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Major depressive disorder (MDD) is a prevalent, devastating and recurrent mental disease. Hippocampus (HIP)-prefrontal cortex (PFC) neural circuit abnormalities have been confirmed to exist in MDD; however, the gene-related molecular features of this circuit in the context of depression remain unclear. To clarify this issue, we performed gene set enrichment analysis (GSEA) to comprehensively analyze the genetic characteristics of the two brain regions and used weighted gene correlation network analysis (WGCNA) to determine the main depression-related gene modules in the HIP-PFC network. To clarify the regional differences and consistency for MDD, we also compared the expression patterns and molecular functions of the key modules from the two brain regions. The results showed that candidate modules related to clinical MDD of HIP and PFC, which contained with 363 genes and 225 genes, respectively. Ninety-five differentially expressed genes (DEGs) were identified in the HIP candidate module, and 51 DEGs were identified in the PFC candidate module, with only 11 overlapping DEGs in these two regional modules. Combined with the enrichment results, although there is heterogeneity in the molecular functions in the HIP-PFC network of depression, the regulation of the MAPK cascade, Ras protein signal transduction and Ephrin signaling were significantly enriched in both brain regions, indicating that these biological pathways play important roles in MDD pathogenesis. Additionally, the high coefficient protein–protein interaction (PPI) network was constructed via STRING, and the top-10 coefficient genes were identified as hub genes via the cytoHubba algorithm. In summary, the present study reveals the gene expression characteristics of MDD and identifies common and unique molecular features and patterns in the HIP-PFC network. Our results may provide novel clues from the gene function perspective to explain the pathogenic mechanism of depression and to aid drug development. Further research is needed to confirm these findings and to investigate the genetic regulation mechanisms of different neural networks in depression.
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INTRODUCTION

Major depressive disorder (MDD) is a highly prevalent and debilitating psychiatric illness that can severely impair quality of life (Belzung et al., 2015). Estimates indicate that depression-related suicide is responsible for the loss of 1 million lives per year (Perlis et al., 2006; Kuo et al., 2015). The physical symptoms of MDD, which are chronic and interfere with daily tasks, behavior, and quality of life, are considered to result from detrimental emotional and cognitive processes.

Since the development of next-generation sequencing, numerous studies have performed transcriptome profiling to explore the mechanisms underlying neural plasticity and brain pathology (Galfalvy et al., 2013; Riglin et al., 2019). Chronic stress can cause wide-ranging changes in gene expression in the human brain, some of which contribute to functional deficits in brain cells (Kajiyama et al., 2010). Many previous expression profiling studies on human samples have identified individual genes as candidate contributors to the depression phenotype, but a comprehensive systematic analysis of the molecular and cellular changes in MDD is still lacking (Iwamoto et al., 2004a; Kroes et al., 2006; Zhang G. et al., 2020). Further analysis of only the representative molecules with the highest differential expression levels will cause the underlying connections among genes to be ignored.

Fortunately, a very well-known method, gene set enrichment analysis (GSEA), can be applied to analyze overall gene expression data among different groups (Subramanian et al., 2005; Reimand et al., 2019). GSEA can be used to identify functional categories or pathways in which genes exhibit coordinated alterations in expression under different kinds of conditions and is not limited to analyses of sets of differentially expressed genes (DEGs). One advantage of GSEA is its ability to highlight and analyze genes with significant phenotypes but relatively minimal changes in expression that may be difficult to detect with classical univariate statistics. Additionally, weighted gene correlation network analysis (WGCNA) is an efficient method that can be used determine the interactions between genes and disease-related phenotypes (Langfelder and Horvath, 2008). This approach involves the analysis and calculation of connectivity weights and topological overlap. The correlation matrix of co-expressed genes and the adjacency function formed by the gene network are defined, and the coefficient of dissimilarity of different nodes is calculated. Then, genes with similar expression profiles are clustered in gene modules. If certain genes always exhibit similar expression changes in the context of a specific physiological process or tissue, the genes are likely functionally related and can be defined as a module. Unlike the clustering criteria of conventional clustering methods (such as geometric distances), the clustering criteria of WGCNA have important biological meaning; thus, the results obtained by WGCNA have high reliability and can be used for numerous further analyses (Rangaraju et al., 2018; Zhang et al., 2019).

Previous autopsy and imaging studies on patients with MDD have indicated the existence of abnormalities in several brain regions, including the prefrontal cortex (PFC), cingulated cortex, hippocampus (HIP), and other brain areas (Li et al., 2015; Mamdani et al., 2015). The HIP-PFC circuit, the critical neural circuit in MDD research, has important functions in cognitive and emotional regulation (Carreno et al., 2016); however, little is known about the gene-related signatures and their correlations in the HIP-PFC neural circuit.

Therefore, we used WGCNA and GSEA with clinical information to explore the phenotype-centric gene networks of patients with MDD. This study used public data sets to ensure a comprehensive analysis, and the included data sets met the following fundamental criteria: (1) all patients had confirmed MDD; (2) complete public transcription data were available; and (3) annotation platform files were available. The available transcriptome datasets on CNS diseases, especially on mental disorders, are limited, and most prior studies focused on a single brain area. Previously, Lanz et al. (2019) collected multiple brain regions from patients with different psychiatric disorders, and systematically evaluated the genes shared between mental diseases. In this analysis, different brain region tissues were collected from the same patient, and all samples are based on the same platform for annotation. Therefore, to explore the transcriptional insights into HPC and PFC in major depression, we performed WGCNA and GSEA of the clinical information in GSE53987, which is the main dataset analyzed in the current study, and other single brain area datasets were incorporated for verification.



MATERIALS AND METHODS


Data Collection and Processing

Gene microarray datasets (GSE53987, GSE42546, and GSE12654) were retrieved from the Gene Expression Omnibus (GEO) database, and the basic information is listed in Table 1. GSE53987 contains the gene profiles of both the HIP (CTRL/MDD: 18/17) and PFC (CTRL/MDD: 19/17), and no demographic differences were found across the groups (Supplementary Table S1) (Lanz et al., 2019). Under the corresponding platform annotation, 20174 probes can be converted into genes. Then in the verification section, the GSE42546 is a high-throughput sequencing dataset for the HIP, which contains 29 healthy controls and 17 MDD patients with a total of 6297 genes (Kohen et al., 2014). GSE12654 is a gene set for PFC, which includes 15 healthy controls and 11 MDD, and a total of 8622 genes were annotated (Iwamoto et al., 2004b). We used R programming language software to analyze the datasets after converting the corresponding IDs of the probes to the official gene symbols. The subsequent analyses were based on the official gene symbols. Before further analysis, the raw profile data of the CEL files were processed for background correction, and the robust multiarray average (RMA) algorithm of the affy Bioconductor/R oligo package was used for noise reduction and normalized by applying quantile normalization (Gautier et al., 2004). The expression data of each dataset before and after adjustment are displayed in the Supplementary Figures S1, S2. The differential expression analysis of GSE53987 was performed using the R package limma, and the adjusted P-value was calculated using Benjamini and Hochberg (BH) correction. Genes with an adjusted P-value of <0.05 were statistically significant, log (fold change) > 0 was considered to be upregulated, and <0 was considered to be downregulated compared with the control. For the RNA-seq data (GSE42546), the calcNormFactors function in the edgeR R package was used for correction and normalization (Ritchie et al., 2015). The flow chart of the overall study is shown in Figure 1 (created with BioRender).


TABLE 1. Fundamental information of included gene chips.
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FIGURE 1. The flow chart of overall study.




Gene Set Enrichment Analysis

GSEA version 3.0 software was used to perform the overall gene analysis on two groups of different samples (control versus depression). To examine whether significant regulatory differences were caused by depression at the functional and pathway levels, background data from the Molecular Signatures Database (MsigDB1) were analyzed. The normalized enrichment score (NES) and normalized P-value were used to determine statistical significance, as previously described (Subramanian et al., 2005). By calculating the NES, GSEA can resolve differences in gene set size and correlations between gene sets and the expression dataset. The NES value calculation is performed as follow:
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According to the NES calculation method in GSEA, NES can be a positive or negative value. Positive and negative NES values indicate enrichment genes mainly at the top and bottom of the list, respectively. According to GSEA’s instruction and recommendations2, the nominal P-value estimates the statistical significance of the enrichment scores, thus a conventional 1000 permutation was used in our study to obtain a more accurate P-value.



WGCNA Analysis

To determine the interaction between genes and the disease-related phenotype, an expression matrix was calibrated though the system biology method using the R package WGCNA (Langfelder and Horvath, 2008). This method used gene expression data from two sample groups (the control and MDD groups in this study) to build co-expression pairwise correlation matrices. Because low-expressing or unvarying genes usually means noise, the expression matrix was pre-processed by calculating the variance and screening the genes in the top 50% of the variance. The algorithm assumes that the network is an adjacency matrix aij, and the co-expression similarity Sij is defined as the absolute value of the correlation coefficient between the profiles of nodes i and j based on the default method, Sij = | cor(xi, xj)|. Hereafter, the pickSoftThreshold function was used to calculate the soft threshold β when constructing each module. Then, by defining the gene co-expression correlation matrices, the algorithm constructs a hierarchical clustering tree and different gene expression modules. For each module, the quantification of module membership (MM) is defined as the correlation between the module eigengene (ME) and the gene expression profile. The modules are defined as having different degrees of clinical relevance based on the calculation of the association between ME and external features. The gene significance (GS) is represented as the correlation (absolute value) between the gene and the clinical traits. For the intramodular analysis of each module, a significant correlation between GS and MM indicates that the genes within that module have consistency with clinical traits. A module was considered important and analyzed further if it correlated with clinical traits and its internal genes significantly correlated with clinical properties. The important modules related to MDD were screened for further analysis.



Enrichment Analyses for Key Modules

Gene Ontology (GO) enrichment analysis was carried out to determine the key gene modules in the biological process (BP) category. Pathway enrichment analysis was carried out for Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways and Reactome pathways. All genes in the genome were used as the enrichment background. The enrichment analysis was based on the Metascape platform (Saldanha, 2004; Zhou et al., 2019). The P-value was calculated for each enriched term (Hochberg and Benjamini, 1990). Terms with P-values < 0.05, and enrichment factors (ratios between the observed counts and the counts expected by chance) > 1.0 were clustered based on their membership similarities. More specifically, the P-values were calculated based on the cumulative hypergeometric distribution. Kappa scores were used as the similarity metric when performing hierarchical clustering on the enriched terms, and sub-trees with a similarity of >0.3 were considered to form a cluster. The most statistically significant term within a cluster was chosen to represent the cluster.



Identification and Validation of Hub Genes

The hub genes were identified based on protein interaction evidence from the STRING database (Altaf-Ul-Amin et al., 2006). Evidence for protein interaction of significantly dysregulated genes in key modules were retrieved from the STRING database, which required an interaction score with high confidence (0.7). The Cytoscape plugin cytoHubba was used to rank nodes based on the Maxial clique centrality (MCC) topological method, which predicts performance (Chin et al., 2014), and the top-10 genes were selected as hub genes for verification. MCC assumes that the node network is an undirected network; given a node v, S(v) is the set of the maximal cliques containing v, and (| C| −1)! is the product of all positive integers less than | C |. The calculation is as follows:

[image: image]

The separate datasets GSE42546 (HIP) and GSE12654 (PFC) were analyzed to verify gene expression with unpaired two-samples Wilcoxon tests.



RESULTS


GSEA for Different Brain Regions in MDD

GSEA was utilized to explore the functions and signaling pathways of gene sets that differed in the MDD groups compared with controls in different brain regions and thus to determine the potential biological significance of these genes sets in MDD. As listed in Supplementary Table S2, the HIP genes in the MDD group were primarily enriched for the GO processes of “dorsal/ventral neural tube patterning,” “negative regulation of protein exit from endoplasmic reticulum” and “regulation of GTP binding,” and the suppressed HIP genes were enriched for the “neuron remodeling,” “serotonin secretion,” and “synapse pruning” processes. The GSEA-based pathway results for the HIP indicated that several critical upstream pathways were suppressed in MDD, such as the “NF-kappa B signaling pathway” and the “TGF-beta signaling pathway”; downstream neuron-related pathways were also inactivated, such as the “GABAergic synapse” and “neuroactive ligand-receptor interaction” pathways (Supplementary Table S2).

For the PFC region, the GSEA results based on GO terms suggested that “stress-induced intrinsic apoptotic signaling pathway,” “negative regulation of fibrinolysis,” and “regulation of neuron projection arborization” were significantly activated in MDD (Supplementary Table S2). Moreover, pathways and GO terms related to synaptic functions and metabolic processes, such as “negative regulation of long-term synaptic potentiation,” “synapse pruning,” and the glutathione and glycerolipid metabolism pathways, were the most inhibited pathways/processes in MDD.



Key Gene Module Identification

The input for WGCNA contained all the gene profiles in the GSE53987 dataset; the corresponding clinical characteristics for different brain regions were analyzed separately. The R package WGCNA was applied to classify genes with similar expression patterns into different modules. We first selected a suitable soft threshold β value that met the scale-free conditions (R2 = 0.9; HIP: 14; PFC: 12; Figures 2A,B). As shown in Figures 2C,D, we used a tree-cutting algorithm to calculate the average linkage clustering, obtain gene co-expression modules, merge similar modules, and gradually build a co-expression network. Ultimately, the gene modules were identified in the dataset for each brain area (HIP: 10; PFC: 12).
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FIGURE 2. Selecting the appropriate soft threshold and network construction in WGCNA. (A) Soft threshold filtering for HIP. (B) Soft threshold filtering for PFC. The horizontal axis is Soft threshold (power), and the vertical axis is the evaluation parameter of the scale-free network. The red horizontal line can clearly select the soft threshold when R2 = 0.8. (C) Cluster dendrogram for HIP. (D) Cluster dendrogram for PFC. Hierarchical clustering tree showing each module, different colors represent different gene modules.


Then, we performed a relevance test to relate each module to clinical diagnostic parameters. The heatmap shown in Figure 3 clearly indicates the clinical relevance of each module with an MDD diagnostic status. The clinical correlation analysis results suggested that the yellow module in the HIP ranked higher than any other module (Figure 3A) and was significantly related to clinical MDD (r = 0.37, P = 0.03). In the PFC (Figure 3B), the red module (r = 0.32, P = 0.07), magenta module (r = 0.30, P = 0.09), and turquoise module (r = 0.33, P = 0.06) ranked higher than other modules correlated with MDD. We then calculated the relationships between the nodes and modules (Figure 4). The correlation results indicated that the genes within the yellow module in the HIP were significantly correlated (cor = 0.44, P = 1.3e–18), and the genes within the red module in the PFC were significantly correlated (cor = 0.15, P = 0.024). These modules were consistent with the module analysis results, so they were identified as key modules for subsequent analyses (Figure 4). Additionally, the different modules contained different numbers of genes: the blue module in the HIP contained 363 genes, and the red module in the PFC contained 225 genes. Other genes were not classified into these modules because they lacked clinical relevance or co-expression characteristics; therefore, the modules containing these genes were not further analyzed.
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FIGURE 3. (A,B) Module-trait relationships heatmaps. The heatmaps show the clinical relevance of different modules when the diagnosis status is MDD. The intensity of the color represents the strength of the correlation of modules. Red represents positive correlation and blue represents negative correlation. The specific correlation value and P-value are displayed in the corresponding module.
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FIGURE 4. Scatter plots for intramodular analysis. Each dot represents a gene, and different colors represent its module. (A) the intramodular analysis for the yellow model in hippocampus, (B–D) the intramodular analysis for the modules in prefrontal cortex.




Regional Comparison of Eigengene Expression via MDD Modules

To analyze the expression patterns of the MDD co-expression modules of the two brain regions, heatmaps were generated (Figures 5A,C). In the yellow module of HIP, the MDD co-expression genes have a different expression pattern than the normal control, with most showing upregulated gene expression; however, in the red module of PFC, the expression patterns of the module genes are not as clear as in HIP, and a wide range of differential expression is shown compared with the control group. To clearly determine the significance compared with the control, we combined the results of the differential analysis of the expression profiles (adjusted P-value < 0.05, Figures 5B,D and Supplementary Table S2). Among the 343 genes in the yellow module of HIP, 45 genes were significantly upregulated and 50 genes were significantly downregulated (Figure 5B). Compared with HIP, relatively few DEGs were identified in the PFC red module. Of the 225 genes in the PFC module, 22 genes were significantly upregulated and 29 were significantly downregulated (Figure 5D).
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FIGURE 5. (A,C) Heatmaps for key modules. The heatmaps of the modular genes expression levels between groups used the data normalization method of Z-score standardization. (B,D) Volcano plots for key modules. Gray dots mean genes with no significant difference, red color present up-regulated genes, and blue color dots indicate down-regulated genes (E) Venn diagram of gene intersection between two modules, *means the overlapping significant differentially expressed genes.


Interestingly, for these two gene sets based on clinical co-expression, few overlapping genes were found (32, Figure 5E). Eleven genes were differentially expressed in both HIP and PFC with similar expression trends. Among these intersecting dysregulated genes, 10 genes were significantly downregulated in HPC and PFC compared to the control group, and BMP6 was significantly upregulated in both brain regions (Supplementary Table S3).



Regional Comparison of Functions via MDD Modules

To analyze the functional differences between the two key co-expression modules, we identified the BP and pathway characteristics with the Metascape database, which can provide GO clusters to more clearly define the enrichment results. The top significant BP enrichment clusters for each brain region are shown in Figure 6A and Table 2. The findings indicate significant differences between the HIP and PFC regions; the depression-related genes of the HIP are most significantly involved in processes associated with neuronal interaction and synaptic structure, such as signal release and cerebral cortex GABAergic interneuron migration, while the depression-related genes of the PFC are significantly involved in processes related to cellular component organization and development, such as telencephalon development, membrane depolarization and MAPKKK activity. The enriched pathways of HIP and PFC have distinguishable attributes (Table 3 and Figure 6B); the HIP yellow module dysregulated genes were significantly enriched in signaling pathways associated with signal transmission between neurons, and synaptic transmission. The top enriched pathways included “Amine ligand-binding receptors,” the downstream signaling pathways of neuronal inflammation and immunity, and “ADORA2B mediated anti-inflammatory cytokines production.” The dysregulated genes in the red module of the PFC participate in the “MAPK signaling pathway” and downstream pathways of molecular metabolism.
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FIGURE 6. (A) GO enrichment heatmap for regional specific DEGs (HIP, PFC) and overlapping DEGs. (B) KEGG enrichment heatmap for regional specific DEGs (HIP, PFC) and overlapping DEGs. Gray indicates terms have not been enriched, and the shade of orange represents the degree of enrichment. (C) Network of enriched terms represented as pie charts, where pies are color-coded based on the identities of the gene lists. (D) Network of enriched terms for HIP and PFC, colored by cluster name, where nodes that share the same cluster ID are typically close to each other.



TABLE 2. GO enrichment for key modules.
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TABLE 3. Pathway enrichment for key modules.
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The enriched results revealed identical BPs and pathways both in region-specific DEGs and overlapping DEGs (Tables 2–4 and Figure 6), which indicate common biological changes in the HIP and PFC with regard to coping with MDD, including PIP3-activated AKT signaling, Ephrin signaling and transcription-related downstream signaling pathways. These pathways are involved in the critical BPs of the immune response, and participate in the regulation of the MAPK cascade, neuronal differentiation and synaptic plasticity.


TABLE 4. Overlapping DEGs of key modules.
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Hub Gene Selection and Verification

In total, the PPI network annotated by STRING includes 31 points, and the top-10 hub genes were identified though the cytoHubba algorithm, among which seven genes in the HIP, two genes in the PFC and EPHB2 in both regions were considered to have strong connections and more primary biological functions than the other genes in the network (Figure 7A and Table 5). The heatmaps were constructed for the related biological functions and signaling pathways for the hub genes (Figure 7B and Table 6). Neuroactive ligand-receptor interaction is the most significantly enriched pathway for these hub genes (ADRA1D, DRD1, PTGDR), and the process of “long-term synaptic potentiation” was regulated by the most hub genes (DRD1, EPHB2, VAMP2, GNB5). In addition, GNRH2, DRD1, ADRA1D, VAMP2, and SYCE1 were significantly upregulated and GNB5 and PTGDR were downregulated in the HIP of MDD patients compared with healthy controls (Figure 7C). BUB1B was significantly downregulated and LMNB1 was significantly upregulated in the PFC of MDD patients. EPHB2, which is involved in the regulation of synaptic enhancement, cation channel activity, neuron projection retraction, central nervous system neuron development and MAPKK activity, was downregulated in both the HIP (P = 0.0009) and PFC (P = 0.0048) of MDD patients (Figures 7C,D).
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FIGURE 7. (A) PPI network and hub components identified in the HIP and PFC region. Colored by Counts (full connection which according to STRING’s minimum confidence of 0.15); nodes with 0.7 STRING high-confidence nodes only keep in the red circle that shows the high-confidence PPI network and the hub genes identified by cytoHubba. The larger the nodes of genes with high coefficients; the red dots represent the common genes of the two brain regions, blue nodes mean HIP genes, and green nodes indicate PFC genes. (B) Heatmaps of hub gene enrichment results (pathway and GO biological process). (C) Boxplots of hub genes expression in HIP of the analysis set (GSE53987). (D) Boxplots of hub genes expression in PFC of the analysis set (GSE53987).



TABLE 5. Hub node’s information.
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TABLE 6. Enrichment results for hub genes.
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To verify our findings, we used different gene chips to analyze the expression of the hub genes. For the HIP (Figure 8A), 4 hub genes could be annotated in the GSE42546 gene set. The expression of GNB5 (P = 0.037), VAMP2 (P = 0.0025), and SYCE1 (P = 0.031) were significantly upregulated in the HIPs of MDD patients, which is consistent with the results of the analysis set. EPHB2 showed a non-significant decreased expression trend compared to healthy controls in the validation set (P = 0.42). Additionally, three hub genes (BUB1B, EPHB2, LMNB1) in the PFC could be annotated in the GSE12654 gene set (Figure 8B). BUB1B was significantly downregulated (P = 0.0037), and LMNB1 was significantly upregulated in MDD (P = 0.011), but EPHB2 expression did not differ compared with the control (P = 0.087).
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FIGURE 8. Verify the expression of the hub genes. (A) Hub genes expression in the validation set GSE42546 (HIP) (B) hub gene expression in the validation set GSE12654 (PFC).




DISCUSSION

Building on increasing evidence of the effects of depression on the brain, a previous study revealed that depression is associated with widespread network dysconnectivity rather than aberrant responses of individual brain regions (Li et al., 2018). Both structural and functional abnormalities in different areas have been found in MDD (Park and Friston, 2013; Dai et al., 2019). For example, abnormal functional neural circuitry under chronic stress conditions and decreased volumes of many brain regions have been noted in patients with depression (Korgaonkar et al., 2014). Furthermore, prior studies have revealed the importance of communication from the PFC to the HIP; neural circuitry disinhibition is the main cause of cognitive deficits in depression. Thus, the current study investigated gene signatures in distinct brain areas differentially affected by MDD given that genetic factors have been confirmed to play roles in MDD development (Bast et al., 2017).

First, we used a GSEA method to analyze overall gene data of the HIP and PFC in a holistic manner. The GSEA revealed that the involved genes in the PFC are mainly related to synapse generation and molecular metabolism. For example, the glutathione metabolism pathway is associated with genes that are downregulated in MDD samples. Previous studies reported that glutathione is essential for cellular functions and plays a key role in redox balance in vivo mainly by eliminating free radicals to protect cells from oxidative stress (Bi et al., 2020). The current GSEA results for the PFC are consistent with previous clinical data showing that cortical glutathione is dysregulated in MDD. In addition, mounting evidence indicates that glutathione deficits are associated with increased inflammation and oxidative stress in MDD (Lapidus et al., 2014; Lindqvist et al., 2017). The GSEA results for the HIP showed that genes related to neuronal plasticity and serotonin secretion were downregulated and that genes related to the NF-κB signaling pathway and the TGF-β signaling pathway were also dysregulated in MDD samples. Several lines of evidence indicate that TGF-β pathway signaling is necessary for dopaminergic neuron development and function (Tesseur et al., 2017), and TGF-β1 is correlated with pathology in late-onset Alzheimer’s disease and with MDD susceptibility (Zhang K. et al., 2020). The overall results of GSEA indicate that in the context of MDD, the transcriptomic changes in the PFC lead to the abnormal regulation of ion metabolism, while the transcriptomic changes in the HIP lead to abnormalities in the immune and neurotransmitter systems.

To identify specific genes closely related to the progression of depression, we performed WGCNA of these brain areas. Among the genes in the co-expression module of HIP and PFC under major depression conditions, more differences and less gene expression pattern overlap were found, and the HIP yellow module showed more DEGs than the PFC red module. Few overlapping genes were found between regions, indicating decreased expression consistency of HIP and PFC in MDD. With regard to the connections of functions, the two regional co-expression modules also showed heterogeneity. The results point to specific signaling pathways and BP clusters in the PFC and/or HIP. Both brain regions are enriched in the BP of the regulation of neuronal synaptic plasticity; however, the genes in the HIP are still more enriched in processes related to ion transport and signal release, while the depression-related genes in the PFC are significantly enriched in processes related to membrane depolarization and brain tissue development. The enhancement of synaptic potency and the plasticity of neural circuits are considered the primary cellular mechanism of learning and memory. Notably, the PFC has been related to cognitive and executive functions, and PFC dysfunction is indeed a pathological mechanism of depression. In addition, in primates, the HIP is located near the center of the brain and is one of the main limbic brain regions that stores memories and regulates cortisol production; however, its most important function is in adult neurogenesis. Different BPs and signaling pathways are affected in these brain regions in the context of depression due to the physiological distinction between the HIP and PFC. Previous constructive research on schizophrenia suggested that there are few overlapping genes and BPs in the HIP and PFC, which means that the regional consistency in schizophrenia is reduced (Collado-Torres et al., 2019). Our results are consistent with previous studies and provide further molecular biological evidence of the decreased regional connectivity in the depressive state.

Notably, MDD-related genes in both regions were found to be involved in Ephrin signaling, possibly due to the structural changes in neuronal connections in neurological diseases, from synaptic changes to the loss or reconnection of entire axon bundles. Ephrin ligands and their Eph receptors are membrane-bound molecules that mediate the axon guidance through cell-cell contacts, and play a vital role in the guidance of neuronal growth cones, synaptic plasticity, and neuron migration (Torii et al., 2009; Klein and Kania, 2014). Previous studies demonstrated that Ephrin type-B receptor 2 (EPHB2) in the hypothalamus was significantly increased and interacted with the accumulated NMDAR subunit GluN2A in LPS-induced depressive phenotype mice (Wu et al., 2019), and the ratios of p-EphA4/EphA4 and p-ephexin1/ephexin1 in the PFC and HIP were increased in the social frustration depression mouse model (Zhang et al., 2017). In addition, the “MAPK signaling pathway” was significantly enriched in PFC, and “negative regulation of MAPK cascade” and “negative regulation of Ras protein signal transduction” were significantly enriched in the HIP-PFC network. These pathways and biological progresses are involved in the classic brain-derived neurotrophic factor (BDNF)-MAPK pathway. Stress factors alter BDNF activity and influence the BDNF-Ras-MAPK pathway, impairing neuronal cell survival and neuroplasticity, thereby resulting in depression symptoms (Easton et al., 2006). Previous studies have demonstrated that the Ras/MAPK pathway can regulate synaptic plasticity and affect the expression of hippocampal neuronal plasticity-related proteins in mice with chronic depression-like symptoms induced by morphine withdrawal (Zhu et al., 2002; Jia et al., 2013). Overactivation of the Ras/MAPK pathway impacts memory and learning behaviors in rats. Although preceding studies have reported the potential roles of MAPK signaling in depression (Aguilar-Valles et al., 2018), the downstream cascade targets of the MAPK pathway and the roles of their interactions in functional neural circuits in the regulation of depression are still unclear.

The top-10 genes were selected as hub genes from among the DEGs based on the STRING annotation and the cytoHubba plugin. The selected genes are involved in BPs such as long-term synaptic potentiation (LTP) and neuron projection retraction, which are representative BPs in the mechanism of depression. LTP and long-term inhibition (LTD) are two opposite forms of synaptic plasticity that contribute to fine-tuning neural connections to store information in the brain. Neural circuit information is disrupted during depression, resulting in learning and memory deficits associated with impaired synaptic plasticity (Adhikari et al., 2010; Padilla-Coreano et al., 2016; Bast et al., 2017). In one study, Zheng and Zhang (2015) clarified the potential causes of synaptic plasticity deficits in the HIP-PFC network during depression and recorded local field potentials (LFPs) in two brain regions of rats under normal and chronic unpredictable stress (CUS). The authors found that impaired synaptic plasticity in the ventral CA1 (vCA1)–medial PFC (mPFC) pathway was reflected in weakened theta coupling and theta-gamma cross-frequency coupling of LFPs in the depressed state. EPHB2 was identified as a hub gene that was significantly downregulated in both the HIP and PFC of depressed patients (analysis set). Even though it did not show significant differential expression in the validation set, many previous studies reported that the receptor tyrosine kinase EphB2 is inactivated in neuropsychiatric disorders including depression and memory disorders. Moreover, EPHB2-knockdown mice exhibit depression-like behaviors and spatial memory deficiency compared with wild-type mice (Zhen et al., 2018). In mice affected by chronic social stress, the expression level of EphB2 and its downstream molecules in mPFC are reduced, and the specific cleavage of the EphB2 receptor can increase sensitivity to stress and induce depression-like behavior (Bouzioukh et al., 2007). The synapses in the HIP of EphB2 mutant mice had normal morphology, but synaptic plasticity was defective and the LTP was attenuated in EphB2(−/−) hippocampal slices (Grunwald et al., 2001).

According to previous reports, HIP-PFC functional circuit interactions mainly occur in the theta frequency range and reflect the processes of working memory. In addition, the active processes in the two brain regions are associated with enhanced oscillatory activities (Spellman et al., 2015); thus, impaired functional neural circuits affect cognitive and memory processes in depression. In addition to discovering only a few overlapping molecular pathways in the HIP-PFC circuit, indicating weak regional coherence, we found that the overlapping pathways may be regularized responses between the HIP-PFC neural circuits that underlie the critical mechanism involved in the pathogenesis of MDD. Therefore, based on the identified gene characteristics of the two brain regions, further research could be performed on the molecular mechanism of this abnormal neural circuit in depression, particularly with regard to the overlapping pathways and several BPs that are closely associated with the HIP-PFC circuit.

The current study has certain limitations. First, most of the current evidence suggests that several brain regions are involved in MDD, including the PFC, HIP, amygdala, thalamus, and STR, and both structural and functional abnormalities in these areas have been found to occur in depression. There are also abnormalities in other neural circuits, such as the basal ganglia-thalamus-cortex circuit, that could be involved in the development of depression; however, we only analyzed the HIP-PFC neural network in this paper, given the few human disease samples and difficulty in analyzing each neural network or neural circuit extensively. WGCNA analysis associates clustered genes with a variety of external clinical information, and the features of clinical depression include the occurrence of anxiety, cognitive symptoms, and sleep phase disorder. This study was conducted based on the current limited clinical information, which may lead to the potential external clinical features of other gene modules not being discovered. This study analyzed the two brain regions of MDD based on the gene expression level, therefore, we verified the DEGs from key modules, however, the analysis and verification of the connection between gene expression and function requires further exploration. Last, we used other gene datasets for verification, but several of the hub genes were not expressed or had no expression differences between the groups. The different annotation platforms and sample sizes might have caused this discrepancy.

Above all, the present study shows the gene expression characteristics of MDD and reveals common and unique molecular features and patterns in the HIP-PFC network. Our results may provide novel clues from the gene function perspective to explain the pathogenic mechanism of MDD and to aid in the development of drug interventions for depression. Further research is needed to confirm our findings and to investigate the mechanisms of gene regulation of different neural networks in depression.
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