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Type 2 diabetes mellitus (T2DM) and Major depressive disorder (MDD) act as risk factors for each other, 
and the comorbidity of both significantly increases the all-cause mortality rate. Therefore, studying 
the diagnosis and treatment of diabetes with depression (DD) is of great significance. In this study, we 
progressively identified hub genes associated with T2DM and depression through WGCNA analysis, 
PPI networks, and machine learning, and constructed ROC and nomogram to assess their diagnostic 
efficacy. Additionally, we validated these genes using qRT-PCR in the hippocampus of DD model mice. 
The results indicate that UBTD1, ANKRD9, CNN2, AKT1, and CAPZA2 are shared hub genes associated 
with diabetes and depression, with ANKRD9, CNN2 and UBTD1 demonstrating favorable diagnostic 
predictive efficacy. In the DD model, UBTD1 (p > 0.05) and ANKRD9 (p < 0.01) were downregulated, 
while CNN2 (p < 0.001), AKT1 (p < 0.05), and CAPZA2 (p < 0.01) were upregulated. We have discussed 
their mechanisms of action in the pathogenesis and therapy of DD, suggesting their therapeutic 
potential, and propose that these genes may serve as prospective diagnostic candidates for DD. In 
conclusion, this work offers new insights for future research on DD.
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The global health community is increasingly concerned about the rising incidence of Type 2 diabetes mellitus 
(T2DM) and Major Depressive Disorder (MDD). The International Diabetes Federation predicts that the 
number of adults with diabetes will reach 642 million by 20401, and the World Health Organization reports that 
over 264 million people were living with depression in 20192. The simultaneous occurrence of these conditions 
is particularly concerning, as they exacerbate each other’s harmful effects, resulting in increased morbidity and 
mortality.

The interplay between T2DM and MDD is well-documented, with each condition increasing the risk of the 
other3. However, the biological mechanisms driving this comorbidity remain a subject of ongoing research and 
debate. Research suggests that insulin resistance and inflammation contribute to depression in T2DM patients4, 
while other studies highlight psychosocial factors and genetic predispositions5. This complexity is underscored 
by the varied clinical responses to treatment, where some patients improve with antidepressants and lifestyle 
changes, while others do not6.

Despite growing awareness of the need to address the comorbidity of T2DM and MDD, consensus on the most 
effective treatment strategies remains unattainable. Advocates for an integrated approach support collaborative 
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care models involving both endocrinologists and mental health professionals7. Conversely, some suggest that 
targeting pathophysiological mechanisms like endoplasmic reticulum stress or neuroinflammation could offer 
more effective management strategies8.

In this study, we explored the complex link between T2DM and MDD, identifying shared hub genes (UBTD1, 
ANKRD9, CNN2, AKT1, CAPZ2A) that may serve as diagnostic markers for their comorbidity. This discovery 
is crucial for improving clinical management, patient outcomes, and reducing the societal burden. Our findings 
pave the way for more precise diagnostics and personalized treatment strategies. Further research is needed to 
validate the diagnostic potential of these genes and assess their clinical impact.

Materials and methods
Microarray data and sample size calculation
We retrieved gene expression profiling data from the Gene Expression Omnibus (GEO) DATABASE ​(​​​h​t​t​p​s​:​
/​/​w​w​w​.​n​c​b​i​.​n​l​m​.​n​i​h​.​g​o​v​/​g​e​o​p​r​o​f​i​l​e​s​/​​​​​. Accessed 25 August 2024) for patients with diabetes and depression 
(GSE26168, GSE15932, GSE53987, GSE66937). GSE26168 includes 9 T2DM patient samples and 8 control 
samples. GSE15932 comprises 8 T2DM samples and 8 control samples. GSE53987 consists of 17 MDD patient 
samples and 18 control samples. GSE66937 contains 9 suicide completers and 7 control samples. These samples 
were used in subsequent analyses, and their specific accession numbers are available in Supplementary Table 
S1. Given the limited sample size in some arrays, we performed a combined analysis across multiple chips for 
the same disease condition. Due to the relatively limited sample size in individual T2DM datasets, we chose to 
combine multiple datasets (GSE26168 and GSE15932) and then carried out rigorous data normalization and 
batch effect correction procedures. In the course of this process, one sample (GSM532824 from GSE26168) was 
excluded to maintain the highest standards of data quality and integrity.

Additionally, For the data processing, we utilized the limma package (version 3.58.1) in R (version 4.3.2) to 
standardize and correct all the data. Gene names were annotated using the AnnoProbe package (version 0.7.1) to 
ensure accurate identification. To address the batch effects arising from different platforms more comprehensively, 
we employed the SVA package (version 3.50.0) to remove these discrepancies. The co-expressed genes identified 
were further subjected to validation using independent datasets to ascertain their expression in tissues. As these 
datasets are publicly available, ethical approval was not required.

Data processing and identification of differentially expressed genes (DEGs)
We extracted raw data and performed background correction, normalization, and log2 transformation using the 
R software package (version 4.3.2). When multiple probes corresponded to the same gene symbol, we calculated 
the average expression level to complete the data processing procedure. The Limma R software package was 
employed to identify DEGs associated with depression. For the T2DM dataset, we set a threshold of p < 0.05 
and |log2 Fold Change| > 1 to select differentially expressed genes (DEGs). For the MDD dataset, we applied a 
criterion of p < 0.05 and |log2 Fold Change| > 0 to identify DEGs9.

T2DM weighted gene co-expression network analysis (WGCNA)
Weighted gene co-expression network analysis (WGCNA) is a systems biology approach utilized to construct 
gene co-expression networks and evaluate gene network modules associated with diseases. We employed 
the WGCNA package in R to build a co-expression network for the top 5000 expressed genes. A weighted 
adjacency matrix was constructed based on the weighted correlation coefficient, and the adjacency matrix was 
transformed into a topological overlap matrix (TOM). Subsequently, hierarchical clustering was performed to 
identify modules and calculate eigengenes. Finally, we assessed the correlation between phenotypes and each 
module through correlation analysis and identified gene-associated modules. Prior to constructing the scale-
free co-expression network, the DEG expression matrix was filtered using the goodSamplesGenes function to 
remove genes and samples that did not meet quality standards. Utilizing the soft-thresholding power (β) derived 
from co-expression similarity to determine adjacency, we transformed it into a topological overlap matrix 
(TOM) to obtain gene proportions and associated dissimilarities. Finally, we employed hierarchical clustering 
to identify modules and visualized them. Using a dissimilarity measure based on the TOM with a minimum 
size (gene set) of 50, we performed average linkage hierarchical clustering to cluster genes with high absolute 
correlations into gene modules, described as a gene dendrogram. By cutting the tree at a height that maximizes 
module eigengene differentiation, we merged similar modules (module size > 50). The eigengene network was 
graphically represented.

Functional and pathway enrichment analysis
We conducted enrichment analysis to explore the functions of DEGs and obtain a more comprehensive 
understanding of their biological information. The ClusterProfiler package (version 4.3.2) in the R platform was 
utilized for Gene Ontology (GO) enrichment analysis and Kyoto Encyclopedia of Genes and Genomes (KEGG) 
pathway enrichment10–12. The results of the enrichment analysis were categorized into three functional classes: 
biological process (BP), cellular component (CC), and molecular function (MF). The results were visualized 
using barplot maps and dotplot maps. Statistical significance was defined as p < 0.05.

PPI network construction and hub gene selection
We utilized the STRING database (http://string-db.org. Accessed 3 September 2024) to construct a ​p​r​o​t​e​i​n​-​p​
r​o​t​e​i​n interaction (PPI) network online for the genes overlapping between the WGCNA module genes and 
MDD’s DEGs. We set the interaction score to a confidence threshold of > 0.150 and hid disconnected nodes in 
the network. Subsequently, to better comprehend the interrelationships between proteins and select functionally 
interacting hub genes, we visualized and analyzed the PPI network using Cytoscape software (version 3.7.1, 
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http://www.cytoscape.org/. Accessed 3 September 2024). We employed cytoHubba to rank genes within the PPI 
network based on MCC, MNC, Degree, EPC, and BottleNeck algorithms, identifying the top 2 ranked genes 
from each algorithm as potential hub genes for DD.

Machine learning algorithms for identifying potential biomarkers
We employed both Boruta and SVM-RFE algorithms to analyze T2DM and MDD datasets13,14, aiming to 
identify overlapping feature genes between T2DM and MDD as potential biomarkers and hub genes for 
DD. For Boruta implementation, shadow features were created by repeatedly permuting original features, 
with feature importance evaluated through a random forest-based approach. Following processing with the 
getSelectedAttributes function (withTentative = TRUE) and TentativeRoughFix function, all features labeled as 
“Confirmed” or “Tentative” were retained. A robust cross-validation framework was implemented using the 
trainControl function, employing 10-fold validation with 5 repetitions. Parameters such as boxConstraint and 
kernelScale were systematically adjusted to enhance model performance. To ensure the robustness of feature 
selection, 10-fold validation with 5 repetitions scheme was implemented using the trainControl function. Model 
optimization was achieved through systematic parameter tuning, including boxConstraint adjustments for 
margin control and kernelScale modifications for RBF kernel calibration.

The SVM-RFE algorithm employed recursive feature elimination while monitoring model performance 
changes, ultimately selecting the radial basis function kernel (SVM-Radial) as the classifier. Using kernel 
RFE with 25 features, we performed 10-fold cross-validation to systematically evaluate the impact of different 
feature subsets on model performance, thereby determining the optimal subset size. This configuration was 
implemented through the fitcsvm function with ‘KernelFunction’,‘rbf ’ parameters, where kernelScale and other 
parameters were optimized to enhance model performance.

Receiver operating characteristic curve (ROC) and nomogram construction
Evaluating the Diagnostic Efficacy of the 5 Potential Hub Genes for DD Identified from T2DM and MDD 
Datasets. We initially constructed receiver operating characteristic (ROC) curves and calculated the area under 
the ROC curve (AUC) to estimate the diagnostic value. To prevent bias, the GSE66937 dataset was employed 
as a validation set, and only candidates with AUC values > 0.7 in both the test and validation sets were selected. 
Subsequently, a nomogram was constructed using the rms R package, and the diagnostic performance of the 
model was verified based on AUC > 0.8.

Experimental animals
Specific-pathogen-free (SPF) male C57BL/6J mice, aged 6 weeks (20 ± 2  g), were purchased from Zhejiang 
Chinese Medical University (Hangzhou, China). All mice were housed in the Laboratory Animal Center of 
Zhejiang Chinese Medical University under conditions of 22 ± 2 °C temperature, 50 ± 5% humidity, and a 12-
hour light/dark cycle. The animal study protocol was approved by the Institutional Review Board of Animal 
Experiments of Zhejiang Chinese Medical University for studies involving animals. The care and use of animals 
were strictly in accordance with the “Guide for the Care and Use of Laboratory Animals” (Approval No., 
IACUC-20240122-04). All procedures were conducted in full compliance with the ARRIVE guidelines 2.0. In 
addition, at the conclusion of the experiment, we adhered to the American Veterinary Medical Association 
(AVMA) Guidelines for the Euthanasia of Animals (2020) and utilized zolazepam and tiletamine (Zoletil 50, i.p. 
50 mg/kg) for the anesthesia and euthanasia of mice.

Experimental design
After a one-week acclimatization period with ad libitum feeding, mice were randomly assigned to the Control 
group (n = 6) and the Model group (n = 6). Mice in the Control group were fed a standard diet (SD) for 8 weeks, 
while those in the Model group maintained a high-fat diet (HFD) for 8 weeks. Following 8 weeks of dietary 
induction, mice in the Model group were intraperitoneally injected with streptozotocin (STZ) solution at a dose 
of 50 mg/kg/day (STZ; Sigma; Cat., ABT650-1 g), prepared in 0.1 M citrate buffer (pH 4.5) at 4 °C and protected 
from light (Solarbio, Cat., C1013), while mice in the Control group were intraperitoneally injected with 0.05 ml 
of citrate buffer per 10 g of body weight/day for 5 consecutive days. One week after the final STZ injection, mice 
with fasting blood glucose (FBG) ≥ 11.1 mmol/l were considered to have T2DM and continued on the HFD. This 
time point was designated a 0 week.

To establish a T2DM with depression model, all members of the Model group were subjected to solitary 
housing combined with chronic unpredictable mild stress (CUMS) to induce progression to depression in T2DM 
mice15. We followed the procedure from a previous report with moderate modifications to establish the CUMS 
model16. Briefly, each mouse in the Model group was singly housed and exposed to 10 types of mild stressors 
(e.g., wet pad, tail nipping, cage exchange, 45° cage tilt, cage shaking, etc.), with only one stressor applied per day 
and no repeated stressor within a 7-day period to ensure unpredictable stress (Table 1). The entire CUMS lasted 
for 4 weeks (28 days) to establish the CUMS-induced diabetes with depression (DD) mouse model. C57BL/6J 
mice without stress were housed undisturbed in their cages. Notably, body weight and FBG were measured 
weekly during the CUMS period, with FBG determined by collecting blood from the tail tip using a glucometer 
(ACCU-CHEK Instant, Roche, Germany). The schematic of the experimental procedure is shown in Fig. 6a.

Oral glucose tolerance test (OGTT)
The glucose tolerance test was conducted using an oral glucose tolerance test (OGTT). On the last day of CUMS 
(day 28), after measuring fasting blood glucose (FBG), overnight-fasted mice were administered glucose (1 g/
kg) by oral gavage, and blood samples were collected from the tail vein at 0, 30, 60, 90, and 120 min for blood 
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glucose measurements using a glucometer. The area under the curve (AUC) of the OGTT was calculated using 
GraphPad Prism 9.5 software.

Tail suspension test (TST)
The duration of immobility in the Tail Suspension Test (TST) represents behavioral despair and the absence of 
escape-related activities in animals17. Mice were suspended approximately 2.5 cm from the tip of the tail, 40 cm 
above the ground, for 6 min using adhesive tape18. Immobility was defined as the absence of movement or only 
minor forelimb activity. Mice were tested individually to prevent interference. The duration of immobility was 
manually recorded by two experienced observers who were blinded to the group assignments19. Finally, the 
immobility period was analyzed for the last 4 min of the test by both observers.

Forced swimming test (FST)
The Forced Swimming Test (FST) is utilized to measure the despair behavior of mice in an aversive environment, 
thereby reflecting their level of depression20. Mice were placed in a cylindrical transparent container (diameter, 
12 cm; height, 30 cm) filled with water at 25 ± 1  °C (25 cm deep to prevent mice from touching the bottom 
with their tails) and video-recorded for 6 min. During the experiment, mice were tested individually to avoid 
interference. Mice were considered immobile when they kept their heads above water and remained still or 
only slightly moved their limbs to avoid submersion15. Two experimenters, who were blinded to the group 
assignments, recorded the immobility duration from 2 to 6 min by reviewing the videos. After each test, the 
container was cleaned and filled with fresh warm water to prevent interference.

Organ index
After the experiment, the livers and pancreases of the mice were carefully dissected on ice and weighed. 
The weights of the liver and pancreas for each mouse were recorded, and the Organ index was subsequently 
calculated using the formula. Liver index = Liver weight (g) / Body weight (g). Pancreas index = Pancreas weight 
(g) / Body weight (g).

qRT-PCR analysis
According to the manufacturer’s instructions, RNA was extracted from the mice hippocampus using TRIzol 
(Cat., CW058; CWbio; China) and its quality was assessed using a Nanodrop spectrometer. Reverse transcription 

Date Stressor Durationa

Day 1 Wet pad 24 h

Day 2 Tail nipping 3 min

Day 3 Thermal stimulation (45 °C) 5 min

Day 4 Cage exchange 24 h

Day 5 45° cage tilt 5 h

Day 6 Cage shaking 10 min

Day 7 Food deprivation 12 h

Day 8 Light stroboscopic 5 h

Day 9 Wet pad 3 min

Day 10 Tail nipping 24 h

Day 11 Thermal stimulation (45 C) 5 min

Day 12 no bedding 24 h

Day 13 45° cage tilt 5 h

Day 14 Food deprivation 12 h

Day 15 Cage exchange 24 h

Day 16 Cage shaking 10 min

Day 17 Light stroboscopic 5 h

Day 18 Wet pad 24 h

Day 19 Tail nipping 24 h

Day 20 Thermal stimulation (45 C) 5 min

Day 21 Food deprivation 12 h

Day 22 45° cage tilt 5 h

Day 23 no bedding 24 h

Day 24 Overnight illumination 12 h

Day 25 Cage shaking 10 min

Day 26 Cage exchange 24 h

Day 27 Wet pad 24 h

Day 28 Food deprivation 12 h

Table 1.  CUMS proceeding.
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to cDNA was performed using a reverse transcription kit (Cat., Q1007A; UG Bio; China). Quantitative real-
time PCR (qRT-PCR) was conducted using uGreener Flex qPCR 2X MIX (Cat., Q0005A; UG Bio; China). The 
relative expression levels of each target gene were normalized against β-actin expression levels, and the relative 
expression of the target genes was calculated using the 2-ΔΔCt method. Table 2 presents the primer sequences 
utilized in this study, which were synthesized by Tsingke Biotech (China).

Statistical analysis
Statistical analysis and visualization were performed using GraphPad Prism 9.5 software. To compare two 
experimental groups, an unpaired t-test was employed, and all data are presented as mean ± standard error of 
mean (S.E.M.). Additionally, for the analysis of Body Weight and FBG changes at different time points, a two-
way ANOVA was conducted followed by Sidak’s multiple comparisons test. The significance level was set at 
α = 0.05, and a p value < 0.05 was considered statistically significant.

Results
Identification of T2DM-associated gene modules
Normalization of expression values in the T2DM dataset (GSE26168 and GSE15932) was performed using 
Principal Component Analysis (PCA). Data before and after normalization are presented in Supplementary 
Fig. S1. By integrating gene expression data with clinical traits, WGCNA constructs a co-expression network to 
identify key modules implicated in critical biological processes. Our application of WGCNA analysis revealed 
interconnected gene clusters or modules with significant association to T2DM. The most acceptable soft threshold 
power, β = 9, was selected on the basis of scale independence and average connectivity (Fig. 1a). We delineated 
the cluster tree for both the T2DM cohort and the control group (Fig. 1b–d). Post-module consolidation, we 
identified 18 gene co-expression modules associated with T2DM, each represented by a unique color (Fig. 1e). 
Notably, the MEPurple (r = 0.50, p = 0.004), MEcyan (r = 0.56, p = 9e–04), MERed (r = 0.57, p = 6e-04), MEturquoise 
(r = 0.39, p = 0.03), MEGreen (r = 0.38, p = 0.03), and MElightGreen (r = 0.38, p = 0.03) modules demonstrated 
positive correlations with T2DM. In contrast, the MEmegenta (r = – 0.51, p = 0.003), MEmidnightblue (r = – 
0.75, p = 6e–07), and MEbrown (r = – 0.37, p = 0.04) modules exhibited negative correlations with T2DM. We 
selected six positively correlated modules and three negatively correlated modules for further in-depth analysis, 
encompassing 1361 and 736 genes, respectively.

Identification of differentially expressed genes (DEGs) asociated with MDD
Utilizing the limma package, we identified 672 differentially expressed genes (DEGs) between the control and 
depression groups, with 375 upregulated and 297 downregulated. These DEGs were visualized as a heatmap 
(Fig.  2a), where red and blue represent upregulated and downregulated DEGs, respectively. Additionally, all 
DEGs were plotted on a volcano plot to reflect their fold change and statistical significance (Fig.  2b), with 
upregulated and downregulated genes marked in red and blue, respectively. Subsequently, we intersected 
the 375 upregulated DEGs with the 1361 genes from the T2DM positively correlated modules and the 297 
downregulated DEGs with the 736 genes from the T2DM negatively correlated modules, obtaining 19 and 
6 shared genes, respectively (Fig. 2c, d). These 25 genes, which are both part of T2DM-related modules and 
differentially expressed between MDD patients and healthy individuals, were used to characterize a gene set 
closely associated with the pathogenesis of DD for further analysis (These 25 genes are also referred to as DD 
potential genes, DDPGs).

Enrichment analysis and hub gene selection based on DDPGs
We conducted enrichment analysis on the 25 DDPGs using GO and KEGG annotations. The GO enrichment 
analysis revealed that the DDPGs were primarily enriched in the following categories: (1) MF: molecular 
function regulator activity, protein-containing complex binding, molecular function activator activity, actin 
filament binding, cytoskeletal protein binding, actin binding; (2) CC: myofibril, cell cortex, sarcomere, I band, 
Z disc, cortical cytoskeleton, cluster of actin-based cell projections, supramolecular complex, supramolecular 

Gene Primer sequence (5’→3’)

UBTD1-F ​G​A​G​C​T​C​T​C​G​A​T​G​T​C​G​G​G​C​T​G

UBTD1-R ​C​T​T​C​T​T​C​A​A​G​G​G​C​T​C​A​T​T​G​C​G

CNN2-F ​G​T​G​T​G​G​G​C​T​T​T​G​G​G​G​T​T​T​T​C

CNN2-R ​G​T​C​T​G​G​T​G​G​G​T​C​A​A​T​C​C​T​G​G

AKT1-F ​C​A​T​G​C​A​G​C​A​C​C​G​G​T​T​C​T​T​T​G

AKT1-R ​T​A​G​G​A​G​A​A​C​T​T​G​A​T​C​A​G​G​C​G​G

CAPZA2-F ​A​C​T​G​C​A​C​T​G​C​G​A​G​C​T​T​A​T​G​T

CAPZA2-R ​C​C​A​C​T​C​T​G​A​C​C​T​C​C​A​A​C​G​A​C

ANKRD9-F ​T​G​T​T​G​G​G​T​G​A​G​G​A​C​A​A​G​T​T​C

ANKRD9-R ​G​A​T​G​G​C​A​G​A​G​G​C​A​G​T​T​C​A​T

β-actin-F ​C​A​C​C​C​G​C​G​A​G​T​A​C​A​A​C​C​T​T​C

β-actin-R ​C​C​C​A​T​A​C​C​C​A​C​C​A​T​C​A​C​A​C​C

Table 2.  Primer sequence used for qRT-PCR.
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Fig. 1.  Identification of T2DM-associated gene modules (a) Soft threshold capability (β) selection by scale 
independence and mean connectivity. (b) Network heat map showing gene tree and module characteristic 
genes. (c) The gene clusters or modules associated with T2DM are shown in different colors under the cluster 
tree. (d) Network heat map showing gene tree and module characteristic genes. E. Heat maps revealing 
the relationship between module feature genes and T2DM status. The correlation and p-values of module 
characteristic genes and T2DM status are described.
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fiber, supramolecular polymer; (3) BP: regulation of muscle contraction, regulation of protein depolymerization, 
negative regulation of protein depolymerization, negative regulation of protein-containing complex disassembly, 
actin filament capping, negative regulation of actin filament polymerization, negative regulation of actin filament 
depolymerization, regulation of actin filament depolymerization, actin filament-based process, regulation of 
actin filament-based process (Fig. 3a). The KEGG pathway enrichment analysis showed that these genes were 
mainly enriched in the Toll-like receptor signaling pathway, Lipid and atherosclerosis, Cytoskeleton in muscle 
cells, Chemokine signaling pathway, and C-type lectin receptor signaling pathway (Fig.  3b). These results 
indicate that the DDPGs play crucial roles in the maintenance of the cytoskeleton, signal transduction, immune 
response, lipid metabolism, and dynamic changes of macromolecular polymers. Due to the small sample size, the 
p-values for the enriched pathways did not reach statistical significance. This is likely because the small number 
of genes did not provide enough statistical power to detect significant enrichments. Therefore, the results should 
be interpreted with caution, and further validation with a larger gene set is recommended. Subsequently, we 
constructed a PPI network based on the 25 DDPGs (Fig. 3c). To assess how important these genes are in the 
complex network, we use cytoHubba to compute the network ranking of individual nodes. The network consists 
of 23 nodes and 32 edges. Nodes represent proteins encoded by genes, and lines represent interactions between 
proteins. We arranged these nodes in two concentric circles based on Degree, with the central node having the 

Fig. 2.  Identification of DEGs associated with MDD. a. Heat maps of up-regulated and down-regulated DEGs 
detected between the MDD and CON groups. The red and blue grids represent up-regulated and down-
regulated DEGs, respectively. b. Volcanic maps of all DEGs, red and blue indicate up-regulated and down-
regulated DEGs, respectively. c-d. The intersection of WGCNA-identified T2DM associated module genes with 
limma detected DEGs associated with MDD progression was visualized using Venn diagrams.
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highest Degree of 13. The red nodes in the smaller circle have a Degree of 3–6, and the green nodes in the larger 
circle have a Degree of 1–2. The color intensity represents the size of the Degree. We ranked the 25 DDPGs based 
on the Degree, MCC, MNC, EPC, and BottleNeck algorithms (Supplementary Table S2). Notably, 2 DDPGs 
(AKT1 and CAPZA2) consistently ranked in the top two across all five algorithms. Therefore, we designated 
these two DDPGs as potential biomarkers hub genes in DD.

Identification of candidate diagnostic biomarkers for DD based on machine learning
Machine learning algorithms, leveraging principles such as feature selection and pattern recognition, can 
process high-dimensional data to identify features associated with a given task21,22. In the T2DM dataset, 

Fig. 3.  Enrichment analysis and hub genes selection based on DDPGs. (a) GO analysis of DDPGs. The red, 
blue, and orange bar charts represent Biological Process (BP), Cellular Component (CC), and Molecular 
Function (MF), respectively. The length of the bar chart represents -log10 (P-value), with higher values 
indicating more significant enrichment. The top 6 terms for MF and the top 10 terms for BP and CC are 
displayed according to significance. (b) KEGG analysis of DDPGs. The x-axis of the bubble chart represents 
the GeneRatio of DDPGs enriched in that entry. Bubbles of different colors and sizes represent the P-value and 
-log10 (P-value) of the enriched entry, indicating its significance. The top 10 entries are displayed according 
to significance. (c) PPI network of DDPGs. The nodes represent proteins encoded by genes, and the lines 
represent interactions between proteins. The color of the nodes, including red and green, and their shades, 
indicate the size of the Degree. (DDPGs, DD potential genes)
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SVM-RFE and Boruta algorithms selected 13 and 9 characteristic genes, respectively (Fig. 4a, c). In the MDD 
dataset, SVM-RFE and Boruta algorithms identified 15 and 11 characteristic genes, respectively (Fig. 4b, d). 
Subsequently, Venn diagrams were used to identify 5 overlapping characteristic genes between T2DM and MDD 
(UBTD1, ANKRD9, NUDCD3, CNN2, and FKBP14, Fig. 4e). Furthermore, to emphasize the superior accuracy 
and good interpretability of machine learning-identified characteristic genes as disease biomarkers, we further 

Fig. 4.  Identification of candidate diagnostic biomarkers for DD based on machine learning. a, b. In the 
T2DM and MDD datasets, candidate genes were selected by SVM-RFE. c, d. In the T2DM and MDD datasets, 
candidate genes were selected by scoring the importance of features by Boruta. e. Five characteristic genes were 
selected by the intersection of two machine learning algorithms were visualized using the Venn diagram.
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examined whether the expression trends of these 5 characteristic genes were consistent in T2DM and MDD23–25. 
Ultimately, we determined that UBTD1, ANKRD9, and CNN2 exhibited consistent expression patterns in both 
T2DM and MDD, suggesting their potential as DD biomarkers and hub genes.

Assessment of the diagnostic efficacy of potential hub genes in DD
Utilizing PPI networks and machine learning, we identified 5 potential hub genes for DD (UBTD1, ANKRD9, 
CNN2, AKT1 and CAPZA2). To enhance the diagnostic and predictive capabilities for DD, we constructed ROC 
curves for these genes in the T2DM and MDD training sets, as well as in the MDD validation set GSE66937, 
and calculated their AUC values to assess their diagnostic potential (Fig. 5a–c). To achieve optimal predictive 
and diagnostic efficacy, we selected ANKRD9, CNN2 and UBTD1, which had AUC > 0.7 in both the training 
and validation sets, as the final hub genes. Subsequently, we developed nomograms based on these three genes 
(Fig. 5d), with the relative expression levels of each gene corresponding to a score on the nomogram. Finally, we 
used the total score to predict the incidence of DD progression. The nomogram’s AUC = 0.89 (Fig. 5e), indicating 
that ANKRD9, CNN2 and UBTD1 exhibit excellent performance in diagnosing DD.

Establishment of an in vivo experimental model for DD
We established the DD mice model using STZ in combination with CUMS induction. After STZ induction of 
T2DM, the body weight of DD mice was lower than that of the Control group (p > 0.05, Fig. 6b), and the fasting 
blood glucose (FBG) levels were significantly increased (p < 0.001, Fig.  6c). Following 4 weeks of depression 
induction, compared to the Control group, the body weight of DD mice decreased (p > 0.05, Fig. 6b), and FBG 
levels were significantly increased (p < 0.001, Fig. 6C). After the depression induction period, we performed an 
oral glucose tolerance test (OGTT) to assess glucose regulation in both groups. The results showed that the blood 
glucose (BG) levels of both groups sharply increased within 30 min after oral glucose administration, reaching 
peak values at 30 min, and then gradually decreased (Fig. 6d). The OGTT-AUC revealed the glucose uptake and 
utilization capacity of the mice, with the OGTT-AUC of DD mice being significantly higher than that of the 
Control group (p < 0.001, Fig. 6d). These results indicate that DD mice have more severe glucose metabolism 
disorders and impaired glucose tolerance. Additionally, we calculated the liver and pancreas indices of both 
groups. The results showed that, compared to the Control group, the liver index of DD mice increased while the 
pancreas index decreased (p > 0.05, Fig. 6e, f). This may suggest that our DD mice may have developed severe 
glucose and lipid metabolism disorders, leading to liver fat accumulation and pancreatic atrophy.

To assess the depressive-like behaviors of the two groups, we conducted behavioral tests after the 4-week 
depression induction period. The results showed that the immobility time of DD mice in the TST was significantly 
higher than that of the Control group mice (p < 0.05, Fig. 6g), and the same trend was observed in the FST 
(p < 0.001, Fig. 6h), indicating that DD mice exhibit severe depressive-like behaviors.

Validation of hub genes in vivo using qRT-PCR
We ultimately identified 5 potential hub genes for DD through the joint analysis of T2DM and MDD datasets. 
To further investigate the roles of these hub genes in DD, we examined their expression in the hippocampus of 
Control and DD mice using qRT-PCR. The results indicate that, compared to the Control group, the expression 
levels of CNN2 (p < 0.001, Fig. 7c), CAPZA2 (p < 0.01, Fig. 7d), and AKT1 (p < 0.05, Fig. 7e) were significantly 
upregulated in the hippocampus of DD mice, mirroring the expression trends observed in the hippocampus 
of MDD patients. However, the expression levels of UBTD1 (p > 0.05, Fig. 7a) and ANKRD9 (p < 0.01, Fig. 7b) 
were significantly downregulated in the hippocampus of DD model mice, which is opposite to the expression 
trends in MDD patients. These findings indicate that, except for UBTD1, the other 4 potential hub genes for DD 
exhibit significant differences in expression in the hippocampus of DD mice. Although the expression trends 
of UBTD1 and ANKRD9 in MDD and DD are inconsistent, we believe this can be partially explained by the 
disease variations between T2DM, MDD, and DD, as well as the species differences between humans and mice. 
Ultimately, our in vivo experimental results confirm the previous bioinformatics analysis, supporting these hub 
genes as potential biomarkers and therapeutic targets for DD.

Discussion
Diabetes is associated with various complications26,27, with type 2 diabetes mellitus (T2DM) being the 
primary driver28. Patients with T2DM exhibit heightened susceptibility to depression29, a comorbidity that 
not only substantially compromises quality of life but may also precipitate adverse clinical outcomes, notably 
increased hospitalization rates and mortality30,31. Emerging evidence suggests a bidirectional relationship 
between depression and T2DM32–35, potentially mediated by shared pathophysiological mechanisms 
including hypothalamic-pituitary-adrenal (HPA) axis dysregulation36,37, sympathetic nervous system (SNS) 
hyperactivity38,39, circadian rhythm disruption concomitant with metabolic dysregulation40,41, and chronic 
low-grade inflammation39,42. These shared biological pathways, possibly involving altered central-peripheral 
signaling crosstalk, may constitute a mechanistic foundation for the DD. Recent investigations have further 
highlighted the potential pathogenic roles of insulin resistance43,44, Gastrointestinal microbiome45, oxidative 
stress burden46, and neurostructural/functional abnormalities (particularly in the fornix, hippocampus, and 
prefrontal cortex) in this complex interplay44,47.

Advances in bioinformatics and systems biology have elucidated gene expression variations and patterns 
that may underlie DD pathogenesis, while facilitating the identification of targets for diagnostic or therapeutic 
interventions. By integrating WGCNA and PPI network analyses with machine learning and network algorithms, 
we identified five potential hub genes for DD and assessed their diagnostic efficacy based on T2DM and MDD 
datasets. Among these, four genes (UBTD1, ANKRD9, CNN2, and CAPZA2) were first reported in T2DM, 
MDD, and DD contexts, with UBTD1, ANKRD9, and CNN2 demonstrating superior diagnostic performance in 
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simulated DD models. These findings provide mechanistic insights into DD, offering new perspectives for early 
identification, clinical diagnosis, and therapeutic development.

UBTD1 is a highly conserved ubiquitin-like protein that interacts with E2 and E3 enzymes in the ubiquitin-
proteasome system (UPS), participating in protein degradation and functional modulation48,49. Current 
research on UBTD1 primarily focuses on oncology, with studies demonstrating its expression strongly correlates 

Fig. 5.  Assessment of the diagnostic efficacy of potential hub genes in DD. (a) ROC curves for 5 potential 
hub genes of DD in the T2DM. (b) ROC curves for 5 potential hub genes of DD in the MDD. (c) ROC curves 
of 5 potential hub genes for DD in the MDD validation set. (d) Establish a nomogram based on 3 selected 
candidate biomarkers, with one score for each candidate biomarkers. (e) ROC curve of the diagnostic model 
for 3 selected candidate biomarkers.

 

Scientific Reports |        (2025) 15:16834 11| https://doi.org/10.1038/s41598-025-01175-z

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


Fig. 6.  Assessment of diabetic status and depressive-like behaviors in DD mice (a) Animal experimental 
protocol of this study. (b) Body weight of each mouse was recorded every 7 days during the experiment (n = 6). 
(c) The fasting blood glucose (FBG) of mice in different groups (n = 6). (d) For oral glucose tolerance test 
(OGTT), all mice were fasted overnight and gavaged with glucose (1 g/kg), then the tail vein blood glucose 
was measured at 0, 30, 60, 90 and 120 min after gavage, the bar graph represents average area under the curve 
(n = 6). e–f. Liver index and Pancreas index of DD mice (n = 6). g-h. The tail suspension test (TST) and forced 
swimming test (FST) of the immobility time of each mouse (n = 6). All data are presented as means ± S.E.M. 
Compared with the Control group, *P < 0.05, **P < 0.01, ***P < 0.001.
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with tumor prognosis50–53. For instance, Zhao L et al. and Zhao Z et al. observed significantly elevated UBTD1 
expression in colorectal cancer (CRC) tissues compared to adjacent normal tissues, associating high UBTD1 
levels with poorer survival rates and adverse clinical features in CRC patients50,54. Conversely, other studies 
report UBTD1 downregulation in human malignancies, linking reduced expression to enhanced cancer cell 
invasiveness, aggressive clinical progression, and diminished overall survival51–53. This paradoxical expression 
pattern suggests UBTD1 may influence cellular fate through multiple pathways, potentially contributing to 
DD pathogenesis. Mechanistically, UBTD1 enhances p53 stability by promoting Mdm2 degradation. As a p53 
downstream target, UBTD1 itself becomes activated by stabilized p53, establishing a positive feedback loop that 
induces cellular senescence and apoptosis51. This regulatory pathway suggests UBTD1 may mediate DD through 
p53-mediated control of cellular senescence and proliferation. Concurrently, UBTD1 knockdown reduces 
YAP ubiquitination-mediated degradation, leading to YAP activation52,53. Notably, elevated YAP protein levels 
in adipose tissue from T2DM patients and diet-induced insulin-resistant mouse models exacerbate diabetic 
nephropathy and cardiomyopathy55–57. YAP inhibition prevents glucose intolerance and adipose fibrosis, 
attenuates diabetic vascular calcification, and improves nephropathy and cardiac dysfunction in diabetic mice58. 
Furthermore, YAP regulates multiple processes implicated in depression pathogenesis59–64, including autophagy 
modulation, extracellular matrix (ECM) remodeling, inflammatory responses, and oxidative stress regulation65,66. 
We propose that UBTD1 modulates diabetes-depression comorbidity through ubiquitination-dependent 
regulation of YAP signaling, integrating multiple biological pathways. Additionally, UBTD1’s association with 
M2 macrophage polarization in the immune microenvironment and its regulation of glycolysis via the c-Myc/
HK2 axis may represent critical nodes linking metabolic dysregulation to neuroinflammation50,54. The observed 
impaired cerebral glycolysis and heightened neuroinflammation in both depression and diabetes contexts 
further support UBTD1’s potential role in DD pathogenesis through metabolic-inflammatory crosstalk67,68.

Fig. 7.  Validation of hub genes in DD mice. a–e. UBTD1, ANKRD9, CNN2, CAPZA2 and AKT1 relative 
mRNA expression level in hippocampus of DD mice (n = 4). All data are presented as means ± S.E.M. 
Compared with the Control group, *P < 0.05, **P < 0.01, ***P < 0.001.
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ANKRD9 is a multifunctional protein that participates in various intracellular biological processes through its 
ankyrin repeat domain, including protein assembly, cytoskeletal interactions, post-translational modifications, 
and protein degradation69–71. It plays crucial roles in lipid metabolism, copper homeostasis, and cellular 
proliferation72–74. In both diabetes and depression, dysregulated lipid metabolism serves as a pivotal factor in 
disease progression75–78. ANKRD9 modulates lipid metabolism by regulating intracellular lipid accumulation72, 
suggesting that its expression level alterations may influence the development of diabetes comorbid with 
depression. Knockdown of ANKRD9 reduces ATP7A copper efflux protein levels, leading to intracellular 
copper ion accumulation73,79. Notably, decreased ATP7A mRNA expression and elevated ceruloplasmin 
levels in MDD patients induce metabolic impairment in brain neurons80. Concurrently, abnormally elevated 
hippocampal copper levels in depressed mice suppress GluN2B and PSD95, resulting in synaptic dysfunction81. 
Increased copper levels demonstrate specific responsiveness to systemic lipid metabolism dysregulation73. 
Copper chelator treatment ameliorates insulin resistance and glucose intolerance under diabetic conditions82. 
These findings underscore the essential role of copper homeostasis in both neurological function and T2DM 
pathophysiology83,84, positioning ANKRD9 as a potential mediator in DD pathogenesis through the copper 
homeostasis-lipid metabolism axis. ANKRD9 mRNA levels decrease during apoptosis72, and its expression 
exhibits bidirectional regulation by apoptotic processes and lipid metabolism dysregulation. This regulatory 
characteristic may underlie the comorbidity between metabolic disorders and neurodegeneration. Our study 
revealed elevated UBTD1 and ANKRD9 mRNA levels in the hippocampus of MDD patients but downregulation 
in DD model mice, indicating context-dependent functional roles. These paradoxical observations mirror the 
conflicting reports on UBTD1 in cancer research and highlight the complex, multifaceted nature of UBTD1 and 
ANKRD9 in diabetes-depression comorbidity. The differential expression patterns across disease models suggest 
distinct pathophysiological roles in disease progression.

CNN2 (calponin 2), an actin filament-associated regulatory protein expressed in smooth muscle and non-
muscle cells, inhibits myosin ATPase activity while stabilizing the actin cytoskeleton85,86. CNN2 modulates 
cellular mechanical tension and morphology through enhanced stabilization of the actin cytoskeleton86. 
Emerging evidence implicates CNN2 as a potential risk gene for Alzheimer’s disease (AD), with its expression 
regulated by the upstream modulator ERK87. The activation of ERK signaling is crucial for mediating microglia-
driven neuroinflammation in AD pathogenesis88. Macrophages lacking CNN2 exhibit accelerated migration 
rates, enhanced phagocytic activity, and reduced proinflammatory cytokine production, collectively attenuating 
inflammatory responses89,90. These findings suggest that targeting CNN2 may represent a novel therapeutic 
strategy for modulating neuroinflammation in DD. CNN2 also participates in lysosomal autophagy regulation 
through a dynamic process. During lysosomal damage, CNN2 initially co-migrates with the Arp2/3 complex to 
transiently stabilize actin filaments at compromised lysosomes. Subsequently, ubiquitinated CNN2 undergoes 
VCP/p97-mediated removal. This regulated dissociation releases stabilization activity, ultimately facilitating 
phagophore formation for efficient lysosomal autophagy91,92. Consequently, CNN2 overexpression may promote 
excessive autophagosome formation and exacerbate autophagic flux. Under T2DM conditions, hyperglycemia-
induced excessive hippocampal autophagy potentially explains elevated CNN2 mRNA levels observed in both 
MDD patients and DD model mice93. Notably, CNN2 overexpression impedes cellular proliferation, likely 
through excessive cytoskeletal stabilization that leads to abnormal protein accumulation, disrupts dynamic 
remodeling processes, and ultimately compromises normal cell division and proliferative capacity94,95. 
Accumulation of aberrant cytoskeletal proteins has been recognized as a pathological hallmark across multiple 
neurodegenerative disorders96–98. Intriguingly, under conditions of hyperstabilized actin cytoskeleton, high-
fat diet (HFD)-fed mice demonstrate impaired glucose tolerance, reduced insulin sensitivity, and prominent 
anhedonic, anxiety-like, and depressive behaviors99. Collectively, current evidence suggests CNN2 may regulate 
diabetes-depression comorbidity through three interconnected mechanisms: ERK signaling and macrophage 
activity mediated neuroinflammation, cytoskeletal stability-dependent control of cellular proliferation, and 
lysosomal autophagy pathway regulation.

CAPZA2 encodes the α2 subunit of the F-actin capping protein complex (CapZ), which regulates 
cytoskeletal dynamics by restricting actin filament elongation100–102. In high-fat diet (HFD)-induced rat models, 
CAPZA2 downregulation influences adipocyte hyperproliferation and differentiation through cytoskeletal 
remodeling, contributing to lipid metabolism dysregulation103. Actin, as the primary cytoskeletal component, 
provides structural support for synaptic development and plasticity, ensuring efficient postsynaptic signal 
transmission104–106. CapZ regulates dendritic spine actin dynamics to influence postsynaptic structural 
remodeling107. We therefore hypothesize that CAPZA2 upregulation may participate in DD pathogenesis 
through cytoskeletal remodeling-mediated lipid metabolism-synaptic plasticity pathways. The cytoskeleton 
additionally regulates endosomal trafficking via actin networks108. Studies reveal CapZ promotes endocytic 
vesicle fusion by modulating perinuclear actin filament density around early endosomes, while facilitating RAB5 
effector recruitment (e.g., Rabex-5 and Rabaptin-5) to establish positive feedback loops that drive early endosome 
maturation109. Endosomal trafficking serves as a critical mechanism regulating neurotransmitter release, with 
its dysfunction being closely associated with neurodegenerative diseases and diabetes mellitus110–112. We 
propose that elevated CAPZA2 expression in DD pathogenesis may disrupt cytoskeletal homeostasis, causing 
endosomal trafficking impairments that affect neurotransmitter release/reuptake - particularly monoamine 
neurotransmitter reuptake blockade - ultimately impacting emotional regulation and stress responses.

AKT1, a pivotal isoform of protein kinase B (PKB/AKT), becomes activated in cells exposed to diverse 
stimuli113,114. Over recent decades, AKT1 has been extensively studied in T2DM research. Its phosphorylation 
activates multiple downstream pathways including mTOR, FoxO, GSK-3β, and NF-κB, thereby participating 
in T2DM pathogenesis through various biological responses such as cell survival, proliferation, glucolipid 
metabolism, and angiogenesis115,116. Under physiological conditions, AKT activation regulates systemic 
metabolic functions. However, pathological states like insulin resistance and glucolipid metabolic disorders lead 
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to AKT pathway suppression. Reactivation of this inhibited AKT pathway may alleviate obesity and insulin 
resistance, thereby improving T2DM117–119.

Emerging evidence reveals AKT1-centered molecular networks critically regulate depression progression. 
In rat models of depression induced by olfactory bulbectomy, elevated oxidative stress suppresses the PIK3CA/
AKT1 pathway, consequently impairing BDNF expression and synaptic plasticity115. Chronic unpredictable 
mild stress (CUMS) induction significantly downregulates p-Ser473-Akt1 levels, mediating depressive-
like behaviors through increased proinflammatory cytokines and enhanced M1 microglial activation120,121. 
Clinical observations show reduced blood AKT1 and mTOR mRNA expression during depressive episodes 
in bipolar disorder (BD) patients122. The combined application of esketamine and electroconvulsive therapy 
(ECT) demonstrates significant antidepressant effects in rat models by activating the PI3K/Akt/GLT-1 signaling 
pathway123. Similarly, ketamine exerts rapid antidepressant effects through swift activation of the Akt-mTOR 
signaling pathway124. Furthermore, accumulating evidence suggests that AKT pathway activation reduces 
inflammatory responses and oxidative stress, enhances neurogenesis and synaptic plasticity, while reversing 
insulin resistance and cellular apoptosis—ultimately ameliorating depression-related (DD) phenotypes125–131.

Intriguingly, our investigation revealed elevated AKT1 mRNA levels in the hippocampi of both depression-
only patients and diabetic depression (DD) model mice. We postulate this phenomenon may correlate with 
depression progression stages induced by distinct experimental contexts, tissue-specific responses, or signal 
pathway hyperactivation.This hypothesis finds support in multiple studies. For instance, Wenqi Qiu et 
al. demonstrated that Xiaoyaosan (XYS) ameliorates chronic unpredictable mild stress (CUMS)-induced 
depressive-like behaviors and glucose tolerance susceptibility in rats through downregulation of the LepR-
STAT3/PI3K pathway in the arcuate nucleus (ARC)132. In lipopolysaccharide (LPS)-induced depression models, 
hyperactivation of PI3K/Akt and its downstream mTOR signaling not only triggers excessive apoptosis but also 
suppresses autophagic flux, consequently enhancing M1 microglial polarization and neuroinflammation133,134. Li 
X et al. observed upregulated p-AKT expression in chronic restraint stress (CRS) models, proposing this response 
may serve dual purposes: mitigating secondary stress challenges and reflecting stressor-type specificity135,136. 
Concurrently, Zeng J et al. reported dramatically increased p-PI3K values in hippocampal tissues of model 
group mice, directly indicating PI3K/Akt pathway hyperactivation during depressive states18. Furthermore, we 
propose a compensatory hypothesis to explain elevated AKT1 mRNA levels. Under persistent stress conditions 
in diabetic depression (DD) pathology, hippocampal AKT1 activity becomes suppressed, resulting in diminished 
phosphorylation levels. These biochemical alterations may exacerbate depression progression by disrupting 
cellular survival mechanisms, apoptosis-autophagy balance, inflammatory responses, and synaptic formation/
maintenance pathways. The organism appears to compensate through transcriptional upregulation of AKT1 to 
enhance protein translation and phosphorylation, thereby attempting to counteract this depression-associated 
“stress” state. However, sustained inflammatory microenvironments and oxidative stress may induce aberrant 
post-translational modifications that impair AKT1 protein activation, thereby causing “decoupling” of AKT1 
signaling. This regulatory mismatch results in elevated AKT1 mRNA levels without proportional increases in 
functional protein activity. Within depression/DD contexts, the multilayered regulatory network encompassing 
gene expression control, post-translational modifications, protein stability, and protein-protein interactions 
becomes disrupted by pathological alterations. Consequently, despite increased AKT1 mRNA levels, its 
functional cellular activity remains suppressed.

In summary, we propose that the pathogenesis of DD involves intricate interactions within polygenic 
regulatory networks. A critical subnetwork comprising UBTD1, ANKRD9, CNN2, CAPZA2, and AKT1 exhibits 
core dysregulation characterized by dynamic imbalances among energy metabolism, signal transduction, and 
cytoskeletal organization. UBTD1 contributes to DD pathogenesis primarily through its dual regulation of YAP 
and p53 signaling pathways, coupled with its modulatory effects on M2 macrophage polarization. ANKRD9 
directly participates in depression-like behaviors by disrupting copper homeostasis via ATP7A regulation, 
leading to synaptic plasticity impairment. Furthermore, copper accumulation-dependent oxidative stress 
inhibits AKT phosphorylation through ANKRD9, establishing a vicious cycle that exacerbates insulin resistance 
through combined metabolic derangements and oxidative damage. Additionally, UBTD1 may compensate 
for energy metabolism defects caused by AKT pathway suppression through c-Myc-mediated enhancement 
of glycolysis. Conversely, ANKRD9-induced lipid metabolism abnormalities likely amplify insulin resistance 
effects downstream of AKT signaling.

At the cytoskeletal regulation level, CNN2 potentially suppresses macrophage migration and attenuates 
inflammatory responses by stabilizing actin filaments. Its autophagy-related functions may synergize with 
CAPZA2-mediated endosomal trafficking to coordinate neurotransmitter release and uptake. CAPZA2 
overexpression may excessively constrain actin filament elongation, thereby disrupting cytoskeletal dynamics 
and impairing AKT signaling-associated synaptic plasticity regulation. Conversely, high-fat diet (HFD)-induced 
CAPZA2 downregulation exacerbates metabolic disorders through aberrant adipocyte differentiation. As the 
central regulatory hub, diminished AKT1 phosphorylation attenuates signaling through dual cytoskeletal 
modulation pathways: First, weakened inhibition of GSK-3β promotes tau hyperphosphorylation and cytoskeletal 
disintegration137,138, potentially driving compensatory CNN2 upregulation to enhance actin cytoskeletal 
stability. Second, mTOR signaling dysregulation creates autophagic-anabolic imbalance139,140, forming a vicious 
cycle with CNN2-mediated lysosomal autophagy abnormalities. Therefore, we propose that the pathogenesis 
of DD fundamentally reflects a multidimensional regulatory network imbalance arising from the interplay 
between compensatory mechanisms and pathological damage. In the early stages, inhibition of the AKT 
pathway weakens its regulatory effects on downstream molecules such as GSK-3β, FoxO, and mTOR, triggering 
dual metabolic-synaptic impairments; whereas the compensatorily elevated AKT1 mRNA fails to effectively 
restore signaling activity under pathological microenvironmental constraints. This paradoxical coexistence 
of elevated AKT1 mRNA levels and functional inhibition epitomizes the organism’s precarious equilibrium 
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between metabolic stress and neural injury. This multilevel interaction ultimately culminates in hippocampal 
comorbidity phenotypes characterized by energy metabolism dysregulation, copper homeostasis imbalance, 
neurotransmitter reuptake dysfunction, synaptic plasticity loss, and persistent inflammatory activation, thereby 
providing novel therapeutic entry points for precise modulation of compensatory mechanisms.

Furthermore, it is imperative to thoroughly explore the translational potential and challenges of our research, 
which could provide guidance for future investigations. In our current study, we observed expression changes 
of these genes in the hippocampus of DD mouse models. However, substantial differences exist between animal 
models and humans in physiology, pathology, and gene expression patterns, which may result in incomplete 
recapitulation of human disease complexity and inconsistencies between gene expression patterns/functional 
roles observed in animal models versus humans. Therefore, clinical application of these genes for diagnostic 
or therapeutic purposes necessitates rigorous validation through clinical trials. This process demands not only 
sufficient sample sizes to ensure reliability but also careful consideration of ethical implications, costs, and time 
constraints. For instance, developing diagnostic kits based on these genes requires multicenter clinical trials 
to validate their sensitivity, specificity, and clinical utility. This endeavor also requires collaboration among 
multidisciplinary teams, comprising clinicians, basic researchers, bioinformaticians, and pharmacologists. 
Moreover, when translating targeted therapeutic strategies for hub genes from animal models to clinical 
applications, careful evaluation of drug toxicity and side effects is essential. Given the substantial heterogeneity 
in genetic background and physiological status among humans, certain compounds demonstrating safety and 
efficacy in animal models may induce severe adverse reactions in humans, necessitating rigorous risk assessment 
and monitoring during clinical trials. Consequently, drug development targeting these genes must undergo 
stringent preclinical and clinical trial phases to evaluate both safety and efficacy. These constitute significant 
challenges in advancing translation from animal models to humans, demanding continuous efforts to overcome 
them in future research. Nevertheless, the strong diagnostic predictive performance of ANKRD9, CNN2, and 
UBTD1, coupled with their discussed involvement in DD pathogenesis, underscores their translational potential.

While our study has achieved significant advancements in identifying biomarkers for DD and exploring its 
potential pathogenic mechanisms, several limitations warrant acknowledgement.

In this study, we solely employed qRT-PCR methodology to validate hub genes. While this widely accepted 
quantitative analytical approach demonstrates technical reliability141, it does not directly elucidate the biological 
functional implications of gene expression alterations. Current experimental evidence remains insufficient to 
establish direct causal links between these transcriptional changes and DD-related behavioral manifestations 
or metabolic phenotypes, particularly through mechanistic investigations like gene knockdown/overexpression 
studies. Therefore, we propose that subsequent investigations should initially implement functional experiments 
(e.g., gene knockout/knockdown) integrated with multi-omics datasets to comprehensively delineate the roles 
of hub genes in DD animal models. Building upon robust preclinical findings and established clinical research 
infrastructure, rigorous clinical validation should then be conducted to substantiate these discoveries. This 
validation framework may include, for instance, examining the expression patterns and functional contributions 
of these genes in human specimens. Such investigations could be operationalized through synergistic analysis 
of gene expression profiles in DD patients’ peripheral blood, cerebrospinal fluid, or tissue samples coupled with 
multi-omics approaches (e.g., proteomics, metabolomics), thereby providing a systems-level perspective on 
their pathophysiological roles in DD.

Furthermore, limitations of Machine Learning: The predictive efficacy of machine learning models is 
fundamentally contingent upon both the quality and quantity of training data. In the present investigation, 
the utilization of a modest sample cohort may constrain model generalization capability, particularly in 
extrapolating findings to broader populations. Although we implemented rigorous batch effect correction and 
sample normalization protocols to minimize platform-specific biases, these approaches may not fully resolve 
inter-dataset heterogeneity142. Furthermore, the employment of complex architectures or high-dimensional 
data processing inherently carries overfitting risks that require careful mitigation. While we employed multiple 
safeguards—including cross-validation, feature selection algorithms, and independent validation cohorts—to 
alleviate this concern, residual risk of overfitting persists. This phenomenon may result in discordant performance 
metrics between training and novel datasets, ultimately compromising model generalizability and applicability.

In addition to the aforementioned limitations, in this study, we utilized datasets including GSE26168 and 
GSE15932. While these datasets demonstrate representativeness and utility within currently available resources, 
their limited sample sizes may affect the robustness of our findings. Therefore, we validated our findings in an 
independent dataset (GSE66937) and murine models, which should enhance confidence in result robustness. 
Future studies should employ multi-center collaborations to acquire larger human cohorts, thereby improving 
result reliability and generalizability.

Moreover, in our search for independent datasets to validate MDD-related gene expression patterns, we 
have encountered certain challenges. Currently, there are limited publicly available transcriptomic datasets 
specifically focusing on MDD, particularly those containing brain tissue samples. The GSE66937 dataset provides 
relatively abundant high-quality brain tissue samples (e.g., hippocampus), which are crucial for investigating 
the neuropathological mechanisms of MDD. Under these circumstances, we selected the GSE66937 dataset, 
which primarily focuses on suicide cases. Epidemiological studies have demonstrated that major depressive 
disorder (MDD) constitutes one of the most significant risk factors for suicidal behavior143,144. There exists a 
complex association between MDD and suicide, with overlapping biological mechanisms such as serotonin 
system dysfunction145,146. The utilization of suicide-related datasets may partially reflect certain pathological 
mechanisms underlying MDD147,148. We wish to emphasize that we fully recognize the incomplete equivalence 
between suicide cases and MDD, as they possess distinct core pathophysiological characteristics and clinical 
manifestations. However, given our current research samples and objectives, the selection of suicide cases as 
a validation dataset was partially driven by practical feasibility considerations. We acknowledge the potential 
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limitations of this approach. As the GSE66937 dataset primarily focuses on suicide cases, caution must be 
exercised when extrapolating these findings to the broader MDD patient population.

In conclusion, despite the aforementioned limitations, our study has provided valuable insights into 
the biomarkers and potential pathogenic mechanisms of DD. The identification of hub genes and their 
associated pathways has laid a foundation for future research. Further studies with larger sample sizes and 
more comprehensive experimental designs are warranted to validate our findings and explore the underlying 
mechanisms in greater depth. This will ultimately contribute to the development of more effective diagnostic 
and therapeutic strategies for DD.

Conclusions
Our study utilized a series of bioinformatics tools to identify five hub genes (UBTD1, ANKRD9, CNN2, 
AKT1, and CAPZ2A) from T2DM and MDD datasets, assessing their diagnostic efficacy in patients with 
these conditions. Our analysis indicates that these genes have the potential to serve as prospective diagnostic 
candidates for both MDD and T2DM. Furthermore, we validated the expression levels of these genes in the 
hippocampus of a DD mouse model, where all except UBTD1 showed significant differential expression between 
the DD model and normal mice. Concurrently, we explored the biological functions of these genes in DD, 
suggesting that their characteristics may reveal key mechanisms such as ubiquitination, cytoskeletal functions, 
and the AKT signaling pathway in the development of DD. In summary, our research not only provides new 
insights into the complex pathology of DD but also lays the groundwork for the discovery of biomarkers for DD. 
We believe that these genes will be a valuable resource for future studies and may guide the development of new 
therapeutic strategies and diagnostic tools.

Data availability
All datasets are publicly available derived from Gene Expression Omnibus databases (GEO) (​h​t​t​p​s​:​​/​/​w​w​w​.​​n​c​b​i​.​
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