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Introduction

Acquired Immune Deficiency Syndrome (AIDS) is a chronic and life-threatening condition caused by the human immunodeficiency virus (HIV), which severely weakens the immune system. Despite advances in treatment, AIDS remains incurable. Understanding the molecular mechanisms underlying AIDS progression is crucial for developing effective therapeutic strategies. Therefore, this study aims to identify hub genes associated with AIDS susceptibility and progression, as well as to elucidate potential molecular mechanisms involved.





Methods

We used the Gene Expression Omnibus (GEO) dataset GSE76246 for this study. Differentially expressed genes (DEGs) were screened, and Weighted Gene Co-expression Network Analysis (WGCNA) was employed to construct gene modules associated with HIV infection. Hub genes were identified using the CytoHubba plugin, and their expression profiles were assessed using box plots. The diagnostic potential of these genes was evaluated using receiver operating characteristic (ROC) analysis. Functional enrichment and Gene Set Enrichment Analysis (GSEA) were conducted to identify key biological pathways. Additionally, we analyzed immune cell infiltration and constructed drug-gene interaction, miRNA and transcription factor (TF) regulatory networks.





Results

101 intersection genes were identified by combining DEGs, Oxidative stress genes and module genes from WGCNA. Functional enrichment analysis highlighted key pathways, including oxidative stress response and apoptotic signaling. A protein-protein interaction (PPI) network analysis identified 10 hub genes (TP53, AKT1, JUN, CTNNB1, PXDN, MAPK3, FOS, MMP9, FOXO1, STAT1), which showed strong diagnostic potential, as evidenced by ROC curve analysis. Immune infiltration analysis revealed significant associations between hub genes and various immune cell populations. Furthermore, drug-gene interaction analysis predicted several potential therapeutic compounds. Additionally, miRNA and TF regulatory networks were constructed, identifying critical regulatory elements influencing the expression of hub genes.





Conclusion

This study identified ten hub genes (TP53, AKT1, JUN, CTNNB1, PXDN, MAPK3, FOS, MMP9, FOXO1, STAT1) that play crucial roles in HIV infection and progression. These genes serve as potential biomarkers for HIV diagnosis and therapeutic targets.
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1 Introduction

Human immunodeficiency virus (HIV) infection remains a severe global public health issue, imposing significant health and economic burdens worldwide. According to the Global HIV/AIDS Statistics for 2023, approximately 39.9 million individuals are living with HIV. Among them, 30.7 million were receiving antiretroviral therapy (ART), 1.3 million were newly infected, and 630,000 died from AIDS-related illnesses (1). One of the indications of infection is the continuous destruction of CD4+ T cells, which eventually collapses the human immune system leading to the acquired immune deficiency syndrome (AIDS) and increased mortality (2). Although ART effectively suppresses viral replication and reduces transmission, HIV/AIDS remains incurable because the virus integrates into the chromosomes of latent reservoirs and persists for life (3). At the molecular level, HIV infection not only induces interactions between viral and host genes but also involves complex regulatory networks of host genes. In recent years, approaches such as gene expression profiling, genome-wide association studies (GWAS), and transcriptomics analyses have been widely employed to identify genes associated with HIV infection. Previous studies have uncovered several key genes involved in HIV susceptibility, disease progression, and immune responses (4–8). However, the regulatory mechanisms and network characteristics of these genes remain largely unexplored.

It is well established that the immune system and immune cells play a central role in the pathogenesis of HIV infection (9, 10). The immune system consists of innate and adaptive immune cells, including T cells, B cells, dendritic cells (DCs), macrophages, and neutrophils, which mediate both active and suppressive immune functions (11). HIV infection profoundly alters immune homeostasis, disrupting both innate and adaptive immune responses. The virus directly targets CD4+ T cells, leading to their depletion and dysfunction, and disrupts the activity of other immune cells. This immune dysregulation is mediated through complex gene regulatory mechanisms, including alterations in transcriptional activity, post-transcriptional modifications, and signaling pathways involved in immune activation, apoptosis, and oxidative stress primarily p53 signaling pathway, NF-κB signaling pathway, and JAK-STAT signaling pathway (12–14). Key genes such as TP53, AKT1, STAT1, and FOXO1 have been implicated in the regulation of immune responses to HIV, particularly through pathways governing apoptosis, oxidative stress, and inflammatory signaling. These findings underscore the importance of elucidating gene regulatory networks in the context of HIV infection, which may reveal novel therapeutic targets and biomarkers.

Bioinformatic analysis can process large amounts of samples within an extremely short time and provide valuable information about diseases, which facilitates the identification of the gene regulatory networks, key genes and their associated pathways in various diseases. Such approaches have been widely applied in the study of multiple diseases (15–17) and they are equally relevant to HIV infection. To further elucidate the key genes involved in HIV infection and their potential molecular mechanisms, this study employed a combined approach, utilizing differential expression gene (DEG) screening and weighted gene co-expression network analysis (WGCNA). These techniques were used to construct gene network modules that are closely associated with HIV infection. Additionally, protein-protein interaction (PPI) networks and functional enrichment analyses (GO and KEGG) were employed to identify potential signaling pathways. Furthermore, by analyzing the regulatory networks of key genes, including microRNA and transcription factor (TF) regulation, along with performing immunoinfiltration analysis, this study explored the roles of these genes in immune regulation and their relationships with immune cell subpopulations, thereby uncovering the regulatory mechanisms of HIV infection at both the molecular and cellular levels.

Thus, the aim of this study is to elucidate the potential molecular mechanisms of immune-related genes as biomarkers for HIV infection through multiple bioinformatic approaches, offering novel insights into the diagnosis and treatment of HIV infection.




2 Methods



2.1 Data collection and study design

In this study, the Gene Expression Omnibus (GEO) database (https://www.ncbi.nlm.nih.gov/geo/) was accessed, and case-control experimental data on humans within the past five years were screened using “HIV” as the keyword. The GSE76246 dataset (platform: GPL6480) was ultimately selected for analysis. This dataset includes gene expression profiles from peripheral blood mononuclear cells (PBMCs) of 30 patients in the chronic phase of HIV infection and 7 healthy controls. oxidative stress-related genes (OSRGs) were obtained from the Gene Ontology (GO) database (Data cohort: GO:0006979). The detailed technical workflow and bioinformatics analysis pipeline of this study are shown in Figure 1.
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Figure 1 | Flowchart of bioinformatic analysis.






2.2 Identification of DEGs

The gene expression matrix of 37 samples was obtained by normalizing the expression data from the GSE76246 dataset. DEGs between 30 HIV-positive and 7 HIV-negative samples were identified using the R package limma. Specifically, DEGs were defined as those with a p-value threshold of < 0.05 and |log Fold change (FC)| > 0.5.




2.3 Weighted gene co-expression network analysis

We constructed the gene co-expression network using the expression profile data of all genes from the GSE76246 dataset and identified key modules using the WGCNA package in R. Gene modules and clinical phenotypes (control and HIV-positive) were correlated using Pearson’s correlation coefficient. For the HIV-positive group, gene modules with a higher correlation coefficient and lower p-value were selected, and the genes associated with these modules were further analyzed.




2.4 Identification of intersection genes

To identify the intersection genes, Venn analysis was used to combine DEGs, Oxidative stress genes, and module genes identified through WGCNA using the Venn diagram package. This approach enabled the identification of intersection genes that contribute to the pathogenesis of HIV infection.




2.5 Enrichment analysis using GO and KEGG pathway analysis

To identify the biological functions and signaling pathways of genes, we performed Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analysis using the “clusterProfiler” package. We examined three categories: biological process (BP), cellular component (CC), and molecular function (MF) to explore the biological functions of the intersection genes. Additionally, signaling pathways related to HIV-positive status were investigated through KEGG analysis.




2.6 Protein–Protein interaction (PPI) network construction and screening of hub genes

The PPI network of the intersection genes was retrieved from the STRING online database (https://cn.string-db.org/) (18). The constructed PPI network was then imported into Cytoscape software for visualization to identify potential relationships. To screen for hub genes, we used CytoHubba, a Cytoscape plug-in, to select the top 10 ranked genes from the 101 intersection genes based on the degree method as hub genes.




2.7 The expression and diagnostic performance of hub genes

The expression of the hub genes was exhibited by box plots. The ROC was used to evaluate the diagnostic performance of the hub genes for identifying HIV-positive status.




2.8 Implementation of GSEA for single hub genes

After obtaining the hub genes, we further performed the GSEA analysis of these genes by GSEA-KEGG function in clusterProfiler package. The adjusted p-value < 0.05 was set as the cut-off criteria.




2.9 Construction of drug-gene interaction network, miRNA network, and transcriptional factor regulatory network

The public online platforms, including https://dgidb.genome.wustl.edu/, https://www.mirnet.ca/, and https://www.mirnet.ca/upload/GeneUploadView.xhtml, were used to study drug-gene interactions, miRNA networks, and TF regulation, respectively. The networks were then created and visualized using Cytoscape.




2.10 Statistical analysis

All analyses in our current study were conducted with R software (Version 4.3.1) and its several open packages. P < 0.05 was considered statistically significant.





3 Results



3.1 Identification of DEGs in the HIV-positive patients

To identify genes differentially expressed between HIV-positive patients and controls, a volcano plot was generated, revealing up-regulated genes in red and down-regulated genes in green, with non-significant genes shown in black (Figure 2A). A heatmap further illustrated the top 50 up-regulated and 50 down-regulated DEGs (Figure 2B). These DEGs served as a foundation for subsequent co-expression analysis.
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Figure 2 | DEGs between HIV-positive patients and controls. (A) Volcano plot showed all DEGs of HIV-positive patients in contrast to controls. (B) The heatmap illustrates the top 50 up-regulated and 50 down-regulated DEGs in HIV-positive patients.






3.2 WGCNA and identification of module associated with HIV-positive patients

To investigate the correlation between genes and HIV-positive status, we performed WGCNA in addition to analyzing the differential expression between the two groups. A co-expression network was constructed using the soft-thresholding approach. Notably, the parameter β is critical for co-expression networks, as it affects both the average connectivity degree and the independence of co-expression modules. As shown in Figure 3A, β=16 was considered in this study. The hierarchical clustering dendrogram of the analysis is presented in Figure 3B. Furthermore, hierarchical clustering resulted in nine distinct gene modules, identified using the dynamic tree cut method. As displayed in Figure 3C, the association between each module and HIV-positive status was calculated. The results indicated that five modules were significantly correlated with HIV-positive status: the MEred module (cor = 0.68, P < 0.05), the MEblack module (cor = 0.83, P < 0.05), the MElightyellow module (cor = -0.45, P < 0.05), the MEbrown module (cor = -0.55, P < 0.05), and the MEturquoise module (cor = -0.97, P < 0.05). To refine the selection of candidate genes, we focused on modules with correlation values greater than 0.6 for subsequent analysis. Scatter plots of module eigengenes associated with HIV-positive status in the turquoise, black, and red modules were presented in Figures 3D–F.
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Figure 3 | WGCNA and identification of highly related modules. (A) Determination of the soft-threshold power for HIV-positive samples. (B) Hierarchical clustering dendrogram of highly connected genes in key modules associated with HIV-positive status. (C) Correlations between gene modules and clinical traits in HIV-positive samples, with corresponding correlation coefficients and P-values displayed in each cell. (D) Scatter plot of module eigengenes associated with HIV-positive status in the red module. (E) Scatter plot of module eigengenes associated with HIV-positive status in the black module. (F) Scatter plot of module eigengenes associated with HIV-positive status in the turquoise module.






3.3 Identification of intersection genes

To refine the candidate gene set, we identified the overlap between DEGs and genes within the three most HIV-related WGCNA modules, yielding 4,911 intersection genes (Figure 4A). By further intersecting these with known oxidative stress-related genes, 101 genes were identified. Their chromosomal positions were visualized with a ring heatmap and a Manhattan plot (Figures 4B, C), laying the groundwork for functional enrichment analysis.
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Figure 4 | Identification of intersection genes and their positions on chromosome. (A) The Venn diagram for intersection genes. (B) positions of intersection genes on chromosome presented by ring heat map. (C) positions of intersection genes on chromosome presented by Manhattan diagram.






3.4 GO enrichment analysis and KEGG pathway analysis of the intersection genes

We next sought to elucidate the biological roles of the 101 intersection genes through GO and KEGG enrichment analyses. The GO enrichment analysis consisted of three categories: BP, CC, and MF. Notably, functional enrichment was primarily focused on BP (Figure 5A). As shown in Figure 5A, the top three enriched pathways in the BP analysis were response to oxidative stress, cellular response to oxidative stress, and cellular response to chemical stress. In the CC analysis, the top three locations were the TOR complex, lamellipodium, and nuclear periphery. Additionally, in the MF analysis, RNA polymerase II−specific DNA−binding transcription factor binding, ubiquitin−like protein ligase binding, and DNA−binding transcription factor binding were identified as significant. Furthermore, the KEGG enrichment results were consistent with the GO analysis (Figure 5B). Notably, several apoptotic signaling pathways, likely related to the infectious process of HIV, were enriched, including the intrinsic apoptotic signaling pathway, regulation of apoptotic signaling pathway, regulation of intrinsic apoptotic signaling pathway, and regulation of oxidative stress−induced intrinsic apoptotic signaling pathway.
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Figure 5 | GO enrichment and KEGG pathway analysis. (A) The GO circle plot illustrates the scatter map of the logFC of the intersection genes. (B) The KEGG bar plot and bubble plot illustrate the scatter map of the logFC of the intersection genes.






3.5 Intersection genes PPI network and screening of hub genes

To determine key regulatory genes, we constructed a PPI network based on the intersection genes. A total of 101 intersection genes were imported into the PPI network complex, and free genes were removed. Finally, 434 pairs of interacting proteins were obtained in our study (Figure 6A). The interaction relationship was represented by nodes and edges, with combined scores used to indicate the strength of the interaction between two proteins. The higher the score, the closer the relationship. To screen the hub genes, these 101 intersection genes were ranked using the degree method in Cytoscape software. Genes with the top 10 highest scores were selected as hub genes (TP53, AKT1, JUN, CTNNB1, PXDN, MAPK3, FOS, MMP9, FOXO1, STAT1) (Figure 6B), and their specific scores are shown in Table 1. These hub genes were subjected to further expression and diagnostic performance analyses.
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Figure 6 | PPI network. (A) Construction of the intersection gene network. (B) Identification of the hub genes.




Table 1 | The specific scores of hub genes.






3.6 Expression level and diagnostic performance of hub genes

The prediction and the discriminatory ability of the hub genes were assessed by analyzing the expression levels between HIV-positive patients and controls. Among these ten hub genes, TP53, AKT1, MMP9, and STAT1 were upregulated (Figures 7A, B, H, J), while JUN, CTNNB1, PXDN, MAPK3, FOX and FOXO1 were downregulated (Figures 7C-G, I). For a more precise understanding of diagnostic value for HIV-positive patients, the specificity and sensitivity of the hub genes were assessed using ROC curve analysis. The areas under the ROC curve (AUC) for each gene were as follows: 1.000 for TP53, 1.000 for AKT1, 0.948 for JUN, 0.962 for CTNNB1, 0.990 for PXDN, 0.943 for MAPK3, 1.000 for FOS, 0.876 for MMP9, 0.986 for FOXO1 and 0.886 for STAT1 (Figures 8A-J). These results indicate that these ten genes have a prominent capacity to distinguish between HIV-positive and HIV-negative individuals. Furthermore, the correlations between these ten hub genes were analyzed (Figure 9). Figures 9B-E show positive correlations between pairs of genes, while Figures 9F-L show negative correlations (P < 0.05). These findings demonstrate that the identified hub genes exhibit strong diagnostic potential and distinct expression patterns, effectively distinguishing HIV-positive from HIV-negative individuals.
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Figure 7 | Expression of hub genes in HIV-Positive patients and controls. (A–J) show the expression levels of TP53, AKT1, JUN, CTNNB1, PXDN, MAPK3, FOS, MMP9, FOXO1, and STAT1, respectively. **p < 0.01, ***p < 0.001.




[image: ]

Figure 8 | ROC curves for diagnostic performance of hub genes in HIV-Positive patients. (A–J) show the ROC curves for TP53, AKT1, JUN, CTNNB1, PXDN, MAPK3, FOS, MMP9, FOXO1, and STAT1, respectively.
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Figure 9 | Correlations of the hub genes. (A) Correlation matrix of ten hub genes. (B) Correlation between TP53 and AKT1. (C) Correlation between PXDN and MAPK3. (D) Correlation between FOS and MMP9. (E) Correlation between FOS and MAPK3. (F) Correlation between PXDN and AKT1. (G) Correlation between TP53 and PXDN. (H) Correlation between FOXO1 and STAT1. (I) Correlation between TP53 and MAPK3. (J) Correlation between STAT1 and MAPK3. (K) Correlation between TP53 and FOS. (L) Correlation between FOXO1 and FOS.






3.7 KEGG pathway enrichment re-analysis of 10 hub genes

Subsequently, we performed single-gene GSEA analysis of the hub genes, and the top three upregulated and downregulated pathways were visualized using the “clusterProfiler” package. KEGG pathway analysis revealed the following associations:

TP53 was linked to antigen processing and presentation, complement and coagulation cascades, neuroactive ligand-receptor interaction, olfactory transduction, ribosome, and spliceosome (Figure 10A).
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Figure 10 | KEGG pathway analysis of hub genes via GSEA identified signaling pathways associated with HIV-infected patients. (A) TP53. (B) AKT1. (C) JUN. (D) CTNNB1. (E) PXDN. (F) MAPK3. (G) FOS. (H) MMP9. (I) FOXO1. (J) STAT1.



AKT1 was involved in allograft rejection, antigen processing and presentation, graft-versus-host disease, neuroactive ligand-receptor interaction, olfactory transduction, and steroid hormone biosynthesis (Figure 10B).

JUN was associated with complement and coagulation cascades, leishmaniasis infection, lysosome, neuroactive ligand-receptor interaction, olfactory transduction, and ribosome (Figure 10C).

CTNNB1 participated in ECM-receptor interaction, leishmaniasis infection, lysosome, neuroactive ligand-receptor interaction, NOD-like receptor signaling pathway, and ribosome (Figure 10D).

PXDN was involved in antigen processing and presentation, complement and coagulation cascades, olfactory transduction, proteasome, retinol metabolism, and spliceosome (Figure 10E).

MAPK3 took part in antigen processing and presentation, drug metabolism (cytochrome P450), neuroactive ligand-receptor interaction, olfactory transduction, ribosome, and spliceosome (Figure 10F).

FOS was associated with complement and coagulation cascades, Fc-gamma receptor (FcγR)-mediated phagocytosis, primary immunodeficiency, ribosome, spliceosome, and Toll-like receptor signaling pathway (Figure 10G).

MMP9 participated in antigen processing and presentation, complement and coagulation cascades, primary immunodeficiency, ribosome, RIG-I-like receptor signaling pathway, and Toll-like receptor signaling pathway (Figure 10H).

FOXO1 was involved in complement and coagulation cascades, hematopoietic cell lineage, ribosome, RIG-I-like receptor signaling pathway, T-cell receptor signaling pathway, and Toll-like receptor signaling pathway (Figure 10I).

STAT1 participated in ECM-receptor interaction, lysosome, neuroactive ligand-receptor interaction, olfactory transduction, proteasome, and spliceosome (Figure 10J).

Collectively, these results suggest that the hub genes are involved in diverse biological pathways related to immune response, signal transduction, metabolism, and cellular stress, highlighting their potential roles in the pathogenesis of HIV.




3.8 The correlation of hub genes and immune cell infiltration

Considering the immune-related nature of HIV infection, we next examined correlations between hub gene expression and immune cell infiltration. TP53 was significantly positively correlated with central memory CD4+ T cells, effector memory CD8+ T cells, and activated CD8+ T cells, but negatively correlated with type 17 T helper cells, natural killer cells, neutrophils, and activated dendritic cells (Figure 11A). AKT1 showed significant positive correlations with gamma delta T cells, central memory CD4+ T cells, immature dendritic cells, type 2 T helper cells, MDSCs, plasmacytoid dendritic cells, and effector memory CD8+ T cells, whereas a negative correlation was observed with type 17 T helper cells (Figure 11B). JUN was significantly positively correlated with plasmacytoid dendritic cells (Figure 11C), while CTNNB1 was significantly positively correlated with neutrophils (Figure 11D). PXDN exhibited positive relationships with type 17 T helper cells and natural killer cells, but negative correlations with gamma delta T cells, central memory CD4+ T cells, type 2 T helper cells, and others (Figure 11E). MAPK3 demonstrated positive correlations with type 17 T helper cells, natural killer cells, activated dendritic cells, and neutrophils (Figure 11F), while it was negatively correlated with central memory CD4+ T cells, activated CD4+ T cells, and effector memory CD8+ T cells. FOS was significantly positively correlated with activated dendritic cells, neutrophils, macrophages, plasmacytoid dendritic cells, mast cells, MDSCs, type 17 T helper cells, immature dendritic cells, natural killer cells, and memory B cells, but negatively correlated with activated CD8+ T cells, effector memory CD8+ T cells, activated B cells, effector memory CD4+ T cells, and activated CD4+ T cells (Figure 11G). Macrophages, activated dendritic cells, and neutrophils were positively correlated with MMP9, while CD56dim natural killer cells, activated CD8+ T cells, T follicular helper cells, and effector memory CD8+ T cells exhibited negative correlations (Figure 11H). FOXO1 had significant positive correlations with activated B cells and immature B cells, while it showed negative correlations with natural killer cells, type 17 T helper cells, central memory CD8+ T cells, memory B cells, activated dendritic cells, and mast cells (Figure 11I). Finally, STAT1 demonstrated positive correlations with type 2 T helper cells, gamma delta T cells, and MDSCs (Figure 11J). These findings underscore the critical role of immune function in the pathogenesis and progression of HIV infection.
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Figure 11 | Correlations between hub genes and immune cells in HIV-positive patients. (A–J) show the correlations of TP53, AKT1, JUN, CTNNB1, PXDN, MAPK3, FOS, MMP9, FOXO1, and STAT1 with immune cell components, respectively. P < 0.05 was highlighted.






3.9 Drug-gene interaction network analysis

Given the therapeutic implications of these hub genes, we explored their interactions with known drugs. MAPK3, TP53, MMP9, FOS, CTNNB1, and JUN were predicted to interact with 20 drugs each (Figures 12A-F), while AKT1 was predicted to interact with 19 drugs (Figure 12G). STAT1 and FOXO1 were predicted to interact with 6 and 5 drugs, respectively (Figure 12H). These drugs include CISPLATIN, PILOCARPINE HYDROCHLORIDE, CETUXIMAB, IMMUNOSUPPRESSANTS, and EPIRUBICIN, among others. Additionally, the drug-gene interactions were visualized using Cytoscape.


[image: ]

Figure 12 | Interaction between existing therapeutic drugs and hub genes. (A) MAPK3. (B) TP53. (C) MMP9. (D) FOS. (E) CTNNB1. (F) JUN. (G) AKT1. (H) STAT1 and FOXO1.






3.10 Construction of miRNA network

To better understand post-transcriptional regulation, we constructed a miRNA–mRNA interaction network. Figure 13 illustrated the interaction of hub genes (mRNAs) and their targeted miRNAs. The green triangle represents miRNA, while the red circle represents mRNA. All hub genes were regulated by multiple different miRNAs, and several miRNAs were found to regulate more than one hub gene.
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Figure 13 | MiRNA-hub gene interaction networks.






3.11 Construction of transcriptional factor regulatory network

For the genes we identified, a gene-TF regulatory network was constructed including 101 interaction pairs among 9 hub genes and 72 TFs (Figure 14). While AKT1 was found to be regulated by 7 TFs, CTNNB1 by 10 TFs, FOS by 19 TFs, FOXO1 by 4 TFs, JUN by 14 TFs, MAPK3 by 1 TFs, MMP9 by 15 TFs, STAT1 by 14 TFs, and TP53 by 17 TFs. In addition, various TFs were found to regulate more than one hub gene, there are five transcriptional factors regulating three and more hub genes. For example, ESR1 was predicted to regulate CTNNB1, FOS, JUN and TP53; AR was found to regulate AKT1, CTNNB1 and JUN; FOS was found to regulate FOS, MMP9, and TP53. Specially, genes what transcriptional factors FOS and JUN regulated were themselves. Overall, these findings reveal a complex transcriptional regulatory network, with several key TFs, such as ESR1, AR, FOS, and JUN, exerting broad regulatory influence across multiple hub genes, including self-regulation.
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Figure 14 | Transcriptional factor (TF) regulatory network. The red ovals represent hub genes, the blue hexagons represent transcriptional factors.







4 Discussion

HIV infection remains incurable, with the primary barrier to eradication being the persistence of latent infection, particularly in memory CD4+ T cells (19). Although ART effectively suppresses viral replication, it fails to eliminate the virus completely. Consequently, long-term ART-treated HIV patients remain at risk of immune activation, chronic inflammation, and associated comorbidities (20), ultimately leading to increased mortality. Central to unraveling this conundrum is the regulation of gene expression, which is anticipated to play a pivotal role in the pathophysiology of HIV infection and its development. Therefore, it is essential to investigate the molecular markers and potential molecular pathways of HIV infection for the early detection and treatment, obviously, bioinformatic methods are promising methods. In the present study, 101 intersection genes were identified through Venn analysis by integrating DEGs, oxidative stress-related genes, and module genes obtained via WGCNA. A PPI network of these intersection genes was successfully constructed using the STRING online database and visualized with Cytoscape software. Finally, the top 10 hub genes (TP53, AKT1, JUN, CTNNB1, PXDN, MAPK3, FOS, MMP9, FOXO1, and STAT1) were identified from the PPI network using the CytoHubba plug-in in Cytoscape.

Among the ten identified hub genes, AKT1, MMP9, STAT1, and TP53 were significantly upregulated, whereas CTNNB1, FOS, FOXO1, JUN, MAPK3, and PXDN were downregulated in HIV-positive patients. The high diagnostic performance of these genes was demonstrated by ROC curve analysis. Notably, several genes, such as AKT1, TP53, and FOS, achieved an area under the curve (AUC) of 1.000, indicating their strong discriminatory ability between HIV-positive and HIV-negative individuals. Single-gene GSEA analysis revealed that the 10 hub genes were primarily enriched in core pathways including antigen processing and presentation (TP53, AKT1, PXDN, MAPK3, MMP9), complement and coagulation cascades (TP53, AKT1, JUN, PXDN, FOS, MMP9, FOXO1), Toll-like receptor signaling pathway (FOS, MMP9, FOXO1), and RIG-I-like receptor signaling pathway (FOXO1, MMP9). The antigen processing and presentation pathway, which mediates the recognition of viral antigens by MHC molecules, is a critical component of HIV-specific immune responses (21). Abnormal activation of the complement and coagulation cascades is closely associated with chronic inflammation and immune dysregulation caused by HIV infection, and such abnormal activation may contribute to immune pathological damage. The Toll-like receptor signaling pathway regulates innate immune responses through pattern recognition receptors, participating in viral recognition and the release of inflammatory factors. The enrichment of the RIG-I-like receptor signaling pathway further suggests the potential role of antibody-dependent cellular cytotoxicity and innate immune recognition in HIV control. These pathways collectively form the molecular network of HIV immune evasion, viral latency, and immune pathological damage, providing key targets for targeted intervention. Our further results indicate that these genes may play crucial roles in the pathogenesis of HIV infection by modulating key biological pathways, immune responses, and regulatory networks, including transcription factors, miRNAs, and drug-gene interactions.

TP53 is a well-established tumor suppressor gene involved in cell cycle regulation, DNA repair, senescence, autophagy, and apoptosis (22). The role of TP53 has been extensively studied in cancer and has also been implicated in HIV infection and its related pathogenesis, with multiple studies highlighting its involvement in immune activation, apoptosis, and the regulation of viral replication. Our analysis identified TP53 as a hub gene in HIV infection, showing a strong positive correlation with central memory CD4+ T cells, effector memory CD8+ T cells, and activated CD8+ T cells. This suggests that TP53 may play a role in T-cell-mediated immune responses during HIV infection. Previous studies have reported that TP53 promotes HIV long-terminal repeat (LTR) transcription and contributes to virus-induced cell death (23), highlighting its dual role in enhancing viral replication and mediating host cell apoptosis. In addition, TP53 interacts with the HIV-1 viral infectivity factor, thereby inducing G2 cell cycle arrest and promoting viral replication (24). Moreover, TP53 and its downstream gene p21 interfere with the early stage of HIV replication in non-cycling cells and human monocyte-derived macrophages (hMDMs) (14). Notably, research by Shin et al. (25) suggests that activation of the TP53 pathway enhances apoptosis in cells harboring latent HIV infection upon treatment with anticancer drugs, potentially offering a strategy to selectively eliminate HIV reservoirs. Except these functional insights, the TP53 R72P polymorphism has been investigated for potential epistatic effects in the context of HIV infection in human cohorts, although current findings have not demonstrated any statistically significant interactions or associations (26). Our findings highlight TP53 as a potential key player in HIV-related immune modulation and suggest that further investigation is warranted to explore its therapeutic implications.

AKT1 is a serine/threonine kinase involved in cell survival, immune regulation, and apoptosis. While it has been extensively studied in cancer and metabolic disorders (27–29). its role in infectious diseases, particularly HIV infection, remains an important research focus. Our analysis identified AKT1 as a hub gene in HIV infection, highlighting its involvement in viral transcription and transactivation through the PI3K/Akt and ROS/Akt signaling pathways (30, 31). Additionally, AKT1 participates in HIV infection via phosphorylation mechanisms (32). Notably, AKT1 has been proposed as a potential biomarker for distinguishing elite controllers from HIV+ patients and healthy individuals (8). Furthermore, its association with 19 therapeutic drugs suggests that AKT1 may serve as a key target for HIV-related interventions.

JUN and FOS are oncogenic transcription factors that regulate gene expression through the AP-1 transcription factor complex. They play essential roles in immune modulation, inflammation, and infection response. Our analysis identified JUN and FOS as hub genes in HIV infection, implicating their regulatory functions in viral latency and reactivation. JUN is involved in immune cell differentiation and inflammatory responses, which are critical in HIV pathogenesis. Notably, JUN functions at multiple stages of HSV-1 latent infection to promote reactivation (33), a mechanism that may be relevant to HIV latency. Transcriptional activation of JUN is also a hallmark of immune aging, contributing to inflammaging (34), which could influence HIV-related immune dysfunction. Beyond these roles, JUN is essential for diversification, function, and maintenance of identity of CD8+ T cells and cDC1 (35), it also enhances the cytotoxic activity of natural killer cells (36) and mediates the migration and differentiation of CD4+ T cells (37), all of which are crucial to the immune response during HIV infection. By influencing these immune cells, JUN plays a central role in the complex immune landscape of HIV infection, contributing to both immune evasion and dysfunction. Similarly, FOS, a proto-oncogene, participates in transcriptional regulation during HIV infection. As early as 1999, c-FOS was found to synergistically transactivate the HIV-1 long terminal repeat (LTR) via a MAPK-dependent pathway (38). Recent findings reveal that both JUN and FOS are upregulated in HIV DNA+ infected cells under suppressive therapy, suggesting their role in viral persistence and reactivation (39). Inhibition of c-FOS has been shown to enhance HIV-1 reactivation in latently infected cells, highlighting its potential as a therapeutic target. Interestingly, regulatory network analysis suggests that JUN and FOS form an autoregulatory feedback loop, which may influence gene expression dynamics during HIV infection.

In our study, CTNNB1, which encodes β-catenin, a core component of the canonical Wnt/β-catenin pathway involved in cell proliferation and differentiation (40), was found to be downregulated in HIV-positive patients. While CTNNB1 has been extensively studied in various cancers, such as endometrial and breast cancer, its role in infectious diseases, including HIV, remains unclear, with limited evidence suggesting no association with HBV infection (41). Similarly, PXDN, previously reported as a pan-cancer biomarker and linked to ocular disorders, was also downregulated in our analysis. However, the specific functions of CTNNB1 and PXDN in HIV infection are yet to be elucidated and warrant further investigation.

MAPK3, a key member of the MAPK family, is involved in multiple cellular processes and disease mechanisms, primarily through microRNA regulation and signaling pathways (42). In HIV infection, MAPK3 downregulation is associated with impaired activation of dendritic and natural killer cells, potentially contributing to immune evasion. However, our analysis did not reveal significant findings regarding MAPK3 in HIV patients and elite controllers (8). Notably, targeted inhibition of MAPK3 has demonstrated therapeutic benefits in various diseases. Our study predicts that drugs such as cisplatin, pilocarpine hydrochloride, cetuximab, and epirubicin may target hub genes including MAPK3, TP53, MMP9, and FOS, suggesting a potential therapeutic strategy for immune dysfunction-related diseases, including HIV infection.

MMP9 activity is known to increase with oxidative stress (43) and is upregulated by HIV-1 Tat via the MAPK-NF-kappaB signaling pathway (44). In our study, MMP9 expression was positively correlated with neutrophils, which aligns with immune infiltration data. Interestingly, we observed significantly lower levels of both neutrophils and MMP9 in TB/HIV co-infection compared to new pulmonary TB, likely due to the impaired production of neutrophils resulting from low CD4+ T-lymphocyte count and viability in co-infected individuals (45). Similarly, MMP9 plasma levels were higher in the treated HIV subgroup compared to the naïve subgroup (46), suggesting that HIV infection contributes to the reduced expression of MMP9. However, the expression of MMP9 in HIV patients remains controversial, with some studies showing high expression (47), while others found no impact from maternal HIV (48). A study on HIV-HCV co-infection revealed that ribavirin and interferon can alter MMP9 abundance in vitro and in vivo (49), highlighting the potential influence of drug-gene interactions in MMP9 regulation. FOXO1 is a key regulator of T-cell quiescence, FOXO1 activity promotes and maintains the quiescent state of memory CD4+ T cells, in which HIV establishes latency. In turn, FOXO1 inhibition reactivates HIV latent proviruses (19, 50). Additionally, the AKT/FOXO1 signaling axis plays a crucial role in HIV Tat protein accumulation (51). Moreover, FOXO1, targeted by LncRNA-GM, promotes Th17 differentiation while inhibiting Treg generation, exacerbating autoimmune inflammation (52). These findings highlight FOXO1 as a potential target for HIV latency reversal and immune modulation. STAT1 mainly exerts inflammatory biological functions. Additionally, we found that STAT1 was positively correlated with type 2 T helper cells and gamma delta T cells, both of which are essential for antiviral immunity. As one of the members of the IFN-γ-Stat1-T-bet axis involved in HIV infection, STAT1 play a key role in blunting Th1 response and suppressing CD4+ T cell activation (53). Along the same line, a report showed that higher STAT1 levels in CD4+ T cells are also associated with lower CD4+ T cell counts in HIV patients (54). Moreover, STAT1 signaling is involved in HIV-induced blood-brain barrier damage, which is relevant to viral neuropathogenesis (55). Given that HIV infection induces oxidative stress and immune dysregulation, targeting genes like MMP9, FOXO1, and STAT1 with specific inhibitors or modulators may help restore immune homeostasis and reduce HIV-related complications.

KEGG enrichment analysis revealed that these hub genes are involved in critical signaling pathways relevant to HIV infection, including antigen processing and presentation, complement and coagulation cascades, Toll-like receptor signaling, and apoptosis regulation. Specifically, AKT1, TP53, and STAT1 were implicated in antigen processing and presentation, a key mechanism in viral recognition and immune response activation. The involvement of JUN, FOXO1, and MAPK3 in complement and coagulation cascades suggests their potential role in immune-mediated inflammation and coagulopathy, which are frequently observed in HIV-infected individuals. Notably, AKT1, FOXO1, and MMP9 were enriched in the RIG-I-like receptor and Toll-like receptor pathways, which are crucial for innate immune responses against viral infections. These findings highlight the potential of these hub genes as therapeutic targets for modulating immune responses in HIV infection.

In our study, we further explored the post-transcriptional regulatory landscape of the identified hub genes by predicting their corresponding miRNAs. The construction of a miRNA–mRNA regulatory network revealed that several miRNAs may play central roles in modulating hub gene expression during HIV infection. Notably, miR-34a-5p and miR-1-3p were predicted to target all ten hub genes, indicating their potential involvement in broad regulatory networks. The identification of these interactions highlights the importance of miRNA-mediated regulation in shaping the immune response and cellular environment in HIV-positive individuals. Some of the predicted miRNAs have previously been implicated in viral replication, immune evasion, or chronic inflammation. For instance, Zhang et al. (56) proposed that the HIV Tat protein induces the overexpression of miR-34a in TZM-bl cells through transactivation of the LTR via the SIRT-1/NF-κB pathway. The upregulation of miR-34a, in turn, enhances viral transactivation by affecting Tat expression and increasing its activity. Additionally, Kapoor et al. (57) reported that miR-34a is upregulated in T cells during HIV infection. They further indicated that miR-34a enhances HIV replication in T cells by overcoming the inhibitory effect of the host protein phosphatase 1 nuclear targeting subunit (PNUTS), which aligns with the biological functions of hub genes like TP53 and AKT1.

Finally, our discussion should focus on the potential therapeutic implications of the identified hub genes and pathways. The hub genes identified in this study—TP53, AKT1, JUN, CTNNB1, PXDN, MAPK3, FOS, MMP9, FOXO1, and STAT1—play pivotal roles in various immune regulatory processes that are dysregulated in HIV infection. Given their central role in both HIV pathogenesis and immune dysregulation, these genes and their associated signaling pathways present promising targets for therapeutic intervention. Several strategies could be employed to modulate these genes and mitigate HIV-induced immune dysfunction. One promising approach involves the use of small molecule inhibitors to target key signaling pathways, such as those involving TP53, AKT1, and MAPK3. For instance, AKT inhibitors, which have already been explored in other cancers and chronic diseases, could potentially help restore normal T cell function and prevent apoptosis of immune cells in HIV-infected patients. Furthermore, targeting the MAPK3 pathway could help reduce inflammation and control immune responses, which are often hyperactivated in HIV. Another viable strategy is the application of monoclonal antibodies (mAbs) directed against immune checkpoint proteins or pro-inflammatory signaling mediators. For example, monoclonal antibodies against FOS or STAT1 could help modulate the immune response, particularly in reducing the activation of inflammatory pathways that contribute to HIV-induced immune dysregulation. Similarly, targeting JUN could offer a strategy to interfere with the transcriptional regulation of pro-inflammatory genes, thus mitigating chronic inflammation associated with HIV infection. Gene editing technologies, such as CRISPR-Cas9, offer yet another avenue for intervention. Upregulation of beneficial genes like TP53 or suppression of genes such as JUN and STAT1 could correct immune imbalances and reduce HIV-associated inflammation. These approaches may enable precision-targeted modulation of dysfunctional immune pathways, offering a personalized therapeutic platform. Furthermore, since several hub genes, such as PXDN, FOS, and MAPK3, are involved in oxidative stress and apoptotic signaling pathways, targeting oxidative stress pathways with antioxidant therapies or small molecule inhibitors could reduce oxidative damage to immune cells and limit HIV-induced apoptosis. This approach may help prevent the early loss of immune cells and reduce HIV-associated immune dysfunction. Given the complex interactions between the identified hub genes and the immune system, combination therapies that target multiple pathways simultaneously may prove to be the most effective. For instance, combining inhibitors of AKT1 and TP53 with monoclonal antibodies targeting immune checkpoints could synergistically enhance the immune response and prevent HIV latency, which is a significant hurdle in the treatment of HIV infection. In conclusion, targeting these hub genes through small molecule inhibitors, monoclonal antibodies, gene editing, and modulation of oxidative stress pathways represents a promising avenue for therapeutic intervention in HIV-positive patients.

Admittedly, the limitations of this study should also not be ignored. Firstly, the dataset (GSE76246) lacks specific data on CD4+T cell counts and cannot be used for clinical staging studies based on the immune status of HIV patients. Secondly, although promising results were obtained through this bioinformatics analysis, the functions and mechanisms of these hub genes remain experimentally unvalidated, which could lay the groundwork for a deeper understanding of HIV infection. Thirdly, a much larger sample size is needed to avoid a selective bias. Therefore, verifying the functions of these hub genes by experimental and molecular studies may be an area of future research. Last but not least, the development of targeted therapies aimed at restoring immune balance and reducing HIV-associated complications should serve as the ultimate goal.




5 Conclusion

In summary, through comprehensive bioinformatics analysis, TP53, AKT1, JUN, CTNNB1, PXDN, MAPK3, FOS, MMP9, FOXO1, and STAT1 were identified and confirmed as hub genes, which may play key roles in the pathogenesis of HIV infection.





Data availability statement

The datasets presented in this study can be found in online repositories. The names of the repository/repositories and accession number(s) can be found in the article/supplementary material.





Author contributions

XP: Data curation, Formal analysis, Writing – original draft, Writing – review & editing. XC: Investigation, Supervision, Writing – review & editing. YJ: Formal analysis, Writing – review & editing. FS: Software, Writing – review & editing. XC: Writing – review & editing, Methodology. HH: Data curation, Formal analysis, Software, Validation, Writing – review & editing. CL: Conceptualization, Data curation, Formal analysis, Project administration, Software, Writing – review & editing.





Funding

The author(s) declare that financial support was received for the research and/or publication of this article. This work was supported by the Research Foundation Ability Enhancement Project for Young and Middle age Teachers in Guangxi Universities (2022KY0553, 2023KY0555), the Research Project of Affiliated Hospital of Youjiang Medical University for Nationalities (Y20212604), and the 2021 Annual School-level Research Project of Youjiang Medical University for Nationalities (yy2021sk046).





Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.





Generative AI statement

The author(s) declare that no Generative AI was used in the creation of this manuscript.





References

1. UNAIDS 2024 epidemiological estimates. UNAIDS financial estimates (2024). Available online at: http://hivfinancial.unaids.org/hivfinancialdashboards.html (Accessed August 2, 2024).

2. Lucas, S, and Nelson, AM. Hiv and the spectrum of human disease. J Pathol. (2015) 235:229–41. doi: 10.1002/path.4449

3. Crooks, AM, Bateson, R, Cope, AB, Dahl, NP, Griggs, MK, Kuruc, JD, et al. Precise quantitation of the latent hiv-1 reservoir: implications for eradication strategies. J Infect Dis. (2015) 212:1361–5. doi: 10.1093/infdis/jiv218

4. Iyer, K, Mitra, A, and Mitra, D. Identification of 5’ Upstream sequence involved in hspbp1 gene transcription and its downregulation during hiv-1 infection. Virus Res. (2023) 324:199034. doi: 10.1016/j.virusres.2022.199034

5. Pasquereau, S, and Herbein, G. Counterakting hiv: toward a “Block and clear” Strategy? Front Cell infection Microbiol. (2022) 12:827717. doi: 10.3389/fcimb.2022.827717

6. Tanaka, K, Kim, Y, Roche, M, and Lewin, SR. The role of latency reversal in hiv cure strategies. J Med primatol. (2022) 51:278–83. doi: 10.1111/jmp.12613

7. Wu, JQ, Sassé, TR, Wolkenstein, G, Conceicao, V, Saksena, MM, Soedjono, M, et al. Transcriptome analysis of primary monocytes shows global down-regulation of genetic networks in hiv viremic patients versus long-term non-progressors. Virology. (2013) 435:308–19. doi: 10.1016/j.virol.2012.10.026

8. Sadri Nahand, J, Khanaliha, K, Khatami, A, Aminjavaheri, P, Abbasi-Kolli, M, Mirzaei, H, et al. Expression pattern analysis of the long non-coding rnas (Tincr, rp11-573d15.8, rp11-156e8.1), and their target genes (Akt1, foxo1 and mapk3) in patients with hiv infection, and elite controllers. Heliyon. (2024) 10:e30900. doi: 10.1016/j.heliyon.2024.e30900

9. Dianatinasab, M, Ghahri, S, Dianatinasab, A, Amanat, S, and Fararouei, M. Effects of exercise on the immune function, quality of life, and mental health in hiv/aids individuals. Adv Exp Med Biol. (2020) 1228:411–21. doi: 10.1007/978-981-15-1792-1_28

10. Estes, JD, LeGrand, R, and Petrovas, C. Visualizing the immune system: providing key insights into hiv/siv infections. Front Immunol. (2018) 9:423. doi: 10.3389/fimmu.2018.00423

11. Chen, B, Khodadoust, MS, Liu, CL, Newman, AM, and Alizadeh, AA. Profiling tumor infiltrating immune cells with cibersort. Methods Mol Biol (Clifton NJ). (2018) 1711:243–59. doi: 10.1007/978-1-4939-7493-1_12

12. Appelberg, KS, Wallet, MA, Taylor, JP, Cash, MN, Sleasman, JW, and Goodenow, MM. Hiv-1 infection primes macrophages through stat signaling to promote enhanced inflammation and viral replication. AIDS Res Hum Retroviruses. (2017) 33:690–702. doi: 10.1089/aid.2016.0273

13. Wang, H, Liu, Y, Huan, C, Yang, J, Li, Z, Zheng, B, et al. Nf-κb-interacting long noncoding rna regulates hiv-1 replication and latency by repressing nf-κb signaling. J Virol. (2020) 94. doi: 10.1128/jvi.01057-20

14. Shi, B, Sharifi, HJ, DiGrigoli, S, Kinnetz, M, Mellon, K, Hu, W, et al. Inhibition of hiv early replication by the P53 and its downstream gene P21. Virol J. (2018) 15:53. doi: 10.1186/s12985-018-0959-x

15. Zhong, J, Xiang, D, and Ma, X. Prediction and analysis of osteoarthritis hub genes with bioinformatics. Ann Trans Med. (2023) 11:66. doi: 10.21037/atm-22-6450

16. Liang, P, Wu, Y, Qu, S, Younis, M, Wang, W, Wu, Z, et al. Exploring the biomarkers and potential therapeutic drugs for sepsis via integrated bioinformatic analysis. BMC Infect Dis. (2024) 24:32. doi: 10.1186/s12879-023-08883-9

17. Liu, C, Lu, Y, Huang, C, Zeng, Y, Zheng, Y, Wang, C, et al. A combination analysis based on bioinformatics tools reveals new signature genes related to maternal obesity and fetal programming. Front Med. (2024) 11:1434105. doi: 10.3389/fmed.2024.1434105

18. Szklarczyk, D, Morris, JH, Cook, H, Kuhn, M, Wyder, S, Simonovic, M, et al. The string database in 2017: quality-controlled protein-protein association networks, made broadly accessible. Nucleic Acids Res. (2017) 45:D362–d8. doi: 10.1093/nar/gkw937

19. Vallejo-Gracia, A, Chen, IP, Perrone, R, Besnard, E, Boehm, D, Battivelli, E, et al. Foxo1 promotes hiv latency by suppressing er stress in T cells. Nat Microbiol. (2020) 5:1144–57. doi: 10.1038/s41564-020-0742-9

20. Zicari, S, Sessa, L, Cotugno, N, Ruggiero, A, Morrocchi, E, Concato, C, et al. Immune activation, inflammation, and non-aids co-morbidities in hiv-infected patients under long-term art. Viruses. (2019) 11. doi: 10.3390/v11030200

21. Stumptner-Cuvelette, P, Morchoisne, S, Dugast, M, Le Gall, S, Raposo, G, Schwartz, O, et al. Hiv-1 nef impairs mhc class ii antigen presentation and surface expression. Proc Natl Acad Sci United States America. (2001) 98:12144–9. doi: 10.1073/pnas.221256498

22. Voskarides, K, and Giannopoulou, N. The role of tp53 in adaptation and evolution. Cells. (2023) 12. doi: 10.3390/cells12030512

23. Pauls, E, Senserrich, J, Clotet, B, and Esté, JA. Inhibition of hiv-1 replication by rna interference of P53 expression. J leukocyte Biol. (2006) 80:659–67. doi: 10.1189/jlb.0306189

24. Izumi, T, Io, K, Matsui, M, Shirakawa, K, Shinohara, M, Nagai, Y, et al. Hiv-1 viral infectivity factor interacts with tp53 to induce G2 cell cycle arrest and positively regulate viral replication. Proc Natl Acad Sci United States America. (2010) 107:20798–803. doi: 10.1073/pnas.1008076107

25. Shin, Y, Lim, H, Choi, BS, Kim, KC, Kang, C, Bae, YS, et al. Highly activated P53 contributes to selectively increased apoptosis of latently hiv-1 infected cells upon treatment of anticancer drugs. Virol J. (2016) 13:141. doi: 10.1186/s12985-016-0595-2

26. Hartwig, FP, Entiauspe, LG, Nunes, EM, Rodrigues, FM, Collares, T, Seixas, FK, et al. Evidence for an epistatic effect between tp53 R72p and mdm2 T309g snps in hiv infection: A cross-sectional study in women from south Brazil. PloS One. (2014) 9:e89489. doi: 10.1371/journal.pone.0089489

27. Choi, T, Yoo, KH, and Kim, MS. Expression of akt1 related with clinicopathological parameters in clear cell renal cell carcinoma. Curr Issues Mol Biol. (2022) 44:4921–9. doi: 10.3390/cimb44100334

28. Wang, S, Liu, X, Zhou, T, Li, J, Lin, Y, Zhou, A, et al. Pkmyt1 inhibits lung adenocarcinoma progression by abrogating akt1 activity. Cell Oncol (Dordrecht Netherlands). (2023) 46:195–209. doi: 10.1007/s13402-022-00744-y

29. Turkyilmaz, A, Akin, MN, Kasap, B, Ozdemİr, C, Demirtas Bilgic, A, and Edgunlu, TG. Akt1 and mapk8: new targets for gestational diabetes mellitus? Fetal Pediatr Pathol. (2024) 43:427–35. doi: 10.1080/15513815.2024.2393357

30. Contreras, X, Barboric, M, Lenasi, T, and Peterlin, BM. Hmba releases P-tefb from hexim1 and 7sk snrna via pi3k/akt and activates hiv transcription. PloS Pathog. (2007) 3:1459–69. doi: 10.1371/journal.ppat.0030146

31. Zhang, HS, Liu, Y, Wu, TC, Du, GY, and Zhang, FJ. Ezh2 phosphorylation regulates tat-induced hiv-1 transactivation via ros/akt signaling pathway. FEBS Lett. (2015) 589:4106–11. doi: 10.1016/j.febslet.2015.11.033

32. Huang, Y, Erdmann, N, Peng, H, Herek, S, Davis, JS, Luo, X, et al. Trail-mediated apoptosis in hiv-1-infected macrophages is dependent on the inhibition of akt-1 phosphorylation. J Immunol (Baltimore Md: 1950). (2006) 177:2304–13. doi: 10.4049/jimmunol.177.4.2304

33. Dochnal, SA, Whitford, AL, Francois, AK, Krakowiak, PA, Cuddy, S, and Cliffe, AR. C-jun signaling during initial hsv-1 infection modulates latency to enhance later reactivation in addition to directly promoting the progression to full reactivation. J Virol. (2024) 98:e0176423. doi: 10.1128/jvi.01764-23

34. Karakaslar, EO, Katiyar, N, Hasham, M, Youn, A, Sharma, S, Chung, CH, et al. Transcriptional activation of jun and fos members of the ap-1 complex is a conserved signature of immune aging that contributes to inflammaging. Aging Cell. (2023) 22:e13792. doi: 10.1111/acel.13792

35. Novoszel, P, Drobits, B, Holcmann, M, Fernandes, CS, Tschismarov, R, Derdak, S, et al. The ap-1 transcription factors C-jun and junb are essential for cd8α Conventional dendritic cell identity. Cell Death differentiation. (2021) 28:2404–20. doi: 10.1038/s41418-021-00765-4

36. Kim, KS, and Park, KS. Xrp44x enhances the cytotoxic activity of natural killer cells by activating the C-jun N-terminal kinase signaling pathway. Dev Reprod. (2020) 24:53–62. doi: 10.12717/dr.2020.24.1.53

37. Ye, F, Li, J, Xu, P, Xie, Z, Zheng, G, Liu, W, et al. Osteogenic differentiation of mesenchymal stem cells promotes C-jun-dependent secretion of interleukin 8 and mediates the migration and differentiation of cd4(+) T cells. Stem Cell Res Ther. (2022) 13:58. doi: 10.1186/s13287-022-02735-0

38. Yang, X, Chen, Y, and Gabuzda, D. Erk map kinase links cytokine signals to activation of latent hiv-1 infection by stimulating a cooperative interaction of ap-1 and nf-kappab. J Biol Chem. (1999) 274:27981–8. doi: 10.1074/jbc.274.39.27981

39. Cobos Jiménez, V, Geretz, A, Tokarev, A, Ehrenberg, PK, Deletsu, S, Machmach, K, et al. Ap-1/C-fos supports siv and hiv-1 latency in cd4 T cells infected. In vivo iScience. (2023) 26:108015. doi: 10.1016/j.isci.2023.108015

40. Brembeck, FH, Rosário, M, and Birchmeier, W. Balancing cell adhesion and wnt signaling, the key role of beta-catenin. Curr Opin Genet Dev. (2006) 16:51–9. doi: 10.1016/j.gde.2005.12.007

41. Javanmard, D, Najafi, M, Babaei, MR, Karbalaie Niya, MH, Esghaei, M, Panahi, M, et al. Investigation of ctnnb1 gene mutations and expression in hepatocellular carcinoma and cirrhosis in association with hepatitis B virus infection. Infect Agents Cancer. (2020) 15:37. doi: 10.1186/s13027-020-00297-5

42. Kassouf, T, and Sumara, G. Impact of conventional and atypical mapks on the development of metabolic diseases. Biomolecules. (2020) 10. doi: 10.3390/biom10091256

43. Staitieh, BS, Malik, S, Auld, SC, Wigger, GW, Fan, X, Roth, AT, et al. Hiv increases the risk of cigarette smoke-induced emphysema through mmp-9. J acquired Immune deficiency syndromes (1999). (2023) 92:263–70. doi: 10.1097/qai.0000000000003125

44. Ju, SM, Song, HY, Lee, JA, Lee, SJ, Choi, SY, and Park, J. Extracellular hiv-1 tat up-regulates expression of matrix metalloproteinase-9 via a mapk-nf-kappab dependent pathway in human astrocytes. Exp Mol Med. (2009) 41:86–93. doi: 10.3858/emm.2009.41.2.011

45. Alisjahbana, B, Sulastri, N, Livia, R, Apriani, L, Verrall, AJ, and Sahiratmadja, E. Neutrophils and lymphocytes in relation to mmp-8 and mmp-9 levels in pulmonary tuberculosis and hiv co-infection. J Clin tuberculosis other mycobacterial Dis. (2022) 27:100308. doi: 10.1016/j.jctube.2022.100308

46. Li, S, Wu, Y, Keating, SM, Du, H, Sammet, CL, Zadikoff, C, et al. Matrix metalloproteinase levels in early hiv infection and relation to in vivo brain status. J neurovirol. (2013) 19:452–60. doi: 10.1007/s13365-013-0197-3

47. Ahlström, MG, Knudsen, A, Ullum, H, Gerstoft, J, Kjaer, A, Lebech, AM, et al. Association between smoking status assessed with plasma-cotinine and inflammatory and endothelial biomarkers in hiv-positive and hiv-negative individuals. HIV Med. (2018) 19:679–87. doi: 10.1111/hiv.12647

48. Esemu, LF, Yuosembom, EK, Fang, R, Rasay, S, Fodjo, BAY, Nguasong, JT, et al. Impact of hiv-1 infection on the igf-1 axis and angiogenic factors in pregnant Cameroonian women receiving antiretroviral therapy. PloS One. (2019) 14:e0215825. doi: 10.1371/journal.pone.0215825

49. Kennedy, A, Hennessy, M, Bergin, C, Mulcahy, F, Hopkins, S, and Spiers, JP. Ribavirin and interferon alter mmp-9 abundance in vitro and in hiv-hcv-coinfected patients. Antiviral Ther. (2011) 16:1237–47. doi: 10.3851/imp1867

50. Roux, A, Leroy, H, De Muylder, B, Bracq, L, Oussous, S, Dusanter-Fourt, I, et al. Foxo1 transcription factor plays a key role in T cell-hiv-1 interaction. PloS Pathog. (2019) 15:e1007669. doi: 10.1371/journal.ppat.1007669

51. Feng, Z, Yang, Z, Gao, X, Xue, Y, and Wang, X. Resveratrol promotes hiv-1 tat accumulation via akt/foxo1 signaling axis and potentiates vorinostat to antagonize hiv-1 latency. Curr HIV Res. (2021) 19:238–47. doi: 10.2174/1570162x19666210118151249

52. Chen, Y, Liu, J, Zhang, X, Zhu, H, Wang, Y, Li, Z, et al. Lncrna-gm targets foxo1 to promote T cell-mediated autoimmunity. Sci Adv. (2022) 8:eabn9181. doi: 10.1126/sciadv.abn9181

53. Zhu, L, Qiu, C, Dai, L, Zhang, L, Feng, M, Yang, Y, et al. Hsa-mir-31 governs T-cell homeostasis in hiv protection via ifn-Γ-stat1-T-bet axis. Front Immunol. (2021) 12:771279. doi: 10.3389/fimmu.2021.771279

54. Le Saout, C, Hasley, RB, Imamichi, H, Tcheung, L, Hu, Z, Luckey, MA, et al. Chronic exposure to type-I ifn under lymphopenic conditions alters cd4 T cell homeostasis. PloS Pathog. (2014) 10:e1003976. doi: 10.1371/journal.ppat.1003976

55. Yang, B, Singh, S, Bressani, R, and Kanmogne, GD. Cross-talk between stat1 and pi3k/akt signaling in hiv-1-induced blood-brain barrier dysfunction: role of ccr5 and implications for viral neuropathogenesis. J Neurosci Res. (2010) 88:3090–101. doi: 10.1002/jnr.22458

56. Zhang, HS, Chen, XY, Wu, TC, Sang, WW, and Ruan, Z. Mir-34a is involved in tat-induced hiv-1 long terminal repeat (Ltr) transactivation through the sirt1/nfκb pathway. FEBS Lett. (2012) 586:4203–7. doi: 10.1016/j.febslet.2012.10.023

57. Kapoor, R, Arora, S, Ponia, SS, Kumar, B, Maddika, S, and Banerjea, AC. The mirna mir-34a enhances hiv-1 replication by targeting pnuts/ppp1r10, which negatively regulates hiv-1 transcriptional complex formation. Biochem J. (2015) 470:293–302. doi: 10.1042/BJ20150700




Publisher’s note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.

Copyright © 2025 Pang, Chen, Jing, Shi, Chen, Huang and Liu. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.


OEBPS/Images/fimmu-16-1600713-g007.jpg
7.0

o
3]

1TP33 expression

o
o

CTNNB1 expression
© ©
o o

(o
o

15

FOS expression
- s s
N w ~

-
-

-
o

STAT1 expression

7.59

~
o
n

AKT1 expression

i3]
3]
2

6.04

. 5
@
. o
3
o
z
. a
X
o
° °

L]

L J

L)

. .
Control Treat

MMP9 expression

Control Treat

Control Treat

Control

13

-
N

-
-y

JUN expression

-
o

Control Treat

MAPK3 expression

Control Treat

1.0

10.5

10.0

FOXO1 expression

9.5

Control Treat





OEBPS/Images/fimmu.2025.1600713_cover.jpg
& frontiers | Frontiers in Immunology

Integrated bioinformatics analysis identifies
hub genes and immune regulatory networks
in HIV infection





OEBPS/Images/fimmu-16-1600713-g013.jpg





OEBPS/Images/fimmu-16-1600713-g002.jpg
—log10(ad).P.val)

Significant
® Down
® Not
[ Up

TN P e 1

i i

TN

—

il

Al

fin

il

LLTETTTTEET

i

1
I
1

NN





OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        Integrated bioinformatics analysis identifies hub genes and immune regulatory networks in HIV infection

      

        		

          Introduction

        



        		

          Methods

        



        		

          Results

        



        		

          Conclusion

        



        		

          1 Introduction

        



        		

          2 Methods

        

          		

            2.1 Data collection and study design

          



          		

            2.2 Identification of DEGs

          



          		

            2.3 Weighted gene co-expression network analysis

          



          		

            2.4 Identification of intersection genes

          



          		

            2.5 Enrichment analysis using GO and KEGG pathway analysis

          



          		

            2.6 Protein–Protein interaction (PPI) network construction and screening of hub genes

          



          		

            2.7 The expression and diagnostic performance of hub genes

          



          		

            2.8 Implementation of GSEA for single hub genes

          



          		

            2.9 Construction of drug-gene interaction network, miRNA network, and transcriptional factor regulatory network

          



          		

            2.10 Statistical analysis

          



        



        



        		

          3 Results

        

          		

            3.1 Identification of DEGs in the HIV-positive patients

          



          		

            3.2 WGCNA and identification of module associated with HIV-positive patients

          



          		

            3.3 Identification of intersection genes

          



          		

            3.4 GO enrichment analysis and KEGG pathway analysis of the intersection genes

          



          		

            3.5 Intersection genes PPI network and screening of hub genes

          



          		

            3.6 Expression level and diagnostic performance of hub genes

          



          		

            3.7 KEGG pathway enrichment re-analysis of 10 hub genes

          



          		

            3.8 The correlation of hub genes and immune cell infiltration

          



          		

            3.9 Drug-gene interaction network analysis

          



          		

            3.10 Construction of miRNA network

          



          		

            3.11 Construction of transcriptional factor regulatory network

          



        



        



        		

          4 Discussion

        



        		

          5 Conclusion

        



        		

          Data availability statement

        



        		

          Author contributions

        



        		

          Funding

        



        		

          Conflict of interest

        



        		

          Generative AI statement

        



        		

          References

        



      



      



    



  



OEBPS/Images/fimmu-16-1600713-g005.jpg
A response to oxidative stress
cellular response to oxidative stress

cellular response to chemical stress:
response to rea oxygen species:
cellular response to reactive oxygen species
response to hydrogen peroxide

cellular response to hydrogen peroxide
intrinsic apoptotic signaling pathway
response to cadmium ion

response to oxygen levels

TOR complex

lamellipodium

nuclear periphery

basal part of cell

basolateral plasma membrane:

cell leading edge

RNA polymerase Il transcription regulator complex
nuclear matrix

basal plasma membrane:

cell cortex

qvalue

0.004
0.008
0012
0.016

RNA polymerase lI-specific DNA-binding transcription factor binding
ubiquitin-like protein ligase binding

DNA-binding transcription factor binding

ubiquitin protein ligase binding

non-membrane spanning protein tyrosine kinase activity

antioxidant activity

protein—folding chaperone binding

histone acetyltransferase binding

nuclear receptor binding

protein tyrosine kinase activity

Count

response to oxidative stress
cellular response to oxidative stress

cellular response to chemical stress
response to reactive oxygen species
cellular response to reactive oxygen species
response to hydrogen peroxide

cellular response to hydrogen peroxide
intrinsic apoptotic signaling pathway
response to cadmium ion
response to oxygen levels
intrinsic apoptotic signaling pathway in response to oxidative stress
response to decreased oxygen levels
response to metal ion

reactive oxygen species metabolic process
muscle cell proliferation

response to hypoxia 40-09

regulation of apoptotic signaling pathway
cellular response to inorganic substance
response to hydroperoxide

cellular response to metal ion

regulation of smooth muscle cell proliferation
smooth muscle cell proliferation

regulation of nsic apoptotic signaling pathway

regulation of oxidative stress—induced intrinsic apoptotic signaling pathway
positive regulation of smooth muscle cell proliferation

response to peptide hormone

cellular response to peptide

cellular response to cadmium ion

qvalue

2e-09

6e-09

response to toxic substance
response to mechanical stimulus

Count

o

- ONTOLOGY
= Biological Process

® Cellular Component
# Molecular Function

~log10(Pvalue)

©2
4

(48]

© (68

® (810

® (10,15]

® (1520]

° >0

A Rich Factor(0-1)

f iy,
“ /‘ N\,
. /
E LN |
[

response to oxidative stress
cellular response to chemical stress
cellular response to oxidative stress:
response to reactive oxygen species:
cellular response to reactive oxygen species:
response to hydrogen peroxide
intrinsic apoptotic signaling pathway
response to oxygen levels
response to decreased oxygen levels qualue
response to metal ion
regulation of apoptotic signaling pathway
response to hypoxia
reactive oxygen species metabolic process 4e-09
muscle cell proliferation

2e-09

response to peptide hormone 5908
cellular response to inorganic substance
cellular response to peptide
cellular response to hydrogen peroxide Count
cellular response to metal ion O =
regulation of smooth muscle cell proliferation O 50
smooth muscle cell proliferation O 75

regulation of intrinsic apoptotic signaling pathway
response to toxic substance
response to cadmium ion
intrinsic apoptotic signaling pathway in response to oxidative stress
response to mechanical stimulus
positive regulation of smooth muscle cell proliferation
regulation of oxidative stress—induced intrinsic apoptotic signaling pathway
response to hydroperoxide
cellular response to cadmium ion

025 050 0.75

GeneRatio





OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/fimmu-16-1600713-g011.jpg
A

‘Cental memory ODA T cel
Eflctor memeory ODB T cel
Actvted CDE T el
Actvted CDA T el

T fluiar hlper el
Eflctor memeory OD4 T cel
‘Gamma dea Tcet

Tpe 2T hepercal
D50 natura Kiler el
(CDB8brightnatural e ool
[r——
Reguistory T el

Achusted B el

Monosyte

wosc

mmature dencri el
[

‘Cental memory CDB T cel
Plasmacylid dendrc ool
Type 1T heler el
Eosinophi

Memory 8 cel.

Mastost

Macrophage

Actuatd dencriic cell
Neutophi

Natra biler el

Type 177 helper el

E

Type 17T helpr el
Natra kiler el

Neutophi

Actuatd dendrio el
Mastost

Memory 8 ce

Eosinophi

Type 1T hepercal
Achvted B el
[re————
Macrophage

D50 natura iler oo
Prasmacyiid dendrc ool
Ntural kil T cel
(CDBsbrightnatral Kiler ool
‘Cental memory CDB T cel
Acivated CDB T el

T fluiar hlper e

wosc

Actvsted CDA T el
Monosyte

Effctor memeory CDB T cal
Reguiaory Teall
Eflctormemeory ODA T cel
mmature dencric el

Tpe 2T hepercel

‘Cental memory ODA T cel
Gamma dea T cel

TPS3

WTH. --xmummﬂﬂﬁ

s 00 05
Correlation Coefficient

PXDN

Hmmmhmn. , "““H

&
H
H

Correlation Coefficient

<
<
<m
<m
<m
<m
o0
o002
ooos
o008
o008
o021
o0s
o057
ooe9
oz
o124
oo
oste
oats
oeo0
oews
o170
o124
o008
am
<m
<m

<m
o008
o124
o101
o300
0458
o578
oess
o710
os10
o574
078
04z
o400
0287
o100
ooz
o024
oors
oooe
o008
o008
o005
o004
o001
am
<m
<m

abs{cor)
.01
02
®03
04

s
)

abs{cor)
.01
02
®03
04

e

u’
)

B

AKT1

—— -
it ==—0=
Immature dendritc el —_—
Type 2T helper ell —_—
e =
... =
Efector memeory CDB T ell — 9 oo
(CDS6dm natural Klercell —e o065
Acivated OD4 T cel —_—e oons
O ol -
paie — i
o —nr i
oo —- i
ikl —3 2=
s — 4
Achiated DB T el —e o020
s — e
i =3 -
s = o
s =2 -
i = =
i = e
piii 5 e
ot : e
e 2 e
somttigmc — o
] e
Type 17 Thelpercell (@ oate
oo
Correlation Coefficient
Type 17T helper el —_— am
Naturat ier il —e
Actvated dendritc cell —e o002
Neutrophil —e oooe
Wz — 4
e — i
i = e
e = e
e = e
N = o
prcs: — e
Natural kiler T cell — 0213
——— = e
P ort — R
e o = i
Mpsc *— o060
immature B cell *— o0s7
Imemature dendiic cell *—— o031
‘CDSSbright natura il el &— oote
Reguiatory T el o— <0001
Gamma detta T cell — <0001
b apieler =
bt e
Clirmmnroor oA B
puw =
O o =
o1 e
Centalmemory 04 T el (@ <000t
e —
Correlation Coefficient
Actated B cel —_— 9 o
immature B cell —_ ooie
Ackvated CDB T oell —__ 0051
CDS8dim natural kille cell e 0275
Siunlanrss =5 2
ol = e
Efiector memeory CDB T cll —e o41s ‘abs(cor)
Activated CDA T cell — 0403 e 01
Immature dendritic cel - [ ®02
Plasmacyoid dendiic ell . ooz @03
ey ot . e Q04
N oonll: : e
oo = s
e = =
acernlin, - e
ittt — e
Gamma delta T cell — 0219
pos = =
i e -— =
Nedtrophil C— o106 1)
Eosinophil *— ooe2 0z
Macrophage *—— ooes 04
Mast cell *—— 0080 i
Actwated dendriccell *—— o2
Memory B cell 0020 - 08
s e e j
Type 17T helper el *— oaus
Natura kiler ool (@ <0001

s

v Pl

Plasmacytoid dendis ool
[ ——
immsture B csl

Acivatd dence cell
Actvated B osl

wosc

Mactophage

Monocyte

002 ental memory 04T cel
®03 Type 2T hepercel
04 Gamma dea T csl
05 Neutophi
Reguitory T el

abs(cor)
e 01

Actated CDA T csl
Mastsl

Memory 8 cel

Efectr memeory CDB T cel

Actated CDB T csl

Type 177 heper el

o T olcuarhepercel
02 (CDB8dim nabral kilrcol
(CDB8bright natral e el

Eosinophi

Efectr memeory ODA T cel
08 Type 17 hepercel
Natora iter T el

pualue

04
08

Natural e il
Cental memory CDB T cel

Acivatd dencet el
Neutophi

Macrophage

Plasmacytoid dendisc ool
Mastsl

wosc

Type 177 heper el
mmture dencri el

abs(cor)
° 01
02
®03

04

Natura e il
Memory 8 cel

Monocyie

Eosinophi

ental memory CDB T cel

Gamma dea T csl

(CDB8bright natural e el

Type 2T hepercel

Reguiatory T cell

Ntural ik T ool

immature B csl

Type 17 heparcal

02 ental memory ODA T cel
o T olcuarhepercel

pualue

GOS8 naral klercel
Actiated CDA T cel

08 Efector memeory OD4 T cel
Actvated ool

Efectr memeory ODB T cel
Actated CDB T cel

Type 2T heparcal
Gamma deta T csl

wosc
[——
Reguitory T el
Macophage

(Cental memory ODB T cel
Eosinophi

(Cental memory 04 T cel
(CoBgbrightnatral il ol
Actated CD4 T sl
Monocyie

Plasmacyiid dendr cell
Efecir memeory 008 T cel
T lcuarhepercel
Efiecir memeory OD4 T cel
Natural K T sl
Neutophi

Mastsl

Memory 8 cel

immatre B ool

Acivated denceio cell
Natura e cll

Actated CDB T cel

Type 17T heper el
DS natra e cll
Type 1T hepercel
Actated 8 ool

JUN

“”ITTTTH..,,,“l“l“lH

04 02w

Correlation Coefficient

04

Correlation Coefficient

STAT1

TT-'-ullllllmm MM

Correlation Coefficient

hmTTn..lmmuﬂm §

oote
o054
or
o207
I
oarz
oste
o401
os02
052
058
oo0s
o2
osse
oa01
oae
o
oo
ooz
sz
o511
04w
o481
o2
020
02w
o215
o

<o
<o
<o
<o
o001
o008
oo
oore
o021
i
o1
o
02
o2
oom
oot
oste
oom
oome
051
I
e
oose
o0
o0z
oo
o007
<o

<o
<o
<o
o001
o008
o005
o005
oo0e
oo0e
oo0e
oo1s
ooz
o054
oos6
ooee
o082
01w
o240
0250
ot
o
o207
0850
o800
o801
o881
o
oose

D

Neutophi
Mactophage

Eosinophil

Plasmacytid dendi cell
Imnsture dencri cll
Type 17 heper el
Acvated dendetccel
wosc

Mastcsl

abs(cor)
01
002

003
01 immure B cel

05 (CDS8brght natural e el
Memary 8 cel

Ntura e call

Type 2 T hepercel
ental memory CD4 Tl
Monecyie

Regultory Tcsl

ental memory CD8 T el
Natra Kiler T sl

pualue

CDSBim natural lercel
 lciar hepercel

04 Gamma deta Tosl
5 Actuated CD4 T sl
Actuated B csl

Actuated CDB T csl

Type 1T hepercel

Efector memeory CD8 T el
Efecior memeory CD4 T el

02

08

H

Mactophage
Acivated dendetccell
Neutophi

Mastost

Plasmacytid dendi cel
[E———
Type 17 heper el
Eosinophil

Ntura e el

wosc

ental memory CD8 T cal
Gamma deta Tcst

abs(cor)
° 01
002
003

04

Memary 8 cel
Monecyte

Thpe 2 T hepercal

Reguitory Tosl

(CDBbrght natral ke col

[e——

ental memory CD4 T cal

Actuated COA T sl

02 Type 1T hepercel
o Efiecior memeory CD4 T osl
Natra Kiler T csl

pualue

08
Actuated B cel

08 Efectr memeory CD8 Tcal
T lciar hepercel

Actuated CO8 T sl
GD58dim natural ilercel

abs(cor)
01
002

@03
04

pualue

04
08
08

CTNNB1

o0
oot
o0t
o108
o7
0208
000
0am
oam
o
sz
oase
o851
075
075
oze7
o
oass
oae
oae
os1e
os10
o510
0520
020
o1ss
0
o050

mhrn-u ! 'llllllllmu

04 a2 o

Correlation Coefficient

04

MMP9

<
<
Py
ooz
ooz
oont
ook
oo
o8
150
o
oxs
o545
oes0
o
o7
o780
o758
o7
0200
0254
s
o1e
008
00w
oo
o008
000t

i "““lllﬂm

05 00 0s
Correlation Coefficient

abs(cor)
e 01
®02
®03

04

abs(cor)
° 01
002
@03

04





OEBPS/Images/fimmu-16-1600713-g009.jpg
R=0.51, p=0.0044 R=0.54, p=0.0026 R=0.58, p=0.0011

675

FOXO1

JUN | 0227 0.04.
Foxo1|0.07 033 0:3
]
MAPK3 —0.27‘ 0.01 —0.23. 2
&
Pxon {§8e @B —0.09-0.04 G54 . 3
STAT1 | 0.22 0:24 ~0.14 -85 -6l —41}?1.

o
z
z
£z
S
CTNNB1 -0.18-0.21 0.06 -0.13, 0 | 0.24 0.26 .

g

=

=
MMP9 | 0.07 <0189 029 -0.25 0.23 0.03 0.34 0.31 .

FOS 0.14 4018 035 @42 042 —0.01 027 035 ..
L — ]

-1 -08 06 04 02 0 02 04 06 08

£ 6.50
=

TP53
FOS

625

6.00

" 12 13 14 15 16
AKT1 MAPK3 MMP9

g . 1 PR

11.0
1 R=0.42, p=0.02 . R=-0.62, p=090034
804
754 105
L] L]
1 o o
8 % 70 E 6
w X = & 100
6.54
6.04 95
55
6.8 70 72 74 76 6.0 6.5 70 T 8.0
AKT1 PXDN STAT1

.
R=-0.41, p=0.025

1.0

R=-0.42, p~0.022
6.75

STAT1
FOXO1

6.00

MAPK3 MAPK3





OEBPS/Images/fimmu-16-1600713-g006.jpg
STAT1






OEBPS/Images/fimmu-16-1600713-g012.jpg
(28}1-{1H-INDOL-3-YL}{/5(3-METH) YLJOXY}PROPAN-2-AMINE






OEBPS/Images/fimmu-16-1600713-g003.jpg
Gene significance for Treat

0.8

0.6

0.4

0.2

0.0

Scale independence

=
NC
Y
©
(0]
[
D
(2 T
o 9
U_O
[0}
©
O
=
> ©
o o
(@]
)
|_
(]
> 6
=)
o
(]
O
n

S 10 15

Soft Threshold (power)

Gene dendrogram and module colors

Module membership vs. gene significance
cor=0.65, p<1e-200

Gene significance for Treat
04 0.6 0.8

0.2

0.0

0.2

Module Membership in red module

Mean Connectivity
1000 2000 3000 4000 5000

0

20

Module membership vs. gene significance
cor=0.78, p<1e-200

04 0.6 0.8

Module Membership in black module

MEdarkred

MEgreenyellow
MElightcyan

MElightyellow

MEturquoise

Mean connectivity

6
7
8 91011121314151617181920

5 10 15 20

Soft Threshold (power)

Module-trait relationships

MEred

MEblack

MEbrown

MEgrey

Module membership vs. gene significance
cor=0.96, p<1e-200

Gene significance for Treat

1.0 0.2 04 0.6 038 1.0

Module Membership in turquoise module





OEBPS/Images/logo.jpg
, frontiers | Frontiers in Immunology





OEBPS/Images/fimmu-16-1600713-g014.jpg
ZNF24 SIRT1

NKX2-5
NFYB 4REe TCF7L2
= HDAC4
HSF2 \ \ HDAC3 SOX6
NCOA6 NELFCD TWIST1
ELK1 LEF1
ATF2
NF1
HMGN1 I
///STATZ
HOPX o
DACH1 T
ESR2  crem ARNT PIAS1
MAL CREB5
o NR3C1
ELF3 cregap CITA

EP300 GTF3A
FOXCA EZH2 EGE

IRF1 E2F1

TSC22D3

IKBKB

KLF5
PARP1





OEBPS/Images/fimmu-16-1600713-g001.jpg
GSE76246-GPL6480 dataset

The identification of differentially Identification of candidate biomarkers by weighted gene

expressed genes (DEGs) by R coexpression network analysis (WGCNA)

Venn analysis by Venn Diagram package

The circlize Protein-protein HubGenes Functions and The manhattan

analysis of the interaction network analysis of the pathways analysis of analysis of the

intersection analysis of the intersection genes the intersection genes intersection

genes by R intersection genes by Cytoscape by GO and KEGG genes by R

Boxplot
and ROC

GSEA Correlation analysis Correlation  analysis Drug-gene miRNA-target genes Transcription factor

interaction

analysis of hub genes of immune cells interaction network regulatory network






OEBPS/Images/fimmu-16-1600713-g004.jpg
35

—log1o(p)

WGCNA

13

14

15

Zald——
oFUV—"
Ndd—=
v»oegwof

16 17 18 19

21





OEBPS/Images/fimmu-16-1600713-g010.jpg
Ranled ListMatrc.
W & &

e TP S

Runring Enfchment Sccre
b &
] g 1

Ranled st Metic

Rl syl O

E
i
H

Ranked ListMetrc

Rurring Envichent Secre
3 H H

Rarked ListMatic
§ & owow

Vae

e
R TN,

T ppdiog o






OEBPS/Images/fimmu-16-1600713-g008.jpg
Sensitivity

Sensitivity

z
> z
5 z H :
z g 2 2
& & & &
= TP53, AUC=1.000 = AKT1, AUC=1.000 = JUN, AUC=0.948 @ CTNNB1, AUC=0.962 == PXDN, AUC=0.990
00 02 04 [ 08 10 00 02 04 06 08 10 00 02 04 06 08 10 00 02 04 06 08 10 00 02 04 06 08 10
1 - Specificity 1 - Specificity 1 - Specificity 1 - Specificity 1 - Specificity

1.0

0.8

06

Sensitivity
Sensitivity

04
Sensitivity

2
g
@

0.2

= MAPK3, AUC=0.943 = FOS, AUC=1.000

w— MMP9, AUC=0.876 = FOXO1, AUC=0.986

e STAT1, AUC=0.886

0.0

00 02 04 06 08 10 0 02 04 06 08 10 00 02 04 06 08 10 0 02 04 05 08 10 00 02 04 06 08 10
1 - Specificity 1 - Specificity 1 - Specificity 1 - Specificity 1 - Specificity





OEBPS/Images/table1.jpg
Rank Name Score

1 TP53 59
2 AKT1 44
3 JUN 40
4 CTNNBI1 36
5 PXDN 30
6 MAPK3 27
6 FOS 27
8 MMP9 25
9 FOXO1 22
10 STAT1 21






