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Abstract 

Background  This study investigates the hypothesis that chronic insomnia disorder (CID) is characterized by sex-spe-
cific changes in resting-state functional connectivity (rsFC), with certain molecular mechanisms potentially influenc-
ing CID’s pathophysiology by altering rsFC in relevant networks.

Methods  Utilizing a resting-state functional magnetic resonance imaging (fMRI) dataset of 395 participants, includ-
ing 199 CID patients and 196 healthy controls, we examined sex-specific rsFC effects, particularly in the default mode 
network (DMN) and five insomnia-genetically vulnerable regions of interest (ROIs). By integrating gene expression 
data from the Allen Human Brain Atlas, we identified genes linked to these sex-specific rsFC alterations and con-
ducted enrichment analysis to uncover underlying molecular mechanisms. Additionally, we simulated the impact 
of sex differences in rsFC with different sex compositions in our dataset and employed machine learning classifiers 
to distinguish CID from healthy controls based on sex-specific rsFC data.

Results  We identified both shared and sex-specific rsFC changes in the DMN and the five genetically vulnerable 
ROIs, with gene expression variations associated with these sex-specific connectivity differences. Enrichment analy-
sis highlighted genes involved in synaptic signaling, ion channels, and immune function as potential contributors 
to CID pathophysiology through their influence on connectivity. Furthermore, our findings demonstrate that different 
sex compositions significantly affect study outcomes and higher diagnostic performance in sex-specific rsFC data 
than combined sex.

Conclusions  This study uncovered both shared and sex-specific connectivity alterations in CID, providing molecu-
lar insights into its pathophysiology and suggesting considering sex differences in future fMRI-based diagnostic 
and treatment strategies.
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Background
Chronic insomnia disorder (CID) is a complex condition 
with diverse manifestations and unclear links to its bio-
logical foundations. Meta-analysis revealed that women 
are at a risk ratio of 1.4 compared to men, as likely to 
experience CID [1], indicating female sex as a risk fac-
tor, though the exact reasons for sex differences in CID 
remain elusive. There are subtle yet significant sex-based 
variations in CID’s impact on brain structure and func-
tion [2, 3], as well as symptom types. For instance, anxiety 
and depression, which frequently accompany insomnia, 
tend to be more prevalent in women than in their male 
counterparts [4, 5]. Previous research [6] has also uncov-
ered sex-specific genetic expression related to insomnia, 
suggesting that different biological processes may influ-
ence the disorder in men and women.

Resting-state functional magnetic resonance imag-
ing (rsfMRI) is essential for understanding the neurobi-
ology of CID. Studies have found alterations in resting 
state functional connectivity (rsFC) within the default 
mode network (DMN), subcortical areas, and other CID-
related networks [7–13], which have potential utility as 
transdiagnostic markers and biomarkers of remission [14, 
15]. One of the consistent findings in CID-related fMRI 
research is the altered connectivity in the DMN [16, 17], 
a pattern also observed in various neuropsychiatric dis-
orders such as autism [18], depression [19], and schizo-
phrenia [20]. This altered connectivity in the DMN is 
associated with issues like conflict control and anxiety 
[7, 21] and could be a target for interventions like neu-
rostimulation [22] and biofeedback [23]. Other studies 
have identified divergent interactions between the DMN 
and executive-control network, which may contribute 
to daytime cognitive dysfunction [12, 24]. However, the 
research on DMN connectivity in CID presents mixed 
results, with some studies indicating decreased rsFC [25–
27]; others have not [28, 29], and there is no large-scale 
analysis of rsFC in this network. Surprisingly, relatively 
limited studies to date have tested for sex-specific effects 
on rsFC in CID [30], due in part to power constraints. 
Whether CID is associated with distinct rsFC patterns in 
women versus men remains unclear.

The underlying molecular mechanisms leading to rsFC 
changes in CID also remain unclear. Genome-wide asso-
ciation studies with over 100,000 participants have iden-
tified many genetic risk variants for CID, highlighting a 
highly polygenic inheritance pattern where each variant 
contributes minimally to the overall risk [6, 31, 32]. The 
complex interplay of these numerous genetic factors in 
CID’s pathophysiology is not yet clear. Emerging evidence 
suggests that spatial variations in brain gene expression 
might influence rsFC [33, 34]. For example, studies have 
shown that regional differences in gene expression could 

be linked to the distribution of morphometric and con-
nectivity changes in neuropsychiatric conditions like 
depression [35, 36] and schizophrenia [37, 38]. However, 
it is still uncertain whether these regional gene expres-
sion differences can specifically explain the rsFC changes 
within the specific connections and networks observed 
in CID. Additionally, whether these genetic correlates of 
rsFC in CID vary between sexes remains unclear.

In our study, we sought to examine the hypothesis 
that (1) CID is linked to sex-specific patterns of abnor-
mal connectivity and (2) specific molecular mechanisms 
could influence CID pathophysiology by modulating 
functional connectivity. Utilizing a substantial rsfMRI 
dataset comprising 395 individuals, including both 
CID patients and healthy controls, we initially explored 
whether CID is associated with sex-specific rsFC effects. 
Our focus was on the DMN, known to be implicated in 
fMRI studies [16, 39, 40] of insomnia, and five regions of 
interest showing genetic vulnerability in CID [41]. Addi-
tionally, using microarray data from the Allen Human 
Brain Atlas (AHBA) [42], we investigated whether cer-
tain molecular mechanisms could potentially affect CID 
pathophysiology by altering functional connectivity in 
relevant networks. Furthermore, to assess how these 
observed sex differences impact future research, we 
investigated the effect of sex differences in rsFC with dif-
ferent sex compositions and utilized machine learning 
classifiers to distinguish CID from healthy controls based 
on sex-specific rsFC data.

Methods
Recruitment and assessment
The diagnosis of CID was conducted through structured 
interviews by five neurologists with 8–15 years of psychi-
atric experience, based on the Diagnostic and Statistical 
Manual of Mental Disorders, Fifth Edition (DSM-V) and 
the International Classification of Sleep Disorders, Third 
Edition (ICSD-3) [43]. Inclusion and exclusion criteria 
were detailed in Supplementary Methods (Additional 
file 1: Methods S1 [43, 44]). All participants were aware 
of the study’s purpose and provided informed written 
consent. Twelve healthy subjects and 21 patients with 
CID were excluded because of excessive head movement 
(see fMRI preprocessing for exclusion criteria), leaving 
199 CID patients and 196 healthy controls (HCs) availa-
ble for analyses. Clinical and demographic characteristics 
of CID and HCs are summarized in Table 1.

Neuroimaging data acquisition
T1w and rs-fMRI images were acquired using a GE 3.0 
T MRI scanner (Discovery MR750; GE Healthcare, Mil-
waukee, WI, USA). The following settings were used to 
acquire sagittal 3D T1-weighted images: repetition time 
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(TR) = 7.06 ms; echo time (TE) = 3.04 ms; flip angle (FA) 
= 12°; acquisition matrix = 256 × 256; slice thickness = 1 
mm, no gap; and 188 sagittal slices. The rs-fMRI images 
were obtained with the following parameters: TR = 1700 
ms, TE = 30 ms, FA = 90°, acquisition matrix = 64 × 64, 
voxel size = 3.75 × 3.75 × 3.2 mm3, thickness = 3.5 mm, 
and number of slices = 33.

MRI data preprocessing
The preprocessing of T1w and rs-fMRI data was per-
formed on fMRIPrep 22.1.1 pipelines [45]. For the T1w 
image, a sequence of procedures was conducted, which 
encompassed intensity non-uniformity correction, skull-
stripping, tissue segmentation, and spatial normalization 
to a standard space through nonlinear registration. The 
fMRI preprocessing procedures encompassed reference 
volume generation, head-motion parameter estimation 
prior to spatiotemporal filtering, slice-time correction, 
co-registration with the T1w reference, extraction of 
confounding time-series, and resampling into standard 
space. During the above processes, framewise displace-
ment (FD) and the standard temporal derivative of time 
courses of RMS variance over voxels (DVARS) were cal-
culated across the entire time point for each subject as 
head movement measurements. Additionally, fMRIPrep 
was used to estimate 36 confounds from the preproc-
essed time points [46, 47]. These confounding matri-
ces were utilized within xcp_d 0.0.4 [47, 48] to mitigate 
motion-related artifacts and noise in rsfMRI data. Pro-
cessed functional time series were then extracted from 
360 cortical areas defined by an extensively validated 
functional parcellation [49] and 19 subcortical regions 
[50]. In cases of partial coverage for each parcel, uncov-
ered voxels (values of all zeros or NaNs) were either 
ignored (when the parcel had > 50.0% coverage) or were 
set to zero (when the parcel had < 50.0% coverage). 
Then pairwise functional connectivity was computed, 

operationalized as Pearson’s correlation of unsmoothed 
time series from each parcel. Subjects were excluded if 
they had more than 20% time point with 0.5 mm move-
ment based on FD and/or 1.5 standard DVARS. Twelve 
healthy subjects and 21 patients with CID were excluded 
because of excessive head movement. See “Additional 
file 1: Methods S2 [45–54]” for more details.

Effects of CID and sex on rsFC in the DMN and five 
genetically vulnerable regions of interest
Leveraging preprocessed time-series data from blood 
oxygen level-dependent signals, we generated rsFC 
matrices delineating the connectivity between 83 regions 
of interest (ROIs) (Additional file 1: Table S1) within the 
DMN and its interactions with the other brain regions. 
A two-way factorial analysis of variance (ANOVA) was 
employed to delineate the impacts of CID diagnosis and 
the interactions between sex and CID on the rsFC matrix 
attributes. Post hoc t-tests were subsequently conducted 
to pinpoint significant rsFC alterations in male and 
female subjects diagnosed with CID compared to their 
respective HC groups. We also calculated shared effects 
across sexes by summarizing post hoc t-values in brain 
regions that showed statistical significance in both male 
and female groups. These shared effects highlight a sub-
set of regions with a consistent CID impact across sexes. 
The threshold for statistical significance was set at p < 
0.05, adjusted for the False Discovery Rate (FDR) correc-
tion to control type I error (n = 379 comparisons).

Additionally, we used a two-way ANOVA to test for the 
main effects of CID diagnosis and sex-by-CID interac-
tions on rsFC seeded from each of five ROIs that exhib-
ited abnormal gene expression signatures in a previous 
study [41]. These regions included the dorsolateral pre-
frontal cortex (DLPFC; Brodmann Area [BA] 9), ante-
rior cingulate cortex (ACC; BA24), nucleus accumbens 
(NAc), caudate nucleus (CNs), and putamen. Similar 

Table 1  Demographic and clinical characteristics of CID and healthy controls

DVARS, temporal derivative of time courses of RMS variance over voxels

Abbreviations: FD Framewise displacement, CID Chronic insomnia disorder, HCs Healthy controls, PSQI Pittsburgh sleep quality index, ISI Insomnia severity index

*indicates p<0.0001

Characteristics CID Male
(n = 67)

CID Female
(n = 132)

HC Male
(n = 76)

HC Female
(n = 120)

Diagnosis Sex Diagnosis*
Sex

Mean SD Mean SD Mean SD Mean SD F p F/t p F p

Age (years) 36.33 11.34 35.44 11.81 38.01 12.37 34.30 12.83 0.00 0.99 3.35 0.07 1.23 0.27

Education (years) 14.24 3.38 14.77 3.20 15.11 2.88 15.12 3.72 2.44 0.12 0.56 0.45 0.54 0.46

Mean FD (mm) 0.10 0.04 0.09 0.03 0.10 0.07 0.09 0.05 0.73 0.39 1.65 0.20 0.06 0.80

Mean DVARS 0.95 0.26 0.90 0.26 0.93 0.29 0.93 0.29 0.09 0.76 0.83 0.36 0.70 0.40

PSQI 13.76 2.70 13.20 2.72 3.11 1.45 3.20 1.47 2169 0.00* 0.95 0.32 2.03 0.16

ISI 17.75 4.09 17.16 4.15 2.82 2.23 2.64 2.40 1875 0.00* 1.14 0.29 0.34 0.56
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post hoc t-tests were employed to uncover significant 
rsFC changes in patients with CID compared to their 
respective HC groups. A significant level was set at pFDR < 
0.05. Venn diagrams served to illustrate the rsFC modi-
fications distinctly observed in males and females with 
insomnia, as well as those shared by both groups. Addi-
tionally, we assessed if the quantity of sex-specific rsFC 
changes exceeded the levels predicted by random chance. 
This was conducted by contrasting the observed number 
against the random permutation of sex labels within the 
dataset.

Decoding rsFC changes from a molecular perspective
This study initially delineated normative gene expression 
patterns from the AHBA [42], and mapped these pro-
files onto the Glasser functional parcellation [49]. Sub-
sequently, partial least squares regression (PLS-R) [55] 
was employed to discern the covariance between gene 
expression patterns and alterations in sex-specific con-
nectivity. This PLS-R analysis was conducted separately 
for male and female participants within the five specific 
ROIs (DLPFC, ACC, NAc, CNs, and putamen) to capture 
associated gene expression. Furthermore, to interpret 
PLS-R results, we used gene-category enrichment analy-
ses [56] to understand which molecular pathways were 
enriched among the most highly associated genes.

Estimation of microarray gene expression maps
The AHBA gene expression data [42] was processed uti-
lizing the abagen toolbox (version 0.1.3; https://​github.​
com/​rmark​ello/​abagen) [57], incorporating steps such as 
filtering of microarray probes based on intensity, selec-
tion of a single probe per gene, matching of samples to 
brain regions as defined by the functional parcellation 
[49], normalization, and aggregation of data both within 
and across parcellations. The final gene expression data 
was represented by a 360 × 15,633 matrix for each donor, 
relating brain regions to the retained genes. Addition-
ally, genes with low similarity across donors (r < 0.2) were 
removed, resulting in a total of 12,506 genes. As the right 
hemisphere data was only available for two participants, 
the transcriptomic-imaging association analysis was lim-
ited to the left hemisphere’s cortical areas [37], repre-
sented by a 180-region × 12,506-gene matrix.

Identifying gene expression data correlated with sex‑specific 
rsFC changes
PLS-R was applied to explore the relationship between 
changes in regional connectivity and gene expression pat-
terns [37]. Distinct PLS-R models were developed for both 
sexes across five genetically vulnerable ROIs: DLPFC, 
ACC, NAc, CNs, and putamen. A total of ten models (5 
ROIs × 2 genders) were generated. Each model utilized 

a predictor matrix (180 × 12,506) comprising AHBA’s 
regional gene expression data against a response vector of 
180 elements representing the magnitude of CID-associ-
ated connectivity alterations in the left cortical area, orig-
inating from one of the five ROIs for each sex. The PLS1 
represented a linear composite of gene expression scores, 
weighted to reflect their collective covariance with altera-
tions in regional connectivity most closely. This component 
is designed to capture the maximal covariance between the 
gene expression (predictor) and the connectivity changes 
(response), although it does not exclusively focus on the 
variance within the response variable alone. The following 
analysis concentrated primarily on PLS1 [37]. To ascertain 
the robustness and significance of each gene’s contribution 
within the PLS1, a bootstrapping technique was employed, 
involving 10,000 resampling iterations across the 180 brain 
regions. This procedure enabled the calculation of Z-scores 
for each gene, based on the ratio of its PLS1 loading to 
the bootstrap standard error, thereby facilitating a ranked 
assessment of gene contributions to the PLS1 [37]. The 
analytical code for this process was adapted from a publicly 
available resource on GitHub provided by Sarah Morgan 
[37], available at https://​github.​com/​Sarah​Morgan/​Morph​
ometr​ic_​Simil​arity_​SZ.

Statistical testing of PLS components
To validate the statistical significance of the gene-neu-
roimaging correlations revealed by the PLS models, we 
compared the real-data-derived PSL1 against null distri-
butions. These distributions were generated from 10,000 
spatial permutations (the “spin test”). This permutation 
involved randomly rotating the neuroimaging vector 
rows based on a spherical projection of the cortical sur-
face [58]. The spatial permutation technique is available 
at https://​github.​com/​frant​isekv​asa/​rotate_​parce​llati​on. 
This method ensures the preservation of the inherent 
correlational structure of the cortical surface data, offer-
ing stringent control against false positives in contrast to 
conventional random permutation tests [58]. Addition-
ally, a simpler null model was conducted by randomly 
shuffling all 180 ROIs within the response vectors across 
10,000 iterations. This process was repeated for each of 
the five predetermined ROIs across both male and female 
groups, yielding ten distinct null models. These models 
facilitated the examination of null PLS1 variance against 
the actual PLS1 variance derived from original data, 
focusing on each ROI-specific model per sex. A PLS1 
explained variance exceeding the 95 th percentile in the 
distribution of the explained variance from both the spa-
tially rotated (pspin) and the randomly permuted (prand) 
null models was considered statistically significant. Sig-
nificance levels were adjusted for multiple comparisons 

https://github.com/rmarkello/abagen
https://github.com/rmarkello/abagen
https://github.com/SarahMorgan/Morphometric_Similarity_SZ
https://github.com/SarahMorgan/Morphometric_Similarity_SZ
https://github.com/frantisekvasa/rotate_parcellation
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across the ten PLS-R models (5 ROIs × 2 sexes) using 
FDR correction.

Reproducibility testing of PLS1
To evaluate the reproducibility of the gene-neuroimaging 
correlations revealed by the above ten PLS-R models, 
we conducted ten rounds of ten-fold cross-validation 
for each module. Each model was trained on a randomly 
selected 90% subset of subjects, maintaining a consistent 
proportion of CID cases in both the training (90%) and 
testing (10%) groups. Then we separately used two sam-
ple t-tests to calculate the rsFC effect as a response vari-
able for the training and testing sets. The 10% subset of 
subjects’ impact of CID on rsFC previously held out of 
the training process was then applied to predict the train-
ing sample. The predictive ability of held-out data was 
quantified using the Pearson correlation coefficient (rho), 
calculated as follows:

Here, rho denotes the Pearson correlation coefficient in 
the held-out data, with Ytrain representing the response 
vectors from the training subset, X is the gene predictor 
matrix, and Ytest is the response vectors from the held-
out subset. The expression X*Ytrain is the PLS1 loading 
weights trained on 90% of the data using PLS-R. This 
process was iterated 100 times—across ten cycles of ten-
fold cross-validation—employing different randomly 
chosen 10% subsets for each repetition to ensure robust 
validation across multiple data splits. Further, to evalu-
ate the statistical significance of the predictive ability in 
held-out data, the diagnostic labels for CID were ran-
domly permuted, and null permutation testing for rho was 
conducted over the same 100 iterations. The average rho 
values from the genuine and permuted data across ten-
fold cross-validations were compared using a corrected 
resampled t-test [59], then a p-value representing sig-
nificance for the rho in a PLS-R module was calculated. 
The above process resulted in 10 reproducible p-values 
for a total of ten PLS-R modules across 5 ROIs × 2 sexes. 
Those 10 p-values were then used for FDR correction, 
with a significant level at pFDR < 0.05.

Gene category enrichment analysis
For statistically significant PLS models, the resulting 
ranked gene lists (Z-score > 3 or <  − 3, pFDR < 0.05) [37, 
60] were tested for overrepresentation of gene ontology 
(GO) terms using the gene category enrichment analy-
sis tool (available at https://​github.​com/​benfu​lcher/​
GeneC​atego​ryEnr​ichme​ntAna​lysis; according to Fulcher 
et  al. [56]). Biological process categories are associated 
with specific subsets of genes as annotated in the Gene 

rho = Corr X
∗
Ytrain, Ytest

Ontology (geneontology.org). For each significant PLS 
model, the score for an enriched category was calculated 
as the mean gene Z-score in the bootstrapping proce-
dure within the category. A null model was created by 
permuting the response variable 10,000 times, ensuring 
the maintenance of spatial autocorrelation using the pre-
viously described spin test. Following this, PLS analysis 
was reapplied to the original gene expression matrix and 
the permuted response variables, allowing for the recal-
culation of null genes and enriching the null GO category 
biological process. The significance p-value (pspin) for 
each GO category was calculated based on its occurrence 
frequency relative to the permuting number. A signifi-
cant level was set at pspin < 0.05.

Additionally, we performed an overlap analysis of 
the significant genes (Z-score > 3 or <  − 3, pFDR < 0.05) 
identified across all significant and reproducible PLS-R 
models to delineate the shared gene expression profiles 
associated with sex-specific connectivity changes. Fur-
thermore, to comprehensively elucidate the relationship 
between gene expression and connectivity alterations, we 
conducted a multi-gene list meta-analysis. This analysis 
integrated risk genes from a genome-wide association 
study (GWAS) on insomnia [41] with the significant gene 
lists (Z-score > 3 or <  − 3, pFDR < 0.05) derived from the 
significant PLS-R models. The meta-analysis for each 
PLS model was performed separately using the Metas-
cape platform [61] (https://​metas​cape.​org/​gp/​index.​
html#/​main/​step1).

Simulating the impact of sex differences in rsFC
To elucidate the effect of sex compositions on CID-
related rsFC outcomes and the development of fMRI bio-
markers, two analyses were conducted. Firstly, we assess 
the potential influence of sex-based effects by simulating 
1000 studies with different sex compositions. These sim-
ulations explored the CID effect on rsFC using subsets of 
our dataset with varied sex compositions, spanning from 
entirely CID to entirely HC cohorts. Specifically, each 
simulation involved a subset of 60 individuals with CID 
and 70 HCs, stratified into one of seven distinct sex ratios 
(0%, 20%, 33%, 50%, 67%, 80%, and 100% female), uni-
formly applied across both CID and HC groups. Within 
every iteration of these subsets, a linear regression model 
was employed to assess the effect of CID on the mean of 
all rsFC features connecting the 83 DMN regions, with 
age included as a covariate. The significance level was set 
at pFDR < 0.05 (n = 379 comparisons).

Secondly, elastic-net regularized general linear mod-
els (EN-GLMs) were trained to predict CID status using 
male-only, female-only, and combined-sex rsFC data, 
and we compared the performance of those models. For 
each model category (male, female, combined-sex), 94 

https://github.com/benfulcher/GeneCategoryEnrichmentAnalysis
https://github.com/benfulcher/GeneCategoryEnrichmentAnalysis
https://metascape.org/gp/index.html#/main/step1
https://metascape.org/gp/index.html#/main/step1
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subjects were randomly chosen for model training, with 
an independent testing set of 47 subjects from the same 
category selected for validation, aiming to assess the pre-
dictive performance of each EN-GLM. This process was 
replicated 100 times, facilitating the calculation of aver-
age performance metrics, specifically the area under the 
receiver operating characteristic curve (AUC), for models 
across all three groups. For every iteration, the 47 sub-
jects designated for testing were exclusively reserved for 
model evaluation, ensuring no overlap with the training 
phase. The means for each rsFC in 379 regions across 
cortical and subcortical areas connecting the 83 DMN 
regions were selected as features to train EN-GLM. The 
EN-GLMs incorporated an alpha parameter set to 0.5 
to balance ridge and lasso penalization equally. Utilizing 
MATLAB’s “lassoglm” function, which cycles through 80 
lambda values, the models were optimized across a varia-
ble feature set, ranging in size from 1 to 379 features. The 
beta-weights for each feature, derived over the course of 
100 modeling iterations, were averaged to calculate the 
absolute loading weight as an index of feature importance 
in classification. This average absolute loading weight was 
visually represented on a brain map, illustrating the ana-
tomical distribution of features significant for predict-
ing CID status across the male, female, and mixed-sex 
EN-GLMs.

Results
Shared and sex‑specific effects associated with the DMN
Our analysis uncovered broad main effects of CID, par-
ticularly pronounced effects were observed in the ante-
rior/posterior cingulate cortex, dorsomedial prefrontal 
cortex, and insula (Fig. 1a), corroborating findings from 
prior neuroimaging meta-analyses of insomnia [16]. 
Additionally, we identified significant main effects asso-
ciated with sex (Fig.  1b) and interactions between sex 
and CID that have not been thoroughly explored in prior 
research [62], and those interaction effects were mainly 
observed in extensive regions of the ventromedial pre-
frontal cortex, posterior cingulate cortex, and the medial 
temporal cortex (Fig.  1c). Subsequent post hoc analysis 
unveiled a few shared effects across sexes (Fig. 1d; Addi-
tional file 1: Fig. S1), such as diminished connectivity in 
the ventromedial prefrontal cortex, alongside numer-
ous sex-specific effects. Notably, sex-specific hypocon-
nectivity within the DMN was predominantly observed 
in males, particularly in the posterior cingulate cortex 
and ventromedial prefrontal cortex (Fig.  1e; Additional 
file  1: Table  S2). In contrast, females with CID showed 
decreased sex-specific rsFC in the medial temporal cor-
tex (Fig. 1f; Additional file 1: Table S3). Additionally, we 
conducted post hoc analyses in other regions to explore 
sex-distinct effects, where no significant interactions 

were found. We observed that females with CID exhib-
ited increased sex-distinct rsFC in regions such as the 
superior parietal cortex, medial cingulate cortex, and 
visual cortex, while males with CID exhibited decreased 
sex-distinct rsFC primarily in the dorsomedial prefrontal 
cortex (Fig. 1e, f ).

To delve deeper into the relationship between CID sta-
tus, sex, and connectivity within the DMN, we analyzed 
and visualized the outcomes of post hoc t-tests exam-
ining the impact of CID across sexes and the influence 
of sex within the HCs group (Fig.  2a–c). It was noted 
that connectivity within the DMN was predominantly 
reduced among males diagnosed with CID (Fig. 2a) and 
within healthy females (Fig. 2b) when each was compared 
to healthy males without a CID diagnosis. Given the 
significant age difference between male (M = 38.01, SD 
= 12.37) and female HCs (M = 34.30, SD = 12.83; t (194) 
= 2.00, p = 0.047), we applied a post hoc linear regres-
sion model, adjusting for age, to confirm reduced DMN 
connectivity in healthy males compared to females. Sup-
plementary analyses further corroborated this finding 
(Additional file  1: Fig. S2). The observed relative aug-
mentation in CID’s impact on DMN connectivity among 
females (Fig. 2c) can be attributed to an already existing 
reduction in DMN connectivity in healthy females when 
contrasted with their male counterparts. These observa-
tions were consistent across several DMN sub-regions, 
including the anterior sections (inferior frontal cortex, 
dorsolateral prefrontal cortex, and anterior cingulate 
cortex) as well as the lateral portions (inferior parietal 
cortex).

Shared and sex‑specific effects in five genetically 
vulnerable ROIs
We identified shared and sex-specific effects of CID 
on rsFC across all five ROIs (Fig.  3a; Additional file  1: 
Fig. S3). Instances of sex-specific impacts were notably 
more prevalent than effects common to both sexes in 
all five ROIs, with many of these effects markedly diver-
gent between men and women, occasionally in oppo-
site directions (Fig. 3b–d). Women generally exhibited 
increased connectivity, whereas men displayed reduced 
connectivity. For example, in the DLPFC, the influ-
ence of CID on rsFC showed stark contrasts between 
sexes. Men with CID experienced diminished connec-
tivity to several areas, including the medial prefrontal, 
temporal pole, and medial cingulate cortex (Fig. 3d), a 
pattern not seen in women (Fig.  3b). In other regions 
such as the nucleus accumbens, anterior cingulate 
cortex, caudate nucleus, and putamen, the majority of 
effects were unique to one sex, with a minor propor-
tion (ranging from 5.5 to 8.0%) being shared between 
men and women (Fig.  3e). To assess if the incidence 



Page 7 of 18Yu et al. BMC Medicine  (2025) 23:261	

of sex-specific effects exceeded what might be antici-
pated by random chance, we evaluated the prevalence 
of these effects against outcomes from datasets with sex 
labels permuted randomly. This analysis confirmed the 
presence of significant sex-specific effects in two out of 
the five examined regions (Fig. 3f ).

Transcriptional signatures underlying sex‑specific rsFC 
effects
PLS-R was applied to uncover gene clusters whose 
expression patterns closely aligned with the spatial vari-
ations in connectivity alterations linked to CID within 
five key ROIs (Fig.  4a). To verify the consistency and 
reproducibility of the gene-connectivity relationships 
identified by PLS-R, we conducted a ten times ten-fold 
cross-validation to assess the predictive ability in inde-
pendent testing data. This approach demonstrated that 
gene expression exhibited a spatial congruence with 

connectivity alterations most consistently and reproduc-
ibly across three ROIs (Fig.  4b–e) in the independent 
testing data: the DLPFC for both males and females, the 
putamen for females only, and the NAc for males only. 
While the primary focus was on the most reproducible 
findings across these regions, significant gene-connec-
tivity correlation was also found across all ten models 
assessed by both a spatial permutation test and a tradi-
tional permutation test that employs random data shuf-
fling (Additional file 1: Fig. S4).

To elucidate how different gene sets contributed to 
the connectivity deviations observed in specific ROIs 
among CID-affected males and females, we prioritized 
the genes within each model. This was achieved by 
organizing the 12,506 genes according to their PLS load-
ing weights, which reflect their importance in predict-
ing the connectivity changes originating from each ROI. 
Genes with the highest positive loading weights, indica-
tive of increased expression in cortical areas linked to 

Fig. 1  Shared and sex-specific rsFC effects associated with the DMN. a–c Color maps illustrate the distribution of significant F-statistics (pFDR < 
0.05) from a 2-way ANOVA, by analyzing rsFC effects for each parcel connecting 83 DMN regions of interest. The overall significant CID main 
effects (a), sex main effects (b), and CID-by-sex interaction effects (c) are summarized for each functional parcel by summing 83 DMN nodes. d–f 
Summarize post hoc t-values in CID-sex interaction effect for neuroanatomical visualization, separately plotting rsFC changes in male (d), female (e), 
and both sexes (f), similar to the summation approach in a, b, and c. Aggregating results by grouping Glasser parcels into relevant networks can be 
found in Additional file 1: Fig. S1. Annotations with red dashed circles indicate sex-specific DMN-associated alterations, black dashed circles indicate 
sex-distinct DMN-associated alterations, and green dashed circles mark shared connectivity changes, as discussed in the main text. Abbreviations: 
DMN, default mode network; CID, chronic insomnia disorder; HC, healthy controls; rsFC, resting-state functional connectivity; L, left; R, Right
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heightened connectivity in CID, are illustrated in Fig. 4f. 
Our results revealed two key observations. Firstly, among 
females, genes with prominent positive loading weights 
in the CNs model also demonstrated positive weights in 
the putamen model, whereas in the DLPFC model, these 
genes typically exhibited negative weights. Secondly, the 
genes in the DLPFC model displayed a tendency to dif-
fer between sexes, with genes having the highest posi-
tive loading weights in women showing lower weights 
for the same ROI in men, and vice versa. This trend was 
also apparent among genes with the most significant 
negative loading weights, represented in Fig.  4g, which 
corresponded to high expression in regions associated 
with reduced connectivity in CID. Quantitative valida-
tion of these observations confirmed that such patterns 
were consistent beyond just the top-ranked genes of each 
model, as evidenced by correlation tests between the 
PLS1 loading weight vectors for each model, detailed in 
Fig. 4h.

Subsequently, gene-category enrichment analysis was 
employed to determine if the significant genes (Z-score 
> 3 or <  − 3, pFDR < 0.05) in the four prior significant 
and reproducible models were indicative of particular 

biological processes. Through enrichment analysis, it 
was revealed that genes exhibiting the highest positive or 
negative loading weights significantly and predominantly 
corresponded to pathways involved in synaptic func-
tion, ion channels, and immune signaling (Fig.  5; Addi-
tional file  1: Fig. S5). Three genes—ZDHHC2, VAT1L, 
and CHST1—were consistently found across all mod-
els (Additional file  1: Fig. S6). Additionally, our results 
revealed that the GWAS gene list and the gene lists from 
the PLS models (PLS1 + and PLS1 −) share additional 
GO biological processes, particularly those related to 
brain development and behavior (Additional file  1: Fig. 
S7).

Sex‑specific rsFC effects on biomarker development
To assess the impact of sex differences in rsFC on 
research outcomes, we analyzed DMN connectivity 
variations across 1000 bootstrapped datasets (com-
prising 60 CID patients and 70 healthy controls) for a 
spectrum of gender ratios, from all-male to all-female 
cohorts. Our results revealed that the results varied obvi-
ously with sex composition (Fig.  6a, b). Predominantly, 
an increase in female proportion within the simulated 

Fig. 2  Sex-specific rsFC effects within DMN. Circle plots (a–c) display rsFC in eleven DMN subregions, with colors and band width reflecting average 
significant t-statistics (pFDR < 0.05). Warm colors indicate heightened connectivity in CID patients vs. HCs (a, c) or healthy females vs. healthy males 
(b). Abbreviations: DMN, default mode network; CID, chronic insomnia disorder; HC, healthy controls; Insula_FrontalOperc, Insular_and_Frontal_
Opercular; AntCing_MedPFC, Anterior_Cingulate_and_Medial_Prefrontal; OrbPolaFrontal, Orbital_and_Polar_Frontal
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Fig. 3  Sex-specific effects in five genetically vulnerable regions of interest (a). b–d Color maps illustrating CID versus healthy control t-statistics, 
showing rsFC effects that are female-specific (b), common to both genders (c), and male-specific (d) across five ROIs. Each row labels a seed, 
showing peak t-statistics for functional parcels across both hemispheres. Parcels showing significant main effects (pFDR < 0.05) of CID, sex, or their 
interaction are detailed in Fig. S3. e Venn diagrams quantify sex-specific versus shared connectivity effects, with a significant threshold (pFDR < 0.05) 
for each seed. f Boxplots visualize the female- (left) and male-specific (right) connectivity effects in a null model, generated by randomly permuting 
sex labels 1000 times. Empirical counts of sex-specific effects from (e) are marked with red and blue dots. * indicates p < 0.05
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subsets correlated with a notable rise in hyperconnec-
tivity findings within the DMN (Fig.  6a). For example, 
comparisons between samples comprising 50% and 67% 
female participants—a demographic distribution fre-
quently observed in existing neuroimaging research 

[16, 63] on insomnia—demonstrated significant dispari-
ties in outcomes. Specifically, samples with 67% female 
composition showed a significant increase in regions of 
hyperconnectivity within the DMN compared to those 
with 50% female composition (Fig. 6b).

Fig. 4  Transcriptional signatures underlying sex-specific rsFC effects. a Diagram illustrating PLS-R analysis to explore spatial associations 
between regional gene expression and rsFC changes across five genetically vulnerable ROIs (DLPFC, NAc, ACC, CNs, and Put). b–e Scatterplots 
from PLS-R revealing significant and reproducible correlations between gene expression and rsFC changes in specific models: DLPFC in females 
(b), Put in females (c), DLPFC in males (d), and CNs in females (e). Each point indicates a brain region’s PLS1 loading weight against its rsFC effect. 
Displayed below are the PLS1 correlation coefficient (r) and average correlation (rho) from 10 rounds of tenfold cross-validation, with significance 
tested via spin test + FDR correction. * indicates pFDR < 0.05. f, g Heatmaps depicting the LW Z-scores for the top 5 genes (in rows) with the strongest 
positive LWs (f) and the strongest negative LWs (g) in the PLS models depicted in (b–e), shown in columns. h Spearman correlation of PLS1 
loading weights in four PLS models from b–e. Abbreviations: PLS, partial least squares; PLS1, the first PLS component; LW, loading weight; DLPFD, 
dorsolateral prefrontal cortex; ACC, anterior cingulate cortex; NAc, nucleus accumbens; CNs, caudate nucleus; Put, putamen
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Furthermore, we assessed whether the sex-specific 
rsFC could notably affect the performance of fMRI-based 
diagnostic biomarkers. This involved training EN-GLM 
to classify CID status from rsFC patterns (Fig. 6c), using 
data from each sex separately as well as combined, with 
performance validation on an independent testing set. 
Results indicated that EN-GLMs tailored to each sex 
outperformed the generalized model trained on the com-
bined sex dataset, achieving consistently higher perfor-
mance (Fig. 6d, e). To identify which rsFC features were 
reliable in predicting CID status, we computed the aver-
age absolute loading weight for each connectivity fea-
ture across 100 iterations of the model. Consistent with 
our earlier findings, there was a noticeable variation in 

predictive features between sexes: the ventromedial pre-
frontal cortex, medial cingulate cortex, and superior pari-
etal cortex were prominent in models for males, while 
the anterior cingulate cortex, lateral temporal cortex, 
and visual cortex were significant in models for females 
(Fig. 6f ).

Discussion
Female sex is a significant risk factor for insomnia and 
plays a role in diagnostic heterogeneity, yet the neuro-
biological mechanisms behind this remain unclear. Our 
study advances the understanding of CID’s neurobio-
logical mechanisms in three main aspects. Firstly, our 
findings reveal that CID is associated with sex-specific 

Fig. 5  Functional enrichment of PLS1 weighted genes related to sex-dependent rsFC effects. Top 10 significantly biological terms of PLS1 + (Z-score 
> 3, pFDR < 0.05) gene enrichment in four significant and reproducible models: female DLPFC (a), male DLPFC (b), female CNs (c), and female Put 
(d). Statistical significance for each term was evaluated compared to shuffled predictor data (“spin” test, pspin < 0.05, see Methods). The mean 
loading weight Z-score for an enriched category was calculated as the mean gene loading weight within the category. The top 10 biological terms 
of PLS1- (Z-score <  − 3, pFDR < 0.05) gene are presented in Fig. S5. Abbreviations: LW, loading weight; BA, Brodmann area; NAc, nucleus accumbens; 
CNs, caudate nucleus; Put, putamen
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differences in connectivity within the DMN and five ROIs 
known for their genetic vulnerability to insomnia, which 
also serve as potential targets for therapy. Secondly, our 
findings highlight that specific genes related to synap-
tic transmission, ion channels, and immune signaling 
could underlie the disorder’s pathophysiology by alter-
ing connectivity in specific ROIs. Thirdly, our findings 
demonstrate that sex differences in rsFC are both statis-
tically significant and biologically impactful, as shown 
by varied outcomes based on different sex compositions 
and improved diagnostic performance with sex-specific 
connectivity data. Collectively, these insights uncover 
shared and sex-specific alterations in functional networks 
related to CID, offering a molecular basis for understand-
ing the pathophysiology and guiding fMRI-based diag-
nostics and therapeutic approaches.

DMN hypoconnectivity, often found in rsfMRI studies 
of insomnia [7, 25, 26, 64], but not all [28, 29], emerges 
as a potential target for neurostimulation [22, 65], yet sex 
differences in rsFC have historically been overlooked. 
Our whole-brain analysis of rsFC within the DMN and its 
interactions with other networks in CID patients revealed 
that DMN hypoconnectivity predominantly occurs in 
men, affecting key areas like the posterior cingulate and 
ventromedial prefrontal cortex. In contrast, women with 
CID showed increased rsFC in non-DMN regions, such 
as the superior parietal, medial cingulate, and visual cor-
tex. It is important to note that the observed variations in 
connectivity between males and females with CID were 
not attributable to differences in symptom severity, as 
both sexes exhibited comparable levels of clinical symp-
toms. This suggests that the distinct connectivity patterns 
identified may reflect different underlying mechanisms 
of CID in males and females, with decreased connectiv-
ity being more prevalent in male patients and increased 
connectivity being more prevalent in female patients 
[66]. Our findings highlight sex-specific connectivity pat-
terns in insomnia disorders, suggesting fundamental dif-
ferences in the pathophysiological mechanisms of CID 
between men and women.

Genome-wide association studies [6, 31, 41] have 
unveiled over 202 genetic variants linked to 956 genes 

that increase the risk of insomnia, though their interac-
tive effects on the disorder’s pathophysiology remain to 
be fully understood. Emerging evidence suggests that 
genetic variations and regional gene expression dif-
ferences can significantly impact the organization of 
functional networks [33, 67]. This research specifically 
explored five areas known for genetic vulnerability in the 
insomnia study [41]: the dorsolateral prefrontal cortex, 
anterior cingulate cortex, nucleus accumbens, caudate 
nucleus, and putamen, which have not been previously 
analyzed for sex-specific effects. Our analysis indicated 
distinct connectivity patterns between sexes, with men 
typically experiencing hypoconnectivity and women 
hyperconnectivity within these regions. In the dorsolat-
eral prefrontal cortex, men with CID showed reduced 
connectivity to several brain areas, including the medial 
prefrontal, temporal pole, and medial cingulate cortex—
effects that were conspicuously absent in women. Addi-
tionally, in other ROIs such as the nucleus accumbens, 
anterior cingulate cortex, caudate nucleus, and putamen, 
the majority of observed effects were also sex-specific, 
with only a minor percentage (5.5–8.0%) shared between 
men and women.

These genetically vulnerable regions are not only cru-
cial for understanding insomnia’s neuroanatomy but 
also represent key targets for treatment modalities like 
transcranial electric stimulation and repetitive transcra-
nial magnetic stimulation (rTMS), which have shown 
efficacy in symptom management [68, 69]. For instance, 
the dorsolateral prefrontal cortex is a key site for TMS 
techniques that have shown promise in modulating neu-
ral hyperexcitability and alleviating symptoms of insom-
nia. Similarly, the anterior cingulate cortex, with its role 
in emotional processing and regulation, has been tar-
geted in TMS treatments for mood disorders [70, 71], 
which often co-occur with insomnia [72], suggesting its 
potential utility in insomnia treatment as well. Moreover, 
the nucleus accumbens and caudate nucleus, integral to 
the brain’s reward system, have been explored as deep 
brain stimulation targets for treating addictive behav-
iors [73, 74], which share neural pathways with insomnia 
[75], indicating their relevance in insomnia therapies. 

Fig. 6  Sex-specific rsFC effects on biomarker development. a Boxplots display the distribution of mean t-statistics for rsFC effects associated 
with the DMN’s 83 nodes, analyzed over 1000 bootstrapped samples for seven distinct sex compositions. b A color map details the neuroanatomical 
distribution of rsFC effects, as summarized in a. Significant t-statistics (pFDR < 0.05) are averaged across 83 DMN nodes, with warmer colors 
denoting significant increases in connectivity. c A schematic outlines the 2:1 hold-out approach used for the training and evaluation 
of EN-GLMs across different groups: males only, females only, and combined sexes. d, e Graphs display the AUC for EN-GLMs tested and trained 
on the combined sample (black lines) and compare performance when models are specific to males (d, blue line) or females (e, red line). f Color 
maps present the average absolute loading weights for connectivity features associated with each of the 360 cortical ROIs, based on 100 iterations 
of EN-GLMs. The maps are split to show results from models trained on males only (left), females only (center), and without sex differentiation (right). 
Abbreviations: F, female; EN-GLMs, Elastic-net regularized general linear models; AUC, area under the receiver operating characteristic curve

(See figure on next page.)
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However, to our knowledge, limited studies have consid-
ered sex-specific therapeutic strategies, despite the clear 
evidence of distinct, sometimes opposing, connectiv-
ity patterns in the above ROIs between men and women 

with CID. Our results highlight the need to incorporate 
sex as a fundamental factor in both research and thera-
peutic approaches.

Fig. 6  (See legend on previous page.)
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In the above five examined regions, CID led to spe-
cific alterations in connectivity patterns, which varied 
between men and women. We proposed that these rsFC 
differences might be explained by regional variations in 
gene expression. To investigate this, we aligned norma-
tive gene expression data from the Allen Human Brain 
Atlas [42] with the Glasser functional parcellation [49]. 
Our methodology aimed to identify genes with significant 
regional expression (Z-score > 3 or <  − 3, pFDR < 0.05) [37, 
60] that could account for the observed connectivity vari-
ations in CID without focusing on sex-biased expression 
due to limitations in the AHBA data. Our findings indi-
cated that unique gene sets across these regions account 
for the distinct connectivity patterns seen in CID among 
males and females. Notably, significantly robust and 
reproducible associations were found in rsFC changes 
linked to specific ROIs in the dorsolateral prefrontal cor-
tex, putamen, and caudate nucleus for women and in the 
dorsolateral prefrontal cortex for men. Aligned with our 
predictions, the identified gene sets demonstrated varia-
tions across both brain regions and sexes. For example, 
in women, certain genes are positively correlated with 
connectivity in both the caudate nucleus and putamen 
but negatively correlated with the DLPFC region, show-
casing sex-specific genetic contributions to connectivity 
differences. Furthermore, we found these gene sets to be 
significantly associated with synaptic function, ion chan-
nels, and immune signaling, aligning with insights from 
previous GWAS studies [6, 76, 77] on insomnia and other 
psychiatric conditions [35, 36, 78]. Those findings bridge 
the understanding between rsFC alterations and their 
molecular underpinnings in CID.

Additionally, three genes (ZDHHC2, VAT1L, and 
CHST1) were found as shared genes for rsFC changes 
associated with CID across sex and 3 ROIs. These 
genes are involved in key biological processes such as 
protein modification [79], vesicle transport [80], and 
intercellular signaling regulation [81], all of which are 
critical for maintaining normal brain function. For 
instance, ZDHHC2 plays a role in protein palmitoylation, 
a modification essential for the membrane localization of 
neurotransmitter receptors and synaptic proteins [79]. 
Since the proper transmission of neurotransmitter signals 
is crucial for maintaining the sleep–wake balance [82], 
dysfunction in ZDHHC2 could indirectly impair neu-
ronal signaling and the functional connectivity between 
brain regions. Given that insomnia is a complex sleep dis-
order influenced by factors such as neurotransmitter reg-
ulation [83], neuronal plasticity [84], and neuroendocrine 
processes [85], abnormalities in these shared genes may 
contribute to altered sleep quality and patterns. Moreo-
ver, our results revealed that the GWAS gene list [41] and 
the gene lists from our PLS models share additional GO 

biological processes, particularly those related to brain 
development and behavior. Those findings underscore 
the complex genetic basis of insomnia.

Together, our above findings highlight significant 
sex-specific rsFC deviations in the DMN and in five 
genetically vulnerable ROIs, as well as decoding con-
nectivity changes from the molecular perspective. 
To assess how these observed sex differences impact 
future research, we conducted two key analyses. Firstly, 
in response to the variability seen in previous rsfMRI 
studies of insomnia due to different sex compositions, 
we investigated the effect of sex differences in rsFC, 
particularly focusing on DMN connectivity. Our analy-
sis demonstrated that samples with a higher proportion 
of females showed a notable increase in DMN hyper-
connectivity, indicating that such sex differences are 
not merely observable but have substantial biological 
relevance, potentially accounting for variations seen in 
earlier studies [16, 39]. Secondly, amid growing interest 
in refining fMRI biomarkers for accurately diagnosing 
insomnia subtypes and guiding treatment [15, 86], we 
utilized elastic-net regularized general linear models to 
discern insomnia status based on rsFC, analyzing both 
sex-segregated and combined connectivity data. The 
sex-specific models outperformed the mixed-sex mod-
els in AUC and identified unique connectivity patterns 
predictive of CID. This provides evidence that sex-
based differences in rsFC are predictive of insomnia 
status and carry enough weight to significantly enhance 
diagnostic performance, underscoring their importance 
in future diagnostic frameworks.

Several limitations exist in our study. First, rsFC is 
influenced by various factors, such as physiological dif-
ferences [87], neurobiological changes in synaptic con-
nectivity [88], and some psychosocial factors [89]. Our 
data do not determine whether the observed sex differ-
ences are primarily due to biological, psychosocial, or 
a mix of both. Second, it is crucial to acknowledge that 
DMN connectivity issues are not exclusive to insomnia. 
DMN dysfunction varies across numerous neuropsy-
chiatric disorders, such as Alzheimer’s disease [90], 
autism [18], and schizophrenia [91]. Future research is 
essential to ascertain whether our CID-related findings 
are unique and if similar mechanisms at the molecular 
and network levels influence other neuropsychiatric 
conditions. Third, while the Allen Human Brain Atlas 
[42] offers insights into the molecular foundations of 
neuroimaging outcomes, as evidenced by its broad 
application in previous research [36, 37, 92, 93], its lim-
itations stem from its dependence on brain tissue sam-
ples from a limited group of six donors (comprising five 
men and one predominantly middle-aged woman). This 
sample size restricts the representation of individual 
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variability in cortical gene expression and hampers the 
inclusion of sex differences in gene expression within 
our PLS regression models. Fourth, our study did not 
include age as a covariate in the ANOVA, as age differ-
ences between the groups were minimal and not statis-
tically significant. Future studies may consider age as a 
covariate to further validate the robustness of our find-
ings, especially regarding potential age-related effects. 
Fifth, given that DMN dysfunction is common in many 
neuropsychiatric diseases, our study did not include 
direct comparisons with other conditions. Future 
cross-diagnostic studies with harmonized neuroimag-
ing and omics datasets are critical to disentangle shared 
versus disorder-specific mechanisms. Finally, PLS 
regression models inherently establish correlations, not 
causations, between gene expression and connectiv-
ity changes. Yet, they are emerging as powerful tools in 
systems neuroscience [94–96], enabling the inference 
of complex associations between macroscopic neuro-
imaging phenotypes and microscopic gene, cellular, 
and neurotransmitter expression patterns in the cor-
tex. These models facilitate the development of testable 
hypotheses on potential mechanisms for future empiri-
cal validation.

Conclusions
Our study identified significant rsFC changes within 
the DMN and five ROIs between men and women, 
highlighting the potential of genetically vulnerable 
ROIs in sex-based therapeutic interventions. Further-
more, by utilizing neuroimaging and gene expression 
data, our results suggest that genes associated with syn-
aptic transmission, ion channels, and immune signaling 
could influence the pathophysiology by affecting func-
tional connectivity in specific ROIs. Additionally, our 
analysis confirms that sex differences in rsFC are not 
only statistically significant but also biologically mean-
ingful, as evidenced by varied outcomes across sex 
compositions and improved diagnostic accuracy with 
sex-specific connectivity data. These findings uncover 
both common and sex-specific alterations in CID-
related functional networks, informing potential bio-
markers and guiding fMRI-based therapeutic strategies.
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