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Abstract—This study examines whether the outcome of pro-
cessing an ambiguous sensory stimulus can be predicted from
brain functional connectivity before the stimulus is presented.
Multimodal recordings from 33 participants solving Raven’s
Progressive Matrices were used to reconstruct a multilayer
functional network for each trial. Electroencephalography source
connectivity, functional near-infrared spectroscopy connectivity
and cross-modal coupling between the two modalities were
assembled by block composition into a single matrix, with cross-
modal edges restricted to channel pairs from the same anatomical
zone. Network-Based Statistic analysis localized a cluster of
edges differing between correct and incorrect responses, and
graph features were extracted from the induced subgraph of
every trial. Feature selection by permutation importance retained
the integral strength of connectivity and the mean weighted
clustering coefficient as the most informative characteristics.
Applied to the current trial, these features classified the response
with ROC-AUC of 0.787. Applied to the preceding trial, they
predicted the outcome of the next one with ROC-AUC of 0.713
and recall of 0.721 for incorrect responses. These results indicate
that the current functional state of the brain, described by
multimodal connectivity, carries information about the readiness
of the cognitive system to process an upcoming stimulus.

Index Terms—multimodal functional connectivity, EEG,
fNIRS, multilayer network, Network-Based Statistic, error pre-
diction, Raven’s Progressive Matrices, Random Forest

I. INTRODUCTION

Perception of ambiguous sensory information relies on coor-
dinated activity of spatially distributed cortical areas that form
functional networks [1], [2]. When a stimulus admits several
interpretations, the outcome of perception is determined not
only by the stimulus itself, but also by the functional state
of the brain at the moment of its presentation [3]. Solving
Raven’s Progressive Matrices is a representative example of
such a task, since ambiguity here arises both at the perceptual
level and during the analysis of spatial and logical relations,
and requires the integration of attention, working memory and
executive control [4]–[7].

The work was supported by the Russian Science Foundation (Grant No.
23-72-10016-P)

Functional connectivity in these conditions is commonly
assessed using a single recording modality. Electroencephalog-
raphy (EEG) provides high temporal resolution and gives
access to fast oscillatory interactions, whereas functional near-
infrared spectroscopy (fNIRS) is sensitive to slow hemo-
dynamic changes associated with the metabolic activity of
cortical areas [8]–[10]. Analyzing each modality separately
does not account for the consistency between electrical and
hemodynamic processes, which limits the interpretation of
cognitive processes evolving on different time scales [11]. A
joint description of both modalities can be obtained within a
multilayer network, where the layers correspond to intramodal
interactions and the interlayer links describe cross-modal cou-
pling [12], [13].

Network characteristics estimated during stimulus process-
ing carry information about the outcome of the current trial and
can be used for its classification [14], [15]. At the same time,
the state of the brain preceding the stimulus also affects the
efficiency of subsequent processing, and preparatory activity
has been shown to be informative for predicting errors [3],
[16], [17]. This makes it possible to consider the functional
network reconstructed during the previous trial as an estimate
of the current functional state and to use it for forecasting the
outcome of the trial that follows.

In this study, we reconstruct multimodal EEG–fNIRS func-
tional networks for individual trials of the Raven’s Progressive
Matrices task and extract graph features of the subnetwork
that differs between correct and incorrect responses. We then
evaluate whether these features, obtained from the previous
trial, allow the outcome of the next trial to be predicted before
the stimulus is presented.

II. METHODS

A. Participants and Experimental Paradigm

The analysis was performed on multimodal recordings
from 33 healthy participants who solved Raven’s Progressive
Matrices. The task consisted of items divided into series of
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progressively increasing difficulty, and the participant was
required to identify the pattern within the matrix configuration
and select the missing element from several options. Each item
admits several plausible interpretations of the spatial and log-
ical relations, which makes the stimulus material ambiguous
at both the perceptual and the analytical level. For every trial,
the interval from stimulus onset to response confirmation was
extracted, and the response was labelled as correct or incorrect.

B. EEG Preprocessing and Source Reconstruction

EEG signals were band-pass filtered between 1 and 40 Hz
and re-referenced to the common average. Artifacts related
to eye movements and cardiovascular activity were removed
using independent component analysis with 63 components.
Ocular components were identified automatically by their cor-
relation with the electrooculogram, and cardiovascular com-
ponents by their correlation with the photoplethysmographic
channel. The selected components were rejected, the cleaned
signals were reconstructed and resampled to 500 Hz.

Since connectivity estimated at the sensor level is affected
by volume conduction [18], the analysis was carried out in the
source space. The fsaverage template was used as the anatomi-
cal model, the source space was defined on the cortical surface
with oct-6 recursive subdivision, and the forward problem was
solved using a three-layer boundary element model. The noise
covariance matrix was estimated from the fixation cross epochs
preceding stimulus presentation. The inverse problem was
solved with dynamic statistical parametric mapping (dSPM),
and the distributed sources were mapped onto the 68 cortical
regions of the Desikan-Killiany parcellation. For each trial, the
mean time course was extracted within every region over the
whole stimulus interval.

C. Intramodal Functional Connectivity

Connectivity between cortical regions was estimated by
orthogonalized envelope correlation [19], which suppresses
spurious correlations caused by instantaneous field spread. The
source time courses were filtered in the theta (4–8 Hz), alpha
(8–13 Hz) and beta (13–30 Hz) bands, and the amplitude
envelope A

(b)
i (t) was obtained from the analytic signal using

the Hilbert transform [20]. For a pair of sources (i, j) and a
frequency band b, the connectivity was computed as

E
(b)
ij = corr

(
A

(b)
i , A

(b)
j⊥i

)
, (1)

where A
(b)
j⊥i is the envelope of the signal j orthogonalized with

respect to the signal i.
The fNIRS signals were filtered with a fourth-order Butter-

worth band-pass filter between 0.01 and 0.4 Hz to preserve
slow hemodynamic oscillations and to suppress physiolog-
ical noise [21]. Connectivity was estimated separately for
oxygenated (HbO) and deoxygenated (HbR) hemoglobin as
the Spearman rank correlation coefficient between all channel
pairs, and non-significant connections (p > 0.05) were set to
zero. This yielded matrices H(c) of size 39×39 for each trial
and each chromophore.

D. Cross-Modal Connectivity

The two modalities differ in their characteristic time scales
and sampling rates, so the fNIRS signals were interpolated to
the length of the EEG envelopes before comparison. Cross-
modal connectivity was estimated as the Pearson correlation
coefficient between the amplitude envelope of an EEG source
and the interpolated fNIRS signal. Each cortical region and
each fNIRS channel was assigned to one of four anatomical
zones, frontal, temporal, parietal or occipital, and correlations
were computed only within a zone, while pairs from different
zones were set to zero. This restriction reflects the fact that
fNIRS registers the signal from superficial cortical areas, so
pairing it with spatially distant EEG sources has no neuro-
physiological justification.

E. Multimodal Connectivity Matrix

Cortical regions not assigned to any of the four zones, such
as the cingulate and insular cortex, were excluded, leaving
58 EEG sources. For every trial t, frequency band b and
chromophore c, the intramodal and cross-modal blocks were
combined into a single symmetric matrix M

(b,c)
t of size 97×97

(Figure 1). Such a matrix can be treated as a multilayer
functional network in which the layers describe intramodal
interactions and the interlayer links describe the coupling
between electrical and hemodynamic activity [22].
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Fig. 1. Structure of the multimodal functional connectivity matrix M(b,c)
t

formed for each trial t, EEG frequency band b ∈ {θ, α, β} and fNIRS
chromophore c ∈ {HbO,HbR}. The diagonal blocks E(b)

t and H(c)
t contain

the intramodal connectivity between 58 EEG sources and 39 fNIRS channels,
the off-diagonal blocks contain the cross-modal connectivity C(b,c)

t and its
transposed copy.

F. Identification of the Informative Subnetwork

Before the statistical comparison, the matrix entries were
converted to the Fisher z scale by taking the inverse hyperbolic
tangent of the absolute correlation value, which allows correct
averaging and makes the analysis sensitive to the strength
of a connection irrespective of its sign. The transformed
values were averaged separately over correct and incorrect
trials within each participant, and the resulting matrices were
symmetrized.

Differences between the two conditions were localized with
the Network-Based Statistic [3], [23]. A paired t-statistic was
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computed for every edge, the suprathreshold edges formed a
graph, and the size of its connected components was tested
with permutation testing over 1000 iterations. Cross-modal
edges connecting different anatomical zones were excluded
when forming this graph, since by construction they carry
zero connectivity and could produce spurious differences. A
binary mask of the significant cluster was then used to extract
the induced subgraph from the connectivity matrix of every
individual trial.

G. Graph Features and Feature Selection

For each trial, 16 features were computed on the induced
subgraph. They included the characteristics of the edge weight
distribution, namely the mean absolute correlation, its standard
deviation, the mean signed correlation, its standard deviation,
the sum of absolute values and the proportion of positive
links, the structural parameters of the subgraph, namely the
number of edges, the number of active nodes, the number of
connected components and the density, and the topological
metrics, namely the transitivity, the mean weighted clustering
coefficient, the global efficiency, the degree assortativity, the
spectral radius and the algebraic connectivity. Topological
characteristics were computed on the subgraph containing only
the nodes incident to at least one edge of the cluster mask.

The informativeness of the features was assessed with a
Random Forest classifier with class balancing under a leave-
one-subject-out (LOSO) cross-validation scheme, which ex-
cludes information leakage between participants. The contri-
bution of an individual feature was quantified by permutation
importance: the values of the feature in the test fold were
shuffled, the decrease in ROC-AUC with respect to the original
prediction was measured, and the procedure was repeated 10
times for every feature and averaged over folds. Features with
a positive contribution were retained for the predictive model.

H. Prediction of the Next Trial Outcome

To forecast the outcome before stimulus presentation, pairs
of consecutive trials were formed, in which the response to the
current trial t + 1 was predicted from the graph features ex-
tracted from the preceding trial t. Only pairs with consecutive
trial numbers were included, which preserved the continuity
of the cognitive process. Classification was performed with
a Random Forest with class balancing, missing values were
imputed with the median and the features were standardized.
Hyperparameters were tuned by randomized search with 50
iterations, with the number of trees varied from 100 to 600,
the maximum depth from 3 to 15, the minimum number of
samples per leaf from 2 to 20 and the fraction of features
considered at a split from 0.3 to 1.0. The quality criterion
in the search and in the final evaluation was the ROC-AUC
obtained under the LOSO scheme.

III. RESULTS

NBS analysis comparing multimodal networks between cor-
rect and incorrect responses identified a statistically significant
cluster of edges, which included EEG–EEG, fNIRS–fNIRS

Feature Importance (LOSO)

Sum of |r|

Selected
Excluded

Weighted Clustering Coefficient
Mean |r|

Mean Correlation (signed)
SD of Correlation (signed)

Algebraic Connectivity
Fraction of Positive Edges

SD of |r|
Spectral Radius

Transitivity
Number of Active Nodes

Number of Edges
Assortativity

Density
Global Efficiency

Number of Conn. Components

Fig. 2. Permutation importance of the graph features of the NBS cluster
for the classification of correct and incorrect responses. The horizontal axis
shows the mean decrease in ROC-AUC after shuffling the values of a feature,
averaged over the folds of the LOSO validation. Green denotes the features
retained for further analysis (positive importance, 10 features), red denotes the
features excluded from the model (zero or negative importance, 6 features).
Here r is the correlation coefficient between a pair of network nodes and SD
is the standard deviation.

and cross-modal EEG–fNIRS connections. This cluster was
used as a mask to extract the induced subgraph from the
connectivity matrix of each individual trial.

Out of the 16 graph features computed on this subgraph, 10
showed a positive contribution to classification quality (Figure
2). Highest informativeness was obtained for the characteris-
tics of the edge weight distribution, namely the sum of absolute
correlations (∆ROC-AUC = 0.026) and the mean absolute
correlation (0.023), together with the topological metric of
the mean weighted clustering coefficient (0.023). A second
group was formed by the mean signed correlation and its
standard deviation (about 0.010 each) and by the algebraic
connectivity (0.008), while the proportion of positive links,
the standard deviation of the absolute correlation, the spectral
radius and the transitivity contributed from 0.002 to 0.003. Six
features were excluded: the number of active nodes and the
number of edges are constant for a fixed cluster mask, whereas
degree assortativity, density, global efficiency and the number
of connected components produced a negative permutation
importance and therefore introduced noise into the model.

Such a composition of the informative set indicates that
differences between correct and incorrect performance are
determined by the integral characteristics of the edge weight
distribution and by the topological organization of the sub-
graph rather than by its size or density. Dominance of the
features reflecting the overall strength of connectivity suggests
that successful performance is associated with the general
level of coordinated activity between the network nodes, while
the high informativeness of the mean weighted clustering
coefficient points to the role of local integration between
functionally close areas [24].

Using the current trial data, these 10 features allowed the
outcome to be classified with ROC-AUC = 0.787 for the
Random Forest model and 0.765 for SVM with a radial basis

19
Authorized licensed use limited to: Kant Baltic Federal Univ. Downloaded on October 23,2026 at 15:22:06 UTC from IEEE Xplore.  Restrictions apply. 



Block DiagramA B ROC Curve (LOSO)

Tr
ue

 P
os

iti
ve

 R
at

e

False Positive Rate

Time

10 Graph Features Outcome Prediction

Trial t
Functional Brain Network

Trial t+1
Correct / 

Incorrect Response

Feature 
Extraction

Fig. 3. Prediction of errors in sensory information processing before stimulus presentation. (A) Block diagram of the approach: the outcome of the current
trial (t+1) is predicted from the characteristics of the multimodal functional network estimated from the data of the previous trial (t) using a Random Forest
model. (B) ROC curve of the model with the area under the curve AUC = 0.71. Evaluation was performed under the leave-one-subject-out scheme.

kernel. Shifting the analysis to the pre-stimulus regime, in
which the features of the previous trial t were used to predict
the response in the trial t + 1, the model reached ROC-
AUC = 0.713, which is well above the level of a random
classifier (Figure 3). Accuracy was 0.609 (0.607 ± 0.105
across folds) and the weighted F1-score was 0.658. Formal
accuracy lies below the baseline of 0.832 corresponding to
constant prediction of the majority class, which is caused by
the pronounced class imbalance, whereas ROC-AUC does not
depend on the classification threshold and confirms that the
model carries predictive information. Recall for the class of
incorrect responses reached 0.721, so more than 72% of the
cases preceding an error were identified correctly.

Decrease in classification quality with respect to the model
operating on the current trial (0.713 against 0.787) is expected
and reflects the incompleteness of the information available
before stimulation, since the features estimated during the
previous trial describe the residual state of the brain, while
the actual outcome of perception also depends on fluctuations
of neural activity at the moment of stimulus presentation.
Stable performance above chance level and high recall for
incorrect responses indicate that the current functional state of
the brain contains substantial information about the readiness
of the cognitive system to process an upcoming stimulus, in
agreement with the influence of pre-stimulus activity on the
efficiency of subsequent cognitive processing [3], [16].

CONCLUSION

This study shows that functional connectivity estimated
jointly from EEG and fNIRS carries information about the
outcome of processing ambiguous sensory stimuli, and that
this information is available before the stimulus is presented.
Block assembly of intramodal and cross-modal connectivity
into a single matrix yields a multilayer network in which fast
oscillatory and slow hemodynamic interactions are described
within one formal structure, and the anatomical restriction
imposed on cross-modal edges keeps this structure biologically

interpretable. Comparison of correct and incorrect responses
with NBS localized a cluster of edges whose graph characteris-
tics separate the two conditions, with the strongest contribution
coming from the integral strength of connectivity and the mean
weighted clustering coefficient rather than from the size or
density of the subgraph. Features extracted from the previous
trial predicted the outcome of the next one with ROC-AUC
= 0.713 and recall of 0.721 for incorrect responses, which
is lower than for the model operating on the current trial but
remains well above chance level. These findings indicate that
the current functional state of the brain reflects the readiness of
the cognitive system to process an upcoming stimulus and can
serve as a basis for real-time monitoring of cognitive readiness
and for neuroadaptive systems that support learning [25], [26].
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