome (repeat, probable outcome, or correct
guess). Error bars depict =1 SE across participants for each time point. C) Mean amplitude difference scores
taken from the occipito-parietal electrodes, averaged over the 300-500ms post-event onset time window.
Error bars depict =1 SE across participants. Individual dots depict individual participant scores.

Differences contingent on guess outcome and event probability were similar, with both
negatively signed at the outset of our targeted analysis window (see Figure 2B purple and blue
lines). This outcome might reflect the non-independence of these two conditions — participants
were more likely to guess that the more probable event sequence would eventuate (i.e., a repeat
or a change sequence) in the two of three blocks where one type of event was more common.
While this would not necessarily result in correct guessing (as the colours in each sequence

could equally be red or green), knowledge of the more likely event sequence nonetheless
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increased the probability of correct guessing. Percent correct in unequal probability block (M
~ 55.9%, SD ~ 4%) was greater than in equal probability blocks (M ~ 39.9%, SD ~ 4.2%, t33 =
16.89, p < .001), with a Bayes factor analysis revealing decisive evidence for the alternative

hypothesis, that there would be a difference (BF10 > 1000).

To tease apart the impact of guessing from probable (vs improbable) event types, we conducted
two additional analyses. First, we replicated our first analysis, but individually averaged data
for each sub-condition. For instance, data were independently averaged for correctly guessed
repeat trials from blocks where these events were more likely, and from blocks when these
events were less likely, before calculating a conditional average from these two estimates for
each participant. This applies an equal weighting in analyses to confounding sub-factors (i.e.,
probable and improbable event sequences contribute equally to estimates of the effect of
guessing, and correct and incorrect guesses contribute equally to estimates of the effect
probability) at the cost of overweighting performance on less likely types of trials. All data
from all trials were included here. Difference scores computed via this method are shown in
Figure 3A. For the P300 time window, change sequences produced a positive difference
relative to repeats (see Figure 3B; 138 = 2.99, p = .005), with a Bayes factor analysis revealing
substantial evidence for the alternative hypothesis, that there would be a difference (BFio =
7.68), and incorrect guesses produced negative differences relative to correct ones (#38 = 2.87,
p = .007), with a Bayes factor analysis revealing substantial evidence for the alternative
hypothesis, that there would be a difference (BFi0 = 5.86). However, there was no discernible
difference for less (vs more) probable event type sequences (#38 = 0.87, p = .388), with a Bayes
factor analysis revealing substantial evidence for the null hypothesis, that there would be no

difference (BF10 = 0.25).
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Our second method for dissociating the impact of declared predictions from event type
probability was to restrict analyses to the balanced (50:50) block of trials (100 trials per
participant). Analyses of data from these blocks of trials revealed the same difference score
reversal (see Figure 3C-D). For the P300 time window, change sequences produced a positive
difference relative to repeats (138 = 2.375, p = .023), with a Bayes factor analysis revealing
anecdotal evidence for the alternative hypothesis, that there would be a difference (BFio =
2.03), and incorrect guesses produced negative differences relative to correct ones (#38 = 3.34,
p =.002), with a Bayes factor analysis revealing strong evidence for the alternative hypothesis,

that there would be a difference (BFio=17.7).

One might reasonably ask if participants attempted to predict the second event colour in
unbalanced blocks of trials, or if they had simply always chosen the more likely sequence
contingent on their first guess (i.e., in blocks of trials where repeats were more likely, a
participant might guess at the first colour, and then always predict that colour would repeat).
This ‘no attempt to guess at the second colour strategy’ would deliver a percentage correct on
unbalanced blocks of 64%. To explain, by design participants correctly guessed the first colour
on 80% of trials and would then incorrectly predict the more likely event would ensue on 20%
of these trials (i.e., 0.8 - (0.8 x 0.2) = 0.64). If, however, participants had attempted to guess at
the second colour — informed by instructions regarding the more likely sequence (on 80% of
trials), we would predict that they should obtain an overall percentage correct on unbalanced
blocks of 54%. Again, by design, participants correctly guessed the first colour on 80% of trials
(there were 100 trials per unbalance block). Of these, 64 were the more likely sequence, which
would be guessed correctly at a probability of 80%. The other 16 trials would be the less likely

sequence, which would only be correctly guessed at a probability of 20% (i.e., 0.8%0.8*0.8 +
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0.8*0.2*%0.2 = 0.544). Actual performance on unbalanced blocks of trials was 55.9% (SD ~

4%).

We compared actual levels of performance on unbalanced blocks of trials against a prediction
for a ‘no attempt to guess the second colour’ strategy (i.e., 64% correct) via a Bayes factor
analysis and found decisive evidence for the alternative hypotheses that there would be a
difference (BF10 > 1000). We compared actual levels of performance on unbalanced blocks of
trials against the prediction for a ‘guessing the second colour’ strategy (i.e., 54.4% correct) via
a Bayes factor analysis and found only anecdotal evidence for a difference in performance
(BF10 = 2.711). Overall, these data provide conclusive evidence against participants simply
choosing the more likely sequence on every trial of unbalanced blocks, although they may have
guessed at the more likely outcome slightly more than our task instructions encouraged

(although the evidence for that is anecdotal).



NEURAL PREDICTION ERRORS
1 1 -
2 . B
— 1 .. ..
§_ % £s051 % =
= ; £ ﬁ ° ..
53 o =, giml G
28 S8 01 AT ey
SE 45 S ® . 7 '-:I
SET 2805 o
c® 25 ¢ - L
S i '.
S -1 | ——Change vs. Repeat SE *
T
—— Improbable vs. Probable c -1 - R °
1.5 Incorrect vs. Correct Guess S ¢
-0.10 0.00 0.10 0.20 0.30 0.40 0.50 0.60 -1.5 -
Time from event onset (seconds)
1 1.5 - D
= Q
3 05 ¢ 3 . .
53 £3 -
e O 55054 ¢ .
23 88 S
22 Qn
8%5-0.5 25 o] mhd $
o £ 2o ’ A
£ 22 T
3 1 22.0.5 | [
= ——Change vs. Repeat o8 el
Incorrect vs. Correct Guess 2T . e
1.5 g 17
-0.10 0.00 0.10 0.20 0.30 0.40 0.50 0.60 = .
Time from event onset (seconds) -1.5 -

Figure 3. A) Mean amplitude difference scores taken from the occipito-parietal electrodes identified by the
Experiment 1 cluster analysis, from 100ms prior to event onset to 600ms after event onset. Difference
scores calculated as unexpected outcome (change, improbable outcome, or incorrect guess) minus the
expected outcome (repeat, probable outcome, or correct guess). Error bars depict £1 SE across participants
for each time point. Data from all blocks were included here. B) Mean amplitude difference scores taken
from the occipito-parietal electrodes, averaged over the 300-500ms post-event onset time window. Error
bars depict +1 SE across participants. Individual dots depict individual participant scores. Data from all
blocks were included here. C) Depicts the same type of data as Figure 3A, except only from trials in the
block where there was no frequency imbalance for repeats and oddballs. D) Depicts the same type of data
as Figure 3B, but again, using only trials from the equal block.
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GENERAL DISCUSSION

We found that violations of declared predictions produced an opposite pattern of occipito-
parietal neural response relative to the combined influence of change (vs repetition) and event
type probability (Experiment 1), and to the isolated influence of change (vs event repetition,
Experiment 2). We predicted these outcomes based on recent behavioural evidence, suggesting

an analogous reversal in the influence of these factors on time perception [5-8].

It has been suggested that prediction is a primary function of the human brain [3, 4]. There are,
however, different factors that can encourage a prediction [1, 2]. We have examined the
consequences of declared predictions and have distinguished these from the implicit effects of
repetition-based predictions [6-8]. A key strength of our work is that we have carefully
distinguished the effect of repetition per se from the probability of encountering a given type
of event, and have further distinguished both of these effects of declared predictions (see
Experiment 2). Intriguingly, with this handling of data, only declared predictions and the
effects of repetition (independent of the probability of encountering a given type of event) had
a robust (opposite) impact on measures of neural activity. However, the procedure needed to
tease apart these different effects (switching from a standard oddball paradigm with many
repetitions, to a protocol with just 1 potential repetition) may have considerably weakened the
impact of event probability — so we would not question conclusions drawn regarding event

probability and expectation from past protocols.

While we have not examined time perception in this study, our data are consistent with findings
regarding the neural correlates of time dilations for oddballs vs repeated events — an
exaggerated P300 [13]. We have similarly found exaggerated P300s for correctly guessed

events (vs incorrectly guessed events, see Figures 2B, 3A and 3C), and correctly guessed events
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are also associated with time dilations [5]. In our data these relatively exaggerated P300s for
correctly guessed events are expressed as negative deflections, as we gave precedence in our
analyses to data from (unexpected) incorrectly guessed trials, in order to match oddball (vs
repeat) analyses typical of other studies [e.g., 13-15]. Future research with a targeted protocol
could examine a possible direct link between P300 strength and a perceived duration

exaggeration for events that confirm declared predictions.

Prediction violations have also been associated with a MMN — that is, with a more downward
deflection of voltage recorded by EEG sensors from ~100 to 300ms post stimulus onset when
an input unexpectedly breaks a train of identical repeated events [11, 12, 20, 21]. The MMN
was originally detected for auditory events but has also been found with trains of repetitive
visual events [20, 21]. Like our first experiment, these studies have tended to confound the
effects of adaptation and event probability — as both of these effects can be expected to result
from having identical repeated visual presentations. When the impact of sensory adaptation is
controlled for, it is unclear if the visual MMN persists [23]. Our data seem to echo these
observations. In Experiment 1, oddball presentations were associated with an exaggerated
negative deflection ~250ms post event onset, relative to repeated presentations, whereas in
Experiment 2 we did not find any evidesnce for a robust impact of event probability, after
having controlled for the impact of event repetition. Instead of a visual MMN, our data are

more consistent with a later modulation — an exaggerated P300.

The impact of declaring a prediction in our data is reminiscent of findings regarding the
consequences of confirmation bias [24, 25]. Bias-confirming events elicit greater selective
attention, as people monitor input for evidence that confirms their expectations [24-27]. This

might be reflected in greater visual and temporal processing, consistent with evidence that bias-
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confirming events seem longer [5]. This mirrors a previous explanation for why humans extract
less visual information from repeats events [7] and they seem shorter [6-8], which it has been

suggested corresponds to a reduction in visual and temporal processing [6].

Patterns of neural response elicited by predictions have been shown to be reversible —
contingent on attention [28, 29]. When an event is attended, because it is behaviourally
relevant, the typical attenuation of sensory responses elicited by predicted events can be
reversed. In our protocol, no condition was given preferential attentional weighting by
instruction, but the requirement that people predict future events might have encouraged biased
attention to confirmatory evidence. Hence the reversed neural response patterns we observe for
events confirming declared predictions might be a conceptual echo of findings regarding the

neural consequences of confirmation bias [24-27].

Studies examining the neural correlates of violations of repetition-based predictions have been
enormously influential in the formation of contemporary theories of brain function [1-4]. Here,
we have examined these in relation to what might seem a conceptually similar situation —
violations of declared predictions. We have found that violations of these different types of
predictions seem to encourage opposite neural consequences, and that to some degree, the
neural consequences previously attributed to violations of repetition-based predictions [6-8,
11-15] might be due in large part to the effects of repetition per se. These findings discourage
the idea that the neural consequences of predictions might be uniform [see 30] and encourage

scrutiny of contemporary theories of brain function.

Overall, our data show that different factors that can promote an expectation have markedly

different neural consequences. Consistent with previous research [e.g., 13-15], we have found
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that when repetition and probability effects are combined, there is a relatively enhanced
response recorded by occipital-parietal sensors ~300ms post stimulation. By contrast, our novel
finding is that explicit declarations encourage a reversed response. Overall, these data suggest
that the neural consequences of expectation depend on how an expectation is formed —

dispelling the notion of a uniform mapping between prediction outcomes and neural

consequences.
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Figure S1. Mean amplitudes taken from the occipito-parietal electrodes identified by the Experiment 1
cluster analysis, from 100ms prior to event onset to 450ms after event onset. Green (red) lines depict the
expected (unexpected) outcome in each case, and blue lines depict the difference between these, taken as
unexpected minus expected. Error bars depict £1 SE across participants for each time point.

N
C]
,

Repeat 2.5 - More Likely 2.5 1
—— Change

Correct-Correct
Less Likely 2. Correct-Incorrect
——— Difference ———— Difference

N
"
N
"

———— Difference

-
(3]
"

0%: ""T‘A/\./\V/é
A

-1.5 -

-
o
"

-
"
-
"

o
M

o
L

'
e
o
s
e
o

Mean occipital amplitude (pV)
o
(3,

Mean occipital amplitude (uV)
o
(3,

Mean occipital amplitude (pV)

[

-
[

-
"

1.5 1.5 -
O ® O D A © S O PO PSP HS S O O SO S O
N N DY ot oY o oF o2 o

PO SEPNIN N PN PN S 7 9 o oY o7 o7 o7 o PO RN PN NN Y
Time from event onset Time from event onset Time from event onset
(seconds) (seconds) (seconds)

Figure S2. Mean amplitudes in Experiment 2, taken from the occipito-parietal electrodes identified by the
Experiment 1 cluster analysis, from 100ms prior to event onset to 650ms after event onset. Green (red) lines
depict the expected (unexpected) outcome in each case, and blue lines depict the difference between these,
taken as unexpected minus expected. Error bars depict =1 SE across participants for each time point.




