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Introduction
Major depressive disorder (MDD) is a debilitating psychiatric disorder and is strongly associated with suicidal ideation and acute suicidality. While sex differences are evident across nearly all stages of depression, sex-specific mechanisms in acute suicidality remain not fully understood. This gap is notable given that women are twice as likely as men to develop depression, show earlier onset and greater symptom severity, and account for two-thirds of suicide attempts, whereas men have higher suicide completion rates. At the molecular level, sex differences also influence pharmacological treatment response, yet the biological mechanisms underlying these disparities remain not fully understood.
Methods
In an exploratory approach, we investigated genome-wide gene expression changes in peripheral blood from 14 acutely suicidal patients with MDD (seven females, seven males) without comorbid somatic conditions, compared with sex-matched healthy controls. Gene expression profiles, generated using Affymetrix microarrays, were corrected for multiple testing and further examined through Gene Ontology enrichment, Gene Set Enrichment, Weighted Gene Co-expression Network, and Protein–Protein Interaction analyses.
Results/Discussion
When analyzed as a combined group, suicidal MDD patients exhibited 87 differentially expressed genes (DEGs). However, stratification by sex revealed 665 DEGs in females, whereas no significant DEGs were detected in males. These findings, validated through pathway- and network-level analyses, suggest that previous studies pooling male and female MDD patients may have overlooked sex-specific effects. Nevertheless, given the small group number of patients, it cannot be excluded that the absence of DEGs in males may be due to a coincidental genetic profile of the group. Larger confirmatory studies, or re-analyses of existing datasets with sex-specific stratification, are therefore essential. In female suicidal MDD patients, both single-gene and pathway-oriented analyses highlighted immune and inflammatory processes, particularly the NF-κB pathway, consistent with prior evidence and pointing to additional targets such as tumor necrosis factor–alpha inducible protein 6.
Conclusion
Collectively, these findings underscore the critical importance of sex-specific molecular research in acutely suicidal MDD patients and may inform the development of more targeted therapeutic approaches.
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INTRODUCTION
Major Depressive Disorder (MDD) is a debilitating mental health condition affecting millions worldwide. As of 2020, the World Health Organization (WHO) ranked MDD as the second leading cause of disease burden and disability, projecting it to take the top position by 2030 (Zhang et al., 2024b). Despite extensive research, MDD remains challenging to diagnose, treat, and prevent. Around 70% of patients fail to achieve full remission after an initial 12-week pharmacological treatment (LeGates et al., 2019), and up to 30% are classified as treatment-resistant after two failed pharmacological treatments (Moderie et al., 2022). This resistance may stem from the complex interplay of biological, environmental, and genetic factors influencing the disorder’s onset and progression.
In its most severe form, MDD can lead to suicide or suicide attempts, with MDD, schizophrenia, bipolar disorder, and substance use disorder being the four psychiatric illnesses, which are the leading underlying causes of suicide-related deaths (Shoib and Kim, 2019; Wilk et al., 2023).
An critical yet underexplored factor in course and progression of MDD and its most severe outcome–suicidality–is biological sex. Women are diagnosed with depression about twice as often as men (Brody et al., 2018), and across cultures they attempt suicide two to three times more frequently (Weissman et al., 1999). One explanation for the difference in suicide attempts may be the reported observation that women tend to show greater symptom severity, earlier onset, and longer depressive episodes (Marcus et al., 2005). This may, in part, reflect sex-dependent differences in coping styles related to MDD symptomatology. Women have been shown to employ less cognitive reframing and to report higher levels of self-blame (Kelly et al., 2008). Such cognitive patterns may contribute to increased perceptions of helplessness and hopelessness. Paradoxically, despite worse MDD symptomatology and disease progression, higher levels of self-blame, as well as more suicide attempts amongst women, men have higher rates of completed suicide (Branney and White, 2008). Some studies attempt to explain this conundrum by proposing sex-specific behavioral manifestations of depression and suicidality, suggesting that men may express suicidal tendencies through behaviors such as risk-taking, which may not be sufficiently assesses clinically (Oliffe et al., 2016). However, this hypothesis remains inconclusive, as demonstrated by Soravia et al. (2024).
Sex differences also extend to treatment response. Men generally respond better to tricyclic antidepressants, whereas women are more likely to benefit from selective serotonin reuptake inhibitors (SSRIs) [for review, see (LeGates et al., 2019)]. Collectively, these differences suggest sex-specific biological mechanisms in patients with MDD as well as MDD-driven suicidality, which are known to persist even at the gene expression level (Lopes-Ramos et al., 2020), yet remain underexplored.
In this context, blood-based gene expression profiling has emerged as a promising tool for identifying molecular signatures associated with psychiatric conditions (Reay et al., 2022). Blood is not only easily accessible and minimally invasive to sample but also reflects systemic biological changes, including those relevant to brain function and mood regulation. For instance, the progression of neurodegeneration is reflected in both blood and brain gene expression (Iturria-Medina et al., 2020). However, scientific caution is necessary when interpreting blood gene expression results, as they do not perfectly mirror brain expression and can vary depending on the sample source (e.g., whole blood, tissue, or immune cells) as well as the specific brain region being studied (Sullivan et al., 2006).
Nonetheless, in the study of MDD, blood gene expression and protein analyses are gaining traction, identifying immunological genes and protein structures both preclinically and clinically as potential biomarkers for diagnosis and treatment response [for review, see (Mariani et al., 2021)]. However, research on acute suicidality remains scarce, with only three studies demonstrating a correlation between interleukin-6 protein concentrations in cerebrospinal fluid (Lindqvist et al., 2009) and blood plasma (Sun et al., 2023b; Castillo-Avila et al., 2022; Wang et al., 2025) and the severity of suicidal ideation. A major limitation of these studies, however, is the absence of group comparisons according to biological sex within the acutely suicidal group, which may obscure potential sex-specific biological mechanisms underlying suicidality.
Studies utilizing large-scale gene array approaches in the context of suicidality are, to the best of our knowledge, equally scarce and share similar methodological limitations, including a lack of sex differentiation (Sun et al., 2024; Daskalakis et al., 2024; Wang et al., 2025).
Hence, the present study aims to address these limitations by investigating sex-specific blood plasma-derived gene expression patterns in acutely suicidal patients with MDD, excluding those with additional physiological or psychiatric diagnoses known to affect gene expression. This approach allows for a more focused and unbiased analysis of depression related acute suicidality on a whole-genome level, but reduces the numbers of participants per group.
By identifying genes, pathways, and regulatory networks that differ between suicidal male and female patients with MDD, this research seeks to deepen our understanding of the biological basis of sex-specific manifestations of MDD driven suicidality. Ultimately, these insights can contribute to the development of more precise and individualized therapeutic strategies for this high-risk population.
MATERIALS AND METHODS
Patients
From 2021 to 2023, a total of 14 Caucasian patients (seven male and seven female) age 18 or older with acute suicidal ideation were recruited from the Clinic for Psychiatry and Psychotherapy II at Ulm University, located at the district hospital in Günzburg, Bavaria, Germany. The study was conducted in accordance with the Declaration of Helsinki and received approval from the ethical review board of the Bavarian State Medical Association (Nr. 21007). Patient recruitment and blood collection were performed within the first 24 h of hospital admission by two independent doctoral students. For the purposes of this study, “acute suicidal ideation” was defined as the presence of active suicidal thoughts accompanied by an acute intent to commit suicide, with symptom severity comparable to ICD-10 diagnosis F32.2 and requiring inpatient treatment. Patients presenting with such an acute symptom severity were identified and referred to the doctoral students by on-duty clinical staff.
Inclusion criteria comprised ICD-10 diagnoses F32, F33, F34, F38, or F39, as well as sufficient proficiency in German.
Exclusion criteria included any diagnosis within the schizophrenia spectrum, intellectual disability, bipolar disorder, eating disorders, substance use disorders (SUDs), as well as cancer, chronic inflammatory diseases, epilepsy, diabetes, coronary heart disease, obesity, and pregnancy. Although posttraumatic stress disorder (PTSD) was not explicitly listed as an exclusion criterion, none of the participants had a documented PTSD diagnosis in their medical records. With regard to personality disorders, only one male and one female participant had a diagnosis of borderline personality disorder. Given the very low numbers and the equal distribution across sexes, it is unlikely that borderline personality disorder would account for the observed differences, and it was therefore not included as a covariate in the analysis.
Additionally, 14 sex- and ethnicity-matched healthy controls were recruited via public notices, social media advertisements, and personal contacts, following the same exclusion criteria. For specific sociodemographic details, see Table 1. In Table 1, the term “smoker” refers to participants who answered “yes” when asked whether they consume cigarettes. The exact number of cigarettes smoked per day was not assessed.
TABLE 1 | Sociodemographic suicidal and control group details.	Group details	Male	Female	Statistics
	M (SD)/n	M (SD)/n
	Acutely suicidal patients	7	7	
	Age (years)a	41.4 (15,0)	43.1 (15,0)	t (12) = −0.213, p = 0.835, Cohen’s d = −0.114
	Highest educational degreea			Fishers exact test, p = 0.848, Cramer V = 0.434
	None	1	1
	Middle School Diploma	3	2
	Secondary School Diploma	1	2
	High School Diploma	2	0
	Diagnosesa			Fishers exact test, p = 1.000, Cramer V = 0.076
	Depression	6	4
	with borderline personality disorder	1	1
	Durations of depressive symptoms (years)a	8.7 (14.9)	13.8 (18.3)	z = −0.763 p = 0.446,
Cohen’s d = 0.473
	Previous suicide attemptsa	4	2	Fishers exact test, p = 1.000, Cramer V = 0.169
	Body Height (cm)a	175.4 (6.3)	165.4 (4.5)	t (10) = 3.033, p = 0.013, Cohen’s d = 1.776
	Body Weight (kg)a	86.4 (15.2)	73.0 (9.7)	t (10) = 1.731, p = 0.114, Cohen’s d = 1.013
	Smokera	3	2	Fishers exact test, p = 1.000, Cramer V = 0.069
	Healthy controls	7	7	
	Age (years)	31.9 (8.6)	30.4 (11.9)	t (12) = 0.258, p = 0.801, Cohen’s d = 0.138
	Highest educational degree			Fishers exact test, p = 0.559, Cramer V = 0.316
	None	—	—
	Middle School Diploma	—	—
	Secondary School Diploma	1	3
	High School Diploma	6	4
	Diagnoses (self-reported)	—	—	
	Previous suicide attempts	—	—	
	Body Height (cm)	179.9 (5,7)	166.3 (7.7)	t (12) = 3.749, p = 0.003, Cohen’s d = 2.004
	Body Weight (kg)	80.1 (10.8)	61.9 (6.0)	t (12) = 3.908, p = 0.002, Cohen’s d = 2.089
	Smoker	1	2	Fishers exact test, p = 0.559, Cramer V = 0.225


aMissing values = 2, M = mean, SD, standard deviation, n = number of observations, t = t-value, z = z-value.
RNA isolation and qRT-PCR
Blood samples were collected in PAXgene® Blood RNA tubes and stored according to manufacturer’s protocol at −80 °C. RNA was then extracted using the MagNA Pure 96 Cellular RNA Large Volume Kit following the manufacturer’s instructions. RNA concentration and quality were assessed using a NanoDrop spectrophotometer (Thermo Fisher Scientific, Waltham, MA, United States), and only samples with an A260/A280 ratio greater than 1.8 were included in the experiment. Complementary DNA (cDNA) was synthesized using the High-Capacity cDNA Reverse Transcription Kit (Applied Biosystems, Foster City, CA, United States). Quantitative PCR was performed using the TaqMan Gene Expression Master Mix (Applied Biosystems) with the following TaqMan gene expression assays: Interleukin 1 beta (Il1b; Hs01555410_m1), Interferon gamma receptor 2 (Ifgnr2; Hs00194264_m1), and TNF alpha-induced protein 6 (Tnfai6; Hs00200180_m1). Glyceraldehyde 3-phosphate dehydrogenase (Gapdh; Hs02786624_g1) was used as an endogenous control. All three genes were selected based on their ranking among the most differentially expressed genes. Reactions were conducted using the Real-Time 7900 Fast system (Applied Biosystems). Relative quantification was performed using the 2^-ΔΔCT method, and gene expression changes were expressed as fold change relative to the corresponding control group (male or female healthy volunteers).
Microarray analysis
Microarray analyses were performed using 200 ng total RNA as starting material and 5.5 µg ssDNA per hybridization (GeneChip Fluidics Station 450; Affymetrix, Santa Clara, CA). The total RNAs were amplified and labeled following the Whole Transcript (WT) Sense Target Labeling Assay (http://www.affymetrix.com). Labeled ssDNA was hybridized to Human Clariom S Affymetrix GeneChip arrays (Affymetrix, Santa Clara, CA). The chips were scanned with an Affymetrix GeneChip Scanner 3000 and subsequent images analyzed using Affymetrix® Expression Console™ Software (Affymetrix). A transcriptome analyses was performed using BRB-ArrayTools developed by Dr. Richard Simon and BRB-ArrayTools Development Team (http://linus.nci.nih.gov/BRB-ArrayTools.html), as published previously (Zoller et al., 2017). Raw feature data were normalized and log2 intensity expression summary values for each probe set were calculated using robust multiarray average (Irizarry et al., 2003).
Filtering
Genes showing minimal variation across the set of arrays were excluded from the analysis. Genes whose expression differed by at least 1.5-fold from the median in at least 20% of the arrays were retained.
Class comparison
We identified genes that were differentially expressed among the two classes using a two-sample t-test. Genes were considered statistically significant if their p value was less than 0.05 and displayed a fold change between the two groups of at least 1.5-fold. We used the Benjamini and Hochberg correction to provide 90% confidence that the false discovery rate was less than 10% (Benjamini and Hochberg, 1995). The false discovery rate is the proportion of the list of genes claimed to be differentially expressed that are false positives.
Class prediction
We developed models for utilizing gene expression profile to predict the class of future samples. We developed models based on the Compound Covariate Predictor (Radmacher et al., 2002), Diagonal Linear Discriminant Analysis (Dudoit et al., 2002), Nearest Neighbor Classification (Dudoit et al., 2002), and Support Vector Machines with linear kernel (Ramaswamy et al., 2001). The models incorporated genes that were differentially expressed at the 0.001 significance level as assessed by the random variance t-test (Wright and Simon, 2003). We estimated the prediction error of each model using leave-one-out cross-validation (LOOCV) as described by (Simon et al., 2003). For each LOOCV training set, the entire model building process was repeated, including the gene selection process. We also evaluated whether the cross-validated error rate estimate for a model was significantly less than one would expect from random prediction. The class labels were randomly permuted and the entire LOOCV process was repeated. The significance level is the proportion of the random permutations that gave a cross-validated error rate no greater than the cross-validated error rate obtained with the real data. 1000 random permutations were used.
Gene ontology analysis of differentially expressed genes
To identify associated biological processes, as defined by Gene Ontology annotation, we used the GoMINER analysis tool (Zeeberg et al., 2003). This package allows the automatic analysis of multiple microarrays and then integrates the results, across all of them, to find the GO categories that were significantly over- or under-represented.
RNA-seq data analysis
Differential gene expression data were generated by downloading count data from the dataset GSE247998 (Sun et al., 2024), downloaded from Gene Expression Omnibus, and analyzed using the R-package Desq2 (Love et al., 2014) version 1.44 under R version 4.4. Genes with read counts below 10 were excluded.
Gene set enrichment analysis
To investigate the biological pathways and functional gene sets enriched in the blood transcriptomic profiles of female patients with MDD and suicidal ideation, we performed Gene Set Enrichment Analysis (GSEA) using GSEA Version 4.3.3 (https://www.gsea-msigdb.org/gsea/index.jsp) and genesets Hallmark (H), curated genesets (C2) and immunologic genesets (C7) (Subramanian et al., 2005; Mootha et al., 2003) on the preprocessed gene expression data.
GSEA was run using the following parameters: gene set size filter of 15–500 genes, 1,000 permutations, and the weighted enrichment statistic. Statistical significance was determined based on a false discovery rate (FDR) q-value <0.25, as recommend in the documentation (https://docs.gsea-msigdb.org/#GSEA/GSEA_User_Guide/#interpreting-gsea-results).
Weigthed gene coexpression network analysis (WGCNA)
In recent years, a powerful method for systematic analysis called weighted gene co-expression network analysis (WGCNA) has been widely applied in bioinformatic analysis of various diseases (Zhang and Horvath, 2005). The robust co-expression network is able to cluster genes with similar expression patterns into modules to identify the underlying biological functions. To identify gene co-expression modules associated with suicidal ideation, we used this method on the transcriptomic data using the WGCNA R-package (R version 4.3) developed by P. Langfelder, and S. Horvath (Langfelder and Horvath, 2008).
Data preprocessing for WGCNA analysis
Gene expression data were preprocessed by removing low-expression genes (lowest 30%) and retaining the top 50% genes based on variance expression variability. 7507 genes/probesets remained after filtering.
Network construction
A weighted adjacency matrix was calculated using a soft threshold power of ß = 12, determined using the scale-free topology criterion. The matrix was transformed into a Topological Overlap Matrix (TOM) to measure network connectivity. As parameters for the analysis we used: TOMType = “signed”, minModuleSize = 30, mergeCutHeight = 0.25.
Module-phenotype associations
Modules were correlated with clinical traits (sex, suicide attempt) using eigengene values as module representatives. Modules with significant associations (p < 0.05) were prioritized for downstream analysis. Hub gene identification was based on a gene significance >0.2 and a module membership >8 (Liang et al., 2020).
Functional annotation
Genes within significant modules were subjected to enrichment analysis to determine overrepresented biological processes and pathways using GSEA as well as STRING (see below).
STRING analysis
STRING database 12.0 (Szklarczyk et al., 2023), https://string-db.org/) was used to identify possible protein-protein interactions between differentially regulated genes as well as between WGCNA hub genes. Default settings (Full STRING network; network edges: evidence; all active interaction sources and medium confidence) were used for both analyses.
RESULTS
Gene expression analysis
We first analyzed male and female acutely suicidal patients with MDD together and identified 87 differentially expressed genes (91 probesets) (p-value <0.05, FDR < 0.1, |FC| > 1.5x), a threshold applied across all subsequent comparisons. The complete gene list is provided in Supplementary Table S1.
To determine whether transcriptional profiles could effectively distinguish suicidal patients with MDD from healthy controls, we applied several class prediction methods and observed a striking difference between male and female patients. In the male group, only two of seven algorithms (Compound Covariate Predictor and Diagonal Linear Discriminant Analysis) correctly predicted a maximum of 9 out of 14 samples. In contrast, three algorithms in the female group correctly predicted all samples, while the remaining four accurately classified 13 out of 14 samples. This result was further supported by a PCA analysis of the gene expression data.
As shown in Figure 1, there is only a clear separation between the female suicidal ideation group and their corresponding healthy control group, but not between the corresponding male subgroups. Based on these findings, we proceeded with sex-specific differential gene expression analyses.
[image: Scatter plot showing PCA analysis with axes labeled PC1 at fifteen percent and PC2 at eight point eight percent. Data points are color-coded by group: F-N (red), F-Y (green), M-N (cyan), and M-Y (purple). Clusters are visibly distinct by color.]FIGURE 1 | Principal component analysis of our microarray data. N = Female, healthy Control, F:Y = Female, Suicide Attempt, M:N = Male, healthy Control, M:Y = Male, Suicide Attempt.This approach revealed no differentially expressed genes in suicidal men with MDD compared to healthy male controls. However, in women, we identified 671 differentially expressed probesets corresponding to 665 genes, with 304 downregulated and 367 upregulated. A list of the up- and downregulated genes is available in Supplementary Table S2.
To ensure these findings were not driven by differences between the male and female healthy control groups, we compared their gene expression profiles. This analysis yielded only 23 differentially expressed genes, all located on the sex chromosomes. Additionally, when comparing suicidal male and female MDD patients, we identified only 40 differentially expressed genes, 26 of which were XY-chromosomal (provided as Supplementary Table S3). These results strongly indicate that the observed gene expression differences are specifically associated with MDD-driven suicidality and sex-dependent to their respective healthy controls.
Gene Ontology enrichment analysis of the differentially expressed genes in suicidal women with MDD revealed significant enrichment in immune system and inflammatory pathways. The top 20 GO terms are presented in Supplementary Table S4.
STRING analysis
To identify and visualize potential protein-protein interactions within the set of differentially regulated genes in the female MDD patient group with acute suicidal ideations, we used the STRING database. The network as identified by STRING [Figure 2; Supplementary Figure S1 (high resolution)] revealed a complex network of interactions mainly centered around two clusters of genes consisting of immunological genes such as SYK, FCGR1A or LCK or genes involved in ribosomal biosynthetic processes such as RPS24, RPL27a, NSA2 or BMS1.
[image: Network diagram depicting protein-protein interactions. Nodes represent proteins, color-coded and labeled, connected by lines indicating interactions. The layout shows a complex network with densely connected clusters and several outer nodes.]FIGURE 2 | STRING analysis on the set of differentially regulated genes between female patients with suicide attempts and their respective healthy control group.GSEA analysis
Gene Set Enrichment Analysis (GSEA) of the female gene expression data identified 12 significantly enriched gene sets (FDR < 0.25) when compared to the Hallmark gene sets (Table 2). The top three enriched pathways were TNFA signaling via NFKB, IL6-JAK-STAT3 signaling, and inflammatory response. Among the identified pathways, TNF-alpha Induced Protein 6 (TNFAIP6) emerged as the top-ranked gene in both TNFA signaling via NFKB and inflammatory response pathways. Other notably differentially expressed genes were Bestrophin 1 (BEST1), Protein Tyrosine Phosphatase Receptor Type r (PTPRE), Plasminogen Activator/Urokinase Receptor (PLAUR), Aquaporin 9 (AQP9), the inward-rectifying potassium channel KCJN2 and alpha-2-macroglobulin (A2M).
TABLE 2 | Significant genesets within the Hallmark collection of MSigDB using the gene expression data from the female sample group.	Geneset	Size	ES	NES	NOM p-val	FDR q-val	FWER p-val
	HALLMARK_TNFA_SIGNALING_VIA_NFKB	197	0.54	1.87	0.002	0.016	0.015
	HALLMARK_IL6_JAK_STAT3_SIGNALING	87	0.54	1.76	0	0.039	0.062
	HALLMARK_INFLAMMATORY_RESPONSE	199	0.47	1.68	0.004	0.058	0.125
	HALLMARK_COMPLEMENT	199	0.44	1.66	0.008	0.055	0.148
	HALLMARK_HYPOXIA	193	0.38	1.51	0.002	0.171	0.39
	HALLMARK_ANGIOGENESIS	36	0.49	1.46	0.04	0.209	0.507
	HALLMARK_APOPTOSIS	159	0.35	1.45	0.033	0.198	0.534
	HALLMARK_EPITHELIAL_MESENCHYMAL_TRANSITION	197	0.38	1.44	0.044	0.176	0.535
	HALLMARK_COAGULATION	138	0.38	1.38	0.063	0.249	0.699
	HALLMARK_KRAS_SIGNALING_UP	198	0.33	1.37	0.038	0.228	0.705
	HALLMARK_UV_RESPONSE_UP	155	0.28	1.36	0.009	0.228	0.735
	HALLMARK_KRAS_SIGNALING_DN	195	0.35	1.35	0.05	0.225	0.756


Since TNFAIP6 was found to be significantly overexpressed in the suicidal group, it was together with Interleukin 1-beta (IL1B) and Interferon Gamma Receptor 2 (IFNgR2) (Fritz et al., 2018) selected for validation using quantitative PCR. Consistent with the initial array findings, all three were not upregulated in the male population. However, IL1B, IFNgR2, and TNFAIP6 exhibited significant differential expression between suicidal women with MDD and their respective healthy controls (see Figure 3).
[image: Bar graphs comparing fold changes in IL1B, IfngR2, and TNFaIP6 between control and suicidal groups. Panel A shows separate groups with no significant differences. Panel B indicates significant increases in the suicidal group for all markers.]FIGURE 3 | Validation of gene expression changes from selected differentially expressed genes in blood of male (A) and female (B) suicidal patients using qRT-PCR. Data are expressed as mean ± SEM. Gene expression changes are expressed as fold change versus the control group (Healthy individuals). Significance was determined with Student’s t-test, with *p < 0.05, **p < 0.01. IL1B = Interleukin 1-beta, IfngR2 = Interferon Gamma Receptor 2, TNFAiP6 = TNF-alpha Induced Protein 6.Given the overlap between genes in the top five GSEA-enriched pathways, we constructed a Venn diagram to illustrate shared gene expression patterns (Figure 4A; Table 3). Interleukin-6 (IL6) emerged as the top shared gene, present in all five pathways.
[image: Venn diagram, cluster dendrogram, and heatmap are presented. The Venn diagram (A) shows intersections between five biological pathways. The cluster dendrogram (B, C) visualizes hierarchical clustering with color-coded clusters. The heatmap (D) displays correlation values between modules and conditions, with a gradient from red (negative) to blue (positive). Each section aids in understanding relationships among genes and signaling pathways.]FIGURE 4 | (A) Venn diagram illustrating the overlap of the leading-edge subset of genes (female dataset only) that are found within the top five enriched genesets of the Hallmark geneset. (B) Clustering dendrogram of all genes, with dissimilarities based on topological overlap. Each vertical line represents a single gene. Color designations assigned to the various modules within the coexpression network are shown below. (C) Number of genes assigned to the different coexpression networks. (D) Heatmap of the correlation between modules of genes and sample groups. This representation is a visual depiction of the Weighted Gene Co-expression Network Analysis (WGCNA). The heatmap reveals the correlation coefficient as well as the statistical significance of the data (*P ≤ 0.05, **P ≤ 0.01, ***P ≤ 0.001). Additionally, it indicates the direction of the correlation, whether positive (red) or negative (blue). The y-axis corresponds to the modules of genes grouped together according to their expression patterns. The x-axis denotes the sample group: SAF = Suicide Attempt, Female; SAM = Suicide Attempt, Male; CF = Healthy Control Female; CM = Healthy Control Male; SAFM = Suicide Attempt, Male and Female; CFM = Healthy Control Female and Male.TABLE 3 | Overlap of the leading-edge genes within the top 5 genesets of the Hallmark collection.	Gene	Number of occurences in the TOP 5 Hallmark genesets	TNFA signaling VIA NFKB	Hallmark inflammatory response	Hallmark hypoxia	Hallmark complement	IL6 JAK STAT3 signaling
	IL6	5	X	X	X	X	X
	F3	4	X	X	X	X	
	IRF1	4	X	X		X	X
	PLAUR	4	X	X	X	X	
	SERPINE1	4	X	X	X	X	
	CXCL1	3	X			X	X
	IFNGR2	3	X	X			X
	IL1B	3	X	X			X
	KLF6	3	X	X	X		
	PIK3R5	3		X		X	X
	TLR2	3	X		X		X
	ABCA1	2	X		X		
	ADM	2		X	X		
	BHLHE40	2	X		X		
	BTG2	2	X	X			
	CCL7	2		X			X
	CCRL2	2	X	X			
	CD14	2		X			X
	CD55	2		X		X	
	CEBPB	2	X			X	
	CHST2	2		X	X		
	CSF2	2	X				X
	CSF3R	2		X			X
	CXCL6	2	X	X			
	DUSP1	2	X		X		
	EHD1	2	X			X	
	FOS	2	X		X		
	FOSL2	2	X		X		
	GNAI3	2		X		X	
	GP1BA	2		X		X	
	GRB2	2				X	X
	ICAM1	2	X	X			
	ICOSLG	2	X	X			
	IER3	2	X		X		
	IL18	2	X	X			
	IL18R1	2		X			X
	IL1A	2	X	X			
	IL1R1	2		X			X
	IL4R	2		X			X
	IRF7	2		X		X	
	IRS2	2	X		X		
	ITGB3	2		X			X
	KYNU	2	X			X	
	LYN	2		X		X	
	MXD1	2	X	X			
	NAMPT	2	X	X			
	NFIL3	2	X		X		
	NFKBIA	2	X	X			
	PDE4B	2	X	X			
	PDGFB	2			X	X	
	PFKFB3	2	X		X		
	PLEK	2	X			X	
	PPP1R15A	2	X		X		
	PSEN1	2		X		X	
	PTPRE	2	X	X			
	RHOG	2		X		X	
	SDC4	2	X		X		
	SERPINB2	2	X			X	
	SLC2A3	2	X		X		
	SOCS3	2	X				X
	TIMP1	2		X		X	
	TNFAIP6	2	X	X			
	TNFRSF1B	2		X			X
	TNFRSF9	2		X			X
	VEGFA	2	X		X		
	ZFP36	2	X		X		


To further validate our sex-specific findings, we repeated the same analysis with the male dataset, especially since GSEA analysis is not limited to a set of differentially expressed genes that could be biased by filtering conditions on fold-change and p-value. In support of our sex-specific findings, not a single pathway was identified (FDR < of 0.25) in both the hallmark and curated dataset collection (C2) in contrast to 12 and 61 genesets in the female dataset.
WGCNA analysis
To further explore the regulatory networks within our dataset, we performed weighted gene co-expression network analysis (WGCNA). Similar to GSEA, WGCNA is not restricted to a predefined set of differentially expressed genes but instead utilizes the entire gene expression dataset. After testing multiple candidate powers, we selected a soft threshold power of 12 based on the approximate scale-free topology criterion. This resulted in the identification of 13 distinct WGCNA modules (Figure 4B), with module sizes ranging from 52 to 2,076 genes (Figure 4C).
To identify modules significantly associated with suicidal ideations (correlation >0.5, p < 0.001), we correlated eigengenes with both sex and suicide attempt status. The resulting correlation plot (Figure 4D) again revealed a striking difference between the male and female MDD-patients with suicidal ideation. In contrast to the male group, where no highly significant correlations were observed, the female group exhibited a highly significant module (turquoise) with a strong correlation (r = 0.67, p < 0.001). Interestingly, when male and female data were combined in the analysis, the correlation strength for this module decreased (from r = 0.67 to r = 0.51) alongside its statistical significance (from p < 0.001 to p < 0.05). This further supports the necessity of analyzing male and female data separately in studies of gene expression related to suicidality.
Next, we identified key regulatory genes, or “hub genes,” within the turquoise module using gene significance (GS > 0.3) and module membership (MM > 0.8) criteria (Liang et al., 2020). A total of 363 hub genes (Supplementary Table S8) were identified, which were then subjected to gene set enrichment analysis using the Hallmark collection. The results closely mirrored those from the GSEA of differentially expressed genes, with significant enrichment in TNF alpha signaling via NFKB, inflammatory response, and complement pathways (Table 4). To further investigate interactions between these hub genes, we conducted a STRING analysis. The resulting gene interaction network (Figure 5; Supplementary Figure S5) revealed two major central nodes: IL1B (inflammatory response) and GRB2 (RAS-ERK signaling pathway).
TABLE 4 | Significant genesets within the Hallmark collection of MSigDB using the hub genes from the WGCN analysis of the female sample group.	Gene set name	Genes in gene set (K)	Description	Genes in overlap (k)	k/K	p-value	FDR q-value
	HALLMARK_TNFA_SIGNALING_VIA_NFKB	200	Genes regulated by NF-kB in response to TNF (GeneID = 7124)	18	0.09	1.47E−13	7.36E−12
	HALLMARK_INFLAMMATORY_RESPONSE	200	Genes defining inflammatory response	16	0.08	2.03E−11	5.07E−10
	HALLMARK_COMPLEMENT	200	Genes encoding components of the complement system, which is part of the innate immune system	15	0.075	2.15E−10	3.58E−09
	HALLMARK_APOPTOSIS	161	Genes mediating programmed cell death (apoptosis) by activation of caspases	11	0.0683	1.46E−07	1.82E−06
	HALLMARK_HEME_METABOLISM	200	Genes involved in metabolism of heme (a cofactor consisting of iron and porphyrin) and erythroblast differentiation	10	0.05	8.95E−06	6.81E−05
	HALLMARK_MTORC1_SIGNALING	200	Genes upregulated through activation of mTORC1 complex	10	0.05	8.95E−06	6.81E−05
	HALLMARK_IL6_JAK_STAT3_SIGNALING	87	Genes upregulated by IL6 (GeneID = 3569) via STAT3 (GeneID = 6774), e.g., during acute phase response	7	0.0805	9.53E−06	6.81E−05
	HALLMARK_XENOBIOTIC_METABOLISM	200	Genes encoding proteins involved in processing of drugs and other xenobiotics	9	0.045	5.71E−05	3.57E−04
	HALLMARK_PEROXISOME	104	Genes encoding components of peroxisome	6	0.0577	2.65E−04	1.36E−03
	HALLMARK_PI3K_AKT_MTOR_SIGNALING	105	Genes upregulated by activation of the PI3K/AKT/mTOR pathway	6	0.0571	2.79E−04	1.36E−03
	HALLMARK_IL2_STAT5_SIGNALING	199	Genes upregulated by STAT5 in response to IL2 stimulation	8	0.0402	3.16E−04	1.36E−03
	HALLMARK_ADIPOGENESIS	200	Genes upregulated during adipocyte differentiation (adipogenesis)	8	0.04	3.27E−04	1.36E−03
	HALLMARK_TGF_BETA_SIGNALING	54	Genes upregulated in response to TGFB1 (GeneID = 7040)	4	0.0741	1.14E−03	4.38E−03
	HALLMARK_ALLOGRAFT_REJECTION	200	Genes upregulated during transplant rejection	7	0.035	1.66E−03	5.18E−03
	HALLMARK_INTERFERON_GAMMA_RESPONSE	200	Genes upregulated in response to IFNG (GeneID = 3458)	7	0.035	1.66E−03	5.18E−03
	HALLMARK_KRAS_SIGNALING_UP	200	Genes upregulated by KRAS activation	7	0.035	1.66E−03	5.18E−03
	HALLMARK_UV_RESPONSE_UP	158	Genes upregulated in response to ultraviolet (UV) radiation	6	0.038	2.35E−03	6.90E−03
	HALLMARK_CHOLESTEROL_HOMEOSTASIS	74	Genes involved in cholesterol homeostasis	4	0.0541	3.63E−03	1.01E−02
	HALLMARK_WNT_BETA_CATENIN_SIGNALING	42	Genes upregulated by activation of WNT signaling through accumulation of beta catenin CTNNB1 (GeneID = 1499)	3	0.0714	5.39E−03	1.42E−02
	HALLMARK_ESTROGEN_RESPONSE_EARLY	200	Genes defining early response to estrogen	6	0.03	7.35E−03	1.67E−02
	HALLMARK_HYPOXIA	200	Genes upregulated in response to low oxygen levels (hypoxia)	6	0.03	7.35E−03	1.67E−02
	HALLMARK_P53_PATHWAY	200	Genes involved in p53 pathways and networks	6	0.03	7.35E−03	1.67E−02
	HALLMARK_REACTIVE_OXYGEN_SPECIES_PATHWAY	49	Genes upregulated by reactive oxigen species (ROS)	3	0.0612	8.29E−03	1.80E−02
	HALLMARK_DNA_REPAIR	150	Genes involved in DNA repair	5	0.0333	9.18E−03	1.91E−02
	HALLMARK_ANDROGEN_RESPONSE	101	Genes defining response to androgens	4	0.0396	1.08E−02	2.16E−02
	HALLMARK_FATTY_ACID_METABOLISM	158	Genes encoding proteins involved in metabolism of fatty acids	5	0.0316	1.13E−02	2.18E−02
	HALLMARK_BILE_ACID_METABOLISM	112	Genes involve in metabolism of bile acids and salts	4	0.0357	1.53E−02	2.83E−02
	HALLMARK_APICAL_JUNCTION	200	Genes encoding components of apical junction complex	5	0.025	2.81E−02	4.84E−02
	HALLMARK_ESTROGEN_RESPONSE_LATE	200	Genes defining late response to estrogen	5	0.025	2.81E−02	4.84E−02


[image: A complex network diagram depicting protein-protein interactions. Nodes represent proteins, labeled with their specific names, and are interconnected by lines indicating interactions. The nodes are color-coded in various shades, possibly signifying different categories or functions. The layout spreads out the nodes to show numerous connections among them.]FIGURE 5 | STRING analysis on the set of hub genes within the high significant co-expression network (“turquoise”) of the female sample group.RNA sequencing
To test whether we could reproduce our results on a previously published dataset, we used data from Sun et al. (2024), who compared brain and blood transcriptome profiles with respect to common genetic pathways in suicidal ideation and suicide. Since the authors of this study did not publish differential expression data on their samples, we analyzed the count data as provided in the corresponding GEO dataset using the R-package DeSeq 2. Surprisingly, we see only a small set of six genes (one pseudogene, one lncRNA and four genes related to hemoglobin biosynthesis) when comparing males with suicide attempt (SA, eight samples) to male healthy controls (11 samples) and not a single gene (|FC| > 1.5x, FDR < 0.05) when comparing females with SA (15 samples) to female healthy controls (15 samples). On the other hand, we found 439 differentially expressed genes when comparing the female suicide attempter group with the male suicide attempter group. This striking difference is also visible in a PCA plot of the samples (Figure 6), which clearly separates these two groups but not the sex-specific samples with or without SA. Since this study by Sun et al. was focused on a gene network approach we extracted the genes of the 18 significantly enriched modules from their Ingenuity Pathway analysis (IPA, data available in the supplement to this study) and used this set of 450 genes for a GSEA to identify possible overlaps with our data from the analysis of the DE genes within the HALLMARK collection. As it turned out, the overlap consisted of three genesets, namely, INFLAMMATORY_RESPONSE, COMPLEMENT and APOPTOSIS.
[image: Scatter plot showing principal component analysis with PC1 on the x-axis and PC2 on the y-axis, accounting for 24% and 13% variance respectively. Data points are colored by groups: F:N (pink), F:Y (green), M:N (cyan), and M:Y (purple). Clusters are visible, indicating group separations.]FIGURE 6 | Principal component analysis of the RNA Seq data from the GEO dataset GSE247998. F:N = Female, healthy Control, F:Y = Female, Suicide Attempt, M:N = Male, healthy Control, M:Y = Male, Suicide Attempt.When we searched for corresponding GO groups within the IPA data using DAVID (Huang et al., 2009; Sherman et al., 2022), the results were similar to our own data, with the highest scoring GO groups containing “positive regulation of NF-kappaB transcription factor activity”, “positive regulation of inflammatory response”, or “positive regulation of interleukin 1 beta production”. Thus, despite the fact that we could not reproduce the sex-specific differences in gene expression between suicidal patients and healthy individuals, the differential gene expression between male and female subjects with suicide attempts leads to the same biological pathways.
DISCUSSION
The strong comorbidity between MDD and suicide - particularly among middle-aged men and women (Turecki and Brent, 2016) - highlights the urgent need to identify reliable risk factors. In this study, we employed Affymetrix whole-genome expression microarrays to identify key regulatory elements and pathways in the blood plasma of MDD patients with acute suicidal ideation compared to a healthy control group. Our results revealed striking sex-specific gene expression patterns, particularly involving inflammatory and NF-κB pathways, with IL1B (Fritz et al., 2016), IL6 (Klawonn et al., 2021), and TNFAIP6 among the most prominent differentially expressed genes, alongside BEST1, PTPRE, PLAUR, and AQP9.
Notably, a meta-analysis of sex-specific gene expression in blood transcriptomics of mental disorders reported TNFAIP6 as being overexpressed exclusively in females (Mohandoss and Kumar, 2023), further supporting our sex-specific findings. Several other key genes identified in our study, including BEST1 (Ali et al., 2024), PTPRE (Ardesch et al., 2023), and PLAUR (Karagyaur et al., 2024), have been implicated in the pathophysiology of mood disorders, while AQP9 has been proposed as a potential biomarker for both Parkinson’s disease and MDD (Wang et al., 2023). Our findings align with extensive research emphasizing the critical role of IL6 in MDD as well as MDD-driven suicidality (Lindqvist et al., 2009), as demonstrated in both animal models (Nukina et al., 2001; Jankord et al., 2010) and clinical studies (Kern et al., 2014), and reviewed by Ting et al. (2020). Additionally, IL1B was previously identified as one of the top upstream regulators in a systems biology study by Daskalakis et al. (2024), which examined the molecular underpinnings of (PTSD) and MDD. These findings underscore the involvement of inflammatory and stress-response pathways in the molecular mechanisms underlying suicidality, particularly in females. However, while PTSD and MDD share some common gene expression patterns, they also exhibit distinct molecular signatures (Garrett et al., 2021; Jaffe et al., 2022).
Our results contribute to the growing body of evidence suggesting that immune dysregulation plays a crucial role in the pathophysiology of both major depression (Pandey et al., 2018) and suicidal behavior (Serafini et al., 2020). While several gene expression studies have been conducted [reviewed in Piras et al., (2022)], most have focused on transcriptional changes in brain tissue (Maitra et al., 2023), which is not accessible in living patients and is therefore unsuitable as a predictive biomarker source. To our knowledge, no prior study has specifically examined sex differences in gene expression patterns in acutely suicidal MDD patients.
For the first time, our exploratoy study approach revealed a substantial sex-specific discrepancy in gene expression in the blood of MDD patients with suicidal ideation. While the mixed-sex analysis identified 87 differentially expressed genes, a sex-stratified analysis revealed no differentially expressed genes among male patients, whereas 665 genes were differentially expressed in females. Despite these striking differences, our findings align closely with previous studies on the molecular biology of suicidal ideation.
Although none of the top 10 up- or downregulated genes in our dataset have been previously described in the context of suicidal ideation - possibly due to the confounding effect of combining male and female subjects - a Gene Ontology enrichment analysis revealed a significant overrepresentation of genes associated with immune system processes and inflammation. This is in accordance with prior studies in the field (Serafini et al., 2020; Piras et al., 2022).
When comaring our work to Piras et al. (2022), it is important to note, however, that only two of the studies included in the meta-analysis compared individuals with MDD driven suicide to healthy control groups, while the remaining studies included participants with other psychiatric disorders, such as schizophrenia or borderline personality disorder, which exhibit distinct DEG profiles. Still such a comparison of our differentially expressed genes with those identified in the meta-analysis by Piras et al. (2022) on suicide-related gene expression profiles highlighted two particularly interesting genes, KCNJ2 and A2M. KCNJ2 (Potassium Inwardly Rectifying Channel Subfamily J Member 2) belongs to a family of potassium channel genes implicated in various physiological responses. Emerging evidence suggests that dysregulation of potassium channel genes plays a significant role in MDD (Zhang et al., 2024a). Lai et al. (2024) demonstrated that in a human brain organoid model of traumatic brain injury, suppression of KCNJ2 mitigates neurodegenerative processes. This raises the possibility that the observed upregulation of KCNJ2 in our study may reflect underlying neurodegenerative mechanisms. Moreover, our analysis identified another member of the inwardly rectifying potassium channel family, KCNJ15, as upregulated in suicidal females with MDD. This finding may have important therapeutic implications, given that potassium channel openers have been explored as potential antidepressant treatments (Costi et al., 2022).
The second gene of interest, A2M (alpha-2-Macroglobulin), encodes a protease inhibitor and cytokine transporter. In our study, A2M was found to be downregulated in acutely suicidal female patients with MDD. Given that A2M inhibits inflammatory mediators (Feige et al., 2008) by blocking the IL-1β/NFKB signaling pathway (Sun et al., 2023a) - a key pathway identified in our GSEA and WGCNA analyses - this downregulation may contribute to the pervasive inflammatory signature observed in suicidal individuals with MDD as a comorbid disorder.
In 2013, Le-Niculescu et al. conducted a large-scale study on blood-based biomarkers for suicidality (Panagiotaropoulou et al., 2024), also using Affymetrix microarrays (U133 Plus 2.0). However, their study exclusively examined male patients diagnosed with bipolar disorder, limiting its generalizability to broader populations as well as its comparability to MDD driven suicidality (Panagiotaropoulou et al., 2024). Nonetheless, in our study, we identified an overlap of 33 genes with our differentially expressed gene list and 20 genes with our hub-gene list. Particularly noteworthy is the shared dysregulation of potassium channel genes and IL1B. Furthermore, a GSEA analysis of the Hallmark gene sets using the 246 differentially expressed genes from the Le-Niculescu study also revealed significant enrichment in the inflammatory response and TNF-α signaling via NF-κB pathways, reinforcing the biological consistency of our findings.
To further contextualize our results, we compared our data with two recent studies investigating suicidal ideation-associated pathways. The first study, by Sun et al. (2024), analyzed RNA data from both blood and brain samples of individuals with suicidal ideation and completed suicide, employing gene co-expression network analysis. The second study (Daskalakis et al., 2024), used a systems biology approach to investigate PTSD and MDD through multiple complementary methodologies.
Although the WGCNA analysis by Sun et al. identified key genes subsequently analyzed via Ingenuity Pathway Analysis (IPA), their approach differs from our GSEA methodology. However, both studies converge on the same overarching biological themes, particularly the involvement of inflammatory pathways. Using the 450 genes from their significant IPA pathways for a GSEA with the Hallmark gene sets, we observed a predominant enrichment in inflammatory response pathways. As the authors did not conduct a differential gene expression analysis, we performed this analysis ourselves using the publicly available GEO dataset.
In contrast to our blood based analysis, Daskalakis et al. (2024) primarily examined postmortem brain samples. Nonetheless, their identification of IL1B as a central upstream regulator mirrors our findings, where IL1B emerged as both a differentially expressed gene and a hub gene in our WGCNA network. Moreover, their study confirmed the relevance of immune regulatory and inflammatory pathways, which we also identified through our Gene Ontology enrichment, GSEA, and WGCNA analyses. This provides strong evidence that the molecular changes observed in peripheral blood reflect, at least in part, those occurring in the brain.
Transcriptional changes in blood and brain of suicidal patients were also reported by Mamdani and colleagues (2022), but they only analyzed a very small subset of 114 genes and compared the expression of these genes to a control group of people which died of various (including health related) reasons which may explain that we do not see any overlap with our differentially regulated genes.
In another very recent publication by Wang et al. (2025), blood samples from a very large group of MDD patiens with and without suicidal ideation were analyzed using RNA-Seq. Unfortunately the authors do not provide any lists of differentially regulated genes. They only report the results of a WGCNA analysis and as such, we can only compare the results of their GO analysis with our findings. As reported they found one significant module containing 1187 genes when comparing SI-patients with the corresponding healthy control group. When we compare the resulting significant GO enrichment groups with our own analysis, we observe an overlap in ten out of fifteen groups, namely: leukocyte activation involved in immune response (GO:0002366), cell activation involved in immune response (GO:0002263), phagocytosis (GO:0006909), leukocyte migration (GO:0050900), positive regulation of leukocyte activation (GO:0002696), positive regulation of cell activation (GO:0050867), leukocyte mediated immunity (GO:0002443), lymphocyte activation involved in immune response (GO:0002285), immune response-regulating cell surface receptor signaling pathway (GO:00027681), leukocyte cell-cell adhesion (GO:0007159).
In conclusion, our findings align with existing literature on the molecular underpinnings of MDD-associated suicidality and reinforce the importance of sex-specific analyses. As previously reviewed by Senei and Sibille (2014), sex differences in MDD have been documented in both human studies and animal models of the disorder. Additionally, these sex-specific differences influence treatment response, including differential efficacy of selective serotonin reuptake inhibitors (Kornstein et al., 2000). Given these findings, future research should prioritize sex-stratified analyses to refine our understanding of the molecular mechanisms underlying suicidality linked to MDD and optimize therapeutic interventions accordingly.
With respect to the underlying pathway disturbances, the present work further underlines the scientific well-founded influence of inflammatory and immune-modulating pathways on MDD, and expands this knowledge by adding novel potential biomarkers such as TNFAIP6.
Limitations
It is not possible to rule out the possibility that our findings are influenced by the relatively small sample size in this study. We anticipate that differentially expressed genes will also be identified in male participants; however, these differences may be less pronounced than those observed in females. Therefore, we strongly encourage researchers conducting similar studies to assess the reproducibility of these findings by incorporating sex-specific analyses within their datasets.
Alternatively, the observed discrepancy between male and female patients may be attributable to the composition of our sample group and could stem from genetic variability among individuals, which may obscure the detection of statistically significant expression changes. This increased variability likely has a comparatively smaller impact on gene set enrichment analysis, potentially explaining the consistent findings in pathway-level analyses. Nevertheless, if this is the case, our results underscore not only the importance of considering sex-specific differences in psychiatric research but also highlight the need for a more personalized approach to patient care, moving away from the current one-size-fits-all model.
Additionally, because adverse childhood experiences (ACEs) are associated with depression and have been shown to influence gene expression (Parel and Peña, 2022), we cannot rule out their potential impact on our findings, as ACEs were not assessed in this study.
Finally, this study refrains from reporting specific biomarkers for suicidality, as it does not include a comparison group of MDD patients who are not acutely suicidal, which represents a notable limitation. Nevertheless, its primary and well-founded contribution lies in highlighting the striking sex differences observed, thereby encouraging future research to confirm whether some of the identified genes may serve as genuine sex-specific biomarkers of suicidality.
CONCLUSION
This study indicates sex-specific gene expression differences between male and female patients with suicidal ideation and MDD. Hence, it may appear important to exercise caution when analyzing these patients as a single group in the future. It might not only impede the molecular findings, but also engender therapeutic differences if a gene or set of genes is only up- or downregulated in male or female patients exclusively.
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Supplementary Tables S1–S3 present lists of differentially expressed genes (DEGs) identified through transcriptomic analysis. Table 1 includes DEGs (p < 0.05, FDR < 0.1, |FC| > 1.5x) in the combined male and female cohort compared to healthy controls, while Table 2 focuses specifically on DEGs within the female subset and Table 3 lists the DEGs between the male and female samples with suicide attempts. Supplementary Table S4 lists Gene Ontology (GO) categories enriched among DEGs in the female subgroup, as identified via GoMiner analysis. Supplementary Tables S5–S7 detail the leading-edge genes from gene set enrichment analysis (GSEA) for three hallmark pathways: TNFA_SIGNALING_VIA_NFKB, IL6_JAK_STAT3_SIGNALING, and INFLAMMATORY_RESPONSE. Supplementary Table S8 lists hub genes (Gene Significance >0.6, Module Membership >0.8) derived from Weighted Gene Co-expression Network Analysis (WGCNA) of the female sample group. Supplementary Figures S1 and S5 display high resolution STRING network analyses of DEGs in female suicide attempters (vs controls) and hub genes within the highly significant WGCNA “turquoise” module, respectively. Supplementary Figures S2–S4 provide enrichment plots for the hallmark pathways examined in GSEA: TNFA_SIGNALING_VIA_NFKB, IL6_JAK_STAT3_SIGNALING, and INFLAMMATORY_RESPONSE.
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