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Integrative analysis via bioinformatics

and machine learning identifies SERPINGT1 as
a biomarker candidate for major depressive
disorder

Xiaokui Yuan' and Tong Wang'"

Abstract

Background Major Depressive Disorder (MDD) represents a grave mental affliction characterised by intricate
pathological mechanisms and an elevated susceptibility to neurodegeneration. This study aims to integrate machine
learning and bioinformatics analysis to identify potential biomarkers related to the pathogenesis of MDD and to
elucidate the genes that have a causal association with this disease.

Methods The training dataset was formed by merging two GEO datasets (GSE52790 and GSE98793), while the
validation dataset included GSE44593 and GSE54564. Bioinformatics methods such as WGCNA, PPI, SMR, and 113
machine learning models (113 different algorithms) were employed in this study.

Results In the course of this study, a total of 20 hub genes were identified. Through machine learning screening,

the Lasso +RF model surfaced as the preeminent diagnostic model, registering an AUC value of 0.807 for the
SERPINGT gene. Colocalisation analysis unveiled a pronounced upregulation in the expression levels of the pivotal
gene, SERPING1, among patients afflicted with MDD. Moreover, Summary-data-based Mendelian Randomisation
(SMR) analysis elucidated a substantial positive correlation between SERPING1 and an incresaed risk of MDD, thereby
suggested its prospective function in impeding the pathological progression of MDD via the modulation of pertinent
pathways.

Conclusions By amalgamating bioinformatics analysis, machine learning, colocalisation analysis, and SMR analysis,
this study designated SERPING1 as a potential cardinal gene and biomarker implicated in MDD pathogenesis. These
discoveries accentuate the clinical applicability of SERPINGT1 as a diagnostic biomarker for MDD.
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Introduction

Major depressive disorder (MDD) is a severe mental
health condition with significant implications for indi-
viduals and society as a whole [1, 2]. Epidemiological
data indicate that in the United States, the lifetime preva-
lence of MDD is approximately 17% in men and 30% in
women, with a 9% prevalence in the general adult popu-
lation. Despite the rising global incidence of depression,
treatment rates remain alarmingly low, with only 9.5% of
patients receiving any form of treatment and a mere 0.5%
achieving full treatment adherence [3]. Moreover, the
prevalence of depression is also increasing among adoles-
cents and students, presenting new challenges for disease
prevention and control [4].

Currently, the clinical diagnosis of MDD primar-
ily relies on comprehensive clinical history-taking and
structured or semi-structured patient interviews, supple-
mented by standardized rating scales (e.g., the Hamilton
Depression Rating Scale) and necessary imaging exami-
nations to rule out organic lesions and quantify symptom
severity [5]. However, these methods remain confined
to phenomenological descriptions and lack specific
biomarkers to assist in objective diagnosis [6]. At pres-
ent, there are no widely recognized specific biomarkers
applied in clinical practice, limiting the sensitivity and
specificity of diagnosis and hindering early identification
and personalized intervention [7]. Given the increasingly
severe epidemiological trends of MDD, the development
of novel biomarkers holds significant clinical importance
for enhancing the objectivity and precision of clinical
diagnosis.

In recent years, the substantial expansion of public
databases and the rapid advancement of bioinformatics
technologies have provided a novel research avenue for
systematically elucidating the molecular pathogenesis of
diseases and precisely identifying key molecular targets
[8, 9]. The integrated application of multi-omics data and
cutting-edge machine learning algorithms has enabled
the rapid and accurate extraction of critical molecular
information closely associated with disease onset and
progression from vast biological datasets, thereby signifi-
cantly deepening our understanding of the aetiology and
disease progression [10]. Additionally, research in physi-
ological signal processing and multimodal fusion tech-
nology has also provided new ideas for the diagnosis and
classification of diseases such as MDD. For instance, the
multimodal large language learning model (LLM) based
on electroencephalogram (EEG) and physiological sig-
nals, constructed by Shen et al., can be used for the iden-
tification and intervention of mental disorders (such as
MEF2-Net and WDANet et al.) [11-14]. It can also greatly
assist in clinical diagnosis and disease management.

In this study, we employed a multi-faceted analytical
approach, including differential gene screening, Weighted
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Gene Co-expression Network Analysis (WGCNA), and
the Summary-data-based Mendelian Randomization
(SMR) method, to thoroughly investigate the pathologi-
cal mechanisms of MDD [15]. Our primary objective
was to precisely identify key genes directly implicated
in disease pathogenesis and systematically evaluate their
potential as biomarkers and therapeutic targets. Initially,
we comprehensively collected and meticulously analysed
RNA sequencing datasets related to MDD from the GEO
database, successfully screening a series of differentially
expressed genes (DEGs) through gene expression dif-
ferential analysis. Subsequently, the WGCNA approach
was utilised to further pinpoint the most disease-relevant
candidate genes [16]. Concurrently, a protein-protein
interaction (PPI) network was constructed to precisely
identify the hub genes within it. To develop a highly
accurate diagnostic model, we employed 113 machine
learning algorithms to conduct a comprehensive evalu-
ation of the diagnostic performance of the candidate
genes, accompanied by Receiver Operating Characteris-
tic (ROC) curve analysis [17]. Furthermore, we system-
atically validated the causal relationship between the key
genes and MDD risk by integrating colocalisation analy-
sis with the SMR method.

This study innovatively combined bioinformatics analy-
sis with causal inference methods, not only clearly elu-
cidating the central role of the SERPING1 gene in the
pathological progression of MDD but also robustly con-
firming its strong association with an increased risk of
developing the disorder. These significant findings pro-
vided a fresh perspective for deepening our understand-
ing of pathogenesis and lay a solid theoretical foundation
for the development of early diagnostic tools based on
key genes and the formulation of clinical intervention
strategies.

Methods and materials

Integration of GEO datasets and analysis of DEGs
RNA-sequencing datasets pertinent to MDD (GSE52790
and GSE98793) were sourced from the GEO database (
https://www.ncbi.nlm.nih.gov/geo/). The study cohorts
encompassed 74 normal control specimens and 140
MDD specimens, with data acquisition finalized on
December 5, 2025. Initial data normalization was exe-
cuted employing the “limma” and “sva” packages within
the R programming environment (as depicted in Figure
S1). Following this, differential expression analysis was
carried out using the “limma” and “DESeq2” packages.
This analytical process led to the identification of 1,847
DEGs. For the purpose of visualizing the analytical out-
comes, the “pheatmap” and “ggplot2” packages were uti-
lized. Main parameter settings of differential expression
analysis: log2 fold change (log2FC) > 0.1 and false discov-
ery rate (FDR) <0.05.
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Weighted gene co-expression network analysis of DEGs
The integrated dataset underwent WGCNA via the appli-
cation of the “limma” and “WGCNA” packages within
the R software environment (Main parameter settings:
MEDissThres=0.25, minModuleSize=60.). Through
this analytical approach, disease-associated gene mod-
ules were successfully identified, from which a gene set
demonstrating the utmost relevance to the disease was
extracted. Subsequently, the intersection between this
disease-related gene set, comprising 299 genes, and the
set of DEGs (1,847 genes in total) was determined. This
intersection analysis yielded 170 pivotal genes. To visu-
ally represent the overlapping gene subsets, a Venn dia-
gram was generated utilizing R.

KEGG and GO enrichment analyses

To gain deeper insights into the potential biological roles
of the 170 overlapping genes, we performed GO enrich-
ment analysis. This analysis covered three fundamental
domains: biological processes (BP), cellular components
(CC), and molecular functions (MF), describing the
activities occurring at the molecular level. Simultane-
ously, we utilized the KEGG (https://www.genome.jp/ke
gg/) to dissect the signaling pathways potentially impli-
cated in the overlapping targets. A p-value<0.05 was
considered statistically significant.

Construction of PPl network and identification of hub
genes

A protein-protein interaction (PPI) network was metic-
ulously constructed for the 170 overlapping genes by
leveraging the STRING database (https://string-db.org/).
In this process, Homo sapiens was specified as the target
species, and an interaction score threshold of 0.9 (high-
est confidence). The generated network was subsequently
imported into Cytoscape for visualization and scoring.
The cytoHubba plugin integrated within Cytoscape was
employed to pinpoint hub genes. The top 20 scoring tar-
gets were designated as hub genes for subsequent analy-
ses, and the PPI network was visualised accordingly.

Construction of machine learning diagnostic model and
ROC curve

To identify the most effective diagnostic model, we sys-
tematically trained the 20 identified hub genes using
a comprehensive panel of 113 distinct machine learn-
ing diagnostic models (Detailed information of 113
algorithms was listed in Table S2). These “113 machine
learning models” refer to 113 distinct algorithms used
to screen for key gene sets that can distinguish between
diseases and healthy conditions. This ensemble encom-
passed a diverse range of model types, including glm-
Boost + SVM, Ridge regression, Lasso + SVM, et al.
The training dataset was amalgamated from two GEO
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datasets (GSE52790 and GSE98793), and during the
calculation of the internal AUC of the training data,
cross-validation was conducted after feature selection
and scaling (as shown in the train module in Fig. 3). In
addition, two independent datasets (GSE44593 and
GSE54564) were used for external CV and model evalu-
ation [18-21]. As illustrated in the GSE44593 module
and GSE54564 module in Fig. 3. All statistical analyses
and visualisations were conducted using R, incorpo-
rating packages such as “mixOmics’, “survcomp’; and
“ComplexHeatmap” The Lasso + RF model emerged as
the optimal diagnostic model, with the specific genes
included in the model detailed in Table S1. Besides, we
conducted the DeLong test on the top 5 machine learn-
ing models to conduct a comparison among these mod-
els. Subsequently, differential expression bar plots for the
genes within the optimal model were generated using the
“reshape2’; “ggpubr’, and “PerformanceAnalytics” pack-
ages in R. ROC curves for the genes in the optimal model
were constructed utilising the “glmnet” and “pROC”

packages.

Colocalisation analysis

Exposure data were retrieved from the GWAS database
(https://gwas.mrcieu.ac.uk/), while outcome data (fin
ngen_R12_F5_DEPRESSION_DYSTHYMIA .gz) were
obtained from the FinnGen database (https://www.fin
ngen.fi/en/access_results) [22]. Bayesian colocalisation
analysis was subsequently performed to assess the con-
sistency of causal variants between the exposure and
outcome. This analysis evaluated five competing causal
hypotheses: HO (no association), H1 (exposure-specific
effect), H2 (outcome-specific association), H3 (pleiotropy
with variant heterogeneity), and H4 (shared causal vari-
ant). A posterior probability for H4 (PPH4) exceeding the
threshold of 0.7 was considered statistically significant,
indicating colocalization through a shared pathogenic
mechanism [23]. The analysis was conducted using the
“COLOC” package.

SMR analysis

The SMR platform was implemented on a Linux oper-
ating system for analytical purposes. Heterogeneity of
experimental variables was evaluated using the HEIDI
test. For causal inference analysis, eQTLs were utilized
as exposure variables, supplemented with GWAS results
obtained from the Finn database. The analysis was con-
ducted using default SMR parameters, incorporating
false discovery rate (FDR)-corrected multiplicity adjust-
ment (a <0.05) alongside HEIDI-based pleiotropy screen-
ing (empirical p-value<0.05).
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Results

Identified DEGs related to MDD

We initially analyzed RNA-sequencing datasets from the
Gene Expression Omnibus database to identify DEGs
between MDD and control tissues. As shown in Fig. 1A
and B, distinct gene expression profiles were observed
between MDD and control groups. A total of 1,847 DEGs
were identified, with a log2 fold change (log2FC) > 0.1
and false discovery rate (FDR) < 0.05 (Fig. 1A and B) [24].
Among these, 799 genes exhibited upregulation, while
1,048 genes showed down-regulation in MDD-affected
tissues (Fig. 1B).

WGCNA identified key modules among DEGs that
exhibited close associations with MDD

As shown in Fig. 1C and D, the MEyellow, MEblue,
MEgrey, and MEbrown modules demonstrated signifi-
cant positive correlations with MDD (R>0.5, p<0.05).
Additionally, the distribution of gene significance val-
ues showed significant variation across these modules
(p<0.05). Subsequent intra-module analysis revealed a
strong positive correlation between module member-
ship and gene significance in the MEgrey module (R=0.7,
p<0.05) (Fig. 1E). Consequently, the 299 genes compris-
ing the MEgrey module were designated as MDD-related
genes for subsequent analyses.

Substantial overlap between key modules indicates a

close relationship between the biological functions and
pathways associated with MDD

To identify shared genetic components, the intersection
between the WGCNA modules and the DEGs with sig-
nificant positive correlations was determined. A total of
170 genes were identified as common to both the MEgrey
module of WGCNA and the DEG set (Fig. 1F). Subse-
quently, these intersecting genes underwent GO and
KEGG enrichment analyses. GO enrichment analysis
revealed that the 170 genes were significantly enriched
for biological processes including defense response to
virus, secretory granule lumen, immune receptor activ-
ity, cell killing, and cytoplasmic vesicle lumen (Fig. 2A).
KEGG pathway analysis demonstrated that these genes
were predominantly involved in pathways such as phago-
some formation, antigen processing, and transcriptional
misregulation in cancer signaling (Fig. 2B).

Integrate the analysis of the PPl network with machine
learning to select the optimal diagnostic model for MDD
The Degree algorithm in Cytoscape was employed to
construct an interactive network of genetically domi-
nant PPIs, identifying the 20 most influential key genes.
Machine learning-based integration of the expression
profiles of these 20 genes was performed to filter key
genes associated with MDD (Figs. 2C and D and 3). In
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this study, a total of 113 predictive classification machine
learning models were applied to both training and test-
ing datasets using a cross-validation framework. Among
these, the Lasso + RF algorithm achieved the highest AUC
score of 0.73 in both the training and testing groups,
thereby being identified as the most effective classifica-
tion model (Fig. 3). Consequently, a set of characteris-
tic genes (as detailed in Table S1) were identified using
the Lasso + RF algorithm. Furthermore, the DeLong test
for the first 5 machine learning models revealed that the
Lasso + RF model was significantly superior to the other
models (p=0.023) (Table S3). This further indicated that
the Lasso + RF model was the optimal machine learning
model. The expression levels of these genes in the best
diagnostic model were compared between the MDD
group and the control group (Fig. 4A). Additionally,
ROC curve analysis of the model genes (Fig. 4B) revealed
that the areas under the curves for most genes (includ-
ing MMP8, SERPING1, SIGLEC1, CXCL10, MPO, and
IF127) exceeded 0.75, suggesting their potential utility in
distinguishing healthy individuals from MDD patients.

The elevated level of SERPINGT1 is positively correlated with
the risk of the MDD

To investigate the potential of genetic biomarkers asso-
ciated with genetic variation, the SMR analysis was
conducted using eQTL data and GWAS data from the
FinnGen database, followed by HEIDI test analysis
(Fig. 5). Additionally, after applying Bonferroni correc-
tion and performing colocalization analysis, the SERP-
ING1 gene was identified as being significantly associated
with MDD risk (Fig. 6). Subsequently, we performed an
intersection analysis between the genes selected from the
optimal diagnostic model and those identified through
SMR analysis, ultimately identifying the intersecting
gene SERPING1 (Fig. 7A, B). Furthermore, the scatter
plot generated from the SMR analysis demonstrated a
negative correlation between SERPING1 expression and
MDD risk (P<0.05) (Fig. 7C). Consequently, elevated lev-
els of SERPING1 gene expression were found to be asso-
ciated with an increased risk of developing MDD.

Discussion

This work sought to integrate and apply multiple bioin-
formatics methodologies to investigate the pathologi-
cal mechanisms underlying MDD and identify potential
biomarkers. By employing a comprehensive analytical
framework that incorporated differential gene expression
screening, WGCNA, machine learning algorithms, and
SMR analysis, we systematically identified SERPINGI as
a pivotal molecular in MDD pathogenesis. The diagnostic
potential of SERPING1 for MDD was further character-
ized through ROC curve analysis.
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The integrated bioinformatics methodologies employed
in this study were designed to simultaneously capital-
ize on their respective significant advantages. First, this
modular screening approach, which combines WGCNA,
PPI analysis, and SMR technology, mitigates the inher-
ent randomness associated with single-gene analysis.
Furthermore, a rigorous cross-validation framework was
established through the implementation of 113 distinct
machine learning models, thereby enhancing diagnostic
specificity. Additionally, by utilizing genetic variations as
instrumental variables, confounding environmental fac-
tors were effectively controlled, enabling the establish-
ment of robust causal inference between genetic loci and
disease manifestations. The comprehensive application of
these diverse analytical techniques effectively addresses
the limitations inherent in any single methodology while

providing novel insights into the pathophysiological
mechanisms of MDD.

MDD (as a prevalent psychiatric condition) is charac-
terized by a complex pathophysiology involving dysregu-
lated molecular networks [25]. Extensive research has
demonstrated that the pathogenesis of MDD is closely
associated with dysfunctions in neurotransmitter systems
and impairments in neurotrophic factor signaling path-
ways et al. [26]. The intricate interplay among these path-
ological mechanisms presents substantial challenges for
the early diagnosis of MDD. The findings from this study
not only advance our comprehension of the molecular
underpinnings of MDD but also furnish a critical founda-
tion for the development of novel diagnostic approaches
and therapeutic targets.
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Fig. 5 SMR analysis based on eQTL data and large-scale GWAS data (Finngen database). Manhattan plot showing genes associated with Major Depres-

sive Disorder

The SERPINGI1 gene, located on chromosome 11,
encodes C1 esterase inhibitor (C1-INH), a pivotal ser-
ine protease inhibitor that plays a critical regulatory role
in the complement system, kinin system, and coagula-
tion cascade [27-29]. The protein it encodes regulates
immune homeostasis by modulating serine proteases
such as Cls and Clr [30, 31]. In neurodegenerative dis-
eases, oxidative stress and neuroinflammation are cen-
tral pathogenic mechanisms. SERPING1 may participate
in disease progression by modulating the complement
system and thereby influencing neuroinflammatory

responses. SERPING1 may participate in disease devel-
opment by modulating the complement system, thereby
influencing neurotoxic inflammatory responses [32].
Research by Amal Bouzid et al. identified LCN2, OLFM4,
SERPINGI, TCN1, and THBS1 as potential diagnostic
biomarkers for MDD, capable of predicting depressive
episodes [33]. The SERPINGI1 gene may also be a risk
gene for schizophrenia [28].

Within the central nervous system, Serpingl expression
is localised to astrocytes [32, 34]. In acute central nervous
system injury and chronic neurodegenerative diseases,
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Fig. 7 Identification of key genes from diagnostic model genes and SMR analysis. (A) Overlap between up-regulated model genes and high-risk genes.
(B) Overlap between down-regulated model genes and low-risk genes. (C) Scatter plot from SMR analysis demonstrating a positive association between

SERPING1 expression and the risk of Major Depressive Disorder

neuronal damage coincides with a reactive astrocyte
response in the human body [35]. Furthermore, astro-
cyte dysfunction, following dopaminergic neuronal loss
and a-synuclein accumulation, increases the expression
of proteins including SerpinG1, complement component
C3, PSMBS, and GBP2 [36]. Additionally, the SERPING1
gene has been associated with immune cell infiltration
and may drive the hypoxic phenotype in necrotic glio-
blastoma, thereby influencing hypoxia-induced glioma
stem cell properties [37].

While this study demonstrates the robust diagnostic
performance of SERPING1 (AUC=0.807), its specific-
ity as a biomarker requires further validation. Future
research should incorporate larger and more diverse
datasets to clarify the clinical utility of SERPING1 in the
early diagnosis of MDD. However, our findings are sub-
ject to several limitations. First, the restricted sample
size of the MDD cohort derived from the GEO database
may limit the generalizability of the results. Second, the
observations are primarily derived from computational
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bioinformatics analyses and thus require validation
through direct clinical and experimental studies.

Conclusion

This study, employing an integrated approach combin-
ing bioinformatic analysis with multiple machine learn-
ing algorithms, identified significant underexpression
of the SERPING1 gene in MDD, suggesting its poten-
tial utility as a diagnostic biomarker. Furthermore, SMR
analysis utilizing eQTL data demonstrated a significant
positive correlation between SERPING1 expression lev-
els and MDD risk. These findings highlight the potential
of SERPINGI1 as a biomarker for MDD, offering novel
perspectives for early diagnosis and advancing related
research avenues.
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