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Abstract

Background: Etomidate misuse (EM) has recently become an increasing public health concern in East and Southeast Asia, but its
neurobiological mechanisms are still not well understood. Although substance use disorders (SUDs) are commonly associated with
disruptions in large-scale brain network organization, the effects of EM on brain network topology remain largely unexplored. Methods:
Resting-state functional magnetic resonance imaging (rs-fMRI) data were acquired from individuals with EM and healthy controls (HC).
Graph theoretical analyses were employed to and characterize global and nodal topological properties of functional brain networks.
Clinical assessments captured substance use characteristics, craving, impulsivity, and addiction severity. Partial correlation analyses were
conducted to examine associations between network metrics and substance use characteristics. Additonally, a support vector machine
(SVM) classifier was implemented to discriminate individuals with EM from HC based on network features. Results: A total of 103
individuals with EM and 57 HC were included in the final analysis. Global topological organization that appeared was largely preserved
in the EM group, with the exception of a significantly reduced clustering coefficient. At the nodal level, individuals with EM exhibited
significant alterations in degree centrality, betweenness centrality, and nodal efficiency across regions predominantly distributed within
the default mode, attention, and sensorimotor networks. Correlation analyses revealed no significant associations between network
metrics and substance use characteristics following correction for multiple comparisons. Furthermore, the SVM model achieved moderate
classification performance (accuracy = 66.7%) with an area under the curve (AUC) of 0.711. Conclusions: This study provides the first
systematic investigation of the brain network topology in EM. The findings indicate widespread alterations in nodal network properties
alongside relatively preserved global topological organization. While these results may offer preliminary indicators related to EM, their
clinical relevance requires further in future research.

Keywords: ctomidate; substance-related disorders; brain mapping; resting state functional magnetic resonance imaging; addiction;
machine learning

Main Points

1. Individuals with etomidate misuse (EM) exhibit
significant abnormalities in global topological properties
and more extensive changes in nodal properties across mul-
tiple brain regions, particularly within the default mode net-
work, attention networks, and sensorimotor areas.

2. A support vector machine (SVM) model based
on network metrics provided preliminary classification per-
formance (66.7%) in distinguishing EM individuals from
healthy controls (HC), highlighting the potential of brain
network features as diagnostic tools.

3. This study is the first to investigate brain network
topology in EM, advancing our understanding of its neu-
robiological basis and offering insights for diagnosis and
treatment monitoring.

1. Introduction

Etomidate is an ultrashort-acting nonbarbiturate seda-
tive that has recently become a drug of misuse, particularly
in East and Southeast Asia [1]. The number of people who
use etomidate problematically has grown rapidly. For in-
stance, data from 2024 showed that over 33,000 individ-
uals in China were engaged in problematic use of etomi-
date, marking it as an emerging public health crisis [2].
Clinical and toxicological case series have demonstrated
that chronic problematic etomidate use is associated not
only with acute neurological symptoms such as myoclonus
and dissociation, but also with serious endocrine conse-
quences including adrenal suppression and cortisol dysreg-
ulation. Furthermore, individuals with chronic problem-
atic etomidate use frequently present with mood disorders,
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hallucinations, delusions, heightened impulsivity, and fea-
tures consistent with substance use disorder [1,3,4,5]. Al-
though there is growing evidence of its addictive poten-
tial and increasing prevalence, the neurobiological mech-
anisms underlying etomidate misuse (EM) remain largely
unknown. This knowledge gap presents a significant chal-
lenge in developing effective interventions and diagnostic
tools for EM.

Substance use disorder (SUD) is a chronic, relapsing
brain disease. Its pathogenesis involves dysfunction across
multiple large-scale neural networks, with core manifesta-
tions that include reward processing dysregulation, emo-
tional dysregulation, and impaired cognitive control [6].
Understanding SUD from a network perspective is key, as
addiction results not from isolated brain region abnormali-
ties but from disrupted communication across brain systems
[7,8]. Resting-state functional magnetic resonance imaging
(rs-fMRI) combined with graph theory analysis has become
a valuable tool for studying brain network organization [9].
This approach models the brain as a complex network of
functionally interacting nodes (brain regions, neurons, or
voxels) connected by edges (functional relationships), en-
abling precise quantification of network topology and ef-
ficiency [10]. Critically, graph theory metrics can capture
both global network properties (e.g., integration and seg-
regation) and regional nodal characteristics (e.g., centrality
and efficiency), providing a comprehensive framework for
understanding brain network dysfunction in SUD.

Graph theory neuroimaging studies suggest that dif-
ferent substances associated with problematic use produce
distinct patterns of brain network topological abnormali-
ties. For instance, individuals with methamphetamine use
disorder exhibit reduced small-world characteristics and
modularity in white matter networks, alongside elevated
nodal efficiency in the right superior temporal gyrus, globus
pallidus, and ventromedial prefrontal cortex—regions pri-
marily within the default mode network [11,12]. In con-
trast, a whole-brain resting-state graph-theoretical analysis
demonstrated that recent cocaine use was associated with
decreased efficiency in fronto-temporal and subcortical net-
works, predominantly encompassing the salience, seman-
tic, and basal ganglia networks, alongside increased effi-
ciency in the visual network [13]. Additionally, individu-
als with cannabis use disorder show significantly reduced
global network efficiency alongside increased clustering
coefficients, with altered local network organization par-
ticularly evident in the cingulate cortex [14]. Collectively,
these findings suggest that specific substances may produce
signature patterns of network disruption, likely reflecting
their unique pharmacological mechanisms and the partic-
ular neural circuits they target. Given etomidate’s distinct
pharmacological profile as a positive allosteric modulator
of Gamma-Aminobutyric Acid Type A (GABA_A) recep-
tors with preferential binding to B2/B3-containing receptors,
it is plausible that EM may be associated with a unique pat-

tern of brain network alterations that differs from those ob-
served in other substance misuse conditions [15,16].

However, the brain network topology of EM has never
been systematically investigated. Existing research on eto-
midate has predominantly focused on its anesthetic prop-
erties [17,18,19], with limited attention to its addictive po-
tential and the neural substrates of problematic use. Con-
sequently, whether EM is characterized by distinct alter-
ations in brain network topology, and whether such alter-
ations correlate with clinical features remains unexplored.
Addressing this gap is essential not only for understanding
the neurobiology of EM but also for identifying potential
neuroimaging biomarkers that could inform clinical diag-
nosis and treatment monitoring. To fill this knowledge gap,
we used graph theory methods to analyze the topological
properties of resting-state functional brain networks in in-
dividuals with EM. By comparing global and nodal graph
theory metrics between EM individuals and healthy con-
trols (HC), we aimed to: (1) identify topological property
abnormalities in brain regions and networks associated with
etomidate misuse; (2) examine correlations between net-
work alterations and substance use characteristics; and (3)
evaluate the potential of network-based features as diagnos-
tic biomarkers using support vector machine (SVM) classi-
fication. To our knowledge, this is the first neuroimaging
study to investigate functional brain network topology in
EM.

Based on prior findings in other substance use disor-
ders and etomidate’s unique pharmacological profile, we
formulated the following hypotheses: (1) EM is associated
with significant alterations in the topological properties of
functional brain networks, potentially affecting node prop-
erties; (2) The degree of functional brain network disrup-
tion in EM correlates with clinical features of addiction;
(3) Machine learning models using network topology met-
rics can provide preliminary classification performance in
distinguishing individuals with EM from healthy controls,
highlighting the potential of these features as neuroimaging
biomarkers.

2. Materials and Methods
2.1 Participants

This study recruited individuals with EM from Hunan
Province between 2024 and 2025 through cooperation with
local treatment facilities. Recruitment was based on a con-
venience sampling approach, including all eligible partici-
pants who met the inclusion and exclusion criteria during
the recruitment period.

The inclusion criteria for the EM group were as fol-
lows: (1) meeting Diagnostic and Statistical Manual of
Mental Disorders, Fifth Edition (DSM-5) diagnostic crite-
ria for substance use disorder, with etomidate identified as
the primary substance involved [20]; (2) having used eto-
midate at least twice per month over the past year, continu-
ously for three months or more; (3) aged between 16 and 40
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years, male, right-handed, and with normal or corrected-to-
normal vision; (4) a standard score of >70 on Raven’s Pro-
gressive Matrices [21,22]. The exclusion criteria were as
follows: (1) contraindications to MRI scanning; (2) prior
regular medication or psychological therapy; (3) presence
of severe physical illnesses or major medical conditions re-
quiring regular medication; (4) positive screening for ma-
jor psychiatric disorders using the Mini International Neu-
ropsychiatric Interview (MINI) (e.g., psychotic disorders,
bipolar disorder) [23,24]; (5) a family history of mental dis-
orders; (6) non-nicotine substance use disorders; (7) diag-
nosis of behavioral addictions, including gambling disorder
and internet gaming disorder, as assessed during clinical in-
terviews.

The HC group was recruited from the local community
through advertisements, including online ads and posters,
and through social media platforms such as Weibo, WeChat,
and QQ. The inclusion criteria for the HC group were: eth-
nicity and age-matched healthy males with no history of
psychiatric disorders or substance use disorders, with the
exception of tobacco use. Given that EM in this study pop-
ulation predominantly occurs via electronic cigarette de-
vices, nicotine use disorder was highly prevalent among
participants with EM and was allowed in both study groups.
All participants were assessed for eligibility by trained clin-
icians with addiction medicine expertise.

2.2 Procedure

All participants underwent a structured clinical as-
sessment using the MINI. Participants with EM underwent
3.0T brain MRI scanning and clinical assessment, includ-
ing evaluations of substance use patterns as well as fac-
tors related to craving and impulse control. All participants
were scanned during a period of abstinence. No participants
were receiving psychotropic medications, opioid substitu-
tion therapy, or neuromodulation interventions (e.g., repet-
itive transcranial magnetic stimulation (rTMS), deep brain
stimulation (DBS)) at the time of scanning, and none were
in an acute withdrawal state during scanning.

2.3 Measures
2.3.1 Patterns of Substance Use

Clinical assessments were conducted by qualified psy-
chiatrists using structured interviews based on the DSM-
5 criteria for substance use disorder. The assessment in-
cluded 11 diagnostic items, with each item scored as “1”
for a positive response or “0” for a negative response. Each
participant completed a questionnaire that included demo-
graphic information, age at first use, cumulative use dura-
tion (months) and average single-use dose (g), in order to
evaluate patterns of substance use.
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2.3.2 Craving

The Desire for Drug Questionnaire (DDQ), was em-
ployed to assess participants’ substance craving [25]. All 13
items use a 7-point Likert scale. The scale has demonstrated
good reliability and validity in studies involving various ad-
dictive substances across multiple countries (Cronbach’s o
=0.86) [26].

2.3.3 Impulsivity

The Chinese version of the Barratt Impulsiveness
Scale, 11th Edition (BIS-11) was used to assess partici-
pants’ impulsive traits. A 4-point Likert scale was used (1
= Almost Never, 4 = Almost Always), with higher scores
indicating more prominent impulsive traits. The scale has
shown good reliability and validity in substance-dependent
populations, with a Cronbach’s a coefficient of 0.79-0.83
[27,28,29].

2.4 MRI Data Acquisition and Preprocessing

This study utilized a 3.0T GE SIGNA Architect
MRI scanner (GE Medical Systems, LLC, Waukesha,
WI, USA; https://www.gehealthcare.com/en-us/products
/magnetic-resonance-imaging) for data collection. Specific
scanning parameters were as follows: rs-fMRI: repetition
time (TR) = 1000 ms, echo time (TE) = 30 ms, number of
slices = 40, flip angle = 90°, field of view (FOV) = 220 x
220 mm, matrix = 64 x 64, slice thickness = 3.6 mm, slice
gap = 0 mm, voxel size = 3.4 x 3.4 x 3.6 mm. T1-weighted
images (used for functional image registration): TR/TE =
7.4 ms/2.2 ms, number of slices = 188, matrix size = 256 x
256, flip angle = 10°, FOV =256 x 256 mm, slice thickness
=1 mm, slice gap = 0 mm, voxel size = 1.0 x 2.6 x 1.0 mm.
Participants were asked to remain still, close their eyes, and
stay awake.

Functional MRI data preprocessing was performed
using the GRETNA toolbox version 2.0.0 (National Key
Laboratory of Cognitive Neuroscience and Learning, Bei-
jing Normal University, Beijing, China; https://www.nitrc.
org/projects/gretna) within MATLAB R2018b (The Math-
Works, Inc., Natick, MA, USA; https://www.mathworks.
com) [30], which included the following steps: (1) removal
of the first 10 time points to mitigate initial magnetic field
instability; (2) slice timing and head motion correction, ex-
cluding subjects with displacement >2 mm or rotation >2°
and mean framewise displacement (mean FD) was calcu-
lated [31]; (3) co-registration of EPI images to individual
T1-weighted images and spatial normalization to the Mon-
treal Neurological Institute (MNI) space with a resampled
voxel size of 3 mm x 3 mm x 3 mm; (4) temporal band-
pass filtering (0.01-0.08 Hz); and (5) nuisance regression
of white matter and cerebrospinal fluid signals, followed
by linear detrending.
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2.5 Network Construction and Analysis

First, we employed the Dosenbach atlas to parcellate
the functional images into 160 regions of interest (ROIs),
which served as network nodes [32]. For each participant,
a 160 x 160 functional connectivity matrix was constructed
by extracting the time series from each parcellation unit and
computing pairwise functional connectivity using Pearson
correlation coefficients. Based on the connectivity matrix,
a weighted network graph was generated for each subject,
incorporating only positive correlations above a predefined
threshold.

Sparsity was used to assess brain network connection
density. The lower bound of sparsity was determined using
the GRETNA gretna_get rmax function, which was calcu-
lated to be 0.032; a threshold of 0.03 was then applied for
consistency across all subjects. The upper bound was set to
40% (with 1% intervals) based on prior literature [33,34].
We computed the following global graph-theoretical met-
rics: small-worldness (o), global efficiency (E,), local effi-
ciency (Ejoc), clustering coefficient (C,), and shortest path
length (L,,). The area under the curve (AUC) was calculated
for each of these global metrics across the sparsity range for
subsequent statistical analysis. In addition, nodal metrics
were evaluated, including degree centrality, betweenness
centrality, nodal efficiency, nodal local efficiency, shortest
path length, and nodal clustering coefficient.

2.6 Statistical Analysis

IBM SPSS Statistics 27.0 (IBM Corp., Armonk, NY,
USA; https://www.ibm.com/support/pages/downloading-
ibm-spss-statistics-27) was used for statistical analyses.
Continuous variables were tested for normality using
the Shapiro-Wilk test. Normally distributed data are
presented as mean =+ standard deviation (M £ SD), while
non-normally distributed data are presented as median
(P25, P75). Categorical variables are presented as fre-
quencies (percentages) [n (%)]. For group comparisons,
demographic and clinical variables between the EM and
HC groups were analyzed using #-tests, Mann-Whitney
U tests, or chi-square tests, depending on the data type.
Substance use characteristics specific to the EM group
(e.g., craving, dosage, withdrawal duration) were described
descriptively.

For each global graph theory metric, differences in
AUC between the EM and HC were compared. Node-
metric pairs showing significant inter-group differences
after multiple-comparison correction were retained for
follow-up analysis. Within the EM group, partial correla-
tions were then performed between these altered nodal met-
rics and substance-use-related clinical variables (SUD di-
agnostic criteria items, etomidate average dose per use, and
etomidate use duration), controlling for age, years of edu-
cation, and mean FD. Statistical significance was assessed
using false discovery rate (FDR) correction across all tested
correlations.

Statistical significance was set at p < 0.05, with Bon-
ferroni correction for multiple comparisons. Partial corre-
lation analyses were then used within the EM group to ex-
plore the associations between graph metrics and substance
use characteristics as well as clinical variables.

2.7 Support Vector Machine Analysis

The graph metrics were used as features to discrim-
inate EM from HC through SVM analysis, implemented
using the LIBSVM toolbox version 3.31 (Chih-Jen L, Na-
tional Taiwan University, Taipei, Taiwan; https://www.csie
ntu.edu.tw/~cjlin/libsvm/) in MATLAB. The initial feature
set consisted of global metrics and nodal metrics derived
from brain regions showing significant between-group dif-
ferences. To reduce the risk of overfitting, recursive fea-
ture elimination (RFE) was applied within the training data,
and features were ranked according to their selection fre-
quency. The top 30% of features were retained for classifi-
cation. The retained features and their corresponding brain
regions/graph metrics are summarized in Supplementary
Table 1. To address class imbalance, the Synthetic Minor-
ity Over-sampling Technique (SMOTE) was applied exclu-
sively within each training fold during the 10-fold cross-
validation process. An RBF kernel was used, and inter-
nal optimization of the C and y parameters was performed
within the training data. The final accuracy was calculated
as the mean accuracy obtained across all testing phases. To
evaluate the classifier’s performance, metrics such as accu-
racy, sensitivity, specificity, and the area under the receiver
operating characteristic curve (AUC) were used. Permuta-
tion tests with 5000 iterations were conducted to assess the
statistical significance of the accuracy.

3. Results

3.1 Demographics and Clinical Measures

A total of 112 participants were included in the EM
group and 59 HC were recruited from the local community.
In the data preprocessing stage, 2 healthy controls and 9 in-
dividuals with EM were excluded on account of excessive
head motion. Accordingly, data from a total of 160 male
participants (57 healthy controls and 103 EM patients) were
included in the final analysis. Significant differences were
observed between the EM and HC groups in terms of age,
years of education, and employment rate. No statistically
significant differences were found between the groups re-
garding ethnicity, marital status, only-child status, or pro-
portion of single-parent families. The EM group began us-
ing substances at an average age of 18.47 years and had an
average etomidate dose of 1.40 grams per use over a du-
ration of 7.08 months. They reported a drug craving score
0f 41.67 £ 16.11 and had a median of 9 positive diagnostic
criteria for SUD. The BIS-11 results showed significantly
higher impulsivity in the EM group compared to the HC
group (total and all subscale scores, p < 0.001) (See Table

1.
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Table 1. Demographic information.

HC(=57) EM(n=103) %t P
Male N (%) 57 (100%) 103 (100%) - -
Age (years) 2146+3.40 20.00+4.08 2.235 0.027
Education (years) 1416 £1.60  9.51+£2.15 14.253 <0.001
Han nationality N (%) 53 (93.0%) 102 (99.0%) 0.055
Employ N (%)
Employed 56 (98.2%) 66 (64.1%)  23.655 <0.001
Unemployed 1 (1.8%) 37 (35.9%)
Marital status
Unmarried 54 (94.7%) 93 (90.3%) 1.060 0.675
Married 3(5.3%) 8 (7.8%)
Divorced 0 (0%) 2 (1.9%)
Only child N (%) 19 (33.3%) 26 (25.2%) 1.188 0.276
Single-parent family N (%) 7 (12.3%) 25 (24.3%) 3.298 0.069
Initial age of substance use (years) 18.47 +£3.44
Etomidate average dose per use (grams) 1.40 £1.17
Etomidate use duration (months) 7.08 £ 6.45
SUD diagnostic criteria items 9.0 (7.0, 10.0)
DDQ score 41.67 £ 16.11
Drug craving 2.73+1.54
Negative reinforcement 330+ 1.77
Control 3.61+1.64
BIS-11 score 70.09 +13.61 88.92+17.53 -7.544 <0.001
Motor impulsivity 2137+£531  27.04+7.75 -5.462 <0.001
Cognitive impulsivity 2435+£5.01 29.83+7.06 -5.704 <0.001
Non-planning impulsivity 2437+£6.56 32.05+8.17 —6.484 <0.001
Days of abstinence 48.97 £ 44.68

Note: Continuous data are presented as the mean + standard deviation (SD) or median (P25, P75),

depending on the distribution of the data. Categorical data are presented as a count (percentage).
Abbreviations: HC, healthy control; EM, etomidate misuse; SUD, substance use disorder; DDQ,

Desire for Drug Questionnaire; BIS-11, Barratt Impulsiveness Scale, version 11.

3.2 Resting-State Brain Functional Topology Metrics

Age, years of education, and mean FD were incor-
porated as covariates in the comparative group analyses.
To provide a comprehensive overview of the brain’s func-
tional organization, group-averaged functional connectiv-
ity matrices were constructed for both the EM and HC
groups (Fig. 1A,B, ROI labels correspond to Supplemen-
tary Table 2). Compared to HC, EM exhibited signifi-
cantly reduced clustering coefficient (C,, p = 0.020) (Fig.
1C,D,E). However, no significant differences were detected
in the other global-level topological characteristics, includ-
ing small-worldness (o), global efficiency (E,), local effi-
ciency (Ejo), and shortest path length (L;).

At the nodal level, we analyzed degree centrality,
betweenness centrality, nodal efficiency, nodal local effi-
ciency, shortest path length, and nodal clustering coeffi-
cient. Compared to HC, EM showed significant changes
in degree centrality at 9 nodes (p < 0.05, Bonferroni-
corrected), with changes in betweenness centrality ob-
served at 12 nodes. Nodal local efficiency was altered in 13
nodes, and nodal efficiency was altered in 14 nodes (Fig.
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2). These altered nodes were distributed across several
brain networks, including the default mode network, ven-
tral attention network, dorsal attention network, frontopari-
etal network, limbic system, sensorimotor network, and vi-
sual network. However, group differences in shortest path
length did not survive Bonferroni correction for multiple
comparisons. Fig. 2 illustrates these findings, showing the
changes in betweenness centrality, degree centrality, nodal
efficiency, and nodal clustering coefficient across the brain.
Detailed information about these results is provided in the
Supplementary Table 3.

3.3 Graph Metrics and Clinical Variables

Partial correlation analyses were conducted to ex-
amine associations between altered nodal metrics and
substance-use-related clinical variables. At the uncorrected
level (p < 0.05), 12 node-metric—clinical variable associa-
tions were observed, particularly in the insula, where three
nodal metrics showed associations with both SUD diagnos-
tic criteria and etomidate average dose per use (see Sup-
plementary Table 4 for the full list). These results are
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exploratory and should be interpreted with caution. How-
ever, after applying FDR correction, no correlations were
observed between graph metrics and SUD diagnostic crite-
ria items, etomidate average dose per use, or etomidate use
duration in EM group.

3.4 Support Vector Machine Analysis

The results of the SVM classifier using graph theory
metrics were as follows: area under the curve (AUC) =
0.711, accuracy = 66.7%, specificity = 77.8%, sensitivity
= 60.0%, with a permutation test p-value < 0.001 (Fig. 3).
Specifically, as detailed in the confusion matrix (Fig. 3b),
the model correctly predicted 18 out of 30 individuals who
misuse etomidate, and 14 out of 18 healthy controls.

4. Discussion

This study is the first to systematically investigate the
functional brain network topology in individuals with EM
through graph theory-based methods. Our findings reveal
that individuals with EM exhibited significantly reduced
global clustering coefficients (Cp) at the network level.
Furthermore, widespread abnormalities were observed at
the nodal level, with significant alterations in key topolog-
ical metrics, such as degree centrality, betweenness cen-
trality, and local efficiency, across several brain regions.
After applying FDR correction, no significant correlations

were found between altered nodal metrics and substance-
use-related clinical variables. Moreover, a classification
model using topological metrics showed a moderate ability
to distinguish between EM and HC, suggesting its potential
as a diagnostic tool. Collectively, this work provides criti-
cal evidence for understanding the neurobiological basis of
EM and identifies candidate neuroimaging biomarkers for
clinical application.

Regarding local network properties, the EM group
exhibited widespread abnormalities, affecting a range of
metrics such as degree centrality, betweenness centrality,
nodal efficiency, nodal local efficiency and the nodal clus-
tering coefficient. Our findings encompass functional alter-
ations in multiple large-scale brain networks, including the
default mode network, dorsal/ventral attention networks,
frontoparietal control network, limbic system, sensorimo-
tor network and visual network. These neurofunctional al-
terations demonstrate that brain network function is dis-
rupted at multiple topological and functional levels in in-
dividuals with EM. Such extensive changes in brain net-
work node properties are relatively rare in current SUD re-
search [35,36,37]. Wang documented that alcohol use dis-
order is associated with reduced global and local network
efficiency, accompanied by altered functional connectiv-
ity in regions related to multi-sensory modalities. Specif-
ically, the nodal efficiency of the left orbitofrontal cor-
tex (OFC) increased, while that of the right orbitofrontal
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cortex, right fusiform gyrus, and left insula all decreased
[38]. Similarly, Mansoory et al. [39] found that metham-
phetamine use disorder is associated with significant alter-
ations in resting-state functional connectivity within the de-
fault mode network, executive control network. Addition-
ally, stimulant use disorder is predominantly characterized
by decreased functional connectivity between the striatum
and default mode network, alongside attenuated functional
connectivity between the limbic system and prefrontal cor-
tex [40]. In contrast, changes in brain network node prop-
erties among EM individuals encompass multiple distinct
brain regions and functional networks. These findings may
be attributed to the unique neuropharmacological properties
of etomidate, which are primarily mediated through the po-
tentiation of GABA_A receptor function [41]. Research has
shown that GABA_ A receptors are widely expressed across
the central nervous system, with particularly enriched ex-
pression in brain regions including the cerebral cortex, hip-
pocampus, basal ganglia, and cerebellum [42,43]. This
widespread neuroanatomical distribution may contribute to
more extensive functional disruption across brain networks
in individuals with EM, as opposed to alterations confined
to discrete brain regions.

Regarding global network properties, compared to
HC, no significant differences were observed in small-
worldness (o), global efficiency (Eg), local efficiency
(Eloc), and characteristic path length (Lp). These findings
suggest that EM individuals exhibit reduced local cluster-
ing and modularity in functional networks, with a preserved
capacity for global integration and small-worldness. Cumu-
lative evidence from prior studies has established that long-
term SUDs are characterized by more pronounced disrup-
tions in global network topology. For instance, metham-
phetamine use disorder show reduced global efficiency, in-
creased characteristic path length, and diminished small-
worldness, all pointing to compromised global integration
capabilities [11,44]. Schweitzer et al. [45] performed
network analysis underlying visuospatial working mem-
ory performance and showed that the cocaine use disor-
der group had lower global efficiency than the non-exposed
group and a trend-level reduction in local efficiency. Sepa-
rately, after controlling for functional connectivity differ-
ences and network density, individuals with cocaine use
disorder showed reduced communication efficiency and
small-worldness [46]. In contrast, individuals who mis-
use etomidate primarily presents a profile of impaired net-
work segregation with relatively preserved global integra-
tion. Two key factors may underlie this pattern: first, the
mean duration of drug use in this sample (~7 months),
in contrast to the multi-year exposure typical of conven-
tional SUDs, suggests an early phase of network alteration
that impacts local connectivity while sparing global inte-
gration [47,48]. And second, etomidate possesses a dis-
tinct pharmacological profile from psychostimulants such
as methamphetamine and cocaine: it exerts its primary

pharmacodynamic effects via positive allosteric modulation
of GABA_A receptors, mediating sedative and anesthetic
effects as opposed to the excitatory neurochemical cascades
elicited by psychostimulants [15,16,41]. Collectively, these
findings indicate that, in the early stage of etomidate expo-
sure represented by the current cohort, functional brain net-
work alterations manifest initially in local network segre-
gation, while global small-world topological properties re-
main relatively preserved.

Our exploratory analyses identified several uncor-
rected associations between insular nodal metrics and
substance-use characteristics. However, none of these asso-
ciations survived FDR correction, underscoring the impor-
tance of controlling for multiple comparisons in neuroimag-
ing studies. These results should therefore be considered
preliminary. The lack of robust correlations after correction
may reflect limited statistical power and highlights the need
for larger, independent samples to determine whether these
trends represent true clinical-neurobiological relationships.

Additionally, SVM analysis was performed to eval-
uate the ability of topological features to discriminate be-
tween EM and HC. The results indicate that machine learn-
ing models utilizing graph theory metrics showed moderate
discrimination EM from HC, with high specificity (77.8%)
and moderate sensitivity (60.0%). While the current accu-
racy of 66.7% suggests potential utility that requires fur-
ther validation of EM neural network features, there is sig-
nificant room for improvement, particularly in enhancing
model sensitivity. These results suggest that nodal met-
rics could serve as preliminary neuroimaging markers for
EM, though their clinical utility requires further validation
in larger, independent cohorts.

Strengths and Limitations

Despite being an emerging substance associated with
problematic use, EM has received limited attention in neu-
roimaging research, even though other substance use disor-
ders have been linked to abnormal brain network topology.
To our knowledge, this is the first neuroimaging study on
EM, making a significant contribution to the field. By iden-
tifying widespread changes in brain network nodal proper-
ties in individuals with EM, this study provides novel in-
sights into the neurobiological underpinnings of EM and
identifies preliminary neuroimaging evidence for the de-
velopment of future clinical diagnostic and interventional
strategies.

Nevertheless, several limitations should be acknowl-
edged. First, the generalizability of our findings is lim-
ited by the exclusive focus on males. Future work should
include both sexes to determine sex-related influences on
network topology in EM. Second, the present study em-
ployed graph-theoretic analyses based exclusively on rs-
fMRI data. Evidence suggests an association between white
matter (WM) abnormalities and addiction [49]. Therefore,
future studies should incorporate WM imaging modalities
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such as diffusion tensor imaging. Third, the relatively small
sample size limits statistical power and necessitates valida-
tion in larger cohorts. Fourth, there were between-group
differences in age and years of education. While these vari-
ables were included as covariates in the statistical analyses
to mitigate potential biases, such adjustments may still carry
the risk of over-correction. Future studies should aim to in-
crease sample sizes and reduce group differences in these
variables to better control for confounding and improve the
robustness of the findings. Besides, this study utilized only
the Dosenbach atlas for brain parcellation. Future studies
employing multiple brain atlases will be crucial for assess-
ing the robustness and reproducibility of the current find-
ings. Finally, the cross-sectional nature of our study pre-
cludes insights into the temporal evolution of brain network
changes in EM. Longitudinal studies are therefore essen-
tial to track these developmental trajectories and clarify the
neurobiological progression of the disorder.

5. Conclusions

This study constitutes the first systematic exploration
of the relationship between EM and the topological archi-
tecture of functional brain networks. Our findings reveal
that individuals with EM exhibit significant abnormalities
in global topological properties and more extensive changes
in nodal properties across multiple brain regions. In addi-
tion, SVM models based on topological features showed
moderate discrimination between EM and HC. Together,
these findings identify candidate network-level markers of
EM that warrant validation in larger and independent sam-
ples.
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