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Mendelian randomization and
transcriptome analysis reveal
depression-driven regulatory
patterns of the immune
microenvironment in myocardial
infarction and heart failure
Zihao Zhou1†, Xiaotongning Yu1†, Yani Jin1, Ziyi Liu1,
Guoqiang Liang1, Ben Ma1, Anqi Hou1, Tongfei Gu1,
Na Xu2* and Shuo Sun1,3*

1School of Life Sciences, Jining Medical University, Rizhao, China, 2School of Modern Chinese
Medicine Industry, Chengdu University of Traditional Chinese Medicine, Chengdu, China,
3Department of Cardiology, Sir Run Run Shaw Hospital, School of Medicine, Zhejiang University,
Hangzhou, China
Background: Major depressive disorder (MDD) and cardiovascular diseases (CVD)
are mutually amplifying global health burdens, yet the causal directions and
immune-determined molecular substructures that link MDD to myocardial
infarction (MI) and heart failure (HF) remain poorly resolved.
Methods: Bidirectional two-sample Mendelian randomization (MR) was applied
to large-scale GWAS (1.35 million MDD; 361 K MI; 977 K HF) followed by
replication in 11,004 NHANES 2005–2020 participants using restricted cubic
splines and multivariable logistic regression. Multi-cohort transcriptomics
(peripheral blood microarray n = 447; in-house RNA-seq n = 14; left-
ventricular tissue from dilated cardiomyopathy (DCM) patients (n = 332) were
integrated to identify MDD-driven expression signatures. LASSO regression,
CIBERSORT, ssGSEA, consensus clustering and GSVA were employed to derive
diagnostic gene panels and immune endotypes.
Results: MR analyses provided genetic evidence consistent with a directional
effect of MDD on MI (IVW b = 0.01, P = 4.6 × 10� 6) and HF (IVW b = 0.19, P = 1.3 ×
10� 6) without reverse causation. Depression (PHQ-9 � 10) has a dose-dependent
nonlinear association with MI and HF (P<0.0001), with adjusted odds ratios (OR)
of 1.80 (95% CI: 1.07-3.05) and 2.41 (95% CI: 1.45-4.00), respectively. A total of
202 MDD-related genes were identi�ed through integrated transcriptomic
analysis. After cross validation with the MI/HF dataset, six robust biomarkers
(TMEM43, C1orf174, L3MBTL4, OR52N4, SLC25A20, MISP3) were screened. Risk-
score models discriminated MI (AUC = 0.90–1.00) and HF (AUC = 0.95) in
peripheral blood, but HF discrimination in cardiac tissue was modest (AUC =
0.60). Consensus clustering on 184 MDD-correlated genes strati�ed each CVD
into two reproducible subtypes: a “homeostatic/pro-�brotic” cluster enriched for
ribosomal and cell-cycle pathways and an “in�ammatory-metabolic” cluster
characterized by NF-kB, TNF-a, IL-6, complement and coagulation activation.
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Conclusions: Genetic, epidemiological, and multi-omic evidence supports
a directional association between MDD and increased risk of MI and HF.
We deliver reproducible blood-based gene panels and immune endotypes that
dissect biologically distinct MDD-CVD substructures, offering actionable targets
for precision immunomodulatory therapy in cardio-depressive comorbidity.
KEYWORDS

cardiovascular disease, immune microenvironment, major depressive disorder,
mendelian randomization, transcriptomics
1 Introduction
Cardiovascular diseases (CVD) and mental health disorders

(MHD) are among the leading causes of mortality and disability
worldwide, consistently occupying a central position in the global
disease spectrum (1, 2). In recent years, growing evidence has
shown a high comorbidity between CVD and MHD, with shared
genetic susceptibilities and environmental exposures. Moreover,
these conditions may interact through mechanisms such as
neuroendocrine regulation, in�ammatory responses, and lifestyle
changes (3). CVD encompasses various clinical conditions,
primarily including hypertension, coronary artery disease (CAD),
heart failure (HF), myocardial infarction (MI), stroke, and atrial
�brillation. Among these, HF and MI are two major subtypes, both
exhibiting high prevalence and mortality, posing serious threats to
human health (1, 2). MHD represents a highly heterogeneous group
of neuropsychiatric disorders, including major depressive disorder
(MDD), bipolar disorder (BD), schizophrenia (SCZ), and autism
spectrum disorder (ASD) (3). Cohort analyses from the All of Us
project have demonstrated that MDD and BD signi�cantly increase
the risk of future HF and composite CVD events, particularly in
female patients (4). Additionally, behavioral cardiology reviews
have noted that the comorbidity of CVD and MHD not only
adversely affects prognosis but also increases the overall health
burden (5). Among MHD, MDD is one of the most common and
disabling disorders, affecting approximately 5% of adults globally,
and signi�cantly impairing quality of life and social functioning (6,
7). Numerous studies have reported a higher risk of MHD in
patients with CVD (8), with prevalence varying according to the
impact of CVD on life expectancy and quality of life (5). Upcoming
cardiac surgery is also an important trigger for certain cognitive and
emotional responses in CVD patients (9).

Studies investigating the causal direction between MHD and
CVD have yielded inconsistent conclusions across clinical, cohort,
and Mendelian randomization (MR) studies. The prevalence of
MHD is higher in CVD patients than in the general population,
leading some researchers to hypothesize that CVD may causally
contribute to MHD development (5). Cohort studies have indicated
a positive association between MHD and CVD after adjusting for
demographic factors (e.g., age, race, sex, and education) and
02
potential risk factors (e.g., smoking, alcohol consumption,
dyslipidemia, and hypertension) (10). Interestingly, some MR
studies suggest a unidirectional causal effect of genetic MHD on
genetic CVD, with no evidence of reverse causation (10–12).
However, most previous MR studies focused on a single MHD
(e.g., MDD) and generalized CVD phenotypes, lacking systematic
causal veri�cation of multiple MHD subtypes (e.g., BD, SCZ) on key
CVD subtypes (MI and HF). Additionally, clinical and cohort
studies cannot completely rule out confounding factors such as
occult in�ammation and medication interference, making the
causal direction controversial and unresolved.

The comorbidity mechanisms of MHD and CVD are
complex and remain under active investigation. Some studies
propose that autonomic nervous system dysfunction represents
a shared factor. In genetically predisposed individuals, CVD-
induced autonomic imbalance may trigger MHD onset (5).
Transcriptomic studies have shown that, compared to controls,
MHD patients exhibit upregulation of TNF-a and IL-6 signaling
pathways and a prothrombotic state. These proin�ammatory
abnormalities may promote atherosclerotic lesions and exacerbate
endothelial dysfunction (5). Postoperative MHD may be related to
in�ammatory processes, such as elevated levels of proin�ammatory
cytokines inducing neuroin�ammation, as well as altered
cytochrome C-cardiolipin peroxidase function and hypothalamic-
pituitary-adrenal (HPA) axis dysregulation, which can enhance
stress and cortisol responses (13, 14). Moreover, immune-
in�ammatory responses triggered by MI and MHD can interact,
contributing to disease onset or progression. For instance, MI-
activated immune responses may alter blood-brain barrier
permeability, inducing neuroin�ammation and potentially leading
to MDD (15). Notably, existing mechanistic studies are mostly
single-dimensional, failing to integrate immune microenvironment
characteristics (e.g., immune cell in�ltration in peripheral blood and
cardiac tissue) with classical pathways. Moreover, the speci�c
molecular chains by which MHD-related genes regulate immune-
metabolic pathways to affect CVD progression remain unclear, and
there is a lack of systematic analysis of heterogeneous mechanisms
underlying different MHD-driven CVD. Furthermore, few studies
have explored molecular strati�cation of CVD based on MHD-
related genes, which limits the understanding of individual
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differences in MHD susceptibility among CVD patients. Subtype
classi�cation plays an important role in revealing underlying
biological differences and guiding individualized therapy. This
approach has been widely applied in comorbidity research,
though only a few studies have proposed stratifying CVD based
on key MHD genes (16). Selecting appropriate MHD-related genes
for CVD strati�cation may hold signi�cant future value.

Given the ongoing debate regarding the causal relationship and
molecular mechanisms between MHD and CVD, and the
aforementioned research gaps (i.e., lack of systematic causal
veri�cation of multiple MHD-CVD subtypes, insuf�cient
exploration of immune microenvironment-mediated mechanisms,
and absence of gene-based CVD molecular strati�cation), this study
systematically explores these associations using multi-dimensional
data and approaches. Leveraging large-scale genome-wide
association study (GWAS) data, we performed MR analyses to
investigate the causal effects of six MHD on MI and HF, which �lls
the gap of previous MR studies focusing on single MHD and
generalized CVD phenotypes, and combined these with cohort
analysis from the U.S. National Health and Nutrition
Examination Survey (NHANES) to evaluate MDD-CVD
associations. We further analyzed multiple peripheral blood and
cardiac tissue transcriptomic datasets to perform differential
expression analysis, least absolute shrinkage and selection
operator (LASSO) feature selection, and immune in�ltration
assessment, identifying MDD-associated key CVD risk genes.
This integrates immune microenvironment analysis with
transcriptomic pro�ling, addressing the lack of multi-dimensional
mechanistic exploration in previous studies. Cluster analysis
revealed two MDD-related expression patterns in CVD patients,
and gene set variation analysis (GSVA) along with functional
enrichment analyses elucidated the heterogeneous mechanisms of
immune regulation, metabolism, and in�ammation. Different from
previous studies that lacked molecular strati�cation, this study �rst
realizes gene-based strati�cation of CVD patients related to MHD,
providing a basis for personalized diagnosis and intervention.
2 Materials and methods

2.1 MR analysis of MHD and CVD

This study utilized publicly available summary-level datasets from
the Psychiatric Genomics Consortium (PGC) and other consortia. We
collected GWAS datasets on six MHD and two CVD. The six MHD
included Alzheimer’s disease (AD) (n = 457,811), AD (n = 46,351),
BD (n = 352,006), MDD (n = 1,345,483), Parkinson’s disease (PD)
(n = 482,730), and SCZ (n = 320,404). The two CVD included MI (n =
361,194) and HF (n = 977,323). All datasets included only patients of
European ancestry (Supplementary Table S1). The analysis process is
presented in Supplementary Figure S1.

MR analyses were conducted within the TwoSampleMR
framework (V0.6.6) using two models. The primary method was
the inverse-variance weighting (IVW) model (17), supplemented by
the MR-Egger model. The intercept obtained from MR-Egger
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regression was used to assess the presence of horizontal
pleiotropy (18). Heterogeneity was evaluated by Cochran’s Q test
(p < 0.05 indicating signi�cant heterogeneity) (19). In addition to
the IVW and MR-Egger models, we performed a set of
complementary sensitivity analyses, including the weighted
median, weighted mode, and MR-PRESSO (Global Test and
Outlier Test) to evaluate the robustness of causal estimates and
detect potential horizontal pleiotropy. For MR-PRESSO, outlier
SNPs were removed when detected, and causal estimates were
recalculated using the outlier-corrected models. We applied false
discovery rate (FDR) correction using the Benjamini–Hochberg
procedure. Signi�cant associations were determined based on p-
values from the IVW model. In the exposure datasets, single
nucleotide polymorphisms (SNPs) reaching genome-wide
signi�cance (p < 5 × 10-8) were selected as instrumental variables
(IVs), with linkage disequilibrium thresholds set at r� < 0.001 within
a 10,000 kb window. Weak IVs (F > 10) were excluded to obtain
independent IVs. Reverse MR analysis is performed on the disease
of interest to explore its reverse causal relationship.

The primary endpoints were prede�ned as the causal effects of
MDD on MI and HF, based on prior epidemiological and
mechanistic evidence. MR analyses of the remaining psychiatric
disorders (AD, ASD, BD, PD, SCZ) were treated as secondary
exploratory endpoints. Effect estimates were reported as beta
coef�cients (b) or odds ratios (OR), representing the causal effect
on the outcome per unit increase in the log-odds of genetic liability
to the exposure.
2.2 NHANES-based cohort study of
depression and CVD

The NHANES is a nationwide survey designed to collect
comprehensive data on the nutrition and health status of the U.S.
population. The dataset is publicly available and collected under
ethical standards, including informed consent from all participants.
Detailed descriptions of the study design and NHANES data are
available at: “www.cdc.gov/nchs/nhanes/”. All procedures adhered
strictly to ethical guidelines and regulations. We analyzed NHANES
datasets from 2005 to 2020, initially including 76,496 participants.
Missing values in demographic and behavioral covariates were
handled using listwise deletion; no imputation was performed.
Exclusions were applied as follows: 33,084 participants under 20
years old, 4,433 participants missing data on race, marital status,
education, or income, 27,805 participants missing data on smoking,
alcohol use, BMI, or prescription medication use, 105 participants
missing depression screening scores based on the Patient Health
Questionnaire-9 (PHQ-9) and 65 participants missing data on
CVD. Participants with PHQ-9 scores � 10 were de�ned as
having depression. This cutoff is the standard clinical threshold
for identifying moderate-to-severe depression, possessing high
sensitivity and speci�city for detecting Major Depressive Disorder
(20), and is recommended for depression screening in
cardiovascular populations (21). A baseline demographic
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characteristics table was constructed using the complete dataset
with all covariates.

NHANES data from 2005–2020 were merged across seven
survey cycles. Following NHANES analytic guidelines, variables
were harmonized across cycles and combined interview sampling
weights were constructed. For interview-based outcomes (MI and
HF), we used the 2-year interview weight (WTINT2YR) for 2005–
2016 and the subsample interview weight (WTINTPRP) for 2017–
2020. To create multi-cycle pooled weights, each cycle-speci�c
weight was divided by the total number of survey years (15.2 years).

To explore potential nonlinear relationships between
depression and CVD risk, we applied restricted cubic spline
(RCS) with 4 knots models. All analyses were performed using R
software (version 4.3.2), with statistical signi�cance de�ned as p <
0.05. Subsequently, weighted logistic regression models were used to
evaluate associations between depression and HF, CAD, angina
pectoris (AP), and MI, yielding odds ratio (OR) and 95% con�dence
interval (CI). Three hierarchical models were �tted using svyglm()
with quasibinomial family. Variables were analyzed in three models:
Model 1 (unadjusted), Model 2 (adjusted for demographic
characteristics), and Model 3 (adjusted for all covariates). All
models incorporated NHANES survey weights , strata
(SDMVSTRA), and primary sampling units (SDMVPSU). OR
and 95% CI were obtained by exponentiating model coef�cients.
2.3 Public transcriptomic data
preprocessing and differential expression
analysis

Transcriptomic data were obtained from the GSE59867 human
peripheral blood dataset. For MI, two comparisons were made: (1)
patients on the �rst day of hospital admission (n = 111) vs. patients
six months after discharge (n = 83); (2) patients on the �rst day of
admission (n = 111) vs. patients with stable CAD and no history of
MI (n = 46).

In addition, ST-segment elevation MI (STEMI) patients were
divided into HF (n = 34) and non-HF (n = 30) groups based on
plasma NT-proBNP levels and left ventricular ejection fraction
parameters. MDD data were obtained from two human
peripheral blood datasets: GSE38206 and GSE39653.

An additional validation dataset for MI (GSE62646) included 28
admission-day samples and 28 six-month follow-up samples. For
HF validation, we utilized the GSE141910 dataset obtained from
human left ventricular tissue, comprising 166 samples from patients
with non-ischemic dilated cardiomyopathy (DCM) and 166 healthy
controls. This dataset was selected to represent a chronic, non-
ischemic HF phenotype, distinct from the acute ischemic MI
samples. Probes were annotated with gene symbols. Probes with
unmatched or multiple gene symbols were excluded, as were
duplicate gene symbols.

Differential expression analysis was performed using the limma
R package (V3.58.1) (22). Differentially expressed genes (DEGs)
were de�ned as those with p < 0.05. For MI, only genes co-
upregulated or co-downregulated across both comparisons were
Frontiers in Immunology 04
retained. Visualizations were generated using the ggplot2 (V3.5.2)
and pheatmap (V1.0.12) R packages, including volcano plots and
heatmaps. Subsequent downstream analyses were based on the �rst
MI dataset.

We collected transcriptome sequencing data containing MDD
patients and healthy donors (GSE38206 and GSE39653) to de�ne
MDD-related genes. Batch effects among the two datasets were
corrected using the ComBat function from the “sva” R package with
default parameters, specifying the batch variable as the dataset ID.
Then the effectiveness of batch correction was assessed with
principal component analysis (PCA) plots.
2.4 RNA-seq library preparation and
sequencing

Total RNA was extracted from peripheral blood monocytes of
14 subjects, including 6 MI patients and 8 non-MI controls, and
quanti�ed using a NanoDrop spectrophotometer. mRNA was
isolated via polyA selection and fragmented, and double-stranded
cDNA was synthesized using random hexamer primers. The cDNA
underwent end-repair, phosphorylation, and adapter ligation,
followed by size selection for 300 bp fragments and PCR
ampli�cation. The sequencing library was quanti�ed with Qubit
4.0 and sequenced on the NovaSeq X Plus platform (PE150) using
the NovaSeq Reagent Kit.
2.5 Analysis of bulk RNA-seq data

The quality of raw sequencing data was evaluated using
FASTQC (http://www.bioinformatics.babraham.ac.uk/projects/
fastqc/). Adapter sequences and low-quality reads were removed
using NGS QC toolkits. The trimmed reads were aligned to the
human reference genome (hg19) using HISAT2 version 2.2.1 with
default parameters. Uniquely mapped reads were used as input for
Stringtie to quantify gene expression levels as transcripts per
million. Differential gene expression analysis was conducted using
the DESeq2 package in R.
2.6 Machine learning identi� cation and
validation of core MDD-related genes

We �rst applied LASSO regression to select the most
informative biomarkers among MDD-mediated CVD genes.
Genes screened from MI and HF were intersected, and the
overlapping genes were subjected to LASSO regression. The
common genes �ltered from both MI and HF were then further
analyzed using LASSO regression, and diagnostic models with
nonzero coef�cients were constructed with the R package
“glmnet” (v4.1.8). Model parameters were set to 10-fold cross-
validation (cv.glmnet) to determine the optimal regularization
parameter (l). Risk scores (RS) were calculated based on the
regression coef�cients of CVD-related MDD genes, and the risk
frontiersin.org
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of developing CVD was de�ned as follows:

RS � MI = (� 5:6364) � TMEM43 + (� 6:4226) � C1orf 174

+ (� 1:1979) � L3MBTL4 + (� 0:0007) � OR52N4

+ 4:2521 � SLC25A20 + 1:2958 � MISP3

RS � HF = 9:2409 � TMEM43 + (� 5:8384) � C1orf 174 + 3:5975

� L3MBTL4 + (� 2:6360) � OR52N4 + 2:6426

� SLC25A20 + 3:8850 � MISP3

PCA was used to reduce dimensionality and to distinguish
differences in RS between healthy and CVD samples. Receiver
operating characteristic (ROC) curves were plotted to evaluate the
classi�cation performance of the models.

To evaluate the robustness of the identi�ed biomarkers, we
performed a stability analysis using bootstrap resampling.
Speci�cally, we generated 1,000 bootstrap samples by random
sampling with replacement from the original dataset. LASSO
regression was applied to each bootstrap sample, and the
selection frequency of each gene was recorded. Genes that were
selected in more than 70% of the iterations were considered robust
diagnostic markers. This procedure ensures that the identi�ed gene
signature is not an artifact of random data partitioning and re�ects
consistent biological relevance.

To further strictly evaluate the robustness of the diagnostic
model and rule out potential over�tting, we performed a repeated
cross-validation analysis on the discovery datasets. Speci�cally, we
repeated the cross-validation process 50 times to generate a
distribution of AUC values. This approach allows for the
estimation of the mean AUC and its 95% con�dence interval
(CI), providing a more reliable assessment of the model’s stability
compared to a single data split.
2.7 Immune microenvironment and MDD
correlation analysis

Immune cell in�ltration was estimated for 22 immune cell types
using the CIBERSORT algorithm (23). Immune pathway activity
levels were evaluated by single-sample gene set enrichment analysis
(ssGSEA), with immune-related gene sets obtained from the
ImmPort database (http://www.immport.org) (24). The GSVA R
package (V2.1.2) was used to convert individual gene expression
matrices into pathway-level expression scores (25). Wilcoxon tests
were used to compare immune cell proportions, immune pathway
enrichment scores, and expression levels of human leukocyte
antigen (HLA) family genes between healthy and CVD samples.
Spearman correlation analyses were conducted to assess
associations among immune cell fractions, immune pathway
enrichment scores, HLA gene expression, and MDD gene
expression. Spearman’s rank correlation coef�cient (r) was used
to quantify the associations between the 184 MDD-related genes
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and 22 immune cell subsets (estimated by CIBERSORT with 1000
permutations) with statistical signi�cance de�ned as p < 0.05.
Additionally, MI and HF samples were strati�ed into “high
MDD-gene expression” and “low MDD-gene expression” groups
based on the median expression of the 184 MDD-related genes.
Wilcoxon tests were applied to compare immune cell proportions
and pathway activity scores between the two groups. Correlation
maps were visualized using the corrplot R package (V0.95).
2.8 Identi� cation of MDD expression
patterns

To explore similarities and differences in MDD expression
patterns in cardiac (HF) and peripheral blood (MI) samples, we
utilized the GSE141910 dataset (DCM tissue) for HF analysis. Due
to platform-speci�c probe coverage, mapping the original 202
MDD-related candidates to this dataset resulted in 184 available
genes. We employed this full intersection set for unsupervised
clustering to preserve the comprehensive transcriptomic
landscape of MDD-CVD comorbidity, ensuring that the identi�ed
endotypes re�ect robust, systemic molecular patterns rather than
single-gene �uctuations. These were subjected to unsupervised
clustering using the ConsensusClusterPlus R package (V1.70.0)
(26). The number of clusters (k) was set from 2 to 6, and
clustering was repeated 1,000 times to ensure stability. The
optimal cluster number was determined based on the cumulative
distribution function (CDF) and the area under the CDF curve.
PCA was then performed to validate clustering results. Wilcoxon
tests were used to compare CVD-related MDD gene expression,
immune cell fractions, immune pathway scores, and HLA gene
expression across subtypes.
2.9 Functional enrichment analysis of the
two MDD expression patterns

To further investigate the mediating role of MDD in CVD
subtypes, DEGs between the two subtypes were identi�ed using
the “limma” package with a threshold of p < 0.05, and their
intersection was de�ned as MDD mediated subtype-related genes.
Gene Ontology-Biological Process (GO-BP) and Kyoto
Encyclopedia of Genes and Genomes (KEGG) enrichment
analyses were then performed using the “clusterPro�ler”
package to reveal the biological characteristics of these
genes. To capture the biological changes occurring within
each CVD subtype, the gene sets “h.all.v2025.1.Hs.symbols”
and “c2.cp.kegg_legacy.v2025.1.Hs.symbols” were downloaded
f rom MSigDB (ht tps : / /www.gsea -ms igdb .org / ) (27) .
Subsequently, the GSVA algorithm was applied to quantify the
activity of HALLMARK and KEGG pathways, followed by
differential analysis using limma. Pathways with p < 0.05 were
considered to show signi�cant activity differences between the
two subtypes.
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3 Results

3.1 Causal effects of MHD on CVD in MR

To investigate genome-wide associations between various MHD
and multiple CVD, we performed two-sample MR analyses to test
causal effects of six MHD (AD, ASD, BD, MDD, PD, SCZ) on two
CVD outcomes (MI, HF). MR-PRESSO identi�ed several outlier
Frontiers in Immunology 06
SNPs across different exposure–outcome pairs, which were
removed to obtain corrected estimates. After applying FDR
correction for 12 MR tests, we observed signi�cant causal effects
of MDD on MI and HF (p < 0.001). The effect sizes represent the
risk change per unit increase in the log-odds of genetic liability to
MDD. In addition, AD had a signi�cant negative effect on HF,
whereas BD showed a signi�cant positive effect on HF (Figures 1A,
B). We then performed reverse MR analyses for MDD and CVD to
FIGURE 1

MR analysis of MHD and CVD. (A) In�uence of MHD traits on MI by MR models. (B) In�uence of MHD traits on HF by MR models. Effect estimates
represent the change in outcome risk per unit increase in the log-odds of genetic liability to the exposure. (C) Reverse MR of MDD and MI.
(D) Reverse MR of MDD and HF.
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assess potential reverse causality; no signi�cant reverse causal effects
were detected (p > 0.05), excluding reverse causation as a
confounder for the primary causal inference (Figures 1C, D,
Supplementary Tables S2, S3).

However, for the association between schizophrenia (SCZ) and
heart failure (HF), the MR-PRESSO Global Test remained
signi�cant (P = 0.031) even after outlier removal, indicating
persistent horizontal pleiotropy. Therefore, this association should
be interpreted with caution and was not considered as evidence of a
reliable causal effect.
3.2 Clinical association between
depression and CVD

To further examine clinical associations between depression
and CVD, we analyzed 11004 participants from the NHANES
Frontiers in Immunology 07
database, including 4,124 male (37.5%) and 6,880 female (62.5%).
Participants were divided into non-depressed (n = 1,0083)
and depressed (n = 921) groups based on PHQ-9 scores.
Baseline characteristics of the participants are presented in
Table 1. Across all variables analyzed, there were statistically
signi�cant differences between the non-depressed and depressed
groups (p < 0.05), except for the prevalence of AP and the
alcohol consumption.

To explore potential nonlinear relationships and to evaluate the
continuous association between depressive symptoms and CVD, we
constructed RCS models with four knots to explore potential
nonlinear relationships between depressive symptoms and CVD
(Figures 2A–D). After adjusting for all covariates, PHQ-9 scores
were positively and linearly associated with CVD risk; a highly
signi�cant nonlinearity was observed (p < 0.0001). The pointwise
effect estimates with 95% CI are provided for detailed interpretation
(Supplementary Table S4).
TABLE 1 The characteristics of included participants.

Characteristic N Overall No Yes P-value

Gender 11004 <0.001

Female 6,880 (62.5%) 6,200 (90.1%) 680 (9.9%)

Male 4,124 (37.5%) 3,883 (94.2%) 241 (5.8%)

Race/Ethnicity 11004 0.013

Mexican American 1,636 (14.9%) 1,492 (91.2%) 144 (8.8%)

Non-Hispanic Black 2,745 (24.9%) 2,521 (91.8%) 224 (8.2%)

Non-Hispanic White 3,783 (34.4%) 3,460 (91.5%) 323 (8.5%)

Other Hispanic 1,124 (10.2%) 983 (87.5%) 141 (12.5%)

Other Race 1,716 (15.6%) 1,627 (94.8%) 89 (5.2%)

Educational level 11004 <0.001

High school graduate 2,486 (22.6%) 2,264 (91.1%) 222 (8.9%)

Less than high school 2,457 (22.3%) 2,143 (87.2%) 314 (12.8%)

More than high school 6,061 (55.1%) 5,676 (93.6%) 385 (6.4%)

Income level 11004 <0.001

low income 5,403 (49.1%) 4,775 (88.4%) 628 (11.6%)

middle/high income 5,601 (50.9%) 5,308 (94.8%) 293 (5.2%)

Marital status 11004 <0.001

Formerly married 2,430 (22.1%) 2,131 (87.7%) 299 (12.3%)

Married 6,474 (58.8%) 6,068 (93.7%) 406 (6.3%)

Never married 2,100 (19.1%) 1,884 (89.7%) 216 (10.3%)

Age (years) 11004 0.035

<40 3,704 (33.7%) 3,400 (91.8%) 304 (8.2%)

>60 3,503 (31.8%) 3,252 (92.8%) 251 (7.2%)

40-60 3,797 (34.5%) 3,431 (90.4%) 366 (9.6%)

(Continued)
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Multivariable logistic regression analyses were performed
(Figure 2E). In the unadjusted model (Model 1), depression
signi�cantly increased the risk of all examined CVD outcomes
except AP (p < 0.05), with the highest risk observed for HF (OR =
2.81, 95% CI: 1.83–4.32, p < 0.001). After adjustment for
demographic characteristics (Model 2) and for all covariates
(Model 3), these associations remained statistically signi�cant.
3.3 Identi� cation of MDD-related genes
shared by distinct MI and HF phenotypes

To explore molecular mechanisms by which MDD may affect
the pathophysiology of both MI and HF, we collected transcriptome
sequencing data containing MDD patients and healthy donors
(GSE38206 and GSE39653) to de�ne MDD-related genes. PCA
revealed a substantial batch effect across datasets (Figure 3A). After
batch correction, the integrated dataset consisted of 63 samples (30
MDD patients and 33 healthy donors) (Figure 3B). Compared with
healthy donors, we identi�ed 1,922 DEGs in MDD samples (p <
0.05), including 1,108 upregulated and 814 downregulated genes
(Figures 3C, D, Supplementary Table S5).

To determine whether these MDD-related genes are
consistently dysregulated in MI and HF contexts, we used the
human peripheral blood dataset GSE59867. MI samples were
analyzed in two comparisons: (1) patients on the �rst day of
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hospital admission (n = 111) vs. patients six months after
discharge (n = 83); (2) patients on the �rst day of admission (n =
111) vs. patients with stable CAD and no history of MI (n = 46). For
MI, DEGs common to both comparisons were merged, yielding
2,665 upregulated and 2,803 downregulated genes (Figures 3E–G,
Supplementary Table S6). STEMI patients were also divided
into HF (n = 34) and non-HF (n = 30) groups based on plasma
NT-proBNP and left ventricular ejection fraction; differential
analysis produced 6,014 DEGs (3,226 upregulated and 2,788
downregulated) (Figures 3H, I, Supplementary Table S7).
3.4 Six MDD marker genes effectively
diagnose MI and HF

To identify candidate MDD genes associated with diverse
cardiovascular conditions (MI and HF), we �rst identi�ed 202
MDD-related genes that were dysregulated in both MI and HF
(Figure 4A). We then applied LASSO regression separately in MI
and HF to select and reduce redundant MDD genes. As shown in
the coef�cient pro�le plots (Figures 4B, C, left panels), the LASSO
algorithm shrinks the coef�cients of less informative genes to zero
as the penalty parameter (l) increases, effectively distinguishing
critical biomarkers from noise. To determine the optimal penalty,
we performed 10-fold cross-validation (Figures 4B, C, right panels).
The vertical dotted lines identify the l value with the minimum
TABLE 1 Continued

Characteristic N Overall No Yes P-value

Lifestyle characteristics

Smoking status 11004 <0.001

Current smokers 1,505 (13.7%) 1,267 (84.2%) 238 (15.8%)

Former smokers 1,778 (16.2%) 1,622 (91.2%) 156 (8.8%)

Non smokers 7,721 (70.2%) 7,194 (93.2%) 527 (6.8%)

Drinking status 11004 0.126

Heavy drinkers 5,630 (51.2%) 5,090 (90.4%) 540 (9.6%)

Moderate drinkers 1,044 (9.5%) 990 (94.8%) 54 (5.2%)

Non drinkers 4,330 (39.3%) 4,003 (92.4%) 327 (7.6%)

BMI 11004 <0.001

Normal weight 2,952 (26.8%) 2,756 (93.4%) 196 (6.6%)

Obese 4,629 (42.1%) 4,146 (89.6%) 483 (10.4%)

Overweight 3,423 (31.1%) 3,181 (92.9%) 242 (7.1%)

Took antidepressent 11004 1,078 (9.8%) 798 (74.0%) 280 (26.0%) <0.001

Cardiovascular diseases

Heart failure 11004 322 (2.9%) 263 (81.7%) 59 (18.3%) <0.001

Coronary heart disease 11004 378 (3.4%) 321 (84.9%) 57 (15.1%) 0.002

Angina pectoris 11004 231 (2.1%) 194 (84.0%) 37 (16.0%) 0.162

Myocardial infarction 11004 354 (3.2%) 309 (87.3%) 45 (12.7%) 0.006
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deviance (lmin) and the value within one standard error (l1se),
balancing model accuracy and complexity. Using this method, we
identi�ed 21 and 23 MDD-related genes in MI and HF, respectively;
six genes were shared by both sets (TMEM43, C1orf174, L3MBTL4,
OR52N4, SLC25A20, MISP3) (Figure 4D, Supplementary Table S8).
To further validate the reliability of these six genes, we conducted a
bootstrap stability analysis with 1,000 iterations. The results
demonstrated that all six genes were consistently selected with
high frequency (Frequency > 70%) across the bootstrap samples
(Supplementary Figure S2). This high selection probability con�rms
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the robustness of the identi�ed diagnostic signature and minimizes
the likelihood of over�tting due to sample heterogeneity. Using the
LASSO regression coef�cients for these six shared marker genes, we
constructed predictive models and calculated a RS for each sample
(Figures 4E, F, Supplementary Table S9). As expected, disease
samples showed signi�cantly higher overall RS than healthy
samples (p < 0.001). The RS predicted MI with an area under the
ROC curve (AUC) of 0.90 (Figure 4G). The optimal Youden’s index
(YI) was 0.66, corresponding to an RS cutoff of �77.6,
with sensitivity = 0.79 and speci�city = 0.87 (Supplementary
FIGURE 2

NHANES cohort analysis of depression and CVD. (A) RCS model of depression and HF. (B) RCS model of depression and CAD. (C) RCS model of
depression and AP. (D) RCS model of depression and MI. (E) Logistic regression associations of depression with CVD in adults.
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Table S10). For HF, RS predicted disease with an AUC of 0.95
(Figure 4I); the optimal YI was 0.81, corresponding to an RS cutoff
of 93.3, with sensitivity = 0.91 and speci�city = 0.90 (Supplementary
Table S11). We validated the MI model in an independent
peripheral blood dataset (GSE62646; 28 admission-day samples
and 28 six-month samples); results were similar (AUC = 0.90),
indicating model robustness (Figure 4H). Although the initial
LASSO model showed high diagnostic potential, we further
assessed its stability through repeated cross-validation (50
iterations) on the discovery datasets. The model demonstrated
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consistent performance, with a mean cross-validated AUC of
0.887 (95% CI: 0.869–0.906) for MI and 0.907 (95% CI: 0.857–
0.956) for HF (Supplementary Figure S3). These results con�rm
that the identi�ed six-gene signature captures a robust biological
signal rather than �tting random noise. However, validation of the
HF model in a cardiac tissue dataset (GSE141910; 166 HF and 166
healthy samples) yielded poor performance (AUC = 0.60),
suggesting that this risk prediction model, trained on blood-based
signatures, may not fully capture the localized immune alterations
in DCM-derived cardiac tissue samples (Figure 4J).
FIGURE 3

Identi�cation of DEGs. (A) PCA of genes associated with healthy and MDD samples before batch effect removal. (B) PCA of genes associated with
healthy and MDD samples after batch effect removal. (C) The volcano plot displays the expression changes of DEGs between healthy and MDD.
(D) Heatmap shows 20 signi�cantly dysregulated differentially expressed genes between healthy and MDD samples. (E) The volcano plot displays the
expression changes of DEGs between MI patients at admission and at 6 months post-discharge. (F) The volcano plot displays the expression
changes of DEGs between MI patients at admission and stable CAD patients without a history of MI. (G) Venn diagram shows the number of genes
commonly upregulated and commonly downregulated between the two MI groups. (H) The volcano plot displays the expression changes of DEGs
between HF and non-HF groups of STEMI patients. (I) Heatmap shows 20 signi�cantly dysregulated differentially expressed genes between HF and
non-HF groups of STEMI patients.
frontiersin.org

https://doi.org/10.3389/fimmu.2026.1727699
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org


Zhou et al. 10.3389/fimmu.2026.1727699
3.5 Independent validation of internal high-
throughput RNA-seq cohorts

Considering that both the training set and validation set used in
this study were analyzed and validated based on microarray data,
we generated and analyzed a high-throughput RNA-seq dataset of
peripheral blood from 6 MI patients and 8 healthy donors to
independently validate the transcriptomic features and diagnostic
ef�cacy of the RS model. Transcriptomic pro�ling of the high-
throughput cohort identi�ed 4848 DEGs between healthy donors
and MI (p < 0.05) (Figure 5A). KEGG pathway enrichment analysis
showed signi�cant enrichment of these DEGs in “Endocytosis”,
“Salmonella infection” and “Huntington disease” (Figure 5B). Gene
set enrichment analysis (GSEA) further con�rmed signi�cant
enrichment in immune- and in�ammation-related pathways,
including the “TNF signaling pathway”, “IL-17 signaling
pathway” , and “cytokine–cytokine receptor interaction”
(Figure 5C). Core MDD-related genes displayed expression
patterns in this cohort consistent with discovery datasets, with
genes like SLC25A20 notably upregulated in MI patients
(Figure 5D). Additionally, the MI diagnostic model based on 6
MDD-related marker genes achieved an AUC of 1.00 in
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distinguishing MI patients from healthy controls in this
independent RNA-seq cohort (Figures 5E, F). While the sample
size of this validation cohort is limited (n = 14), this perfect
classi�cation aligns with the robust discriminatory ability
demonstrated in our repeated cross-validation of the training set
(Supplementary Figure S3). This suggests that the selected
biomarkers have high generalizability across different platforms
(microarray vs. RNA-seq) and distinct cohorts.
3.6 MDD marker genes are associated with
immune microenvironment alterations in
MI and HF

To further explore biological links between key MDD genes and
immune microenvironment changes in MI and HF, we analyzed
immune cell in�ltration, immune response gene sets, and HLA
family gene expression in MI and HF datasets. Immune cell subset
in�ltration was estimated using CIBERSORT, and differences were
compared between MI and HF to identify commonalities and
distinctions (Supplementary Table S12). Several immune cell
types exhibited consistent change trends in both MI and HF—for
FIGURE 4

Identi�cation of MDD-related genes in MI and HF through machine learning approaches. (A) Venn diagram shows 202 MDD-related genes
commonly dysregulated in both MI and HF. (B, C) Parameter selection for the LASSO model in MI (B) and HF (C). The left panels display the
coef�cient pro�les, illustrating how coef�cients of each gene shrink to zero as the L1 norm penalty increases. The right panels show the 10-fold
cross-validation curves (binomial deviance vs. log(l)). The vertical dotted lines mark the optimal l values based on the minimum criteria (lmin) and
the 1-standard-error criteria (l1se). (D) Venn diagram shows the 6 MDD marker genes shared by MI and HF. (E, F) Boxplot comparing the risk scores
of the LASSO model between controls, MI and HF. (G, I) ROC curve analysis of 6 MDD marker genes in MI and HF. (H, J) ROC curve analysis of the 6
MDD marker genes in the external validation cohorts of MI and HF.
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example, eosinophils, M2 macrophages, plasma cells, and resting
memory CD4+ T cells—suggesting these cells may play roles in
shared immune mechanisms of MI and HF. Conversely, some
immune cells showed opposite trends between the two diseases:
naïve B cells, resting natural killer (NK) cells, and CD8+ T cells were
signi�cantly decreased in MI but showed no signi�cant change or
even increased levels in HF, which may re�ect predominance of
systemic acute in�ammation in MI versus more chronic, localized
cardiac immune regulation in HF (Figures 6A, B). We further
Frontiers in Immunology 12
compared enrichment differences of immune response gene sets
between MI and HF (Supplementary Table S13). Many immune-
related pathways showed concordant changes in both diseases—for
example, antimicrobial response, B-cell receptors signaling,
cytokine receptors signaling, interleukin receptors signaling, NK-
cell related pathways, and T-cell receptors signaling were all
signi�cantly downregulated in MI and HF, suggesting suppression
of these immune mechanisms in both conditions. However, some
pathways displayed opposite trends: antigen processing and
FIGURE 5

Independent transcriptomic validation and diagnostic evaluation of the RS model in MI. (A) Volcano and the heatmap plot of the DEGs from control
and MI groups. (B) KEGG enrichment analyses based on the DEGs between control and MI groups. (C) GSEA analysis of KEGG pathways. (D) Box
plots showing the expression of MDD marker genes in control and MI patients. (E) Box plot showing the distribution of risk scores between control
and MI patients. (F) ROC curve analysis evaluating the diagnostic ef�cacy of the Risk Score (RS) model (trained on the GSE59867 discovery dataset)
in the independent internal MI cohort.
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presentation was signi�cantly upregulated in MI but signi�cantly
downregulated in HF, indicating differences in antigen recognition
and processing mechanisms (Figures 6C, D). Analysis of HLA
family gene expression (Supplementary Table S14) showed HLA-
DMA upregulated in both MI and HF, with particularly high
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expression in HF. By contrast, HLA-E and HLA-F exhibited
divergent expression patterns between the two diseases; these
genes are important for immune regulation, especially NK cell
and certain T cell activation (Figures 6E, F). Collectively, these
differences suggest more prominent immune suppression or
FIGURE 6

Analysis of the immune microenvironment in CVD and its correlation with MDD marker genes. (A, B) Differential abundance of in�ltrating immune
cells between control, MI, and HF groups was quanti�ed using the CIBERSORT algorithm. (C, D) Differential enrichment of immune response gene
sets between control, MI, and HF groups was analyzed using ssGSEA. (E, F) Comparison of HLA gene set expression levels between control, MI, and
HF groups. (G–L) The dot-plot demonstrate the correlations between each dysregulated in�ltrating immune cells, immune response gene sets and
HLA gene, and each dysregulated autophagy gene. (G, J) Spearman correlation analysis of the six MDD marker genes with in�ltrating immune cell
abundance in MI (G) and HF (J). (H, K) Spearman correlation analysis of the six MDD marker genes with immune response gene set scores in MI
(H) and HF (K). (I, L) Spearman correlation analysis of the six MDD marker genes with HLA family gene expression in MI (I) and HF (L).
frontiersin.org

https://doi.org/10.3389/fimmu.2026.1727699
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org


Zhou et al. 10.3389/fimmu.2026.1727699
regulatory activation in HF, whereas MI is characterized
predominantly by acute in�ammation.

To bridge these �ndings with the identi�ed MDD marker genes,
we performed correlation analyses between these genes and the
immune microenvironment components (Figures 6G–L).
Regarding immune cell in�ltration (Figures 6G, J), C1orf174 was
consistently positively correlated with M2 macrophages in both MI
and HF, while MISP3 showed a stable negative correlation with
resting memory CD4+ T cells. Furthermore, both L3MBTL4 and
SLC25A20 were signi�cantly negatively associated with CD8+ T
cells across both disease states.

Notably, a striking “polarity reversal” was observed in resting
NK cells: TMEM43, L3MBTL4, and OR52N4 were positively
correlated with resting NK cells in MI but became negatively
correlated in HF. Conversely, SLC25A20 exhibited a negative
correlation with resting NK cells in MI that �ipped to a positive
correlation in HF. Rather than a temporal transition, this likely
re�ects the distinct functional adaptation of NK cells within the
acute systemic in�ammatory environment of MI versus the chronic
tissue remodeling microenvironment of DCM-derived HF.

In terms of immune response pathways (Figures 6H, K), several
consistent regulatory patterns emerged. MISP3 was positively
correlated with the antimicrobial response in both datasets. In
contrast, L3MBTL4 showed consistent negative correlations with
both the BCR signaling pathway and cytokine receptors signaling.
Additionally, TMEM43 and C1orf174 were positively associated
with interleukin receptors signaling, and TMEM43 also maintained
a positive correlation with TCR signaling in both MI and HF. These
results suggest that these marker genes exert a conserved regulatory
in�uence on speci�c immune cascades regardless of the
pathological context.

Finally, the correlation with HLA family gene expression
(Figures 6I, L) further highlighted the divergent regulatory logic
between the two conditions. While MISP3 was consistently
positively correlated with HLA-E in both MI and HF, other key
genes demonstrated signi�cant reversals in their regulatory trends.
Speci�cally, SLC25A20 was positively correlated with HLA-DMA in
MI but negatively correlated in HF. Similarly, TMEM43 showed a
positive association with HLA-E in MI that shifted to a negative
correlation in HF. These inversions align with the distinct immune
pro�les of the two phenotypes, suggesting that SLC25A20 and
TMEM43 may function as context-dependent molecular switches
that respond differentially to acute ischemic stress (MI) and chronic
non-ischemic remodeling (HF).
3.7 Distinct MDD-driven immune
endotypes and their relationships with the
immune microenvironment

To further investigate the similarities and differences in MDD
expression patterns between HF and MI samples, we identi�ed 184
MDD-related genes that were commonly associated with
differential expression in HF and MI. Although not all these
genes showed extremely signi�cant expression changes
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individually, we argue that their collective variation re�ects the
full scope of MDD-mediated regulation—non-signi�cant individual
changes do not equate to lack of biological function. These genes
collectively cover immune regulation, metabolic remodeling, and
myocardial structural adaptation, which are integral to MDD’s role
in CVD. Consensus unsupervised clustering based on expression of
these 184 MDD genes was performed on MI and HF samples
(Supplementary Table S15). MI samples were classi�ed into two
subtypes: subtype 1 (n = 44) and subtype 2 (n = 67) (Figures 7A–C,
Supplementary Table S16). PCA demonstrated clear transcriptomic
separation between the two MI subtypes (Figure 7D). Comparison
of the six marker genes across the two MI subtypes showed
that only three genes were signi�cantly differentially expressed
(Figure 7E), suggesting the remaining genes may not
differentially regulate MI subtypes. HF samples were likewise
clustered into two subtypes: subtype 1 (n = 113) and subtype 2 (n
= 53) (Figures 7F–H, Supplementary Table S17). PCA indicated
distinct separation between HF subtypes (Figure 7I). Comparison of
the six marker genes across HF subtypes revealed the same three
genes showing signi�cant changes (Figure 7J), and notably
expression trends of OR52N4 and MISP3 were opposite between
MI and HF subtypes.

To characterize shared and divergent immune microenvironment
features between MI and HF subtypes, we evaluated in�ltrating
immune cells, immune response gene sets, and HLA family gene
expression (Supplementary Table S18). In�ltrating immune cell
analysis identi�ed four cell types with signi�cant differences
common to both MI and HF; three showed concordant trends
across subtypes—monocytes, resting memory CD4+ T cells, and
naïve CD4+ T cells—whereas M2 macrophages exhibited opposite
trends (Figures 8A, B). Regarding immune response pathways, seven
pathways were commonly and signi�cantly different between MI and
HF subtypes; most followed the same directional changes (including
antimicrobial response, chemokine receptor, chemokine, cytokine,
TCR signaling, and TGF-b receptor family), whereas antigen
processing and presentation displayed opposite trends (Figures 8C,
D). For the HLA gene set, �ve HLA family genes were commonly
dysregulated between MI and HF; HLA-DMA, HLA-DMB, HLA-
DRB1 and HLA-G showed concordant changes, while HLA-DOB
showed opposite trends (Figures 8E, F).
3.8 Biological functions underlying the
CVD expression patterns

To further elucidate the role of MDD in immune regulation, we
intersected 11,578 DEGs (Supplementary Table S19) between the
two MI subtypes with 14,002 DEGs (Supplementary Table S20)
between the two HF subtypes (p < 0.05) and identi�ed 7,306 shared
genes as MDD mediated subtype-related genes (Supplementary
Table S21). Consistent with other transcriptomic studies that
report shared immune-in�ammatory genes between MDD and
MI (e.g., TLR2, ICAM1, S100A9, VCAN) (28), these genes
appeared among our MDD mediated subtype-related genes,
suggesting possible immune-mediated cardiovascular damage. In
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agreement with these �ndings, GO-BP and KEGG enrichment
analyses in our study showed signi�cant enrichment of MDD
mediated subtype-related genes in multiple immune-related
pathways (e.g., NF-kB signaling) and protein degradation
regulatory processes (e.g., ubiquitin-mediated proteolysis)
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(Figures 9A, B), further supporting a model in which MDD
impacts MI and HF pathogenesis via regulation of immune
responses and metabolic processes.

HALLMARK pathway analyses indicated that “G2M
checkpoint” and “Protein secretion” were more active in subtype
FIGURE 7

Identi�cation of MDD-mediated patterns in CVD. (A, F) Cumulative distribution function curves of MI and HF for k = 2–6 clusters. (B, G) Relative
change in the area under the Cumulative distribution function curve of MI and HF for k = 2–6 clusters. (C, H) Heatmap of the consensus matrices
for MI and HF samples. (D, I) Principal component analysis of the transcriptomes under two MDD regulatory patterns in MI and HF, showing a clear
distinction in transcriptomic features. (E, J) Box plots showing the expression differences of 6 MDD marker genes under different metabolic
regulatory patterns in MI and HF.
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1 of both MI and HF, whereas “Myogenesis” and “Coagulation”
were active in subtype 2 of both diseases. We also observed
pathways with opposing trends; for example, “MYC-version 2”
was active in MI subtype 1 but in HF subtype 2, while
“Angiogenesis” was active in MI subtype 2 but in HF subtype 1
(Figures 9C, D). Similarly, KEGG enrichment revealed pathways
with inverse trends: “Ribosome” was active in MI subtype 1 and HF
subtype 2, while “Dorso-ventral axis formation” was more
prominent in MI subtype 2 and HF subtype 1 (Figures 9E, F).
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4 Discussion
Our MR analyses suggest that genetic liability to MDD is

associated directionally with higher risk of MI and HF, although
modest effect sizes and residual pleiotropy cannot be fully excluded
This �nding is consistent with previous MR studies indicating that,
at the genetic level, MDD exerts a unidirectional causal effect on
CVD (10–12). In the NHANES clinical data, depression was
associated with an increased incidence of CVD, and this
FIGURE 8

Differences in the immune microenvironment among CVD subtypes driven by MDD. (A, B) Differences in in�ltrating immune cell abundance under
two MDD regulatory patterns in MI and HF. (C, D) Differences in immune response gene set activity between the two MDD regulatory patterns in MI
and HF. (E, F) Differences in HLA gene expression between the two MDD regulatory patterns in MI and HF.
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association remained statistically signi�cant after adjustment for
available covariates. However, given the limited availability of
psychiatric comorbidity data, this relationship should not be
interpreted as fully independent. This is consistent with a
previous NHANES cohort study (2007-2018), which emphasized
the causal detrimental effects of MDD on CVD (10). Our study,
however, spans a longer period (2005-2020) and further explores
potential nonlinear relationships between depression and CVD risk.
Notably, after adjusting for demographic and clinical variables, both
MI and HF risks showed the similar upward trend, suggesting that
Frontiers in Immunology 17
MDD may in�uence these cardiovascular events through common
pathological pathways.

Although depression was treated as an independent predictor in
the NHANES analysis, several important psychiatric confounders—
such as anxiety disorders, bipolar disorder, substance-use disorders,
and full psychotropic medication use—could not be included due to
NHANES data availability constraints. Speci�cally, anxiety and
other mental health variables were only collected in a limited
number of cycles (mainly 2007–2012), and detailed prescription
medication information after 2017 is restricted-access and not
FIGURE 9

Biological functions underlying CVD expression patterns. (A) GO-BP enrichment analysis of genes shared across CVD subtypes. (B) KEGG
enrichment analysis of genes shared across CVD subtypes. (C, D) The 16 most signi�cantly different HALLMARKS pathways between two MDD-
related expression patterns identi�ed by GSVA analysis. (E, F) The 20 most signi�cantly different KEGG pathways between two MDD-related
expression patterns identi�ed by GSVA analysis.
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