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Prediction errors are deemed necessary for the updating of internal models of the envi-
ronment, prompting us to stop or assert current action plans and helping us to adapt to
environmental features. The aim of the present study was twofold: First, we sought to
determine the neural underpinnings of qualitatively different abstract prediction errors in
a serial pattern detection task. Distinct frontoparietal components were found for
sequential terminations (inferior frontal gyrus — IFG) and extensions (superior frontal
sulcus, posterior cingulate cortex, and angular gyrus), respectively. These findings provide
a novel approach of distinguishing non-reward prediction error signals with regard to
behavioural consequences they entail.

Second, we investigated predictive processing as a function of statistical context (irre-
ducible uncertainty). We hypothesised that the prospective scope of model-based expec-
tancies is adapted to the stability of respective contexts in that unstable environments call
for more frequent comparisons of expectancies with sensory input, resulting in stepwise
predictions. Changes in environmental stability were reflected in activation of the angular
gyrus and IFG for the highly uncertain context at potential points of prediction violation
(checkpoints). Notably, this effect was not due to local fluctuations in stimulus improbability
(surprise). Although further behavioural support is needed, data point towards a context-
dependent adaptation of predictive strategies. Conceivably, enhanced neural responses
at sequential checkpoints could reflect stepwise rather than full-length prediction. This
strategic adjustment presumably relies on the iterant evaluation of model information
retrieved from working memory, as suggested by strengthened functional connectivity of
the parahippocampal area during epochs of high uncertainty.
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1. Introduction

In attempting to make sense of incoming sensory event in-
formation in everyday life, we are constantly faced with dis-
crepancies between our internal model of the world and the
information we actually obtain (Rao & Ballard, 1999). In pre-
dicting future events, the brain efficiently processes predict-
able portions in perceptual information: only if incoming
sensory signals differ from higher-level predictions is the
corresponding error signal propagated “upward” to the next
highest stage of the processing hierarchy (Friston, 2005;
Mumford, 1992). Such prediction errors inarguably differ
with regard to their quality and the behavioural consequences
they entail: when walking down a familiar flight of stairs, one
might occasionally over- or underestimate the remaining
number of stairs on the bottom landing, evoking qualitatively
different moments of surprise. Furthermore, context will
likely influence the way in which we make assumptions about
upcoming events: we will compare our expectations with re-
ality more frequently in noisy or unfamiliar contexts, for
instance when carrying a fridge through the same staircase in
dim lighting.

Research on definitive features of these prediction errors
has predominantly been directed towards quantitative rather
than qualitative differences between neural error signals. For
instance, the concept of surprise (Jones, 1979), cast to reflect
the improbability of a particular event, has been demon-
strated to modulate prediction errors in that more surprising
expectancy violations elicit stronger error signals (Egner,
Monti, & Summerfield, 2010; Strange, Duggins, Penny, Dolan,
& Friston, 2005). However, aside from a few studies in the
cognitive (e.g., Den Ouden, Daunizeau, Roiser, Friston, &
Stephan, 2010; Schiffer, Ahlheim, Wurm, & Schubotz, 2012)
and the perceptual domain (O'Reilly et al., 2013), imaging ef-
forts to classify qualitatively different types of such prediction
errors have so far been restricted to contexts involving a
reward component. Here, findings from animal studies (Bayer
& Glimcher, 2005) and gambling tasks in humans (Delgado,
Locke, Stenger, & Fiez, 2003) have demonstrated a functional
distinction of positive and negative reward prediction errors
based on whether an obtained reward value was higher or
lower than expected, respectively (Schultz et al., 1998).

In contrast, such distinctive characteristics of prediction
errors are considerably less well understood in absence of
external reward (note that predicting or responding correctly
may be rewarding in its own right (Holroyd & Coles, 2002),
which is not the objective of the present study). In light of the
immediate importance of error signals for internal model
updating (e.g., Bastos et al., 2012) and adequate action selec-
tion, however, the need to understand the qualities of more
abstract prediction errors becomes evident: as prediction er-
rors are thought to be the foundation of learning mechanisms
(Den Ouden, Friston, Daw, McIntosh, & Stephan, 2009),
different types of expectancy violations might result in qual-
itatively distinguishable prediction error signals and —
consequently — in distinct modifications of upcoming expec-
tancies and behaviour. Recall that short term predictions are
used to facilitate perception when we observe structured
regularities such as sequential events. When these

regularities end earlier than expected, the appropriate adap-
tation would be to reject the now invalid predictive model in
favour of a more externally driven mode of tracking incoming
information. In contrast, any regularity we perceive may as
well persist longer than expected. Accordingly, such an un-
expected extension would then call for a resumption of the
internally driven mode of model-based prediction.

As much as this reactive, local adaptation of stimulus
processing and behaviour should reflect different types of
prediction errors, it should likewise depend on global, higher
order characteristics of the environment. Exploring the nature
of error signals and their effects on model adaptation there-
fore raises the question of whether predictive strategies
remain constant across contexts. Different measures of un-
certainty have been discussed to refer to the variability of
informational value over time, thus reflecting higher-order
statistical features of the environment (Bland & Schaefer,
2012; Yu & Dayan, 2005). While sensitivity to context uncer-
tainty has been linked to activity in the anterior cingulate
cortex (ACC) as a function of reward prediction error compu-
tation (Behrens, Woolrich, Walton, & Rushworth, 2007; Scholl
etal., 2017, Silvetti, Seurinck, & Verguts, 2013), implications of
context (in)stability on abstract prediction still remain un-
clear. Therefore, we manipulated the composition of experi-
mental blocks to vary the amount of irreducible uncertainty
(Payzan-LeNestour & Bossaerts, 2011; De Berker et al., 2016)
that would remain after successful learning. Conceivably,
memory-driven internal models of future sensory informa-
tion might be adapted to the uncertainty of respective con-
texts: in stable contexts of low uncertainty, prediction errors
can be conceived of as more meaningful in that they are
highly informative with regard to potential benefits of model
adaptation (i.e., learning). In contrast, prediction errors in
statistically unstable (i.e., highly uncertain) contexts carry less
information contributing to learning-related gains. Predicting
upcoming events can be considered an investment in the
sense that false predictions inevitably lead to costly adjust-
ments of forward models (Clark, 2013). Therefore, depending
on how reliably forward models can be used to predict future
events (as conveyed through statistical learning of environ-
ment regularities), it may be more efficient to employ a
strategy of partial or stepwise short-term predictions rather
than predicting consecutive events at full length. For example,
as opposed to preparing a complete model of an expected
sequence of events, a stepwise prediction might imply an
iterative monitoring of sequence continuation at particular
sequential positions. Research on sequential actions has
suggested decision points (Norman, 1981; Reason, 1992) as
points in time where the selection of appropriate actions re-
quires accessing information about the broader task context.
Translated into the perceptual primacy of our experimental
paradigm, we propose checkpoints as equally informative
sequential positions at which broader, uncertainty-dependent
contextual information is exploited to prompt strategic ad-
justments. Most likely to serve as such checkpoints would be
those points in time where the occurrence of stimuli was
probabilistically modulated by blockwise manipulation of
irreducible uncertainty. This way, statistical learning might be
employed to adapt predictive strategies to particular
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informational structures in the environment. Support for this
hypothesis comes from studies linking the working memory
network (most prominently hippocampus and adjacent areas)
to both the predictive processing of sequential patterns
(Fortin, Agster, & Eichenbaum, 2002; Lisman, 2009; Rolls, 2013)
as well as the decoding of contextual information (Allen, Salz,
McKenzie, & Fortin, 2014; Davachi & DuBrow, 2015).

We conducted the present functional magnetic resonance
imaging (fMRI) study to assess qualitative differences between
prediction error signals and the influence of uncertainty on
predictive strategies using an implicit cueing paradigm. Par-
ticipants were asked to detect short or long ordered digit se-
quences (5 and 7 items, respectively) within an otherwise
pseudorandom stream of single digits. They indicated the
onset of a detected sequence by an immediate button press
and the sequence ending by button release. The expected
sequence length, as implicitly cued by digit colour (see Mate-
rial and methods), was occasionally violated by terminations
and extensions. Thus, whereas the task was overtly con-
cerned with sequence detection, our analysis was focussed on
specific events during or at the end of sequences.

As to our first hypothesis, we expected distinguishable
neural correlates to reflect the respective reorientation to-
wards external stimuli (sequential terminations) or towards
the internal model derived from working memory (sequential
extensions). Particularly, the unexpected need to disregard
the currently employed internal model as induced by
sequential terminations was hypothesised to engage the
inferior frontal gyrus (IFG), an area that has been reported for
violations of ordered pattern expectancy across domains
(Fiebach & Schubotz, 2006).

Second, we assessed the effects of context uncertainty on
predictive strategies by manipulating the proportion of
violated sequences over time. Neural activity at checkpoint
positions was expected to be elevated in highly uncertain
contexts, thus indicating a stepwise prediction mode. Due to
its established role in reward-related uncertainty monitoring
(specifically volatility, Behrens et al., 2007), we assumed ACC to
represent higher-level context information necessary to
initiate stepwise predictions in highly uncertain environ-
ments. Crucially, these global fMRI effects were controlled for
potential confounds by varying levels of stimulus-bound
surprise (i.e., the extent to which individual stimuli were
locally unexpected). To this end, we employed a parametric
regressor of nuisance reflecting a stimulus' respective surprise
value, thus allowing us to disentangle higher level context
effects from mere differences in improbability.

2. Material and methods
2.1. Participants

A total of 22 neurologically healthy, right-handed volunteers
(13 female, mean age: 24.3 (20—30) years) participated in the
study. Participants were recruited from the university's
volunteer database and had normal or corrected-to-normal
vision. Colour blindness was ruled out using Ishihara colour
test plates (Ishihara, 1917). Written informed consent was
obtained from each participant prior to the start of

experimental procedures. Experimental standards complied
with the local Ethics Committee of the University of Miinster.
Participants selectively received payment or course credit as
compensation for their participation in the study. Two par-
ticipants were excluded from further data analysis due to poor
behavioural performance and self-reported tiredness during
the experiment (see below). Therefore, all reported analyses of
functional data are based on a sample of 20 participants (12
female, mean age 24.8 (21—-30) years).

2.2. Stimulus material

The stimuli consisted of pseudorandomly coloured single
digits (0—9, size 1.5° of visual angle) presented individually for
500ms in the centre of a light grey computer screen (see
Fig. 1A). Digits were presented in blocks with a length of
approximately 6 min. Numbers of presentations for all colours
and digits were equally distributed both within and across
blocks. Each block contained sequential trials (i.e., digits with a
recognisable relation to the preceding one) as well as random
trials (i.e., digits that were not discernibly related to either the
preceding or the following digit). Sequential trials in turn
belonged to one of two types of sequences: ordered sequences
constantly increased the preceding figure by one (e.g., 5—6 —
7—8 — 9; Fig. 1A, left). In order to allow for ordered sequences
to start on any figure, the ascending regularity necessarily
included the 0 character and was thus continued in a circular
fashion after the figure 9 (e.g., 8—9 — 0—1 — 2). Colour sequences
were defined as consecutive trials all presented in the same
colour (dark red). Importantly, the numerical values during
colour sequences were pseudorandom (Fig. 1A, right). There-
fore, at no point was there a succession of continuously
ascending figures presented in the same colour, but only one
sequential condition at a time (i.e., ordered or colour). Colour
sequences were employed to ensure a high level of atten-
tiveness and were not a pivotal subject to our analyses.
Random trials included neither self-repetitions nor immedi-
ately adjacent figures and therefore could not be mistaken for
ordered sequences.

Undisclosed to the participants, two colours were used as
cues to indicate the onset of ordered sequences: one colour
marked the first digit of a short ordered sequence (regular
length of five digits), a second colour marked the first digit of a
long ordered sequence (regular length of seven digits). Each
participant was assigned two individual cue colours which did
not belong to the same hue. Cue validity was fixed at p=.80
throughout the experiment with invalid cues being followed
by a random figure instead of the next higher one (as would
have been suggested by the cue). Neither one of the cue col-
ours nor the red hue used for the colour sequences appeared
during random trials. Importantly, the colour cues were
employed to trigger predictions with regard to the length of
the to-be-observed sequence and were not analysed as events
of interest themselves. Implicit cues were used to control for
mere attentional effects and to keep participants focussed on
the numeric information (instead of the colour information)
while tracking the digits for regularities.

In order to induce prediction errors based on the implicit
information conveyed by the colour cues, ordered sequences
were manipulated in terms of their expectation compliance. This
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Fig. 1 — (A) Exemplary trial successions and time windows of respective corresponding responses for ordered (left) and

colour sequences (right). Sequential trials have been highlighted for illustrative purposes. (B) Cue-based expected sequence
length and resulting prediction errors for terminated, and extended short ordered sequences (expectation compliance). Based
on the cue (in this case, a magenta figure), five regularly ascending figures are expected. Cue trial has been highlighted for

illustrative purposes. Top: terminated sequences are shortened

by two trials and therefore induce a prediction error

(predicted sequence > presented sequence). Bottom: extended sequences are prolonged by two trials and therefore induce a
prediction error (predicted sequence < presented sequence). (C) Local transition probabilities for terminated, regular, and
extended sequences depending on respective block uncertainty. Note that only the composition of expectation compliance
levels varied with uncertainty while cue validity itself remained fixed across blocks.

factor was introduced to distinguish between regular, termi-
nated, and extended ordered sequences. Given the regular
length of five and seven figures, respectively, terminated se-
quences were shortened by two items (e.g., three instead of
five figures for short ordered sequences) while extended se-
quences were equally prolonged by two items (e.g., seven
instead of five figures for short ordered sequences). A graphic
display of expected sequence length and expectation
compliance is shown in Fig. 1B.

Finally, the composition of regular, terminated, and
extended sequences within a particular block was varied
across blocks. This way, the irreducible uncertainty of the blocks
(i.e., the frequency of change with regard to cue-based ex-
pectations) was set to be either high or low. Blocks of low

uncertainty featured local probabilities of p,y=.70 for the
regular configuration and Prermsext =.15 for both terminated
and extended sequences. These blocks could therefore be
seen as statistically stable regarding cue-based expectations.
Local probabilities for terminated and extended sequences
were always identical for both sequence lengths. Highly un-
certain blocks, in contrast, corresponded to a more unstable
statistical structure regarding the expectation based on the
cue. Local probabilities after the cue during highly uncertain
blocks were preg = .40 and Prerm/ext = -30. It is important to note
that at any point during the experiment the regular configu-
ration was the statistically most likely continuation of the
sequence. An overview of the statistical structure following
the uncertainty factor is provided in Fig. 1C, please see the
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Supplementary material for details on the composition of
experimental blocks.

Starting points of all sequences were balanced across
digits. Successions of random trials were equally distributed
within a range of 5-9 digits (M =7.19 digits) both within and
across blocks. To ensure an even distribution of colour pre-
sentations, a total of 29 different colours were used. The col-
ours employed in the present study had been validated in a
behavioural pilot study (n = 18) to ensure equal visibility of all
colours.

2.3. Tasks

Participants were asked to indicate detection of ordered se-
quences as well as colour sequences by corresponding but-
ton presses. Therefore, they were instructed to press the left
button with their right index finger as soon as they noticed
an ordered sequence and to hold the button for the duration
of the sequence. Accordingly, release of the left mouse but-
ton was to indicate the end of the ordered sequence (i.e., the
onset of subsequent random trials). Equivalently, partici-
pants were instructed to press and hold the right mouse
button with their right middle finger to indicate detection of
a colour sequence. Once again, release of the right mouse
button marked the end of a colour sequence. A mouse was
used in the behavioural sections (i.e., introductory trials,
training, and post-measurement) to closely match responses
with the two-button response box used during the fMRI
session (see below).

2.4. Experimental procedures

The study was conducted on two consecutive days. The first
day appointment was laid out as a training session in order to
allow participants to familiarise themselves with the task and
to provide them with implicit knowledge concerning the cues
and the underlying statistical structure of the experiment.
Importantly, at no point during the training or the fMRI ses-
sion was it revealed that there was informational content in
some of the colours (i.e., the cues) or that the blocks varied in
their respective statistical structure (i.e., their level of uncer-
tainty). The second day included the fMRI session as well as a
subsequent post-measurement. The experiment was pro-
grammed and run using the Presentation 14.9 software
(Neurobehavioral Systems, San Francisco, CA, USA).

2.5.  Day 1 (training session)

After having been informed about the very general scope of
the study (“digit processing”, supposedly), participants
completed a first introduction to the task. Participants were
shown a 1 min stream of digits including exactly one presen-
tation of each ordered sequence configuration (i.e., termi-
nated, regular, and extended sequences of both lengths), one
invalid cue of each sequence length as well as one colour
sequence. Length range and proportion of random trials were
matched with the behavioural and the fMRI experiment. Re-
sponses were not recorded during the introductory trials and
participants were allowed to repeat the introduction until
they felt comfortable with the task.

The training consisted of two blocks (one block of high and
low uncertainty, respectively) with a total duration of approx.
12 min — (for more details, see section “Stimulus material”).
Block order was balanced across participants. Length range
and proportion of random trials were matched with the fMRI
experiment. After the completion of a block, participants were
encouraged to take some time and grant themselves a short
break before continuing with the next block.

2.6. Day 2 (fMRI session and post-measurement)

Participants once again completed the introductory phase
from the previous day in a quiet working environment
immediately before entering the scanner. The following fMRI
session consisted of four blocks (two blocks of both high and
low uncertainty, respectively) with a total duration of approx.
24 min. Contrary to the training, participants were presented
with a screen notifying them of a short break for ten seconds
after completion of a block. Experimental procedure and task
during the fMRI session were otherwise identical to the
training session.

Following the functional scanning, participants completed
a behavioural post-measurement in order to assess their im-
plicit knowledge of the cue information. To this end, they
were presented with one experimental block (duration
approx. 5min) shown on a computer. Length range and pro-
portion of random trials were matched with the training
session and the fMRI experiment. Participants were asked to
perform the identical task as before (i.e., to indicate sequence
detection by button press). Crucially, only half of the ordered
sequences were cued by the same colours as during the
training and the fMRI session. The other half began with fixed
but different colours that had indeed been presented during
training and fMRI, but not as cues for the respective partici-
pant. Therefore, they contained no implicitly learned infor-
mation concerning upcoming trials. As with the established
cue colours, two previously non-informative colours were
assigned to mark the beginning of short and long ordered
sequences, respectively.

Finally, participants were interviewed verbally to assess
whether they were aware of any regularity at all with regard to
the digits' colours. All participants denied having noticed any
colour-related regularity.

2.7. Behavioural data analysis

Statistical analyses of behavioural responses were performed
using R statistical software (R Foundation for Statistical
Computing, Vienna, Austria). If not stated otherwise, an «-
level of .05 was defined as a statistical threshold.

First, correct and incorrect responses were aggregated
separately for training, fMRI session, and post-measurement
for each participant. Incorrect responses were further
divided into misses (no response over the course of a
sequence) and false alarms (response occurring without pre-
sentation of sequential trials). Participants' overall perfor-
mances were assessed via the discrimination index (PR;
Snodgrass & Corwin, 1988), defined as the difference be-
tween hit rate and false alarm rate: correctly reported se-
quences (i.e., ordered or colour sequences) relative to all
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sequences was defined as the hit rate. The false alarm rate
was defined as falsely reported sequences (again, ordered or
colour sequences) relative to all sequences. No specific time-
out criterion was defined for the onset of button presses, i.e.,
responses were registered throughout the whole length of the
respective sequence.

Reaction times for button presses (onset latency) and re-
leases (offset latency) were assessed for fMRI session and
post-measurement. Latencies were aggregated separately for
the levels of expectation compliance (terminated, regular,
extended) and uncertainty (high, low) as well as for established
versus new cue colours, respectively. Onset latency was
calculated as reaction time relative to the onset of the second
trial of any particular ordered sequence: the second trial of the
sequence was the earliest possible point to detect a sequential
pattern, since the current trial always had to be compared to
the preceding one (i.e., to check whether the figure had risen
by 1). Offset latency was calculated as reaction time relative to
the onset of the first random trial after any particular
sequence. Repeated-measures analyses of variance (ANOVA)
and paired t-tests were used to assess possible differences in
offset (depending on expectation compliance and uncertainty)
and onset latency (learned vs new cue colours during post-
measurement), respectively. Where appropriate, results of
the paired t-tests were corrected for multiple comparisons at
p=.05 using the false discovery rate (fdr) correction by
Benjamini and Hochberg (1995).

2.8. Functional data analysis

2.8.1. fMRI data acquisition and data preprocessing
Functional and structural imaging data were collected using a
3T Siemens Magnetom Prisma scanner (Siemens, Erlangen,
Germany) equipped with a 20-channel head coil. Participants
lay supine with their right hand placed on a two-button
response box. Index and middle finger were placed on the
two response buttons, matching the response contingencies
from the training session. Participants' arms were stabilised
on form-fitting cushions and foam padding around the head
was applied to prevent motion artefacts. Earplugs and noise-
cancelling headphones were provided to reduce scanner
noise.

During functional imaging, 30 x 4 mm axial slices (1 mm
spacing, 64 x 64 voxel matrix, 192 x 192mm field of view,
resulting voxel size 3 x 3 x 5 mm) were acquired parallel to the
bi-commissural line (AC-PC) using a single-shot gradient
echo-planar imaging (EPI) sequence sensitive to blood
oxygenation level dependent contrast (BOLD, TR =2000ms,
TE=30ms, 90° flip angle, ascending recording, 800 repeti-
tions). Prior to the functional session, a high-resolution
structural scan was recorded for each participant using a
standard Siemens 3D T1-weighted whole brain MPRAGE im-
aging sequence (1x1x1mm voxel size, TR=2130ms,
TE =2.28 ms, 256 x 256 mm field of view, 192 sagittal slices).

Data processing was done with the Lipsia software package
(Lohmann et al.,, 2001). Functional data were spike-corrected
(using interpolation with adjacent time points) to reduce ar-
tefacts within time series. Correction for slice acquisition time
(using cubic spline interpolation) and head motion (3 trans-
lation, 3 rotational parameters) was applied and functional

data were co-registered with the structural scan (using rigid
transformation). Individual structural scans were normalised
to the MNI template via general affine transformation and
resulting parameters were applied to the functional scans.
The resulting normalised functional images were resampled
to 3mm isotropic voxels, high-pass filtered with a 100 sec
period cutoff and spatially smoothed with an 8 mm full-width
half-maximum (FWHM) Gaussian kernel.

2.8.2.  fMRI analysis

Event-related BOLD responses were estimated in a general
linear model (GLM) approach. The GLM was constructed to
test for distinct neural correlates of the different error types
as well as for effects of statistical block structure on neural
processing at different time points during ordered se-
quences. Additionally, the parametric effect of surprise was
modelled to control for trial-by-trial variation in stimulus
improbability. Therefore, the model comprised a total of
seven regressors of interest reflecting the 3 x 2 combination
of the factors expectation compliance (terminated, regular,
extended) and uncertainty (low, high) plus the surprise
parameter. Regressors of nuisance included experimental
breaks, colour sequences, and motor responses (button
presses and releases) in order to account for variance unre-
lated to the events of interest.

For terminations, the event onset was time-locked to the
first unexpected random digit (i.e., the fourth [short sequences]
or sixth [long sequences] sequential position, respectively; see
Fig. 1B). Equivalently, extensions were modelled with the
onset time-locked to the first unexpected sequential digit (i.e.,
the sixth [short] or eighth [long] sequential position, respec-
tively). Regular events (termed checkpoints) were defined as
points in time at which we hypothesised the incoming stim-
ulus to be checked for either a termination (i.e., a check
occurring during the ongoing sequence) or an extension (i.e., a
check at the regular end) of the ordered sequence. Impor-
tantly, checkpoints were only classified as such when the
ordered sequence was in fact continued as indicated by the
cue, that is, in the regular configuration (see Fig. 2 for an
example and Supplementary Fig. S1 for details on event
specification). In case the current stimulus did not match the
prediction, the event was classified as a prediction error
instead of a checkpoint.

With respect to difference characteristics, one could justi-
fiably argue that the difference between checkpoints and
prediction errors may not at all be qualitative, but rather a
quantitative excess of prediction errors with regard to their
respective improbabilities. From this point of view, check-
points could be construed as muted prediction error signals
with a lesser degree of surprise. While surprise inarguably
modulated cognitive processing in the present task, our key
point of suggesting a functional role for checkpoints was to
gain insight into qualitatively different processing of regular
events depending on the particular context. By including a
parametric surprise regressor, we attempted to discriminate
between these qualitative effects and quantitative distinc-
tions that can be ascribed to mere differences in
improbability.

The parametric effect of surprise was estimated following
the notion of an ideal Bayesian observer (see Harrison,
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Fig. 2 — Illustration of checkpoints during a regular short and long ordered sequence, respectively. As indicated by the cue
(highlighted for the purpose of this graphic), five or seven consecutive digits following the +1 rule are presented. Two
checkpoints are hypothesised over the course of each sequence: For instance, during short ordered sequences (top), the
fourth item can be used to check whether the sequence is terminated (check term) or not. A hypothetical course of a
terminated sequence is outlined (lower trial succession, dashed framing). The sixth item (i.e., the first random figure after
the regular short ordered sequence) can be used to check for an extension of the sequence (check ext). A hypothetical course
of an extended sequence is outlined (upper trial succession, dashed framing). Within a particular ordered sequence,

checkpoints are always preceded by deterministic items (det.).

Duggins, & Friston, 2006). Event-specific surprise I(x;) was
defined as the improbability of event x;, i.e.,

I(Xi) =—-Iln p(Xl)
with

B n+1
p(xi) = m
where nJ‘: denotes the total number of occurrences of outcome j
(terminated, regular, extended) up to the current observation i
relative to the sum of all past observations (with k for all
possible outcomes).

2.9. Contrast specification

The main effect of expectation compliance was assessed by the
second-level contrast of terminated and extended sequences
(TERM > EXT). Common activations of both prediction error
types were assessed by the conjunction of the two single
contrasts  versus checkpoints, respectively (ie.,
TERM > CHECK n EXT > CHECK). Note that due to the proba-
bilistic structure of the task, there were considerably more
checkpoints than prediction errors contributing to the
respective regressors (ratio ~ 2:1). Therefore, for the conjunc-
tion of TERM > CHECK and EXT > CHECK, we constructed a
parallel GLM identical to the one described above, with the one
exception that only half of the checkpoint events were

included in the respective regressors of the second model.
While this approach resulted in reduced power of the
respective contrasts and their conjunction, its merit lies in a
markedly well-balanced, less biased contrast of conditions.

The effects of uncertainty on checkpoint and prediction
error processing were assessed by the contrasts of high versus
low uncertainty checkpoints (CHECK_HIGH > CHECK_LOW)
and prediction errors (PE_HIGH > PE_LOW, data not shown),
respectively.

For group level analyses, one sample t-tests were calcu-
lated using first-level contrast images of all participants.
Resulting t-values were converted to z-scores and thresholded
at voxel-wise p <.001. In a second step, this initial thresh-
olding was combined with a cluster-extent based threshold
derived from Monte Carlo Simulation (see Forman et al., 1995).
We ran 5000 iterations using the fMRIMonteCluster tool
(available at github.com/mbrown/fmrimontecluster), yielding
a cluster-extent based threshold of k > 783 mm? (29 contingent
voxels, cluster-level p <.05).

2.10. Exploratory functional connectivity analyses

2.10.1. Eigenvector centrality mapping

When investigating the interplay of brain regions in forming
coactivation networks, functional connectivity measures
have become increasingly popular to complement BOLD
amplitude effects of participating brain regions. Eigenvector
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centrality mapping (ECM) has been proposed by Lohmann
et al. (2010) as a graph-based means to determine the cen-
trality of neural structures within their respective networks.
Particularly, eigenvector centrality (Bonacich, 2007) refers to
how strongly a certain structure (a node, in terms of graph
theory) is functionally connected to other highly inter-
connected nodes. Therefore, both number and quality of
connections are factored into the centrality value assigned to
a particular voxel. Since the interesting aspect here was pre-
cisely to evaluate the influence of irreducible uncertainty on
the neural processing within task-related networks (whose
components are themselves highly interconnected), ECM was
explicitly well suited for the functional connectivity analysis
at hand. Importantly, ECM does not depend on a priori as-
sumptions and, due to computational efficiency, allows for
functional connectivity analyses of the entire brain. Finally,
ECM does not require parameter adjustments other than the
definition of the voxel space and the time period of interest.
In order to assess potential effects of uncertainty on func-
tional connectivity, eigenvector centrality was analysed post-
hoc within a whole-brain mask (=60000 voxels). To avoid
connectivity changes caused by the mere duration of scanner
time (see Lohmann et al., 2010), ECM analysis was restricted to
the first half of the experiment (i.e., one block of each uncer-
tainty level in counterbalanced order) for each participant.
Pairwise similarity matrices for time series of any two voxels
were computed and subsequently analysed by the ECM

algorithm. On the group level, a one-sample t-test was used to
assess whether the difference between the centrality maps for
high and low uncertainty were significantly greater than zero
across participants. Resulting t-values were converted to z-
scores and thresholded at p <.001 (10 contiguous voxels).

2.10.2. Beta series correlation

As a follow-up analysis on the ECM approach, we used a beta
series correlation analysis (Rissman, Gazzaley, & D'Esposito,
2004) to assess trial-by-trial covariation of activity in our re-
gions of interest. In short, trial-specific beta series within re-
gions of interest (ROI) were correlated for each condition on
the group level. For a step-by-step description of the analysis,
the reader is referred to the Supplementary material.

3. Results
3.1. Behavioural results
3.1.1. fMRI session

Participants showed an overall high level of performance with
a mean PR score of Mpg = .89 (SD = .06) during the fMRI session,
indicating good attentiveness throughout the experiment. Out
of 176 detectable sequences (not counting invalid cues), par-
ticipants correctly responded to 165.73 events on average
(SD=12.91). Mean PR scores (Fig. 3A) did not differ
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Fig. 3 — (A) Left panel: Effects of expectation compliance (terminated, regular, extended) and irreducible uncertainty (low,

high) on mean offset latency. Right panel: Mean count of false alarms and misses as well as the mean PR score as a function
of uncertainty. (B) Left panel: Differences in onset latency between new and learned cue colours during post-measurement
for each subject. Blue bars indicate faster onset for learned cue colours, dotted line depicts mean gain across subjects. Right
panel: Overall mean onset latency for learned and new cue colours, respectively. Error bars show standard error of the mean

(SEM). **=p < .01, ** =p <.001.
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Table 1 — Activation peaks, z-values, and anatomical locations for the main effect of expectation compliance (TERM > EXT)
and the conjunction of the two prediction error types versus checkpoints, respectively (TERM > CHECK n EXT > CHECK).

Area Local maxima Volume (mm?)
MNI z-value
X y z
TERM > EXT
Left IFG/BA44 —45 7 26 3.73 3402
Right PCG 36 -29 71 4.59 2916
EXT > TERM
Right anterior SFS 27 58 23 —-3.94 4212
Right STG 48 -5 —4 —4.13 2349
Right PCC/BA31 15 -32 41 —3.90 2025
Right BA40 60 -35 44 —4.85 11394
Left BA7 -21 —62 71 —4.52 1512
Left STG —51 1 —7 —4.46 5103
(TERM > CHECK) n (EXT > CHECK)
Right putamen 30 -5 -1 4.02 891

IFG =inferior frontal gyrus, BA =Brodmann Area, PCG = postcentral gyrus, SFS=superior frontal sulcus, STG =superior temporal gyrus,

PCC = posterior cingulate cortex.

significantly between experimental blocks [F(3, 76)=1.23,
p =.30], nor as function of uncertainty [t(21) =.21, p =.84]. As
stated above, two participants were excluded from further
analyses due to their behavioural performance (standardised
PR scores of zpg = —1.79 and zpr = —2.47, respectively).

The repeated-measures ANOVA yielded a significant main
effect of expectation compliance on offset latency [F(2,
38) =45.75, p <.001, Greenhouse-Geisser-corrected]. Post-hoc
pairwise t-tests revealed participants' button releases to be
significantly slower after terminated (M=783.72ms,
SD=77.94ms) than after regular (M=713.92ms,
SD =76.91ms, fdr-adjusted p <.01) as well as after extended
sequences (M =549.94ms, SD=121.73ms, fdr-adjusted
p <.001). The difference between extended and regular se-
quences was significant as well (fdr-adjusted p <.001). This
pattern of offset latency differences appears intuitive in the
sense that premature terminations unexpectedly violated the
prediction of continued sequential input, thus inducing a
delayed response compared to the regular condition. Criti-
cally, neither the main effect of uncertainty [F(1, 19)=.16,
p=.70] nor the interaction term of uncertainty X expectation
compliance [F(2, 38)=.16, p=.85] reached statistical signifi-
cance, suggesting that participants were able to discriminate
regular from manipulated sequences regardless of the
respective level of uncertainty. The number of misses
[t(19) = —.58, p=.57] and false alarms [t(19) =.24, p=.81] did
not differ significantly between high and low uncertainty
blocks (see Fig. 3A).

3.1.2. Post-measurement

Participants performed equally well during the post-
measurement (Mpr=.90, SD=.06) as they had during the
fMRI session. Out of 40 detectable sequences (not counting
invalid cues), participants correctly responded to 38.77
(SD =2.02) sequences on average.

The post-measurement was conducted in order to assess
accessibility of the signalling information provided by the
cues. If participants had learned the association of cue colours
and prospective ordered sequences over the course of the

training and the fMRI session, they were expected to react
faster to sequences beginning with established cue colours
than to those starting with new colours during the post-
measurement. Indeed, the corresponding t-test confirmed a
significant difference between learned and new cue colours
[t(19) = —2.78, p=.006, one-tailed]. Participants exhibited a
shorter reaction time (defined as onset latency relative to the
second sequential stimulus, see above) to learned cue colours
(M=731.76 ms, SD=152.68) than to new cue colours just
introduced during the post-measurement (M=784.78 ms,
SD = 184.04; see Fig. 3B).

3.2.  fMRI results

Supporting our first hypothesis, group-level activations
discernibly related to sequential terminations (TERM > EXT)
were found in left IFG. In contrast, sequential extensions
(EXT > TERM) were found to be distinctly reflected in activa-
tions across an extensive network comprising posterior
cingulate cortex (PCC), right superior frontal sulcus (SFS), and
right angular gyrus (Table 1).

As expected, uncertainty had a significant effect on
checkpoints processing (CHECK HIGH > CHECK LOW). Con-
trary to our hypothesis, however, enhanced activation at
sequential checkpoints during blocks of high uncertainty was
not found in ACC, but in right IFG and the corresponding
projection area in parietal cortex, right angular gyrus/tem-
poroparietal junction (rANG/TPJ], Fig. 4B; see Table 2 for
coordinates).

The conjunction of terminations and extensions relative to
checkpoints (i.e., unexpected relative to expected events,
TERM > CHECK n EXT > CHECK) yielded significant activation
in the right putamen (Fig. 4C; see Table 2 for peak coordinates).
Conceptually, this joint activation reflects the shared portion
of prediction error processing (i.e., an unexpected violation of
the internal model) in distinction to the qualitative differences
in how the internal model is violated (i.e., having to prema-
turely neglect vs unexpectedly resume the sequence model,
see above).
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Fig. 4 — (A) Areas positively correlated with sequential terminations (red) and extensions (blue). (B) Areas reflecting neural
processing at sequential checkpoints for high (vs low) uncertainty. (C) Common activations of terminations and extensions
relative to checkpoints. (D) Group averages of eigenvector centrality for low and high uncertainty blocks. (E) Significantly
higher centrality within the parahippocampal region for high > low uncertainty as revealed by a pairwise t-test.

The surprise parameter modulated neural responses in a
widespread network (Table 2) including bilateral anterior-
dorsal insular cortex, right ACC, and right fusiform gyrus
(see Supplementary Fig. S2).

3.3.  Exploratory eigenvector centrality mapping
Based on the finding that irreducible uncertainty modulated

neural processing of sequential checkpoints, we used ECM as
an exploratory tool to further analyse uncertainty effects.

Adding to the reported modulations in BOLD amplitude, ECM
as a measure of functional connectivity was employed to
detect uncertainty-related differences on the neural network
level.

Both high and low uncertainty conditions equally dis-
played a network of highly interconnected nodes including
cingulate cortex, precuneus, basal ganglia, IFG, and visual
areas (Fig. 4D). Intriguingly, significantly higher eigenvector
centrality was observed in the right parahippocampal region
(MNI coordinates 27, —35, —13) for the high uncertainty
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Table 2 — Activation peaks, z-values, and anatomical
locations for the effect of irreducible uncertainty on
checkpoint processing (CHECK_HIGH > CHECK_LOW) and
the parametric effect of surprise.

Area local maxima Volume
3
MNI zvalue (M)
X y z
CHECK_HIGH > CHECK_LOW
Right IFG/BA44 33 16 26 414 1377
Right TPJ/angular gyrus 36 —65 41 3.94 1458
SURPRISE
Right dorsal insula 30 28 2 4.60 2781
Right ACC 0 13 29 3.74 1431
Right BA40 60 —44 26 3.77 1431
Right BA7 15 —47 65 3.67 837
Left dorsal insula —-42 10 -1 4.46 6183
Left BA4/BA6 —-45 -8 56 3.97 891

IFG =inferior frontal gyrus, BA=Brodmann Area, TPJ=tempor-
oparietal junction, ACC = anterior cingulate cortex.

condition, indicating stronger functional connections be-
tween parahippocampal areas and the other central nodes
(see above) during time periods of statistical instability
(Fig. 4E).

3.4. Beta series correlation
Significant trial-by-trial correlations between our regions of

interest were found to be exclusively positive. Uncertainty-
induced changes in network connectivity appear to differ

between conditions: For terminations and extensions, there
were several significant links between areas under high un-
certainty that were absent under low uncertainty (see Fig. 5).
This does not seem to be the case for checkpoints for which all
network components were significantly correlated under low
uncertainty. Parahippocampal (PHC) beta series under high
uncertainty were found to be significantly correlated with
those of virtually all other network components for termina-
tions and checkpoints, but not for extensions. Moreover,
whereas the increase in significant PHC connections for
high > low uncertainty is most evident for terminations (with
no significant correlation of PHC under low uncertainty), PHC
was highly interconnected even under low uncertainty at
checkpoints and thus showed no increase under high uncer-
tainty. Finally, PHC was not significantly correlated with any
other network component at extensions (under neither un-
certainty level).

3.5 Correlation of behavioural and functional data

We hypothesised predictive processing to be adapted to sta-
tistical properties of environments (in this case, irreducible
uncertainty). Conceivably, this strategic adaptation could
manifest on the behavioural level — successful adaption to
highly uncertain contexts should facilitate resolution of con-
flict under uncertainty and thus result in response time ad-
vantages at corresponding events. As we propose such
adaptation to originate from more pronounced processing at
checkpoints under high uncertainty, the uncertainty-related
behavioural measures reported so far may very well have
been too non-specific to reflect particular effects on reaction
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Fig. 5 — Connectivity patterns within the network identified in the fMRI contrasts. Significant correlations of trial-specific
beta series for terminations (TERM), extensions (EXT), and checkpoints (CHECK) are shown for both low and high
uncertainty. Links coloured in red depict positive correlations, with darker tone corresponding to higher r. lIFG = left inferior
frontal gyrus, rIFG =right inferior frontal gyrus, rSFS = right superior frontal sulcus, rANG = right angular gyrus,

PHC = parahippocampal cortex, PCC = posterior cingulate cortex.
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times. To closely link behavioural measures to the reported
BOLD effects, we correlated subject-level regression weights
from the CHECK_HIGH > CHECK_LOW contrast (i.e., rIFG and
TANG, see above) with individual differences in offset latency
between high and low uncertainty blocks. Importantly, since
checkpoints were exclusively sampled from regular se-
quences for the fMRI contrasts, equally did only button re-
leases at the end of regular sequences contribute to the
reported differences in the correlation analysis. Both rANG
(r(18) = .21, p = .19, one-sided) and rIFG (r(18) = .12, p = .31, one-
sided) were found to show a small but non-significant corre-
lation with faster reaction times in highly uncertain blocks
(Fig. 6A).

In a second brain-behaviour correlation analysis, we
assessed whether individual differences in successful
learning of the cue-length-contingency (operationalised as
quicker reactions to learned vs new cue colours in the post
measurement, see Fig. 3B) were differentially related to ac-
tivity in rIFG and rANG (Fig. 6B). The difference between the
two correlations (r(18) = .35, p = .07 and r(18) = .12, p = .31, one-
sided) was found to be non-significant (z=1.01, p=.16, one-
tailed).

4, Discussion

The present fMRI study was conducted to investigate the
strategic adaptation of predictive processing to different non-
reward prediction error qualities and to the prediction's
contextual uncertainty. Distinguishable activation patterns
were elicited by prediction errors depending on the respective
error type, lending support to a differential concept of non-
reward prediction errors. In particular, we found that unex-
pected terminations and extensions of predicted stimulus
regularities elicited increased activity in distinct brain net-
works. Moreover, increased activity at checkpoints for high
versus low irreducible uncertainty suggests that context sta-
bility affects predictive strategies. Notably, this effect was
controlled for the quantitatively variable surprise level (i.e.,
respective improbability) of the sampled event types. Poten-
tially, stable (i.e., low uncertainty) contexts allowed a full-
length prediction of sequential input based on the internal
model, whereas highly uncertain contexts induced iterant
comparisons of sensory information with the internal model.
Neural processing at checkpoints was more pronounced in
these unstable contexts, possibly pointing towards a stepwise
(rather than full model length) prediction. Although further
research is needed to link neural effects to changes on the
behavioural level, these results provide novel insight into
potentially adaptive prediction strategies and their respective
neural underpinnings.

4.1. Qualitative differences of prediction errors

Predictions of digit sequences could be violated by termina-
tion or extension of the expected sequence length. While both
types of prediction error (relative to checkpoints) commonly
elicited enhanced activity in right-lateralised putamen, their
direct contrast yielded distinct frontal/frontoparietal activity
specific to the respective prediction error type. While we

tested a specific hypothesis for this contrast (IFG for termi-
nated sequences), we discuss further findings to suggest
testable hypotheses for future studies.

Terminated sequences correlated with neural activity
within IFG (BA44, see below) whereas extensions were re-
flected in effects along the anterior portion of right SFS (lateral
BAS8/9). Evidence from the action observation literature has
implicated the SFS in the processing of event boundaries
(Schubotz, Korb, Schiffer, Stadler, & von Cramon, 2012), i.e.,
behaviourally relevant transition points in event perception.
In line with the authors' interpretation of boundary-related
SFS activity as a correlate of updating attention to the next
stimulus, prediction error signals caused by sequential ex-
tensions presumably reflect the violation of the (expected)
sequence ending: at the point of a sequential extension, par-
ticipants were presented an unpredicted sequential digit
when in fact expecting a random digit denoting the end of the
ordered sequence (vice versa for terminated sequences). In
other words, present correlates of extended sequences sup-
posedly express a prediction error signal that ultimately re-
sults in memory-directed reorientation of attention, i.e., the
resumption of the internal model.

This interpretation is substantially supported by coac-
tivation of the angular gyrus, another component frequently
associated with attentional reorientation towards salient or
informative stimuli (Gottlieb, 2007; Kincade, Abrams,
Astafiev, Shulman, & Corbetta, 2005; Rushworth, Ellison, &
Walsh, 2001). The angular gyrus, specifically the dorsal
portion we report for sequential extensions, has been shown
to be connected to superior frontal areas via the occipito-
frontal fascicle (Makris et al., 2007; Nelson et al., 2010).
Functionally, one suggested role for the angular gyrus in
attentional updating has been the integration of current
stimuli with recent task history (Taylor, Muggleton, Kalla,
Walsh, & Eimer, 2011) — a highly relevant operation for
extended but not for terminated sequences. In a similar vein,
O'Connor, Han, and Dobbins (2010) reported expectancy vio-
lations in an attentional cueing task to be reflected in
supramarginal and angular gyrus. Their differential findings
of prediction errors following old versus new items led the
authors to assume that inferior parietal lobe (IPL) lesions
should affect cognitive control mechanisms especially when
unexpected familiar items violate a strong expectation of
novel stimuli. Our results further substantiate these sugges-
tions, as the characteristic quality of extended sequences was
precisely the observation of history-conform sequential digits
when participants expected novel (i.e., random) digits.

In contrast to sequential extensions, one specific digit (i.e.,
the preceding number raised by one) was expected at the
point of violation during terminated sequences. Therefore,
sequential terminations can be considered violating a more
specific prediction than was the case for sequential exten-
sions. Our finding of IFG activity increase for sequential ter-
minations adds to consistent reports of BA44 reflecting
violations of expected regularities in language syntax
(Friederici & Kotz, 2003), musical structure (Maess, Koelsch,
Gunter, & Friederici, 2001), actions (Wurm & Schubotz, 2012),
and abstract stimuli (Huettel, Mack, & McCarthy, 2002). Con-
trary to an unexpected continuation of observed regularities
(see above), these studies and our own results commonly
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point to a role for IFG in processing premature rule violations
when regular input of certain specificity is expected.

4.2. Predictive processing as a function of statistical
context

The second main aim of the present study was to assess
predictive strategies in varying statistical contexts. Processing
of changes in statistical regularities per se has been demon-
strated for both reward (Behrens et al., 2007) and non-reward
paradigms (Tobia, Iacovella, Davis, & Hasson, 2012). However,
it remains unclear whether or not predictions of abstract up-
coming input strategically change with context (note that
here, “strategically” does not imply a conscious effort). To
dissociate predictions in a stable versus unstable context, the
reasoning was as follows: while an implicit cue might trigger
the prediction of sequential input at full length in a stable
context, an unstable context might lead to a stepwise pro-
cessing confirming the prediction is still valid. Recall the
staircase analogy from before: in an unstable context (e.g., in
dim lighting), one might be well advised to verify the initial
prediction (“This flight has 13 steps”) at some critical point in
order not to encounter a (potentially precarious) prediction
error.

Following this rationale, we investigated effects of irre-
ducible uncertainty on the neural processing of possible
checkpoints during prediction. Checkpoints were defined as
regular events at those sequential positions where prediction
errors occurred in terminated or extended sequences. Note
that, by definition, violations of the cue — length contingency
did not occur in regular sequences from which checkpoints
were sampled. Right IFG showed increased BOLD activity at
checkpoints within the high (vs low) uncertainty condition.
Given the central involvement of prefrontal cortex (PFC) in
flexible interactions with the environment, a process often-
times termed cognitive control (Corbetta & Shulman, 2002;
Petrides, 2000), enhanced prefrontal responses at potential
violation sites might indeed be interpreted as an updating
mechanism accounting for changes of statistical regularities.
Previous work has shown that experimental context can be
decoded from prefrontal neurons (Waskom, Kumaran,
Gordon, Rissman, & Wagner, 2014), suggesting that cognitive
control and decision-making benefit from representations of
current context encoded in PFC. Conceivably, the use of spe-
cific versus higher-order information for context encoding in
PFC depends on the respective network in which frontal sites
are coactivated. Recall that left-lateralised IFG activation was
found for violations of number-specific expectations:
Consolidating IFG effects for both sequential terminations and
highly uncertain checkpoints, the common role for prefrontal
sites may be a close monitoring of structured incoming in-
formation. Depending on whether these monitoring processes
lead to the detection of a specific prediction error (as in the
TERM > EXT contrast) or provide vital information about the
current task context (i.e., CHECK_HIGH > CHECK_LOW),
respective network partners are coactivated accordingly.
Support for this interpretation comes from our finding that
checkpoint processing under high uncertainty was also found
to be reflected within the right angular gyrus/TPJ. As a direct
projection site of IFG, TPJ has been established as part of a

ventral network engaged in attentional control (Corbetta &
Shulman, 2002; see Cabeza, Ciaramelli, Olson, & Moscovitch,
2008 for a review). Specifically, this network initiates a
bottom-up reorientation driven by behaviourally relevant but
unattended stimuli. Fittingly, demanding the actor to enter a
special attentional mode is one characteristic of junctures
from the field of sequential action selection (decision points;
Reason, 1992). This way, increased allocation of attentional
resources may be one plausible interpretation of rANG/TP]
effects for high uncertainty checkpoints. However, an
intriguing hypothesis redefining TPJ function was put forward
by Geng and Vossel (2013): the authors propose contextual
updating as the main role of TPJ in cognitive processing,
meaning the updating of internal models of context based on
new sensory information (Seghier, 2013). It is important to
recall that the contrast of interest (CHECK_-
HIGH > CHECK_LOW) only contained events of regular se-
quences where a violation of prediction (termination or
extension, respectively) was probable but did in fact not occur.
Since there was no external signal initiating a change in pre-
dictive strategies, enhanced processing of checkpoints for
highly uncertain contexts was solely based on the internal
sequence model developed through previous experience.
Consequently, contextual updating as well as corresponding
strategic adjustments (i.e., the use of incremental predictions
in unstable environments) do not seem to require a bottom-up
trigger signal but can instead be prompted by model-based
expectancies alone. This suggests an extension of the under-
standing of TP] functioning for paradigms where contextual
updating relies on top-down generated internal models of
context.

Due to the higher average surprise value for checkpoints in
high versus low uncertainty blocks, an increase in surprise
could potentially present an intuitive explanation for the re-
ported results. Crucially, however, since the surprise param-
eter was modelled separately within the GLM, our findings
cannot be attributed to stimulus-bound surprise but instead
reflect higher-order cognitive processes exceeding trial-by-
trial variation in informational value.

In sum, elevated BOLD responses within rIFG and rANG at
sequential checkpoints potentially point to an adaptive qual-
ity of abstract predictive processing that to our knowledge has
not been demonstrated. Depending on the stability of statis-
tical contexts, the top-down predictive strategy may vary with
regard to how far expectations reach into the future. Sup-
porting this interpretation on the behavioural level, the extent
to which participants learned the colour-length association
(i.e., their gain in response speed during post-measurement)
was more strongly correlated with the BOLD uncertainty ef-
fects in the frontal (rIFG) than in the parietal (rANG) compo-
nent of the checkpoint network (although the difference in
correlation did not reach significance). In other words, espe-
cially for rIFG, the more successful the contingency between
cue colour and sequence length was learned, the more pro-
nounced was the neural activity at checkpoints under high
uncertainty (see Fig. 6).

Motivated by the reported BOLD amplitude effects of un-
certainty, exploratory functional connectivity analysis (i.e.,
ECM) revealed eigenvector centrality of the right middle
temporal gyrus (MTG)/parahippocampal region (PHC) to
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Fig. 6 — (A) Correlation of beta weights extracted from the contrast of high versus low uncertainty checkpoints and the
difference in offset latency following regular sequences in high versus low uncertainty environments. Differences in offset
latency are depicted as gain under high uncertainty, i.e., faster reaction times for button releases at the end of regular
sequences under high (vs low) uncertainty. (B) Correlation of beta weights extracted from the contrast of high versus low
uncertainty checkpoints and the difference in onset latency for learned versus new cue colours during the post test.
Differences in onset latency are depicted as ‘gain during post measurement’, i.e., faster reaction times for button presses at
the beginning of ordered sequences following learned (vs new) cue colours.

increase during epochs of high uncertainty. This reflects a
strengthened connectivity between the parahippocampal re-
gion and those highly interconnected frontoparietal circuits
that are central for the currently employed task. More detailed
analyses of trial-specific beta series within our regions of in-
terest (see Supplementary material) suggest differential con-
nectivity patterns of PHC depending on the outcome of a
sequence and the respective level of uncertainty: While PHC
was found to be highly interconnected at checkpoints

(regardless of uncertainty), the same level of connectivity was
found only for high uncertainty terminations. Lastly, PHC
activity at extensions did not covary significantly with any
other network component. One possible hypothesis would be
that representations of terminations and checkpoints could
be more similar than, say, terminations and extensions; an
intriguing starting point for multivariate assessment of event
characteristics such as representational similarity analysis
(RSA, Kriegeskorte, Mur, & Bandettini, 2008). Another
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possibility would be to look at network configurations at
different points in time and formulate hypotheses about
graph measures (e.g., network density) to learn more about
the respective roles of key regions implicated in predictive
processing under uncertainty. These results motivate
intriguing hypotheses and objectives for future research tar-
geting network configuration as a function of uncertainty (see
Limitations and future directions).

The medial temporal lobe including the hippocampal for-
mation has been established as a crucial structure for pro-
spective processing and pattern completion during perception
(Turk-Browne, Scholl, Johnson, & Chun, 2010), sequence
learning (Schapiro, Gregory, Landau, McCloskey, & Turk-
Browne, 2014; Schendan, Searl, Melrose, & Stern, 2003), and
especially at points of ambiguity (Bornstein & Daw, 2012;
Kumaran & Maguire, 2006; Ross, Brown, & Stern, 2009).
When multiple competing predictions with regard to the next
sequential item arise under uncertainty, the MTG network is
hypothesised to resolve this ambiguity, resulting in enhanced
hippocampal responses (for a review, see Davachi & DuBrow,
2015). Critically, the present high uncertainty condition was
hypothesised to intensify neural processing at ambiguous
checkpoints by means of a higher proportion of sequential
deviants. Therefore, the finding of strengthened functional
connectivity between the parahippocampal region and central
task-related structures in a highly uncertain environment
further corroborates the understanding of MTG as a
contingency-sensitive circuitry engaged in encoding and
extracting statistical information. Our results moreover sug-
gest that this information could then be employed to facilitate
a context-appropriate change in predictive processing,
namely a stepwise prediction strategy for highly uncertain
contexts. This way, instability in the environment could
supposedly be compensated by more frequently comparing
model-based expectations with actual sensory input.
Combining the contextual updating hypothesis and MTG
involvement in sequential ambiguity, enhanced overall con-
nectivity of MTG/parahippocampus under high uncertainty
could thus be interpreted as evaluating the validity of top-
down, model-based predictions in light of incoming sensory
information (Kumaran & Maguire, 2006; Lisman, 1999). Pre-
sumably, a stepwise prediction is not necessary in stable
contexts, possibly due to frequent validation of the internal
model (i.e., the high proportion of regular sequences) resulting
in high confidence in the initial full-length prediction. As for
computational efficiency and economic processing, stepwise
prediction would appear to be a strategic adaptation to un-
stable contexts in order to avoid the cost of prediction errors.
One intuitive neural implementation of these stepwise pre-
dictions would be through enhanced communication between
MTG and frontoparietal networks, thus enabling recourse to
model information in working memory. Indeed, previous
studies have demonstrated the anatomical connectivity be-
tween angular gyrus/TPJ, associated frontal areas (IFG/lateral
PFC), and MTG (Clower, West, Lynch, & Strick, 2001; Makris
et al.,, 2005; Petrides & Pandya, 1999; Vincent et al., 2006).
Within the scope of the contextual updating hypothesis, these
connections are thought to integrate internal representations
of current context information with the appropriate sensori-
motor transformation necessary to respond adequately (Geng

& Vossel, 2013). Strengthened MTG involvement in contexts
where regular updating is beneficial suggests that the internal
model is iteratively checked based on cue information
retrieved from working memory.

4.3. Limitations and future directions

The present study, conceptualised as a first step into inves-
tigating adaptive qualities in predictive processing, does not
come without limitations. As mentioned above, one critical
objective for future efforts is to replicate the differential ef-
fects for terminations and extensions in an experimental
design that ensures equal response requirements for both PE
types. Even though the direct contrast (TERM > EXT) does not
contain components primarily associated with motor func-
tion, identical behavioural correlates would allow further
analyses of response patterns, e.g., assessing modulatory
effects of surprise on offset latency. Furthermore, subse-
quent efforts could aim to uncouple terminations and ex-
tensions from fixed sequential positions, thus eliminating
potential influence of timing or sequence length. Future di-
rections also include the use of multivariate approaches, as
single run measurement of fMRI data limited the applica-
bility of multivariate analyses for our present study. Follow-
up studies could then use tools such as RSA to decode neu-
ral representations of the internal model at different points
in time (see Schuck et al., 2015 for preparatory mPFC encod-
ing prior to strategy change). Such multivariate approaches
could also be combined with electroencephalography data
(EEG, currently in preparation) to provide novel information
on the time course of representations as a function of sta-
tistical context.

5. Conclusion

Different classes of abstract prediction errors were reflected in
distinct brain activation patterns, predominantly within
separate frontoparietal networks. Depending on whether the
respective prediction error called for reorienting towards
external stimuli or staying with the internal model, cognitive
processing was adjusted accordingly. High irreducible uncer-
tainty resulted in more pronounced processing of sequential
checkpoints we preliminarily interpret as iterative compari-
sons of sensory information and the internal model. Although
further research is needed, our findings suggest that this
stepwise predictive strategy may be conducted through
enhanced connectivity between frontoparietal circuits and
the (para-)hippocampal area.
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