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Abstract: Etomidate is commonly used for induction of anesthesia, but prolonged use can
affect brain neurovascular mechanisms, potentially leading to use disorders. However, limited
research exists on the impact of etomidate on brain function, and accurately and noninvasively
extracting and analyzing neurovascular brain features remains a challenge. This study introduces
a novel feature fusion approach based on whole-brain synchronous Electroencephalography
(EEG)-functional near-infrared spectroscopy (fNIRS) signals aimed at addressing the difficulty
of jointly analyzing neural and hemodynamic signals and features in specific locations, which is
critical for understanding neurovascular mechanism changes in etomidate use disorder individuals.
To address the challenge of optimizing the accuracy of neurovascular coupling analysis, we
proposed a multi-band local neurovascular coupling (MBLNVC) method. This method enhances
spatial precision in NVC analysis by integrating multi-modal brain signals. We then mapped
the different brain features to the Yeo 7 brain networks and constructed feature vectors based
on these networks. This multilayer feature fusion approach resolves the issue of analyzing
complex neural and vascular signals together in specific brain locations. Our approach revealed
significant neurovascular coupling enhancement in the sensorimotor and dorsal attention networks
(» <0.05, FDR corrected), corresponding with different frequency bands and brain networks
from single-modal features. These features of the intersection of bands and networks showed high
sensitivity to etomidate using machine learning classifiers compared to other features (accuracy:
support vector machine (SVM) - 82.10%, random forest (RF) - 80.50%, extreme gradient boosting
(XGBoost) - 78.40%). These results showed the potential of the proposed feature fusion analysis
approach in exploring changes in brain mechanisms and provided new insights into the effects of
etomidate on resting neurovascular brain mechanisms.

© 2025 Optica Publishing Group under the terms of the Optica Open Access Publishing Agreement

1. Introduction

Etomidate is an imidazole-derived, ultrashort-acting, nonbarbiturate sedative commonly used
during conscious sedation endoscopy or induction for an operation under general anesthesia [1].
Since it is a psychoactive substance and easy to purchase [2], there is evidence that etomidate use
disorders could contribute to a global substance use crisis [3]. Substance use disorders can lead
to impaired brain function [4] and have long-term effects on the neurovascular unit in the brain
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[5]. However, there is limited research on the neurovascular brain mechanism changes caused by
etomidate use disorder currently.

Being noninvasive, flexible, portable, easy to use, and capable of providing direct, real-time
assessments of brain activity [6,7], electroencephalography (EEG) and functional near-infrared
spectroscopy (fNIRS) provide complementary information, and the synchronous acquisition and
analysis of the two signals can provide a more comprehensive understanding of neurovascular
brain function [8], hence have gained popularity for studying brain function in individuals with
substance use disorders. EEG records electrical activity caused by neuronal activity in the cerebral
cortex, whereas fNIRS measures changes in oxyhemoglobin (HbO) and deoxyhemoglobin (HbR)
concentrations. Neural activity increases local metabolic demand, triggering NVC processes
that elevate cerebral blood flow (CBF). The aim of NVC is to ensure oxygen supply of neural
activities. HbO is an indicator of blood oxygen supply, hence HbO signals are used to study
the NVC activity as well. The reliability of this method has been proofed [9-11]. EEG’s high
temporal resolution and fNIRS’s sensitivity to blood flow changes provide great convenience for
research. On the one hand, EEG and fNIRS independently + provide insights into distinct aspects
of brain function: EEG captures rapid electrical activity patterns resulting from neuronal activity,
while fNIRS measures slower hemodynamic changes. On the other hand, their synchronous use
allows for a comprehensive examination of the differences and connections between electrical
and hemodynamic patterns underlying various brain functions. This dual-modality approach not
only enables the study of neurovascular coupling with high temporal and spatial resolution but
also enhances the accuracy and robustness of feature fusion methods for classification, making it
particularly effective for identifying neurophysiological alterations in individuals with substance
use disorders [12,13].

Synchronous acquisition and analysis of EEG-fNIRS data may reveal more comprehensive
information related to brain activity. However, EEG signals are characterized by low spatial
resolution, and the synchronous EEG-fNIRS signal acquisition device usually combines discrete
EEG and fNIRS signal acquisition devices by assembly, bulky optical fibers, EEG cabling, and
electrodes inherently compete for space on the head. This is particularly the case for devices with
high-density probes. So it is difficult to synchronously collect neurovascular information at the
same location [14,15], which makes it difficult to accurately measure the degree of neurovascular
coupling at specific locations and integrate feature information obtained by EEG and near-infrared
signals from different kinds of channels.
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Fig. 1. Research flowchart.

Aiming at the gap of EEG-fNIRS joint analysis techniques, this study proposed a feature
fusion approach based on synchronous EEG-fNIRS signals. First, single-modal signal analysis,
including resting-state functional connectivity analysis and brain network graph theory analysis,
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was performed to explore spatial and frequency distribution differences in single-modal EEG and
fNIRS features between etomidate use disorder individuals and healthy controls. Second, by
locating the source of EEG signals and reconstructing them on the near-infrared channels, the
multi-band local neurovascular coupling (MBLNVC) analysis method was carried out, and the
physiological function changes of each position of the brain were observed from the perspective of
neurovascular coupling. Furthermore, the Yeo 7 networks were used to integrate the multi-modal
features of the two groups to find the Yeo 7 networks and EEG frequency sensitive to etomidate.
Finally, machine learning classifiers were used to verify the ability of these sensitive features to
identify etomidate use disorders. The research process is shown in Fig. 1.

2. Materials and methods

2.1. Subjects

This study included 46 individuals with etomidate use disorder and 46 healthy controls with
synchronous EEG-fNIRS resting-state data. All the subjects were males aged 16-55 years who
consented to participate in this study and signed informed consent forms. The exclusion criteria
included intracranial hypertension; skull defects; tumor patients; severe physical diseases (e.g.,
cardiovascular, liver, kidney, gastrointestinal diseases); infectious diseases; immune system
diseases; a history of mental illness; severe neurological diseases; and mental retardation.
Etomidate use disorder individuals had used etomidate within a month before data collection
without other substance use history, with substance use disorder severity of mild or above (> 2
symptoms on the DSM-5 scale [16]). The ETO specific sample selection procedures are shown
in Appendix Fig. S1.

The demographic information and test results for the two groups are shown in Table 1. To
meet the statistical sample size estimation requirements, age and education level were included
as covariates in subsequent EEG and fNIRS feature comparisons to eliminate their effects on the
analysis results.

Table 1. Demographic information of the subjects and test results

Group Age (years) Education Level (Middle School and Below / High
School / Undergraduate or College)

Healthy Control 24+9 5734177

Etomidate 225+11.5 31/9/6

p 0.056¢ 0.000°

“Independent sample t-test.
bChi-square test; p < 0.05 is considered statistically significant.

2.2. EEG and fNIRS measurements
2.2.1. Acquisition equipment

This study used a 64-channel EEG device (NeuSen W, Neuracle Technology Co., Ltd.). The
EEG cap electrodes covered most scalp areas according to the 10-10 positioning system. The
REF electrode was used as the reference electrode for all channels during EEG recording,
keeping all channel electrode impedances below 5 kQ. The sampling frequency was 1 kHz. The
fNIRS signals were measured by a 51-channel near-infrared brain functional imaging system
(NirSmart-6000A, Danyang Huichuang Medical Equipment Co., Ltd., China). The fNIRS device
included 23 NIRS emitters and 16 detectors and used dual-wavelength NIR lasers (730 nm and
850 nm) to detect blood oxygen changes (oxyhemoglobin and deoxyhemoglobin concentration
changes) at a sampling frequency of 11 Hz. The spatial coordinates of the fNIRS channels
were determined based on the standard international 10-20 electrode placement system. These
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coordinates were then converted into Montreal Neurological Institute (MNI) space using a
transformation algorithm provided by the Nirspace magnetic source navigation system (Danyang
Huichuang Medical Equipment Co., Ltd., Danyang, Jiangsu, China). This system employs spatial
registration methods to project the channel positions onto the MNI standard brain template,
ensuring accurate localization relative to standard anatomical references. The EEG electrodes
and fNIRS probes were fixed on the same probe cap for synchronous detection. The location
of the detection cap channel collected by EEG-fNIRS in this experiment is shown in Fig. 2(A)
(all the brain images in this paper were drawn via BrainNetViewer [17]). The synchronization
error of the multi-modal signals was less than 100 ms. Experimental devices and paradigm for
synchronous resting-state EEG-fNIRS recordings is shown in Fig. 2(D).
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Fig. 2. (A) Schematic diagram of the channels of the joint collection detection cap. (B)
EEG channels and their corresponding Yeo 7 networks. (C) fNIRS channels and their
corresponding Yeo 7 networks. (D) Experimental devices and paradigm for synchronous
resting-state EEG-fNIRS recordings.

2.2.2. Acquisition procedures

The signal acquisition for this experiment was conducted in a dedicated collection room (etomidate
use disorder individuals (ETO): Hunan Province Lituo Compulsory Isolation Drug Rehabilitation
Center, healthy controls (HC): Beijing Institute of Technology), with only the subject and the
main experimenter present. During the experiment, the subjects sat still while their EEG-fNIRS
signals were collected in a closed-eye state for 5 minutes. No specific task or stimuli were
presented during the experiment. The study was approved by the Ethics Committee of the
National Clinical Medical Research Center of the Second Xiangya Hospital of Central South
University (No. 2023K003).

2.2.3. Data preprocessing

The EEG data were first downsampled to 250 Hz, and unnecessary channels (five ECG and
EOG channels not connected during acquisition) were removed. The remaining 59 channels
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were re-referenced by the whole brain. The data were then bandpass filtered from 1-40 Hz
and notch-filtered at 50 Hz (using Basic FIR filters). Next, independent component analysis
(ICA) was performed to obtain 59 independent components for each subject, manually removing
potential eye movement and muscle contraction artifacts, resulting in clean EEG data. Finally, the
data were filtered (via basic FIR filters) to obtain signals in five rhythms: & (1-3 Hz), 6 (3-8 Hz),
a (8-13 Hz), p (13-30 Hz), and vy (30-40 Hz). These EEG preprocessing steps were completed
via the open-source toolkit EEGLAB, which is based on MATLAB software [18].

For fNIRS data, the light signals from the fNIRS acquisition system were first converted to
changes in oxyhemoglobin and deoxyhemoglobin concentrations via the modified Beer-Lambert
law [19]. A polynomial regression model was then used to estimate linear or nonlinear trends,
which were regressed from the original hemoglobin concentration signals. Then, motion artifacts
were corrected via the TDDR method [20]. Finally, IIR filter is used to filter the signals at
0.01-0.2 Hz. HbO signals were chosen as the primary indicator for analyzing hemodynamic
responses because they exhibit greater sensitivity to neural activity-induced changes and larger
amplitude variations compared to HbR signals, resulting in a higher signal-to-noise ratio [21].
These fNIRS preprocessing steps were completed via the open-source toolkit NIRS_KIT via
MATLAB software [22].

2.3. Single-model feature analysis
2.3.1. Functional connectivity analysis

The EEG signal is characterized by low spatial resolution and volume conduction effects. To
address these issues, we used the SLORETA tool [23] to define 59 regions of interest (ROIs)
corresponding to the EEG channels. We selected the single voxel closest to each channel as
the ROI. The functional connectivity strength between ROIs was then evaluated by calculating
lagged linear correlations. Before calculating the functional connectivity strength, we segmented
the data of each ROI into 10-second intervals, calculated the functional connectivity strength for
each segment, and averaged the results of all segments.

The functional connectivity measurements provided by sSLORETA decompose connectivity
into instantaneous and lagged components. The instantaneous component is largely contaminated
by the volume conduction effect of the EEG signal, where the zero-lag spread of the electric field
from its source to the tissue leads to nonphysiological inflation of the instantaneous connectivity
measurement. Removing the instantaneous zero-lag component can effectively eliminate the
volume conduction effect, resulting in a true linear correlation (lagged coherence) matrix between
cortical source activities [24]. This matrix is used for subsequent brain connectivity and brain
network analysis.

For fNIRS signals, we calculated the correlation coefficient matrix between the 51 channels
in the time series via Pearson correlation analysis. Fisher’s Z-transformation was then applied
to the matrix for nonlinear correction to ensure a normal distribution, obtaining a functional
connectivity matrix for subsequent analysis.

2.3.2. Graph theory analysis

We used graph theory analysis to understand the changes in the functional nodes and the
attributes of the entire brain network at specific locations. This analysis was performed by
constructing binary networks from the functional connectivity matrices derived from EEG and
fNIRS time-domain information, allowing us to calculate various network attributes.

In these networks, the nodes correspond to the ROIs in EEG or channels in fNIRS. A
threshold was applied to determine an equal number of edges for network construction to ensure
comparability between groups. Since there is no consensus on the optimal threshold, we employed
a broad range of thresholds (0.05 < T < 0.5, with increments of 0.05) to construct the network
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edges. We used the AUC (area under the curve) values corresponding to these thresholds as a
stable feature estimation.

In this study, we focused on ten graph theory metrics: nodal betweenness centrality, nodal
degree centrality, the nodal clustering coefficient, nodal efficiency, nodal local efficiency, global
efficiency, local efficiency, the clustering coefficient, the characteristic path length, and small-
world properties. Detailed definitions and explanations of these metrics can be found in Appendix
Table S1. The calculation of brain network parameters was performed via the open-source
toolbox Gretna, which is based on MATLAB software [25].

2.4. Mixed-modal feature analysis

With the neural activity acquired with EEG technique and the hemodynamic response acquired
with fNIRS technique, we proposed a MBLNVC analysis method to perform feature fusion of
the data layers. The calculation of MBLNVC via EEG-fNIRS involves two main steps. The first
step involves further processing the preprocessed EEG and fNIRS signals to standardize them
into comparable time series data. The second step is determining the degree of coupling between
the two results.

For the EEG data, we used the SLORETA tool to perform source localization on the five
frequency bands of the preprocessed EEG signals. This provided the current source density for
each EEG rhythm in cortical voxels. We then defined 51 ROIs corresponding to the positions of
the fNIRS channels: each channel was associated with the nearest voxel as its ROI, yielding the
current source density for each ROI. The current source densities of the five EEG components
were normalized (z-score). We subsequently convolved the time series data of each ROI with
the standard hemodynamic response function (HRF) to obtain the expected changes in the
hemoglobin concentration. The standard HRF function is composed of two gamma functions:

by’ # 7Y (=by#1) bgz*t(arl) (=bost)

HRF(t) = Tay) * e C* o) * e H
where t represents time points, a; and a; are the time delays of the positive and negative peaks,
b1 and b, are the dispersion time constants of the positive and negative peaks, c is the amplitude
ratio of the positive to negative peaks, and I" is the gamma function. The specific parameters
were set to the default parameters of NIRS_SPM (b; by =1, a; =6, a, =16, ¢ = 1/6) [26].

Finally, we normalized (z-score) and resampled (1 Hz) the expected hemoglobin concentration
changes, using the resulting data as the independent variable (X;) for input into the general linear
model (GLM). The actual changes in hemoglobin concentration (HbO) were also normalized
(z-score) and resampled (1 Hz), aligned in amplitude and length with the processed EEG results,
and used as the dependent variable (Y) in the GLM.

We evaluated the degree of NVC for each fNIRS channel via the GLM to assess the impact of
the five EEG rhythms on hemodynamics [27,28]. The form of the GLM is as follows:

Y = Bo+ BilX1,X2, X3, X4, X5] + € (2)

where Sy is the intercept, 5 is the slope, and € is the error term. In our study, the processed
fNIRS signals served as the dependent variable Y, whereas the processed signals of the five
EEG rhythms corresponded to the independent variables [X|, X5, X3, X4, Xs]. through the GLM,
we obtained the estimated standardized slope vector 3, for each fNIRS channel, reflecting the
influence of each independent variable X; on the dependent variable Y. [11]

At last, we evaluated the relationship between the standardized p values and DSM-5 scores
among individuals with etomidate use disorder using Spearman’s rank correlations. False
Discovery Rate (FDR) correction was used to adjust the results of multiple hypothesis tests.
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2.5.  Multi-modal feature joint analysis

We observed significant differences in age and years of education between the two groups (HC and
ETO). To account for potential confounding effects, we performed covariate regression analyses
on the three types of features (functional connectivity matrices calculated from EEG and fNIRS,
brain network features calculated from EEG and fNIRS, and standardized {3 values of MBLNVC
calculated from EEG-fNIRS). The correlation results showed no significant associations between
these features and demographic variables (age and years of education), indicating that the extracted
features are independent of these factors and primarily reflect differences in neurophysiological
characteristics between the two groups. We then conducted the independent samples t-test to
obtain features with significant differences. The Benjamini and Hochberg method in False
Discovery Rate (FDR) correction was used to adjust the results of multiple hypothesis tests.
Each EEG and near-infrared node’s MNI coordinates were mapped onto the Yeo 7 brain
networks [29](The Yeo 7 brain networks include the default mode network (DMN), frontoparietal
network (FPN), ventral attention network (vATN), dorsal attention network (dAATN), somatomotor
network (Mot), and visual network (Vis)), to find the frequency band and location of the
intersection of the significantly multi-modal features and then determine the brain networks and
EEG frequency band sensitive to etomidate. The correspondence between the EEG/near-infrared
channels and networks is shown in Fig. 2(B) and Fig. 2(C), and the detailed channel MNI
coordinates, and networks correspondence are listed in Appendix Tables S2 and S3.

2.6. Machine learning

We first ranked the significant features (p < 0.05, FDR corrected) via the Fisher score method,
which evaluates features based on the principle that features with small within-class distances
and large between-class distances are considered discriminative features [30].

According to the Fisher score results, we sorted the significant features and categorized those
with location-frequency clustering features as features of interest (FOIs) and others as features of
no interest (FONs). We then compared the classification performance of the FOIs, FONs, and
features of all (FOAs). To ensure comparability, we selected the top 30 features from each group
based on the Fisher score.

We used three classification models: SVM, RF, and XGBoost. The classification results were
evaluated via five machine learning classification metrics: accuracy, precision, recall, the F1
score, and the receiver operating characteristic (ROC) curve, as shown in Appendix Table S4. At
last, the stability metrics were obtained by 10-fold cross-validation.

3. Results
3.1.  Functional connectivity analysis

In the analysis of brain functional connectivity, only some channels in the 6 rhythm of the
EEG frequency band showed significant functional connectivity after FDR correction (p < 0.01).
Similarly, some channels in the fNIRS signals also passed FDR correction. We retained channels
with significant differences and used interpolation methods to map these differences onto the
cortex, using colors to indicate the degree of difference.

As shown in Fig. 3(A), the distribution of channels with significant changes in 8-band EEG
connectivity was dispersed across the frontal, parietal, and occipital lobes, with more pronounced
and dense changes near the central sulcus and occipital lobe. There was also clear lateralization,
with more dense and intense changes in the right hemisphere. All of these parameters were
significantly reduced in the etomidate group. Figure 3(B) shows that the fNIRS channel
connectivity changes were more concentrated in the frontal region, all of which were significantly
reduced in the etomidate group. The specific different channels are listed in Appendix Tables S5
and S6.
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Fig. 3. (A) Locations and degrees of change on 8-band EEG channel connectivity (-log10
p) (with FDR-corrected p values). (B) Locations and degrees of change on fNIRS channel
connectivity (-log10 p) (with FDR-corrected p values).

3.2. Graph theory analysis

In the brain network graph theory analysis, the significance threshold was set at p =0.05 (with
node graph theory features corrected by FDR). Significant differences were found only in the
global graph theory features of the low-frequency bands (6 and 0) in EEG. No significant
differences were found in the other EEG frequency bands or the node graph theory features
across all frequency bands. Similarly, no significant differences were found in the global and
node network features of the fNIRS signals.
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Fig. 4. (A) Comparison of the global network parameters of d-band EEG signals between
two types of people (* t-test, 0.01 < p <0.05; ** p <0.01). (B) Comparison of the global
network parameters of the 0 EEG signals between the two groups of people (* t-test,
0.01 <p <0.05; ** p<0.01). (C) Comparison of the global network parameters of {NIRS
signals between two types of people.

As shown in Fig. 4. (A) In the 0 band, the global efficiency of the brain network in the etomi-
date group was significantly enhanced (p =0.0097, ETO_mean = 0.2661, HC_mean = 0.2635),
the characteristic path length was significantly reduced (p=0.0103, ETO_mean =0.8272,
HC_mean =0.8454), and the small-world property was significantly enhanced (p =0.0147,
ETO_mean =0.4297, HC_mean =0.4119). As shown in Fig. 4. (B) In the 6 band, the local
efficiency of the brain network was significantly reduced (p =0.004, ETO_mean = 0.2455,
HC_mean =0.2530), and the clustering coefficient was significantly reduced (p=0.0112,
ETO_mean =0.1558, HC_mean =0.1628). As shown in Fig. 4. (C) No significant differ-
ences were found in the global network parameters of fNIRS signals between the two groups.



Research Article Vol. 16, No. 2/1 Feb 2025/ Biomedical Optics Express ~ 390 |

Biomedical Optics EXPRESS -~

3.3. MBLNVC analysis

We conducted a statistical averaging of the degree of NVC for both groups. The degree of
coupling was interpolated and mapped onto the cortex, with colors indicating the direction and
magnitude of the mean coupling. As illustrated in Fig. 5, the differences in coupling between ETO
and HC were primarily concentrated on the coupling of low-frequency EEG and hemodynamic

@ 5&

&& é& %L

Fig. 5. Mean coupling results between fNIRS signals and the current source densities of
different EEG rhythms in the two groups. Red indicates positive coupling, whereas blue
indicates negative coupling.

In the coupling of 8-band EEG and hemodynamic signals, HC exhibited significant negative
coupling predominantly in the parietal areas, whereas etomidate subjects showed strong positive
coupling in the right parietal regions, including the precentral gyrus (BA4, 6), postcentral gyrus
(BA2, 3), and parietal areas (BA7).

For the 0-band coupling, while HC displayed positive coupling in the precentral and postcentral
gyri, ETO showed weak or negative coupling in the right parietal regions. The a-band coupling,
HC and ETO demonstrated weak coupling with slightly difference, while in the B-band coupling,
HC showed weak coupling with ETO showing positive coupling, in the precentral gyrus (BA4, 6),
and dorsolateral prefrontal cortex (BA46). Finally, for the y-band coupling, HC showed negative
coupling in the left hemisphere regions and weak positive coupling in the right hemisphere with
ETO showing negative coupling in the most brain regions.

We performed a t-test on the NVC results between the current source densities of the five
EEG rhythms and the hemodynamic signals (HbO) for both groups, followed by FDR cor-
rection. The locations with significant coupling, as determined by FDR correction, were
interpolated and mapped onto the cortex. As shown in Fig. 6. (A), significant changes in
NVC were observed in certain regions for etomidate subjects. These changes were region-
ally clustered and frequency specific: significant differences in coupling between the two
groups were observed only in the 8-band EEG and hemodynamic signals, specifically in the
precentral gyrus (BA4, 6) (#13: p=0.0155, ETO_mean =0.9514, HC_mean =-0.8026; #14:
p=0.0155, ETO_mean =0.8515, HC_mean =-0.7008; #15: p=0.0155, ETO_mean = 0.9631,
HC_mean =-0.8169; #16: p =0.0285, ETO_mean = 0.7019, HC_mean = -0.7067; #20: p = 0.0428,
ETO_mean =0.6676, HC_mean =—0.5386; #23: p =0.0285, ETO_mean =0.7441, HC_mean
=-0.6580), postcentral gyrus (BA2) (#9: p =0.0434, ETO_mean =0.7157, HC_mean = -0.5430),
and parietal area (BA7) (#8: p=0.0224, ETO_mean = 1.0271, HC_mean =-0.6709). The func-
tional brain areas covered were the primary motor cortex, premotor and supplementary motor
areas, somatosensory cortex, and somatosensory association cortex, which mainly involve the
Mot and dATN. Significant changes were observed only in the coupling of &-band EEG and
hemodynamic signals, with etomidate subjects showing significantly enhanced positive coupling.
As depicted in Fig. 6. (B), the etomidate group exhibited significantly stronger coupling than
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the HC group did, with positive coupling in the etomidate group and negative coupling in the
HC group. The correlation test results between neurovascular coupling at the eight significantly
changed frequency-band locations and ETO’s DSM-5 scores were shown in Fig. 6(C), with no
significant correlations observed.
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Fig. 6. (A) Locations with significant differences (p < 0.05, FDR corrected) in the coupling
of d-band EEG and hemodynamic signals between the two groups. Red areas indicate
significantly enhanced coupling in etomidate subjects. (B) Specific channels showing
significant differences in the coupling of 8-band EEG and hemodynamic signals (p < 0.05,
FDR corrected), comparing the coupling degrees between the two groups. (C) The correlation
test results between neurovascular coupling at the eight significantly changed frequency-band
locations and ETO’s DSM-5 scores.

3.4.

We mapped the Mot and dATN along with the feature locations exhibiting significant changes
onto a brain diagram. We also plotted the channel features within these networks, and the global
graph theory feature comparisons of EEG were plotted. In the 8-band EEG and regions (Mot
and dATN) where significant changes in neurovascular coupling were observed, we found that
unimodal EEG features also showed more pronounced changes in these frequency bands and
corresponding regions than in other frequency bands and regions.

Figure 7. (A) shows that significant differences in coupling are concentrated in the 8-band
EEG and the locations of the Mot and dATN. In this frequency band and region, nearly half
of the channels in the etomidate group exhibited significantly enhanced coupling. Figure 7.
(B) shows that in the d-band EEG frequency band and the corresponding EEG channels of
the Mot and dATN, more than half of the channels displayed significant changes in functional
connectivity. Figure 7. (C) shows that fewer relative channels with significant changes in

Multi-modal feature joint analysis
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functional connectivity in the near-infrared channels corresponding to the Mot and dATN are
shown. Figure 7. (G)(H)(I) indicate that the parameters Eg, Lp, and SW all exhibited significant
changes only in the d-band EEG frequency band. In this band, the etomidate group presented
significant increases in Eg, significant decreases in Lp, and significant increases in SW.
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Fig. 7. (A) Locations with significant changes in neurovascular coupling (red: p < 0.05,
FDR corrected) and their overlap with the Mot (light blue) and dATN (yellow). (B) Locations
with significant changes on d-band EEG channel connectivity and their overlap with the
Mot and dATN (red: p <0.01, FDR corrected). (C) Locations with significant changes
in neurovascular coupling and their overlap with the Mot and dATN (red: p <0.01, FDR
corrected). (D) Comparison of coupling degrees on the channels of the Mot and dATN
(*: p<0.05, FDR corrected). (E) Comparison of 8-band EEG channel connectivity on the
channels of the Mot and dATN (*: p <0.01, **: p <0.005, FDR corrected). (F) Comparison
of fNIRS channel connectivity on the channels of the Mot and dATN (*: p <0.01, **:
p <0.005, FDR corrected). (G) Comparison of the global graph theory parameters Eg across
different EEG frequency bands between the two groups (*: p <0.05). (H) Comparison of
the global graph theory parameters Lp across different EEG frequency bands between the
two groups (*: p <0.05). (I) Comparison of the global graph theory parameter SW across
different EEG frequency bands between the two groups (*: p < 0.05).

3.5. Machine learning analysis

We classified the ETO and HC using three sets of features: FOIs (the EEG connectivity features
are d-band EEG brain connectivity with at least one node in the intersection region, and the
fNIRS connectivity features are at least one node in the intersection region), FONs, and FOAs
and evaluated the classification performance using three machine learning classifiers: SVM,
RF, and XGBoost. The results of 10-fold cross-validation for the three classifiers are presented
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Fig. 8. (A)(B)(C) 10-fold cross-validation ROC curves and AUCs for the three feature sets
across the three classifiers. (D)(E) RF and XGBoost classifiers rank the importance of all
the salient features.

in Table 2. Except for the precision metric of the SVM, the FOIs consistently outperformed
the FONs across all the classifiers. Compared with the FOAs, the FOIs demonstrated superior
performance in the XGBoost classifier, with the accuracy improving from 76.30% to 78.40%,
the precision from 76.30% to 77.30%, the recall from 75.60% to 77.00%, the F1 score from 0.75
to 0.766, and the AUC from 0.835 to 0.864. These results highlight the high efficiency of the
FOIs in distinguishing between ETO and HC. As shown in Fig. 8. (D)(E), the classification
importance of the FOIs is generally greater than that of the FONs, particularly among the most
influential features for classification.

Table 2. Comparison of classification metrics for different models and feature sets

SVM RF XGBoost
FOIs FONs FOAs FOIs FONs FOAs FOIs FONs FOAs
Accuracy  82.10%  77.90%  86.30%  80.50%  76.30%  81.60%  78.40% = 67.40%  76.30%
Precision ~ 79.40%  81.80%  92.20%  83.60%  78.60%  85.40%  77.30% = 69.60%  76.30%
Recall 83.80%  71.60%  79.70%  76.20%  72.90%  76.90%  77.00%  60.80%  75.60%
F1_score 0.814 0.749 0.848 0.789 0.740 0.795 0.766 0.633 0.750
AUC 0.876 0.867 0.955 0.858 0.857 0.893 0.864 0.780 0.835

4. Discussions

In this study, we proposed a feature fusion approach based on synchronous resting-state EEG-
fNIRS signals to address the challenge of jointly analyzing neural and hemodynamic signals
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at specific locations. This approach integrates neural and hemodynamic signals and features.
At the data level, we introduced a MBLNVC analysis method. This method used EEG source
localization techniques to obtain the current source density of EEG signals across different
frequency bands on cortical voxels. The current source density was then reconstructed onto the
fNIRS channels, and a multivariate GLM was applied to estimate the extent to which electrical
signals influence hemodynamic signals at specific locations. This approach minimized the
spatial conduction effects of EEG signals while achieving spatial alignment between neural
and hemodynamic signals, enabling accurate estimation of neurovascular coupling despite the
placement constraints of synchronous EEG-fNIRS devices. At the feature level, we mapped
the EEG and fNIRS channel positions onto the Yeo 7 brain networks to integrate multi-modal
features spatially, aiming to identify location-based correlations between different modal features.

There has been limited research on the impact of substance use disorders on neurovascular
coupling mechanisms. A study on cocaine revealed that acute cocaine reduces cerebral blood flow
but does not affect neuronal responses to stimuli while preserving resting-state sneurovascular
coupling [31]. Our study, using portable devices and the MBLNVC analysis method, fills the
gap in research on neurovascular coupling in etomidate use disorder individuals. Compared to
healthy controls, we found significantly greater neurovascular coupling in the 8-band EEG within
the Mot and dATN.

Mot is primarily responsible for the coordination of sensory and motor functions. We observed
that in the etomidate group, during a month-long withdrawal period, the coupling between &
rhythm EEG signals and fNIRS signals in Mot was significantly enhanced. This indicates that
etomidate use disorder may cause neuronal activity damage in Mot, and during withdrawal, the
enhanced neurovascular coupling may be a compensatory mechanism by the brain to support the
recovery of damaged neural functions by increasing blood flow. This compensatory mechanism
helps meet the metabolic demands of neurons, promoting their repair and regeneration. Similar
compensatory neurovascular coupling has been suggested in the context of cognitive recovery
following minor strokes, where slower EEG alpha rhythms and altered synchronization might
reflect compensatory processes aimed at restoring brain function after injury [32]. Furthermore,
the enhanced coupling may reflect functional reorganization in Mot, particularly during the
withdrawal process, where the brain may readjust neural networks to restore normal sensory and
motor functions. By enhancing the coupling between & rhythm activity and hemodynamics, Mot
may more effectively coordinate sensory and motor processes.

dATN plays a crucial role in orienting and maintaining attention. During the month-long
withdrawal period of individuals with etomidate, the coupling between & rhythm EEG signals
and fNIRS signals in dATN was significantly enhanced. This indicates that etomidate may cause
damage to attention functions, and the brain needs to increase blood flow support to dATN
during withdrawal to restore and maintain normal attention functions. The enhanced coupling
may reflect the brain’s heightened regulation of attention demands during withdrawal. Similarly,
changes in regional cerebral blood flow during slow-wave sleep, particularly in relation to &
rhythms, highlight how neural mechanisms adapt to sensory and attention-related demands
[33]. The enhanced coupling in dATN may thus be an adjustment of neural networks by the
brain during the adaptation to withdrawal, ensuring the continuous and stable processing of
attention-related tasks by strengthening the coupling between 0 rhythm and hemodynamics. In
addition to the neurovascular coupling features obtained by MBLNVC analysis, we also explored
the effects of etomidate on the single-modal brain features of neural and hemodynamic signals.

For electrophysiological signals, we found a significant weakening of & rhythm brain con-
nectivity in individuals with etomidate use, particularly near the central sulcus and occipital
lobe, mainly in the right hemisphere. This reduction may reflect etomidate’s inhibitory effect
on neuronal synchronization in regions associated with cognitive functions like motor control,
sensory integration, visual processing, and attention. Similar findings in propofol (a similar
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anesthetic) studies have shown reduced sensorimotor cortex connectivity and & connectivity after
loss of consciousness [34,35]. Our research suggests that long-term etomidate-like anesthetics
use may have persistent effects on brain function, with o rhythm brain connectivity weakening
potentially serving as an electrophysiological marker for this impact. For fNIRS signals, we
observed that the weakening of brain connectivity was mainly concentrated in the frontal lobe.
Previous studies have shown that addictive substances such as cocaine [36] and heroin [37] can
lead to weakened functional connectivity in the frontal lobe, which is consistent with our results
and possibly reflects the detrimental effects of substance use disorders on cognitive control
functions.

On the graph theory analysis results, consistent with previous research on the effects of
substance use disorders on d-band EEG [38], we found that in 8-band EEG network analysis,
global efficiency was enhanced, characteristic path length was shortened, and small-world
properties were strengthened. These changes suggest improved information transmission and
network coordination, potentially supporting functional stability during withdrawal. In the
0 brain network, local efficiency was enhanced, and the clustering coefficient was reduced,
indicating a shift toward broader network cooperation and reduced reliance on local interactions
for information processing.

Our multi-modal feature analysis results indicated that the networks and EEG frequency
bands exhibiting significant coupling differences in individuals with etomidate highly coincided
with regions and frequency bands showing significant single-modal EEG feature changes. This
coincidence indicates similar patterns of changes in these specific networks and frequency bands
in individuals with etomidate use disorder, not only at the level of neural activity but also in
neurovascular coupling.

After feature extraction and analysis, we identified brain networks and EEG frequency bands
sensitive to etomidate by integrating multi-modal features. We employed various machine learning
classifiers (SVM, RF, XGBoost) to classify individuals with etomidate and HC, evaluating the
ability of these features to distinguish between the two groups. The classification results showed
that features in the sensitive networks and EEG frequency bands generally outperformed other
features in classification capability, achieving the best performance in the XGBoost classifier,
despite they were derived from only a few brain networks and EEG frequency bands. The
enhanced performance of sensitive features in the XGBoost model underscored their effectiveness
in capturing the critical aspects of the data, reducing noise, and optimizing feature interactions,
ultimately leading to more accurate and reliable classification outcomes. These results reveal
the key impact of etomidate on these networks and EEG frequency bands and also validate the
ability of the feature fusion analysis method in this study to accurately find sensitive features.

In this study, the data collected and analyzed were all from male subjects, because the
proportion of women with substance use disorder was small [39]. At present, the compulsory
drug rehabilitation center for scientific research cooperation is a male treatment center, and
female patients with etomidate use disorder cannot be obtained. Follow-up studies will also
expand cooperation units, increase the number of female etomidate use disorders, and improve
the research. Additionally, HbO signals measured by fNIRS were used as a surrogate for changes
in hemodynamics to explore the properties of neurovascular coupling. Although the HbO signal
is essentially a partial reflection of hemodynamics, this study shows the validity of this method.
The EEG-fNIRS detection is non-invasive and easy to achieve, providing a more comprehensive
understanding of neurovascular coupling.

5. Conclusions

We proposed a feature fusion approach based on synchronous EEG-fNIRS signals applied in
etomidate use disorder individuals. At the data layer feature fusion, we proposed a MBLNVC
analysis method to measure the degree of multi-band neurovascular coupling on each near-infrared
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channel. Significant enhancement of the coupling between d-band EEG and hemodynamic
signals was observed in somatomotor and dorsal attention networks in the etomidate use disorder
group. Besides, we found that etomidate weakens the functional connectivity of d-band EEG
signals and fNIRS signals in the resting state and alters the graph theory parameters of d-band
EEG and 6-band EEG networks. At the feature layer feature fusion, we used Yeo 7 networks
partitioning to integrate multi-modal neurovascular features, and we found somatomotor and
dorsal attention networks, and & EEG band sensitive to etomidate. Then we verified features in
these sensitive networks and EEG frequency bands as efficient biomarkers for judging etomidate
use disorder individuals with machine learning classifiers. These results show that we found the
effect of etomidate use on neurovascular brain mechanisms, and the proposed approach supports
more comprehensive and detailed decoding of EEG and fNIRS signals and provides new insights
for multi-modal brain feature fusion.
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