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The brain integrates and transforms information from multiple senses to make optimal
decisions, a process that is critical for navigating complex environments with perceptual
uncertainty. Despite a growing consensus that individuals adapt flexibly to uncertain
sensory input, whether increasing visual uncertainty influences the decision process itself
or other, non-decision sensory processes during multisensory decision-making are un-
clear. Here, an audiovisual categorization task was used to examine the responses of
human participants (N = 30) to visual and audiovisual stimuli under low-, medium-, and
high-uncertainty conditions. Modeling the behavioral data using a drift-diffusion model
indicated that increased visual uncertainty in the audiovisual context decreased the evi-
dence accumulation rate but had no effect on non-decision processes. Electrophysiological
recordings confirmed and expanded upon these results: increased visual uncertainty in the
audiovisual context reduced the amplitude during the late decision-making stage (300
—380 msec) but had no effect on the amplitude during the early sensory encoding stage (140
—220 msec). More importantly, electroencephalography analyses revealed that audiovisual
integration in the early sensory encoding stage occurred robustly across all visual uncer-
tainty conditions, whereas audiovisual integration in the late stage occurred only under
medium and high visual uncertainty conditions. This study demonstrated that increased
visual uncertainty modulates the decision process itself rather than early sensory encoding
during multisensory decision-making. Moreover, multisensory integration strategies
dynamically adapt to increasing visual uncertainty by engaging different mechanisms to
maintain effective decision-making.
© 2025 The Author(s). Published by Elsevier Ltd. This is an open access article under the CC
BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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1. Introduction

When sensory input is processed in complex environments,
the brain integrates information from multiple senses to
make optimal multisensory decisions (Drugowitsch et al.,
2014; Heekeren et al., 2008; Raposo et al., 2012; Stein &
Stanford, 2008). Multisensory decision-making is affected by
any potential mismatch in information content caused by
sensory uncertainties (Alais & Burr, 2004; Ernst & Biilthoff,
2004; Otto & Mamassian, 2012; Rohe & Noppeney, 2015a). For
example, as visual uncertainty increases, the reliability
weight attributed to auditory information increases. However,
to date, there is no neurophysiological evidence to clarify how
the perceptual system integrates multiple types of sensory
information effectively when visual uncertainty increases and
when corresponding adjustments are made in multisensory
decision-making.

Recent studies have demonstrated that multisensory
integration can occur at different stages of perceptual
decision-making. Although there is a growing consensus that
multisensory information improves both speed and accuracy
in perceptual tasks (Giard & Peronnet, 1999; Lippert et al,,
2007), there is a long-standing debate on when and how
multisensory information facilitates decisions, with two
alternative hypotheses: multisensory integration begins dur-
ing the sensory encoding process, contributing to the accu-
mulation of sensory evidence, and subsequent decisions are
based on an already multisensory representation (Cappe et al.,
2010; Mercier et al., 2013; Molholm et al., 2002; Schroeder &
Foxe, 2005; Zhao et al., 2018), or multisensory integration oc-
curs at the same time as the decision formation stage, using
unisensory evidence accumulated independently in the sen-
sory encoding stage (Franzen et al., 2020; Kayser et al., 2017;
Rohe & Noppeney, 2016). The temporal distinction between
early integration during sensory encoding and late integration
during decision formation highlights the functional differ-
ences between stages of multisensory processing. Early inte-
gration directly responds to sensory features, whereas late
integration is based on the gradual reweighting of information
according to multiple sensory reliability and decisional rele-
vance (Bizley et al., 2016; Noppeney, 2021; Rohe & Noppeney,
2015b). In the audiovisual context, reliability weights are
more strongly impacted by visual information than by audi-
tory information, indicating a visual dominance effect
(Colavita, 1974; Odegaard et al., 2015; Schmid et al., 2011,
Sinnett et al., 2007). Visual information takes precedence
over auditory information in terms of attention allocation and
response selection when visual and auditory information are
presented simultaneously. Consequently, visual uncertainty
is more likely to alter the efficiency and outcome of audiovi-
sual integration. Therefore, further exploration is needed to
understand how increasing visual uncertainty affects the
stages of audiovisual integration.

Multisensory information processing is believed to begin
with unisensory representations in the primary sensory cor-
tex, continue with sensory integration in parietal-temporal
regions, and culminate as causal inferences in the frontal
lobe (Cao et al., 2019). This distributed multilevel processing
reflects the functional complexity of different brain regions in

the multisensory integration process and the ability to flexibly
integrate sensory inputs according to decision-making de-
mands (Pasqualotto, 2016; Scheliga et al., 2023; Senkowski &
Engel, 2024). Further research has shown that when uncer-
tainty in visual and auditory information increases, audiovi-
sual integration relies on input from the intraparietal sulcus,
whereas clear audiovisual stimuli are processed through
direct information exchange between sensory cortices
(Regenbogen et al., 2018). However, how the whole-brain
network readjusts its functional division of labor at various
stages of audiovisual integration to adapt to decision-making
demands when visual uncertainty increases still needs to be
determined.

Here, we aimed to separate early sensory encoding from
late decision formation in multisensory decision-making by
combining event-related potentials (ERPs) with a
drift—diffusion model (DDM) behavioral data. While DDM has
been widely used to infer latent cognitive processes, recent
research on perceptual decision-making suggests that con-
clusions based on DDM may be contradicted by complemen-
tary analyses of the neural signatures in some cases
(McGovern et al., 2018; Purcell & Palmeri, 2017; Spieser et al.,
2018), suggesting that it is critical to corroborate insights
from behavioral modeling with neural evidence. To address
the above questions, we employed a classic audiovisual
categorization task under three levels of visual uncertainty
(low, medium, and high), allowing us to systematically
examine how uncertainty modulates different processing
stages. Our hypothesis was that variations in information
content and the weighting distribution induced by visual un-
certainty notably affect the late decision formation stage; in
contrast, visual uncertainty does not alter basic sensory fea-
tures such as contrast or luminance and is therefore unlikely
to influence the early sensory encoding stage.

2. Materials and methods
2.1. Participants

The required sample size was calculated using G*Power 3.1
software, with the medium effect size (f) set to .25, the type I
error probability (o) set to .05, test power (1 — B err prob) set to
.95, number of groups set to 1, number of measurements set to
6, and correlation among repeated measures set to .5. Based
on these parameters, the required sample size was deter-
mined to be 28 participants. The software does not directly
implement a factorial 2 modalities (visual, audiovisual) x 3
(high, medium, low) repeated-measures
ANOVA, the power analysis was conducted as an approxi-
mation of this design. A total of 32 participants from Okayama
University were recruited for the experiment. All participants
had normal or corrected-to-normal vision, as verified by the
Snellen eye test, and reported no history of hearing-related
disorders. Two participants were excluded from the data
analysis because of excessive artifacts in their electroen-
cephalography (EEG) data, resulting in an insufficient number
of remaining EEG segments. The final sample size was 30
participants (14 males; age: 25.3 + 2.4 years). All the
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participants were naive to the purpose of the study, provided
written informed consent prior to participation, and received
monetary compensation upon completion of the study. The
Research Ethics Committee of Okayama University approved
all the recruitment and experimental procedures.

2.2. Stimuli

The experimental stimuli were generated using MATLAB
R2018b with routines from the Psychophysics and Video
Toolbox (Brainard, 1997). The visual stimuli consisted of Gabor
patches with two spatial frequencies: a high spatial frequency
of 10 cycles per degree and a low spatial frequency of 5 cycles
per degree. Each Gabor patch had a vertical orientation (90°), a
size of 300 x 300 pixels, and a contrast level of 50%. Gaussian
noise was then generated and superimposed on the Gabor
patches; the level of visual evidence was controlled by
adjusting the Gaussian noise intensity. Eleven visual stimuli
with different signal-to-noise ratios (SNRs) were generated,
ranging from completely noisy (0 % signal) to fully coherent
(100 % signal) in 10 % increments. As the SNR increased, the
visibility and clarity of the Gabor patch also increased. The
parameters of the visual material were determined on the
basis of previous research (Kupers et al, 2019; Murai &
Yotsumoto, 2018; Parise & Ernst, 2017). The auditory stimuli
consisted of two pure tones of different frequencies: a high-
frequency pure tone at 1500 Hz and a low-frequency pure
tone at 500 Hz. All auditory stimuli were normalized by the
root mean square amplitude to ensure consistent loudness
levels, with a standard intensity set at 65 dB(A) sound pressure
level (SPL). Next, eleven different white noise loudness levels
were generated—76, 71, 66, 61, 58, 55, 51, 47, 44, 41, and
37 dB(A) SPL—and superimposed on the pure tones to
generate auditory stimuli with different SNRs. The SNR is
expressed in dB SNR, where —11, -6, —1, —4, +7, +10, +14, +18,
+21, 424, and +28; auditory evidence increases as the SNR
increases (Binder et al., 2004). All the resulting audio files were
normalized again to 65 dB(A) SPL to maintain consistent
perceived loudness.

To systematically manipulate stimulus uncertainty, the
different SNRs of visual and auditory stimuli were used to
adjust the specific accuracy, which served as proxies for un-
certainty. Three levels of uncertainty were defined on the
basis of accuracy: high uncertainty corresponds to an accu-
racy of approximately 55 %, medium uncertainty is approxi-
mately 70 %, and low uncertainty is approximately 90 %. To
achieve specific accuracy, a continuous adaptive staircase
procedure based on the adaptive up-down method was used
in each unisensory condition (Levitt, 1971). Each uncertainty
condition corresponds to an independent staircase trajectory,
which is used to dynamically adjust the SNR of the presented
stimulus to achieve the desired accuracy. For example, in the
medium uncertainty condition, a 2-down 1-up strategy was
adopted: the SNR decreased after two consecutive correct re-
sponses and increased after each incorrect response. This
method can make the accuracy converge steadily to approxi-
mately 70.7 %, thereby achieving systematic manipulation of
different uncertainty conditions. Independent staircases were
implemented for the visual (V) and auditory (A) conditions to
adjust for stimulus uncertainty separately for each modality.

For the audiovisual (AV) condition, the stimuli were con-
structed by pairing the current level (SNR) from the visual
staircase and auditory staircase. The experiment involved
three visual uncertainty conditions (high, medium, and low)
and one medium auditory uncertainty condition. The mean
SNRs across participants were as follows: HV = 14.9 % + 2.3 %,
MV = 353 % + 42 %, LV = 771 % + 3.6 %, and
MA = 49.6 + 2.1 dB (mean + SD). The stimuli were presented
using MATLAB 2018b with the Psychophysics Toolbox. Visual
stimuli were displayed on a 22-inch 4K UHD monitor (Dis-
play++ UHD, Cambridge Research Systems), with a
3480 x 2160 IPS LCD panel, a 144 Hz refresh rate, a 2 msec pixel
response time, and a wide color gamut of quantum dot LED
backlights. Each visual stimulus subtended a visual angle of
8° x 8° and was presented against a mid-gray background
(RGB: 128, 128, 128). Auditory stimuli were delivered via a
Lenovo M220 speaker positioned directly behind the center of
the screen. The sound intensity was calibrated to ~65 dB(A)
using a sound level meter (AR814), with the microphone
placed at the approximate location of the participant's head.
The participants sat in a comfortable position approximately
65 cm from the screen.

2.3. Experimental design

Participants completed an audiovisual categorization task in
which stimuli were randomly presented under one of the
following seven conditions (Fig. 1A): three visual-only condi-
tions with high, medium, or low uncertainty (HV, MV, or LV);
one auditory-only condition with medium uncertainty (MA);
and three audiovisual conditions combining visual and audi-
tory inputs under different uncertainty conditions. Specif-
ically, the audiovisual stimuli consisted of HV + MA (HAV),
MV + MA (MAV), and LV + MA (LAV). In all audiovisual con-
ditions, the spatial frequency of the Gabor patch was always
congruent with the auditory tone: high-frequency Gabor
patches were paired with high-frequency tones (1500 Hz), and
low-frequency Gabor patches were paired with low-frequency
tones (500 Hz). Participants were required to press the F key on
the keyboard when they saw a high-spatial-frequency Gabor
patch and heard a high-frequency tone and to press the J key
on the keyboard when they saw a low-spatial-frequency
Gabor patch and heard a low-frequency tone. The partici-
pants were instructed to respond as fast and as accurately as
possible to each experience.

The experiment consisted of 840 trials that were evenly
distributed across seven stimulus conditions: three visual
uncertainty levels, one auditory condition, and three audio-
visual uncertainty conditions. Each condition contained 120
trials. The stimulus was presented for 250 msec, followed by a
response window of up to 1200 msec. The interstimulus in-
terval (ISI) varied randomly between 1200 and 1500 msec to
reduce anticipatory responses. The entire experiment lasted
approximately 35 min. To minimize fatigue, participants were
given a self-paced break after every 240 trials. The experiment
was conducted in a quiet, dimly lit room to minimize external
auditory and visual distractions. During EEG recording, par-
ticipants were instructed to remain as still as possible and to
minimize head and body movements to ensure high-quality
signal acquisition.
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Fig. 1 — Experimental design and behavioral results. A. Participants performed an audiovisual categorization task under
seven conditions: three visual (low, medium, and high uncertainty), one auditory (medium uncertainty), and three
audiovisual (combinations of visual and auditory) tasks. Uncertainty levels were based on accuracy (~90 %, ~70 %, ~55 %).
Each trial included a 250 msec stimulus, followed by a response window (max 1200 msec) and a jittered interstimulus
interval (1200—1500 msec). Participants were required to press the F key for high-spatial-frequency Gabor patches or high-
frequency sounds, and the J key for low-spatial-frequency Gabor patches or low-frequency sounds. B. Behavioral results.
The error bars indicate the standard error of the mean (SEM). Significance levels: *p < .05, **p < .01, ***p < .001.

2.4. Behavioral data analysis

The behavioral data were first preprocessed to remove outlier
responses. Trials with reaction times (RTs) less than 200 msec
were excluded as anticipatory responses. Additionally, RTs
falling more than 1.5 interquartile ranges below the first
quartile or above the third quartile of each participant's RT
distribution were excluded to reduce the influence of extreme
values (Tukey, 1977; Voss et al., 2013). After exclusion, accu-
racy was defined as the proportion of correct responses rela-
tive to the total number of valid trials. The mean RTs were
computed for each condition. To examine the effects of mo-
dality and uncertainty on accuracy and RT, a 2 (modality: vi-
sual, audiovisual) x 3 (uncertainty: high, medium, low)
repeated-measures ANOVA was conducted using JASP version
0.9.2 (Love et al., 2019). P values of all reported post hoc com-
parisons were adjusted for multiple comparisons using the
Holm—Bonferroni correction.

2.5. Preprocessing of EEG recordings

EEG data were recorded using a 64-channel MR-compatible
system (BrainAmps MR-Plus, Brain Products GmbH, Ger-
many). The setup included 62 Ag/AgCl passive scalp elec-
trodes mounted on an elastic cap (BrainCap MR) according to
the extended 10/10 system, along with two additional elec-
trodes: one for horizontal electrooculography (HEOG) and one
for vertical electrooculography (VEOG) eye movements. The
FCz and AFz sites were used as reference and ground,
respectively. Electrode impedance was kept below 10 kQ using
a conductive paste (ABRALYT HiCl 1000 gr, Germany). EEG
signals were sampled at 1000 Hz and bandpass filtered online
between .016 and 250 Hz.

EEG data were processed offline using Brain Vision
Analyzer software (Brain Products GmbH, Germany). Raw
signals were rereferenced to the averaged mastoid electrodes
(TP9 and TP10) and bandpass filtered between .1 and 30 Hz
with a 24 dB/oct slope. Powerline noise at 60 Hz (standard in
Japan) was removed using a notch filter. Ocular artifacts,
including eye movements and blinks, were corrected using

independent component analysis (ICA). Artifactual compo-
nents were identified and removed on the basis of their scalp
topographies and temporal characteristics. Following ICA,
automatic artifact rejection was applied to exclude trials with
voltage steps exceeding 50 uV/ms or amplitude fluctuations
greater than 100 pV. On average, 6.7 + 2.1 ICs were removed
per participant. Rejected trials for each condition were
MA = 262 + 19.8, HV = 25.7 + 20.6, MV = 26.2 + 21.8,
LV = 28.63 + 24.3, HAV = 28.4 + 22.7, MAV = 28.7 + 21.7, and
LAV = 28.3 + 24.1. The remaining trials were also visually
inspected to ensure data quality. The cleaned EEG data were
then segmented into epochs from —200 msec to 800 msec
relative to stimulus onset and baseline corrected using the
pre-stimulus interval (—200 to 0 msec).

2.6. ERP analysis

The aim of this study was to investigate the effects of modality
and visual uncertainty on the early sensory encoding and late
decision formation stages during multisensory decision-
making. From the amplitude observations, the ERP ampli-
tudes elicited by the visual and audiovisual stimuli began to
separate after 140 msec, with further separation between
uncertainty conditions emerging after 300 msec. On the basis
of amplitude observations and related literature (Philiastides
et al.,, 2006; Philiastides & Sajda, 2006), time windows of
140—220 msec and 300—380 msec, representing the early
sensory encoding and late decision formation stages, respec-
tively, were identified. Following evidence that posterior
electrodes are sensitive to evidence accumulation and deci-
sion formation during perceptual decision-making (Kosciessa
et al.,, 2021; O'Connell et al., 2012; Philiastides et al., 2014;
Polania et al., 2014; van den Brink et al., 2021), the POz, PO3,
and PO4 electrodes were selected as regions of interest (ROIs).
For each condition, ERP amplitudes were first averaged within
two time windows: 140—220 msec (early window) and
300—380 msec (late window). For each window, the mean
amplitudes were extracted from the electrodes POz, PO3, and
PO4 and then averaged across these three posterior sites to
obtain a single amplitude measure per condition. To assess
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the main effects and interactions between modality and vi-
sual uncertainty, 2 modalities (visual and audiovisual) x 3
uncertainty (high, medium, and low) repeated-measures
ANOVAs were subsequently conducted on the averaged am-
plitudes in the early and late time windows.

Analyzing only the ERP amplitude elicited by visual and
audiovisual stimuli risks overlooking the unique contribution
of auditory input, limiting the interpretation of audiovisual
integration. Therefore, the difference wave approach, defined
as [Diff = AV — (A+ V)], was used to quantify the degree of
audiovisual integration. Consistent with previous studies
(Crosse et al., 2015; Giard & Peronnet, 1999; Li et al., 2025;
Mercier et al., 2013; Molholm et al., 2002; Senkowski et al.,
2007; Stevenson et al., 2014; Talsma et al., 2007; Yang et al.,
2025; Zhao et al., 2018), audiovisual integration was assessed
by comparing the ERPs for audiovisual stimuli (ERP AV) with
the linear sum of the responses to the respective unisensory
constituents (ERP A+ ERP V). This analytical approach relies
on additive models to detect interactions of nonlinear neural
responses. If there is a difference in the amplitude of the ERP
AV and ERP A+ ERP V, it indicates that audiovisual integration
has occurred. To comprehensively describe the spatiotem-
poral characteristics of audiovisual integration under the
three visual uncertainty conditions, the time-varying differ-
ence waves at each electrode under the three conditions were
calculated. Pointwise t-tests were then used to determine
whether the difference wave [Diff = AV — (A+ V)] was signif-
icant. The statistical results are presented as intensity plots
showing electrode location, time, and t values. Given the
findings in the literature that multisensory integration often
occurs in the parietal and frontal cortices (Bizley et al., 2016;
Cao et al,, 2019; Giard & Peronnet, 1999; Noppeney, 2021),
two ROIs were selected: frontal electrodes (Fz, F1, F2) and
parietal electrodes (Pz, P1, P2). Afterward, ERP difference
waves were computed and averaged within two predefined
time windows: 140—220 msec (early window) and
300—380 msec (late window). For each time window, mean
amplitudes were obtained by averaging across electrodes
from two ROIs. The average amplitudes of the early and late
phases of each ROI were subsequently subjected to paired
sample t tests to statistically evaluate whether audiovisual
integration occurred.

2.7. Correlation analysis between behavioral models and
neural signals

To characterize the underlying cognitive mechanisms of
perceptual decision-making, we adopted the classic DDM, a
well-established framework for modeling binary choice
behavior (Ratcliff, 1978; Ratcliff et al., 2016). The DDM assumes
that decision-making is made through a noisy accumulation
process, in which sensory evidence accumulates over time
from a starting point, and a response is triggered when the
accumulated evidence reaches the correct response boundary
or the incorrect response boundary. By simultaneously fitting
the full reaction time distribution and response accuracy, the
model estimates latent parameters that reflect distinct
cognitive processes. The standard DDM contains four key
parameters: the relative starting point (z), drift rate (v), deci-
sion boundary (a), and non-decision time (Ter) (Ratcliff &

McKoon, 2008; Voss et al., 2013). The relative starting point
reflects initial decision bias, the drift rate represents the speed
and quality of evidence accumulation, the decision boundary
denotes the amount of information required to make a deci-
sion (capturing the speed—accuracy tradeoff), and the non-
decision time (Ter) accounts for processing stages unrelated
to evidence accumulation, including early sensory encoding
(Terl) and motor execution (Ter2). In this study, since there
was no initial preference for either option at the beginning of
the task, the starting point (z) was fixed at .5 to reflect an
unbiased starting point in the decision-making process. In
addition, given that the response accuracy under each
experimental condition was controlled through the experi-
mental design and to simplify the model structure and focus
on the modeling of perceptual processing and evidence
accumulation, this study set the decision boundary parameter
(a) to remain unchanged across different experimental con-
ditions. Instead, the drift rate (v) and non-decision time (Ter)
were modeled as parameters that varied with experimental
conditions to capture the potential effects of different
perceptual states on evidence accumulation and non-decision
processes. To consider the impact of extreme values, this
study set a 5 % outlier response probability. This modeling
strategy is based on previous studies focusing on perception
or multisensory decision-making tasks (Léon Franzen et al.,
2020; van den Brink et al., 2021). Model fitting was performed
using the Hierarchical Drift Diffusion Model (HDDM) toolbox
(Wiecki et al., 2013), which applies hierarchical Bayesian
inference via Markov Chain Monte Carlo (MCMC) sampling.
For each model, 10,000 posterior samples were drawn, with
the first 10 % discarded as burn-in and every second sample
retained to reduce autocorrelation. Model convergence was
assessed based on four MCMC chains using the R-hat statistic
(Gelman & Rubin, 1992), with values close to 1 and below 1.02
indicating that the model provided reliable parameter esti-
mates. Model fit was assessed using a posterior predictive test
(PPC). Data were simulated for each parameter value by
sampling 500 values from the posterior distribution. This
included a graphical comparison of the observed and pre-
dicted RT distributions and an assessment of the 95 % confi-
dence interval coverage (Pan et al., 2025).

To test for differences across conditions, the hypothesis
was tested for Bayesian parameter comparison on the poste-
rior distributions of the parameters obtained from the HDDM.
Using a Bayesian framework provides flexible and robust es-
timates and credible intervals for the derived parameters,
enabling direct hypothesis testing of the posterior distribution
(Kruschke, 2021). Bayesian inference was used to perform
grouped parameter comparisons, and the results for the hy-
potheses of interest were reported using posterior probabili-
ties, with posterior probabilities >.95 considered statistically
significant. Furthermore, to link the behavioral modeling with
the neural data, the evaluation focused on whether the DDM
parameters were correlated with the acquired ERP signal
features. Specifically, the ERP amplitudes from the early
(140—220 msec) and late (300—380 msec) time windows were
included as second-level predictors in the diffusion model
specification. The resulting regression coefficients were used
to investigate whether there was a significant relationship
between the ERP amplitude and diffusion model parameters.
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3. Results
3.1. Behavioral measures

A continuous adaptive staircase procedure was implemented
to determine the accuracy of participants under high-, me-
dium- and low-uncertainty unisensory conditions
(mean + SD: HV = 554 % + 9.1 %, MV = 752 % + 5.3 %,
LV =87.1% + 7.5 %, MA = 72.1 % + 5.2 %). To systematically
examine the effects of modality and uncertainty, a 2 (modal-
ity: visual, audiovisual) x 3 (uncertainty: high, medium, low)
repeated-measures ANOVA was conducted on both accuracy
and response time (Fig. 1B). The results revealed that the ac-
curacy was greater for audiovisual stimuli than for visual
stimuli [F(1, 29) = 82.33, p < .001, 0, = .740; mean + SD:
HAV = 722 % =+ 87 %, MAV = 835 % =+ 54 %,
LAV =90.1 % + 5.1 %]. Uncertainty level also played a signifi-
cant role [F(2, 58) = 183.13, p < .001, n?, = .863], with accuracy
increasing progressively from high-to low-uncertainty con-
ditions [L > M: t(29) = 7.04, p < .001, d = 1.31; M > H:
t(29) = 11.89, p < .001, d = 2.21; L > H: t(29) = 18.93, p < .001,
d = 3.53]. The modality x uncertainty interaction effect was
significant [F(2, 58) = 42.07, p < .001, %, = .592]. Simple effect
analysis revealed that the accuracy was greater for audiovi-
sual stimuli than for visual stimuli under high- [t(29) = 12.41,
p <.001, d = 2.39] and medium- [t(29) = 6.11, p < .001, d = 1.18]
uncertainty conditions, but the difference was not significant
under low-uncertainty conditions [t(29) = 2.17, p = .100,
d = .42]. In addition, the results revealed that the response
time was shorter for audiovisual stimuli than for visual
stimuli [F(1, 29) = 17.92, p < .001, nzp = .382; mean + SD:
HV = 672 + 142 msec, MV = 646 + 108 msec,
LV = 595 + 75 msec, HAV = 649 + 138 msec,
MAV = 611 + 111 msec, LAV = 568 + 71 msec; Ps < .001] and
increased progressively from high-to low-uncertainty condi-
tions [F(2, 58) = 20.95, p < .001, n2, = .419; L < M: t(29) = 3.84,
p <.001,d = .42; M < H: t(29) = 2.59, p = .012,d = .29; L < H:
t(29) = 6.43, p < .001, d = .71]. The modality x uncertainty
interaction was not significant [F(2, 58) = 1.11, p = .327, 0%,
= .037]. These findings revealed the advantages of multisen-
sory stimuli in improving behavior performance, especially
under conditions of high and medium visual uncertainty.

3.2 EEG recordings

To investigate the neural effects of visual uncertainty on
multisensory decision-making, EEG recordings were collected
and analyzed using event-related potentials (ERPs; Fig. 2A).
ERP amplitudes were subjected to a 2 (modality: visual,
audiovisual) x 3 (uncertainty: high, medium, low) repeated-
measures ANOVA for two time windows representing
distinct stages of processing (Fig. 2B). In the early sensory
encoding window (140—220 msec), the ERP amplitude was
greater for audiovisual stimuli than for visual stimuli [F(Z,
29) = 92.22, p < .001, n?, = .761]. Neither a significant main
effect of uncertainty [F (2, 58) = 3.10, p = .067, n%, = .097] nor an
interaction effect between modality and uncertainty [F (2,
58) = 1.63, p = .206, n*, = .053] was found. In the late decision
formation window (300—380 msec), the ERP amplitude was

greater for audiovisual stimuli than for visual stimuli [F(Z,
29) = 24.26, p < .001, n’, = .456] and increased progressively
from high-uncertainty to low-uncertainty conditions [F(1,
29) = 23.28, p < .001, an = .445; L < M: t(29) = 4.39, p < .001,
d=.35M<H:t(29) =2.33,p=.023,d = .19; L < H: t(29) = 6.72,
p < .001, d = .54]. No significant interaction effect between
modality and uncertainty was found [F (2, 58) = .05, p = .948,
n% = .002]. These results indicate that neural responses are
driven primarily by modality with minimal influence from
uncertainty during the early sensory encoding stage, whereas
modality and uncertainty exert combined effects during the
later decision formation stage.

3.3. Neural encoding of audiovisual integration

To further determine the temporal dynamics of audiovisual
integration and its modulation by visual uncertainty, EEG data
were analyzed by comparing the neural response to audiovi-
sual stimuli with the summed response to the respective
unisensory components. This difference wave
[Diff = AV — (A+ V)] served as a quantitative index of multi-
sensory integration. One-sample t tests were conducted to
assess whether the difference significantly differed from zero
under high-, medium-, and low-uncertainty conditions across
two time windows and two regions of interest (ROIs;
Fig. 2C—E). In the early time window (140—220 msec), signifi-
cant differences were observed in the frontal region under
high- [t(29) = 6.08, p < .001, d = 1.11] medium- [t(29) = 4.86,
p < .001, d = .89] and low- [t(29) = 4.04, p < .001, d = .74] un-
certainty conditions. Significant differences were also
observed at the parietal electrodes under high- [t(29) = 5.70,
p <.001, d = 1.04] medium- [t(29) = 7.72, p < .001, d = 1.41] and
low- [t(29) = 7.09, p < .001, d = 1.29] uncertainty conditions. In
contrast, in the late decision formation window
(300—380 msec), significant differences under high-
[t(29) = 3.03, p = .005, d = .55] and medium- [t(29) = 2.38,
p = .024, d = .43] uncertainty conditions but not under low-
[t(29) = 1.47, p = .152, d = .27] uncertainty conditions were
observed at the frontal electrodes. At the parietal electrodes,
no significant differences were found in the high- [t(29) = 1.35,
p=.187,d =.25], medium- [t(29) = 1.37,p =.180,d = .25], or low-
[t(29) = .53, p = .603, d = .10] uncertainty conditions. These
results reveal a temporal and spatial dissociation: audiovisual
integration during early sensory encoding is consistently
present and widespread across uncertainty conditions,
whereas audiovisual integration during late decision forma-
tion is more selective, occurring only under increased uncer-
tainty and localized to the frontal electrodes. This pattern
suggests that visual uncertainty predominantly modulates
audiovisual integration at the later decision-making stage,
likely reflecting adaptive adjustments in high-level processing
rather than changes in early sensory encoding.

3.4. Relationship between the behavior model and the
neural responses

A drift-diffusion model was used to gain a better under-
standing of the decision-making process (Fig. 3A). Posterior
predictive checks indicated that the model adequately
captured the distribution of the observed response times, as
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Fig. 2 — ERP waveforms and audiovisual integration under different visual uncertainty conditions. A. Grand-averaged ERP
waveform for visual and audiovisual conditions at electrodes POz, PO3, and PO4. The shaded areas represent the time
windows of the early sensory stage (140—220 msec) and late decision formation stage (300—380 msec). B. Topographic
mapping and ERP amplitude data for each time window. C. Example ERP waveforms for audiovisual stimuli (ERP AV) and the
linear sum of the responses to the respective unisensory constituents (ERP A+ ERP V) at the P4 electrode. Audiovisual
integration is measured as the difference in amplitude between the ERP AV and ERP A+ ERP V. D. Spatiotemporal plot of t
values for the difference waveform [Diff = AV — (A+ V)]. The electrodes within each section are arranged from the left-most
lateral to the right-most lateral sites and from top to bottom. The red boxes indicate audiovisual integration at the frontal
electrodes in the late decision-making stage. E. Average difference in waveforms at the Pz, P1, and P2 electrodes (left) and

the Fz, F1, and F2 electrodes (right). ns: not significant.

evidenced by the close correspondence between the
observed histograms and the posterior predictive distribu-
tions. The observed data fell within the predicted 95 %
credible intervals (Fig. 3-B). Moreover, the observed data fell
within the predicted 95 % credible intervals. The results
revealed that non-decision time was not significantly
different among the low-, medium- or high-uncertainty
conditions for the visual and audiovisual conditions

[Pposterior(L > M: V) = .733, Pposterior(M > H’ V) = ~59O:
Pposterior(L > H, V) = -810; Pposterior(L > M, AV) = .670,
Pposterior(M > H, AV) = .419, Pposterior(L > H, AV) = .595].

However, non-decision time was greater for the visual
condition than for the audiovisual condition in the low-,
medium- and high-uncertainty conditions [Pposterior(V > AV,
L) = .994, Pposterio(V > AV, M) = .992, Posierior(V > AV,
H) = .971]. In contrast, the drift rate increased progressively
from the high-to low-uncertainty conditions for visual and
audiovisual conditions [Pposterior(l. > M, V) = 1, Pposterior-
(M > H, V) = 1, Pposterior(L > H, V) = 1; Pposterior(L > M, AV) = 1,
Pposterior(M > H, AV) = 1, Pposterior(L > H, AV) = 1]. The drift
rate was higher for the audiovisual condition than for the

visual condition under medium- and high-uncertainty con-
ditions [PposteriorAV > V, M) = .966, Pposterior(AV > V, H) = 1],
but not in the low-uncertainty condition [Pposterior(AV > V,
L) = .815; Fig. 3C]. To examine the neural correlates of these
DDM parameters, we calculated regression coefficients be-
tween ERP amplitudes and model estimates (Fig. 3D). In the
early time window (140—220 msec), the ERP amplitude was
significantly negatively correlated with the non-decision
time (B = —.013, Pposterior = 1) and was significantly posi-
tively correlated with the drift rate (B = .144, Pposterior = 1) In
the late decision formation window (300—380 msec), the ERP
amplitude was not correlated with the non-decision time
(B = —.004, Pposterior = -895) but was positively correlated
with the drift rate (B = .328, Pposterior = 1). These results
showed that visual uncertainty in the audiovisual context
selectively modulates the drift rate without affecting non-
decision time. Moreover, the results revealed a temporal
dissociation. Early ERP activity was associated with both
non-decision processes and evidence accumulation,
whereas late ERP activity was associated with decision-
related evidence accumulation.
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Fig. 3 — Behavioral modeling and neural-behavioral correlations. A. Schematic of the drift—diffusion model (DDM). Sensory
evidence accumulates over time at a drift rate (v) toward a decision boundary (0 or a). Non-decision time (Ter) reflects
processes outside decision formation, including early sensory encoding (Ter1) and motor execution (Ter2). The starting
point (z) was fixed at a neutral value. B. HDDM fit (solid line) to the observed reaction time distributions (histograms) across
participants. The figure includes incorrect (left) and correct (right) trials, with higher histogram values on the right indicating
a greater proportion of correct choices. RF: response frequency. C. Posterior distributions of HDDM parameters. D. Bayesian
posterior densities of non-decision time and drift rates estimated from the drift—diffusion model and how they varied as a
function of early and late ERP amplitude. The peaks of the distributions reflect the most likely value of the parameter.
Significance was assessed by at least 95 % of the distribution being to the left or right of zero.

4, Discussion

Multisensory input is critical for forming a unified and
coherent perception of unfolding events, considerably
improving both the speed and accuracy of behavioral per-
formance. A key question in multisensory decision-making is
how increasing visual uncertainty influences audiovisual
integration. In our study, early audiovisual integration during
the sensory encoding stage occurred robustly across all visual
uncertainty conditions. In contrast, late audiovisual integra-
tion during the decision formation stage occurred under
medium and high visual uncertainty conditions but not
under low visual uncertainty conditions. By dissociating the
temporal stages of integration, our study overcomes the
limitations of traditional studies that focused primarily on
early sensory integration and highlight the importance of late
decision integration mechanisms. These results not only
provide neurophysiological evidence for the current contro-
versy on the stage and mechanism of multisensory integra-
tion but also expand our understanding of how multisensory
integration adapts to dynamic changes in uncertain sensory
information.

As observed in this study, visual uncertainty selectively
affects audiovisual integration in the late stages but not in the
early stages; this process may be interpreted using several
theoretical frameworks. According to one, audiovisual inte-
gration involves stimulus-driven bottom-up and cognitive
top-down processing in the context of multisensory decision-
making (Keil & Senkowski, 2018; Macaluso et al.,, 2016;
Senkowski & Engel, 2024; Talsma, 2015). Early-stage

integration is generally stimulus driven and governed by
bottom-up processes. Electrophysiological studies have
shown that early audiovisual integration is influenced by
basic sensory features approximately before 200 msec, such as
visual contrast and auditory frequency, rather than sensory
evidence or information content from the stimuli (Boyle et al.,
2017; Senkowski et al., 2011; Yang et al., 2015). Alternatively,
audiovisual integration in the early stages depends mainly on
the temporal synchrony and spatial redundancy of multi-
sensory input (Bertelson et al., 2000; Van der Burg et al., 2008;
Vroomen et al., 2001). However, late-stage integration involves
top-down mechanisms that assess the reliability of each
sensory modality and dynamically allocate attentional re-
sources (Donohue et al., 2015; Talsma et al., 2007; Tang et al.,
2016). When unisensory uncertainty increases, top-down
attentional control is recruited to reweight multisensory in-
puts on the basis of relative reliability (Van Ee et al., 2009).
Under medium and high visual uncertainty conditions, the
cognitive system compensates by increasing reliance on
auditory information to make a decision (Alsius et al., 2005;
Vercillo & Gori, 2015), thus promoting enhanced audiovisual
integration during the decision-making stage. Such an allo-
cation strategy reflects an adaptive response of the cognitive
system to uncertainty variable multisensory
environment.

Another alternative theoretical framework that may
explain these findings is based on Bayesian causal inference
and holds that the brain integrates or separates multisensory
input on the basis of unisensory reliability and the probability
of whether it comes from the same event source. This infer-
ence is dynamic and depends on the present sensations,

in a
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previous knowledge and causal structure inference (French &
DeAngelis, 2020; Ma et al., 2023; Rohe et al., 2019). In the early
stages, the brain tends to automatically integrate visual and
auditory stimuli via temporal and spatial synchronization, a
process referred to as forced fusion. This automatic integra-
tion occurs without causal structure judgments and is rela-
tively insensitive to the amount of information in the visual
stimuli, thereby explaining the robust early audiovisual inte-
gration observed across all visual uncertainty conditions. In
contrast, the brain estimates the reliability of different uni-
sensory and the probability of common causality to make
optimal perceptual decisions in the late stages. Under low
visual uncertainty, highly reliable visual input can almost
independently drive perceptual decisions, leading the brain to
treat auditory and visual signals as stemming from separate
sources, thus reducing the need for integration (Odegaard
et al., 2015; Shams & Beierholm, 2010). Under medium and
high uncertainty, the reduced reliability of visual input
prompts the brain to infer a common causal source and to
integrate auditory information, minimizing the risk of dis-
regarding the uncertainty of potentially relevant sensory evi-
dence (Kording et al., 2007; Kording & Wolpert, 2004). The
brain reassesses the causal structure, increasing the level of
trust and willingness to integrate the auditory sense, thus
activating late integration.

With respect to temporal dynamics, prior EEG studies
have shown that the neural correlates of Bayesian causal
inference emerge relatively late. EEG representational simi-
larity analyses revealed that from approximately
200—400 msec post-stimulus, neural patterns reflected esti-
mates of Bayesian causal inference estimates (Rohe et al,
2019). Furthermore, multivariate EEG decoding indicated
that audiovisual integration was consistent with Bayesian
causal inference at approximately 350 msec after the stim-
ulus (Aller & Noppeney, 2019). These findings are consistent
with the ERP time-domain analysis results of the present
study, which revealed that increasing visual uncertainty
affected audiovisual integration from 300 to 380 msec in the
late decision stage. Notably, a recent study used supervised
machine learning to analyze simultaneously recorded elec-
troencephalograms (EEGs) and identified the neural signa-
tures of two processing stages: sensory encoding and
decision formation. Generalization analyses across experi-
mental conditions and time further suggest an ongoing dy-
namic interplay between multisensory integration and
decision-making processes (Mercier & Cappe, 2020). This
means that even if no robust differences due to visual un-
certainty were detected in the early window we defined,
subtle fluctuations from the early period may still extend and
affect subsequent decision-related processes. Together, these
converging findings highlight that while visual uncertainty in
audiovisual context predominantly modulates evidence
accumulation and decision-related dynamics at later stages,
early sensory influences cannot be entirely excluded and
may interact with subsequent Bayesian weighting processes
during multisensory decision formation.

The effect of visual uncertainty on audiovisual integration
was concentrated in the frontal electrodes, which may
reflect a driving role of the frontal cortex in general
reasoning and adaptive behavior in the context of

multisensory integration (Calvert, 2001; Noppeney et al.,
2010; Rushworth et al., 2011). The frontal cortex has been
shown to form beliefs about inferential states that are based
on expectations and prior experience (Gau & Noppeney,
2016; Noppeney et al., 2010). Therefore, the role of the
frontal cortex is not only to integrate sensory information
but also to weigh competing strategies for forming the most
appropriate sensory representation to guide behavior. In
contrast, no audiovisual integration was observed at the
parietal electrodes in the late stage, which is consistent with
a general understanding of the functional differences be-
tween the parietal cortex and frontal cortex (Buschman &
Miller, 2007; Erlich et al., 2015; Hanks et al., 2015). Although
both cortices are involved in the accumulation of sensory
information, the parietal cortex potentially encodes more of
the sensory aspect, whereas the frontal cortex is responsible
for the context-dependent transformation of this informa-
tion to select the most appropriate response strategy. This
functional differentiation provides support for understand-
ing the stage-by-stage role of sensory integration in multi-
sensory decision-making.

This study combined the analysis of behavioral models
and neural indicators to reveal the correspondence between
the DDM parameters and neural activity. Our behavioral
model results revealed that audiovisual stimuli decreased
the non-decision time, which is consistent with the find-
ings of existing studies (Chau et al., 2021; Mercier & Cappe,
2020; Murray et al.,, 2020). Further analysis revealed that
visual uncertainty selectively affects the drift rate but not
the non-decision time, suggesting that visual uncertainty
mainly affects the information accumulation process in the
decision stage. In terms of neural data, late neural com-
ponents (300—380 msec) were significantly correlated with
the drift rate, which is consistent with the view that late
components reflect post-perception or decision-related
processing (Philiastides et al.,, 2006; Philiastides & Sajda,
2006; Ratcliff et al., 2009). In addition, early neural compo-
nents (140—220 msec) were significantly correlated with the
drift rate and non-decision time. Previous studies have
shown that N1 is associated with the rate of information
accumulation during decisional processing (Sui et al., 2023),
and P200 and N200 explain single-trial evidence accumula-
tion and preprocessing times (Nunez & Srinivasan, 2017).
These findings suggest that early neural activity may play a
dual role in perceptual decision-making: promoting faster
stimulus encoding while also enhancing the efficiency of
subsequent evidence accumulation. Nevertheless, some
studies have reported insufficient consistency between
DDM parameters and neural signals (McGovern et al., 2018;
Purcell & Palmeri, 2017), which may be because neural
decision-making processes are affected by the involvement
of different brain regions, speed-accuracy trade-off strate-
gies (Spieser et al., 2018), and multiple motion representa-
tions (Kohl et al., 2019). These factors may lead to neural
activity that does not fully conform to the ideal assump-
tions of the DDM. Despite the above differences, our results
still provide strong support for the establishment of a
mapping between DDM parameters and ERP components in
the context of multisensory decision-making, highlighting
the theoretical value of combining DDM with neural
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indicators under specific experimental conditions (O'Connell
et al., 2018; Purcell & Palmeri, 2017).

Here, we used neural signals and behavior modeling
measurements to systematically explore how visual uncer-
tainty influences the specific processing stages involved in
multisensory decision-making. The results revealed that
visual uncertainty primarily affects the late decision for-
mation stage and has less of an effect on the early sensory
encoding stage. The synergy of multiple processing mech-
anisms, including bottom-up sensory input, top-down
attentional regulation, and information weighting based
on Bayesian causal inference, might be required when
integrating audiovisual inputs under varying visual uncer-
tainty conditions. Processing patterns involving multiple
mechanisms reveal the flexibility and adaptability of
cognitive systems when multisensory integration is per-
formed in complex environments. Future studies should
explore how visual uncertainty is represented in the neural
networks of different brain regions, especially the connec-
tion patterns between the primary cortex and the parietal-
frontal cortex.
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