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Introduction: Predictive-processing accounts have become increasingly
in uential in understanding the pathophysiology of schizophrenia (Sz). Within
this framework, mismatch negativity (MMN) paradigms provide a well-
established and widely replicated assay of mismatch processing. However,
most MMN designs operationalize mismatch as violations of externally de ned
regularities. In this study, we aimed to use magnetoencephalography and a
masked-face paradigm to probe a complementary form of mismatch that arises
when an internally inferred representation of an occluded face is confronted
with newly available sensory evidence after unmasking (an inferred—
sensory mismatch).

Methods: Participants rst viewed the masked faces, followed by the same faces
without masks. Two types of stimuli—individual and average—were used. Data
from 18 individuals with SZ and 18 healthy controls (HCs) were analyzed using
spatiotemporal cluster tests.

Results: Among HCs, mask removal from individual faces elicited a signi cant
cluster at the left temporal sensors (234—511 ms), with source estimates
suggesting involvement of the left insular cortex. No signi cant clusters were
observed for average faces. In the SZ group, no signi cant mismatch responses
were observed in either condition.

Discussion: Overall, HCs showed a reliable neural response to the unmasking of
individual faces, consistent with a mismatch between an internally inferred
representation and newly revealed sensory information. In contrast, no robust
mismatch-related response was detected in the SZ group in the present dataset.
This pattern is compatible with predictive-processing accounts that emphasize
reduced precision of perceptual inference in SZ.

KEYWORDS
Bayesian brain hypothesis, face recognition, insular cortex, magnetoencephalography,
predictive processing, schizophrenia
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1 Introduction

Computational psychiatry is a promising framework for
understanding psychiatric disorders using mathematical models.
Schizophrenia (SZ) has been a key focus of predictive-processing
accounts (1-3). Within this broader theoretical context, we
proposed the Hyperlearning Hypothesis, in which abnormalities
in prediction-related processing are conceptualized in SZ as the
initiating conditions for maladaptive overlearning, rather than as
stable or suf cient causes of the disorder (4). In this framework,
imprecise and distorted prediction-error signals are posited as a
proximal trigger that repeatedly drives learning mechanisms,
thereby promoting excessive reinforcement of inaccurate internal
models and, over time, contributing to progressive network-level
reorganization. This perspective builds on and reinterprets the
Bayesian brain hypothesis, which posits that perception and
cognition emerge from the formation and updating of internal
models based on predictions and prediction errors (5-8). A critical
investigation of this framework is whether such abnormalities arise
when observers must infer hidden information from incomplete
sensory input. From a Bayesian viewpoint, the brain continuously
compares incoming sensory input with prior expectations,
registering mismatches when predictions fail. For example, when
an earthquake suddenly shakes a building, the brain registers a
prediction error or “surprise” from the mismatch between the
expected and actual sensory input. These errors are minimized by
updating internal models in the brain, thereby adjusting to
unexpected changes (9). This predictive updating may underlie
diverse perceptual and cognitive processes.

Generally, prediction errors are computed by comparing
sensory inputs with prior expectations, and predictions are
updated accordingly. However, according to the Bayesian brain
hypothesis, the precision of prediction, sensory input, and
prediction errors decreases in SZ (1, 10). This leads to faulty
internal model updating, resulting in “false inference,” which may
underlie symptoms such as hallucinations and delusions (1, 10).
Computational models indicate that reduced precision contributes
to various symptoms, including hallucinations, delusions of control,
catatonia, and attenuated mismatch negativity (MMN) (1).
Accordingly, predictive and inferential processes in SZ have been
experimentally assessed in an increasing number of studies, and this
framework has attracted growing attention (11).

Crucially, from this Bayesian perspective, perception re ects the
integration of prior expectations with sensory evidence, and
prediction errors arise when new evidence forces an update of an
inferred representation—processes likely compromised in SZ owing
to reduced precision (1, 10). A well-established experimental
readout of such predictive processing in SZ is the MMN, an
event-related potential elicited by deviant auditory stimuli in a
stream of repeated standard tones (12-15). It re ects the automatic
detection of deviance and is interpreted as evidence of predictive
processing in the auditory system (16-18). Its amplitude is
consistently reduced in SZ (12, 19, 20). However, conventional
MMN paradigms typically rely on short-term regularities in simple,
non-social sounds and de ne deviance primarily in terms of
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externally speci ed stimulus features (21, 22). Therefore, these
paradigms offer limited emphasis on situations in which observers
must infer the most likely cause of incomplete sensory input and
update this inferred representation when new evidence becomes
available. Paradigms that incorporate socially relevant stimuli and
explicitly engage such inference may therefore complement
conventional MMN approaches.

Face recognition is a core aspect of visual social cognition and
relies heavily on prior experience and learning (23). When presented
with incomplete facial information, observers tend to perceptually
complete missing parts using internalized priors—for example, by

lling in features toward an “average” face representation (24).
Consistent with this observation, occluding the lower face, such as
wearing a mask, can shift perceived appearance toward average-
related impressions, including perceived attractiveness (25, 26). For
example, electrophysiological studies have revealed smaller N170
face-selective responses to average and prototypical faces, which is
consistent with the notion that observers rely on an internal average
face template during face perception (27, 28). More generally, in
perceptual inference, the brain may construct internal representations
of objects or scenes based on incomplete or ambiguous sensory input
(5-8). However, when additional sensory evidence becomes available,
the newly revealed input may not fully align with the previously
inferred representation. The resulting discrepancy re ects a
mismatch between an internally inferred representation and later
sensory evidence at the descriptive level, without committing to any
speci ¢ computational interpretation, such as explicit signaling of
prediction error or updating of a learning-based model. We refer to
this class of discrepancies as inferred—sensory mismatch (ISM),
de ned as a divergence between a representation inferred under
conditions of uncertainty and the sensory evidence that later
constrains or revises that representation. This paradigm provides a
natural context for examining neural responses associated with ISM.

The primary aim of this study was to operationalize belief
updating under uncertainty in a socially meaningful context by
quantifying neural responses to ISM in a masked-face paradigm.
We subsequently examined whether this differentiation between
masked-to-unmasked transitions and initially unmasked
presentations differs in SZ. In this paradigm, masked-face
perception provides a concrete and ecologically relevant example;
observers infer missing facial features under occlusion, and mask
removal reveals sensory information that may partially diverge from
this inferred representation. Building on this rationale, we formulated
the following hypothesis in SZ: neural responses re ecting ISM would
show reduced differentiation between masked-to-unmasked
transitions, which engage inference from incomplete facial input,
and initially unmasked presentations, which re ect ordinary face
recognition. Notably, whether such differentiation is robustly present
in healthy controls (HCs) under our paradigm was not known a priori.
Therefore, we initially assessed within-group differences to establish
the presence and direction of this differentiation in HCs, and
subsequently examined whether the same pattern of differentiation
was attenuated in SZ. Additionally, we performed between-group
comparisons of this differentiation and used magnetoencephalography
(MEG) to quantify ISM in this paradigm.
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2 Materials and methods
2.1 Participants

We recruited 19 patients with SZ and 20 HCs between May
2023 and September 2024 from Gunma Prefectural Psychiatric
Medical Center, Tsutsuji Mental Hospital, and Gunma University
Hospital, Japan. This study was reviewed and approved by the
Ethics Committee of Gunma University Graduate School of
Medicine, Japan, and was registered at the University Hospital
Medical Information Network Clinical Trials Registry (ID:
UMINO000050008). Although the preregistration outlined an
aspirational target sample size, data acquisition could not be
continued beyond September 2024 because MEG measurements
became operationally infeasible at our site owing to constraints
related to helium costs. Consequently, recruitment was stopped
earlier than initially planned, and the nal sample re ects all eligible
participants enrolled during the measurement period. Planned
connectivity analyses mentioned in the preregistration are not
reported here to maintain a focused scope and will be addressed
in future work.

All participants provided written informed consent after
receiving a detailed study explanation. This study was conducted
following the Declaration of Helsinki guidelines. Handedness was
assessed using the Edinburgh Handedness Inventory to con rm
that all registered participants were right-handed (29). SZ diagnoses
were con rmed using the Structured Clinical Interview for DSM-5
Research Version (30), and HCs were screened using the same
interview to exclude any current or past psychiatric disorders. HCs
were also screened to exclude severe physical comorbidities. The
exclusion criteria are summarized in Supplementary Material 1.
Psychopathology was assessed using the Positive and Negative
Syndrome Scale (PANSS) (31), Japanese Adult Reading Test
(JART; a brief measure of intelligence quotient [1Q]) (32), and
the Global Assessment of Functioning (GAF) scale (33).
Chlorpromazine equivalent doses of antipsychotics were

TABLE 1 Participant characteristics.

10.3389/fpsyt.2026.1749435

calculated for participants with SZ (34). Disease duration was
determined as the difference between the age at study
participation and SZ onset.

One patient with SZ was excluded for ambidexterity. One HC
was excluded because of an incidental brain tumor, and another
owing to a psychiatric disorder identi ed during screening.
Consequently, data from 18 patients with SZ and 18 HCs were
included in the nal analysis.

Group differences in sex distribution were assessed using the
chi-square test. Age, JART scores, and GAF scores, as well as the
accuracy and response times in the experimental tasks, were
compared between the groups using Welch’s t-test (Table 1).

The two groups did not signi cantly differ in age or sex. The
mean illness duration in the SZ group was 12.4 years, indicating that
the cohort primarily comprised chronic outpatients. The SZ group
showed signi cantly lower GAF scores and 1Q, as estimated using
the JART, than the HC group; however, the participants
demonstrated adequate understanding and performance of the
experimental tasks.

2.2 Stimuli and procedure

Individual facial images of women with neutral expressions
were used as experimental stimuli. Only female faces were used
because, among the available photographs, only a set of female faces
met our criteria (neutral expression and consistent acquisition
conditions). To eliminate the in uence of hair and background
color, Facemorpher (35) was used to extract only the facial region,
and the background was replaced with black. A mask was then
applied to each image to obscure the lower half of the face.
Additionally, we created average morphed faces by randomly
combining the faces of 10 individuals using WebMorph (36). The
lower halves of the average faces were covered with a mask. An
average face contained fewer distinctive features than the individual
faces; nevertheless, each average face remained visually
distinguishable (Figure 1).

*Statistical signi cance: p < 0.05.

Sex 9 9 5 13 1.052 0.305
Mean SD Mean SD t p-value
Age (year) 450 12.0 387 114 -1.627 0.113
JART 111.9 7.7 103.0 9.5 -3.109 0.004*
GAF 80.9 75 63.4 9.3 -6.177 0.000*
Disease duration (year) - - 12.4 10.1 - -
PANSS positive symptoms - - 154 44 - -
PANSS negative symptoms - - 16.8 45 - -
PANSS general psychopathology - - 37.0 9.6 - -
dA:Steiprsn);c/r;(;S)c (chlorpromazine equivalent _ N 5043 3178 _ _

GAF, Global Assessment of Functioning; HC, healthy control; JART, Japanese Adult Reading Test; PANSS, Positive and Negative Syndrome Scale; SZ, schizophrenia; SD, standard deviation.

M, Male; F, Female.
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Figure 1 illustrates the experimental procedure. To minimize
the in uence of abrupt luminance changes on MEG measurements,
we inserted a pixelated (mosaic) version of the face before each face
presentation. Accordingly, each trial consisted of an initial mosaic
display (1000 ms), a face stimulus (1000 ms), a second mosaic
display (1000 ms), and the corresponding face stimulus (1000 ms),
resulting in a xed trial duration of 4000 ms. Participants indicated
whether the two successive face images represented the same
identity by pressing a button. They were allowed unlimited time
to respond, and the next trial began only after a response
was recorded.

The task included two randomly intermixed trial types: Forward-
order unmasking, in which a masked face was presented rst and
subsequently the corresponding unmasked face, and Reverse-order
control, in which an unmasked face was presented rst and then the
masked version. The Reverse-order control trials were included to
measure neural responses during ordinary face recognition. Each trial
type included two face-types: individual faces and average faces. For
Forward-order unmasking, each face type comprised 60 trials. For
analysis, we used 50 trials per face type in which the masked and
unmasked faces depicted the same identity. Across the analyzed trials,
25 unique face identities were prepared for each face type (individual
and average), and each identity appeared twice in a randomized
order. As the number of eligible face identities was limited, this
repetition was necessary to obtain a suf cient number of trials for
stable estimation of event-related elds (ERFs). For Reverse-order
control, each face type comprised 30 trials to reduce participant
burden. For these trials, 30 unique face identities were prepared per
face type, and each identity was presented once in a randomized
order. The experimental session lasted approximately 30 min
including preparation and instructions, and the task completion
required approximately 15-20 min.

Examples of average faces

10.3389/fpsyt.2026.1749435

2.3 MEG data acquisition and
preprocessing

Brain activity during task performance was recorded using a
whole-head MEG system (RICOH160-1; RICOH Co., Ltd., Tokyo,
Japan) equipped with 160-channel axial gradiometers. Recordings
were conducted in a magnetically shielded room at the Kumagaya
General Hospital. Participants in the supine position were
instructed to remain awake and relaxed throughout the recording.
The gradiometer sensor coils measured 15 mm in diameter and 50
mm in height, with paired coils separated by 23 mm. Data were
sampled at 2,000 Hz and Itered online with a 500 Hz low-pass

Iter. For the co-registration of MEG data with anatomical brain
images, ve ducial magnetic marker coils were attached to the
participant’s face: one located 40 mm above the nasion, two
bilaterally 10 mm anterior to the tragus, and two at the bilateral
preauricular points. The spatial coordinates of these markers were
digitized immediately before MEG recording. To ensure optimal
alertness, recording began immediately after the magnetically
shielded room door was closed. Trained medical technicians
continuously monitored the participants via videos throughout
the recording period.

Continuous MEG signals were rst denoised using the dual-
signal subspace projection algorithm (37) in RICOH MEG Analysis.
Dual-signal subspace projection is functionally comparable to the
temporally extended signal space separation algorithm, differing
mainly in the signal subspace projector approximation (38).
Further signal processing was conducted using MNE-Python (39).
Line-noise components (50 Hz and harmonics) were removed using
MNE-Python’s spectrum_ t approach, which estimates and subtracts
narrowband sinusoidal components in the frequency domain to
reduce time-domain ringing artifacts that can emerge from

Time (ms) I

FIGURE 1

-{» Response 60 trials

-i» Response 60 trials

-1 Response | 30 trials

-1 Response 1 30 trials
1000 2000 3000 4000

Schematic of the experimental procedures. The left panel shows sample face images used in the actual experiment. The right panel shows the
sequence of events for each trial. Following a random order from the previous trial, one of the four trial types was presented: (A) a masked individual
face followed by its unmasked version (Forward-order unmasking, 60 trials), (B) a masked average face followed by its unmasked version (Forward-
order unmasking, 60 trials), (C) an unmasked individual face followed by its masked version (Reverse-order control, 30 trials), and (D) an unmasked
average face followed by its masked version (Reverse-order control, 30 trials). At the end of each trial, the participants were asked whether the two
faces represented the same identity. Participants responded by pressing a button. The next trial commenced immediately after the response. To
eliminate the effects of luminance changes, a pixelated version of the face was presented as a pre-stimulus before each facial image. The red frame
indicates the epochs that were used for the actual data analysis. Source: Mask overlay designed by rawpixel.com, https://www.freepik.com/free-
photo/black-protective-fabric-face-mask_13299938.htm, reproduced under Free license. Face images created by yslab, https://en.photo-ac.com/
photo/24800977 and TicTac, https://en.photo-ac.com/photo/3167326, reproduced under photoAC's Standard License.
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applying multiple notch Iters (40). Finally, signal-space projection
(41) was applied to remove heartbeat (electrocardiography) and eye
movement (electrooculography) artifacts. The detailed preprocessing
code is provided in Supplementary Material 2.

2.4 Spatiotemporal cluster test

As no speci ¢ spatiotemporal hypothesis was formulated
regarding ISM, data-driven analyses were conducted using the
spatiotemporal cluster test (42) implemented in MNE-Python for
sensor- and source-level data. We compared brain activity during
the Forward-order unmasking with that during the Reverse-order
control to investigate the differences in their spatiotemporal
distributions. First, at each time point and sensor channel (or
source vertex), a one-way analysis of variance was performed to
compute the F-values by comparing the two ERFs. A threshold
corresponding top  0.01 was applied to the F-values, and spatially
and temporally adjacent data points exceeding this threshold were
grouped into clusters. The cluster statistic was de ned as the sum of
the F-values within each cluster. The signi cance of each cluster was
assessed by comparing its statistics against the empirical
distribution of the maximum cluster statistics obtained from
10,000 permutations. Clusters with a cluster-corrected p < 0.05
were considered statistically signi cant. The analysis time window
for the spatiotemporal cluster test was set to 0—1000 ms relative to
the onset of the face image. The same parameters were used for the
sensor- and source-level analyses.

2.5 MEG sensor-level analysis

To minimize the edge effects associated with subsequent
bandpass Itering, epochs were extracted over a wide time window
of -2500 to 2500 ms relative to the onset of the face image. Baseline
correction was applied using a -200 to 0 ms prestimulus interval.
Epochs containing artifacts >4000 fT were excluded from further
analyses. The remaining epochs were averaged to obtain ERFs, which
were then ltered using a 1-25 Hz bandpass Iter. The 1-25 Hz
bandpass was selected to focus on low-frequency ERF components
and obtain stable spatiotemporal cluster formation. Cluster stability
checks across alternative upper cutoffs are provided in Supplementary
Material 3. Subsequently, the ERFs were converted to Z-scores using
the -200 to 0 ms baseline, and a spatiotemporal cluster test was
performed to compare the waveforms between the Forward-order
unmasking and Reverse-order control.

The difference in the waveform between the Forward-order
unmasking and Reverse-order control was calculated for clusters
identi ed as signi cant using the spatiotemporal cluster test. The
mean difference waveform within the cluster was computed and
de ned as the ISM. This scalar summary measure was used for
subsequent correlation analyses with clinical symptom scores in the
SZ group. The difference waveform and the ISM are de ned as
follows:

D(t) = Erorward(®)  Ereverse(t)
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ISM = Wic:)lo(ti)

Here, Erorwara(t) and Ereverse(t) represent the ERFs for the
Forward-order unmasking and Reverse-order control, respectively.
D(t) denotes the difference waveform at each data point t., and N
denotes the total number of data points within the cluster.

2.6 MEG source-level analysis

For MEG source estimation, structural magnetic resonance
imaging scans were acquired for each participant at the
Kumagaya General Hospital using a Discovery MR750w Expert
3.0T scanner. The T1-weighted images were obtained with a slice
thickness of 1 mm. These T1-weighted images were individually
reconstructed using the FreeSurfer software (43—45).

Data epoching and averaging were performed using the same
procedure as that used for sensor-level analysis. Source estimation
was then conducted on the averaged ERFs using MNE-Python (39).

Forward head modeling was performed using a single-
compartment boundary-element model de ned by the inner skull
surface (46). The source current distribution was estimated using a
noise-normalized dynamic statistical parametric mapping method
(47, 48). The noise covariance matrix was computed from
recordings in an empty room. To reduce the bias of the estimated
source locations toward super cial currents, a depth-weighting
parameter (depth = 0.8) was incorporated by adjusting the source
covariance matrix (49). The resulting source time series were
morphed onto the FreeSurfer standard brain template, “fsaverage”
(50). To reduce the computational cost of the spatiotemporal cluster
test, we adopted the “fsaverage” template with 1,284 vertices (51).

The source time courses were bandpass Itered between 1 and
25 Hz and then converted to Z-scores using the -200 to 0 ms
baseline period. The spatiotemporal cluster test was conducted to
compare the waveforms between the Forward-order unmasking and
the Reverse-order control. The ISM values were computed using the
same procedure as that used for sensor-level analysis.

2.7 Between-group comparisons

To test for group differences in the ISM, we performed a
spatiotemporal cluster-based permutation test on the Forward—
Reverse difference waveforms across sensors (or vertices) and
time, using the same cluster-forming threshold and permutation
scheme as in the within-group analyses. For each participant, the
Forward-Reverse difference was computed at each sensor/vertex
and time point, and these difference data were then compared
between groups.

As a complementary analysis, we conducted a temporal cluster-
based permutation test on the Forward-Reverse difference
waveform averaged within a sensor/vertex ROI. This ROl was
de ned as the set of sensors/vertices comprising the signi cant
within-group cluster (Forward vs. Reverse) observed in HCs for
individual faces. As this ROl was de ned based on the present
dataset, the ROI-based temporal analysis should be interpreted as a
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TABLE 2 Results of performance data.

10.3389/fpsyt.2026.1749435

Accuracy
Face type Mean
HC IND Forward-order 0.898 0.130 0.903 0.463
HC IND Reverse-order 0.850 0.189 1.032 0.558
HC AVG Forward-order 0.828 0.074 0.974 0.688
HC AVG Reverse-order 0.757 0.186 1.211 0.818
Sz IND Forward-order 0.775 0.168 1.045 0.398
Sz IND Reverse-order 0.776 0.196 1.161 0.528
Sz AVG Forward-order 0.694 0.143 1.154 0.795
Sz AVG Reverse-order 0.693 0.159 1.292 0577

Accuracy indicates the proportion of correct responses. RT denotes response time in seconds for each trial.
AVG, average face; HC, healthy control; IND, individual face; RT, response time; SZ, schizophrenia.

follow-up analysis. The speci ¢ sensors/vertices included in the ROI
are shown in Supplementary Figure 1.

2.8 Performance analysis

Behavioral performance (accuracy and response time) for the
identity-judgment task was separately summarized for each
participant, for each face type (individual and average), and for
each trial type (Forward-order unmasking and Reverse-order
control). In addition to descriptive statistics (mean — SD), we
determined main and interaction effects using a mixed-design
ANOVA with Group (HC and SZ) as a between-subject factor
and Face type (individual and average) and Order (Forward-order
unmasking and Reverse-order control) as within-subject factors.
Repeated measurements were accounted for by including Subject
as a blocking factor in the model, and Type Il sums of squares were
used to obtain F-statistics. Effect sizes are reported as partial eta
squared (hp ).

We assessed normality of residuals using Shapiro—Wilk tests
complemented by residual Q—Q plots, and we tested homogeneity
of variance between groups using Levene's tests within each Face
type  Order cell (Supplementary Tables 1B, C; Supplementary
Figure 2). Departures from normality were more apparent for
response time (RT) residuals (particularly in HCs); therefore, we
additionally reported analyses using log-transformed RT
(Supplementary Table 1D).

2.9 Correlation analysis

Pearson’s correlation coef cients were computed to examine
whether the sensor- and source-level results were associated with
clinical symptom scales in the SZ group. As a signi cant cluster was
identi ed only in HCs (individual face condition), we de ned the
spatiotemporal region of interest based on this cluster and then
computed ISM within the same region of interest for participants
with SZ. We tested whether ISM was correlated with the GAF and
PANSS scores, antipsychotic medication dosage, and illness
duration. To evaluate evidence for the absence of meaningful
associations given the small sample size, we additionally
performed equivalence tests using the two one-sided tests

Frontiers in Psychiatry

procedure on Fisher z-transformed correlation coef cients, with
equivalence bounds set to r < 0.30.

3 Results
3.1 Performance data

Table 2 provides a summary of the descriptive statistics (mean —
SD) for accuracy and response time in the identity-matching task
(“Are the masked and unmasked faces of the same identity?”) across
Group (HC and SZ), Face type (individual and average), and Order
(Forward-order unmasking and Reverse-order control). Group-,
Face type-, and Order-related effects were formally tested using a
mixed 2 2 2 ANOVA (Supplementary Table 1A).

For accuracy, signi cant main effects of Group and Face type
were observed, re ecting lower accuracy in the SZ group and in
average faces than in individual faces. The main effect of Order was
not signi cant. No two- or three-way interactions were observed.

For response time, signi cant main effects of Group, Face type,
and Order were observed, re ecting slower responses in the SZ
group, slower responses to average faces than to individual faces,
and slower responses in the Reverse-order control than in the
Forward-order unmasking. No two- or three-way interactions
were observed. In a sensitivity analysis using log-transformed RTs
to address departures from normality, the main effects of Group and
Order remained signi cant, whereas the Face type effect was
attenuated (Supplementary Table 1D).

3.2 Sensor-level analysis

Figure 2 shows the results of the sensor-level analysis. For each
group and face type, we compared Forward-order unmasking with
Reverse-order control using a spatiotemporal cluster test. The
orange-highlighted areas in the ERFs indicate the spatial and
temporal windows, with the cluster-corrected p < 0.05. In the HC
group, a signi cant difference was observed between 234 and 511
ms over the eight sensors in the left temporal region (indicated in
white) when viewing individual faces in the Forward-order
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FIGURE 2
Results of the sensor-level analysis. Event-related elds (ERFs) for the contrast between Forward-order unmasking and Reverse-order control are
shown separately for each group and face type. (A) HC group, individual faces (IND). A signi cant spatiotemporal cluster was observed across left
temporal sensors between 234 and 511 ms, re ecting a difference between Forward-order unmasking and Reverse-order control. (B) SZ group,
individual faces. No signi cant clusters were observed. (C) HC group, average faces (AVG). No signi cant clusters were observed. (D) SZ group,
average faces. No signi cant clusters were observed. Scalp topographies indicate averaged F-maps during the 234—511 ms time window. Sensors
highlighted in white indicate the clusters exhibiting a signi cant response in the HC group under the individual face condition. The blue line
(Forward-order unmasking) shows the ERFs time-locked to mask removal. The red line (Reverse-order control) shows the ERFs time-locked to face
presentation without the effect of mask removal. IND refers to individual face stimuli, and AVG refers to average face stimuli. The orange-shaded
area indicates time points with cluster-corrected p < 0.05. The shaded areas around each ERF represent 95% con dence intervals.

unmasking compared with the Reverse-order control (cluster mass
SF =14040.3, p = 0.046; peak F = 20.58 at 470 ms). No signi cant
clusters were observed under other conditions. Therefore, we
present the ERFs and mean F-map during this time window from
the same eight sensors that showed signi cant responses in the
individual face condition of the HC group. Full cluster statistics for
all conditions are provided in Supplementary Table 2.

Frontiers in Psychiatry 07

We next tested between-group differences in the Forward—
Reverse difference (Forward-order unmasking minus Reverse-order
control). As a primary whole-sensor analysis, we conducted a
spatiotemporal cluster-based permutation test across sensors and
time (0-1000 ms). This test did not yield a cluster surviving
correction for either face type (best cluster: IND p = 0.169; AVG
p = 0.757; Supplementary Table 3A).
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As a complementary follow-up analysis, we then performed an
ROI-based temporal cluster test on the ROIl-averaged Forward—
Reverse difference waveform within the HC-de ned sensor ROI (the
eight left temporal sensors; Supplementary Figure 1A). In this
follow-up ROI-based analysis, the Forward—Reverse difference
waveform for individual faces was attenuated in individuals with
SZ relative to HCs, with three signi cant temporal clusters (234—
341 ms, p = 0.002; 352412 ms, p = 0.011; 436-476 ms, p = 0.021).
For average faces, no cluster survived correction (best cluster p =
0.111). Full ROI-based cluster statistics are provided in
Supplementary Table 3B; illustrated in Figure 3.

3.3 Source-level analysis

Figure 4 shows the results of the source-level analysis. For each
group and face type, we compared the neural responses between the
Forward-order unmasking and the Reverse-order control using a
spatiotemporal cluster test. The orange-highlighted areas indicate
the spatial and temporal windows, with cluster-corrected p < 0.05.
In the HC group, a signi cant difference was observed between 207
and 408 ms in the vertices centered on the left insula (outlined by
the cyan line) when viewing individual faces in the Forward-order
unmasking compared with the Reverse-order control (cluster mass
SF =41202.0, p = 0.014; peak F = 23.88 at 353 ms). No signi cant
clusters were observed under other conditions. Therefore, we
present the ERFs and mean F-map during this time window from
the same vertices that showed a signi cant response in the
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FIGURE 3

Results of the sensor-level between-group comparison. Forward—
Reverse difference waveforms (Forward-order unmasking minus
Reverse-order control) are shown separately for each face type,
averaged across the eight left temporal sensors identi ed in the
sensor-level analysis. (A) Individual faces. Signi cant temporal
clusters were observed, re ecting a between-group difference (HC
vs. SZ) in the Forward—Reverse difference waveform. (B) Average
faces. No signi cant clusters were observed. The blue line (HC) and
red line (SZ) show the Forward—Reverse difference waveforms. The
orange-shaded area indicates time points with cluster-corrected

p < 0.05. The shaded areas around each waveform represent 95%
con dence intervals.
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individual face condition of the HC group. Full cluster statistics
for all conditions are provided in Supplementary Table 4.

For the between-group comparison of the Forward—Reverse
difference at the source level, the primary whole-cortex
spatiotemporal cluster-based test across vertices and time (0-1000
ms) did not identify any clusters surviving correction for either face
type (best cluster: IND p = 0.104; AVG p = 0.776;
Supplementary Table 5A).

As a complementary follow-up analysis, we then performed an
ROI-based temporal cluster test on the ROIl-averaged Forward—
Reverse difference waveform within the HC-de ned insula-centered
ROI (Supplementary Figure 1B). In this follow-up ROI-based test,
the Forward-Reverse difference waveform was attenuated in the SZ
group relative to the HC group for individual faces, with two
signi cant temporal clusters (147-202 ms, p = 0.012; 304-357 ms,
p = 0.020). For average faces, no cluster survived correction (best
cluster p = 0.332). Full ROI-based cluster statistics are provided in
Supplementary Table 5B and illustrated in Figure 5.

3.4 Correlations with clinical variables in SZ

In the SZ group, we examined Pearson correlations between the
ISM for individual faces, de ned as the mean difference wave
(Forward-order unmasking minus Reverse-order control) extracted
from the HC-de ned signi cant clusters at the sensor and source
levels, and clinical variables (GAF, PANSS scores, disease duration,
and chlorpromazine-equivalent antipsychotic dose). No
correlations remained signi cant after Benjamini—-Hochberg false-
discovery-rate correction across clinical variables at either level
(Supplementary Tables 6, 7).

Equivalence tests (two one-sided tests; equivalence bounds r = —
0.30) provided no evidence that any correlation was practically
equivalent to zero (all p_two one-sided tests  0.132), indicating
that the data were inconclusive regarding the absence of small-to-
moderate associations.

4 Discussion

In this study, brain responses in the SZ and HC groups were
investigated following removing the mask from the individual and
average faces. In HCs, mask removal from individual faces elicited a
signi cant response in a cluster of sensors over the left temporal
region, whereas no robust response was observed for average faces.
Meanwhile, in the SZ group, no robust cluster-level mismatch
response was detected in either face condition in the present
dataset. For the between-group comparison of the Forward-
Reverse difference, the primary whole-sensor (and whole-cortex)
spatiotemporal cluster-based permutation tests did not identify any
clusters surviving correction. However, in complementary ROI-
based temporal cluster analyses aligned with the HC within-group
clusters, the Forward—Reverse difference waveform for individual
faces was attenuated in individuals with SZ relative to HCs at the
sensor and source levels, whereas no robust effects were observed
for average faces. Notably, the absence of a cluster surviving
correction in the primary whole-sensor/whole-cortex analyses
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FIGURE 4
Results of the source-level analysis. (A) ERFs in the HC group when individual faces were presented. A signi cant response was observed in the
cluster centered on the left insular cortex between 207 and 408 ms after mask removal. (B) ERFs in the HC group when average faces were
presented. No signi cant responses were observed. (C) ERFs in the SZ group when individual faces were presented. No signi cant responses were
observed. (D) ERFs in the SZ group when average faces were presented. No signi cant responses were observed. Brain images showing averaged
F-maps during the 207—408 ms time window. The vertices outlined in cyan indicate signi cant clusters in the HC group under the individual face
condition. The blue line (Forward-order unmasking) shows the ERFs time-locked to mask removal. The red line (Reverse-order control) shows the
ERFs time-locked to face presentation without the effect of mask removal. IND denotes individual face stimuli, and AVG denotes average face
stimuli. The orange highlighted area indicates time points, with cluster-corrected p < 0.05. The shaded areas around each ERF represent 95%
con dence intervals.
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FIGURE 5

Results of the source-level between-group comparison. Forward—
Reverse difference waveforms (Forward-order unmasking minus
Reverse-order control) are shown separately for each face type,
averaged across vertices within the cluster centered on the left
insular cortex identi ed in the source-level analysis. (A) Individual
faces. Signi cant temporal clusters were observed, re ecting a
between-group difference (HC vs. SZ) in the Forward—Reverse
difference waveform. (B) Average faces. No signi cant clusters were
observed. The blue line (HC) and red line (SZ) show the Forward—
Reverse difference waveforms. The orange-shaded area indicates
time points with cluster-corrected p < 0.05. The shaded areas
around each waveform represent 95% con dence intervals.

re ects the conservative nature of spatiotemporal cluster correction
across a large search space, rather than providing strong evidence
for or against the presence of a group-related effect. Therefore, the
complementary ROI-based analyses were included to summarize
whether group differences were expressed within the spatiotemporal
region showing the most robust mismatch response in HCs. The
timing of the signi cant effects in the sensor- and source-level
analyses was approximately 200-500 ms after stimulus onset,
overlapping with the MMN (12, 19, 20) and P300 component
(52) time windows, likely re ecting predictive processing and
attentional mechanisms, respectively. Considering the partial
overlap with the MMN and P300 time windows, the observed
responses may re ect processes following the typical N/M170 face-
selective response associated with general face recognition (53-55).

In HCs, a signi cant neural response was observed only when
the mask was removed from individual faces, but not from average
faces. The facial images presented in the Forward-order unmasking
and Reverse-order control were from the same unmasked faces;
nonetheless, the priming effect of previously viewing the same
masked face elicited a distinct neural response in the Forward-
order unmasking. Thus, participants may have predicted the
occluded facial regions using an internal average face model.
Furthermore, the discrepancy between the predicted and actual
facial features upon mask removal may lead to a mismatch
response. This interpretation aligns with that of prior
psychological studies showing that individuals tend to
perceptually 1l in masked facial regions based on an internal
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facial average (24) and that facial attractiveness tends to regress
toward the average when masked (25, 26). Conversely, no robust
response was observed in the SZ group during the Forward-order
unmasking. This is consistent with previous ndings of predictive
processing disruption in SZ, evident by reductions in MMN (12).
Particularly, this impairment has been reported in omission
paradigms, in which an expected stimulus is omitted (56-58), and
in the many-standards paradigm, in which multiple standard
stimuli are presented (59). Notably, conventional MMN
paradigms provide a well-established assay of mismatch
processing based on violations of externally de ned regularities,
such as deviations from repetitive standards or omissions. Building
on this framework, our paradigm complements these approaches by
examining a related form of mismatch: the discrepancy between an
internally inferred representation of an occluded face and the
sensory evidence revealed upon unmasking—an ISM.

Notably, in this study, mismatch responses in HCs were
observed in the absence of an explicit standard—deviant sequence
or other externally de ned regularities typical of conventional
MMN paradigms. Unmasking individual faces elicited a reliable
cluster-level mismatch response in the HC group, whereas the SZ
group did not experience a robust cluster-level mismatch response.
This pattern suggests that healthy individuals may rely on internal
representations to infer occluded facial features under the task
demands of masked face recognition, potentially drawing on
templates from average faces. In the SZ group, the absence of a
robust cluster-level mismatch response may re ect reduced
precision of perceptual inference (60, 61). In addition, previous
studies reporting attenuated N/M170 face-selective responses in SZ
suggest that alterations in face-processing mechanisms may further
contribute to reduced precision of face-related predictions (62, 63).
Nevertheless, the observed group difference in ISM may be
explained by reduced precision of perceptual inference and by
potential differences between the SZ and HC groups in the facial
representations used to complete occluded regions (i.e., the internal
average-face template). In particular, previous studies have reported
that individuals with SZ rely more on low-spatial-frequency
information during facial-expression perception and use different
diagnostic facial cues compared with HCs (64, 65). Therefore, a
limitation of this study is that, owing to our design, we cannot
clearly disentangle representational-template differences from
differences in inferential precision. Future work should address
this issue by combining the present paradigm with methods that
directly estimate internal face templates, such as reverse correlation
approaches (66).

Another important nding of this study was the involvement of
the left insular cortex in the ISM observed in the HC group during
mask removal. The insula potentially detects mismatches between
sensory inputs and internal predictions and relays this information
to the frontoparietal control network to facilitate attentional
reallocation and cognitive control (67, 68). Notably, functional
alterations of the insula have been reported in SZ (69, 70). Such
alterations may reduce the ability to appropriately compare
internally inferred representations with newly available sensory
evidence in the present paradigm, thereby attenuating the
mismatch response. Moreover, insular dysfunction has been
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discussed in relation to imprecise predictive coding in SZ (71),
which could also contribute to lower precision of face-
related predictions.

We further examined whether the ISM was associated with
clinical symptom scales within the SZ group. Although signi cant
associations with symptom scales were not observed from
correlation analysis, this nding should not be interpreted as
evidence of the absence of relationships. Consistent with this
observation, equivalence testing did not support the conclusion
that the associations were practically zero. Therefore, the present
data are inconclusive regarding whether ISM are independent of
clinical state or illness stage, and larger samples are required to
clarify potential state- versus trait-like contributions.

To evaluate whether the observed neural effects could be
explained by nonspeci ¢ differences in task performance or
engagement, we examined behavioral accuracy and response
times. The present ndings could, in principle, be in uenced by
group differences in task performance or engagement. Behavioral
analyses revealed a broadly consistent pattern across face types and
orders: participants with SZ showed lower overall accuracy and
slower response times than HCs. In the analysis of raw response
times, responses also tended to be slower for average faces than for
individual faces, and response times were slower in the Reverse-
order control than in the Forward-order unmasking. To clarify, we
found no clear evidence of an overall order effect on accuracy.
Notably, no two- or three-way interactions were observed for either
accuracy or response time. Accordingly, although generalized
performance differences—particularly the greater dif culty of
judging identity for less distinctive average faces—should be
considered when interpreting the data, the absence of interactions
suggests that reduced performance in SZ is not speci ¢ to a
particular face type or presentation order. This pattern may partly
re ect face-recognition dif culties in individuals with SZ reported
in previous studies (72—-74).

This study also has some limitations. First, a computational
model that formally quanti es prediction precision, prediction
error, or related Bayesian quantities was not included. Our model
was designed as an exploratory study to detect neural responses to
mask removal, but it lacks the parametric manipulations (e.g., varying
mask opacity, familiarity levels, or prior probabilities) necessary for
formal computational modeling. Future studies should incorporate
(i) parametric manipulation of prediction strength, (ii) trial-by-trial
measures of subjective uncertainty, (iii) repeated exposure to the
same faces to enable learning-based computational models, and (iv)
hierarchical Bayesian frameworks to estimate individual precision
parameters. Accordingly, the term “ISM” is used here as a descriptive
label for neural responses that may re ect prediction-related
processing, rather than a computationally validated quantity.
Second, all visual stimuli in the task involved Japanese female faces,
and all participants were Japanese. The effects of racial or sex
differences in the presented faces were not examined. Notably, the
prediction of the masked facial region may be strongly in uenced by
an individual’'s upbringing environment. Therefore, prediction
precision may decrease for faces of unfamiliar races, leading to
weaker ISM. Similarly, for familiar faces, deviations from the
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prediction may be small, producing weaker ISM, whereas
unfamiliar faces of the same race can still elicit detectable ISM.
Third, the average faces were generated from random combinations
of 10 individuals, potentially resulting in insuf cient control over the
physical features of the individual and the average faces. Fourth, trial
numbers differed across orders because of limitations in the available
face-image set. Although this ensured the task feasibility and reduced
participant burden, unequal trial counts may affect the signal-to-noise
ratio and repetition effects. Future studies should expand the stimulus
set and counterbalance order to better match trial counts between
orders. Fifth, the sample size was relatively small, and patients with
early-stage SZ were not included. Further studies are required to
verify whether our ndings apply to early-stage patients and clinically
high-risk groups. Sixth, source-localization results should be
interpreted cautiously because SZ is associated with structural brain
changes that may affect forward/inverse modeling (75-77). Seventh,
owing to the study design, we could not clearly disentangle and test
group differences in the facial representations (templates) used to
complete occluded regions from group differences in the precision of
perceptual inference. Finally, the ROI-based between-group analyses
were conducted as follow-up tests using ROIs de ned from the HC
within-group clusters in the same dataset, and thus the ROI was
de ned based on effects observed in the HC group within the same
dataset and is therefore not statistically independent. Hence, these
ROI-based ndings should be considered complementary and
require replication in an independent sample.

In conclusion, using MEG and a masked-face paradigm, we
characterized an ISM, occurring when an internally inferred
representation of an occluded face is updated by newly available
sensory evidence. In HCs, unmasking individual faces evoked a
reliable response over left temporal sensors, with source estimates
suggesting left insula involvement. In the SZ group, no robust
cluster-level mismatch response was detected, a pattern compatible
with predictive-processing accounts implicating reduced precision
of perceptual inference and consistent with the Hyperlearning
Hypothesis. Future studies with larger samples and designs that
more directly quantify precision are necessary to clarify underlying
mechanisms, including contributions from face-processing.
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