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Abstract
Insomnia is closely associated with immune dysregulation, yet the overall pattern of peripheral-central immune dis-
equilibrium and its underlying molecular basis remains incompletely understood. To characterize the peripheral-central 
immune features associated with insomnia, identify key immune cell populations and core molecular programs, and pri-
oritize candidate therapeutic compounds with preliminary experimental validation. Peripheral blood bulk transcriptomic 
dataset GSE208668 was analyzed using differential expression analysis, weighted gene co-expression network analysis 
(WGCNA), and functional enrichment analysis to identify insomnia-associated genes. Protein–protein interaction network 
analysis and machine learning models were then applied in independent peripheral blood datasets to refine core genes. 
Immune deconvolution and peripheral blood single-cell transcriptomic dataset GSE213496 were used to determine the 
immune-cell context, cell-type localization, and intercellular communication features of these genes. The brain single-cell 
transcriptomic dataset GSE137665 was further analyzed to assess central alterations. Drug prediction, molecular docking, 
and molecular dynamics simulations were performed to prioritize candidate compounds, followed by in vitro validation of 
resveratrol in an LPS-induced THP-1 macrophage model. A total of 5,321 differentially expressed genes associated with 
insomnia were identified, and weighted gene co-expression network analysis highlighted the turquoise and blue modules 
as key insomnia-related modules. Integrative analysis yielded 390 intersecting genes enriched mainly in immune, inflam-
matory, and oxidative stress-related pathways. Protein interaction analysis and machine learning further identified six 
refined core genes: FN1, HMOX1, HSP90AA1, IL10, MYD88, and NFE2L2. Because IL10 was not stably detected in 
the single-cell datasets, the remaining five genes were used for downstream single-cell analyses. Immune deconvolution 
suggested selective peripheral immune remodeling in insomnia, characterized by increased resting CD4 memory T cells 
and M2 macrophages, together with reduced activated NK cells. Peripheral single-cell analysis showed that HMOX1, 
HSP90AA1, MYD88, and NFE2L2 were mainly enriched in neutrophils, inflammatory macrophages, conventional den-
dritic cells, and selected lymphocyte populations, whereas FN1 showed a more restricted distribution pattern. CellChat 
analysis indicated enhanced intercellular communication under the sleep deprivation-related condition. In contrast, brain 
single-cell analysis revealed comparatively modest but detectable central alterations, including enrichment of ependymal 
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Introduction

Insomnia is one of the most common sleep disorders and is 
characterized by difficulty initiating sleep, impaired sleep 
maintenance, or early morning awakening (Riemann et al. 
2022). Chronic insomnia is associated with impaired atten-
tion, emotional disturbances, and cognitive dysfunction, 
and is also linked to depression, anxiety, cardiovascular 
disease, metabolic syndrome, and neurodegenerative disor-
ders (Khan and Aouad 2022; Riemann et al. 2022; Wu et al. 
2023). Recent epidemiological studies have estimated that 
the global prevalence of insomnia is approximately 16.2% 
(Benjafield et al. 2025). Clinically, insomnia is mainly 
assessed using subjective questionnaires, such as the Pitts-
burgh Sleep Quality Index (PSQI) and the Insomnia Sever-
ity Index (ISI), in combination with objective measures 
including polysomnography (PSG). Current treatments 
mainly include cognitive behavioral therapy and pharma-
cological interventions such as benzodiazepines, melatonin, 
and GABAergic agents (De Crescenzo et al. 2022; Riemann 
et al. 2023). Although these approaches can improve symp-
toms, they primarily target neurotransmission and arousal 
regulation, and their long-term use may be limited by 
adverse effects and dependence. These limitations indicate 
the need for a broader biological framework to better under-
stand the pathophysiology of insomnia.

In recent years, advances in neuroimmunology have 
revised the traditional view of the brain as an immune-
privileged organ. As pointed out by Rustenhoven and Kip-
nis, the central nervous system (CNS) communicates with 

the peripheral immune system through a neuroimmune 
interface that includes the meninges, the blood–brain bar-
rier (BBB), the choroid plexus, and meningeal lymphatic 
pathways (Castellani et al. 2023; Rustenhoven and Kip-
nis 2022). These structures enable continuous molecular 
exchange and functional interaction between peripheral 
immunity and the CNS (Castellani et al. 2023; Rustenhoven 
and Kipnis 2022). Neurons can regulate immune responses 
through cytokine signaling pathways, including IL-13-re-
lated pathways (Alves de Lima et al. 2020a, b; Herz et al. 
2021; Li et al. 2023), whereas immune cells are also capable 
of sensing neurotransmitters and neuropeptides (Boahen et 
al. 2023; Castellani et al. 2023; Rustenhoven and Kipnis 
2022). In addition, the meninges and choroid plexus contain 
diverse immune cell populations, including T cells, B cells, 
dendritic cells, and macrophages, which can sense signals 
in the cerebrospinal fluid and relay information related to 
tissue homeostasis or immune activation (Alves de Lima 
et al. 2020a, b; Cugurra et al. 2021; Rustenhoven and Kip-
nis 2022; Sankowski et al. 2024; Xu et al. 2024). Together, 
these findings support the concept of a “neuroimmune eco-
system” and provide a theoretical framework for investigat-
ing insomnia beyond a purely neuronal model.

Evidence from both central and peripheral levels fur-
ther suggests that immune dysregulation may participate 
in sleep-related pathological processes. At the central level, 
single-cell and organoid studies have shown that microglia 
can respond to peripheral inflammatory signals and influ-
ence neural network remodeling (Jha et al. 2022; Schafer 
et al. 2023; Zhang et al. 2023a, b). Experimental sleep 

cells, slight increases in excitatory neurons, brain endothelial cells, and choroid plexus stromal fibroblasts, together with 
heterogeneous expression of the core hub genes and selective rewiring of intracerebral communication networks. Drug 
prediction consistently prioritized quercetin and resveratrol, and structural analyses supported stable interactions with key 
targets. In THP-1 macrophages, resveratrol downregulated MYD88 and HSP90AA1 while further upregulating HMOX1. 
Insomnia appears to be associated predominantly with a peripheral-centered immune disequilibrium pattern, characterized 
by selective remodeling of innate immune-related populations, enhanced inflammatory and oxidative stress programs, and 
increased intercellular communication. The MYD88-HMOX1-HSP90AA1-NFE2L2 axis may represent a key molecular 
program linking inflammatory activation and oxidative stress adaptation. Resveratrol was identified as a potential com-
pound and has been validated through preliminary in vitro experiments.
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deprivation has also been associated with TREM2-depen-
dent microglial activation and increased Aβ deposition, 
thereby linking neuroimmune responses to sleep-related 
neuropathology (Parhizkar et al. 2023; Zhao et al. 2018). 
At the peripheral level, chronic insomnia is often associ-
ated with elevated inflammatory mediators, including IL-6, 
TNF-α, and IL-1β, together with reduced antioxidant capac-
ity (Ballesio et al. 2026; Davinelli et al. 2024; Zhang et al. 
2023a, b). Peripheral immune signals can affect the CNS 
through humoral routes or neural reflex pathways (Boahen 
et al. 2023; Garbarino et al. 2021), whereas central immune 
activation may in turn influence peripheral immune regula-
tion (Castellani et al. 2023; Garbarino et al. 2021; Rusten-
hoven and Kipnis 2022). These observations suggest that 
insomnia may involve coordinated alterations across periph-
eral and central immune levels.

Although increasing attention has been paid to the immu-
nobiology of insomnia, previous studies have largely focused 
on only a single aspect of this process, such as circulating 
cytokines, oxidative stress markers, or microglial responses, 
without systematically elucidating the molecular networks 
and cellular programs linking peripheral immune altera-
tions to central neuroimmune changes (Tang et al. 2025). In 
the present study, we performed an integrative analysis of 
bulk and single-cell transcriptomic data to characterize the 
immunological features of insomnia at both peripheral and 
central levels. Using peripheral blood transcriptomic datas-
ets, we identified insomnia-associated transcriptional altera-
tions and prioritized candidate genes through differential 
expression analysis, weighted gene co-expression network 
analysis, protein–protein interaction analysis, and machine 
learning. We then used peripheral blood single-cell data to 
define relevant immune cell populations, cell states, and 
intercellular communication programs, and further analyzed 
brain single-cell data to assess the distribution of these sig-
nals across barrier-associated, immune-related, and neural 
cell populations. Finally, based on the resulting gene set, we 
predicted candidate compounds and further evaluated them 
through molecular docking, molecular dynamics simulation, 
and in vitro validation in an LPS-stimulated THP-1 macro-
phage model. Through this integrative analytical framework 
spanning peripheral and central levels, we aimed to clarify 
the immunological features of insomnia and provide clues 
for future mechanistic studies and therapeutic exploration.

Materials and methods

Study design and analytical framework

We first used a human peripheral blood transcriptome 
dataset (GSE208668) as the discovery cohort to identify 

insomnia-associated transcriptional changes and hub genes 
through differential expression analysis, weighted gene 
co-expression network analysis (WGCNA), functional 
enrichment analysis, and protein–protein interaction (PPI) 
network analysis. We then used independent human periph-
eral blood datasets (GSE56931 and GSE37667) as the train-
ing and validation cohorts to further prioritize the refined 
core genes from these hub genes through machine learn-
ing models and SHAP-based interpretation. To define the 
immune cell context of these genes, we next combined 
bulk immune deconvolution with mouse peripheral blood 
single-cell transcriptomic analysis to identify associated 
immune cell subsets, intercellular communication patterns, 
and differentiation-related states. The expression data for 
GSE208668, GSE56931, and GSE37667 were downloaded 
from the Gene Expression Omnibus (GEO) database as 
series matrix files. As these GEO series matrix files con-
tained preprocessed expression matrices provided by the 
submitters, subsequent analyses were performed on the pro-
cessed data. Probe annotation was conducted according to 
the corresponding platform annotation files and converted 
to gene symbols. When multiple probes mapped to the 
same gene, the median value was used as the representative 
expression level.

Among the six refined core genes, five genes (FN1, 
HMOX1, HSP90AA1, MYD88, and NFE2L2) were sub-
sequently retained as the core hub genes based on their 
clear cell type-specific expression patterns in the peripheral 
blood single cell dataset (GSE213496). We further exam-
ined the distribution of the core hub genes in a mouse brain 
tissue single cell dataset (GSE137665) to assess their cell 
type-specific expression across barrier-associated, immune-
related, and neuroglial populations. Finally, based on the 
refined core genes and the core hub genes, we performed 
drug prediction and structural analyses to prioritize candi-
date compounds for subsequent experimental validation.

Identification of insomnia-associated peripheral 
transcriptional changes in the discovery cohort

Peripheral blood transcriptome dataset

The GSE208668 dataset was downloaded from the Gene 
Expression Omnibus (GEO) database and used as the dis-
covery cohort. This microarray dataset contains 17 insom-
nia samples and 25 control samples derived from human 
peripheral blood and profiled on the GPL10904 platform.

Differential gene expression analysis

To identify insomnia-associated transcriptional alterations 
in peripheral blood, differential expression analysis was 
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performed using the limma package (version 3.40.6) in R. 
Gene expression values were fitted using linear models, and 
empirical Bayes moderation was applied to estimate moder-
ated t-statistics, F statistics, and log odds values for differ-
ential expression. Genes with fold change ≥ 1.5 and P < 0.05 
were defined as differentially expressed genes (DEGs).

Weighted gene co-expression network analysis

Weighted gene co-expression network analysis (WGCNA) 
was performed using the WGCNA R package (version 
1.72.1) in R 4.3.3 to identify co-expression modules asso-
ciated with insomnia. After filtering out low-expression 
genes, the top 5,000 most variable genes ranked by standard 
deviation were retained for network construction. A signed 
co-expression network was established using biweight mid-
correlation (bicor). The soft-thresholding power was evalu-
ated from 1 to 20 using the pickSoftThreshold() function, 
and power = 12 was selected to achieve approximate scale-
free topology.

Modules were identified using the blockwise-
Modules() function with the following parameters: 
networkType = "signed", TOMType = "signed", minMod-
uleSize = 30, deepSplit = 4, and mergeCutHeight = 0.10. 
Module eigengenes were calculated for each module and 
correlated with the binary phenotype (Insomnia = 1, Con-
trol = 0) to identify insomnia-related modules. Based on the 
module–trait relationship analysis, the turquoise and blue 
modules, which showed the strongest positive and negative 
correlations with insomnia, respectively, were selected for 
downstream analysis. Gene significance (GS) and module 
membership (MM) were then calculated within these two 
modules to evaluate the association between individual 
genes and the insomnia phenotype. Although functional 
enrichment was not performed on the full WGCNA mod-
ules, the downstream intersecting genes derived in part from 
the key insomnia-associated modules were mainly enriched 
in immune-, inflammation-, and oxidative stress-related 
pathways, suggesting that these modules may capture co-
expression patterns relevant to inflammatory and stress-
response processes in insomnia.

Integration with prior insomnia-related genes

To focus on genes most relevant to insomnia, insomnia-
associated genes were retrieved from the GeneCards data-
base (https://www.genecards.org/) using “Insomnia” as 
the search term. Subsequently, the intersection was taken 
among three gene sets: (1) DEGs identified in GSE208668; 
(2) genes from the turquoise and blue modules identified 
by WGCNA as the modules most strongly associated with 

insomnia; and (3) insomnia-related genes retrieved from 
GeneCards.

PPI network construction, functional annotation, and hub 
gene screening

To characterize the biological relevance and network properties 
of the intersecting genes, the gene set was first submitted to 
the STRING database (http://string-db.org/), with the species 
restricted to Homo sapiens and the minimum interaction 
confidence set to the default medium threshold (confidence 
score > 0.4). Based on this input, a protein–protein interaction 
(PPI) network was generated, and functional enrichment 
analyses were performed on the same STRING platform, 
including Gene Ontology (GO), Kyoto Encyclopedia of Genes 
and Genomes (KEGG), Disease Ontology, tissue-specific 
expression, Human Phenotype Ontology (HPO), and UniProt 
keyword enrichment. These analyses were used to define 
the major biological processes, pathways, and phenotype 
associations represented by the intersecting genes.

The resulting PPI network was then imported into Cyto-
scape (version 3.9.1) for visualization and topological 
analysis. Hub gene screening was performed using the Cyto-
Hubba plugin. Four algorithms, namely MCC, MNC, EPC, 
and Degree, were applied to rank node importance, and the 
top 20 genes identified by each algorithm were extracted. 
The intersection of these four gene lists was defined as the 
hub genes.

Identification of the refined core genes by machine 
learning

Training and validation cohorts

To further prioritize the most relevant genes from the hub 
genes, two independent peripheral blood microarray data-
sets were downloaded from GEO. GSE56931 (platform 
GPL10379) was used as the training cohort. In this dataset, 
samples labeled “day1, 8 h, baseline” were defined as con-
trols, whereas samples labeled “day3, 8 h, sleepdep” were 
assigned to the sleep deprivation-related group. GSE37667 
(platform GPL570) was used as the validation cohort, with 
“baseline” samples defined as controls and “Prolonged_
wakefulness” samples assigned to the sleep deprivation-
related group. Sleep deprivation datasets were used to 
capture sleep-loss-related immune/transcriptional programs 
that may overlap with insomnia, rather than to serve as 
strictly disease-matched validation cohorts. For clarity of 
presentation, the sleep deprivation/prolonged wakefulness 
group in the external datasets was labeled as “Insomnia” in 
the relevant figures.

https://www.genecards.org/
http://string-db.org/
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Machine learning model construction and feature 
prioritization

To further improve the robustness of hub gene identifica-
tion, a comprehensive machine learning framework was 
constructed (Liu et al. 2022). The GSE56931 dataset was 
used as the training set, and GSE37667 was used as an inde-
pendent validation set. A total of 20 machine learning mod-
els were implemented, including glmBoost, Random Forest 
(RF), Support Vector Machine (SVM), Extreme Gradient 
Boosting (XGBoost), Naïve Bayes, Ridge regression, and 
stepwise generalized linear models (forward, backward, and 
both directions). Model performance was evaluated using 
the area under the receiver operating characteristic curve 
(AUC). Genes selected by each model were recorded, and 
their selection frequency across models was calculated. 
Genes that were consistently identified in multiple high-
performing models were defined as refined core genes, rep-
resenting the most stable and reliable biomarkers.

To further enhance model interpretability, SHapley Addi-
tive exPlanations (SHAP) analysis was applied to quantify 
the contribution of each gene to model predictions. SHAP 
values were used to rank gene importance and to validate 
the stability of refined core genes across different models.

Single gene GSEA of the refined core genes

To explore the potential functional context of each refined 
core gene, single-gene GSEA was performed separately in 
the GSE208668 cohort using the normalized expression 
matrix (Subramanian et al. 2005). For each refined core gene, 
samples were dichotomized into high- and low-expression 
groups according to the median expression value of that 
gene. Genome-wide expression differences between the two 
groups were then analyzed by GSEA using GSEA software 
(version 3.0; Broad Institute). The reference gene sets were 
obtained from MSigDB, and the c2.cp.kegg.v7.5.1.symbols.
gmt collection was used as the background gene set (Liber-
zon et al. 2011). The main parameters were set as follows: 
minGSSize = 5, maxGSSize = 5000, and nPerm = 1000. 
Pathways with nominal P < 0.05 and FDR < 0.25 were con-
sidered significantly enriched.

Expression validation of the refined core genes

The expression levels of the refined core genes (FN1, 
HMOX1, HSP90AA1, IL10, MYD88, and NFE2L2) were 
further validated in the GSE208668 discovery cohort using 
the normalized expression matrix. For each gene, expres-
sion levels were compared between the control and insom-
nia groups, and the results were visualized using boxplots. 

Statistical significance was assessed using the Wilcoxon 
rank-sum test, and P < 0.05 was considered statistically 
significant.

Peripheral immune cell context of the refined core 
genes

Immune cell deconvolution of peripheral blood 
transcriptomes

To characterize the peripheral immune landscape associ-
ated with insomnia, the gene symbol-annotated GSE208668 
peripheral blood expression matrix was analyzed using 
CIBERSORT in microarray mode to estimate the rela-
tive proportions of 22 immune cell types (Newman et al. 
2015). Immune cell subsets with a mean estimated propor-
tion of < 1% or a zero proportion in ≥ 70% of samples were 
excluded to avoid unstable estimates caused by sparse dis-
tributions. The remaining cell types were used for between-
group comparisons and correlation analyses with the refined 
core genes. Differences in immune cell proportions between 
the control and insomnia groups were assessed using the 
Wilcoxon rank-sum test. Associations between immune cell 
proportions and refined core gene expression were evalu-
ated using Spearman correlation analysis, and correlations 
with |r|≥ 0.6 and P < 0.001 were considered significant.

Peripheral blood single cell transcriptomic dataset and 
quality control

The mouse peripheral blood single-cell transcriptomic data-
set GSE213496 was downloaded from GEO and analyzed 
using Seurat (version 5.0.1) in R (version 4.3.1). Samples 
labeled “control” were assigned to the control group, 
whereas samples labeled “SD” were assigned to the sleep 
deprivation group. The sleep deprivation dataset was used 
to capture sleep-loss-related immune/transcriptional pro-
grams that may overlap with insomnia, rather than to serve 
as strictly disease-matched validation cohorts. For clarity 
of presentation, the sleep deprivation group was labeled 
as “Insomnia” in the relevant figures. Raw count matrices 
were imported using Read10X() and converted into Seurat 
objects with CreateSeuratObject() using min.cells = 3 and 
min.features = 300. The percentages of mitochondrial tran-
scripts and hemoglobin-related transcripts were calculated 
using PercentageFeatureSet(), with mitochondrial genes 
identified by the prefix “mt-” and hemoglobin genes defined 
as Hba-a1, Hba-a2, Hba-x, Hbb-bs, Hbb-bt, Hbb-bh1, and 
Hbb-y. Cells were retained according to the following crite-
ria: nFeature_RNA > 300, nFeature_RNA < 5000, nCount_
RNA > 500, nCount_RNA < quantile (nCount_RNA, 0.97), 
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mt_percent < 10, and HB_percent < 5. After filtering, sam-
ples were merged for downstream analysis. Cell cycle scor-
ing was performed using the CellCycleScoring function, 
and cell cycle effects were regressed out during data scaling 
using S.Score and G2M.Score.

Dimensionality reduction, clustering, and cell annotation

After quality control, the merged dataset was normalized 
using the LogNormalize method. Highly variable genes 
were identified using FindVariableFeatures() with nfea-
tures = 2000, and the data were scaled using ScaleData(). 
Principal component analysis (PCA) was then performed, 
and the first 12 principal components were selected accord-
ing to the elbow plot for downstream analysis. Graph-
based clustering was performed using FindNeighbors() and 
FindClusters() with a clustering resolution of 0.2, and the 
cell clusters were visualized by UMAP and t-SNE. Clus-
ter marker genes were identified using FindAllMarkers() 
with the Wilcoxon rank-sum test, with only.pos = TRUE, 
logfc.threshold = 0.25, and min.pct = 0.25. Statistical signifi-
cance was evaluated using Benjamini–Hochberg-adjusted 
P values. Cell identities were assigned based on canonical 
marker genes curated from PanglaoDB, CellMarker 2.0, 
ImmGen, and published literature. UMAP plots, heatmaps, 
and stacked bar plots were generated to visualize cell distri-
bution, marker expression, and cell-type composition across 
groups. Batch effects were assessed by comparing sample 
distributions across clusters, and no additional batch cor-
rection was applied because the observed differences were 
considered to primarily reflect biological variation rather 
than technical bias.

Mapping of the refined core genes to peripheral immune 
cell subsets

To determine the cellular context of the refined core genes, 
their expression patterns were visualized across annotated 
peripheral immune cell populations using UMAP feature 
plots and dot plots based on the normalized Seurat object. 
Gene symbols were matched to the mouse single-cell 
dataset in a case-insensitive manner before visualization. 
Group-specific expression patterns were further examined 
using split UMAP feature plots according to the control 
and sleep deprivation groups. Because IL10 was not con-
sistently detected in the peripheral blood single-cell dataset, 
it was excluded from subsequent analyses. The remaining 
five genes—FN1, HMOX1, HSP90AA1, MYD88, and 
NFE2L2—were retained as the core hub genes for down-
stream evaluation.

Peripheral cell communication analysis

To investigate intercellular communication associated 
with sleep deprivation in peripheral blood, CellChat 
analysis was performed using the annotated single-cell 
dataset and CellChatDB.mouse. CellChat objects were 
constructed separately for the control and sleep depri-
vation groups based on the normalized RNA expres-
sion matrix and cell-type labels, and then merged for 
comparative analysis. The analysis workflow included 
subsetData(), identifyOverExpressedGenes(), identifyOver-
ExpressedInteractions(), computeCommunProb(population.
size = TRUE), filterCommunication(min.cells = 10), com-
puteCommunProbPathway(), and aggregateNet(). Com-
munication number, communication strength, differential 
interaction networks, sender-receiver relationships, and 
pathway-level signaling patterns were analyzed to iden-
tify major communication hubs and altered signaling axes 
associated with sleep deprivation. In addition, macrophage-
related signaling pathways were further ranked according to 
pathway-associated communication strength.

Differentiation-related state analysis

To evaluate differentiation-related cell states in peripheral 
immune cells, CytoTRACE2 was applied in mouse mode 
to the annotated Seurat object. CytoTRACE2 scores were 
calculated for individual cells and projected onto the UMAP 
embedding to visualize the distribution of differentiation-
related states. Group-wise differences in CytoTRACE2 
scores were further compared between the control and sleep 
deprivation groups to assess whether sleep deprivation was 
associated with shifts in relative differentiation potential.

Assessment of the core hub genes in brain tissue 
single-cell transcriptomic data

Brain tissue single cell dataset and quality control

The mouse brain tissue single-cell transcriptomic dataset 
GSE137665, including the cerebral cortex, hypothalamus, 
and brainstem, was downloaded from GEO and analyzed 
using Seurat in R. Six samples, including control1-3 and 
sleep deprivation1-3, were included in the analysis. Samples 
labeled Normal Sleep were assigned to the control group, 
whereas samples labeled Sleep Deprived were assigned to 
the sleep deprivation group. The sleep deprivation dataset 
was used to capture sleep-loss-related immune/transcrip-
tional programs that may overlap with insomnia, rather 
than to serve as strictly disease-matched validation cohorts. 
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For clarity of presentation, the sleep deprivation group was 
labeled as “Insomnia” in the relevant figures. Raw count 
matrices were imported using Read10X() and converted into 
Seurat objects using CreateSeuratObject() with min.cells = 3 
and min.features = 300. The percentage of mitochondrial 
transcripts was calculated using PercentageFeatureSet() 
with the pattern "^mt-". Cells were retained according to 
the following criteria: nFeature_RNA > 300, nFeature_
RNA < 4000, mt_percent < 12, nCount_RNA > 500, and 
nCount_RNA < quantile (nCount_RNA, 0.99). After quality 
control, the filtered samples were merged for downstream 
analysis.

Data integration, clustering, and cell annotation

After quality control, the merged dataset was normalized 
using NormalizeData(), and 2,000 highly variable genes 
were identified using FindVariableFeatures(). The data 
were then scaled with ScaleData() and subjected to prin-
cipal component analysis using RunPCA() with 30 prin-
cipal components. Because sample-driven clustering was 
observed before integration, batch correction was per-
formed using Harmony with original identity as the batch 
variable. Downstream analysis was based on the Harmony 
reduction. Specifically, FindNeighbors() and RunUMAP() 
were performed using the first 20 Harmony components, 
and clustering was carried out using FindClusters() at a 
resolution of 0.1. Marker genes for each cluster were identi-
fied using FindAllMarkers() with test.use = "wilcox", only.
pos = TRUE, logfc.threshold = 0.25, min.pct = 0.25, and 
layer = "data". Statistical significance was evaluated using 
Benjamini–Hochberg-adjusted P values. Cell identities 
were manually assigned based on marker gene expression 
patterns and published reference resources, resulting in 11 
annotated brain cell populations.

Mapping of the core hub genes in brain cell populations

To assess the cellular distribution of the core hub genes in 
the central compartment, their expression patterns were 
visualized across annotated brain cell populations using 
UMAP feature plots and dot plots based on the normalized 
Seurat object. Gene symbols were matched to the mouse 
dataset in a case-insensitive manner before visualization. 
Group-specific expression patterns were further examined 
using split UMAP feature plots and split dot plots accord-
ing to the control and sleep deprivation groups. Particular 
attention was given to barrier-associated, immune-related, 
and neuroglial cell populations, including brain endothelial 
cells, fenestrated endothelial cells, choroid plexus epithelial 
cells, choroid plexus stromal fibroblasts, astrocytes, microg-
lia, and border-associated macrophages.

Intracerebral cell–cell communication analysis

To characterize the intracerebral communication land-
scape, CellChat analysis was performed using the 
annotated brain single-cell dataset and CellChatDB.
mouse. A CellChat object was constructed from the 
normalized RNA expression matrix using cell-type 
labels as grouping information. The analysis workflow 
included subsetData(), identifyOverExpressedGenes(do.
fast = FALSE), identifyOverExpressedInteractions(), 
computeCommunProb(popula t ion .s ize  =  TRUE), 
filterCommunication(min.cells = 10), computeCommun-
ProbPathway(), and aggregateNet(). Communication num-
ber, pathway-level communication strength, sender-receiver 
relationships, and representative ligand-receptor pathways 
were analyzed to identify major intracerebral communica-
tion hubs and signaling axes.

Drug prediction and structural evaluation of 
candidate compounds

Drug prediction

Potential therapeutic compounds were predicted separately 
based on the refined core genes and the core hub genes using 
a previously described drug-repurposing framework (Peng 
et al. 2020). Candidate compounds were screened against 
integrated drug–target interaction resources, and the output 
compounds were annotated using DrugBank identifiers in 
the final ranked results. For each gene set, compounds were 
prioritized according to distance score, nominal P value, 
and false discovery rate (FDR). To improve robustness, we 
focused on compounds that were reproducibly identified 
in both the refined core gene model and the core hub gene 
model. Based on this overlapping strategy, quercetin and 
resveratrol were retained as shared candidate compounds 
for downstream structural analyses because both showed 
significant enrichment in the two independent screening 
models. Supplementary Excel S3 provides the ranked com-
pound lists for both analyses.

Molecular docking

To evaluate the binding potential between the prioritized 
compounds and the core hub proteins, the two-dimensional 
structures of quercetin and resveratrol were obtained from 
the PubChem database and converted into three-dimen-
sional conformations using ChemOffice. Protein structures 
were downloaded from the RCSB PDB database, and the 
following crystal structures were selected for docking: FN1 
(PDB ID: 2CG7), HMOX1 (PDB ID: 1N45), HSP90AA1 
(PDB ID: 6TN5), MYD88 (PDB ID: 4EO7), and NFE2L2 
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(PDB ID: 2FLU). Protein preprocessing was performed 
in PyMOL 2.6, including removal of water molecules and 
irrelevant heteroatoms. Ligand and receptor preparation, 
including hydrogen addition, charge assignment, rotatable 
bond definition, and docking box setup, was conducted 
using AutoDockTools 1.5.6. Molecular docking was then 
performed using AutoDock Vina, and the optimal binding 
conformations were selected according to binding energy 
scores. Docking poses were visualized using Discovery Stu-
dio 2019 and PyMOL 2.6. In this study, a binding energy 
below −5.0 kcal/mol was considered indicative of favorable 
binding activity, whereas a value below −7.0 kcal/mol sug-
gested relatively strong binding affinity.

Molecular dynamics simulation

To further assess the stability of the docked complexes, 
molecular dynamics (MD) simulations were performed 
using GROMACS 2022. Protein topologies were generated 
with the AMBER14SB force field, and ligand parameters 
were assigned using GAFF2. Ligand topologies were pre-
pared with Antechamber, and atomic charges were calcu-
lated using the RESP method. Each protein–ligand complex 
was solvated in a cubic box containing TIP3P water mol-
ecules, with a minimum distance of 1.0 nm from the solute 
to the box edge. Na and Cl ions were added to neutralize 
the system and achieve a final salt concentration of 0.15 M. 
Long-range electrostatic interactions were treated using 
the particle mesh Ewald method, and hydrogen-containing 
bonds were constrained using the LINCS algorithm.

Energy minimization was carried out by 3000 steps of 
steepest descent followed by 2000 steps of conjugate gradi-
ent minimization. The minimized systems were then equili-
brated and subjected to a 100-ns production run under the 
NPT ensemble at 310 K and 1 bar, using the Nosé–Hoover 
thermostat and Parrinello–Rahman barostat. Structural 
stability was evaluated by analyzing the root mean square 
deviation (RMSD), root mean square fluctuation (RMSF), 
radius of gyration (Rg), solvent-accessible surface area 
(SASA), and hydrogen bonds throughout the trajectories.

In vitro validation in THP-1 macrophage model

Cells, reagents, and in vitro model establishment

The human monocytic cell line THP-1 was obtained from 
Procell and cultured in RPMI-1640 medium supplemented 
with 10% fetal bovine serum (FBS). Primary antibod-
ies against GAPDH (60004–1-Ig), MYD88 (67969–1-Ig), 
HSP90AA1 (13171–1-AP), and HMOX1 (10701–1-AP) 
were purchased from Proteintech. FBS was purchased 
from Gibco Inc. Phorbol 12-myristate 13-acetate (PMA) 

was obtained from MedChemExpress, lipopolysaccharide 
(LPS) from Aladdin, and resveratrol (RSV) from Macklin. 
The Cell Counting Kit-8 (CCK-8) was purchased from Bei-
jing Solarbio Technology Co., Ltd. The qRT-PCR kit was 
obtained from Vazyme, and primers were synthesized by 
Sangon Biotech. The primer sequences were as follows:

MYD88-F: 5′ ​C​G​G​A​T​G​G​T​G​G​T​G​G​T​T​G​T​C​T​C​T​G 3′
MYD88-R: 5′ ​G​C​T​T​C​T​G​A​T​G​G​G​C​A​C​C​T​G​G​A​G 3′
HSP90AA1-F: 5′ ​C​C​T​C​C​T​C​G​C​C​G​C​C​G​T​T​T​C 3′
HSP90AA1-R: 5′ ​C​C​A​G​A​C​A​C​C​A​T​C​A​G​A​T​G​C​C​A​G​A​

G 3′
HMOX1-F: 5′ ​C​T​A​C​C​G​C​T​C​C​C​G​C​A​T​G​A​A​C​T​C 3′
HMOX1-R: 5′ ​A​G​C​A​G​G​A​A​C​G​C​A​G​T​C​T​T​G​G​C 3′
ACTB-F: 5′ ​C​A​T​G​T​A​C​G​T​T​G​C​T​A​T​C​C​A​G​G​C 3′
ACTB-R: 5′ ​C​T​C​C​T​T​A​A​T​G​T​C​A​C​G​C​A​C​G​A​T 3′

Cell differentiation, inflammatory stimulation, and drug 
treatment

To induce the differentiation of THP-1 cells into a mac-
rophage-like phenotype, THP-1 cells in the logarithmic 
growth phase were seeded into culture plates and treated 
with 100  nM PMA for 24  h. After the PMA-containing 
medium was removed, the cells were gently washed with 
PBS and then cultured in fresh complete medium for an 
additional 24 h to minimize the residual effects of PMA on 
subsequent inflammatory stimulation. Differentiated THP-1 
macrophage-like cells were then stimulated with 1 μg/mL 
LPS for 24 h to induce an inflammatory response. Resvera-
trol (RSV) was dissolved in DMSO to prepare a stock solu-
tion and diluted with low-serum medium to the desired final 
concentrations. The final concentration of DMSO was kept 
consistent among groups and did not exceed 0.1%. Cells 
were treated for 24 h.

CCK-8 assay for cell viability and determination of the 
optimal resveratrol concentration

To determine the non-cytotoxic dose range and optimal 
treatment concentration of resveratrol, THP-1 cells were 
seeded into 96-well plates and induced into macrophage-
like cells. The cells were then treated with different concen-
trations of resveratrol (5, 10, 25, 50, and 100 μM) for 24 h. 
Subsequently, fresh culture medium containing 10% CCK-8 
working solution was added to each well, and the cells were 
incubated for an additional 2 h. The absorbance at 450 nm 
was measured using a microplate reader.

Western blot analysis

Three groups were included in the Western blot analysis: 
control group, LPS group, and LPS + optimal concentration 
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of resveratrol group. After treatment, the culture medium was 
discarded, and the cells were washed twice with pre-cooled 
PBS. Total protein was extracted using RIPA lysis buffer on 
ice for 30  min, followed by centrifugation at 12,000  rpm 
and 4 °C for 15 min. The supernatants were collected, and 
protein concentrations were determined using the BCA 
method. Equal amounts of total protein were mixed with 
5 × loading buffer at a ratio of 4:1 and denatured at 100 °C 
for 10 min. Proteins were then separated by SDS-PAGE and 
transferred onto PVDF membranes. After blocking with 5% 
non-fat milk at room temperature for 1.5 h, the membranes 
were incubated with primary antibodies overnight at 4 °C. 
After washing with TBST, the membranes were incubated 
with HRP-conjugated secondary antibodies for 1 h at room 
temperature. Protein bands were visualized using an ECL 
chemiluminescence reagent and captured with a gel imag-
ing system. Band intensities were quantified using ImageJ 
software.

qRT-PCR analysis

Three groups were included for qRT-PCR analysis: control 
group, LPS group, and LPS + optimal concentration of res-
veratrol group. After treatment, total RNA was extracted 
according to the manufacturer’s instructions. Qualified 
RNA samples were reverse-transcribed into cDNA. Quanti-
tative real-time PCR was subsequently performed using the 
SYBR Green method. The PCR reaction system and cycling 
conditions were set according to the kit instructions. Each 
20 μL reaction contained 10 μL SYBR Green Mix, 0.8 μL 
forward and reverse primers, 1 μL cDNA template, and 8.2 
μL RNase-free water. The amplification conditions were as 
follows: initial denaturation at 95  °C for 5  min, followed 
by 40 cycles of 95 °C for 10 s and 60 °C for 30 s. GAPDH 
was used as the internal reference gene, and the relative 
expression levels of target genes were calculated using the 
2^-ΔΔCt method.

Statistical analysis

All experiments were performed with at least three inde-
pendent biological replicates. For the CCK-8 assay, each 
condition was tested in triplicate wells. For qRT-PCR, each 
sample was analyzed in technical triplicate. Data are pre-
sented as mean ± SD. Statistical analysis was conducted 
using GraphPad Prism 10 software. Comparisons between 
two groups were performed using the independent-sam-
ples t-test, while comparisons among three or more groups 
were analyzed by one-way analysis of variance (one-way 
ANOVA), followed by Tukey’s post hoc test for multiple 

comparisons when appropriate. A p-value < 0.05 was con-
sidered statistically significant.

Results

Identification of insomnia-associated 
transcriptional alterations in peripheral blood

To characterize peripheral transcriptional alterations associ-
ated with insomnia, we first analyzed the peripheral blood 
transcriptome dataset GSE208668. Differential expression 
analysis identified 5,321 differentially expressed genes 
(DEGs) between the insomnia and control groups (Fig. 1A; 
Supplementary Excel S1), indicating substantial peripheral 
transcriptional alterations associated with insomnia.

To identify gene co-expression modules associated with 
insomnia, WGCNA was performed using the top 5,000 most 
variable genes. As shown in Fig. 1B, a soft-thresholding power 
of 12 was selected to ensure approximate scale-free topology. 
Based on this threshold, a signed co-expression network 
was constructed, and multiple gene modules were identified 
(Fig.  1C). Module-trait relationship analysis showed that the 
turquoise module was most positively correlated with insomnia, 
whereas the blue module was most negatively correlated 
with insomnia (Fig.  1D). Consistently, module eigengene 
analysis demonstrated that the turquoise module eigengene 
was significantly increased in the insomnia group, while the 
blue module eigengene was significantly decreased (Fig. 1E, 
Supplementary Excel S1). To further assess the biological 
relevance of genes within these key modules, the relationships 
between gene significance (GS) and module membership 
(MM) were examined. Strong GS–MM correlations were 
observed in both the blue and turquoise modules, indicating 
that genes highly connected within these modules were also 
strongly associated with the insomnia phenotype (Fig.  1F). 
These findings identified the turquoise and blue modules as the 
key insomnia-related modules for subsequent analysis.

Integrative analysis yielded 390 intersecting genes asso-
ciated with insomnia (Fig.  2A; Supplementary Excel S1). 
Functional annotation of this gene set showed enrichment 
in immune, inflammatory, and oxidative stress-related 
pathways, including NF-κB, Toll-like receptor, and NOD-
like receptor signaling (Fig.  3A-H; Supplementary Excel 
S1), indicating that peripheral transcriptional alterations 
in insomnia are largely centered on stress and immune 
regulation. As these intersecting genes were derived in part 
from the key insomnia-associated WGCNA modules, these 
enrichment results also provide a functional interpretation 
of the major co-expression patterns identified above.
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Network and machine learning based prioritization 
of refined core genes associated with insomnia

To identify hub genes among the insomnia-associated inter-
secting genes, we first constructed a protein–protein inter-
action network based on the 390 intersecting genes. The 
resulting network showed significant connectivity, support-
ing the presence of a biologically coherent interaction struc-
ture (Fig. 2B; Supplementary Excel S1). In Cytoscape, the 
intersection of the top 20 genes identified by four topologi-
cal algorithms (Degree, EPC, MCC, and MNC) yielded nine 
hub genes: FN1, MYD88, NFE2L2, HMOX1, VCAM1, 
HSP90AA1, HSPD1, MAPK3, and IL10. These genes were 
therefore considered key nodes in the topology-based analy-
sis (Fig.  2C-E; Supplementary Excel S1), suggesting that 

they may represent central components of the peripheral 
molecular alterations associated with insomnia.

To identify the refined core genes, we next applied 
machine learning models in two independent peripheral 
blood datasets. Among the tested models, glmBoost + RF 
showed the highest overall predictive performance, with 
AUCs of 0.974 in the training cohort and 0.716 in the vali-
dation cohort (mean AUC = 0.845) (Fig. 4A). However, this 
model combination showed a relatively low recurrence fre-
quency in the model-screening framework, indicating that 
it should be regarded as the best-performing representative 
model, rather than the sole or most stable basis for fea-
ture selection. In contrast, several other models, including 
LDA and Stepglm[forward], were retained more frequently 
across the screening process (Fig. 4B). Therefore, the final 

Fig.  1  Differentially expressed gene identification and WGCNA co-
expression network analysis in insomnia. (A) Volcano plot of differ-
entially expressed genes in the GSE208668 dataset. (B) Scale-free 
topology analysis of soft-thresholding powers for WGCNA network 
construction. (C) Sample clustering dendrogram used to assess overall 
data quality and detect outliers. (D) Module–trait relationship heatmap 
showing correlations between module eigengenes and the insomnia 

phenotype. (E) Boxplots show the distribution of module eigengene 
values in the Control and Insomnia groups, with individual samples 
overlaid as jittered points. Group differences were evaluated using the 
Wilcoxon rank-sum test. Significance is indicated as ns, not signifi-
cant; *P < 0.05; **P < 0.01; ***P < 0.001; ****P < 0.0001. (F) Scatter 
plots of gene significance versus module membership in the MEtur-
quoise and MEblue modules
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refined core genes were determined by integrating model 
performance, cross-model recurrence, and SHAP-based 
interpretability, rather than relying on a single classifier. At 
the gene level, FN1, HMOX1, HSP90AA1, IL10, MYD88, 

and NFE2L2 showed relatively high selection frequencies 
across machine-learning models, whereas HSPD1, MAPK3, 
and VCAM1 were retained less frequently (Fig. 4C). SHAP 
analysis of the representative glmBoost + RF model showed 

Fig. 2  Identification of hub genes associated with insomnia. (A) Venn 
diagram showing the intersecting genes among DEGs, WGCNA 
module genes, and GeneCards-derived insomnia-related genes. (B) 
STRING-derived protein–protein interaction (PPI) network of the 390 
intersecting genes. (C) Ranking of top 20 genes by four CytoHubba 

algorithms (MCC, MNC, EPC, Degree). (D) Venn diagram displaying 
the intersection of the four algorithm-specific top 20 gene sets. (E) 
Network view highlighting the nine selected hub genes within the PPI 
network
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that MYD88 made the strongest positive contribution in the 
displayed prediction, while FN1, HMOX1, HSP90AA1, 
IL10, and NFE2L2 also showed interpretable contribu-
tions in the SHAP-based analyses. Based on this integrated 
evaluation, FN1, HMOX1, HSP90AA1, IL10, MYD88, and 
NFE2L2 were retained as the refined core genes (Fig. 4D–
E; Supplementary Figure S1A–C). These genes are broadly 
involved in extracellular matrix regulation, innate immune 
signaling, oxidative stress responses, protein homeostasis, 
and immunomodulation, supporting their potential rel-
evance to insomnia-related immune dysregulation. Single 
gene GSEA suggested that these genes were mainly associ-
ated with immune activation and stress response pathways 
(Fig.  4F). Consistently, expression analysis in the discov-
ery cohort GSE208668 showed that HMOX1, HSP90AA1, 
IL10, MYD88, and NFE2L2 were significantly upregulated 
in the insomnia group, whereas FN1 showed a downward 
trend without reaching statistical significance (Fig.  4G; 
Supplementary Excel S1). Together, these findings sup-
port a refined six-gene signature associated with peripheral 
immune dysregulation in insomnia.

Peripheral immune remodeling links the 
refined core gene signature to specific immune 
cell populations and enhanced intercellular 
communication across insomnia- and sleep-loss-
related conditions

To define the immune context of the refined core genes, we 
first assessed peripheral immune cell composition using 
immune deconvolution analysis. After excluding unstable 
cell populations, 16 immune cell types were retained for 
downstream analysis (Fig.  5A; Supplementary Excel S2). 
Overall, both groups were dominated by multiple T cell 
subsets, together with moderate proportions of plasma cells 
and resting dendritic cells. Correlation analysis revealed 
distinct relationships between the refined core genes and 
specific immune cell populations (Fig. 5B), with FN1 show-
ing an opposite correlation pattern to HMOX1, HSP90AA1, 
MYD88, and NFE2L2, whereas IL10 showed no significant 
associations. Group-wise comparisons further suggested 
selective remodeling of the peripheral immune landscape in 
the insomnia cohort, characterized by increased resting CD4 
memory T cells and M2 macrophages, together with reduced 

activated NK cells (Fig.  5C-D). Immune cell correlation 
analysis also revealed coordinated and antagonistic relation-
ships among several immune subsets (Fig. 5E), indicating 
that insomnia is associated with altered peripheral immune 
organization rather than uniform immune activation.

To further examine whether these peripheral signals could 
also be observed at single-cell resolution under a related 
sleep-loss condition, we next analyzed the peripheral blood 
single-cell transcriptomic dataset GSE213496. Because 
cells from different samples were already well mixed before 
batch correction and showed no obvious sample-specific 
segregation on the UMAP embedding, with only minimal 
changes observed after correction, batch correction was not 
applied in downstream analyses to avoid overcorrection and 
preserve potential biological differences (Fig. 6A; Supple-
mentary Figure S1D-H). Clustering analysis identified 11 
immune cell populations, including activated B cells, neu-
trophils, CD4⁺ helper T cells, tissue-resident CD8⁺ T 
cells, resident macrophages, NK cells, cDCs, inflammatory 
macrophages, naïve CD8⁺ T cells, follicular B cells, and 
naïve CD4⁺ T cells (Fig. 6B-C), and marker gene analysis 
confirmed their transcriptional identities (Fig. 6D-E). Com-
pared with controls, the sleep deprivation group showed 
changes in multiple immune cell populations, including rel-
atively higher proportions of resident macrophages, tissue-
resident CD8⁺ T cells, neutrophils, naïve CD4⁺ T cells, 
inflammatory macrophages, follicular B cells, and CD4⁺ 
helper T cells, together with reduced cDCs (Fig. 6F). How-
ever, these compositional differences exhibited consider-
able variability across individual samples, suggesting that 
they may reflect a combination of biological heterogeneity 
and condition-associated effects rather than uniform group-
level shifts. Among the six refined core genes, five, FN1, 
HMOX1, HSP90AA1, MYD88, and NFE2L2, showed clear 
cell type-specific expression patterns (Fig.  6G). Because 
IL10 was not consistently detected in the single-cell data-
set, the remaining five genes—FN1, HMOX1, HSP90AA1, 
MYD88, and NFE2L2—were hereafter defined as the core 
hub genes for downstream single-cell analyses. FN1 was 
mainly localized to resident macrophages, whereas the 
other four genes were preferentially expressed in macro-
phage, neutrophil, cDC, and selected lymphocyte-related 
populations. Group-split UMAP and DotPlot visualizations 
further suggested that HMOX1, HSP90AA1, MYD88, and 
NFE2L2 displayed a broader distribution across neutrophils 
and inflammatory macrophages in the sleep deprivation-
related condition, whereas cDCs showed an opposite dis-
tribution pattern (Fig. 7A-B). To determine whether these 
peripheral immune changes were accompanied by altered 
intercellular signaling, we next performed CellChat analy-
sis. The global communication network identified activated 
B cells, tissue-resident CD8⁺ T cells, resident macrophages, 

Fig. 3  Functional enrichment analysis of the 390 intersection genes. 
(A) Bar plot of disease–gene association analysis. (B) Tissue expres-
sion profiling across major human tissues and cell lines. (C) Human 
phenotype enrichment analysis. (D) UniProt annotated keyword 
enrichment analysis. (E) GO circular plot displaying enriched Gene 
Ontology terms. (F) KEGG circular plot displaying enriched KEGG 
pathways. (G) GO chord plot illustrating representative GO terms and 
their associated genes. (H) KEGG chord plot illustrating representa-
tive KEGG pathways and their associated genes
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and neutrophils as the major communication hubs (Fig. 7C). 
Analysis of the strongest ligand-receptor interactions high-
lighted multiple inflammatory and antigen presentation-
related pathways, including Thy1-Adgre5, Sirp-Cd47, 
Selplg-Sell, Ppbp-Cxcr2, and MHC I/CD8-associated inter-
actions (Fig.  7D). Macrophage-centered analyses further 
showed prominent signaling between resident or inflam-
matory macrophages and neutrophils, activated B cells, 
and tissue-resident CD8⁺ T cells (Fig.  7E-F; Supplemen-
tary Figure S2A-L; Supplementary Excel S3). Compared 
with controls, the sleep deprivation group showed both a 
higher number and greater strength of inferred ligand-
receptor interactions, resulting in a denser communication 
network (Fig.  7G-H). Sleep deprivation predominantly 
strengthened immune cell communication, with neutrophils 
emerging as a major communication hub (Fig. 7I-J). In con-
trast, CytoTRACE2 analysis showed substantial overlap in 
differentiation-related scores between groups (Fig.  7K-L; 
Supplementary Figure S3A-C), suggesting that the major 
peripheral single-cell differences under the sleep depriva-
tion-related condition are more consistent with altered cell 
composition, cell state, and communication activity than 
with large shifts in developmental hierarchy.

Brain single-cell analysis in a mouse sleep 
deprivation model reveals modest central support 
for the core hub gene signature and limited 
neuroimmune remodeling

To assess whether the core hub genes also showed rele-
vant patterns in the central compartment, we analyzed the 
brain tissue single-cell transcriptomic dataset GSE137665. 

Because cells clustered primarily by sample rather than by 
cell type in the uncorrected PCA and UMAP spaces (Sup-
plementary Figure S3D-E), while showing broadly similar 
cell cycle distributions across samples(Supplementary Fig-
ure S4A-B), the observed separation was considered mainly 
attributable to technical batch effects, and Harmony was 
therefore applied for batch correction. After batch correc-
tion, cells from different samples were well mixed on the 
UMAP embedding, suggesting effective integration and 
minimal batch effects (Fig. 8A), and 11 CNS cell popula-
tions were identified, including brain endothelial cells, 
pituitary endocrine cells, excitatory neurons, microglia, 
astrocytes, vascular mural cells, ependymal cells, choroid 
plexus stromal fibroblasts, border-associated macrophages, 
choroid plexus epithelial cells, and fenestrated endothe-
lial cells (Fig.  8B-E). Group-wise comparison of cellular 
composition suggested changes in several brain cell popu-
lations, particularly in barrier-associated cell types, includ-
ing enrichment of ependymal cells and modest increases 
in excitatory neurons, brain endothelial cells, and choroid 
plexus stromal fibroblasts (Fig. 8F). Notably, these compo-
sitional patterns also showed substantial variability across 
individual samples, indicating that inter-sample heterogene-
ity may contribute to the observed differences.

The five core hub genes showed distinct but heteroge-
neous cell type-specific expression patterns in brain tissue. 
FN1 was mainly enriched in endothelial and choroid plexus-
related compartments, HSP90AA1 and NFE2L2 showed 
broader expression across CNS cell types, whereas HMOX1 
and MYD88 remained relatively weak overall (Fig.  8G). 
Group-wise visualization showed that most core hub genes 
did not exhibit obvious between-group differences across 
brain cell populations (Fig. 9A-B). These findings indicate 
that central alterations were comparatively modest under 
the current sleep deprivation-related condition. To further 
characterize the CNS microenvironment under the ana-
lyzed sleep deprivation condition, we next examined intra-
cerebral cell–cell communication. The CellChat network 
identified brain endothelial cells and excitatory neurons as 
major communication hubs, with dense interactions involv-
ing astrocytes, microglia, vascular mural cells, and choroid 
plexus-associated cells (Fig.  9C), thereby outlining the 
dominant intracerebral communication architecture under 
the analyzed condition. The ligand–receptor matrix fur-
ther highlighted prominent communication axes involving 
glutamatergic signaling, Apoe/App-related signaling, and 
multiple growth factor-associated pathways, suggesting that 
sleep deprivation reshaped CNS intercellular communica-
tion through coordinated alterations in neuronal, glial, and 
vascular signaling networks (Fig. 9D–E).

Fig.  4  Machine learning- and SHAP-based identification and func-
tional characterization of refined core genes in peripheral blood datas-
ets relevant to insomnia. (A) ROC curves of 20 machine learning model 
combinations, shown by AUC values and mean AUC. glmBoost + RF 
achieved the highest overall predictive performance and was selected 
as the representative model for SHAP interpretation. (B) Recurrence 
frequency of different machine-learning models or model combina-
tions in the screening framework, showing that the top-performing 
model was not necessarily the most recurrent one. (C) Selection fre-
quency of candidate genes across machine-learning models, used to 
prioritize reproducible biomarkers. (D) Representative SHAP local 
explanation plot for the selected model, illustrating the contribution of 
individual genes to the predicted outcome. (E) SHAP summary plots 
showing the overall contribution and ranking of candidate genes in the 
representative model. MYD88 showed the strongest overall contribu-
tion. Additional SHAP dependence plots are shown in Supplementary 
Figure S1A–C. (F) Single-gene GSEA plots for the six core hub genes 
based on the GSE208668 dataset. (G) Expression levels of the refined 
core genes in the Control and Insomnia groups. Statistical significance 
was assessed using the Wilcoxon rank-sum test, with P < 0.05 consid-
ered statistically significant. Data are presented as boxplots with over-
laid individual data points, **** P < 0.0001
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Together, these findings suggest that CNS alterations 
under the current sleep deprivation condition were modest, 
with changes involving glutamatergic signaling, Apoe/App-
associated pathways, and growth factor-related interactions, 
and with little evidence of large-scale shifts in overall cell 
abundance.

Drug prediction and structural analyses prioritize 
quercetin and resveratrol for further evaluation

Drug prediction analyses were performed independently 
using the refined core gene signature and the core hub 
gene signature. As shown in Supplementary Figure S4C-D, 

Fig.  5  Peripheral immune infiltration landscape and immune cell 
interaction patterns in insomnia. (A) Relative proportions of the 16 
retained peripheral immune cell types in individual samples from the 
control and insomnia groups, as estimated by immune deconvolution 
after exclusion of unstable cell populations. (B) Spearman correlation 
analysis between the proportions of retained immune cell types and the 
expression levels of the refined core genes. The upper triangle indicates 
correlation coefficients, and the lower triangle indicates significance 

levels as − log10(P value). Correlations with |r|≥ 0.6 and P < 0.001 were 
considered significant. (C) Comparison of immune cell proportions 
between the control and insomnia groups. Differences were assessed 
using the Wilcoxon rank-sum test. Significance is indicated as ns, not 
significant; *P < 0.05; **P < 0.01; ***P < 0.001; ****P < 0.0001. (D) 
Heatmap summarizing group-wise distribution patterns of peripheral 
immune cell composition. (E) Correlation matrix depicting pairwise 
associations among peripheral immune cell subsets
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candidate compounds displayed clear shifts in distance score 
distributions relative to the reference background, indicat-
ing potential relevance to the transcriptional features identi-
fied in this study. The full ranked results are provided in 
Supplementary Excel S3. Among the predicted compounds, 
quercetin and resveratrol were consistently identified in both 
models and showed strong statistical support. Specifically, in 
the refined core gene-based analysis, quercetin had a distance 
score of 1.0797 (P = 2.76 × 10^−18, FDR = 1.50 × 10^−14), 
whereas resveratrol had a distance score of 1.3077 
(P = 3.33 × 10^−10, FDR = 1.80 × 10^−6). In the core hub 
gene-based analysis, quercetin yielded a distance score of 
1.1197 (P = 7.15 × 10^−17, FDR = 3.88 × 10^−13), and res-
veratrol yielded a distance score of 1.3846 (P = 2.15 × 10^−8, 
FDR = 1.16 × 10^−4) (Supplementary Excel S3). These 
results prioritized quercetin and resveratrol as two shared 
candidate compounds for subsequent structural analyses.

Molecular docking was then performed to evaluate the 
binding potential of quercetin and resveratrol with the five 
core hub proteins, FN1, HMOX1, HSP90AA1, MYD88, 
and NFE2L2. The overall docking results are summarized 
in Fig.  10A, and representative docking conformations 
are shown in Fig.  10B-C. As shown in Fig. 10D-M, both 
compounds exhibited favorable binding energies across 
all five targets. For quercetin, the binding energies with 
FN1, HMOX1, HSP90AA1, MYD88, and NFE2L2 were 
−7.7, −7.9, −9.0, −7.5, and −10.0  kcal/mol, respectively. 
For resveratrol, the corresponding values were −7.2, −7.2, 
−7.5, −6.5, and −8.5  kcal/mol. Notably, both compounds 
showed relatively stronger predicted binding to NFE2L2 
and HSP90AA1, with quercetin exhibiting the lowest dock-
ing scores among all tested interactions. These findings sup-
port quercetin and resveratrol as candidate compounds with 
potential relevance to oxidative stress- and immune inflam-
mation-related pathways implicated in insomnia-related 
immune dysregulation.

MD simulations were performed for the NFE2L2-
quercetin, NFE2L2-resveratrol, HSP90AA1-quercetin, 
and HSP90AA1-resveratrol complexes. RMSD analysis 
showed that all four systems reached dynamic equilibrium 
during the simulation and remained stable thereafter, with 
only moderate fluctuations. The Rg and SASA profiles were 
also stable across the trajectories, indicating that ligand 
binding did not markedly alter global protein compactness 
or solvent exposure. In addition, all complexes maintained 
persistent hydrogen bond interactions throughout the sim-
ulation, and RMSF analysis showed limited residue-level 
fluctuations (Fig. 11A-E). Together, these findings indicate 
that both quercetin and resveratrol can form relatively stable 
complexes with NFE2L2 and HSP90AA1, providing com-
putational support for the docking results.

Although quercetin showed overall stronger dock-
ing scores, resveratrol was also consistently prioritized 
by both drug prediction models and demonstrated stable 
target engagement in the subsequent structural analyses, 
thereby justifying its selection for downstream experimen-
tal validation.

Resveratrol modulated LPS-induced alterations in 
MYD88, HMOX1, and HSP90AA1 expression in THP-1 
macrophages

CCK-8 assay showed that resveratrol caused a mild dose-
dependent reduction in cell viability. Although slight 
decreases were observed at 5, 10, and 25 μM, cell viabil-
ity remained at a relatively high level, whereas 50 and 
100 μM induced more pronounced cytotoxicity. Therefore, 
25 μM was selected as the working concentration for subse-
quent experiments because it maintained high cell viability 
without overt cytotoxicity (Fig. 12A). In the LPS-induced 
THP-1 macrophage model, Western blot analysis showed 
that MYD88 and HSP90AA1 (HSP90α) protein expres-
sion was significantly upregulated in the model group com-
pared with the control group, whereas resveratrol treatment 
markedly attenuated these increases. In contrast, HMOX1 
(HO-1) protein expression was elevated in the model group 
and was further enhanced after resveratrol intervention 
(Fig. 12B-C). Consistent with the protein results, qRT-PCR 
analysis showed that MYD88 and HSP90AA1 mRNA lev-
els were upregulated after LPS stimulation and downregu-
lated following resveratrol treatment, whereas HMOX1 
mRNA expression was increased in the model group and 
further enhanced by resveratrol (Fig. 12D). These findings 
suggest that resveratrol modulates LPS-induced inflamma-
tory and oxidative stress-related responses in THP-1 macro-
phages, partly consistent with the predicted regulation of the 
inflammation-oxidative stress axis.

Discussion

Insomnia is increasingly recognized as an immune dysreg-
ulation-related disorder that is not confined to the central 
nervous system (Garbarino et al. 2021; Liu et al. 2021). 
By integrating peripheral blood bulk transcriptomic data, 
peripheral and brain single-cell transcriptomic datasets, 
candidate compound prediction, structural analyses, and 
macrophage-based experimental validation, the present 
study suggests that insomnia-related alterations are more 
consistent with a peripheral-centered pattern of immune 
disequilibrium. Overall, the most prominent and robust 
abnormalities were observed at the peripheral immune 
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level, whereas changes in the brain appeared comparatively 
modest, indicating that disruption of peripheral immune 
homeostasis may represent an important component of the 
pathophysiology of insomnia.

At the systems level, the strongest and most consistent 
signals identified in this study were mainly enriched in 
immune-, inflammatory-, and oxidative stress-related path-
ways, including the NF-κB, Toll-like receptor, and NOD-
like receptor signaling pathways. These findings indicate 
that insomnia-related alterations are unlikely to be restricted 
to isolated abnormalities in a small number of genes, but 
may instead reflect broad peripheral transcriptional remod-
eling. Further immune deconvolution and single-cell analy-
ses suggest that this disequilibrium should not be simply 
interpreted as generalized activation across all immune cell 
types, but is more consistent with selective remodeling of 
specific immune cell populations. The observed changes 
were mainly concentrated in macrophage-, neutrophil-, and 
conventional dendritic cell-related levels, together with 
alterations in specific T-cell states. This pattern is broadly 
consistent with previous studies showing that sleep loss can 
remodel the peripheral immune cell landscape, weaken NK 
cell-related features, and enhance CD4 + T-/B-cell-related 
signals (Alhamawi et al. 2025; Liu et al. 2021). Collectively, 
these findings favor a model of biased immune reorganiza-
tion rather than global immune activation.

At the molecular level, MYD88, HMOX1, HSP90AA1, 
and NFE2L2 constituted the most coherent core gene set, 
supporting the presence of an inflammation-oxidative stress 
coupling axis in insomnia. Among them, MYD88 is a key 
adaptor molecule that mediates innate immune activation 
downstream of Toll-like receptor signaling; HSP90AA1 is 
involved in protein homeostasis maintenance and stabili-
zation of signaling complexes under stress conditions; and 
the NFE2L2-HMOX1 pathway represents a classical anti-
oxidant defense module (Davinelli et al. 2024; Kawasaki 
and Kawai 2014; Moran Luengo et al. 2019). These find-
ings suggest that the immune abnormalities associated with 

insomnia do not merely reflect a simple pro-inflammatory 
state, but more likely represent a coupled condition in which 
inflammatory signaling and oxidative stress responses are 
activated in parallel yet remain dynamically imbalanced 
(Davinelli et al. 2024; Garbarino et al. 2021; Kawasaki and 
Kawai 2014). The THP-1 cell experiments further support 
this interpretation: resveratrol downregulated MYD88 and 
HSP90AA1 while upregulating HMOX1, suggesting that it 
may exert a dual effect by suppressing inflammatory activa-
tion and enhancing antioxidant defense. Because the exter-
nal machine-learning and single-cell datasets were derived 
from sleep deprivation models rather than clinically diag-
nosed insomnia cohorts, these signatures may reflect sleep-
loss-related molecular features that partially overlap with 
insomnia.

Beyond alterations in cellular composition, the periph-
eral immune phenotype associated with insomnia was also 
characterized by changes in cell states and enhanced inter-
cellular communication. Although several immune cell 
populations exhibited proportional changes, these differ-
ences showed substantial inter-individual heterogeneity. In 
contrast, CellChat analysis more consistently demonstrated 
a denser and stronger ligand-receptor communication net-
work under sleep deprivation-related conditions, whereas 
CytoTRACE2 did not indicate obvious differences in devel-
opmental hierarchy. These findings suggest that, rather 
than being understood as a simple increase or decrease in 
the abundance of a particular leukocyte subset, insomnia 
may be better regarded as a state characterized by immune 
functional reprogramming and enhanced intercellular com-
munication. This interpretation is also consistent with previ-
ous findings showing that prolonged sleep deprivation can 
induce systemic inflammatory amplification and neutrophil 
accumulation (Sang et al. 2023).

Notably, FN1 appeared to represent a relatively inde-
pendent biological dimension. Although it was retained in 
the refined core gene set, it was not fully integrated into 
the dominant inflammation-oxidative stress axis. Its direc-
tion of change in the bulk transcriptomic analysis was not 
entirely consistent with that of the other core molecules, 
and its statistical robustness was comparatively weaker. 
In the single-cell analyses, FN1 was mainly distributed in 
peripheral resident macrophages and in endothelial/choroid 
plexus-related cell populations in the brain. Given its estab-
lished roles in extracellular matrix organization, cell adhe-
sion, tissue repair, and barrier-associated microenvironment 
remodeling, FN1 is more likely to reflect structural adapta-
tion or tissue-interface remodeling rather than acting as a 
major inflammatory driver (Dzobo and Dandara 2023; Xu 
et al. 2024).

The relatively modest central signals observed in this 
study do not indicate that the central nervous system is 

Fig. 6  Single-cell profiling of immune cell composition and core hub 
genes expression in peripheral blood datasets relevant to insomnia. (A) 
UMAP plot showing the distribution of peripheral immune cells after 
quality control. (B) UMAP clustering of peripheral immune cells into 
11 distinct clusters. (C) UMAP plot colored by annotated cell types, 
including Activated B cells, Neutrophils, CD4⁺ helper T cells, Tissue-
resident CD8⁺ T cells, Resident macrophages, NK cells, cDCs, Inflam-
matory macrophages, Naïve CD8⁺ T cells, Follicular B cells, and 
Naïve CD4⁺ T cells. (D) Overview of cell type specific differentially 
expressed genes in the peripheral blood single-cell dataset. Red and 
blue dots indicate significantly upregulated and downregulated genes, 
respectively, as identified by Seurat FindAllMarkers using adjusted 
p-values. (E) The top five marker genes for each cluster supporting 
cell-type annotation. (F) Comparing the proportions of major immune 
cell types between Control and Insomnia groups. (G) Showing the 
cell type–specific expression patterns of five core hub genes (FN1, 
HMOX1, HSP90AA1, MYD88, NFE2L2)
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uninvolved in insomnia-related pathology. Rather, they sug-
gest that neuroimmune alterations associated with insomnia 
may preferentially localize to brain-border niches and neu-
rovascular interfaces, instead of manifesting as widespread 
parenchymal remodeling (Alves de Lima et al. 2020a, b; 
Castellani et al. 2023; Cugurra et al. 2021; Rustenhoven 
and Kipnis 2022; Sankowski et al. 2024; Xu et al. 2024). It 
should also be noted that the brain single-cell dataset used 
in this study reflected an acute sleep deprivation state of 
approximately 12  h, whereas the peripheral blood dataset 
corresponded to 24/48 h of sleep deprivation. This differ-
ence in sampling time points suggests that insomnia-related 
alterations may exhibit a degree of time-dependent evolu-
tion, such that peripheral abnormalities may precede, or be 
more pronounced than, detectable changes at the central 
level (Sang et al. 2023; Vanrobaeys et al. 2023). Accord-
ingly, our findings to some extent support a “periphery-brain 
border-central nervous system” pattern of alteration, in 
which peripheral inflammatory and oxidative stress-related 
signals may initially act on more vulnerable border-asso-
ciated microenvironments and, under sustained conditions, 
subsequently extend to broader intracerebral changes.

Overall, the present study supports a peripheral-centered 
immune disequilibrium model of insomnia, characterized 
by selective remodeling of innate immune-related cell pop-
ulations, coordinated abnormalities in inflammatory and 
oxidative stress responses, and enhanced intercellular com-
munication. MYD88, HMOX1, HSP90AA1, and NFE2L2 
define a relatively coherent core molecular program, 
whereas FN1 may represent another dimension related to 
tissue-interface remodeling. These findings provide an 
integrated framework for understanding insomnia from a 
peripheral-central neuroimmune perspective and also offer 
a basis for future mechanistic studies and the exploration of 
potential therapeutic strategies.

Limitations and future perspectives

Several limitations of the present study should be acknowl-
edged. First, the peripheral bulk transcriptomic data were 
derived from human samples, whereas both single-cell data-
sets were obtained from mouse sleep deprivation models. 
Accordingly, the inferred peripheral-central relationship 
should be interpreted as an integrative framework spanning 
analytical levels and species, rather than as strictly matched 
direct evidence. Second, the temporal windows differed 
across datasets. The brain single-cell dataset reflected 
approximately 12 h of acute sleep deprivation, whereas the 
peripheral blood dataset corresponded to 24/48 h of sleep 
deprivation. This discrepancy is likely to be important, 
as recent studies have shown that acute sleep deprivation 
induces highly region-specific and directionally heteroge-
neous transcriptional responses in the brain (Vanrobaeys 
et al. 2023), whereas peripheral inflammatory readouts in 
humans tend to become more stable only after more sus-
tained or repeated sleep restriction (Ballesio et al. 2026). 
In addition, the brain dataset used in this study primarily 
represented signals from the brain parenchyma, which may 
have diluted focal alterations arising from the meninges, 
choroid plexus, neurovascular interfaces, or subarach-
noid structures (Alves de Lima et al. 2020a, b; Cugurra et 
al. 2021; Rustenhoven and Kipnis 2022; Sankowski et al. 
2024; Xu et al. 2024). Therefore, the relatively modest cen-
tral alterations observed here likely reflect, at least in part, 
the combined influence of species background, model type, 
duration of sleep deprivation, and anatomical resolution. 
Another limitation that warrants explicit mention concerns 
IL10. Although IL10 was retained as a refined core gene 

Fig. 7  Group-wise expression of core hub genes, immune communica-
tion network, and differentiation trajectory in peripheral blood datas-
ets relevant to insomnia. (A) Split UMAP plots showing the distribu-
tion of peripheral immune cell types in Control and Insomnia groups. 
(B) Comparison of the cell type–specific distribution of the core hub 
genes (FN1, HMOX1, HSP90AA1, MYD88, and NFE2L2) between 
the Control and Insomnia groups. (C) Global cell–cell communica-
tion network depicting ligand–receptor interactions among peripheral 
immune cell populations. (D) Dot plot showing the top 12 signaling 
pathways and their corresponding ligand–receptor interactions across 
immune cell types, with dot size indicating significance and color 
reflecting communication strength. (E) Top 20 ligand–receptor pairs 
with the highest communication strength across all cell types. (F) Top 
20 macrophage-related ligand–receptor pairs, highlighting dominant 
interactions involving resident and inflammatory macrophages, mainly 
with neutrophils, activated B cells, and tissue-resident CD8⁺ T cells. 
(G) Bar plot showing the total number of inferred cell–cell interac-
tions in the Control and Insomnia groups. (H) Bar plot showing the 
overall interaction strength in the Control and Insomnia groups. (I) 
Differential cell–cell communication network comparing the Control 
and Insomnia groups. Red lines indicate interactions increased in the 
Insomnia group, whereas blue lines indicate interactions decreased 
in the Insomnia group. Line thickness represents the magnitude of 
change. Supplementary Figure S2 shows a communication network 
focused on macrophages. (J) Heatmap showing changes in interac-
tion strength between cell-type pairs in the Insomnia group relative 
to the Control group. (K) CytoTRACE2 analysis projected onto the 
UMAP embedding, showing the relative developmental state of cells. 
(L) Boxplot showing the developmental potential scores of cells in the 
Control and Insomnia groups
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Fig. 8  Single-cell atlas in brain tissue datasets relevant to insomnia. 
(A) Harmony-corrected UMAP plot showing mixed distribution of 
cells from different samples. (B) UMAP clustering of brain cells into 
11 distinct clusters. (C) UMAP plot colored by annotated cell types. 
(D) Overview of cluster-specific differentially expressed genes in 
the brain single-cell dataset. Red and blue dots indicate significantly 
upregulated and downregulated genes, respectively, as identified 

by Seurat FindAllMarkers using adjusted p-values. (E) Heatmap of 
cluster-specific marker genes showing distinct transcriptional profiles. 
(F) Stacked bar plots comparing proportions of major brain cell types 
between Control and Insomnia groups. (G) UMAP feature plots show-
ing cell type–specific expression patterns of the five core hub genes 
(FN1, HMOX1, HSP90AA1, MYD88, NFE2L2)
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Fig.  9  Group-wise expression of core hub genes and intracerebral 
cell–cell communication network in brain tissue datasets relevant 
to insomnia. (A) Split UMAP feature plots showing FN1, HMOX1, 
HSP90AA1, MYD88, and NFE2L2 cell type distribution in Control 
and Insomnia groups. (B) Comparison of the cell type–specific distri-
bution of the core hub genes (FN1, HMOX1, HSP90AA1, MYD88, 
and NFE2L2) between the Control and Insomnia groups. (C) Cell-

Chat-derived intracerebral cell–cell communication network high-
lighting major sender and receiver brain cell types. (D) Ligand–recep-
tor interaction matrix summarizing pathway-level communication 
strengths among brain cell populations. (E) Network visualizations of 
12 representative signaling pathways (CADM, CX3C, CypA, GAP, 
MK, NRXN, ApoE, APP, PSAP, ADGRL, Glutamate, PTN) and their 
dominant sender–receiver cell pairs in the brain

 



1 3

  130   Page 24 of 28 Functional & Integrative Genomics          (2026) 26:130 

Fig. 10  Molecular docking of quercetin and resveratrol with core hub 
proteins. (A) Summary of docking scores for quercetin and resveratrol 
with FN1, HMOX1, HSP90AA1, MYD88, and NFE2L2. (B) Chemi-
cal structure of quercetin. (C) Chemical structure of resveratrol. (D) 
Quercetin–FN1 binding pose. (E) Quercetin–HMOX1 binding pose. 

(F) Quercetin–HSP90AA1 binding pose. (G) Quercetin–MYD88 
binding pose. (H) Quercetin–NFE2L2 binding pose. (I) Resveratrol–
FN1 binding pose. (J) Resveratrol–HMOX1 binding pose. (K) Res-
veratrol–HSP90AA1 binding pose. (L) Resveratrol–MYD88 binding 
pose. (M) Resveratrol–NFE2L2 binding pose
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at the bulk transcriptomic and machine-learning levels, it 
was not stably detected in the single-cell datasets. Given 
that IL10 is a low-abundance, transient, and highly state-
dependent secreted cytokine, this result most likely reflects 
the limited sensitivity of single-cell platforms for capturing 
sparsely expressed transcripts, rather than indicating a lack 
of biological relevance (Glass et al. 2022; Qiu 2020).

Despite these limitations, the present study also suggests 
two potentially meaningful translational directions. First, 
the refined six-gene signature, together with the more con-
densed core hub gene set, may serve as candidate peripheral 
blood biomarkers for identifying an immune-dysregulated 
subtype of insomnia. Second, computational drug predic-
tion, molecular docking, and molecular dynamics analyses 
consistently highlighted quercetin and resveratrol as can-
didate compounds. Although quercetin showed stronger 
overall docking performance, resveratrol was also robustly 
prioritized and demonstrated stable target engagement; 

moreover, its in vitro effects in THP-1 macrophages sup-
ported both anti-inflammatory and antioxidant regula-
tory properties. These findings suggest that targeting the 
inflammation-oxidative stress coupling axis may represent 
a feasible therapeutic strategy for insomnia-related immune 
disequilibrium.

Future studies would benefit from matched peripheral-
central sampling designs, longer observation windows, and 
single-cell or spatial omics analyses with finer anatomical 
resolution. Particular attention should be directed toward 
brain-border compartments, neurovascular interfaces, and 
immune-cell state transitions (Alves de Lima et al. 2020a, 
b; Cugurra et al. 2021; Rustenhoven and Kipnis 2022; 
Sankowski et al. 2024; Xu et al. 2024), in order to more 
precisely define the temporal dynamics, key cellular inter-
faces, and potential therapeutic targets underlying insom-
nia-related immune disequilibrium.

Fig.  11  Molecular dynamics simulations of quercetin and resvera-
trol complexes with NFE2L2 and HSP90AA1. (A) Time evolution 
of backbone RMSD for NFE2L2–quercetin, NFE2L2–resveratrol, 
HSP90AA1–quercetin, and HSP90AA1–resveratrol complexes. (B) 
Radius of gyration (Rg) profiles for the four protein–ligand complexes 

over 100 ns simulations. (C) Solvent-accessible surface area (SASA) 
trajectories of the four complexes. (D) Time-dependent changes in 
the number of hydrogen bonds formed between proteins and ligands. 
(E) RMSF plots showing residue-level fluctuations of NFE2L2 and 
HSP90AA1 in complex with quercetin and resveratrol
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Fig.  12  Resveratrol modulated LPS-induced alterations in MYD88, 
HMOX1, and HSP90AA1 expression in THP-1 macrophages. (A) Cell 
viability of THP-1 macrophages treated with different concentrations of 
resveratrol (0, 5, 10, 25, 50, and 100 μM), as determined by the CCK-8 
assay. (B) Representative Western blot bands showing the protein 
expression of HMOX1 (HO-1), MYD88, and HSP90AA1 (HSP90α) 
in the Control, LPS, and LPS + resveratrol groups. (C) Quantitative 

analysis of HMOX1, MYD88, and HSP90AA1 protein expression. 
(D) qRT-PCR analysis of HMOX1, MYD88, and HSP90AA1 mRNA 
expression in the Control, LPS, and LPS + resveratrol groups. Data are 
presented as mean ± SD from at least three independent experiments. 
Statistical analysis was performed using one-way ANOVA followed 
by Tukey’s post hoc test. Significance is indicated as ns, not signifi-
cant; *P < 0.05; **P < 0.01; ***P < 0.001; ****P < 0.0001
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