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Editorial on the Research Topic
 Multimodal and Integrative Analysis of Single-Cell or Bulk Sequencing Data



Biological systems often involve the complex interactions among the molecules from different omics layers, including genome, methylome, transcriptome, proteome, metabolome, and even microbiome. At the genome level, diverse types of variants (e.g., single nucleotide variations, small insertions or deletions, and structural variations) that could be associated with a wide range of phenotypes or diseases may occur on the genome. For epigenome, it includes a variety of epigenetic modifications, such as covalent modifications on DNA and histones, chromatin accessibility and compaction, as well as the higher-order conformation of chromosome domains, which form an intricate regulatory network that can influence the chromatin structure and gene expression (Weinhold, 2006; Allis and Jenuwein, 2016). Exploration of the transcriptome was greatly revolutionized by RNA-seq technologies, which have gradually replaced traditional microarrays and provided unprecedented insights into the dynamics and complexity of gene expression (Costa et al., 2010; Stark et al., 2019). Specifically, many long non-coding RNAs (lncRNAs) and circular RNAs (circRNAs) were found to have critical regulatory functions in diverse biological processes (Marchese et al., 2017; Xiao et al., 2020). Proteins encoded by mRNAs are generally organized into higher-order structures and networks to perform catalytic, synthetic, and regulatory functions at specific times and locations (Aebersold and Mann, 2016). Mass spectrometry (MS)-based methods [such as liquid chromatography-MS/MS (LC-MS/MS)] greatly revolutionized proteome profiling and largely facilitated the dissection of complex biological processes and phenotypes (Angel et al., 2012). Furthermore, metabolome can theoretically link the genome, transcriptome, and proteome to phenotype (Misra et al., 2018). The levels and relative ratios of metabolites could generally reflect the metabolic functions, thus abnormal perturbations that beyond the normal range may indicate certain diseases (Hasin et al., 2017). Additionally, microbiomes may also significantly contribute to the biology and diverse phenotypes of their partner organisms, which can reveal the interactions between the genome and environment of the host organism (Knight et al., 2017; Lynch and Hsiao, 2019). Therefore, multi-omics analysis can promote the development of systems biology, which is essential for comprehensively investigating the dynamic changes and interactions of cellular molecules as well as understanding the underlying mechanisms (Figure 1).


[image: Figure 1]
FIGURE 1. A simple schematic view of systems biology researches based on multi-omics data.


In this research topic, a number of research teams conducted integrative analyses to explore the molecular mechanisms or identify potential biomarkers for certain diseases/disorders. Chen et al. systematically investigated the expression profiles of placenta accreta spectrum (PAS) at both transcriptomic and proteomic levels, which provided novel insights into the underlying molecular mechanism of PAS. Through joint analysis of the interaction networks among miRNAs, mRNAs, and lncRNAs, Wang et al. identified novel potential prognostic markers for luminal breast cancer patients. Sun et al. revealed that HIF-1α pathway-related lncRNA-HEIPP (high expression in preeclampsia placenta) could play an important role in the pathogenesis of preeclampsia based on the multi-omics exploration. Wang et al. performed an integrative analysis of the underlying mechanisms of noise-induced hearing loss (NIHL) and suggested that the inflammatory pathways are closely associated with the auditory organ changes of NIHL. Zhang et al. found that G-quadruplexes could be potential targets for the drug discovery of severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) by systematically analyzing the non-canonical secondary structures of G-quadruplexes in both positive and negative-sense strands of SARS-CoV-2. Wang et al. revealed that the expression profile of IGFBP7 could be a potential biomarker for vasculature in response to traumatic brain injury and TGFβ signaling might be closely correlated to the upregulation of IGFBP7. Yuan et al. systematically explored the expression patterns of major depressive disorder (MDD) and uncovered that Ephrin signaling and Ras protein signal transduction could be associated with the MDD pathogenesis. Wang et al. identified potential diagnostic and prognostic biomarkers for colorectal cancer based on an integrative analysis of the datasets from different public databases. Moreover, Xiong et al. developed an integrative computational approach of ASDmiR for identifying the potential pathogenic genes, networks, and modules correlated with autism spectrum disorder. Overall, these studies performed joint analyses on the data from distinct omics layers, which gained novel insights into different diseases.

Although the development and innovation of single-cell approaches will gradually lead to a shift from bulk integrative analysis to a detailed exploration of individual cells, bulk strategies are complementary with single-cell approaches to get whole-system and cell-based perspectives and mechanisms for health and disease. One main limitation of bulk profiling methods is that they cannot accurately disentangle the cellular heterogeneity, thus single-cell exploration is essential for better elucidating the cellular behaviors and cell-to-cell variations for both basic and clinical research. However, compared to conventional bulk approaches, the single-cell technologies currently available for distinct omics are still in the early stages of development, which are often with relatively lower capture efficiency and higher technical noise (Chen et al., 2019). The improvement of the experimental procedures for single-cell protocols will reduce the technical noise and sparsity of multi-omics data, and increase the sensitivity and specificity of multimodal dissection. Moreover, conducting the single-cell study on a large number of samples is still expensive and time-consuming, the decreasing cost and simplified operation of single-cell profiling will make the multi-omics analysis more affordable and practicable. Since bulk strategies are feasible to study large-scale samples, combing bulk and single-cell data with deconvolution methods could be a good solution to investigate a multitude of individuals in a cell-type-specific manner (Li et al., 2020). Besides, the computational methods for joint analysis of single-cell multimodal data are just emerging in recent years, novel bioinformatics tools are required to more efficiently integrate single-cell multi-omics data. On the other hand, existing bulk and single-cell sequencing protocols are mainly based on next-generation sequencing technologies. We envision that the utilization of third-generation sequencing approaches [e.g., Nanopore (Garalde et al., 2018)] to produce super long reads in the bulk or single-cell omics studies will largely benefit the downstream data analysis and facilitate the development of systems biology.
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Noise-induced hearing loss (NIHL) is characterized by damage to cochlear neurons and associated hair cells; however, a systematic evaluation of NIHL pathogenesis is still lacking. Here, we systematically evaluated differentially expressed genes of 22 cochlear samples in an NIHL mouse model. We performed Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analysis and weighted gene co-expression network analysis (WGCNA). Core modules were detected using protein–protein interactions and WGCNA with functional annotation, diagnostic value evaluation, and experimental validation. Pooled functional annotation suggested the involvement of multiple inflammatory pathways, including the TNF signaling pathway, IL-17 signaling pathway, NF-kappa B signaling pathway, rheumatoid arthritis, and p53 signaling pathway. The core modules suggested that responses to cytokines, heat, cAMP, ATP, mechanical stimuli, and immune responses were important in NIHL pathogenesis. These activities primarily occurred on the external side of the plasma membrane, the extracellular region, and the nucleus. Binding activities, including CCR2 receptor binding, protein binding, and transcription factor binding, may be important. Additionally, the hub molecules with diagnostic value included Relb, Hspa1b, Ccl2, Ptgs2, Ldlr, Plat, and Ccl17. An evaluation of Relb and Hspa1b protein levels showed that Relb was upregulated in spiral ganglion neurons, which might have diagnostic value. In conclusion, this study indicates that the inflammatory response is involved in auditory organ changes in NIHL pathogenesis; moreover, several molecules and activities have essential and subtle influences that have translational potential for pharmacological intervention.

Keywords: systematically evaluation, diagnostic value, NIHL pathogenesis, spiral ganglion neurons, functional annotation


INTRODUCTION

Noise-induced hearing loss (NIHL) threatens workers in many occupations, and can also affect those exposed to loud music and other recreational activities, such as concerts, clubs, and bars (Clark and Bohne, 1999; Basner et al., 2014). In 2015, the World Health Organization estimated that more than a billion teenagers and young adults suffer from NIHL, which is caused by excess exposure to loud sounds without adequate hearing protection (World Health Organization, 2015).

The biology and epidemiology of NIHL are still under extensive investigation, and data from animal models have shown that several distinct structures within the cochlea are involved (Lynch and Kil, 2005). Intense noise exposure can result in reversible or irreversible hearing loss, including temporary threshold shift (TTS) or permanent threshold shift (PTS). Both TTS and PTS involve damage to or loss of multiple cellular structures within the cochlea, including hair cells, supporting cells, spiral ganglion neurons, and cells within the stria vascularis and spiral ligament. Functional and structural damage is thought to comprise a cascade triggered by reactive oxygen/nitrogen species (ROS/RNS) and anti-ROS/RNS (Yamane et al., 1995; Yamasoba et al., 1998). Glutathione peroxidase 1 (GPx1) is an enzyme that catalyzes glutathione (GSH) to balance ROS levels, and may be essential to maintain normal cochlear function. Glutathione peroxidase 1 is highly expressed in the cochlea of mammals (Kil et al., 2007) and is deleted after noise exposure (Ohlemiller et al., 1999). In support of this hypothesis, mice with GPx1 deletion have shown increased NIHL vulnerability relative to their wild-type littermates (Ohlemiller et al., 2000). Notably, the safety and efficacy of a novel GPx1 mimic was observed in a randomized, double-blind, placebo-controlled phase 2 clinical trial for the prevention of NIHL (Kil et al., 2017). Similarly, the proliferation of peroxisomes and auditory dysfunction was rescued when the gene was restored in pejvakin-deficient mice (Delmaghani et al., 2015).

Although NIHL is characterized by damage to cochlear neurons and associated hair cells (Kurabi et al., 2017), we have yet to obtain a systematic understanding of the molecules and pathways involved. Here, we aimed to analyze differences in the gene profiles of cochlea from wild-type and noise-exposed mice, to detect changes in important molecules and pathways. An understanding of the specific molecules and pathways would significantly facilitate the advancement of future studies, health care, and clinical work.



MATERIALS AND METHODS


Data Preparation, Extraction, and Processing

Two authors performed an independent study retrieval from the Gene Expression Omnibus (GEO)1 and ArrayExpress (AE)2 databases for NIHL mRNA expression profiling studies. The medical subject terms included (”noise” [MeSH Terms] OR noise [All Fields]) AND (”hearing loss” [MeSH Terms] OR hearing loss [All Fields]). We limited the series study type and a 5+ sample size to increase credibility, and the two databases were screened for title, summary, general design, and description. We systematically compared the values of cochlear mRNA between noise-exposed mice and healthy controls following full-text dataset examinations and consensus meetings. Our results were validated prior to formal data extraction and processing according to previous studies (Zhang et al., 2018). Quantile normalization, log2 transformation, official gene symbol translation, and grouping annotation were saved as series matrix files for qualified studies.

After the batch effect was removed, susceptible mRNAs or differentially expressed genes (DEGs) were determined by the area under curve (AUC) and p value criteria. The p-value cutoff was set to 0.05, and the best threshold was calculated using Youden’s J statistic (Youden, 1950; Robin et al., 2011). The maximum distance to the diagonal line was considered as the optimal cutoff point value.



Establishment of Gene Co-expression Network

As an efficient system biology method, weighted gene co-expression network analysis (WGCNA) can construct a scale-free network using gene expression data (Horvath and Dong, 2008). Experiments were conducted in accordance with the criteria of outlier samples detection and appropriate soft threshold power selection. Module identification procedures included topological overlap matrix (TOM) formation representing adjacency, hierarchical gene clustering with a deep-split value of 2, a minimum size cutoff of 30, and similar modules merging with a height cutoff of 0.4. All procedures above were computed with the module preservation function implemented in the WGCNA package (Langfelder and Horvath, 2008; Miao et al., 2018).



Module Detection and Functional Annotation

Weighted gene co-expression network analysis module detection was performed following conventional procedures. Briefly, candidates were modules with high membership scores (module-trait correlation) and genes with high significance scores (gene-trait correlation). The gene significance cutoff was set at 0.2, and the module membership score at 0.5, with a threshold p-value <0.05 (Horvath and Dong, 2008).

Protein-protein interaction (PPI) modules were performed in accordance with a previous study (Wang et al., 2018). Briefly, DEGs were processed for identification of the most significant interactive associations (a combined score >0.4) using the Search Tool for the Retrieval of Interacting Genes (STRING)3 and significant cluster calculation using the Cytoscape (version 3.6.1) software (Shannon et al., 2003). Molecular Complex Detection application. Cutoff of false degree, node score, haircut, false K-score, and max depth from seed were set to 2, 0.2, true, 2, and 100, respectively.



Noise Exposure

Five-week-old mice were exposed to 10 kHz octave band noise at 108 dB sound pressure for 2 h, as previously described (Kujawa and Liberman, 2009). Briefly, mice were placed in a circular cage with four fan-shaped compartments and could move within the compartment. Setup included a soundproof chamber for cage placement, soundproofing acoustical foam for reflection minimization, a Fostex FT17H Tweeter Speaker for noise recordings at the top of the sound chamber, and a B&K sound level meter for calibration of a variation of 1.5 dB across the cage.



Histopathological Analysis

After temporal bone division, the cochlea was excised, immersed in a fixative containing 4% paraformaldehyde in phosphate buffered saline solution for 1 day, and decalcified in 10% EDTA for 7 days. Specimens were sliced into 3 μm sections and mounted onto silane-coated slides, stained, and observed under a light microscope. The evaluation of cochlear histology included three regions (apical, middle, and basal) in the Rosenthal canal. Our sample size included five per group, and every fifth modiolar section (a total of five) was subjected to histopathological assessment. The same animals were used for immunohistochemistry (IHC) staining.

Primary antibodies against the following antigens were applied: Relb (Abcam, ab180127), Hspa1b (Abcam, ab5442), and Caspase 3 (Abcam, ab44976).



Statistical Analysis

Computations and data visualization were performed using Python 3.7 or R 3.5.1. R packages included clusterProfiler (version 3.8.1), GGally (version 1.4.0), limma (version 3.36.5), network (version 1.13.0.1), pheatmap (version 1.0.10), pROC (version 1.12.1), Rtsne (version 0.13), rms (version 5.1-2), sna (version 2.4), and WGCNA (version 1.66). Significance was defined as p < 0.05.



RESULTS


Systematic Evaluation of DEGs in NIHL

We retrieved suitable studies, which included nine relevant mRNA expression datasets in GEO and one in AE. After duplicates were removed, the title description, summary information, and overall design of the remaining nine studies (E-GEOD-8342, GSE100365, GSE81667, GSE85290, GSE72722, GSE59416, GSE59415, GSE65249, and GSE12810) were reviewed. According to the inclusion principle, three studies (EGEOD8342, GSE100365, and GSE12810) were enrolled for the subsequent assessment. In total, 22 samples (clinical traits indicated in Supplementary Table S1A) were included in our study. Among them, 11 (50%) were from experimental groups, and 11 (50%) were from normal controls. The number of mRNAs among the included platforms ranged from 9,131 to 21,602 (Supplementary Figure S1A). Assessment of these samples was conducted using the tSNE algorithm. Among the 22 samples, notable outliers were not detected (Supplementary Figure S1B).

Integrated analysis of the three studies indicated 512 upregulated and 166 downregulated genes, among which 105 were transcription factors (Supplementary Table S1B), and the following PPI network construction and hub genes detection were based on these DEGs. As shown in Figure 1A, the Manhattan plot indicated the parameter of p values and affiliated chromosomes of all genes including the DEGs. The top 15 upregulated genes included cAMP responsive element modulator (Crem), heat shock protein 1B (Hspa1b), GTP binding protein (Gem), oncostatin M receptor (Osmr), immediate early response 3 (Ier3), growth differentiation factor 15 (Gdf15), jun proto-oncogene (Jun), FBJ osteosarcoma oncogene (Fos), activating transcription factor 3 (Atf3), tropomyosin 4 (Tpm4), basic helix-loop-helix family, member e40 (Bhlhe40), reticuloendotheliosis viral oncogene related B (Relb), growth arrest and DNA-damage-inducible 45 alpha (Gadd45a), squalene epoxidase (Sqle), and iodothyronine deiodinase 2 (Dio2). The top 15 downregulated genes included aldehyde oxidase 1 (Aox1), sulfatase modifying factor 1 (Sumf1), immunoglobulin binding protein 1b (Igbp1b), glutathione S-transferase alpha 4 (Gsta4), receptor activity modifying protein 1 (Ramp1), fumarylacetoacetate hydrolase (Fah), PR domain containing 5 (Prdm5), S100P binding protein (S100pbp), interferon regulatory factor 4 (Irf4), refilin B (Rflnb), cytochrome c oxidase subunit 8B (Cox8b), amine oxidase, copper containing 3 (Aoc3), NAD(P)H quinone dehydrogenase 1 (Nqo1), DNA segment Chr 8 ERATO Doi 67 expressed (D8ertd67e), and potassium voltage-gated channel subfamily J member 2 (Kcnj2) (Figure 1B).
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FIGURE 1. The basic information of all detected genes and representative differentially expressed genes (DEGs). (A) Manhattan plot of all genes including the DEGs. The abscissa indicates the chromosomes, and the ordinate represents the p values of those genes. The most significant gene of each chromosome is labeled respectively. (B) Heatmap of the top 30 upregulated and downregulated genes. Purple indicates relatively lower expression, and yellow indicates relatively higher expression. (C) The overlapping counts of DEGs in the three studies. The abscissa indicates the seven possible sets, and the ordinate suggests to which set the number of DEGs affiliate.


These top genes could construct a network that has significantly more interactions than expected (p < 0.0001) (Supplementary Figure S1D). The mainly involved biological processes include response to stimulus, cellular process, response to abiotic stimulus, circadian rhythm, and response to external stimulus. The most enriched Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways are Tyrosine metabolism, MAPK signaling pathway, HTLV-I infection, Fluid shear stress and atherosclerosis, and Colorectal cancer (Supplementary Table S1F). These results indicated that noise-induced cochlear pathology might have similar mechanisms with other diseases, such as cancer and atherosclerosis.



Analysis of Series-Based DEGs

As frequently measured DEGs are more reliable for diagnosing NIHL, we analyzed series-based DEGs. Individual DEG analysis indicated that 34 overlapped in all three studies and 870 in two studies, with overlapping counts shown in Figure 1C.

Based on Youden’s J statistic and the AUC calculation (AUC ranged from 0.84 to 1.00), we ranked these 34 DEGs (Supplementary Table S2). Among the 34 DEGs, 13 displayed significant diagnostic value in the same direction (upregulated or downregulated), including Crem, casein kinase 2 alpha 2 (Csnk2a2), cleavage stimulation factor subunit 3 (Cstf3), cysteine rich angiogenic inducer 61 (Cyr61), Hspa1b, interleukin 13 receptor subunit alpha 1 (Il13ra1), Jun, pleckstrin homology domain containing family H member 1 (Plekhh1), purine rich element binding protein A (Pura), Ras association domain family member 1 (Rassf1), Relb, S100pbp, and tropomodulin 3 (Tmod3) (Table 1). We present the expression levels of these genes in Supplementary Figure S1C, and the statistical results in Table 1.


TABLE 1. Thirteen differentially expressed genes displayed significant diagnostic value in the same direction.

[image: Table 1]These DEGs could also construct a network that has significantly more interactions than expected (p = 0.0228) (Supplementary Figure S1E). The mainly involved biological processes include regulation of cell cycle, circadian rhythm, negative regulation of the cellular process, regulation of cell cycle process, and myeloid cell differentiation. The most enriched KEGG pathways are Epstein-Barr virus infection, MAPK signaling pathway, Mitophagy – animal, HTLV-I infection, and NF-kappa B signaling pathway (Supplementary Table S1G). These results indicated that noise-induced cochlear pathology might be an innate immune response and might have similarities with the infection of Epstein-Barr virus or HTLV-I.



Pooled Functional Annotation

To avoid type two error in further analyses, we subjected the DEGs to functional annotation using the clusterProfiler R package (Yu et al., 2012). Enriched KEGG pathways included the TNF signaling pathway, the IL-17 signaling pathway, the NF-kappa B signaling pathway, rheumatoid arthritis, legionellosis, Salmonella infection, osteoclast differentiation, pertussis, Chagas disease, the AGE-RAGE signaling pathway, the prolactin signaling pathway, the adipocytokine signaling pathway, the p53 signaling pathway, the C-type lectin receptor signaling pathway, insulin resistance, transcriptional misregulation in cancer, the FoxO signaling pathway, prostate cancer, small cell lung cancer, the Toll-like receptor signaling pathway, herpes simplex infection, colorectal cancer, apoptosis, the NOD-like receptor signaling pathway, hepatitis B, Kaposi sarcoma-associated herpesvirus infection, the chemokine signaling pathway, cytokine-cytokine receptor interaction, the MAPK signaling pathway, and human cytomegalovirus infection (Figure 2A and Supplementary Table S1C).
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FIGURE 2. Pooled functional annotation and validation. (A) KEGG pathway enrichment analysis of all differentially expressed genes. The abscissa represents the enrichment scores, and the ordinate suggests KEGG terms. (B) Gene set enrichment analysis (GSEA) plot of apoptosis. The abscissa represents the ranks of all detected genes, and the ordinate suggests the running score. Most apoptosis molecules lie in the upregulated position, indicating an upregulation of apoptosis in NIHL. (C) Quantitative analysis of CASP3 positive cells in wild-type and noise-exposed cochlea. Data are shown as Mean ± SEM. Vas: stria vascularis. (D) Representative image of CASP3 IF staining in spiral ganglion area and stria vascularis area of wild-type (left) and noise-exposed (right) cochlea. Vas: stria vascularis. Scale bar: 10 μm.


We noticed that inflammation-associated pathways occurred frequently, including TNF, IL-17, NF-kappa B, and Toll-like receptor signaling pathways (Cai et al., 2014). These results coincide with previous studies (Tornabene et al., 2006; Moon et al., 2007; Vethanayagam et al., 2016), indicating the enormous impact of inflammation in auditory organs. We also observed that apoptosis was upregulated (Figure 2B). The Caspase 3 IF staining showed that the caspase 3 positive cells were significantly increased in noise group, especially in neurons and stria vascularis areas (Figures 2C,D).



Gene Co-expression Network and PPI Network

For the gene co-expression network, a soft threshold of 10 was selected with the correlation coefficient set at 0.85 (Supplementary Figure S2A) and seven modules were detected by the dynamic tree cut (Supplementary Figure S2B). A topological overlap profile of these modules was shown in Figure 3A, darker squares along with the diagonal corresponding to modules. The relationship between the detected modules and mouse group (control or treated) was also calculated and modules with insufficient relationship values were abandoned (Figure 3B). The PPIs of the most enriched WGCNA module (green, Figure 3B) was shown in Figure 3C. A total of 92 nodes and 117 protein pairs were obtained with a combined weight score >0.4.
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FIGURE 3. Core modules of noise-induced hearing loss pathogenesis. (A) Heatmap plot of network topology. In the right and bottom are gene dendrogram and module assignment. A light color denotes low topological overlap, and progressively darker red denotes higher topological overlap. Darker squares along the diagonal correspond to modules. Seven modules were detected. (B) Module-trait correlation. Each cell contains the respective correlation and p-value. Red represents high correlation. (C) Protein–protein interaction of molecules in the most enriched WGCNA module. (D) Protein–protein interaction of the most enriched cluster of all differentially expressed genes.


For the PPI network, a total of 2,945 pairs were detected (Supplementary Table S1E) and improved network visualization of them was presented in Supplementary Figure S3 with a combined score set at more than 0.9. The most enriched PPI module (score = 13.45, nodes = 41, edge = 269) indicated 41 susceptible molecules (Figure 3D) including Relb, Hspa1b, C-C motif chemokine ligand 2 (Ccl2), prostaglandin-endoperoxide synthase 2 (Ptgs2), low density lipoprotein receptor (Ldlr), plasminogen activator tissue type (Plat), and chemokine C-C motif ligand 17 (Ccl17). These DEGs could also construct a network that has significantly more interactions than expected (p < 0.0001) (Supplementary Figure S1F).



Functional Annotation of WGCNA and PPI Enriched Modules

To explore the biological relevance of these modules, the genes were subjected to Gene Ontology (GO) functional and KEGG pathway enrichment analyses. Thirteen overlapping pathways between the two modules included the TNF signaling pathway, rheumatoid arthritis, the NOD-like receptor signaling pathway, the prolactin signaling pathway, Salmonella infection, cytokine-cytokine receptor interaction, the MAPK signaling pathway, HTLV-I infection, malaria, herpes simplex infection, osteoclast differentiation, legionellosis, and the FoxO signaling pathway (Figure 4 and Supplementary Table S1D).
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FIGURE 4. Overlapping terms of GO and KEGG pathway enrichment in WGCNA and PPI modules. The abscissa indicates the p values, and the ordinate represents the enrichment scores of those terms.


Thirty-seven biological processes were consistently observed, indicating several potential responses, including the response to cytokines, response to heat, response to cAMP, response to ATP, immune response, and the response to mechanical stimulus (Figure 4 and Supplementary Table S1D). Six cellular components were consistently observed, suggesting that the main molecular and biological changes occur in the external side of the plasma membrane, extracellular region, and nucleus (Figure 4 and Supplementary Table S1D). Nine overlapping molecular function terms indicated that binding activities might be important. Those activities included CCR2 receptor binding, protein binding, and transcription factor binding (Figure 4 and Supplementary Table S1D).

Interestingly, our data were consistent with pooled annotations (Supplementary Table S1C). Notably, IL6, NFKBIA, NFKB1, NOS3, PTPN1, PIK3R1, and STAT3 (members in the enriched WGCNA module) have been shown to alter insulin resistance (Seo et al., 2016). Researchers have shown that insulin resistance can decrease the number of ribbon synapses and elevate the ABR threshold in an age-related hearing loss model without affecting OHCs, IHCs, and SGNs (Yu et al., 2015).



Experimental Validation of Susceptible Hub Genes

All PPI susceptible molecules were utilized in logistic regression (stepwise) to predict NIHL as shown in Figure 5A. Logistic regression predicted that Ln OR = −19.078 + Relb × 1.608 + Hspa1b × 0.308 + Ccl2 ×−0.227 + Ptgs2 × 0.155 + Ldlr × 0.814 + Plat × 0.813 + Ccl17 ×−0.364 (Multiple R-squared: 0.9822). The AUCs for Relb, Hspa1b, Ccl2, Ptgs2, Ldlr, Plat, and Ccl17 were 0.9669, 0.9587, 0.8926, 0.8843, 0.876, 0.8678, and 0.8347, respectively, with the receiver operating characteristic curve presented in Figure 5B. We hypothesized that Relb, Hspa1b, Ccl2, Ptgs2, Ldlr, Plat, and Ccl17 were hub genes with diagnostic value at the transcription level, and Relb and Hspa1b IHC were assessed to validate our hypothesis (Figures 5C,D) at the translation level. While Hspa1b may have post-transcription modifications, the IHC results of Relb were quantitatively consistent with the microarray results.
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FIGURE 5. Logistic regression, diagnostic value, and immunohistochemistry validation of hub genes. (A) Nomogram plot of the most susceptible molecules (p < 0.001) to visualize logistic regression in the PPI module. (B) Receiver operating characteristic (ROC) curves of hub genes. AUCs of Relb, Hspa1b, Ccl2, Ptgs2, Ldlr, Plat, and Ccl17 are 0.9669, 0.9587, 0.8926, 0.8843, 0.876, 0.8678, and 0.8347, respectively. (C–C”) Immunohistochemical validation of Relb in the spiral ganglion area. Scale bar: 15 μm. (D–D”) Immunohistochemical validation of Hspa1b in the spiral ganglion area. Scale bar: 15 μm.




DISCUSSION

Prevention and treatment are two strategies used against NIHL. However, prevention strategies, including hearing conservation programs, education, and ear protection devices are ineffective because of their lack of efficiency and accessibility (Chen and Tsai, 2003; Rajguru, 2013; Sekhar et al., 2014).

High doses of corticoids (a widely used anti-inflammatory hormone) are often prescribed by physicians after an acoustic trauma to mitigate the inflammatory response. In 2006, researchers revealed that stressors (sound, heat, or stress), as a pre-emptive medication, could increase the receptiveness of glucocorticoids by increasing the number of receptors of the anti-inflammatory hormone (Tahera et al., 2007). It reduces the inflammation caused by the acoustic trauma, which causes subsequent damage to hair cells.

For NIHL treatment, a series of clinical trials have been conducted. Intratympanical injection with AM-111 may have a therapeutic effect in cases of acute trauma after firecracker exposure (Suckfuell et al., 2007). Immediate treatment with a combination of prednisolone and piracetam appeared to rescue patients with acute trauma after exposure to gunshots, as significantly lower threshold shifts were observed (Psillas et al., 2008). In recent clinical trials, antioxidants that reduce reactive oxygen after traumatic noise events appear promising (Prasher, 1998). Ebselen has been shown to have promising results for both TTS and PTS by reducing the threshold shift (Lynch and Kil, 2005; Satheeshkumar and Mugesh, 2011; Kil et al., 2017).

Research has indicated that RelB, a member of the NF-kappaB family, is upregulated at the transcription level and results in increases in the lateral wall and the rest area after acoustic overstimulation (Yamamoto et al., 2009). Notably, the expression of adhesion molecules (Icam1, Icam5, and Nrcam) and iNOS was observed in tissues around the capillaries in the stria vascularis, indicating hemodynamics and changes in the cellular integrity (Supplementary Table S1B).

After acoustic overstimulation, heat shock protein (HSP) induction was observed in the cochlea (Lim et al., 1993). Unsurprisingly, HSP induction protected against noise trauma in guinea pig cochlea (Mikuriya et al., 2005). In contrast, mice deficient in heat shock factor 1 (the major transcription factor triggering HSP expression) exhibited a decreased TTS recovery ability following noise overstimulation (Fairfield et al., 2005). Notably, HSP70-2 (Hspa1B) polymorphism (rs1061581) was the only HSP70 polymorphism that had a significant association with NIHL in both Chinese and Swedish sample sets (Yang et al., 2006; Konings et al., 2009), which is thought to be evidence for NIHL susceptibility.

The mitochondrial Ptgs2 (COX2) mutation is associated with aminoglycoside antibiotic-induced deafness in a Han Chinese pedigree (Chen et al., 2013). Inhibition of cyclooxygenase-2 (COX2) by NS398 attenuates NIHL in mice (Sun et al., 2016), whereas celecoxib does not (Pourbakht, 2013; Li et al., 2015).

Ccl family members (such as Ccl2 and Ccl17)-associated inflammatory responses may be detrimental to hearing recovery, suggesting their role as potential post-insult therapeutic targets for treatment (Fujioka et al., 2014).

Currently, no clinical treatments exist to reverse the effects of permanent NIHL (Oishi and Schacht, 2011). Limitations of our present study include the following: first, validations for the detected molecules and pathways were still needed, and technologies with higher resolution such as single cell RNA-seq and spatial transcriptome would facilitate our study; second, even if the pathways influence NIHL pathogenesis, it is unclear how to make treatments safer, more convenient, and accessible. However, given that molecular imaging is utilized as a powerful tool in the investigation of parkinsonian disorders, the identification of biomarkers of early changes remains a challenge to predict the clinical trajectory of these disorders (Strafella et al., 2017). Exciting new tracer developments are aiding the investigation of in vivo markers in its treatment (Géléoc and Holt, 2014). Similarly, NIHL and even all sensorineural hearing loss will benefit from these technologies. The first step is to identify potential markers, and our current research does so in a comprehensive and systematic way.

In conclusion, our results suggest that genes involved in multiple inflammatory pathways are influenced most significantly after noise exposure. Relb, Hspa1b, Ccl2, Ptgs2, Ldlr, Plat, and Ccl17 are crucial for NIHL pathogenesis in mouse models. While further validation studies are required, these genes could potentially be used as novel diagnostic and therapeutic targets for NIHL.
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Placenta accreta spectrum (PAS) is a pathological condition of the placenta with abnormal adhesion or invasion of the placental villi to the uterine wall, which is associated with a variety of adverse maternal and fetal outcomes. Although some PAS-related molecules have been reported, the underlying regulatory mechanism is still unclear. Compared with the study of single gene or pathway, omics study, using advanced sequencing technology and bioinformatics methods, can increase our systematic understanding of diseases. In this study, placenta tissues from 5 patients with PAS and 5 healthy pregnant women were collected for transcriptomic and proteomic sequencing and integrated analysis. A total of 728 messenger RNAs and 439 proteins were found to be significantly different between PAS group and non-PAS group, in which 23 hub genes were differentially expressed in both transcriptome and proteome. Functional enrichment analysis showed that the differentially expressed genes were mainly related to cell proliferation, migration and vascular development. Totally 18 long non-coding RNA were found that might regulate the expression of hub genes. Many kinds of single nucleotide polymorphism, alternative splicing and gene fusion of hub genes were detected. This is the first time to systematically explore the hub genes and gene structure variations of PAS through integrated omics analysis, which provided a genetic basis for further in-depth study on the underlying regulatory mechanism of PAS.

Keywords: placenta accreta spectrum, biomarker, transcriptomics, proteomics, integrated analysis, bioinformatics


INTRODUCTION

Placenta accreta spectrum (PAS) is a pathological condition of the placenta with abnormal adhesion or invasion of the placental villi to the uterine wall (Society of Gynecologic Oncology et al., 2018). There are three types of PAS, including placenta accreta, placenta increta and placenta percreta (Jauniaux et al., 2018b). In recent years, the prevalence of PAS has increased, which may be directly related to the increase in cesarean section rates in most high-income and middle-income countries (Thurn et al., 2016; Jauniaux et al., 2018a). The prevalence of PAS has increased about eight times since 1970s (Silver and Branch, 2018). A study showed that the overall proportion of PAS in recent years had even reached 0.91% (El Gelany et al., 2019).

Placenta accreta spectrum is associated with a variety of adverse maternal and fetal outcomes, including preterm birth, low birth weight infants, increased perinatal mortality, maternal rupture of the uterus and postpartum hemorrhage, etc. (Kabiri et al., 2014; Vinograd et al., 2015; Farquhar et al., 2017). This makes PAS become one of the important factors that affect the safety and prognosis of mothers and fetuses in perinatal period. The pathogenesis of PAS is mainly attributed to the absence of decidual or basal layer, abnormal maternal vascular remodeling and excessive invasion of extravillous trophoblasts (EVTs) (Tantbirojn et al., 2008). However, the hub genes and underlying mechanism involved in PAS are still poorly understood.

With the development of the next-generation sequencing technology, the bioinformatics analysis has enabled us to understand the full picture of the biological sample under a disease on a multi-omics level (Bani Baker and Nuser, 2019). Because of the presence of post-translational control, the true state of cells or tissues can not be reflected accurately only through transcriptomics research. With the development of proteomics technology, the integrated transcriptomic and proteomic analysis has become a powerful tool to discover the regulation of gene expression (Vogel and Marcotte, 2012). The application of bioinformatics methods allowed many hub genes to be found as potential therapeutic targets in cancer research (Blum et al., 2018; Danaher et al., 2018; Poma et al., 2018). However, there are still few bioinformatics studies on PAS. In this study, transcriptome and proteome sequencing was performed in the placenta tissues of 5 women with PAS and 5 healthy pregnant women. Through the integrated analysis, the hub genes closely related to PAS were screened out, and the gene structure was preliminarily explored. The results provided evidence for the further study on the underlying regulatory mechanism of PAS.



MATERIALS AND METHODS


Study Population

Patients diagnosed with PAS and healthy pregnant women of maternal age and gestational age at delivery matched in a large teaching hospital of north China were included in this study. Studies have shown that most patients with PAS have placenta previa and/or prior cesarean section (Thurn et al., 2016; Jauniaux et al., 2018a). Considering the interference of these factors to the study, the inclusion criteria for this study were as follows: placenta previa, prior cesarean section, cesarean delivery this time, singleton. And the exclusion criteria were: other uterine cavity operation or uterus-related diseases (such as uterus bicornis and adenomyosis), obstetric complications (such as hypertensive disorder complicating pregnancy, gestational diabetes), systemic disease. Patients with preterm birth were not excluded from this study because patients with PAS are at significantly increased risk of preterm birth (Vinograd et al., 2015). The diagnosis of PAS was based on the International Federation of Gynecology and Obstetrics (FIGO). According to the clinical and histologic criteria in FIGO, PAS was divided into placenta creta, increta and precreta (Jauniaux et al., 2019). Placenta previa was diagnosed by ultrasound and further divided into complete placenta previa (placenta completely covered the cervical internal os) and incomplete placenta previa (placenta margin reached or partially covered the cervical internal os) (Orbach-Zinger et al., 2018). Diagnosis of other diseases was based on the International Classification of Diseases, 11th edition (ICD-11)1. The study was approved by the Medical Ethics Committee of China Medical University. All participants signed written informed consent.



Collection of Placenta Tissues

A piece of placenta tissue on maternal side for each patient was taken immediately after cesarean section. The placental tissues of patients with PAS were taken at the place of accreta, containing villi, decidua and myometrial fibers. And the placental tissues of patients without PAS were taken at the place which was 1/2 length of the placenta radius from the umbilical cord. Since no PAS cases required hysterectomy in this study, the placenta tissue that deeply invaded the uterus was not obtained. The collected placenta tissues were rinsed with sterile saline. Tissues were then frozen in liquid nitrogen and stored at −80°C until processing transcriptomic and proteomic analysis.



RNA-Seq

Total RNA was extracted from placenta samples using Trizol (Invitrogen, Carlsbad, CA, United States) according to the manual instructions. For placenta samples, grind about 60 mg with liquid nitrogen into powder and transfer the powder samples into the 2 ml tube contains 1.5 ml Trizol reagent. The mix was centrifuged at 12000 × g for 5 min at 4°C. The supernatant was transferred to a new 2.0 ml tube which was added 0.3 ml of Chloroform/isoamyl alcohol (24:1) per 1.5 ml of Trizol reagent. After the mix was centrifuged at 12000 × g for 10 min at 4°C, the aqueous phase was transferred to a new 1.5 ml tube in which an equal volume of supernatant of isopropyl alcohol was added. The mix was centrifuged at 12000 × g for 20 min at 4°C and then removed the supernatant. After washed with 1 ml 75% ethanol, the RNA pellet was air-dried in the biosafety cabinet and then dissolved by add 25∼100 μL of DEPC-treated water. Subsequently, total RNA was qualified and quantified using a NanoDrop and Agilent 2100 Bioanalyzer (Thermo Fisher Scientific, MA, United States).

Approximately 1 μg total RNA per sample was treated with Ribo-ZeroTM Magnetic Kit (Epicentre) to deplete rRNA. The retrieved RNA was fragmented by adding First Strand Master Mix (Invitrogen). First-strand cDNA was generated using random primers reverse transcription, followed by a second-strand cDNA synthesis. The synthesized cDNA was subjected to end-repair and then was 3′ adenylated. Adapters were ligated to the ends of these 3′ adenylated cDNA fragments. Several rounds of PCR amplification with PCR Primer Cocktail and PCR Master Mix are performed to enrich the cDNA fragments. Then the PCR products are purified with Ampure XP Beads. The final library was quality and quantitated in two methods: check the distribution of the fragments size using the Agilent 2100 Bioanalyzer, and quantify the library using real-time quantitative PCR (QPCR) (TaqMan Probe). The Qualified libraries were sequenced pair end on the Hiseq 4000 or Hiseq X-ten platform (BGI-Shenzhen, China).



Proteomic Analysis

A 5 mm magnetic bead and an appropriate amount of Lysis Buffer 3 were added into a 1.5 ml tube containing the placenta sample. PMSF (final concentration: 1 mM) and EDTA (final concentration: 2 mM) were also added into the tube. The tube was then vortexed. After let stand for 5 min, DTT (final concentration: 10 mM) was added into the tube. The mix was shaken in a tissue grinder for 2 min (power = 50 HZ, Time = 120 s). After centrifuged at 25000 × g for 20 min at 4°C, the supernatant was transferred to a new tube which was added DTT (final concentration: 10 mM) again at 56°C water bath for 1 h. After returning to room temperature, IAM (final concentration: 55 mM) was added in a dark room and let stand for 45 min. Then cold acetone was added and let stand at −20°C for 2 h. This step was repeated until the supernatant was colorless. After centrifuged at 25000 × g for 20 min, a 5 mm magnetic bead and an appropriate amount of Lysis Buffer 3 were added into the precipitate. The mix was shaken in a tissue grinder for 2 min (power = 50 HZ, Time = 120 s). Finally the mix was centrifuged at 25000 × g for 20 min at 4°C, and the supernatant was taken for quantification. Bradford quantitative and SDS-PAGE were used for quality control of protein extraction.

Totally 2.5 μg trypsin enzyme was added into 100 μg protein solution for each sample (protein: enzyme = 40: 1) at 37°C for 4 h. Then the trypsin was added again according to the above ratio at 37°C for 8 h. Peptides after enzymolysis were desalted using Strata X column and vacuum dried. High pH reversed-phase separation was carried out by LC-20AB liquid system (Shimadzu). Peptides were measured by Liquid chromatography-MS/MS (LC-MS/MS) on an UltiMate 3000 UHPLC (Thermo Fisher Scientific). Q-Exactive HF (Thermo Fisher Scientific) was used for data-dependent acquisition (DDA) mode detection and data-independent acquisition (DIA) mode detection. The obtained DDA data were identified using the integrated Andromeda engine of MaxQuant (Cox and Mann, 2008) 1.5.3.30 (false discovery rate, FDR ≤ 1%). According to the results, Spectronaut (Bruderer et al., 2015) was used to construct a spectral library, of which the information was used to complete the deconvolution and extraction of DIA data. Quality control was carried out by mProphet algorithm. Finally significant quantitative results were obtained based on the Target-decoy model applicable to SWATH-MS (FDR ≤ 1%).



Bioinformatics Analysis

The R package “edgeR” was used to identify differentially expressed messenger RNAs (mRNAs) and proteins in the samples. String (version 11.0) (Szklarczyk et al., 2019) and Metascape (Zhou et al., 2019) were used to assess the function of the differentially expressed mRNAs and proteins according to the gene ontology (GO) (Ashburner et al., 2000), the Kyoto Encyclopedia of Genes and Genomes (KEGG) (Kanehisa and Goto, 2000), and the Reactome pathway database (Jassal et al., 2020). Gene-sets enrichment analysis (GSEA) (Mootha et al., 2003; Subramanian et al., 2005) was used to analyze the KEGG pathways significantly correlated with concordant and discordant mRNA-protein expressions. String (version 11.0), Metascape and Cytoscape (Shannon et al., 2003) were used to construct visual interaction networks of differentially expressed mRNAs and proteins. Soapfuse (version 1.18) (Jia et al., 2013) was used to detect the fusion gene in each sample. The Genome Analysis Toolkit (GATK, version 3.4-0) (McKenna et al., 2010) was used to detect single nucleotide polymorphisms (SNP) information in each sample, which was further annotated by Snpeff (Cingolani et al., 2012). ASprofile2 was used to quantitatively detect splicing events of each sample. The data were analyzed in SPSS (version 25.0, IBM) and R (version 3.6.2).




RESULTS

A total of 10 placenta tissues (5 PAS patients: PAS1, PAS2, PAS3, PAS4, PAS5; 5 non-PAS patients: NPAS1, NPAS2, NPAS3, NPAS4, NPAS5) were sequenced for transcriptomic and proteomic analysis. There were no significant differences between PAS group and non-PAS group in maternal age and gestational age at delivery (p > 0.05, see Table 1 for detailed information of pregnant women).


TABLE 1. Detailed information of participants.
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Transcriptomic Profiling of Placenta Tissue

A total of 17,860 known mRNAs in placenta tissue were detected quantitatively. And 728 differentially expressed mRNAs (false discovery rate, FDR < 0.05, fold change >1.5) were obtained, including 481 up-regulated genes and 247 down-regulated genes (Figures 1A,B). Intra-group correlation was good in both PAS group and non-PAS group (Figure 1C). GO enrichment analysis in String showed that the differentially expressed mRNAs were mainly related to response to stimulus, vascular development and protein binding (Figure 2A). In addition, the biological processes related to cell proliferation and differentiation were also enriched (see Supplementary Table S1 for detailed results of GO analysis). KEGG enrichment analysis showed that differently expressed mRNAs were related to cancer and cell adhesion. PI3K/AKT signaling pathway, HIF-1 signaling pathway, notch signaling pathway and other classical pathways were enriched (Figure 2B, see Supplementary Table S2 for detailed results of KEGG analysis). In order to further explore the functional interaction of differentially expressed mRNAs, we constructed the interaction network with String, and isolated the tightly interacting gene clusters through MCODE in Cytoscape. Totally 26 gene clusters were obtained and three main clusters that were related to cell proliferation, differentiation and vascular development were shown in Figure 3.
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FIGURE 1. Analysis of differentially expressed mRNAs. (A) Volcano plot, (B) heat map, and (C) correlation between PAS group and non-PAS group.
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FIGURE 2. Enrichment analyses of differentially expressed mRNAs and DEPs. The top 10 biological process GO terms, cellular component GO terms, molecular function GO terms of (A) differentially expressed mRNAs and (B) DEPs sorted by false discovery rate (FDR) value. Significantly enriched KEGG pathways of (C) differentially expressed mRNAs and (D) DEPs. Some functions and pathways related to cell proliferation, adhesion and angiogenesis are not shown in this figure because the corresponding FDR values are not in the top 10. No molecular function GO term was enriched in the GO analysis of DEPs, so this part is not shown in (B).
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FIGURE 3. Three main gene clusters (A–C) related to cell proliferation, differentiation and vascular development in PPI network of differentially expressed mRNAs. The color of the nodes represents the participating function. The thickness of the edges indicates the strength of interaction evidence.




Proteomic Profiling of Placenta Tissue

A total of 4,800 known proteins were detected quantitatively. In the same way, we obtained 439 differentially expressed proteins (DEPs) (FDR < 0.05, fold change >1.5). The GO enrichment analysis showed that DEPs were mainly associated with cellular component organization or biogenesis and intracellular organelle (Figure 2C). The biological processes related to cell migration, differentiation and tube development were also enriched (see Supplementary Table S3 for detailed results of GO analysis). In KEGG enrichment analysis, DEPs were only associated with metabolic pathways (Figure 2D, see Supplementary Table S4 for detailed results of KEGG analysis). Similar to the differentially expressed genes, all the DEPs were constructed into a visual interaction network, and 20 gene clusters were obtained by MCODE analysis. The three main clusters related to cell proliferation, differentiation and vascular development were shown in Figure 4.
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FIGURE 4. Three main gene clusters (A–C) related to cell proliferation, differentiation and vascular development in PPI network of DEPs. The color of the nodes represents the participating function. The thickness of the edges indicates the strength of interaction evidence.




Integrated Analysis of Transcriptome and Proteome


Overall Correlation and Functional Enrichment

First, we evaluated the correlation between mRNA expression and protein abundance in 10 samples. Specifically, we aggregated genes that were quantitatively detected in both the transcriptome and proteome and calculated the Pearson correlation coefficient between mRNA and protein expression levels of each gene in 10 samples. And 62.3% of the genes showed positive correlations (Supplementary Figure S1). Furthermore, GSEA was performed with the Pearson correlation coefficient as the rank of each gene in order to investigated whether the trend of mRNA-protein correlation was associated with specific KEGG pathways. As a result, we identified several pathways involved in cell proliferation, cell adhesion, vascular development, immunity, and metabolism (Figure 5A), which were all related to PAS.
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FIGURE 5. Integrative analysis between transcriptome and proteome. (A) KEGG pathways significantly correlated with concordant or discordant mRNA-protein expressions. Genes are aligned along the x axis by the rank of their Pearson correlation coefficient between mRNA and protein expression levels. Each color represents one significantly associated pathway, and each bar represents one gene in the pathway. (B) Venn diagram showing all identified mRNAs and proteins and their overlap. (C) The expression levels of 31 co-differentially expressed genes in the transcriptome and proteome. (D) Functional enrichment analysis based on Metascape. Bar graph demonstrates P-value of enriched clusters. Each node in network represents an enriched term of corresponding clusters. For large clusters, the network only displays the top 10 terms with P-value. The edge reflects the connection of functions and pathways. The size of the nodes reflects the number of genes, and the thickness of the edges reflects correlation level of terms (E) Chord diagram shows the hub genes with their representative enriched clusters.




Identification of Hub Genes and Related Functions

Subsequently, in order to explore the hub genes in PAS, we took the intersection of differentially expressed mRNAs and DEPs, and obtained a total of 31 co-differentially expressed genes (Figure 5B), among which the expression trend of 23 genes was consistent in transcriptome and proteome (Table 2). Pearson correlation analysis showed that the expression levels of these 31 genes in the transcriptome and proteome had a strong positive correlation (R = 0.63, p < 0.001, Figure 5C). Given the small sample size, we also ran a stochastic simulation to verify the reliability of these genes. In the simulation, 728 fake differentially expressed mRNAs and 439 fake DEPs were randomly selected from 17,860 mRNAs and 4,800 proteins, respectively, and the number of genes shared by both selected mRNAs and proteins was counted. Based on R (version 3.6.2), we performed the simulation 10,000 times and found that there was only a probability of 0.0019 that the number of shared genes was greater than or equal to 31, which further illustrated the reliability of the results.


TABLE 2. Detailed expression information of hub genes in transcriptome and proteome.
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The functional enrichment analysis of the 23 hub genes with consistent expression trends was then carried out by Metascape, in which 9 function clusters including functions and pathways related to cell proliferation, adhesion and vascular development were enriched (Supplementary Table S5). The connection between each hub gene and 9 clusters is shown in Figures 5D,E. This was highly consistent with the above enrichment results in String and GSEA, which suggested that these 23 hub genes were likely to play an important role in the pathogenesis of PAS.



Regulation and Structure Variation of Hub Genes

In order to explore which long non-coding RNA (lncRNA) might regulate the expression of these 23 hub genes, we extracted the sequence results of lncRNA from placenta tissue and predicted the target genes. Totally 18 lncRNAs (including known and novel lncRNAs) might be involved in the regulation of some hub genes (Figure 6). The sequence of novel lncRNAs were shown in Supplementary Table S6. Pearson and Spearman correlation coefficients between lncRNA and mRNA were shown in Supplementary Table S7. In addition, we performed a series of analyses of hub genes in gene structure level, including SNP, alternative splicing and gene fusion. In terms of SNP, the presence of one or more types of SNP was found in most hub genes (Figure 7). The intron variation of ADGRA2 (4 of 5 cases in NPAS group, p = 0.048, Fisher’s exact test, same for the following), the intergenic variation of FSTL3 (4 of 5 cases in PAS group, p = 0.048) and the synonymous variation of LAMB3 (4 of 5 cases in PAS group, p = 0.048) were significantly correlated with PAS. In the detection of alternative splicing events for all genes, 7 types of alternative splicing events, mainly alternative 5′ first exon (TSS) and alternative 3′ last exon (TTS), were found (Figure 8A). Four types of alternative splicing events were detected in the hub genes, among which the alternative splicing of AGXT, MMP12, and TEAD3 were only detected in the PAS group (Figure 8B). The expression of the hub genes in alternative splicing events was analyzed by using the Mann-Whitney U test. The results showed that TSS of LAMB3 at chromosome 1 sites 209652369 to 209652475 (p = 0.032) and TTS of HK2 at chromosome 2 sites 74890797 to 74893354 (p = 0.032) were significantly associated with PAS. Finally, there was a gene fusion between INHA and STK11IP on chromosome 2, which was detected in PAS1, PAS2, and PAS5 (Figure 9).
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FIGURE 6. “Sankey” diagram for the correlation between lncRNA and hub genes. The middle column reflects regulation mechanism. cis_mRNA_up10k: Cis action, in which lncRNA is within 10 k upstream of mRNA; cis_mRNA_dw20k: Cis action, in which lncRNA is within 20 k downstream of mRNA; cis_mRNA_overlap: Cis action, in which lncRNA overlaps with mRNA; tran: Tran action.
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FIGURE 7. Waterfall plot demonstrates the types of SNP in hub genes.
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FIGURE 8. Alternative splicing events of (A) all identified genes and (B) hub genes. AE, alternative exon ends; TSS, alternative 5′ first exon; TTS, alternative 3′ last exon; IR, intron retention; MIR, multi-IR; SKIP, skipped exon; MSKIP, multi-exon SKIP.
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FIGURE 9. Gene fusion between INHA and STK11IP in (A) PAS1, (B) PAS2, and (C) PAS5.






DISCUSSION

In this study, we sequenced the placenta tissues of 5 women with PAS and 5 healthy pregnant women. And the results were analyzed systematically. Totally 23 hub genes which are closely related to PAS were screened out. As expected, most of these genes are directly related to cell proliferation and migration, as well as vascular development. There are also some hub genes related to trophoblast fusion, energy metabolism and DNA repair. Further, we found lncRNAs that might regulate the expression of hub genes and analyzed the hub genes at the gene structure level.

Totally 17,860 mRNAs and 4,800 proteins were detected quantitatively in this study. Although there was a strong positive correlation between the transcriptome and the proteome, only 23 genes were differentially expressed at both mRNA and protein levels and the expression trends were the same. This suggested that these genes might play a key role in PAS. And on the other hand, it also reflected the importance of post-transcriptional regulation in gene expression. The asynchronous expression of mRNAs and corresponding proteins has been reported in many studies (Dai et al., 2018; Wang D. et al., 2019). Therefore integrated analysis of transcriptomics and proteomics is of great benefit to the discovery of hub genes and underlying mechanisms (Maier et al., 2009).

Excessive invasion of extravillous trophoblasts (EVTs) is essential in the development of PAS. At this point, EVTs have a strong ability of proliferation and migration (Matsukawa et al., 2019). The functions and pathways related to cell proliferation and migration (cell adhesion) were enriched in all functional enrichment analyses in this study. Among the up-regulated hub genes, MMP12 has been reported to be an important molecule in the process of trophoblast invasion and vascular remodeling under hypoxia (Chakraborty et al., 2016), and FSTL3 can promote trophoblast proliferation, invasion, and lipid storage and inhibit trophoblast apoptosis (Xie et al., 2018). The functional enrichment analysis indicated that GDPD3, LAMB3, and LAMC2 were involved in the PI3K/AKT signaling pathway to promote cell proliferation and migration, which was confirmed in the related reports (Rao et al., 2017; Wang Q. et al., 2019; Zhang H. et al., 2019). MORF4L2 and COL17A1 could also promote cell proliferation and migration (Shadeo et al., 2008; Thangavelu et al., 2016). In addition, up-regulated expression of HK2 can inhibit apoptosis (Xu et al., 2017). Among the down-regulated hub genes, TEAD3 was reported to be down-regulated during trophoblast implantation into the endometrium (Bai et al., 2018); HID1, WNT3A, and SYMPK were also associated with cell proliferation, invasion and adhesion (Sonderegger et al., 2010; Chang et al., 2012; Aydin and Arga, 2019). In general, these genes played a role in reducing cell adhesion, promoting cell proliferation and migration, and inhibiting cell apoptosis, which is very important in the EVTs invasion into the myometrium. It should also be noted that both PODXL and CSF3R have been reported to promote cell proliferation or migration (Yeo et al., 2018; Zhang J. et al., 2019), but their expression in the PAS group was down-regulated in this study. Co-expression of enhancement signals and suppression signals in maternal regulation of placental cells were found in order to maintain the homeostasis (Pavlicev et al., 2017). Increased proliferation and migration of EVTs might trigger some negative feedback mechanism that led to low expression of PODXL and CSF3R.

Another pathological change accompanied by EVTs invasion in PAS is the remodeling of maternal blood vessels (Tantbirojn et al., 2008). The functional enrichment analysis in various parts of this study also enriched multiple functions and pathways related to vascular development, including the PI3K/AKT signaling pathway that was reported to be related to PAS (Long et al., 2020). The hub genes related to vascular development included HK2, RASIP1, ADGRA2, and JCAD. It has been reported that HK2 promoted aerobic glycolysis and activated p38-MAPK signal conduction in angiogenesis of melanoma (Lu et al., 2019). HK2 was highly expressed in the PAS group and might be involved in maternal vascular remodeling. The remaining three genes, including RASIP1, ADGRA2, and JCAD were low expressed in the PAS group. RASIP1 increased the stability of endothelium connection (Koo et al., 2016), which was not conducive to vascular remodeling; ADGRA2 and JCAD were also found to be related to the inhibition of vascular development (Vallon et al., 2010; Hara et al., 2017). These molecules may act synergistically to promote the formation of blood vessels.

It is worth mentioning that some other hub genes and functions might also be involved in the pathogenesis of PAS. ERVW-1 and INHA were the hub genes in this study. It has been reported that ERVW-1 induced the fusion of trophoblast cells and reduced the proliferation and migration ability of trophoblast cells (Dunk et al., 2018), while another study showed that the expression level of INHA in cytotrophoblast cells was higher than that in syncytiotrophoblast cells (Azar et al., 2018). We found that INHA was up-regulated and ERVW-1 was down-regulated in the PAS group. Therefore, we thought that the fusion of trophoblast cells was probably inhibited by enhanced expression of INHA and inhibited expression of ERVW-1, thereby ensuring the strong proliferation and migration ability of trophoblast cells. In the KEGG pathways significantly correlated with concordant and discordant mRNA-protein expressions, the glycolysis/gluconeogenesis pathway was found to be significantly associated with PAS. HK2, one of the hub genes involved in this pathway, was highly expressed in the PAS group. HK2 depletion was shown to inhibit glycolysis in hepatocellular carcinoma and increased cell death (Xu et al., 2017). Similarly, the high expression of HK2 in the PAS group might promote glycolysis and maintain energy supply during EVTs invasion and vascular remodeling. Among the hub genes, APOBR and AGXT are, respectively, related to lipid metabolism and alanine metabolism (Brown et al., 2000; Montioli et al., 2012), both of which were up-regulated in the PAS group and might also participate in the energy metabolism process in PAS. In terms of immunity, dNK cells was reported to regulate the invasion ability of EVTs by secreting colony-stimulating factors (CSFs) (Vento-Tormo et al., 2018). CSF3R expression was low in the PAS group, which might be related to the regulation of EVTs by dNK cells. In addition, INTS3, a gene widely involved in DNA repair (Yang et al., 2015), was found to be downregulated in the PAS group, which might cause mutations in some genes and RNA splicing (Yoshimi et al., 2019). We speculated that the SNP and alternative splicing events, which were found in this study and significantly related to PAS, might be related to the low expression of INTS3.

In this study, multiple SNP and alternative splicing events of hub genes were found. Intron variation of ADGRA2, intergene variation of FSTL3 and synonymous variation of LAMB3 were significantly related to PAS (p < 0.05). SNP of ADGRA2 was reported to be related to angiogenesis of embryonic central nervous system (Weinsheimer et al., 2012), while SNP of FSTL3 and LAMB3 have not been reported. However, both SNP and alternative splicing events of LAMB3 were significantly related to PAS in this study. In some diseases, synonymous mutations can affect splicing events and cause phenotypic changes (Liu et al., 2018; Sharma et al., 2019). It is worth exploring whether there is a similar mechanism for LAMB3 in PAS. In addition, the alternative splicing of HK2 was also significantly related to PAS. It has been reported that HK2 can be amplified into two different fragments through alternative splicing and influence the invasion and metastasis of prostate cancer (Slawin et al., 2000). Besides, we also found the gene fusion between INHA and STK11IP. Gene fusion is one of the main causes of tumor formation, which is often used as a tumor diagnosis and prognostic marker (Mertens et al., 2015). The gene fusion between INHA and STK11IP only occurred in 3 of 5 PAS placenta tissues, so it might not be used as an accurate genetic marker of PAS, but whether it has the potential to assist diagnosis remains to be studied. Similarly, although various SNP and alternative splicing events were found to be significantly related to PAS, considering the small sample size in this study, more samples with sequencing data are needed to verify these variations.

Although some PAS-related molecules and mechanisms have been reported in other studies, this is the first time that the integrated analysis of transcriptomics and proteomics has been performed to systematically identify hub genes and gene structure variations involved in the pathological process of PAS. In addition, lncRNAs that may regulate hub genes were identified and analysis at the gene structure level was carried out, which is also one of the advantages of this study. Meanwhile, this study also has some shortcomings. First, the sample size of the study is small, and it is susceptible to external factors. In order to make up for this deficiency, the patients enrolled in this study were limited to having a history of cesarean section and no other history of uterine cavity operation or uterine-related diseases, which excluded the interference of different PAS etiologies and some other potential confounding factors. However, the hub genes and related functions discovered in this study still need to be verified by a large number of further experiments. Second, there were few omics studies related to PAS. Only one relevant sequencing data set can be found on Gene Expression Omnibus (GSE126552), in which PAS and normal placenta tissue was sequenced to find potential biomarkers and molecular mechanism of PAS. We downloaded and analyzed the data set, but unfortunately, there were no differentially expressed lncRNAs and mRNAs in this data set. Therefore, the hub genes found in this study cannot be effectively verified externally. Nevertheless, several hub genes, including MMP12, FSTL3, TEAD3, ERVW-1, and INHA, have been confirmed in other studies to regulate the invasion of EVTs or vascular development, which has been mentioned in the corresponding part of the discussion.

Omics analysis provides a new method for systematically exploring the hub genes of PAS. However, except for tumors, omics study of most other diseases is still in its infancy. This systematic study provided a genetic basis for further in-depth study on the underlying regulatory mechanism of PAS. With the progress of omics studies in PAS and the increasing sample size, the genetic features of PAS will be more clear and the structure variation of hub genes will be more statistically significant, which will contribute to the gene-level intervention in the development of PAS.
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Autism spectrum disorder (ASD) is a class of neurodevelopmental disorders characterized by genetic and environmental risk factors. The pathogenesis of ASD has a strong genetic basis, consisting of rare de novo or inherited variants among a variety of multiple molecules. Previous studies have shown that microRNAs (miRNAs) are involved in neurogenesis and brain development and are closely associated with the pathogenesis of ASD. However, the regulatory mechanisms of miRNAs in ASD are largely unclear. In this work, we present a stepwise method, ASDmiR, for the identification of underlying pathogenic genes, networks, and modules associated with ASD. First, we conduct a comparison study on 12 miRNA target prediction methods by using the matched miRNA, lncRNA, and mRNA expression data in ASD. In terms of the number of experimentally confirmed miRNA–target interactions predicted by each method, we choose the best method for identifying miRNA–target regulatory network. Based on the miRNA–target interaction network identified by the best method, we further infer miRNA–target regulatory bicliques or modules. In addition, by integrating high-confidence miRNA–target interactions and gene expression data, we identify three types of networks, including lncRNA–lncRNA, lncRNA–mRNA, and mRNA–mRNA related miRNA sponge interaction networks. To reveal the community of miRNA sponges, we further infer miRNA sponge modules from the identified miRNA sponge interaction network. Functional analysis results show that the identified hub genes, as well as miRNA-associated networks and modules, are closely linked with ASD. ASDmiR is freely available at https://github.com/chenchenxiong/ASDmiR.
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INTRODUCTION

Autism spectrum disorder (ASD) encompasses a variety of complex inheritable neurodevelopment disorders that usually occur before 3 years old and last throughout a person’s life (Fregeac et al., 2016; Quesnel-Vallieres et al., 2019). ASD patients are characterized by controlled social interactions, restricted activities, and repetitive behavior (Chen et al., 2015). The current diagnosis of ASD is mainly based on behavioral characteristics (Gillian et al., 2003), which may cause misdiagnosis or delay treatment. Previous transcriptomic studies (Voineagu et al., 2011; Gupta et al., 2014; Ansel et al., 2016; Quesnel-Vallieres et al., 2019) have reported that ASD has strong genetic complexity, and many genes are involved in the ASD-related biological processes, including neuronal activity (Voineagu et al., 2011), immune response (Gupta et al., 2014; Ansel et al., 2016), and signaling pathways (Quesnel-Vallieres et al., 2019). Although great progress has been made to study the pathogenesis of ASD, the gene regulation in ASD is largely unknown because of the heterogeneity and complexity of ASD. Therefore, it is necessary to investigate the pathogenesis and molecular mechanisms underlying ASD for improving the diagnosis and therapeutic strategies of patients.

At the genetic level, microRNAs (miRNAs) are important regulators of brain function and neuronal development (Rajman and Schratt, 2017; Shen et al., 2019). By binding with messenger RNAs (mRNAs) at the post-transcriptional level, miRNAs as tiny non-coding RNA molecules (∼22 nucleotides) can induce repression or translational inhabitation of mRNAs (Ambros, 2004). Previous studies (Ander et al., 2015; Hu et al., 2017; Shen et al., 2016) have elucidated that miRNAs participate in several biological processes that are closely associated with ASD, including synaptic plasticity and neuronal development (Hu et al., 2017), immune response (Ander et al., 2015), and signaling pathways (Shen et al., 2016). These studies have also indicated that miRNAs and their corresponding targets could help to uncover ASD pathogenesis.

Long non-coding RNAs (LncRNAs) are transcripts with a length of more than 200 nucleotides, and they play critical roles in the progression of neuropsychiatric disorders including ASD (Hosseini et al., 2019). In the developmental processes of ASD, lncRNAs take part in several important biological processes, including neuronal architecture and immune response (Kerin et al., 2012), synaptic and neuronal excitatory dysfunction (Noor et al., 2010), neurite elaboration (Wang et al., 2015), and alternative splicing (Parikshak et al., 2016). These studies have demonstrated the potential contribution of lncRNAs on revealing the molecular mechanisms of ASD.

According to competing endogenous RNA hypothesis (Salmena et al., 2011), coding and non-coding RNA transcripts compete with each other by base pairing with miRNA-recognition elements (MREs). These transcripts are also known as miRNA sponges, including mRNAs (Tay et al., 2011), lncRNAs (Cesana et al., 2011), pseudogenes (Poliseno et al., 2010), and circular RNAs (circRNAs) (Hansen et al., 2013). All types of miRNA sponges crosstalk with other through MREs and form a large-scale miRNA sponge interaction network (Salmena et al., 2011). Although accumulating miRNA sponges have been experimentally identified and are closely relevant to various cancers (Le et al., 2017), the roles of miRNA sponges in ASD are largely unknown. To uncover potential roles of miRNA sponges in ASD, we focus on investigating lncRNA and mRNA related miRNA sponge interaction networks in ASD in this work.

There have been growing computational methods to effectively explore miRNA functions based on gene expression data. However, current bioinformatics research on miRNA regulatory mechanisms related to ASD is still in its infancy. In this work, we propose a novel stepwise method, ASDmiR, to uncover miRNA regulation in ASD. ASDmiR has two main contributions as follows. First, ASDmiR can be used to study ASD-related miRNA regulation at both the network and module level. Secondly, ASDmiR can help to explore both direct and indirect miRNA regulation in ASD. At the network level, we identify two types of ASD-related networks: miRNA–target regulatory network and miRNA sponge interaction network. Meanwhile, at the module level, we infer two types of ASD-related modules: miRNA–target regulatory modules and miRNA sponge modules. Topological analysis and functional analysis have shown that the identified miRNA-associated networks and modules are highly implicated in ASD.



MATERIALS AND METHODS


Data Acquisition and Preprocessing


Differential Expression Analysis

Previous studies (Mohr and Liew, 2007; Segura et al., 2015; Ansel et al., 2016) have discovered that peripheral blood samples are more accessible than brain tissue samples in the transcriptomic study of ASD. In this work, we obtained the matched miRNA, lncRNA, and mRNA expression profiles of ASD from Kong et al. (2012). The samples of gene expression profiles are from peripheral blood samples and are categorized as ASD (104 samples) and normal (82 samples). We apply the miRBaseConverter (Xu et al., 2018) R package to convert miRNA names into the latest version of miRBase. To discover the differentially expressed miRNAs, lncRNAs, and mRNAs between ASD samples and normal samples, we conduct differential expression analysis using the limma R package (Ritchie et al., 2015). In the ASD dataset, the changes in mRNA expression level between ASD samples and normal samples are large, while the changes in the case of miRNAs and lncRNAs are small. To cover important ASD-related miRNAs and lncRNAs and to have a moderate number of mRNAs for ASDmiR, we select top 100 miRNAs, 300 lncRNAs, and 4,000 mRNAs ranked by adjusted p-values (adjusted by the Benjamini and Hochberg method) in the differential gene expression analysis for subsequent analysis. The detailed results of differentially expressed miRNAs, lncRNAs, and mRNAs can be seen in Supplementary Table 1.



MiRNA-Target Interactions

For putative miRNA–mRNA interactions, we have obtained 762,540 unique interactions between 2,600 miRNAs and 21,538 mRNAs from miRTarBase v8.0 (Chou et al., 2018) and TarBase v8.0 (Karagkouni et al., 2018) databases. By combining the interactions from LncBase v2.0 (Paraskevopoulou et al., 2016) and NPInter v4.0 (Teng et al., 2020) databases, we have collected 138,951 unique miRNA–lncRNA interactions between 1,044 miRNAs and 13,243 lncRNAs. The obtained miRNA–target interactions could be seen in Supplementary Table 2.



ASD-Related Genes

In this work, we collect a list of miRNAs, lncRNAs, and mRNAs associated with ASD to investigate ASD-related miRNA regulation. In total, we have obtained a list of 141 ASD-related miRNAs from HMDD v3.2 (Huang et al., 2019) and MNDR v2.0 (Cui et al., 2018), a list of 117 ASD-related lncRNAs from LncRNADisease v2.0 (Bao et al., 2019) and MNDR v2.0 (Cui et al., 2018), and a list of 1,658 ASD-related mRNAs from the Simons Foundation Autism Research Initiative (SFARI)1 and DisGeNET v7.0 (Pinero et al., 2020). The obtained ASD-related miRNAs, lncRNAs, and mRNAs could be seen in Supplementary Table 2.



Methods


Overview of ASDmiR

In Figure 1, the workflow of ASDmiR includes three major steps for identifying miRNA-associated networks and modules related to ASD. In the first step, by using the matched miRNA, lncRNA, and mRNA expression profiles, we conduct a comparison study of 12 commonly used miRNA target prediction methods from Le et al. (2015). In terms of the number of experimentally validated miRNA–mRNA interactions, we select the best performing method to identify miRNA–target regulatory network in ASD dataset. Furthermore, we infer miRNA–target regulatory modules based on the identified miRNA–target regulatory network. In the second step, we use the well-cited sensitivity partial Pearson correlation (SPPC) method (Paci et al., 2014) to identify miRNA sponge interaction network by integrating putative miRNA–target interactions and gene expression data. Moreover, the Markov cluster (MCL) algorithm (Enright et al., 2002) is used to discover miRNA sponge modules for investigating the community of miRNA sponges. In the final step, we conduct functional analysis of the identified miRNA-associated networks and modules. In the following, we will describe the details of these steps.
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FIGURE 1. The workflow of ASDmiR. In Step 1, by integrating expression data of differential miRNAs, lncRNAs, and mRNAs and putative miRNA–target interactions, we identify miRNA–target regulatory networks using 12 existing computational methods. The miRNA–target regulatory network predicted by the best method is used for identifying miRNA–target regulatory modules. In Step 2, based on putative miRNA–mRNA interactions and gene expression data, we infer miRNA sponge interaction network using the sensitivity partial Pearson correlation method. Furthermore, we identify miRNA sponge modules from the identified miRNA sponge interaction network by using the Markov cluster algorithm. In Step 3, we conduct functional analysis of the identified miRNA-associated networks and modules. Green rhombic, pink circle, and purple triangle nodes represent miRNAs, mRNAs, and lncRNAs, respectively.




Identification of miRNA-Target Regulatory Network and Modules

To identify miRNA–target interactions, we use 12 existing computational methods implemented in the miRLAB R package (Le et al., 2015). These miRNA target prediction methods could be categorized into four types: correlation methods, regression methods, causal inference methods, and other methods. The first type of computational methods, including Pearson (Pearson, 1920), Spearman (Spearman, 1904), Kendall (Kendall, 1938), Distance correlation (Székely et al., 2007), and Hoeffding’s D measure (Hoeffding, 1948), could calculate linear correlation relationships between miRNAs and targets. To capture non-linear relationships between miRNAs and targets, the randomized dependence coefficient (Lopez-Paz et al., 2013) and Mutual Information (MI) (Moon et al., 1995) methods are utilized. For the second type of computational methods, Lasso (Tibshirani, 1996) and Elastic-net (Zou and Hastie, 2005) are used to identify the associations between miRNAs and targets. As for the third type of computational methods, the IDA (Intervention calculus when the Directed acyclic graph is Absent) method (Maathuis et al., 2009) is selected to estimate the causal effects that miRNAs have on mRNAs. For the fourth type of computational methods, Z score (Prill et al., 2010) and probabilistic MiRNA–mRNA Interaction Signature (ProMISe) (Li et al., 2014) are used. The Z score method is commonly used in gene-knockdown experiments to estimate the effect of knocking out a miRNA on mRNAs, and the ProMISe method estimates the probability of a miRNA targeting each mRNA by considering the competition among mRNAs and the competition among miRNAs. In this work, miRNAs are upstream variables, and targets (lncRNAs and mRNAs) are downstream variables. For each computational method, we use experimentally validated miRNA–target interactions as the ground truth to validate top 50, 100, 150, 200 predicted targets of each miRNA. The more the number of miRNA–target interactions validated by the ground truth is, the better the computational method performs.

It is known that genes tend to implement a specific biological process in the form of a community or module (Choobdar et al., 2019). Therefore, we further identify miRNA–target regulatory modules based on the identified miRNA–target regulatory network. Different from other biological networks (i.e., protein-protein interaction network), the miRNA–target regulatory network is a bipartite network. Consequently, the generated miRNA–target modules are actually bicliques where every miRNA of the miRNA set is connected to each target gene of the target gene set (Yoon et al., 2019). In this work, we utilize the R package biclique (Zhang et al., 2014) to enumerate all bicliques from the identified miRNA–target bipartite network. Here, a biclique corresponds to a miRNA–target regulatory module, and we only consider the bicliques with at least 3 miRNAs and 3 targets.



Identification of MiRNA Sponge Interaction Network and Modules

In this section, we apply the SPPC method (Paci et al., 2014) implemented in the miRspongeR R package (Zhang et al., 2019) to infer miRNA sponge interactions. The SPPC method takes miRNA, lncRNA, and mRNA expression data into account for identifying miRNA sponge interactions, and quantitatively evaluates the effect of sharing miRNAs on each miRNA sponge interaction pair at the expression level. This method uses three constraints (significant sharing of common miRNAs, significant positive correlation, and adequate sensitivity correlation) to evaluate whether a candidate RNA–RNA pair (lncRNA–lncRNA, lncRNA–mRNA, and mRNA–mRNA pair) is a miRNA sponge interaction or not. Given two competing RNAs (RNAi and RNAj), the significance p-value of sharing miRNAs and positive correlation is usually set to be 0.05. The Sensitive Correlation (SC) between the RNAi–RNAj pair is calculated as follows:

[image: image]

Where ρij denotes Pearson correlation (Pearson, 1920) between RNAi and RNAj, and ρij|n is partial Pearson correlation between RNAi and RNAj on the condition of n sharing miRNAs. In this work, the cutoff of SC is set to be 0.25 (see “The Identified MiRNA-Associated Modules Are Functional” for details). After assembling the identified miRNA sponge interactions, we could gain three types of networks, including lncRNA–lncRNA, lncRNA–mRNA, and mRNA–mRNA related miRNA sponge interaction networks. At the module level, we further infer miRNA sponge modules by using the Markov cluster (MCL) algorithm (Enright et al., 2002). For each module, the number of miRNA sponges (lncRNAs or mRNAs) is at least 3.



Functional Analysis

The hub genes may play key roles in the characteristics and development of complex diseases (Zhang et al., 2018). Consequently, at the network level, we focus on identifying hub genes from both the identified miRNA–target regulatory network and miRNA sponge interaction network. Empirically, we choose top 20% miRNAs or miRNA sponges with the largest degree as hub miRNAs or hub miRNA sponges. Furthermore, we use the miEAA (Kern et al., 2020) online tool to conduct functional enrichment analysis of hub miRNAs, and the miRspongeR (Zhang et al., 2019) R package for functional enrichment analysis of hub miRNA sponges.

At the module level, to know the potential diseases, biological processes, and pathways associated with the identified miRNA-associated modules, we conduct functional enrichment analysis using the well-cited clusterProfiler (Yu et al., 2012) R package. The third-party databases for functional enrichment analysis include Gene Ontology database (GO)2, Kyoto Encyclopedia of Genes and Genomes Pathway database (KEGG)3, Reactome Pathway database (Reactome)4, Disease Ontology database5, DisGeNET database6, and Network of Cancer Genes database7. The enriched term (GO, KEGG, Reactome, Disease Ontology, DisGeNET, or Network of Cancer Genes term) with adjusted p < 0.05 (adjusted by the Benjamini and Hochberg method) is regarded as a significantly enriched term.



RESULTS


MiRNA-Associated Networks Are Scale-Free Networks

We first follow Step 1 to obtain miRNA–target interactions predicted by each of the 12 computational methods (details in the section “Methods”). The aim of comparing the performance of these methods is to select the best prediction method to identify miRNA–target regulatory network in ASD. For each method, we select top 50, 100, 150, and 200 targets of each miRNA for the comparison. The method of predicting the largest number of experimentally validated miRNA–target interactions is used to identify miRNA–target regulatory network in ASD. As displayed in Figure 2, the ProMISe method performs the best in terms of the number of experimentally validated miRNA–target interactions. Thus, we merge top 200 targets of each miRNA identified by the ProMISe method as our final predicted miRNA–target regulatory network (consisting of 20,000 miRNA–lncRNA interactions and 20,000 miRNA–mRNA interactions). In total, we obtain a list of 1,679 validated miRNA–target interactions, consisting of 241 validated miRNA–lncRNA interactions and 1,438 validated miRNA–mRNA interactions. We further analyze the node degree distribution of the identified miRNA–target regulatory network using the Network Analyzer plugin (Assenov et al., 2008) in Cytoscape (Shannon, 2003), and discover that our identified miRNA–target regulatory network follows power law distribution well in the form of P(k) = 67.593k–1.022 with R2 = 0.783, where P(k) represents the number of nodes with the node degree k. A higher R2 (range from 0 to 1) indicates that the identified miRNA–target regulatory network is more likely to be a scale-free network that occurs in the real world. The detailed results of the identified miRNA–target regulatory network can be found in Supplementary Table 3.
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FIGURE 2. Comparison in terms of the number of confirmed miRNA–target interactions using 12 miRNA–target prediction methods. (A) The number of validated miRNA–target interactions in the case of top 50 miRNA–target interactions of each miRNA. (B) The number of validated miRNA–target interactions in the case of top 100 miRNA–target interactions of each miRNA. (C) The number of validated miRNA–target interactions in the case of top 150 miRNA–target interactions of each miRNA. (D) The number of validated miRNA–target interactions in the case of top 200 miRNA–target interactions of each miRNA. The numbers in the white circle denote the overlap of validated miRNA–target interactions by 12 computational methods.


By following Step 2, we use different SC cutoffs from 0.1 to 0.3 with a step of 0.05, to infer the miRNA sponge interaction network with better power law distribution. Under different SC cutoffs, we use R2 value to evaluate the goodness of power law degree distribution for the identified miRNA sponge interaction network. If a miRNA sponge interaction network with higher R2 value, the network is more likely to be a real biological network. As shown in Figure 3, according to the principle of the largest R2 value, we select the SC cutoff as 0.25 to infer miRNA sponge interaction network (containing 156 miRNA sponge interactions) that fits power law distribution well in the form of P(k) = 26.127k–1.176 with R2 = 0.815. The detailed results of the identified miRNA sponge interaction network can be found in Supplementary Table 3.
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FIGURE 3. Power law degree distribution of the identified miRNA sponge interaction networks. (A–E) Node degree distribution of the identified miRNA sponge interaction networks using different SC cutoffs from 0.1 to 0.3 with a step of 0.05. (F) Summary table of power law degree distribution under different SC cutoffs.




Hub Genes Are Closely Associated With ASD

In this work, we have identified 12 hub miRNAs (hsa-miR-195-5p, hsa-miR-15a-5p, hsa-miR-26b-5p, hsa-miR-23a-3p, hsa-miR-93-5p, hsa-miR-210-3p, hsa-miR-25-3p, hsa-miR-30b-5p, hsa-miR-148b-3p, hsa-miR-149-5p, hsa-miR-200c-3p, and hsa-miR-147a) and 15 hub miRNA sponges (SLC38A2, SHOC2, DDX6, WSB1, PURB, DDX5, DLEU2, USP15, C6orf62, ADAM10, STK4, LBR, PNISR, ANKRD44, and SERINC1). It is noted that four hub miRNAs (hsa-miR-148b-3p, hsa-miR-15a-5p, hsa-miR-23a-3p, and hsa-miR-93-5p) and two hub miRNA sponges (DLEU2 and USP15) are experimentally validated ASD-related hub genes.

In Figure 4A, we discover that 12 hub miRNAs are highly connected with their target genes, and several hub miRNAs synergistically regulate their target genes. To investigate the underlying biological implications of these hub miRNAs, we conduct functional 1enrichment analysis of the target genes of these hub miRNAs. Functional enrichment analysis results show that 439 GO terms and 128 KEGG pathways are significantly associated with the target genes of the hub miRNAs. Moreover, several significantly enriched GO biological processes and KEGG pathways, including Cell cycle arrest (GO: 0007050), Regulation of immune response (GO: 0050776) (Gupta et al., 2014) (Ander et al., 2015), Nervous system development (GO:0007399) (Hu et al., 2017), NF-kappa B signaling pathway (hsa04064) (Malik et al., 2011), Long-term depression (hsa04730) (Monday et al., 2018), Wnt signaling pathway (hsa04310) (Shen et al., 2016), and gastric cancer (hsa05226) (Wasilewska and Klukowski, 2015) are closely associated with the progression and development of ASD (Figure 4B). As for the identified hub miRNA sponges, functional enrichment analysis results indicate that they are significantly enriched in SMAD binding (GO: 0046332). A previous study (Avazzadeh et al., 2019) has demonstrated that SMAD binding is closely related to ASD. Altogether, the above functional enrichment analysis results imply that the identified hub genes are closely associated with the occurrence and development of ASD. The functional enrichment analysis results of hub genes can be found in Supplementary Table 4.
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FIGURE 4. Visualization and functional enrichment analysis of hub miRNA regulatory network. (A) Hub miRNA regulatory network. Green rhombic, pink circle, and purple triangle nodes denote miRNAs, mRNAs, and lncRNAs, respectively. (B) ASD-related enriched terms related to the target genes of hub miRNAs.




The Identified MiRNA-Associated Modules Are Functional

Based on the identified miRNA–target network, we have identified 9,625 miRNA–target regulatory modules. In this work, we are only interested in studying the potential biological functions of top 20 largest miRNA–target regulatory modules. Moreover, we have obtained 10 miRNA sponge modules from the identified miRNA sponge interaction network. Disease and functional enrichment analysis indicate that the top 20 largest miRNA–target regulatory modules are significantly enriched in 397 GO terms, 3 KEGG pathways, 12 Reactome pathways, and 69 DisGeNET terms. Specifically, several biological processes, pathways, and diseases, including anxiety disorder (umls: C0003469) (White et al., 2009), Alternative mRNA splicing (GO: 0000380) (Quesnel-Vallieres et al., 2019), circadian rhythm (GO: 0007623) (Hu et al., 2017), and mTOR signaling pathway (R-HSA-165159) (Khlebodarova et al., 2018) are closely related to ASD (Table 1).


TABLE 1. Disease and functional enriched terms of top 20 largest miRNA–target regulatory modules related to ASD.

[image: Table 1]Furthermore, the identified 10 miRNA sponge modules are significantly enriched in 711 GO terms, 23 KEGG pathways, 117 Reactome pathways, 22 Disease Ontology terms, and 157 DisGeNET terms. In Table 2, several GO, KEGG, Reactome, Disease Ontology, DisGeNET, and Network of Cancer Genes terms are closely associated with ASD. For instance, severe depression (umls: C0588008) (Hedley et al., 2018), Mild cognitive disorder (umls: C1270972) (Leekam, 2016), acute gastroenteritis (umls: C0267446) (Wasilewska and Klukowski, 2015), Focal adhesion (GO: 0005925) (Ander et al., 2015), long-term memory (GO: 0007616) (Toichi and Kamio, 2002), and spliceosome (hsa03040) (Kong et al., 2013) are experimentally confirmed to be ASD-related terms. Taken together, the above enrichment analysis results indicate that the identified miRNA-associated modules are functional. The disease and functional enrichment analysis results of miRNA-associated modules can be seen in Supplementary Table 5.


TABLE 2. Disease and functional enriched terms of miRNA sponge modules related to ASD.
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DISCUSSION AND CONCLUSION

Given the high prevalence rate of ASD, it becomes more and more urgent to reveal the underlying molecular mechanisms associated with ASD. Growing evidence (Fregeac et al., 2016; Shen et al., 2016; Hu et al., 2017) has revealed that miRNA dysregulation has made a great contribution to the pathology of ASD. However, there is still a lack of computational methods to uncover miRNA regulation in ASD at both the network and module level.

In this work, we propose a stepwise method, ASDmiR, to reveal miRNA regulation in ASD. The comparison study suggests that the ProMISe method is the best miRNA target prediction method for identifying miRNA–target regulatory network in ASD dataset. Network topological analysis indicates that the identified miRNA–target network and miRNA sponge interaction network are all scale-free networks. Moreover, functional enrichment analysis shows that hub miRNAs and hub miRNA sponges are closely associated with ASD. As functional units, the identified miRNA-associated modules are found to be significantly enriched in several important ASD-related terms.

ASDmiR can be improved in the following aspects. First, ASD-related samples can be obtained from peripheral blood, post-mortem brain, gastrointestinal tissue, adult olfactory stem cells, and scalp hair follicles (Ansel et al., 2016). In future, we will apply ASDmiR into other types of ASD-related datasets. Second, we will conduct a more comprehensive comparison to identify miRNA–target regulatory network by considering more miRNA target prediction methods. Third, we will cover other types of miRNA sponges (e.g., circRNAs, pseudogenes) to further uncover the potential roles of miRNA sponges in ASD. Finally, a previous study (Iakoucheva et al., 2019) has shown that de novo mutations (e.g., structure variants, protein-altering point mutations) and genetic variants (e.g., copy number variations, single nucleotide polymorphisms) could also contribute to the occurrence of ASD. Therefore, to further understand the molecular mechanisms of ASD, it is necessary to integrate these heterogeneous data to explore miRNA regulation.
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Background: The tumor microenvironment (TME) has been reported to have significant value in the diagnosis and prognosis of cancers. This study aimed to identify key biomarkers in the TME of luminal breast cancer (BC).

Methods: We obtained immune scores (ISs) and stromal scores (SSs) for The Cancer Genome Atlas (TCGA) luminal BC cohort from the online ESTIMATE (Estimation of STromal and Immune cells in MAlignant Tumor tissues using Expression data) portal. The relationships between ISs and SSs and the overall survival of luminal BC patients were assessed by the Kaplan-Meier method. The differentially expressed messenger RNAs (DEmRNAs) related to the ISs and SSs were subjected to functional enrichment analysis. Additionally, a competing endogenous RNA (ceRNA) network was constructed with differentially expressed microRNAs (DEmiRNAs) and long noncoding RNAs (DElncRNAs). Furthermore, a protein–protein interaction (PPI) network was established to analyze the DEmRNAs in the ceRNA network. Then, survival analysis of biomarkers involved in the ceRNA network was carried out to explore their prognostic value. Finally, these biomarkers were validated using the luminal BC dataset from the Gene Expression Omnibus (GEO) database.

Results: The results showed that ISs were significantly associated with longer survival times of luminal BC patients. Functional enrichment analysis showed that the DEmRNAs were mainly associated with immune response, antigen binding, and the extracellular region. In the PPI network, the top 10 DEmRNAs were identified as hub genes that affected the TME of luminal BC. Finally, two DEmiRNAs, two DElncRNAs, and 17 DEmRNAs of the ceRNA network associated with the TME were shown to have prognostic value. Subsequently, the expression of 15 prognostic biomarkers was validated in one additional dataset (GSE81002). In particular, one lncRNA (GVINP1) and five mRNAs (CCDC69, DOCK2, IKZF1, JCHAIN, and NCKAP1L) were novel biomarkers.

Conclusions: Our studies demonstrated that ISs were associated with the survival of luminal BC patients, and a set of novel biomarkers that might play a prognostic role in the TME of luminal BC was identified.

Keywords: luminal breast cancer, tumor microenvironment, ESTIMATE algorithm, messenger RNA, microRNA, long noncoding RNA


INTRODUCTION

Breast cancer (BC) is one of the most common malignant tumors and the main cause of cancer-associated death in women worldwide. Treatment measures for BC patients, such as surgical methods and drug regimens, have been constantly improved, while the clinical outcomes of individual patients remain difficult to predict (Clough et al., 2010; Graham et al., 2015). BC is a heterogeneous disease in terms of cellular composition, molecular alterations, and clinical outcomes within different tumor subtypes and within a single tumor. BC is commonly categorized by gene expression profiling into four main subtypes: luminal A, luminal B, human epidermal growth factor receptor 2 (HER2)-enriched, and triple-negative (TN; Lorona et al., 2019). More than 70% of the diagnosed BC cases are the luminal subtype and positive for estrogen receptor and/or progesterone receptor (ER+ and PR+, respectively; Polyak and Metzger Filho, 2012). Although the recurrent risk of luminal BC patients can be reduced by endocrine therapy, some patients still relapse after 5 years.

In recent years, an increasing number of studies have focused on the tumor microenvironment, which consists of immune cells, stromal cells, endothelial cells, mesenchymal cells, inflammatory mediators, extracellular matrix molecules, and numerous cytokines and chemokines (Hanahan and Coussens, 2012; De Nola and Menga, 2019). Among them, immune cells and stromal cells function as two essential components of the tumor microenvironment (TME) and have been reported to have significant value in the diagnosis and prognosis of cancers. ESTIMATE (Estimation of Stromal and Immune cells in Malignant Tumor tissues using Expression data) is an algorithm that can be used to predict the infiltration of stromal and immune cells and their prognostic value by accessing the stromal scores (SSs) and immune scores (ISs) in tumors based on RNA sequencing (RNA-Seq) data extracted through The Cancer Genome Atlas (TCGA) database (Yoshihara et al., 2013). To date, several studies have investigated the microenvironment of many cancers, including BC and TNBC (Deng and Lu, 2019; Wang et al., 2019). For luminal BC, Li and Sang (2020) mainly investigated DNA methylation and key genes that regulate immune cell infiltration in luminal BC. Furthermore, the roles of competing endogenous RNAs (ceRNAs) [long noncoding RNAs (lncRNAs) sharing microRNA (miRNA) response elements (MREs) with messenger RNAs (mRNAs)] associated with the ISs and/or SSs of luminal BC have not been investigated.

LncRNAs are defined as RNA transcripts of more than 200 nucleotides and were once considered transcriptional “noise” without protein-coding capacity (Jathar et al., 2017). They play a fundamental role in the interaction between cancer cells and the surrounding environment during tumor progression (Sun et al., 2018). Recent studies have suggested that lncRNAs, as regulators, play important roles in cancer immune processes, such as infiltration into cancer tissues, immune activation, and immune cell migration (Carpenter and Fitzgerald, 2018; Denaro et al., 2019). For example, hepatoma cell lines overexpressing the lncRNA HOTAIR secreted more C-C motif chemokine ligand 2 (CCL2) than control cell lines, which promoted the proliferation of tumor-associated macrophages and myeloid-derived suppressor cells (Botti et al., 2019). In addition, studies have also shown that an immune-related lncRNA signature has important value for survival prediction in several cancers, including diffuse large B cell lymphoma, hepatocellular carcinoma, non-small-cell lung cancer (NSCLC), and BC (Zhou et al., 2017; Shen et al., 2020; Sun et al., 2020; Zhang et al., 2020).

In the current study, by taking advantage of the RNA-Seq and clinical data of 566 luminal BC tumor samples from TCGA database and the ESTIMATE algorithm, we aimed to explore the association between overall survival and ISs and SSs of luminal BC and construct a ceRNA network of differentially expressed mRNAs (DEmRNAs), lncRNAs (DElncRNAs), and miRNAs (DEmiRNAs) related to the ISs and SSs. Then, we compiled a list of TME-related biomarkers that were associated with the survival of luminal BC patients. Finally, these biomarkers were validated using the luminal BC dataset from the Gene Expression Omnibus (GEO) database. Thus, our study might help better understand the molecular mechanisms in the TME of luminal BC and identify potential immune biomarkers that predict the survival outcomes of patients.



MATERIALS AND METHODS


Data Processing and Estimation of Immune Scores and Stromal Scores

In order to provide an overall estimation of the molecular mechanisms in the TME of luminal BC, we combined RNA-Seq datasets and clinical information of luminal A and luminal B patients from TCGA database.1 The inclusion criteria were as follows: (1) patients who had no other tumors, (2) samples with mRNA, miRNA, and lncRNA sequencing data, and (3) luminal A and luminal B subtypes classified by PAM50 gene expression profile. Finally, 556 luminal BC patients were finally included in this study. The ESTIMATE algorithm was used to estimate the ISs and SSs of each luminal BC sample. The gene expression profiles of the GSE81002 cohort were downloaded from the GEO database for validation.2



Association Between Immune Scores/Stromal Scores and the Prognoses of Luminal Breast Cancer Patients

According to each sample IS and SS, all luminal BC patients were classified into high‐ and low-score groups. The overall survival of these two groups was estimated with the Kaplan-Meier survival estimator, and the corresponding survival outcomes of the two groups were compared by log-rank tests.



Identification of Differentially Expressed mRNAs, miRNAs, and lncRNAs Based on Immune Scores and Stromal Scores

By comparing the two groups above, DEmRNAs, DEmiRNAs, and DElncRNAs were filtered with the cutoff criteria of p < 0.05, false discovery rate (FDR) <0.05, and fold change (FC) >1.2 by using the R package limma. Venn diagrams were generated to show the intersection between the DEmRNAs, DEmiRNAs, and DElncRNAs of both the IS and SS groups.



Functional Enrichment Analysis

We used the Database for Annotation, Visualization, and Integrated Discovery (DAVID) online tool to perform Gene Ontology (GO) enrichment and Kyoto Encyclopedia of Genes and Genomes (KEGG) analyses to explore the functional roles of intersecting DEmRNAs (Ashburner et al., 2000; Kanehisa, 2002).3 The GO terms are grouped by biological processes (BPs), molecular functions (MFs), and cellular components (CCs). p < 0.05 was considered statistically significant.



Construction of the Competing Endogenous RNA and Protein: Protein Interaction Networks

The target genes and lncRNAs of the overlapping DEmiRNAs were predicted. The target genes were predicted using the MiRanda and TargetScan algorithms, and the target lncRNAs were predicted through the MiRanda and PITA algorithms. Out of all the predictions, only the target mRNAs and lncRNAs predicted in both algorithms were considered candidates, and the common mRNAs and lncRNAs with the IS/SS-associated overlapping DEmRNAs and DElncRNAs mentioned above were chosen to construct the ceRNA network.

The DEmRNAs involved in the ceRNA network mentioned above were selected to construct the protein–protein interaction (PPI) network by using the Search Tool for the Retrieval of Interacting Genes (STRING) database.4 The resulting network was visualized with Cytoscape software (version 3.6.1).



Prognostic Value of Biomarkers Involved in the Competing Endogenous RNA Network

Based on their median survival time, luminal BC patients were divided into high-risk and low-risk groups. Kaplan-Meier survival analysis and the log-rank test were used to assess the relationship between patient overall survival and the expression levels of DEmiRNAs, DEmRNAs, and DElncRNAs that were involved in the ceRNA network. p < 0.05 was considered statistically significant.



Statistical Analysis

R version 3.5.0 was used to conduct statistical analyses. The figures were generated using related packages including limma, heatmap, survival, and so on. p < 0.05 was considered statistically significant.




RESULTS


The Prognostic Value of Immune Scores and Stromal Scores in Luminal Breast Cancer Patients

The RNA sequencing datasets downloaded from TCGA database consisted of 556 luminal BC samples, of which 381 were luminal A and 175 were luminal B samples. By using the ESTIMATE algorithm, we found that the ISs of the patients ranged from −1,276.49 to 3,801.82, and the SSs ranged from −2,204.39 to 2,216.92.

Additionally, to determine the association between ISs and SSs and the overall survival time of luminal BC patients, the patients were divided into high‐ and low-score groups. Then, the patient data were analyzed by Kaplan-Meier survival analysis. The results indicated that patients with high ISs had longer survival times than patients with low ISs (p = 0.015; Figure 1A). However, there was no difference between the high-SS group and the low-SS group (Figure 1B).
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FIGURE 1. The association between immune scores (ISs; A) and stromal scores (SSs; B) and overall survival in luminal breast cancer (BC) patients.




Identification of Differentially Expressed mRNAs, miRNAs, and lncRNAs Based on Immune Scores and Stromal Scores

In total, 882 and 1,063 DEmRNAs, 18 and 38 DEmiRNAs, and 214 and 342 DElncRNAs were identified based on the comparison of the high‐ vs. low-IS and high‐ vs. low-SS groups, respectively (Figures 2A–F). Moreover, through Venn diagram constructions, 593 common DEmRNAs (577 upregulated and 16 downregulated), 11 common DEmiRNAs (eight upregulated and three downregulated), and 152 common DElncRNAs (93 upregulated and 59 downregulated) were obtained (Figures 3A–C). Subsequently, these common DEmRNAs, DEmiRNAs, and DElncRNAs were used for further analysis.
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FIGURE 2. (A–C) Heatmaps of differentially expressed messenger RNAs (DEmRNAs), microRNAs (DEmiRNAs), and long noncoding RNAs (DElncRNAs) in the high‐ vs. low-immune score (IS) groups. (D–F) Heatmaps of DEmRNAs, DEmiRNAs, and DElncRNAs in the high‐ vs. low-stromal score (SS) groups. Green represents high expression, and red represents low expression.
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FIGURE 3. (A–C) Venn diagrams showing the number of commonly regulated differentially expressed messenger RNAs (DEmRNAs), microRNAs (DEmiRNAs), and long noncoding RNAs (DElncRNAs) in the immune score (IS) and stromal score (SS) groups. (D) Biological process (BP), molecular function (MF), cellular component (CC), and pathway terms of the top 10 upregulated DEmRNAs.




Functional Enrichment Analysis

Among the common DEmRNAs, only 16 DEmRNAs were downregulated; thus, we only chose 577 co-upregulated DEmRNAs for biological function exploration, and the data are presented in three subontologies: BP, CC, and MF. With regard to the BP category, the upregulated DEmRNAs were mainly enriched in immune response, complement activation, and leukocyte migration. For the MF category, the upregulated DEmRNAs were mainly involved in antigen binding, serine-type endopeptidase activity, and protein binding. The upregulated DEmRNAs were mainly associated with the extracellular region, extracellular space, and plasma membrane terms in the CC category. In addition, according to the pathway analysis, the upregulated DEmRNAs were mainly associated with Staphylococcus aureus infection, phagosomes, and cell adhesion molecules (CAMs). The top 10 GO and KEGG pathway terms of the co-upregulated DEmRNAs are shown in Figure 3D.



Construction of the Competing Endogenous RNA and Protein: Protein Interaction Networks

Based on the negatively regulated miRNA-mRNA and miRNA-lncRNA pairs, a ceRNA network was constructed with 99 DEmRNAs, nine DEmiRNAs, and 49 DElncRNAs (Figure 4). The nine DEmiRNAs (hsa-miR-149-5p, hsa-miR-141-3p, hsa-let-7c-5p, hsa-miR-210-3p, hsa-miR-125b-5p, hsa-miR-150-5p, hsa-miR-127-3p, hsa-miR-143-3p, and hsa-miR-379-5p) were highly correlated with other DEmRNAs and DElncRNAs. For instance, hsa-miR-149-5p, which acted as a ceRNA, was correlated with 65 DEmRNAs and 25 DElncRNAs. This means that the expression of these hub miRNAs might be regulated by a number of lncRNAs and mRNAs to affect the TME of luminal BC.
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FIGURE 4. The competing endogenous RNA (ceRNA) network. Red represents upregulation, and green represents downregulation. The circle nodes represent differentially expressed messenger RNAs (DEmRNAs), the rectangle nodes denote differentially expressed microRNAs (DEmiRNAs), and the triangle nodes represent differentially expressed long noncoding RNAs (DElncRNAs).


Next, to better understand the interactions among DEmRNAs of the ceRNA network, a PPI network was constructed with 75 nodes and 215 edges. The top 10 DEmRNAs (CD86, LCP2, CXCL12, MMP9, CD48, CCR1, IKZF1, PLEK, LOX, and ESR1) with the highest degree of connectivity were identified as hub genes in the PPI network (Figure 5).
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FIGURE 5. The protein-protein interaction (PPI) network of the differentially expressed mRNAs (DEmRNAs) in the competing endogenous RNA (ceRNA) network.




Prognostic Values of Biomarkers Involved in the Competing Endogenous RNA Network

Ninety-nine DEmRNAs, nine DEmiRNAs, and 49 DElncRNAs in the ceRNA network were included in the survival analysis. Two DElncRNAs (GVINP1 and PCED1B-AS1), two DEmiRNAs (hsa-let-7c-5p and hsa-miR-150-5p), and 17 DEmRNAs (BIN2, CCDC69, CCR4, CD3E, CD5, CD48, DOCK2, F2RL2, HLA-E, IKZF1, JCHAIN, LRRC15, NCKAP1L, PIK3CD, SFRP1, SPN, and TNFAIP3) were found to be closely related to the overall survival of luminal BC patients (p < 0.05; Figure 6). Of these survival-associated biomarkers, only the high expression of LRRC15 was related to unfavorable survival outcomes of luminal BC patients. For the rest of the biomarkers, high expression levels were associated with favorable survival outcomes.
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FIGURE 6. Kaplan-Meier survival curves of the differentially expressed microRNAs (DEmiRNAs), long noncoding RNAs (DElncRNAs), and messenger RNAs (DEmRNAs) significantly associated with overall survival in luminal breast cancer (BC) patients.




Validation in the Gene Expression Omnibus Database

To determine whether these survival-associated biomarkers were also of prognostic significance in an independent database, a cohort of 247 luminal BC cases was downloaded from the GEO database (GSE81002). However, due to the lack of follow-up information, we only validated their differential expression levels between the high‐ and low-IS/SS groups. The results showed that the expression levels of the lncRNA GVINP1 and 14 mRNAs (BIN2, CCDC69, CCR4, CD5, CD48, DOCK2, HLA-E, IKZF1, JCHAIN, LRRC15, NCKAP1L, PIK3CD, SPN, and TNFAIP3) were consistent in the two comparisons (all p < 0.05), which was consistent with the results for TCGA cohort (Supplementary Figures 1, 2). In particular, the lncRNA GVINP1 and five mRNAs (CCDC69, DOCK2, IKZF1, JCHAIN, and NCKAP1L) were identified as novel biomarkers.




DISCUSSION

An increasing amount of evidence has elucidated the clinicopathological significance of the TME in the prediction of treatment effects (Binnewies et al., 2018; Zeng et al., 2019). Evaluating the proportions of microenvironment-associated cell types may help explore the role of TME and provide perspectives in cancer research. Recently, researchers have suggested the clinical importance of stromal cells and immune cells in the microenvironment of BC tissues (Wang et al., 2019; Li and Sang, 2020). However, the roles of ceRNAs associated with the ISs and/or SSs of luminal BC have not been investigated. The ceRNA hypothesis suggests a novel regulatory mechanism that can be mediated by lncRNAs, and lncRNAs with sequences similar to those of their target miRNAs are able to regulate the expression of mRNAs by acting as sponges for miRNAs (Salmena et al., 2011).

In this study, we evaluated the ISs and SSs of luminal BC patients. Our results showed that high ISs were significantly associated with longer survival time of patients than low ISs, which was consistent with a previous study that reported on IS evaluation in BC patients (Wang et al., 2019). This might be because higher ISs suggest enhanced immune system and function, which can be stimulated to increase the antitumor immunity of the TME to then control and eliminate the tumor (Blattman and Greenberg, 2004; Chen and Mellman, 2017). Furthermore, although no correlation between SSs and luminal BC patient survival was found, this did not necessarily mean that stroma-specific biomarkers are not associated with prognosis. Thus, we used the intersecting DEmRNAs, DEmiRNAs, and DElncRNAs obtained from the two groups (high vs. low ISs and high vs. low SSs) to explore their prognostic value in luminal BC patients.

A total of 593 DEmRNAs, 11 DEmiRNAs, and 152 DElncRNAs common between the three comparisons were selected for further analysis. Of the 593 shared DEmRNAs, 577 were upregulated, accounting for 97.3%; thus, we mainly focused on their biological functions. The results indicated that many of them were associated with TME-related processes, such as the immune response, leukocyte migration, antigen binding, and the CAM pathway (Harjunpaa et al., 2019; Cao et al., 2020; Messex et al., 2020; Sulea et al., 2020). Next, ceRNA and PPI networks were constructed. In the ceRNA network, nine DEmiRNAs (hsa-miR-149-5p, hsa-miR-141-3p, hsa-let-7c-5p, hsa-miR-210-3p, hsa-miR-125b-5p, hsa-miR-150-5p, hsa-miR-127-3p, hsa-miR-143-3p, and hsa-miR-379-5p) acted as ceRNAs that had important roles in regulating the network along with many other DEmRNAs and DElncRNAs. Among these miRNAs, hsa-let-7c-5p and hsa-miR-150-5p were associated with increased survival times of luminal BC patients. Additionally, 10 DEmRNAs (CD86, LCP2, CXCL12, MMP9, CD48, CCR1, IKZF1, PLEK, LOX, and ESR1) with the highest degree of connectivity were identified as hub genes in the PPI network. Only CD48 and IKZF1 were related to favorable survival outcomes. Apart from the abovementioned prognostic biomarkers, there were another two DElncRNAs (GVINP1 and PCED1B-AS1) and 15 DEmRNAs (BIN2, CCDC69, CCR4, CD3E, CD5, DOCK2, F2RL2, HLA-E, JCHAIN, LRRC15, NCKAP1L, PIK3CD, SFRP1, SPN, and TNFAIP3) that contributed to the overall survival of patients with luminal BC. Finally, we downloaded data from a luminal BC cohort to verify these biomarkers. We only successfully confirmed the differential expression of some of the RNAs and failed to detect whether they were associated with prognosis due to a lack of survival information. Of the 15 validated biomarkers, the lncRNA GVINP1 and five mRNAs (CCDC69, DOCK2, IKZF1, JCHAIN, and NCKAP1L) had not been previously reported in BC, but these independent factors might serve as prognostic biomarkers.

The role of lncRNAs in BC has been widely studied. The lncRNAs HIF1A-AS2 and AK124454 have been shown to promote cell proliferation and invasion in TNBC cells and contribute to paclitaxel resistance (Jiang et al., 2016). Four lncRNAs (ADAMTS9-AS1, LINC00536, AL391421.1, and LINC00491) have been shown to have a significant prognostic value, and an lncRNA signature containing these four lncRNAs independently predicted overall survival in BC patients (Fan et al., 2018). LncRNAs might also act as novel candidate biomarkers to identify BC patients at high risk of tumor recurrence (Zhou et al., 2016). In addition, Shen et al. (2020) observed that an 11-lncRNA prognostic signature for BC was associated with the infiltration of immune cell subtypes. In our study, only one lncRNA, GVINP1, was found to be associated with the overall survival in luminal BC. The lncRNA GVINP1 can bind with guanosine triphosphate selectively and noncovalently, and it has been found to be an independent prognostic marker for lung adenocarcinoma (LUAD) and NSCLC patients (Sui and Yang, 2019; Zhou et al., 2019). Our study also indicated that high expression of GVINP1 could compete with the downregulated miRNA hsa-miR-149-5p to regulate the expression of target genes, including several novel survival-associated genes such as CCDC69, DOCK2, IKZF1, JCHAIN, and NCKAP1L involved in the ceRNA network.

CCDC69 can act as a regulator of the formation of mitotic spindles and DNA replication in eukaryotic cells (Fu et al., 2006). A previous study found that women with high CCDC69 expression had longer survival times than those with low CCDC69 expression, and during cisplatin exposure, CCDC69 promoted the accumulation of p53 by activating p14ARF while inactivating MDM2 signaling to maintain p53 and p14ARF expression, suggesting that CCDC69 might be a potential therapeutic target in cancer (Cui et al., 2019). DOCK2 is a cytoplasmic protein and member of the DOCK-A subfamily of guanine exchange factors (GEFs) specific for Rac1 and Rac2 (Rac1/2) that is expressed primarily in leukocytes (Nishihara et al., 1999; Cote and Vuori, 2002). It can also regulate the functions of innate immune cells such as the migration and interferon (IFN) secretion of plasmacytoid dendritic cells, the cytotoxicity of natural killer (NK) cells, and the reactive oxygen species (ROS) production of neutrophils (Chen et al., 2018b). DOCK2 mutations have been observed in many cancers, including chronic lymphocytic leukemia (CLL), prostate cancer, and acute myeloid leukemia (AML; Hasan et al., 2018; Bjerre et al., 2019; Hu et al., 2019). In particular, DOCK2 might be a potential druggable target for AML with FLT3/internal tandem duplication (ITD) mutations (Wu et al., 2017). IKZF1 is encoded by Ikaros, which acts as a transcription factor that can control the specification and differentiation of lymphocytes (Chen et al., 2019). Overexpression of IKZF1 can activate autoimmune susceptibility through infiltrating NKG2D+ and CD8+ T cells (Chen et al., 2018a). Its prognostic value has been noted in osteosarcoma (Zhang and Yang, 2018). JCHAIN encodes the immunoglobulin J chain and links monomer units of IgA and IgM, and the upregulation of JCHAIN was likely related to tumor aggression, as studied in a cohort of patients with acute lymphoblastic leukemia (ALL) who had died (Tomar et al., 2019). NCKAP1L encodes a member of the HEM family of tissue-specific transmembrane proteins and is only expressed in hematopoietic cells. However, the biological roles of JCHAIN and NCKAP1L in human cancer have rarely been investigated.

The main limitation of this study is that only one GEO dataset was used for verification. In particular, this cohort lacked useful follow-up information, which may lead to potential bias in the data analysis. Thus, further investigations on these prognostic biomarkers and more samples with outcome data are needed to validate our findings further.



CONCLUSION

In conclusion, our results confirm that ISs are associated with the survival of luminal BC patients and provide a set of novel biomarkers that may play prognostic roles in the TME of luminal BC.



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

YW and GQ contributed to the conception and design of the research. MZ and FG contributed to the acquisition of data and analysis and interpretation of data. XF contributed to statistical analysis. YW and GQ contributed to drafting the manuscript. FG, YS, and XF contributed to revision of the manuscript. GQ contributed to obtaining funding. All authors contributed to the article and approved the submitted version.



FUNDING

This study was supported by grants from the Chinese Society of Clinical Oncology Foundation (Y-JS2019-016).


SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fgene.2020.555865/full#supplementary-material


Supplementary Figure 1 | The expression of survival-associated biomarkers in the high‐ vs. low-IS groups in the GEO samples.



Supplementary Figure 2 | The expression of survival-associated biomarkers in the high‐ vs. low-SS groups in the GEO samples.




FOOTNOTES

1http://cancergenome.nih.gov/

2https://www.ncbi.nlm.nih.gov/geo/

3https://david.ncifcrf.gov/

4https://string-db.org/



REFERENCES

 Ashburner, M., Ball, C. A., Blake, J. A., Botstein, D., Butler, H., Cherry, J. M., et al. (2000). Gene ontology: tool for the unification of biology. The Gene Ontology Consortium. Nat. Genet. 25, 25–29. doi: 10.1038/75556

 Binnewies, M., Roberts, E. W., Kersten, K., and Chan, V. (2018). Understanding the tumor immune microenvironment (TIME) for effective therapy. Nat. Med. 24, 541–550. doi: 10.1038/s41591-018-0014-x

 Bjerre, M. T., Strand, S. H., Norgaard, M., Kristensen, H., Rasmussen, A. K., Mortensen, M. M., et al. (2019). Aberrant DOCK2, GRASP, HIF3A and PKFP hypermethylation has potential as a prognostic biomarker for prostate cancer. Int. J. Mol. Sci. 20:1173. doi: 10.3390/ijms20051173

 Blattman, J. N., and Greenberg, P. D. (2004). Cancer immunotherapy: a treatment for the masses. Science 305, 200–205. doi: 10.1126/science.1100369

 Botti, G., Scognamiglio, G., Aquino, G., Liguori, G., and Cantile, M. (2019). LncRNA HOTAIR in tumor microenvironment: what role? Int. J. Mol. Sci. 20:2279. doi: 10.3390/ijms20092279

 Cao, J. Y., Guo, Q., Guan, G. F., Zhu, C., Zou, C. Y., Zhang, L. Y., et al. (2020). Elevated lymphocyte specific protein 1 expression is involved in the regulation of leukocyte migration and immunosuppressive microenvironment in glioblastoma. Aging 12, 1656–1684. doi: 10.18632/aging.102706

 Carpenter, S., and Fitzgerald, K. A. (2018). Cytokines and long noncoding RNAs. Cold Spring Harb. Perspect. Biol. 10:a028589. doi: 10.1101/cshperspect.a028589

 Chen, D. S., and Mellman, I. (2017). Elements of cancer immunity and the cancer-immune set point. Nature 541, 321–330. doi: 10.1038/nature21349

 Chen, Y., Meng, F., Wang, B., He, L., Liu, Y., and Liu, Z. (2018b). Dock2 in the development of inflammation and cancer. Eur. J. Immunol. 48, 915–922. doi: 10.1002/eji.201747157

 Chen, J. C., Perez-Lorenzo, R., Saenger, Y. M., Drake, C. G., and Christiano, A. M. (2018a). IKZF1 enhances immune infiltrate recruitment in solid tumors and susceptibility to immunotherapy. Cell Syst. 7, 92.e104–103.e104. doi: 10.1016/j.cels.2018.05.020

 Chen, Q., Shi, Y., Chen, Y., Ji, T., Li, Y., and Yu, L. (2019). Multiple functions of Ikaros in hematological malignancies, solid tumor and autoimmune diseases. Gene 684, 47–52. doi: 10.1016/j.gene.2018.10.045

 Clough, K. B., Kaufman, G. J., Nos, C., Buccimazza, I., and Sarfati, I. M. (2010). Improving breast cancer surgery: a classification and quadrant per quadrant atlas for oncoplastic surgery. Ann. Surg. Oncol. 17, 1375–1391. doi: 10.1245/s10434-009-0792-y

 Cote, J. F., and Vuori, K. (2002). Identification of an evolutionarily conserved superfamily of DOCK180-related proteins with guanine nucleotide exchange activity. J. Cell Sci. 115, 4901–4913. doi: 10.1242/jcs.00219

 Cui, L., Zhou, F., Chen, C., and Wang, C. C. (2019). Overexpression of CCDC69 activates p14(ARF)/MDM2/p53 pathway and confers cisplatin sensitivity. J. Ovarian Res. 12:4. doi: 10.1186/s13048-019-0479-3

 Denaro, N., Merlano, M. C., and Lo Nigro, C. (2019). Long noncoding RNAs as regulators of cancer immunity. Mol. Oncol. 13, 61–73. doi: 10.1002/1878-0261.12413

 Deng, L., and Lu, D. (2019). Immune profiles of tumor microenvironment and clinical prognosis among women with triple-negative breast cancer. Cancer Epidemiol. Biomark. Prev. 28, 1977–1985. doi: 10.1158/1055-9965.epi-19-0469

 De Nola, R., and Menga, A. (2019). The crowded crosstalk between cancer cells and stromal microenvironment in gynecological malignancies: biological pathways and therapeutic implication. Int. J. Mol. Sci. 20:2401. doi: 10.3390/ijms20102401

 Fan, C. N., Ma, L., and Liu, N. (2018). Systematic analysis of lncRNA-miRNA-mRNA competing endogenous RNA network identifies four-lncRNA signature as a prognostic biomarker for breast cancer. J. Transl. Med. 16:264. doi: 10.1186/s12967-018-1640-2

 Fu, S., Hu, W., Kavanagh, J. J., and Bast, R. C. Jr. (2006). Targeting Aurora kinases in ovarian cancer. Expert Opin. Ther. Targets 10, 77–85. doi: 10.1517/14728222.10.1.77

 Graham, P. J., Brar, M. S., Foster, T., McCall, M., Bouchard-Fortier, A., Temple, W., et al. (2015). Neoadjuvant chemotherapy for breast cancer, is practice changing? A population-based review of current surgical trends. Ann. Surg. Oncol. 22, 3376–3382. doi: 10.1245/s10434-015-4714-x

 Hanahan, D., and Coussens, L. M. (2012). Accessories to the crime: functions of cells recruited to the tumor microenvironment. Cancer Cell 21, 309–322. doi: 10.1016/j.ccr.2012.02.022

 Harjunpaa, H., Llort Asens, M., Guenther, C., and Fagerholm, S. C. (2019). Cell adhesion molecules and their roles and regulation in the immune and tumor microenvironment. Front. Immunol. 10:1078. doi: 10.3389/fimmu.2019.01078

 Hasan, M. K., Yu, J., Widhopf, G. F. 2nd, Rassenti, L. Z., Chen, L., Shen, Z., et al. (2018). Wnt5a induces ROR1 to recruit DOCK2 to activate Rac1/2 in chronic lymphocytic leukemia. Blood 132, 170–178. doi: 10.1182/blood-2017-12-819383

 Hu, N., Pang, Y., Zhao, H., Si, C., Ding, H., Chen, L., et al. (2019). High expression of DOCK2 indicates good prognosis in acute myeloid leukemia. J. Cancer 10, 6088–6094. doi: 10.7150/jca.33244

 Jathar, S., Kumar, V., Srivastava, J., and Tripathi, V. (2017). Technological developments in lncRNA biology. Adv. Exp. Med. Biol. 1008, 283–323. doi: 10.1007/978-981-10-5203-3_10

 Jiang, Y. Z., Liu, Y. R., Xu, X. E., Jin, X., Hu, X., Yu, K. D., et al. (2016). Transcriptome analysis of triple-negative breast cancer reveals an integrated mRNA-lncRNA signature with predictive and prognostic value. Cancer Res. 76, 2105–2114. doi: 10.1158/0008-5472.can-15-3284

 Kanehisa, M. (2002). The KEGG database. Novartis Found. Symp. 247, 91–101.

 Li, W., and Sang, M. (2020). Gene expression and DNA methylation analyses suggest that immune process-related ADCY6 is a prognostic factor of luminal-like breast cancer. J. Cell. Biochem. 121, 3537–3546. doi: 10.1002/jcb.29633

 Lorona, N. C., Cook, L. S., Tang, M. C., Hill, D. A., Wiggins, C. L., and Li, C. I. (2019). Recent use of oral contraceptives and risk of Luminal B, triple-negative, and HER2-overexpressing breast cancer. Horm Cancer 10, 71–76. doi: 10.1007/s12672-019-00362-5

 Messex, J. K., Byrd, C. J., and Liou, G. Y. (2020). Signaling of macrophages that contours the tumor microenvironment for promoting cancer development. Cells 9:919. doi: 10.3390/cells9040919

 Nishihara, H., Kobayashi, S., Hashimoto, Y., Ohba, F., Mochizuki, N., Kurata, T., et al. (1999). Non-adherent cell-specific expression of DOCK2, a member of the human CDM-family proteins. Biochim. Biophys. Acta 1452, 179–187. doi: 10.1016/s0167-4889(99)00133-0

 Polyak, K., and Metzger Filho, O. (2012). SnapShot: breast cancer. Cancer Cell 22, 562–562.e561. doi: 10.1016/j.ccr.2012.06.021

 Salmena, L., Poliseno, L., Tay, Y., Kats, L., and Pandolfi, P. P. (2011). A ceRNA hypothesis: the Rosetta Stone of a hidden RNA language? Cell 146, 353–358. doi: 10.1016/j.cell.2011.07.014

 Shen, Y., Peng, X., and Shen, C. (2020). Identification and validation of immune-related lncRNA prognostic signature for breast cancer. Genomics 112, 2640–2646. doi: 10.1016/j.ygeno.2020.02.015

 Sui, J., and Yang, S. (2019). Molecular characterization of lung adenocarcinoma: a potential four-long noncoding RNA prognostic signature. J. Cell. Biochem. 120, 705–714. doi: 10.1002/jcb.27428

 Sulea, T., Rohani, N., and Baardsnes, J. (2020). Structure-based engineering of pH-dependent antibody binding for selective targeting of solid-tumor microenvironment. MAbs 12:1682866. doi: 10.1080/19420862.2019.1682866

 Sun, Z., Yang, S., Zhou, Q., Wang, G., Song, J., Li, Z., et al. (2018). Emerging role of exosome-derived long non-coding RNAs in tumor microenvironment. Mol. Cancer 17:82. doi: 10.1186/s12943-018-0831-z

 Sun, J., Zhang, Z., Bao, S., Yan, C., Hou, P., Wu, N., et al. (2020). Identification of tumor immune infiltration-associated lncRNAs for improving prognosis and immunotherapy response of patients with non-small cell lung cancer. J. Immunother. Cancer 8:e000110. doi: 10.1136/jitc-2019-000110

 Tomar, A. K., Agarwal, R., and Kundu, B. (2019). Most variable genes and transcription factors in acute lymphoblastic leukemia patients. Interdiscip. Sci. 11, 668–678. doi: 10.1007/s12539-019-00325-y

 Wang, J., Li, Y., Fu, W., Zhang, Y., Jiang, J., Zhang, Y., et al. (2019). Prognostic nomogram based on immune scores for breast cancer patients. Cancer Med. 8, 5214–5222. doi: 10.1002/cam4.2428

 Wu, M., Small, D., and Duffield, A. S. (2017). DOCK2: a novel FLT3/ITD leukemia drug target. Oncotarget 8, 88253–88254. doi: 10.18632/oncotarget.21390

 Yoshihara, K., Shahmoradgoli, M., Martinez, E., Vegesna, R., Kim, H., Torres-Garcia, W., et al. (2013). Inferring tumour purity and stromal and immune cell admixture from expression data. Nat. Commun. 4:2612. doi: 10.1038/ncomms3612

 Zeng, D., Li, M., Zhou, R., Zhang, J., Sun, H., Shi, M., et al. (2019). Tumor microenvironment characterization in gastric cancer identifies prognostic and immunotherapeutically relevant gene signatures. Cancer Immunol. Res. 7, 737–750. doi: 10.1158/2326-6066.cir-18-0436

 Zhang, Y., and Yang, F. (2018). Analyzing the disease module associated with osteosarcoma via a network‐ and pathway-based approach. Exp. Ther. Med. 16, 2584–2592. doi: 10.3892/etm.2018.6506

 Zhang, Y., Zhang, L., Xu, Y., Wu, X., Zhou, Y., and Mo, J. (2020). Immune-related long noncoding RNA signature for predicting survival and immune checkpoint blockade in hepatocellular carcinoma. J. Cell. Physiol. 235, 9304–9316. doi: 10.1002/jcp.29730

 Zhou, W., Liu, T., Saren, G., Liao, L., Fang, W., and Zhao, H. (2019). Comprehensive analysis of differentially expressed long non-coding RNAs in non-small cell lung cancer. Oncol. Lett. 18, 1145–1156. doi: 10.3892/ol.2019.10414

 Zhou, M., Zhao, H., Xu, W., Bao, S., Cheng, L., and Sun, J. (2017). Discovery and validation of immune-associated long non-coding RNA biomarkers associated with clinically molecular subtype and prognosis in diffuse large B cell lymphoma. Mol. Cancer 16:16. doi: 10.1186/s12943-017-0580-4

 Zhou, M., Zhong, L., Xu, W., Sun, Y., Zhang, Z., Zhao, H., et al. (2016). Discovery of potential prognostic long non-coding RNA biomarkers for predicting the risk of tumor recurrence of breast cancer patients. Sci. Rep. 6:31038. doi: 10.1038/srep31038


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.

Copyright © 2020 Wang, Zhu, Guo, Song, Fan and Qin. 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.










	
	ORIGINAL RESEARCH
published: 27 November 2020
doi: 10.3389/fgene.2020.587829






[image: image2]

Whole Genome Identification of Potential G-Quadruplexes and Analysis of the G-Quadruplex Binding Domain for SARS-CoV-2

Rongxin Zhang, Ke Xiao, Yu Gu, Hongde Liu and Xiao Sun*

State Key Laboratory of Bioelectronics, School of Biological Science and Medical Engineering, Southeast University, Nanjing, China

Edited by:
Geng Chen, East China Normal University, China

Reviewed by:
Bernard Fongang, The University of Texas Health Science Center at San Antonio, United States
 Carson Andorf, United States Department of Agriculture (USDA), United States

*Correspondence: Xiao Sun, xsun@seu.edu.cn

Specialty section: This article was submitted to Computational Genomics, a section of the journal Frontiers in Genetics

Received: 27 July 2020
 Accepted: 22 October 2020
 Published: 27 November 2020

Citation: Zhang R, Xiao K, Gu Y, Liu H and Sun X (2020) Whole Genome Identification of Potential G-Quadruplexes and Analysis of the G-Quadruplex Binding Domain for SARS-CoV-2. Front. Genet. 11:587829. doi: 10.3389/fgene.2020.587829



The coronavirus disease 2019 (COVID-19) pandemic caused by SARS-CoV-2 (severe acute respiratory syndrome coronavirus 2) has become a global public health emergency. G-quadruplex, one of the non-canonical secondary structures, has shown potential antiviral values. However, little is known about the G-quadruplexes of the emerging SARS-CoV-2. Herein, we characterized the potential G-quadruplexes in both positive and negative-sense viral strands. The identified potential G-quadruplexes exhibited similar features to the G-quadruplexes detected in the human transcriptome. Within some bat- and pangolin-related betacoronaviruses, the G-tracts rather than the loops were under heightened selective constraints. We also found that the amino acid sequence similar to SUD (SARS-unique domain) was retained in SARS-CoV-2 but depleted in some other coronaviruses that can infect humans. Further analysis revealed that the amino acid residues related to the binding affinity of G-quadruplexes were conserved among 16,466 SARS-CoV-2 samples. Moreover, the dimer of the SUD-homology structure in SARS-CoV-2 displayed similar electrostatic potential patterns to the SUD dimer from SARS. Considering the potential value of G-quadruplexes to serve as targets in antiviral strategy, our fundamental research could provide new insights for the SARS-CoV-2 drug discovery.

Keywords: G-quadruplex, SARS-CoV-2, COVID-19, G4, coronavirus, G-quadruplex binding domain, SUD-homology structure


INTRODUCTION

The coronavirus disease 2019 (COVID-19) pandemic, which first broke out in China, has rapidly become a global public health emergency within a few months (Lai et al., 2020). According to the statistics from the Johns Hopkins Coronavirus Resource Center (https://coronavirus.jhu.edu/map.html), as of July 22, 2020, 15 million cases have been confirmed, with a death toll rising to 600,000. Since 2000, humans have suffered at least three coronavirus outbreaks, and they were severe acute respiratory syndrome (SARS) in 2003 (Zhong et al., 2003; Peiris et al., 2004; Zumla et al., 2016; Cui et al., 2019), Middle East respiratory syndrome (MERS) in 2012 (Zumla et al., 2016; Cui et al., 2019), and COVID-19. Scientists identified and sequenced the virus early in this outbreak, and named it SARS-CoV-2 (Gorbalenya et al., 2020). The symptoms of the patients infected with the novel coronavirus vary from person to person, and fever, cough, and fatigue are the most common ones (Guan et al., 2020; Jin et al., 2020; Rothan and Byrareddy, 2020; Zu et al., 2020). The clinical chest CT (computed tomography) and nucleic acid testing are the most typical methods of diagnosing COVID-19 (Jin et al., 2020; Zu et al., 2020). It is worth noting that the recent achievements in AI (artificial intelligence) aid diagnosis technology (Li et al., 2020) and CRISPR-Cas12-based detection methods (Broughton et al., 2020) are expected to expand the diagnosis of COVID-19. Despite the great efforts of the researchers, no specific clinical drugs or vaccines had developed to cope with COVID-19 by the end of September 2020.

SARS-CoV-2 is a betacoronavirus within the Coronaviridae family that is the culprit responsible for the COVID-19 pandemic (Figure 1A) (Guo et al., 2020; Zheng, 2020). Studies have confirmed that SARS-CoV-2 is a positive-sense single-stranded RNA [(+)ssRNA] virus with a total length of approximately 30k. The positive-sense RNA strand of SARS-CoV-2 can serve as a template to produce viral proteins related to replication, structure composition, and other functions or events (Chen et al., 2020; Kim et al., 2020). One of the hotspots is how SARS-CoV-2 entry the host cells. SARS-CoV-2 has shown a great affinity to the angiotensin-converting enzyme 2 (ACE2), which has been proved to be the binding receptor for SARS-CoV-2 (Hoffmann et al., 2020; Walls et al., 2020). After entering the host cells, the viral genomic RNA will be released to the cytoplasm, and the ORF1a/ORF1ab is subsequently translated into replicase polyproteins of pp1a/pp1ab, which will be cleaved into some non-structural proteins (nsps). These non-structure proteins ultimately form the replicase–transcriptase complex for replication and transcription. Along with the full-length positive- and negative-sense RNAs, a nested set of subgenomic RNAs (sgRNAs) are also synthesized, and mainly translated into some structural proteins and accessory proteins. When the assembly is finished, the mature SARS-CoV-2 particles are released from the infected host cells via exocytosis (Shereen et al., 2020). Mounting evidence suggests that bats and pangolins are the suspected natural host and intermediate host of SARS-CoV-2 (Andersen et al., 2020; Lam et al., 2020; Zhang T. et al., 2020; Zhou et al., 2020). Intriguingly, a report from Yongyi Shen et al. showed that SARS-CoV-2 might be the recombination product of Bat-CoV-RaTG13-like virus and Pangolin-CoV-like virus (Xiao et al., 2020).


[image: Figure 1]
FIGURE 1. Structure of severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2), G-quartet, and G-quadruplex. (A) The SARS-CoV-2 particle structure is composed of four structural proteins, which are the spike protein, the envelope protein, the membrane protein, and the nucleocapsid protein. The nucleocapsid proteins are bound to the SARS-CoV-2 genome. (B) Structure of G-quartet; the neighboring guanines are connected via Hoogsteen hydrogen. The cation is indicated by a yellow circle. (C) The G-quadruplex is formed by stacking multiple G-quartets, and the stabilization of the structure is partially determined by the central cations.


G-quadruplexes are the non-canonical nucleic acid structures usually formed in G-rich regions both in DNA and RNA strands (Bochman et al., 2012; Kwok and Merrick, 2017; Varshney et al., 2020). The G-quadruplex is formed by stacking G-quartets (Figure 1B) on top of each other, in which the four guanines making up a G-quartet are connected via Hoogsteen pairs (Figure 1C) (Bochman et al., 2012; Kwok and Merrick, 2017; Spiegel et al., 2020; Varshney et al., 2020). Extensive research indicated that G-quadruplexes were involved in many critical biological processes, including DNA replication (Hoshina et al., 2013; Valton et al., 2014; Valton and Prioleau, 2016; Prorok et al., 2019), telomere regulation (Tang et al., 2007; Wang et al., 2011; Takahama et al., 2013; Moye et al., 2015; Jansson et al., 2019), and RNA translation (Kumari et al., 2007; Gomez et al., 2010; Murat et al., 2018; Jodoin et al., 2019). It has been proven that G-quadruplexes existed in the viral genome and can regulate the viral biological processes, which made it possible to function as potential drug targets for antiviral strategy (Métifiot et al., 2014; Ruggiero and Richter, 2018; Saranathan and Vivekanandan, 2019). A study made by Jinzhi Tan et al. demonstrated that the SARS-unique domain within the nsp3 (nonstructural protein 3) of SARS coronavirus (SARS-CoV) exhibits the binding preference to the G-quadruplex structure in the human transcript and potentially interfere with host cell antiviral response (Tan et al., 2009). They also identified several amino acid residues that were tightly associated with its binding capacity. Yet, whether the SARS-CoV-2 contains a G-quadruplex binding domain and whether the amino acid residues related to the G-quadruplex binding affinity are conserved among SARS-CoV-2 samples need further interpretation. Besides, the G-quadruplexes in some well-known virus, such as HIV-1 (human immunodeficiency viruses type 1) (Perrone et al., 2014; Piekna-Przybylska et al., 2014; Butovskaya et al., 2018, 2019), ZIKV (ZIKA virus) (Fleming et al., 2016), HPV (human papillomavirus) (Tlučková et al., 2013; Marušič et al., 2017) and EBOV (Ebola virus) (Wang et al., 2016a) have been studied. However, in our understanding of the G-quadruplexes, their potential roles in the emerging SARS-CoV-2 are lacking.

In this study, we depicted the potential G-quadruplexes (PG4s) in SARS-CoV-2 by merging several G-quadruplex prediction tools. The PG4s in SARS-CoV-2 presented similar features to the two-quartet G-quadruplexes in the human transcriptome, which potentially supported the formation and existence of the G-quadruplexes in SARS-CoV-2. Additionally, we investigated the difference in selective constraints between the G-tracts and other nucleotides in the SARS-CoV-2 genome. To further elucidate the possible pathogenic mechanism of SARS-CoV-2, we examined the sequence and structure of the SUD-homology in SARS-CoV-2 that are critical in binding the G-quadruplex structures in host transcripts.



MATERIALS AND METHODS


Data Collection

We obtained a total of 77 full-length bat-associated betacoronaviruses from the DBatVir (http://www.mgc.ac.cn/DBatVir/) database (Supplementary Table 1) (Chen et al., 2014). We also downloaded the bat coronavirus RaTG13 (MN996532.1) genome from the NCBI virus database (https://www.ncbi.nlm.nih.gov/labs/virus/vssi/#/), which has shown a high sequence similarity to the SARS-CoV-2 reference genome in previous reports. We acquired the SARS-CoV-2 reference genome from the NCBI virus database under the accession number of NC_045512. In addition to those sequences, nine pangolin coronaviruses were derived from GISAID (https://www.gisaid.org/) database (Shu and McCauley, 2017). To calculate the mutation frequency of each nucleotide in SARS-CoV-2, we downloaded the SARS-CoV-2 alignment sequence file from the GISAID database spanning from December 24, 2019, to April 24, 2020, which contains 16,466 SARS-CoV-2 samples. The ORF1ab amino acid sequences of 24 viruses were retrieved from the NCBI Protein database (https://www.ncbi.nlm.nih.gov/protein/). The detailed accession numbers of the sequence data used in this study are described in Supplementary Tables 1, 2.



Pairwise and Multiple Sequence Alignment, Phylogenetic, and Conservation Analysis

The EMBOSS Needle software, which is based on the Needleman–Wunsch algorithm and is a part of the EMBL-EBI web tools (Madeira et al., 2019), was employed for the pairwise sequence alignment. Clustal Omega (Sievers et al., 2011; Sievers and Higgins, 2018) is a reliable and accurate multiple sequence alignment (MSA) tool that can be performed on large data sets. We utilized this MSA tool to align the viral genomes and the protein sequences under the default paraments, respectively. UGENE (Okonechnikov et al., 2012) is a powerful and user-friendly bioinformatics software, and we choose UGENE to visualize the pairwise and multiple sequence alignment results. We used the MEGA X software (Kumar et al., 2018) to construct the neighbor-joining phylogenetic tree with 1,000 bootstrap replications. To depict the conservation state for each nucleotide site, the GERP++ software (Davydov et al., 2010) was applied to calculate the “Rejected Substitutions” score column by column, which can reflect the strength of constraints for each nucleotide site. The key software or databases are listed in the Supplementary Table 3.



Potential G-Quadruplex Detection

Several open-source G-quadruplex detection software were used to search the PG4s both in the SARS-CoV-2 positive- and negative-sense strands. G4CatchAll (Doluca, 2019), pqsfinder (Hon et al., 2017), and QGRS Mapper (Kikin et al., 2006) were employed to predict the putative G-quadruplexes, respectively; please see ref (Puig Lombardi and Londoño-Vallejo, 2019) for more information about the comparison of those tools mentioned above. The minimum G-tract length was set to two in the three pieces of software, while the max length of the predicted G-quadruplexes was limited to 30. Specifically, the minimum score of the predicted G-quadruplex was set to 10 when using pqsfinder. We utilized BEDTools (Quinlan and Hall, 2010) to sort the PG4s according to their coordinates. Apart from this, we adopted the cG/cC scoring system (Beaudoin et al., 2014) proposed by Jean-Pierre Perreault et al. to delineate the influence of sequence context on PG4s. The PG4s along with 15-nt (nucleotide) upstream and downstream sequence contexts were used to calculate the cG/cC score, and 2.05 was taken as the threshold for the preliminary inference of the G-quadruplex folding capability (Supplementary Table 4) (Beaudoin et al., 2014). Using a customized python script, we implemented the cG/cC scoring system, and the source code of the python script could be found at GitHub.



Homo-Dimer Homology Modeling and Electrostatic Potential Calculation

The homo-dimer of the SUD-homology in SARS-CoV-2 was modeled based on the template of the SARS-CoV SUD structure (PDB ID: 2W2G) through homology modeling. All the modeling process was performed in the Swiss Model (Waterhouse et al., 2018) website (https://swissmodel.expasy.org/) according to the default options. The electrostatic potential was calculated and visualized in the PyMOL software by using the APBS (adaptive Poisson–Boltzmann solver) plugin under the default parameters.



ΔG° Z-score Analysis

The ΔG° z-score for the SARS-CoV-2 genome was retrieved from RNAStructuromeDB (https://structurome.bb.iastate.edu/sars-cov-2) (Andrews et al., 2017). The ΔG° z-score is described as follows (Andrews et al., 2020).

[image: image]

where the MFEnative means the MFE (minimum free energy) ΔG° value predicted by the RNAfold software with a window of 120 nt and step of 1 nt. In addition, the [image: image] represents the MFE ΔG° value generated by the randomly shuffled sequence with the identical nucleotide composition. The σ is the standard deviation across all the MFE values.

To depict the ΔG° z-score for each nucleotide in the SARS-CoV-2 genome, we utilized the following formula.

[image: image]

where zi is the average ΔG° z-score for nucleotide i, and w denotes the total number of the sliding windows that cover the nucleotide i. [image: image] indicates the ΔG° z-score for the m-th window. For example, when considering the nucleotide 1,000 under the setting of 120 nt window length and 1-nt step, there are 120 sliding windows covering the nucleotide 1,000. So, the z200, which means the average ΔG° z-score for nucleotide 200, is calculated as the sum of the ΔG° z-score of 120 sliding windows divided by the total number of the sliding windows.




RESULTS


Whole Genome Identification and Annotation of Potential G-Quadruplexes

To get the potential G-quadruplexes in SARS-CoV-2, we took the strategy described as follows (Figure 2A): (i) Predicting the PG4s with three software independently. (ii) Merging the prediction results of the PG4s and evaluating the G-quadruplex folding capabilities by the cG/cC scores. (iii) The PG4s with cG/cC scores higher than the threshold were selected as candidates for further analysis. Here, the threshold for determining whether PG4s can be folded was set to 2.05, as described in the study of Beaudoin et al. (2014). In total, we obtained 24 PG4s (Table 1) in the positive- and negative-sense strands for further analysis.


[image: Figure 2]
FIGURE 2. Detection and annotation of the potential G-quadruplexes (PG4s). (A) The schematic flow of PG4s detection. The G-quadruplex prediction tools, pqsfinder, QGRS Mapper, and G4CatchAll were utilized for the prediction of PG4s. BEDTools and the cG/cC scoring system were applied to merge and score the PG4s. After screening, the PG4s that were used in this study were generated. (B) Visualization of the PG4s in the SARS-CoV-2 genome. Top: the genome organization of SARS-CoV-2. Bottom: the average ΔG° z-score for each nucleotide (blue curve) in the SARS-CoV-2 genome; the location of PG4s are plotted with red vertical lines. The order of PG4s is marked with a black box. Please note that only the PG4s in the positive-sense strand are visualized.



Table 1. The potential G-quadruplexes (PG4s) found in severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2).

[image: Table 1]

To annotate the PG4s, the reference annotation data (in gff3 format) of SARS-CoV-2 were downloaded from the NCBI database with the accession number of NC_045512. First, we focused on the PG4s in the positive-sense strand. Fifteen of the 24 PG4s (67.5%) were located in the positive-sense strand (Table 1); most of them were harbored in non-structural proteins including nsp1, nsp3, nsp4, nsp5, nsp10, and nsp14, with the remaining ones located in the spike protein, orf3a, and the membrane protein. Second, we examined the PG4s in the negative-sense strand, which is an intermediate product of replication. Nine PG4s were scattered in the negative-sense strand (Table 1).

To further characterize the potential canonical secondary structures competitive with G-quadruplexes, the landscape of thermodynamic stability of the SARS-CoV-2 genome was depicted by using ΔG° z-score (Andrews et al., 2020). In general, a positive ΔG° z-score implies that the secondary structure of this region tends to be less stable than the randomly shuffled sequence with the identical nucleotide composition, while a negative ΔG° z-score signifies higher stability than the randomly shuffled sequence. For each nucleotide in the SARS-CoV-2 genome, the ΔG° z-score was calculated for all the 120 nt windows covering the nucleotide, and an average ΔG° z-score was deduced then. Several PG4s are located in positions with a locally higher average ΔG° z-scores (Figure 2B) which implied the relative instability of a canonical secondary structure and the lower possibility to adopt such a competitive structure against the G-quadruplex structure, which may ultimately favor the formation of G-quadruplex structure.



Potential G-Quadruplexes in SARS-CoV-2 Show Analogical Features With the rG4s in the Human Transcriptome

In 2016, Chun Kit Kwok and coworkers profiled the RNA G-quadruplexes in the HeLa transcriptome by using the RNA G-quadruplex sequencing (rG4-seq) technology, and quantified the diversity of these RNA G-quadruplexes (Kwok et al., 2016). We set out to address the question of whether the potential G-quadruplexes in SARS-CoV-2 showed analogical features with the G-quadruplexes found in the human transcriptome and if these PG4s have the ability to form G-quadruplex structures. We noticed that the PG4s in SARS-CoV-2 are all in the two-quartet style. Therefore, we retrieved the two-quartet RNA G-quadruplex sequence data generated in the rG4-seq experiment under the condition of K+ and pyridostatin (PDS). However, for some RTS (reverse transcriptase stalling) sites labeled as two-quartet, there may exist overlapping G-quadruplexes with different loops (e.g., GGCACAGCAGGCATCGGAGGTGAGGCGGGG), and it is difficult to determine which one was formed in the experiment. In order to eliminate the ambiguity, only the RTS sites containing non-overlapping two-quartet G-quadruplex (e.g., GTCATTTTTTGTGTTTGGTTTGGTGGTGGC) were considered.

First, we investigated the loop length distribution pattern of the two-quartet PG4s in both SARS-CoV-2 and the human transcriptome (Figure 3A). As a whole, the two-quartet PG4s in SARS-CoV-2 and the human transcriptome displayed similar loop length distribution patterns, and the loop length of the PG4s in SARS-CoV-2 falls into the scope of the ones from the human transcriptome. The distributions of loop length between the SARS-CoV-2 PG4s and the human two-quartet G-quadruplexes did not show discrepancies (Supplementary Figure 1, Wilcoxon test, p = 0.4552).


[image: Figure 3]
FIGURE 3. Feature comparison of potential G-quadruplexes found in rG4-seq and SARS-CoV-2. (A) The dot chart represents the number of two-quartet G-quadruplex loops with different lengths in the human transcriptome and SARS-CoV-2, respectively. Top: G-quadruplex in the human transcriptome. Bottom: G-quadruple in SARS-CoV-2. (B) The red boxplot shows the ratio of cytosine in the human transcriptome two-quartet G-quadruplex loops, and the blue boxplot displays the ratio of cytosine in the SARS-CoV-2 PG4 loops.


Considering the fact that the presence of multiple cytosine tracks may hinder the formation of G-quadruplex structures (Beaudoin, 2010; Beaudoin et al., 2014), we examined the cytosine ratio in G-quadruplex loops (Figure 3B). No significant difference in loop cytosine ratios was observed between the SARS-CoV-2 PG4s and the human two-quartet G-quadruplexes (Wilcoxon test, p = 0.9911), which suggested that the loop cytosine ratios between the two types of G-quadruplex were similar.

Taken together, our results suggested that the PG4s in SARS-CoV-2 displayed similar features to the rG4s in the human transcriptome.



Potential G-Quadruplexes Are Under Heightened Selective Constraints in Bat- and Pangolin-Related Betacoronaviruses

Recent research revealed that the G-quadruplexes in human UTRs (untranslated regions) are under selective pressures (Lee et al., 2020), and some coronaviruses on bats and pangolins are closely related to SARS-CoV-2 (Lam et al., 2020; Zhang T. et al., 2020). Consequently, we wondered whether the potential G-quadruplexes in the SARS-CoV-2 genome are under heightened selective constraints. We collected some betacoronavirus genomic sequences of bats and pangolins from several public databases and used the NJ (neighbor-joining) method to construct the phylogenetic tree with 1,000 bootstrap replications (Supplementary Figure 2). The RS (rejected substitutions) score for each site in the SARS-CoV-2 reference genome was evaluated by using the GERP++ software.

We checked the RS score difference between the G-tract (continuous runs of G) nucleotides and other nucleotides. A significant discrepancy was observed, which means that the G-tract nucleotides exhibit heightened selective constraints than other nucleotides in the SARS-CoV-2 genome (Figure 4A, Wilcoxon test, p = 9.254 × 10−8). Considering that the G-tracts are composed of guanines, the conservation of guanines in and outside the G-tracts in the SARS-CoV-2 genome were also compared. We discovered that the guanines in G-tracts are under heightened selective constraints (Figure 4B, Wilcoxon test, p = 3.363 × 10−3). The nucleotides within G-tracts are more relevant to the G-quadruplex structural maintenance than the loops. Then we compared the G-tract and loop RS scores. As a result, the G-tract RS scores were significantly higher than that of the loops (Figure 4C, Wilcoxon test, p = 3.962 × 10−7), which suggests that the G-tracts experienced stronger selective constraints.


[image: Figure 4]
FIGURE 4. Potential G-quadruplexes exhibit heightened selective constraints in bat and pangolin related betacoronavirus. (A–C) Boxplot showing the difference of nucleotide RS scores in G-tract, other nucleotides, other guanines, and PG4 loops (**p ≤ 0.01, ****p ≤ 0.0001). (D) Test of the RS score difference between the fragments containing PG4s and the randomly selected fragments. The abscissa indicates the round of the test, while the ordinate represents the p-value for each round.


We also checked if the PG4s that are under heightened selective constraints is relevant to its inherent properties rather than the sequence contexts. A random test was performed to check whether the fragments containing PG4s manifested different average RS scores compared with random fragments in the SARS-CoV-2 genome. The fragments containing PG4s were designated as the sequence 100 nt upstream and downstream of the PG4 centers. We conducted 1,000 rounds of tests. In each test, we randomly selected 50 fragments from the SARS-CoV-2 genome with a length of 200 nt and carried out the Wilcoxon test to assess the average RS score difference among the randomly selected fragments and the fragments containing PG4s. The p-value for each round was retained. As a result, no evident difference was observed as few p-values (13/1,000) were < 0.05 (Figure 4D), suggesting that PG4s that are under heightened selective constraints are more likely to be related to its inherent properties rather than sequence contexts.



SARS-CoV-2 Contains Similar SUD to SARS-CoV

SARS-CoV and SARS-CoV-2 share similar nucleic acid sequence compositions, and both can cause acute disease symptoms. It has been confirmed that the SUD in the SARS-CoV could bind to the G-quadruplex structures in human transcripts (Tan et al., 2009), but whether SARS-CoV-2 possesses a similar SUD structure remains unclear. Thus, we explored whether the SARS-CoV-2 genome contains the protein-coding sequence potentially encoding SUD-homology and whether SARS-CoV-2 retains the ability to bind RNA G-quadruplex structures. We collected the ORF1ab amino acid sequences of some coronaviruses belonging to different genera, including seven known coronaviruses that can infect humans. The SUD-homology amino acid sequence was absent in some coronaviruses, especially in alpha, gamma, and delta coronaviruses (Supplementary Figure 3). In contrast, the SUD-homology sequence was retained in several betacoronavirus, particularly in bat- and pangolin-associated ones. Moreover, among the seven coronaviruses that can infect humans, only SARS-CoV and SARS-CoV-2 kept the SUD or SUD-homology sequence, while the sequence in MERS-CoV, HCoV-229E, HCoV-NL63, HCoV-OC43, and HCoV-HKU1 were depleted. Next, we examined the eight key amino acid residues in SUD that are related to G-quadruplex binding affinity according to the previous reports (Figure 5A). Almost all the key amino acid residues are reserved in SARS-CoV-2, with one exception of a conservative replacement of K (Lysine) with R (Arginine). The conservation of the eight amino acid residues within SARS-CoV-2 samples was then investigated, to see if these residues were conserved and the G-quadruplex binding ability of SUD-homology was essential for SARS-CoV-2. We retrieved the nucleotide sequence alignment file of 16,466 SARS-CoV-2 samples from the GISAID database and calculated the mutation frequency for each nucleotide. As a result, limited mutation frequencies were found in the eight amino acid residues compared to the whole genome average mutation frequency (Figure 5B, frequency = 3.96). Although eight nucleotide mutations were detected of glutamate (2,432 E), seven of them were synonymous mutations. Next, we checked the electrostatic potential pattern of the SUD-homology dimer from SARS-CoV-2. The positively charged patches were observed in the core of the SUD-homology dimer, which was surrounded by negatively charged patches (Figure 5C). In contrast, when the dimer was rotated 180°, a slightly inclined narrow cleft with negative potential accompanied by the positively charged patches was discovered (Figure 5D). The above results indicated that the SUD-homology dimer of SARS-CoV-2 and the SUDcore (a shortened version of SUD) dimer of SARS presented analogical electrostatic potential patterns [see ref (Tan et al., 2009) for more details about the electrostatic potential surface of the SUDcore homodimer in SARS]. Similar to the SUD dimer of SARS, we identified the positively charged patches located in the center and back of the SARS-CoV-2 SUD-homology dimer that can potentially bind the G-quadruplex structures (Figures 5C,D).


[image: Figure 5]
FIGURE 5. SARS-CoV-2 contains the SARS-unique domain (SUD)-homology sequence and dimer structure. (A) Sequence alignment of four different genera coronaviruses. The shapes in various colors mark different kinds of coronaviruses. The color bar represents different genera of coronaviruses (orange, alphacoronavirus; blue, betacoronavirus; green, gammacoronavirus; purple, deltacoronavirus). The gray histogram shows the consensus of the alignment sites. The eight amino acid residues related to the G-quadruplex binding affinity are labeled by red arrows. (B) Nucleotide mutation count of eight amino acid residues among 16,466 SARS-CoV-2 samples. (C,D) The electrostatic potential surface of the SARS-CoV-2 SUD-homology dimer with different orientations [the front (C) and rotate 180° (D)]. The blue and red showed positive and negative potentials, respectively. The positively charged patches in the center (C) and back (D) of the SUD-homology dimer might be the binding domain for G-quadruplexes.





DISCUSSION

The COVID-19 pandemic has caused huge losses to humans and made people pay more attention to public health. A large number of scientists around the world have participated in the fight against the epidemic. The SARS-CoV-2 coronavirus is the key culprit responsible for the outbreak, and no specific inhibitor drugs have been developed yet. G-quadruplexes have shown tremendous potential for the development of anticancer (Han and Hurley, 2000; Balasubramanian et al., 2011; Miller and Rodriguez, 2011; Neidle, 2017) and antiviral drugs (Perrone et al., 2015; Ruggiero and Richter, 2018, 2020), as G-quadruplexes can interfere with many biological processes that are critical to cancer cells and viruses. Therefore, it is necessary to quantify and characterize the PG4s in the SARS-CoV-2 genome to provide a possible novel method for the treatment of COVID-19.

In this study, besides three popular G-quadruplexes prediction tools, the cG/cC scoring system, which is specially designed for the identification of RNA G-quadruplexes, was adopted to determine the PG4s. Indeed, we did not find the G-quadruplexes with three or more G-quartets, which are generally considered to be more stable than the two-quartet G-quadruplexes. One of the controversial issues lies on the stability of the two-quartet G-quadruplexes, especially the folding capability of those G-quadruplexes in vivo. However, it is well-acknowledged that the RNA G-quadruplexes is more stable than their DNA counterparts (Joachimi et al., 2009; Zaccaria and Fonseca Guerra, 2018) and SARS-CoV-2 is a single-strand RNA virus, which may be conducive to its structure formation. Several emerging studies have demonstrated the formation of two-quartet G-quadruplexes in viral sequences (Perrone et al., 2013; Murat et al., 2014; Fleming et al., 2016; Wang et al., 2016a; Zahin et al., 2018; Majee et al., 2020; Zhang Y. et al., 2020), which could serve as antiviral elements under the presence of G-quadruplex ligands. We also did a comprehensive search for viral two-quartet G-quadruplexes, whose formation has been confirmed by experimental methods in vitro, and a total of 16 two-quartet G-quadruplexes were found (Supplementary Table 5). The potential G-quadruplexes in SARS-CoV-2 showed a lower cytosine ratio in loops than that in experimental validated viral G-quadruplexes (Supplementary Figure 4A, Wilcoxon test, p = 0.0018), which is a positive signal for the G-quadruplex formation in SARS-CoV-2. When looking at the loop lengths, the experimental supported G-quadruplexes in other viruses displayed a short and concentrated distribution mode, while the potential G-quadruplexes in SARS-CoV-2 exhibited a relatively uniform distribution mode in <8 nt, which is a hint that maybe part of the sequence could form G-quadruplex structures (Supplementary Figure 4B). The cG/cC scores of the experimental supported G-quadruplexes in other viruses and their 15 nt flanking sequences were calculated as well (Supplementary Table 6). The cG/cC scores of some potential G-quadruplexes in SARS-CoV-2 were relatively high (Supplementary Figure 5); however, the overall cG/cC scores for the potential G-quadruplexes in SARS-CoV-2 were low. When only considering the G-quadruplex sequences itself, the potential G-quadruplexes in SARS-CoV-2 presented higher cG/cC scores (mean = 52.51, standard deviation = 77.29), while the experimental supported G-quadruplexes displayed relatively lower cG/cC scores (mean = 24.39, standard deviation = 37.27). These observations suggest that some of the potential G-quadruplexes in SARS-CoV-2 could be folded into secondary structures. Moreover, the K+ (potassium ion), one of the primary positive ions inside human cells, can strongly support the formation of G-quadruplexes. Nevertheless, whether the SARS-CoV-2 G-quadruplexes could form in vivo requires overwhelming proofs.

Most of the PG4s we detected were located in the positive-sense strand. The G-quadruplex forming sequences in the SARS-CoV genome were presumed to function as the chaperones of SUD, and their interaction was essential for the SARS-CoV genome replication (Kusov et al., 2015). ORF1ab that encodes the replicase proteins is required for the viral replication and transcription. Some PG4s were found to harbor in ORF1ab, and whether these PG4s were related to the replication of the viral genome and interacted with the G-quadruplex binding domain in SARS-CoV-2 is worthy of further investigation. In addition to ORF1ab, there exist several PG4s in the structural and accessory protein-coding sequences as well as the sgRNAs that contain the above protein sequences. Some studies have characterized the impact of G-quadruplex structures on the translation of human transcripts, and an apparent inhibitory effect was observed (Kumari et al., 2007; Beaudoin, 2010; Shahid et al., 2010). The translation of some SARS-CoV-2 proteins requires the involvement of human ribosomes; thus, it is possible to repress the translation of SARS-CoV-2 proteins via stabilizing the G-quadruplex structures. In fact, this inhibition effect has been reported in some other viral studies (Wang et al., 2016b; Majee et al., 2020). The negative-sense strand serves as templates for the synthesis of the positive-sense strand and the subgenomic RNAs. The identified potential G-quadruplexes were broadly distributed in the negative-sense strand of SARS-CoV-2. Notably, we observed one PG4 located at the 3′ end of the negative-sense strand. A previous study confirmed that the stable G-quadruplex structures located at the 3′ end of the hepatitis C virus negative-sense strand could inhibit the RNA synthesis by reducing the activity of the RdRp (RNA-dependent RNA polymerase) (Jaubert et al., 2018). Therefore, it is necessary to further investigate whether the PG4 at the 3′ end of the negative-sense strand of SARS-CoV-2 could inhibit RNA synthesis. In addition, recent studies have detected high-frequency trinucleotide mutations (G28881A, G2882A, and G28883C) in the SARS-CoV-2 genome (Yao et al., 2020; Yin, 2020). G28881A and G28882A always co-occur within the same codon, which means a positive selection of amino acid (Mishra et al., 2020), but the consequence of the trinucleotide mutations was still elusive. We noticed that the trinucleotide mutations were in the G-rich sequence from 28,881 to 28,917 nt (5′ GGGGAACTTCTCCTGCTAGAATGGCTGGCAATGGCGG 3′). The potential G-quadruplex downstream of the trinucleotide mutations was filtered by the cG/cC score system as the presence of cytosine tracks within and flanking of the potential G-quadruplex reduce the cG/cC score; however, in fact, this potential G-quadruplex showed a relative lower MFE (Minimum Free Energy) among all the potential G-quadruplexes we detected. Whether the mutations have an internal causality with the G-rich sequence still needs to be elucidated.

The SUD in SARS, which is thought to be related to its terrible pathogenicity, has displayed binding preference to the G-quadruplexes in human transcripts (Tan et al., 2009). Our analysis revealed that the novel coronavirus SARS-CoV-2 contained a similar domain to SUD as well. Furthermore, several amino acid residues previously reported to be an indispensable part of the G-quadruplexes binding capability are almost retained in SARS-CoV-2. Further exploration indicated that the eight key amino acid residues were conserved in numerous SARS-CoV-2 samples across countries all over the world, suggesting the essentiality of the above residues. It is supposed that the binding of SUD to G-quadruplexes could affect transcript stability and translation, hence, impairing the immune response of host cells (Tan et al., 2009). The expression of host genes in SARS-CoV-2-infected cells is extremely inhibited (Kim et al., 2020); therefore, we speculate that the SARS-CoV-2 may possess a similar mechanism to SARS-CoV that can inhibit the expression of some important genes.

Herein, we briefly depict the possible role of G-quadruplexes in the antiviral mechanism and pathogenicity, and the development of certain G-quadruplex-specific ligands might be a promising antiviral strategy (Figure 6). We call for more researchers to shed light on the relationship between G-quadruplexes and coronaviruses. Only if we have a deeper understanding of coronaviruses can we better cope with the possible novel coronavirus pandemics in the future.


[image: Figure 6]
FIGURE 6. Possible role of G-quadruplexes in the antiviral mechanism and pathogenicity. Left part, G-quadruplexes can function as inhibition elements in the SARS-CoV-2 life cycle. Both the replication and translation could be affected by the G-quadruplex structures. The stable G-quadruplex structures in the 3′ end of the negative-sense strand may interfere with the activity of RdRp; hence, the replication of the negative-sense strands to the positive-sense strands is repressed, so that the SARS-CoV-2 genomes cannot be produced in large quantities. The G-quadruplex structures can suppress the translation process by impairing the elongating of ribosomes, which can hinder the production of proteins required for the virus. The G-quadruplex structures could be stabilized by the specific ligands to enhance the inhibitory effects, which is a promising antiviral strategy. Right part, a possible mechanism for SARS-CoV-2 to impede the expression of human genes. G-quadruplex structures, particularly with longer G-stretches, are the potential binding targets for the G-quadruplex binding domain in SARS-CoV-2, and the interaction of the G-quadruplex binding domain of SARS-CoV-2 with G-quadruplex structures possibly leads to the transcript instability or obstructing of the translation efficiency.
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Preeclampsia (PE) is a pregnancy-related disease defined as onset of hypertension and proteinuria after the 20th week of pregnancy, which causes most maternal and perinatal morbidity and mortality. Although placental dysfunction is considered as the main cause of PE, the exact pathogenesis of PE is not yet fully understood. Long non-coding RNAs (lncRNAs) are implicated in a broad range of physiological and pathological processes, including the occurrence of PE. In this study, we investigated the expression and functions of HIF-1α pathway–related lncRNA-HEIPP (high expression in PE placenta) in the pathogenesis of PE. The expression of lncRNA-HEIPP in the placenta from women who underwent PE was screened by lncRNA microarray and then verified using real-time polymerase chain reaction. Then, the methylation profile of the lncRNA-HEIPP promoter and the enrichment of H3K4me3 binding were assessed by bisulfite pyrosequencing and chromatin immunoprecipitation (ChIP)–quantitative polymerase chain reaction (qPCR) assay, respectively. It was found that the level of lncRNA-HEIPP in the PE placenta was significantly higher than that in normal placenta and was increased in HTR-8/SVneo human trophoblast cells upon hypoxia treatment. Moreover, we reported that H3K4me3 manifested significantly higher promoter occupancy on lncRNA-HEIPP promoter in HTR-8/SVneo cells upon hypoxia treatment and found that the downregulation of lncRNA-HEIPP promoted trophoblast invasion. Our findings suggested that the hypoxia-induced expression of lncRNA-HEIPP mediated by H3K4me3 modification in trophoblast may contribute to the pathogenesis of PE.
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INTRODUCTION

Preeclampsia (PE) is a common complication of human pregnancy defined as the occurrence of hypertension and significant proteinuria after the 20th week of gestation, occurring in approximately 3 to 5% of all pregnancies and resulting in about 50,000 maternal deaths annually worldwide (Gormley et al., 2017). Preeclampsia is also the leading cause of fetal morbidity and mortality (Mayrink et al., 2018). It is characterized by maternal arterial pressure >140/90 mmHg and proteinuria >0.3 g/24 h after 20 weeks’ gestation (Armaly et al., 2018). Current studies suggested that the pathogenesis of PE is closely related to immune system and genetic dysfunctions (Hosseini et al., 2018; Yong et al., 2018). However, the dysfunction of placenta plays a central role in the pathogenesis of PE (Aouache et al., 2018; Gutierrez et al., 2019).

Recent studies have shown that abnormal trophoblast differentiation, migration, and apoptosis often cause decreased invasion of trophoblast cells and remodeling of uterine spiral artery, resulting in reduced uteroplacental perfusion (Cotechini et al., 2014; Chen and Khalil, 2017; Brosens et al., 2019). This further leads to hypoxia and inflammatory changes in the placenta, which will eventually lead to PE (Harati-Sadegh et al., 2018; Tong and Giussani, 2019). Recent studies have shown that the important phenotypes of PE, such as hypertension and proteinuria, are closely related with hypoxia inducible factor-1α (HIF-1α) (Wang et al., 2017; Alici Davutoglu et al., 2018). HIF-1α is a transcription factor that controls the expression of hypoxia-induced factors such as vascular endothelial growth factor (VEGF), platelet-derived growth factor, and so on (Kuzmanov et al., 2012; Zhang et al., 2019), which are considered to play important roles during the pathogenesis of PE. Recently, it has been found that long non-coding RNA (lncRNA) could regulate the invasion and apoptosis of trophoblast cell lines (Song et al., 2017; Xu et al., 2018), suggesting their potential roles in PE occurrence. However, whether hypoxia and HIF-1α regulate the expression of specific lncRNAs during PE has not been investigated yet. So, the objective of the current study is to investigate the differentially expressed lncRNAs in human placenta between normal pregnancy and PE and dissect the mechanisms underlying the regulation of lncRNAs by hypoxia as well as their functions in trophoblast cells migration.



MATERIALS AND METHODS


Patient Samples

All patients provided written informed consent, and this study was approved by the Human Research Ethics Committee of the Shanghai Changzheng Hospital at the Second Military Medical University. Thirty PE patients (mean age of 33.20 ± 0.46 years) and 30 control patients (mean age of 32.60 ± 0.47 years) who received a cesarean section were included in this study. Preeclampsia was clinically diagnosed before cesarean. The main criteria for PE diagnosis were as follows: systolic blood pressure ≥140 mm Hg or diastolic blood pressure ≥90 mm Hg on two occasions at least 4 h apar, and proteinuria >0.3 g/24 h. The control pregnancy was defined as no medical complications and proteinuria, and maternal blood pressure <140/90 mm Hg. Clinical characteristics and detailed information of all patients enrolled in this study are summarized in Table 1. The original demographic data of enrolled patients can be found in Supplementary Table 1. The placenta specimen was resected from the middle of villous lobule, avoiding any visible blood clot or calcification. To minimize blood contamination, each piece of tissue was intensively washed with ice-cold phosphate-buffered saline and then immediately snap-frozen in liquid nitrogen after resection. Of the 30 pairs of placenta samples, four pairs were randomly selected for lncRNA and mRNA microarray analysis, and the other samples were used for the following verification.


TABLE 1. Clinical characteristics of the pregnant women enrolled in this studya.
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RNA Extraction

Total RNA was extracted from snap-frozen placenta tissues obtained from PE placenta patients and control patients using TRIzol Reagent (Invitrogen, Carlsbad, CA, United States) according to the manufacturer’s instruction. The RNA integrity and concentration were evaluated using the NanoDrop ND-1000 spectrophotometer and 2100 RNA Nano 6000 Assay Kit (Agilent Technologies, Santa Clara, CA, United States).



RNA Microarray and Computational Analysis

RNA with RNA integrity number greater than 6.5 purified from total RNA following the removal of rRNA was amplified and transcribed into fluorescent cDNA along the entire length of the transcripts without 3′ bias utilizing random priming method, and cDNA was labeled and hybridized to the Human LncRNA Array V2.0 (8 × 60, Arraystar). In addition, 30,215 coding transcripts were detected using the microarray as well. The microarray was performed by KangCheng Bio-tech (Shanghai, China). The arrays were scanned using the Agilent Scanner G2505B (Agilent Technologies), and the acquired array images were analyzed using Agilent Feature Extraction software (version 11.5.1; Agilent Technologies). Quantile normalization and subsequent data processing were performed using GeneSpring GX v11.5.1 software package (Agilent Technologies).



Gene Ontology Pathway Analysis

To investigate the roles and associated pathways of differentially expressed lncRNAs and mRNAs, Gene Ontology (GO) pathway analysis was performed to annotate the transcripts with terms under the biological process, cellular component, and molecular function ontologies. GO annotations of microarray genes were downloaded from NCBI1, UniProt2, and the GO3. A Fisher exact test was performed in order to locate the significant enrichment pathway. The resulting P-values were adjusted using the Benjamini–Hochberg false discovery rate (BH FDR) algorithm. Pathway categories with a FDR < 0.05 were reported.



Quantitative Reverse Transcription Real-Time Polymerase Chain Reaction

Total RNA (2 μg) was reverse transcribed with random hexamers using the Reverse Transcription System Kit (Promega Corporation, Madison, WI). LncRNA expression in placenta tissues was quantified using a standard quantitative reverse transcription real-time PCR (qRT-PCR) on the StepOne Plus system (Applied Biosystems, Foster City, CA, United States), in a total reaction volume of 20 μL, including 10 μL SYBR Premix Ex Taq (2x), 1 μL of PCR Forward Primer (10 uM), 1 μL of PCR Reverse Primer (10 uM), 2 μL of cDNA, and 6 μL of double-distilled water. Primer sets are listed in Supplementary Table 2. The qRT-PCR was performed with an initial denaturation step of 10 min at 95°C; 95°C (15 s), 60°C (30 s), 72°C (30 s) for a total 40 cycles; and a final extension step at 72°C for 5 min. All experiments were performed in triplicate. All samples were normalized to GAPDH. The geometric mean in each triplicate was used to calculate the relative lncRNAs concentrations (ΔCt = Ct of lncRNAs − Ct of GAPDH). The fold change of expression was calculated using the 2–Δ Δ Ct method.



Cell Line and Hypoxia Treatment

The immortalized EVT cell line HTR-8/SVneo was used. The cells were maintained in RPMI-1640 supplemented with 5% fetal calf serum, 1% L-glutamine 200 mM, and 1% penicillin–streptomycin (all from Invitrogen) under an atmosphere of 5% CO2 at 37°C. To establish the hypoxia model, the cells were exposed to 94%N2/1% O2/5% CO2 for 2, 24, 48, and 72 h. The control group was cultured under normal air condition for the corresponding period.



HIF-1α Overexpression in HTR-8/SVneo Cells

The coding sequence of human HIF-1α was amplified by PCR from human genomic DNA libraries (GENECHEM Company, Shanghai, China) and was subcloned into the pEZ-MO2 plasmid via homologous recombination according to manufacturer’s protocol (Hieff Clone® Plus One Step Cloning Kit, YEASEN, Shanghai, China) to construct pEZ-MO2–HIF-1α overexpression. The sequence of the construct was confirmed by DNA sequencing at Sangon Biotech Company (Shanghai, China). The HTR-8/SVneo cells at 70% confluence were transiently transfected with pEZ-MO2-HIF-1α plasmid for 48 h using Lipofectamine 3000 (Invitrogen) according to manufacturer’s instructions. The empty pEZ-MO2 plasmid was also transfected as negative control (NC).



Small Interfering RNA Transfection

lncRNA-HEIPP in HTR-8/SVneo cells were knocked down by transfection of preannealed stealth small interfering RNA (siRNA) duplexes designed online by Thermo Fisher’s BLOCK-iTTM RNAi Designer4, using Lipofectamine RNAiMAX transfection reagent (Invitrogen). Silencer® Negative Control #1 siRNA (si-NC, AM4611, Ambion) was transfected as an NC. The efficiency of knockdown was determined by RT-PCR.



Cell Counting Kit-8 Cell Proliferation Assay

Cell viability was assessed using the Cell Counting Kit-8 (Dojindo Laboratories, Kumamoto, Japan) according to the manufacturer’s protocol. Cell proliferation curves were plotted using the absorbance at each time point (0, 12, 24, and 48 h). All experiments were performed in triplicate.



Matrigel Invasion Assay

The invasion of HTR-8/SVneo cells across Matrigel was objectively evaluated in an invasion chamber according to the manufacturer’s protocol (Millipore). The cells transfected with si-NC or si-HEIPP (10 and 30 μL) were plated in the upper chambers of 24-well plates at a density of 1.0 × 104 cells/well in RPMI-1640 medium containing 5% fetal bovine serum; the membrane pore of the Transwell chamber was 8 μm in diameter. The membranes were coated with Matrigel (BD, United States) to form matrix barriers at the concentration of 200 μg/mL. A 700-μL aliquot of RPMI-1640 medium containing 10% FBS was immediately placed in the lower well of the chamber as a chemoattractant. After incubation for 48 h at 37°C, cells were completely removed from the upper surface of the filter using a sterile cotton swab, and cells that had migrated to the lower surface were fixed and stained with 0.1% crystal violet. Finally, the cell migration ability was determined by counting the number of stained cells on the membranes in 10 randomly selected, non-overlapping fields at 20× magnification under microscope. The migration index was calculated as the ratio of the percentage of cell migration in the various treatments to that of the vehicle. Each experiment was performed in triplicate and repeated three times.



Bisulfite Pyrosequencing

Bisulfite pyrosequencing was used to quantity DNA methylation at two sites in the DMR of the lncRNA-HEIPP gene. Two micrograms of DNA was subjected to bisulfate conversion using the EpiTect Bisulfite Kit (59104) (Qiagen Ltd., GmbH, Hilden, Germany). Pyrosequencing primers were designed using PyroMark Assay Design 2.0 (Qiagen Ltd., GmbH, Hilden, Germany) and listed in Supplementary Table 2. One hundred nanograms of bisulfite-converted DNA was PCR amplified in a 50-μL reaction volume containing 5 × PCR buffer (KAPA Ltd., United States), 10 mM of each dNTP (KAPA Ltd., United States), 50 mM forward and reverse primers (BGI Inc., Shanghai, China), and 1 U DNA polymerase (HotStart Taq, KAPA Ltd). The PCR cycling parameters were 95°C for 3 min; 40 cycles of 95°C for 30 s, a variable annealing temperature (Ta) for 30 s, and 72°C for 1 min; and extension at 72°C for 7 min. A 25-μL aliquot of each PCR product was subjected to pyrosequencing using the PyroMark Q96 ID Pyrosequencer (Qiagen Ltd.) following the manufacturer’s recommended protocols. The degree of methylation at each CpG site was determined using Pyro Q-CpG Quantification software. All samples were analyzed in triplicate.



ChIP Assay

The HTR-8 trophoblast cell line was used for ChIP-based analysis for enrichment of H3K4me3 on lncRNA-HEIPP promoter. ChIP assays were conducted according to the manufacturer’s instruction (Millipore, 17-10086). The chromatin extracted from cells was sheared, subjected to immunoprecipitation with H3K4me3 (Abcam) or immunoglobulin G (IgG) (Millipore) antibodies, reverse cross linked, and subjected to quantitative ChIP- PCR (qChIP). The qChIP was performed on sheared DNA with following primers: SP1: F: 5′ ATTTTGCTTCC TATCCCT 3′, R:5′ ACCGACAATCTCCTCAGT 3′, SP2: F: 5′ GA CTGAGGAGATTGTCGGT 3, R: 5′ CTTATGATGGTCTGGGT GA 3′, SP3: F: 5′ TGGAGGAGGGAGATGACA 3′, R: 5′ TGGA GGAGGGAGATGACA 3′, SP4: F: 5′ CATGCCCTCTCAGC CTAAC 3′, R: 5′ AGTCCCCCCAAGAAAAACA 3′. The four pairs of primers amplified −324 to −1,288 bp region upstream from the transcriptional starting site of lncRNA-HEIPP. The results were normalized to input and expressed as a percentage of the fold difference. IgG was used as an NC. Data were obtained from at least three independent experiments.



Statistical Analysis

All data are expressed as mean ± SD (standard deviation), and all statistical analyses were performed using the SPSS statistical software package (SPSS, Inc., Chicago, IL, United States). All the data were tested for homogeneity of variance by Bartlett test before analyzing the significance. Comparisons were made using Student t-test and analysis of variance. P < 0.05 was considered statistically significant.



RESULTS


Differential Expression of lncRNAs in Placenta Between PE and Normal Patients

The demographic data of PE women and normal pregnant women are summarized in Table 1. There was no significant difference in maternal age between normal pregnancies and pregnancies with PE (P > 0.05). The systolic and diastolic blood pressure was significantly higher in pregnant women with PE (P < 0.001). The average proteinuria is 2.62 ± 0.20 g/24 h, which means that the cases enrolled this study were severe PE patients (proteinuria >2.0 g/24 h). Women from the PE group delivered earlier than normal pregnant women mostly due to the medical termination of the pregnancy, which is the major cause of the lower infant birth weight in the PE group, as there was no intrauterine growth restriction patient in the PE group enrolled in this study.

As the transcriptome of the placenta is dynamically changed during advancing gestation (Deyssenroth et al., 2017), to ensure the identical or similar baselines between the two disease groups, we selected four pairs of PE patients and controls with matched gestational age within 2 weeks (Supplementary Table 1). We aligned lncRNA array data into RefSeq_NR, UCSC, and Ensembl database and compared the lncRNA expression levels between four human PE placenta (P) and four normal samples (N). The expression profiles of lncRNAs were shown by calculating the log-fold change (P/N). Among these lncRNAs, 405 were consistently upregulated, and 344 lncRNAs were consistently downregulated (Figure 1A). The clustering analysis also showed the differential expression patterns of mRNAs between PE placentas and normal samples (Figure 1B). The complete dataset regarding the significantly upregulated and downregulated lncRNA or mRNA was deposit on the public repository5.
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FIGURE 1. Heatmap and hierarchical clustering of lncRNA expression (A) and mRNA expression (B) between the preeclampsia placenta (Exp) and normal samples (Normal).




GO Pathway Analysis

GO pathway analysis was performed to determine the lncRNA and mRNA enrichment in biological processes, cellular components, and molecular functions. HIF-1α pathway is known to play an important role in the pathogenesis of PE and identified as one of the most significant enrichment signaling pathways under our experimental settings (Figure 2A and Supplementary Table 3). We found that a number of lncRNAs and molecules are closely related with HIF-1α pathway (Figure 2B), and the top 10 lncRNAs (AF064860.7, AC027612.3, RP11-244N9.4, RP11-574M7.1, RP11-80I15.4, RP11-939C17.2, XLOC_013276, AC023085.1, AC009236.1, and RP11-184D12.1) showing mostly dramatic different expression between PE and normal placentas were selected for further validation (Supplementary Table 4).
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FIGURE 2. (A) The top 15 signaling pathways that were most significantly enriched in PE placenta compared with normal placenta. (B) Top 10 lncRNAs related with HIF-1α pathway: AF064860.7, AC027612.3, RP11-244N9.4, RP11-574M7.1, RP11-80I15.4, RP11-939C17.2, XLOC_013276, AC023085.1, AC009236.1, and RP11-184D12.1.




Validation of Differentially Expressed lncRNAs

To further validate the preliminary data from microarray, we performed qRT-PCR to determine the expression of the ten candidate lncRNAs related with HIF-1α pathway in 30 PE placenta tissues and 30 normal placenta tissues. We found that 6 of the 10 lncRNAs manifested significant upregulation in PE samples compared with normal samples (Figure 3A), which are consistent with the array results. Among the six lncRNAs, lncRNA-AF064860.7 showed the most significant differences between PE samples and normal samples, so that we named it lncRNA-HEIPP (high expression in PE placenta).
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FIGURE 3. (A) Verification of 10 lncRNAs related with HIF-1a pathway in 30 preeclampsia placenta tissues and 30 normal placenta tissues using qPCR. (B) Time-dependent changes of the six candidate lncRNA expression upon hypoxia treatment in HTR-8/SVneo cells. (C) The overexpression of HIF-1α increased the expression of lncRNA-AF064860.7 (lncRNA-HEIPP) in HTR-8/SVneo cells. *p < 0.05, **p < 0.01.


In the HTR-8/SVneo human trophoblast cell lines, we found that hypoxia could induce the expression of lncRNA-HEIPP, which reached the highest level at 24 h upon hypoxia treatment (Figure 3B). Although the other five candidate lncRNAs also showed time-dependent changes of expression upon hypoxia treatment, the increasing trend and fold change were less significant than that in lncRNA-HEIPP. Moreover, the overexpression of HIF-1α increased the expression of lncRNA-HEIPP, further suggesting the interaction between HIF-1α pathway and lncRNA-HEIPP (Figure 3C).



Hypoxia Did Not Change the Methylation Profile of lncRNA-HEIPP Promoter in Placental Trophoblast Cells

As the epigenetic regulatory elements such as DNA methylation and H3K4me3 occupancy were critical for the gene expression regulation in placental development and trophoblast invasion (Apicella et al., 2019; Kwak et al., 2019), we analyzed the epigenetic regulatory elements of lncRNA-HEIPP in the placenta in PE versus controls. Specifically, compared to the normal oxygen condition, the DNA methylation levels of lncRNA-HEIPP promoter in HTR-8/SVneo human trophoblast cells increased along with the extension of hypoxia time, which reached the highest level at 24 h upon hypoxia treatment (Figure 4A). However, the increase of methylation level was not significant at each time point (Figure 4B).
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FIGURE 4. Methylation levels of lncRNA-HEIPP promoter in HTR-8/SVneo human trophoblast cells that underwent hypoxia. (A) The degree of methylation at each CpG site of lncRNA-HEIPP promoter between normoxia (left panel) and hypoxia (right panel) treatment at different time point. (B) The statistical graph showing the changes of methylation level of lncRNA-HEIPP promoter in HTR-8/SVneo human trophoblast cells that underwent hypoxia at different time point. n = 3, and all samples were analyzed in triplicate.




Binding of H3K4me3 in lncRNA-HEIPP Promoter Was Increased by Hypoxia Treatment

Enrichment of histone trimethylation at lysine 4 (H3K4me3) at lncRNA-HEIPP DMRs/promoters in HTR-8/SVneo human trophoblast cells that underwent hypoxia or normoxia was assessed using ChIP-qPCR. It was shown that the binding of H3K4me3 on lncRNA-HEIPP promoter was specifically enriched compared with the binding of IgG (Figure 5A). As shown in Figure 5B, the protein expression of H3K4me3 was not affected by hypoxia treatment. However, H3K4me3 manifested significantly higher promoter occupancy on lncRNA-HEIPP promoter in HTR-8/SVneo cells that underwent hypoxia for 24 h compared to those that underwent normoxia (Figure 5C), suggesting the histone modification, instead of the DNA methylation might be the epigenetic pathway that causes the increased expression of lncRNA-HEIPP in the placenta during PE undergone hypoxia.
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FIGURE 5. (A) ChIP analysis detected the enrichment of H3K4me3 binding on lncRNA-HEIPP promoter. (B) The protein expression of H3K4me3 in HTR-8/SVneo cells that underwent hypoxia and normoxia. (C) The changes of H3K4me3 occupancy on lncRNA-HEIPP promoter in HTR-8/SVneo cells that underwent hypoxia compared to those that underwent normoxia, **p < 0.01, n = 3.




Downregulation of lncRNA-HEIPP Promoted Trophoblast Invasion

Next, we assessed the biological functions of lncRNA-HEIPP in trophoblast cells. We knocked down the expression of lncRNA-HEIPP in HTR-8/SVneo human trophoblast cell line using HEIPP siRNA (si-HEIPP) and found that the proliferation of HTR8/SVneo cells was not affected (data not shown). However, the invasion of HTR8/SVneo cells was significantly promoted, compared to the cells treated with NC siRNA (Figure 6).
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FIGURE 6. (A) Transfection of si-HEIPP significantly knocked down the expression of lncRNA-HEIPP. (B) Downregulation of lncRNA-HEIPP promoted HTR8/SVneo trophoblast cells invasion, **p < 0.01.




DISCUSSION

Preeclampsia is a unique disease during pregnancy. It is a placental syndrome characterized by high blood pressure, edema, and proteinuria after 20 weeks of pregnancy (Gormley et al., 2017; Mayrink et al., 2018). Preeclampsia is the leading cause of perinatal and maternal death. At present, the PE incidence rate is 5–8% throughout the world and is 9.4% in China (Boriboonhirunsarn et al., 2017). Current studies strongly suggested that placenta play central roles in the pathogenesis of PE (Kawasaki et al., 2019). The proliferation and invasion of placental trophoblast cells are the key to successful pregnancy and embryonic development (Knofler and Pollheimer, 2013). The earlier study found that abnormal trophoblast differentiation, migration, and apoptosis often caused the decrease in the invasion of trophoblast cells and the failure of uterine spiral artery recasting, resulting in reduced uteroplacental perfusion and subsequently leading to PE (Kadyrov et al., 2006). However, the factors that affect placental trophoblast cells and the pathogenesis of PE have not been fully elucidated.

In recent years, epigenetic regulation has been revealed to play important roles in the embryonic development and the pathogenesis in many diseases. LncRNAs are a class of transcripts whose lengths exceed 200 nt. Initially, lncRNAs were thought to be transcribed noise. However, an increasing number of studies have reported that these lncRNAs have a series of important functions and participate in the development of many diseases, such as cancer (Liu et al., 2016), cardiovascular illnesses (Leung et al., 2013; Wang et al., 2016), and neurological illnesses (Jiang et al., 2016). Recently, some lncRNAs have been shown to be associated with PE (He et al., 2013; Chen et al., 2015; Zhang et al., 2015). However, their related pathways and regulation were not fully revealed yet. In our current study, we performed lncRNA microarray and found that 1,051 lncRNAs were upregulated, and 344 lncRNAs were downregulated in PE placenta compared with normal placenta, which is comparable to the microarray results from previous study that 738 differently expressed lncRNAs in the placentas of PE in comparison with normal pregnancies (He et al., 2013), but is much less than another study in which 15,646 upregulated and 13,178 downregulated lncRNAs were identified in the placenta tissues of early-onset PE patients (Long et al., 2016). However, in the latter study, the tissues were collected from early-onset PE patients, and the controls were preterm birth, and the biased factor, i.e., preterm labor, may partially explain the huge differences in the numbers of differentially expressed lncRNAs between studies.

The decreased trophoblast proliferation, migration, invasion, and stimulated apoptosis constitute the pivotal reasons leading to PE (Fu et al., 2013). Previous studies revealed different lncRNAs that affect cellular functions of trophoblast cells (Cao et al., 2017; Song et al., 2017; Jiao et al., 2018; Li et al., 2018). However, the hypoxia and HIF-1α–induced pathways play central roles in the pathogenesis of PE (Korkes et al., 2017; Harati-Sadegh et al., 2018; Tong and Giussani, 2019), whereas no HIF-1α–related lncRNAs have yet been revealed in the previous studies. In the current study, we first showed that lncRNAs related with HIF-1α pathway were significantly increased in PE placenta compared to normal placenta, among which lncRNA-HEIPP manifested most significant and time-dependent upregulation upon hypoxia treatment. In tumors, it was found that microRNAs and lncRNAs are important in enabling the key hypoxia-regulated processes (Ferdin et al., 2013; Choudhry et al., 2016). In placenta, some microRNAs, such as microRNA-218 and microRNA-18b, were shown to be induced by hypoxia and HIF-1a in PE patients (Fang et al., 2017; Wang et al., 2017). To our knowledge, lncRNA-HEIPP is the first lncRNA that was found to be upregulated by HIF-1a in placental tissues of PE patients. Moreover, Wang et al. (2018) also found that some lncRNAs, such as NONHSAT116812 and NONHSAT145880, were also confirmed in plasma specimens, making them to be potentially utilized as indicators for PE. Whether lncRNA-HEIPP can also be detected in plasma and used as novel indicators for PE warranted further confirmation.

In recent years, epigenetic regulation of placental gene expression has been considered to play an important role in human trophoblast differentiation (Gamage et al., 2018) and contribute to the onset of PE (Chelbi and Vaiman, 2008; Leavey et al., 2018). The studies showed higher expression levels of death domain-associated protein 6 (DAXX), MMP9, and BCL2 in placenta from PE tissue, and this increased expression was well correlated to promoter demethylation (Wang et al., 2010; Novakovic et al., 2017; Mohammadpour-Gharehbagh et al., 2019). However, a significant number of the observed methylation changes were not associated with corresponding changes in gene expression, and vice versa (Gamage et al., 2018; Leavey et al., 2018), indicating that alternate methods of epigenetic regulation will need to be explored in PE. Hypoxia was shown to alter the epigenetic profile in cultured human placental trophoblasts (Yuen et al., 2013). In this study, the DNA methylation levels of lncRNA-HEIPP promoter manifested increase upon hypoxia treatment, but the increases showed no significance at each time point after hypoxia. However, it was shown that the H3K4me3 occupancy of lncRNA-HEIPP promoter was significantly enriched in the PE placenta compared to the normal placenta. H3K4me3 is a histone modification marker that usually activates the gene transcription upon its binding to the promoter regions (Sati et al., 2012; Zhang et al., 2018; Fanucchi et al., 2019). These results suggested that the histone modification, instead of the DNA methylation, might be the epigenetic pathway that causes the increased expression of lncRNA-HEIPP in the placenta during PE.

Furthermore, we demonstrated that lncRNA-HEIPP knockdown promoted the invasion of trophoblasts. LncRNAs seem to contribute to PE via different pathways. LncRNA PRNCR1 promoted the progression of eclampsia by regulating the MAPK signal pathway (Jiao et al., 2018), while LncRNA CCAT1 promotes the progression of PE by regulating CDK4 (Li et al., 2018). As hypoxia usually induced the activation of JAK/STAT3 signaling pathway to promote trophoblast cell viability and angiogenesis in PE (Xu et al., 2017), whether the cellular functions of lncRNA-HEIPP were also mediated by JAK/STAT3 signaling pathway needs to be further investigated.



CONCLUSION

Our findings suggest that HIF-1a–related lncRNA-HEIPP is upregulated in the placenta from women who underwent PE mediated by the enriched binding of H3K4me3 in lncRNA-HEIPP promoter. LncRNA-HEIPP hampers the invasion of trophoblast cells and contributes to the pathogenesis of PE. Our results demonstrated that HIF-1a pathway–related lncRNA-HEIPP expression profile is a potentially new biomarker, and the manipulation of lncRNA-HEIPP may provide theoretical basis for prevention and treatment of PE.
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An Integrated Transcriptome Analysis Reveals IGFBP7 Upregulation in Vasculature in Traumatic Brain Injury
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Vasculature plays critical roles in the pathogenesis and neurological repair of traumatic brain injury (TBI). However, how vascular endothelial cells respond to TBI at the molecular level has not been systematically reviewed. Here, by integrating three transcriptome datasets including whole cortex of mouse brain, FACS-sorted mouse brain endothelial cells, and single cell sequencing of mouse brain hippocampus, we revealed the key molecular alteration of endothelial cells characterized by increased Myc targets and Epithelial-Mesenchymal Transition signatures. In addition, immunofluorescence staining of patients’ samples confirmed that IGFBP7 was up-regulated in vasculature in response to TBI. TGFβ1, mainly derived from microglia and endothelial cells, sufficiently induces IGFBP7 expression in cultured endothelial cells, and is significantly upregulated in response to TBI. Our results identified IGFBP7 as a potential biomarker of vasculature in response to TBI, and indicate that TGFβ signaling may contribute to the upregulation of IGFBP7 in the vasculature.
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INTRODUCTION

Traumatic brain injury (TBI), one of the leading cause of morbidity and disability, accounts for 30% of all injury-related deaths (Maas et al., 2008). It has been estimated that in the United States, an estimated 1.7 million people experience TBI annually, and 5.3 million people suffer TBI-related complications and sequela including long-term neurological and psychiatric disorders, chronic inflammation, and chronic traumatic encephalopathy (Nguyen et al., 2016; Jassam et al., 2017). TBI is a complicated pathophysiological process that can be divided into primary and secondary brain injuries (Sun et al., 2017). Primary injury is the direct damage of neural tissue caused by mechanical effect occurring at the moment of trauma (Silverberg et al., 2019). By contrast, secondary injury is the indirect injurious biochemical cascade initiated by primary insult, significantly contributing to the aggravation and high mortality of TBI (Bramlett and Dietrich, 2015; Silverberg et al., 2019). Secondary brain injury is mediated by several cellular and molecular pathways including excitotoxicity, inflammation, oxidative stress, and energy failure, and cerebral vasculature is a critical player to regulate these pathological processes (Jassam et al., 2017; Salehi et al., 2017; Simon et al., 2017). There is an increasing interest in the role that brain vasculature plays in the pathogenesis of TBI. Direct disruption of cerebral vasculature at the time of head impact leads to hemorrhage and blood flow abnormalities immediately after trauma, and dysfunction of vasculature leads to additional insults such as hypoxemia, hypoxia, hypo-perfusion, ischemia, and blood brain barrier (BBB) breakdown (Jullienne et al., 2016).

BBB is a specialized vascular structure in brain that maintains homeostasis and regulates the movement of molecular and cells across the brain vasculature (Yeoh et al., 2013). BBB disruption, as assessed by cerebrospinal fluid/serum albumin quotient, is found in 44% of non-penetrating TBI patients (Ho et al., 2014). Alteration of the vasculature in TBI causes vasogenic edema at both lesion and surrounding tissues resulting in tissue swelling and elevated intracranial pressure, contributing to about 50% of death in severe head injury (Marmarou, 2003). Moreover, increased vascular permeability observed in TBI patient allows harmful molecular and blood toxins into brain, which may lead to neuronal damage and long-lasting functional deficits (Badaut et al., 2011). In addition, up-regulation of cytokines/chemokines and leukocyte adhesion molecules in vascular endothelial cells (EC) augment inflammation and further increase the risk of edema formation and neuronal dysfunction (Ziebell and Morganti-Kossmann, 2010; Simon et al., 2017). Therefore, vasculature plays a critical role in the pathogenesis of TBI, and therapeutical manipulation of vasculature may represent a potential way for TBI treatment. However, how vascular EC respond to TBI at the molecular level has not been systematically reviewed.

Here, we integrated three transcriptome datasets in which the responses of whole cortex, FACS-sorted ECs, and isolated single ECs to brain injury were documented. Unbiased comparison by aligning three data sets to the same mouse genome revealed the key molecular alteration of ECs in response to brain injury. In addition, IGFBP7 was identified as a potential biomarker of vasculature in TBI pathogenesis.



MATERIALS AND METHODS


Sequencing Data Collection

The original sequencing data from three independent studies were obtained from the NCBI Sequence Read Archive (SRA) database1, including the mouse whole brain cortex RNAseq data (SRP072117, six samples), the FACS-sorted mouse brain endothelial RNAseq data (SRP100777, six samples), and the mouse brain hippocampus single cell RNAseq data (SRP113600, six samples). Each sample contains about 40–60 million RNA sequence reads.



Bulk RNAseq Data Analysis

The RNAseq sequencing data from the brain cortex and FACS-sorted EC were aligned to the mouse genome assembly (GRCm38) obtained from the Ensembl database using the TopHat2 software (version 2.1.1, with the following parameters: tophat2 -p 8 –keep-fasta-order –GTF < reference.gtf >< reference.genome >< read1.fastq >< read2.fastq >) (Kim et al., 2013). To quantify the differential expression between TBI and control groups, the default cuffdiff tests were performed using the Cufflinks tool (version 2.2.1, with the following parameters: cuffdiff -p 4 < reference.gtf >< control1.bam,control2.bam,control3.bam >< TBI1.bam,TBI2.bam,TBI3.bam >) (Trapnell et al., 2012). The genes with statistical multiple-test corrected (Benjamini-Hochberg) p-value smaller than 0.05 and more than 2-fold difference were selected as significant differentially expressed genes.

To compare the gene expression levels among different samples, heatmap visualization was performed using the pheatmap packages (version 1.0.12) with ward.D2 method. The genes were clustered using the Pearson correlation distance and the samples were clustered using the Euclidean distance.



Single Cell RNAseq Data Analysis

The single cell RNAseq data were processed using the Drop-seq tools (version 2.3.0)2 with default parameters as described in the paper (Arneson et al., 2018). The fastq files were aligned to the mouse genome assembly (GRCm38) and the digital expression counts for each cell were quantified using the default parameters. The single cell expression counts data were then imported into the Seurat package (version: 3.1.1) for cell type clustering and cluster marker identifications (Butler et al., 2018).



Gene Set Variation Analysis (GSVA)

The GSVA was performed using the R GSVA package (version 1.32.0). To identify the gene sets with significant changes, the 50 hallmark gene sets from the MSigDB collections were tested3 using the R limma package (version 3.40.6). The gene sets with statistical multiple-test (Benjamini-Hochberg) corrected p-value smaller than 0.05 were identified as significant.



Human TBI Sample Collection

The brain tissue was collected from the Department of Neurosurgery, Tianjin Medical University General Hospital, Tianjin 300052, PR China. The patient was an adult male. The preoperative Glasgow Coma Scale (GCS) was 11 points without underlying disease. The written informed consent from the patient was made before the surgery.

During the operation, the contusion tissue was extracted from the contusion area by bipolar electrocoagulation, and the brain contusion tissue was marked as TBI group. The control specimens were taken from the non-functional area about 1.5 cm from the tumor boundary of the glioblastoma patient. After removing the specimens, they were stored at -80°C. All human sample experiments were approved by the local hospital ethics committee.



Immunofluorescence Staining

After the specimens were taken out from -80°C, they were quickly embedded in optimal cutting temperature (O.C.T., Sakura, Oakland, CA, United States). Then, the specimens were cut into a thick coronal section of 6 μm, and immunofluorescence stained to determine the IGFBP7 and CD31 expression in the coronal brain section. The slices were first fixed in ice-cold methanol for 10 min and washed with phosphate buffered saline (PBS) for 10 min. Blocked with 3% BSA (Invitrogen) for 1 h at room temperature (RT). Then, the sections were incubated with the primary antibody against IGFBP7 (1:200, ab74169, Abcam) and CD31 (1:500, MA3105, Invitrogen) overnight at 4°C. The slides were washed three times with PBS plus 0.2% Tween (Sigma) and incubated with the secondary antibody Goat anti-Rabbit Alexa 555 (1:400, cat A-21428, Invitrogen) and Goat anti-Armenian hamster Alexa 488 (1:400, ab173003, Abcam) for 1 h at RT. After washing with PBS plus 0.2% Tween three times, the sections were mounted in Fluoromount (F4680, Sigma) containing 0.1% hoechst 33258 (14530, Sigma). Images were acquired by fluorescence microscope (Zeiss, Germany).



In vitro Stimulation of EC

Murine brain EC (bEND.3) were cultured in Dulbecco’s modified Eagle’s medium (DMEM) (Gibco) supplemented with 10% fetal bovine serum (Biological Industries) and 1% 100 mM Sodium Pyruvate (Gibco). Human umbilical vein EC (HUVECs) were maintained up to passage 14 in the same culture medium as described above. The bEND.3 cells and HUVECs were starved in DMEM with 1% FBS or 0.5% FBS, respectively, overnight and stimulated with TGFβ1 (2 ng/mL; Peprotech) for 72 h, VEGFA (50 ng/mL; Peprotech) for 72 h, or cobalt chloride (400 μM CoCl2; Sigma Aldrich) for 24 h, respectively. The experiment was performed duplicates and repeated three times for both bEND.3 cells and HUVECs.



Quantitative Real-Time Q-PCR

Total cell RNA was extracted with the RNeasy kit (Qiagen) and reverse-transcribed with the PrimeScript RT Master Mix (Takara). qPCR was performed on a Thermal Cycler iQ5 Multicolor Real-Time PCR Detection system (Bio-Rad) using TB Green Premix Ex taqTM II (Takara) and intron-spanning, gene-specific primers as listed below: mouse Hprt (forward: CAGTCCCAGCGTCGTGATTA, reverse: TGGCCTCCCATCTCCTTCAT); mouse Igfbp7 (forward: CTG GTGCCAAGGTGTTCTTGA, reverse: CTCCAGAGTGATCC CTTTTTACC); human HPRT (forward: CTTTGCTGACCT GCTGGATT, reverse: TCCCGTGTTGACTGGTCATT); human IGFBP7 (forward: GCGAGCAAGGTCCTTCCATA, reverse: TCTGAATGGCCAGGTTGTCC). Gene expression was normalized to the house keeping gene HPRT(Hprt).



RESULTS


Identification of Differentially Expressed Genes in TBI

In order to identify the genes that are differentially expressed in brain in TBI condition, we reanalyzed and integrated the data from three transcriptome sequencing profiling approaches (Table 1). These include one mouse whole cortex RNAseq study (Zhong et al., 2016), one mouse brain FACS-sorted endothelial RNAseq study (Munji et al., 2019), and one mouse brain single cell RNAseq study (Arneson et al., 2018). All three studies were performed with mouse TBI models and screened the gene expression changes at 24 h after TBI. The three datasets were processed differently in their corresponding studies. To achieve an unbiased comparison, we obtained the original sequence data for each sample and aligned them to the same mouse genome reference (Supplementary Table 1). Differentially expressed genes were identified by comparing the TBI and control in the respective studies. The complete gene analysis results from each of the three studies are listed in the supplements (whole cortex RNAseq study in Supplementary Table 2; FACS-sorted EC study in Supplementary Table 3; single cell RNAseq study in Supplementary Table 4).


TABLE 1. Summary of the characteristics of the three studies.
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In the whole cortex RNAseq study, 1,096 genes were tested as significantly differentially expressed (Supplementary Table 5). In the FACS-sorted EC study, 214 genes were identified (Supplementary Table 6).

For the single cell RNAseq study, all the qualified cells (N = 6,351, with 2,549 cells from the TBI samples and 3,370 cells from the control samples) were clustered and a pure endothelial cluster (n = 371) was identified (Supplementary Figure 1). Within the endothelial clusters, the comparison between the 185 cells in TBI samples and the 186 cells in the control samples yields 14 significantly differentially expressed genes (Supplementary Table 7).



Comparison and Integration of the Three Studies

We focused on the brain EC to evaluate and compare the results from three studies. First, we compared the two RNAseq studies (whole cortex and FACS-sorted EC). For a list of 10 well-known canonical EC markers, they showed a wild range of expression in RNAseq data, however, they all display significant enrichment in the FACS sorted EC samples (around 20–100-folds’ enrichment) (Figure 1A). In the results of differentially expressed genes, there were 184 genes differentially expressed in both studies (Figure 1B and Supplementary Table 8). Among these 184 genes, 170 genes were regulated in the same direction (both were up-regulated or down-regulated), and only 14 (8%) showed different regulation directions (Figure 1C).
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FIGURE 1. Comparison of the gene expression analysis results from the three studies. (A) Comparison of the average expression of whole cortex and FACS sorted EC RNAseq data. Ten well-known canonical EC markers are labeled. (B) Heatmap of the different expression of 184 DEGs in the two studies, using the pheatmap packages (version 1.0.12) with ward.D2 method. The color legend shows the relative expression. (C) Comparison of the log2 scaled fold change (TBI/Control) of the 184 DEGs in the two RNAseq studies. (D) Heatmap of the GSVA analysis of the three studies. The two RNAseq studies and the major cell types in the scRNAseq study are listed in the columns. The rows represent the 50 hallmark gene sets. The color legend shows the GSVA t statistics, and red color indicates up-regulation and blue color indicates down-regulation.


To identify the pathways that were affected during the TBI condition, Gene Set Variation Analysis (GSVA) was applied to each of the three datasets. The regulated hallmark gene sets in the two RNAseq studies as well as the major cell types in the single cell RNAseq studies were identified (Figure 1D). Myc targets and Epithelial-Mesenchymal Transition signature are enriched in samples from TBI in all three studies. Interestingly, both signatures are also enriched in tumor EC and associate with tumor angiogenesis (Lambrechts et al., 2018).

A comparison among the three different studies to identify differentially expressed genes (DEGs) in whole brain or brain EC is illustrated in Figure 2A. The DEGs of the three different studies are classified according to the up-regulated and down-regulated genes (Figure 2A). Totally, 1,135 different genes were identified by at least one study, and only three genes (Igfbp7, Fxyd5, and Itm2a) were consistently regulated in samples from TBI compared to control in all three studies. Among them, Igfbp7 and Fxyd5 are up-regulated, and Itm2a is down-regulated. Their detailed expression profile in the FACS-sorted EC samples is visualized in Figure 2B. All three genes showed EC specific expression in the single cell RNAseq study (Figure 2C). Expression of Igfbp7 and Itm2a in the vasculature can further be confirmed in the Allen Brain Atlas database (Figure 2D).
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FIGURE 2. Analysis of the three shared DEGs. (A) Venn diagram illustrating the overlaps of the DEGs identified in the three studies, and the arrow indicate the three shared DEGs. (B) The details of the gene expression regulation of Itm2a, Igfbp7, and Fxyd5 in the TBI study from the FACS sorted EC samples. (C) The dot plot illustrating the expression level and the expression percentage of Cldn5, Igfbp7, Fxyd5, and Itm2a in the major cell types identified from the scRNAseq study. Cldn5 is a commonly used EC maker and used as a reference. The size of the dot represents the expression percentage in the cell type and the color intensity represents the expression level. The well-known EC marker Cldn5 is used as a reference. EP, Ependymocyte; OPC, Oligodendrocyte progenitor cell; MG, Microglia; EC, endothelial cell; OL, Oligodendrocyte; AC, Astrocyte; NE, Neuron. (D) The vascular expression of Igfbp7 and Itm2a genes expression using the Allen Brain Atlas database. Scale bar, 400 μm.


To uncover whether alteration of the three genes is TBI specific or reflect a broader response to brain injury, we analyzed the expression of Igfbp7/IGFBP7, Fxyd5/FXYD5, and Itm2a/ITM2A in EC in response to stoke, seizure, and EAE in Munji’s study (Munji et al., 2019), as well as in the human glioblastoma vasculature in our previous study (Dieterich et al., 2012). Upregulation of Fxyd5 in endothelial cells was observed in TBI and seizure. Down-regulation of Itm2a in endothelial cells was detected in TBI, seizure, and EAE (Supplementary Table 9). Igfbp7/IGFBP7 expression was up-regulated in all these disease models as well as glioblastoma vasculature (Supplementary Table 9), suggesting that its up-regulation is a universal response in EC to pathological alterations rather than TBI-specific.



IGFBP7 Is Upregulated in the Vasculature in Response TBI

Among the three commonly regulated genes in all three studies, Igfbp7 were up-regulated in all datasets (Figures 3A–C), and also showed endothelial enriched expression from single cell data (Figure 3D). IGFBP7 has been suggested as a critical regulator for angiogenesis, vessel integrity, and endothelial adhesion molecule (Hooper et al., 2009; Komiya et al., 2014; Rai et al., 2015), which all associate with the pathogenesis of TBI. Thus, we focused on IGFBP7, a matrix bound secreted protein, which belongs to insulin-like growth factor binding protein (IGFBP) family. Immunofluorescence co-staining of CD31 and IGFBP7 in human samples clearly confirms up-regulation of IGFBP7 in vasculature in response to TBI (Figure 3E).
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FIGURE 3. Igfbp7/IGFBP7 is upregulated in the vasculature in response TBI. (A–C) The expression level of Igfbp7 in the TBI and control groups from the three data sets. From left to right, whole cortex, FACS sorted EC RNAseq, and scRNAseq data sets. **** indicates p < 0.0001. (D) The expression level of Igfbp7 in the main cell types from the scRNAseq study. AC, Astrocyte; EC, endothelial cell; EP, Ependymocyte; MG, Microglia; NE, Neuron; OL, Oligodendrocyte; OPC, Oligodendrocyte progenitor cell. (E) Immunofluorescence co-staining of CD31 (green) and IGFBP7 (red) in human samples. The TBI and control group were both operated from the right frontal. Scale bar, 50 μm.




TGFβ Induces Igfbp7/IGFBP7 Expression in EC

To uncover the signal pathway mediating IGFBP7 upregulation, we analyzed the expression of Igfbp7/IGFBP7 in EC (bEND.3 cells and HUVECs) upon the stimulation of VEGFA and TGFβ, which can increase IGFBP7 expression in breast cancer and glioblastoma vasculature respectively (Pen et al., 2008; Komiya et al., 2014). In addition, the effect of hypoxia, the most pronounced characteristic of brain injury causing pathogenesis, on Igfbp7/IGFBP7 expression in EC was determined by stimulating cells with CoCl2, which induces hypoxia stimulation through HIF1α stabilization (Xu et al., 2015). VEGFA stimulation failed to upregulate Igfbp7/IGFBP7 expression in either bEND.3 or HUVEC. Exposure of HUVECs to CoCl2 lead to a subtle upregulation of IGFBP7 expression, while this effect could not be observed in bEND.3 cells (Figures 4A,B). Notably, Igfbp7/IGFBP7 expression was significantly up-regulated in bEND.3 cells (7.2-folds) and HUVECs upon (1.6-folds) upon TGFβ stimulation (Figures 4A,B). In line with these findings, we observed a higher level of TGFβ1 in cortex from TBI compared to control in whole cortex RNAseq study (Zhong et al., 2016; Figure 4C), suggesting TGFβ signaling may potentiate vascular IGFBP7 upregulation in TBI. Interestingly, there is no significant difference in TGFβ2 level in cortex between TBI and control (Figure 4D). To identify the main source of TGFβ1, we have analyzed the TGFβ1 expression in single cell RNAseq dataset. TGFβ1 is mainly expressed in microglia and EC (Figure 4E). Based on these experiments in vitro, we proposed a potential mechanism that IGFBP7 up-regulation in endothelial cells in response to brain injury may be through TGFβ signaling. Experiments in vivo need to be further performed in the future to confirm the mechanism.


[image: image]

FIGURE 4. TGFβ induces the expression of Igfbp7/IGFBP7 in endothelial cells. The normalized Igfbp7/IGFBP7 expression levels in Control, VEGFA, CoCl2, and TGFβ stimulated HUVEC (A) and bEND.3 (B) cells are listed in the histogram, respectively. The expression levels of TGFβ1 (C) and TGFβ2 (D) from the whole cortex RNAseq data set. (E) The TGFβ1 expression in the main cell types from the scRNAseq study. AC, Astrocyte; EC, endothelial cell; EP, Ependymocyte; MG, Microglia; NE, Neuron; OL, Oligodendrocyte; OPC, Oligodendrocyte progenitor cell. * indicates p < 0.05.




DISCUSSION

Brain vasculature plays critical roles in brain physiology and pathology. In our previous studies, we have illustrated transcriptome profiles in the normal vasculature (He et al., 2016, 2018; Vanlandewijck et al., 2018). In this study, we focus on the gene expression changes in the brain vascular EC under TBI condition. To cover common EC alteration in TBI pathogenesis, we integrated the results from two bulk RANseq studies (Zhong et al., 2016; Munji et al., 2019) and one single cell RNAseq study (Arneson et al., 2018). The controlled cortical impact (CCI) model was employed in Zhang’s and Munji’s studies to generate focal injury, while the fluid percussion injury (FPI) model was used in Arneson’s study to induce mixed injury. All studies applied the mouse model and brain RNA expression analyses were performed at 24 h after injury. In the comparison of regulated genes from the three studies, despite the significant difference due to sample compositions and techniques, we identified three genes that were consistently regulated in all three analyses (Igfbp7, Fxyd5, and Itm2a).

IGFBP7 is highly expressed in the vasculature during development in the central nervous system. But, in adults, the IGFBP7 expression was reported to be only restricted to smooth muscle cells covering large vessels and choroid plexus vasculature, which is characterized by limited BBB property and high permeability (Hooper et al., 2009; Bar et al., 2020). Increased IGFBP7 expression in vasculature was observed in brain pathological conditions including glioblastoma and stroke, as well as other types of tumors (Hooper et al., 2009; Dieterich et al., 2012; Buga et al., 2014; Komiya et al., 2014). In this study, we showed that Igfbp7/IGFBP7 is up-regulated in the vasculature in both TBI mice models and surgical samples from patients with brain injury. Our results together with previous findings support the notion that Igfbp7/IGFBP7 may be a general marker of vasculature in response to pathological conditions in the brain. A higher level of TGFβ and hypoxia was observed in the brain tissue after TBI (Park et al., 2009), and they can sufficiently upregulate Igfbp7/IGFBP7 expression in EC, which may explain the molecular mechanism for Igfbp7/IGFBP7 up-regulation in vasculature in response to TBI.

The role of IGFBP7 on pathogenesis of brain injury remains largely unknown. Exposure of EC to IGFBP7 leads to stress fiber formation and disorganization of VE-cadherin mediated junctions, resulting in increased vascular permeability (Komiya et al., 2014), which indicates a role of IGFBP7 on BBB breakdown. In addition, stimulation of brain EC with IGFBP7 upregulated E-selectin, a crucial molecule in immune cell recruitment (Rai et al., 2015), indicating that IGFBP7 may regulate neuroinflammation in response to brain injury.

Emerging studies convincingly showed that the injury vasculature attempts to undergo repair by inducing angiogenesis (Park et al., 2009). IGFBP7 can act as both pro- and anti-angiogenic factors (Hooper et al., 2009; Pen et al., 2011; Tamura et al., 2009, 2014; Komiya et al., 2014). IGFBP7 could block VEGFA-induced tube formation, EC migration, proliferation, and vascular permeability (Tamura et al., 2009, 2014). In contrast, other studies suggested that IGFBP7 promotes angiogenesis by increasing EC adhesion and VEGFA bioavailability (Hooper et al., 2009; Komiya et al., 2014). Thus, the contradictory effect of IGFBP7 on angiogenesis in different systems may depend on cues in the microenvironment, such as distinct regional composition of ECM (Hooper et al., 2009). Whether IGFBP7 contributes to vascular repair by regulating angiogenesis after brain injury deserves further investigation.

Taken together, our study reveals the key molecular alteration of EC and identifies IGFBP7 as a potential biomarker of vasculature in response to brain injury.
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Colorectal cancer (CRC) is one of the most common neoplastic diseases worldwide. With a high recurrence rate among all cancers, treatment of CRC only improved a little over the last two decades. The mortality and morbidity rates can be significantly lessened by earlier diagnosis and prompt treatment. Available biomarkers are not sensitive enough for the diagnosis of CRC, whereas the standard diagnostic method, endoscopy, is an invasive test and expensive. Hence, seeking the diagnostic and prognostic biomarkers of CRC is urgent and challenging. With that order, we screened the overlapped differentially expressed genes (DEGs) of GEO (GSE110223, GSE110224, GSE113513) and TCGA datasets. Subsequent protein–protein interaction network analysis recognized the hub genes among these DEGs. Further functional analyses including Gene Ontology and KEGG pathway analysis and gene set enrichment analysis were processed to investigate the role of these genes and potential underlying mechanisms in CRC. Kaplan–Meier analysis and Cox hazard ratio analysis were carried out to clarify the diagnostic and prognostic role of these genes. In conclusion, our present study demonstrated that CCNA2, MAD2L1, DLGAP5, AURKA, and RRM2 are all potential diagnostic biomarkers for CRC and may also be potential treatment targets for clinical implication in the future.

Keywords: colorectal cancer, diagnostic biomarker, prognostic biomarker, GEO, TCGA


INTRODUCTION

Global Cancer Statistics 2018 indicates that colorectal cancer (CRC) accounts for ~10% of all diagnosed cancers and cancer-related deaths in the world each year (Bray et al., 2018). According to the data from China Cancer Registry Annual Report, the incidence and mortality of CRCs have been increasing in the past 10 years (Zheng et al., 2019). With the improvement of surgical methods and the launch of early tumor diagnosis and treatment, the current levels of diagnosis and treatment of CRC have been greatly improved. However, the prognosis of clinical CRC is still not optimistic. Many researches have shown that the occurrence and development of CRCs may be related to genetic, lifestyle, obesity, and environmental factors, while the exact etiology and the mechanism are still unclear (Bray et al., 2018). To further clarify the pathogenesis of CRCs and to improve the precision of treatment of CRCs, genetic research, study of tumor signaling pathways, and biological target therapy are continuing to deepen, which are gradually being applied in clinic. Meanwhile, molecular stratification therapy and application of biomarkers to guide prognosis and treatment decisions are also increasing (Bogaert and Prenen, 2014).

As we all know, the occurrence, development, overall survival time, and recurrence and non-recurrence of tumors are not only related to the pathological type and clinical stage of the tumor but also closely related to the expression and pathway of tumor genes (Bogaert and Prenen, 2014). More and more studies suggested that there are many abnormally expressed genes in the gene expression of CRCs, relative to normal tissues, which are closely related to the proliferation, differentiation, apoptosis, metastasis, recurrence, and survival time of CRC (Lu et al., 2012; Liu et al., 2013; Gan et al., 2018; Branchi et al., 2019). The analysis of abnormally expressed genes has very important clinical significance for the targeted therapy, prognosis analysis, and recurrence risk prediction of CRC. Currently, there have been a lot of clinical researches on tumor recurrence genes and signaling pathways, and the gene recurrent model (GRM) has been established to make up for the traditional tumor classification and staging recurrence prediction, providing more genetic information and more accurate prediction data (Chen et al., 2019; Yang et al., 2020). For example, Sun et al. (2019) found that exosomal CPNE3 showed potential implications in CRC diagnosis and prognosis. Carcinoembryonic antigen (CEA) was a recommended prognostic marker in CRC for tumor diagnosis and monitoring response to therapy (Campos-da-Paz et al., 2018). Ahluwalia et al. (2019) identified a novel 4-gene prognostic signature that had clinical utility in colorectal cancer. However, there are few clinical studies about biomarkers and gene pathways which have no risk of recurrence and tumor survival time.

In this study, we obtained advanced colorectal cancer gene profiles (GSE110223, GSE110224, and GSE113513) from the Gene Expression Omnibus. Differentially expressed genes (DEG) were identified by comparing CRC tissues with non-cancerous gastric tissues using the GEO2R online analysis. Subsequently, the DEG were analyzed according to Gene Ontology (GO), KEGG pathway enrichment analysis, coexpression, and protein–protein interaction (PPI) analyses. We then performed the overall survival analysis for candidate genes. Finally, GEPIA and UALCAN online tools were performed to associate candidate genes with colorectal cancer overall survival (OS), disease-free survival (RFS), and pathological staging analysis through the Cancer Genome Atlas [TCGA]) dataset and found that CCNA2, MAD2L1, DLGAP5, AURKA, and RRM2 could play an important role in colorectal cancer overall survival and disease-free survival, and these may be potential treatment targets for clinical implication in the future.



MATERIALS AND METHODS


Microarray Data

Studies from the GEO database were considered eligible satisfying the following criteria: (1) studies with CRC tissue samples, (2) studies containing information on technology and platform utilized for studies, and (3) studies including adjacent normal tissues as the control. Based on the above criteria, three datasets [GSE110223 (Vlachavas et al., 2019), GSE110224 (Vlachavas et al., 2019), GSE113513 (2018, unpublished)] are all downloaded from the GEO (Campos-da-Paz et al., 2018) database. The platform used by GSE110223 is [HG-U133A] Affymetrix Human Genome U133A Array, which includes 13 CRC tumor tissue samples and 13 normal tissue samples. The platform used by GSE110224 is [HG-U133_Plus_2] Affymetrix Human Genome U133 Plus 2.0 Array, which includes 17 CRC tumor tissue samples and 17 normal tissue samples. The platform used by GSE113513 is [PrimeView] Affymetrix Human Gene Expression Array, which includes 14 CRC tumor tissue samples and 14 normal tissue samples. A total of 44 CRC tumor tissue samples and 44 normal tissue samples were included in this study (Figure 1).


[image: Figure 1]
FIGURE 1. Flowchart diagram for bioinformatics analysis of publicly available datasets from both GEO and TCGA databases.




Identification of DEGs

Using the GEOquery and limma R software packages in the Bioconductor project, the GEO2R web tool was used for identifying differential genes in selected datasets. We analyzed three GEO datasets online through GEO2R and selected the genes with P < 0.05 and fold change (FC) > 1.5 in the dataset as differentially expressed genes (DEGs). Then, we used FunRich_3.1.3 (Pathan et al., 2017) to make a Venn diagram and extract the differentially expressed genes common to the three datasets.



GO and KEGG Pathway Analysis

In this study, the GO term (www.geneontology.org) and Kyoto Encyclopedia of Genes and Genomes (KEGG, www.genome.jp) approach were identified and analyzed by using DAVID v6.8 (https://david-d.ncifcrf.gov/summary.jsp) (Huang da et al., 2009a,b). The identifier and species were selected as “official_gene_symbol” and “Homo Sapiens,” respectively. The enrichment of P < 0.05 was set as the critical standard for significant enrichment and by using the ggplot2 package (version 3.3.1) (Wickham, 2009) and the R language (version 3.6.3, http://www.r-project.org/) to visualize the analysis results of the DAVID.



Protein–Protein Interaction Network Analysis

STRING (version 11.0), covering 24,584,628 proteins from 5,090 organisms, and integrating known and predicted interactions between more than 932,000,000 proteins from multiple organisms including Homo sapiens (Szklarczyk et al., 2019), was used to conduct PPI network analysis on DEGs. The “Multiple proteins” button was selected, and the species were selected as “Homo Sapiens.” When the P-value was <0.05, the network interaction relationship is considered to be statistically significant, with interaction score >0.7 considered to be a high-confidence interaction relationship.

The Cytoscape software (version 3.6.0) (Shannon et al., 2003) was used to visualize the PPI network, and the plugin CytoHubba (Chin et al., 2014) was applied to identify the central node genes in the PPI network, and then the central node gene as a candidate DEG for the following analysis.



The Expressions and Survival Analysis of Candidate DEGs

GEPIA (http://gepia.cancer-pku.cn/) is a database that uses standard processing methods to analyze the RNA sequencing expression data of 9,736 tumors and 8,587 normal samples from the TCGA and GTEx projects (Tang et al., 2017). GEPIA provides various functions such as tumor/normal differential expression analysis, analysis according to cancer type or pathological stage, survival analysis, correlation analysis, etc. By using the GEPIA, we performed Kaplan–Meier survival analysis on the relative expression of candidate DEGs in CRC patients and the overall survival time and disease-free survival time, with hazard ratio (HR) and corresponding 95% confidence interval. DEG related to the overall survival time and disease-free survival time was used as the study purpose DEG and conduct data analysis. Multiple-gene comparison and principal component analysis for the biomarker candidates were also conducted using the GEPIA.

UALCAN (http://ualcan.path.uab.edu/analysis.html) is an online database that uses TCGA transcriptome and clinical patient data to enable researchers to analyze the differential expression of tumor tissue and normal tissue, tumor stage, lymph node metastasis, and other related clinical parameters (Chandrashekar et al., 2017). We validated DEGs by using the UALCAN database, reanalyzed their expression differences in CRC tissue samples and normal tissue samples, and performed correlation analysis between DEG and gender, age, race, and stage of lymph node metastasis.




RESULTS


Identification of DEGs

This study included three gene sets (GSE110223, GSE110224, GSE113513), of which GSE110223 included 13 tumor samples and 13 normal samples; GSE110224 included 17 tumor samples and 17 normal samples; and GSE113513 included 14 tumor samples and 14 normal samples. In all included datasets, compared with normal samples, there are 264 significantly different genes in all datasets (Figure 2), including 166 up-expression genes and 98 down-expression genes.


[image: Figure 2]
FIGURE 2. The Venn diagram shows a total of 264 co-expressed differential genes.




Enrichment Analysis of DEGs

The obtained DEGs were analyzed for functional enrichment by using DAVID. GO enrichment analysis mainly predicts the function of target genes through three aspects: biological process (BP), cell composition (CC), and molecular function (MF). By using DAVID, we found that DEG is mainly enriched in BP, including response to steroid hormone stimulus, response to nutrient, response to nutrient levels, response to hormone stimulus, response to endogenous stimulus, response to extracellular stimulus, steroid metabolic process, acute inflammatory response, response to drug, response to organic substance, etc. (Figure 3A). CC analysis includes extracellular region part, extracellular region, extracellular space, cell fraction, apical part of the cell, apical plasma membrane, soluble fraction, vesicle lumen, insoluble fraction, and membrane fraction (Figure 3B). MF analysis includes anion binding, metallopeptidase activity, metalloendopeptidase activity, carbonate dehydratase activity, anion transmembrane transporter activity, aryl sulfotransferase activity, calcium ion binding, chemokine activity, hormone activity, and chloride ion binding (Figure 3C).


[image: Figure 3]
FIGURE 3. Functional analysis of differential expression genes. Biological process (BP), cell composition (CC), and molecular function (MF) are the components of GO enrichment analysis results, and each part displays 10 GO terms (A–C). The result shown by KEGG is a pathway of enrichment of DGEs (D).


At the same time, the analysis of the KEGG pathway shows that 264 DEGs are mainly enriched in eight pathways, namely, PPAR signaling pathway, ECM–receptor interaction, nitrogen metabolism, complement and coagulation cascades, hematopoietic cell lineage, progesterone-mediated oocyte maturation, aldosterone-regulated sodium reabsorption, p53 signaling pathway, focal adhesion, ABC transporters, and oocyte meiosis (Figure 3D).



PPI Network to Identify Central Genes

By using the STRING database and Cytoscape 3.6.0 software, a PPI network was constructed for the 264 DGEs obtained and the central genes were determined. The PPI network constructed by STRING (Figure 4A) has a total of 262 nodes and 802 edges, and an interaction score >0.7 is considered a high-confidence interaction relationship. Using Cytoscape 3.6.0 software, we identified the top 12 genes with the most connectedness (Figure 4B). The most connected gene is CDK1, followed by CCNA2, RRM2, MAD2L1, CCNB1, UBE2C, CEP55, DLGAP5, NEK2, TPX2, AURKA, and DTL. These 12 genes can form a module. Using GEPIA, gene expression profiles of the 12 central genes between CRC tumor samples and normal samples were displayed in Figure 5.


[image: Figure 4]
FIGURE 4. A PPI network composed of 264 DGEs, in which red is an up-expression gene, and blue is a down-expression gene (A). For the first 12 central genes calculated by Cytoscape software, the red represents the degree of connectivity. The deeper the red, the higher the degree of connectivity (B).
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FIGURE 5. Gene expression of 12 central genes (CDK1, CCNA2, RRM2, MAD2L1, CCNB1, UBE2C, CEP55, DLGAP5, NEK2, TPX2, AURKA, and DTL) based on GEPIA.




Overall Survival Analysis and Disease-Free Survival Analysis

Since CRC is mainly adenocarcinoma, which can account for 90%, we used the GEPIA database to analyze the overall survival and disease-free survival of colorectal adenocarcinoma on 12 central genes. We found that among the 12 central genes, CCNA2, MAD2L1, DLGAP5, and AURKA were associated with the overall survival of colorectal adenocarcinoma (P < 0.05) (Figure 6), and RRM2 and AURKA were associated with disease-free survival of colorectal adenocarcinoma (P < 0.05) (Figure 7). Therefore, this study will focus on the five genes CCNA2, MAD2L1, DLGAP5, AURKA, and RRM2.
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FIGURE 6. Overall survival analysis of 12 central genes (CDK1, CCNA2, RRM2, MAD2L1, CCNB1, UBE2C, CEP55, DLGAP5, NEK2, TPX2, AURKA, and DTL) based on GEPIA.
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FIGURE 7. Disease-free survival analysis 12 central genes (CDK1, CCNA2, RRM2, MAD2L1, CCNB1, UBE2C, DLGAP55, DLGAP5, NEK2, TPX2, AURKA, and DTL).




Correlation Analysis Based on the GEPIA

Through the analysis of the correlation between these five genes and the pathological staging of colorectal adenocarcinoma based on GEPIA, we found that CCNA2, MAD2L1, DLGAP5, and RRM2 are all significantly related to the pathological stage of COAD and READ (P < 0.05), while AURKA is associated with the colorectal gland, with no significant correlation between cancer pathological staging (P > 0.05) (Figure 8A). The correlation analysis of the expression of these five genes in colorectal adenocarcinoma showed that CCNA2 was highly correlated with MAD2L1 (P < 0.001, R = 0.88), and it was also correlated with DLGAP5 (P < 0.001, R = 0.78), AURKA (P < 0.001, R = 0.53), and RRM2 (P < 0.001, R = 0.68). Moderate positive correlations between MAD2L1 and DLGAP5 (P < 0.001, R = 0.62), MAD2L1 and AURKA (P < 0.001, R = 0.54), and MAD2L1 and RRM2 (P < 0.001, R = 0.57) were observed. DLGAP5 and AURKA (P < 0.001, R = 0.42) had low expression correlation, and there was a moderate positive correlation between DLGAP5 and RRM2 (P < 0.001, R = 0.65). AURKA and RRM2 (P < 0.001, R = 0.48) have a low expression correlation (Figure 8B).


[image: Figure 8]
FIGURE 8. Correlation analysis between CCNA2, MAD2L1, DLGAP5, and RRM2 and the pathological stage of colorectal adenocarcinoma (A). Correlation analysis of the expression of CCNA2, MAD2L1, DLGAP5, and RRM2 in colorectal adenocarcinoma (B).




Verification of the Differential Expression of CCNA2, MAD2L1, DLGAP5, AURKA, and RRM2 and the Analysis of Related Clinical Parameters

Analysis for gene differential expression through the UALCAN software (http://ualcan.path.uab.edu/analysis.html) indicated that there were significant differences in expression of the five genes in the normal group and the tumor group, both in colon adenocarcinoma (COAD) and rectal adenocarcinoma (READ) (Figure 9).


[image: Figure 9]
FIGURE 9. Verification of the differential expression of CCNA2, MAD2L1, DLGAP5, AURKA, and RRM2 in CRC: COAD (A); READ (B) (*P < 0.05, ***P < 0.001).


For COAD, taking the normal samples as the reference group, the expression of these five genes all significantly increased, whether in males or in females (Figure S1A), various age groups (Figure S2A), various races (Figure S3A), and various lymph node metastasis stages (Figure S4A).

For READ, taking the normal samples as the reference group, in terms of gender (Figure S1B), the expression of these five genes was significantly increased in males or females. In terms of age (Figure S2B), CCNA2, MAD2L1, and AURKA were 21–40. The expression of DLGAP5 was not obvious in the age groups of 41–60, 61–80, and 81–100. DLGAP5 was not significantly expressed in the groups of 21–40 and 81–100. Both the 60-year-old group and the 61–80-year-old group were significantly expressed, and RRM2 was significantly expressed in all age groups. In terms of race (Figure S3B), as the sample number of Asian patients was only one case, the Asian patient sample group was not tested. By comparison, the expression of these five genes was significantly increased in both the African-American patient group and the Caucasian patient group. In terms of lymph node metastasis (Figure S4B), the expression of CCNA2 was significantly increased in N1 and N2, but not in N3. MAD2L1, DLGAP5, AURKA, and RRM2 were significantly increased in the metastasis stage of each lymph node.



Possibility of a Five-Gene Biomarker in Diagnosis of CRC

Multiple-gene comparison analysis for the five CRC biomarker candidates was conducted using the GEPIA, with the only tumor data (COAD). Among the five genes, RRM2 had the highest expression level, followed by MAD2L1, AURKA, CCNA2, and DLGAP5 (Figure 10). Principal component analysis of the five genes was performed with TCGA tumor data, TCGA normal data, and GTEx data (both colon-sigmoid and colon-transverse); we found that the five genes could effectively distinguish between CRC samples and normal samples (Figure 11), indicating the possibility of a five-gene biomarker in diagnosis of CRC.


[image: Figure 10]
FIGURE 10. Multiple-gene comparison analysis for the five CRC biomarker candidates.
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FIGURE 11. Principal component analysis of the five CRC biomarker candidates.





DISCUSSION

CRC is one of the most common cancers and carries a major global health burden. Globally, among all cancers, CRC ranked third in incidence and second in mortality in 2018 (Bray et al., 2018). There is no specific clinical symptom of colorectal cancer at the early stage, but when it was found, it had become in the middle and late stages. Surgery and radiotherapy and chemotherapy at the perioperative period or adjuvant chemotherapy is still the first choice for colorectal cancers (Schmoll et al., 2012). In those with metastatic disease, the treatment repertoire has been extended to include biologically targeted agents, including monoclonal antibodies targeting EGFR, such as cetuximab or panitumumab (Tabernero et al., 2015). As a result of improved treatment options, the overall survival (OS) of patients with metastatic CRC has increased from ~1 year in the era of 5-fluorouracil (5-FU) therapy alone, to ~3 years with currently available therapies (Cremolini et al., 2015). However, recurrence and overall survival are still the challenge for the treatment of colorectal cancer in clinic. Therefore, it is crucial to identify new markers that can predict CRC recurrence, overall survival (OS), and disease-free survival (RFS), subsequently separating patients into high- or low-risk groups for enhanced efficacy in further treatment. There are many clinical studies related to tumor recurrence. In this study, we focus on the genes about overall survival (OS) and disease-free survival (DFS) in CRC. Three datasets (GSE110223, GSE110224, GSE113513) from the GEO database were introduced into the analysis; 264 DEGs were overlapped in all the three datasets including 166 upregulated DEGs and 98 downregulated DEGs. Even though the three datasets had the similar number of samples, the number of DEGs of each dataset varied greatly. GSE113513 had the largest number of DEGs, largely more than those of other two datasets.

We found that CCNA2, MAD2L1, DLGAP5, AURKA, and RRM2 were closely related to the prognosis of CRC. Among them, we found that CCNA2, MAD2L1, DLGAP5, and AURKA were related to the overall survival (OS) of colorectal tumors, while RRM2 and AURKA had the relation between disease-free survival (DFS) and colorectal cancer. CCNA2, MAD2L1, DLGAP5, and RRM2 were all significantly related to the pathological stages of colorectal cancer and were also closely related to the stage of lymph node metastasis. There was a study that revealed that the expression of CCNA2 in CRC tissues is higher than that in normal tissues. The knockdown of CCNA2 could significantly suppress CRC cell growth by impairing cell cycle progression and inducing cell apoptosis (Gan et al., 2018). Our study showed that the abnormal expression of CCNA2 was also significantly related to the overall survival time, pathological stage of the tumor, and lymph node metastasis. There were articles that showed that CCNA2 is an important sign to judge the poor prognosis of the tumor, as it also highly expressed in pancreatic cancer, breast cancer, lung cancer, and other tumors (Gao et al., 2014; Peng et al., 2018; Brcic et al., 2019). MAD2L1, DLGAP5, and AURKA are the key genes for spindle assembly. When these genes are abnormally expressed, they will cause chromosome mismatch and other genetic problems during mitosis (Ooi et al., 2012). What is worse is that the unstable gene expression will eventually lead to cancer (Wassmann and Benezra, 2001; Weaver and Cleveland, 2005). Clinical studies had shown that DLGAP5 was related to the invasion and migration of CRC (Branchi et al., 2019); besides, DLGAP5 expression was also related to overall survival and lymph node metastasis but had no correlation with disease-free survival. It is an important measure of poor prognosis. Previous studies had verified that MAD2L1, DLGAP5, and AURKA were highly expressed in CRC (Chuang et al., 2016; Branchi et al., 2019; Ding et al., 2020). In our study, we found that these abnormally expressed genes not only induce the occurrence and development of tumors but also are significantly related to the overall survival, pathological staging of tumors, and tumor lymph node metastasis. When it comes to the expression of RRM2, studies showed that it related to the depth of invasion, degree of differentiation, disease-free survival (RFS), and metastasis of CRC (Lu et al., 2012; Liu et al., 2013). Our study showed that RRM2 was associated with disease-free survival of colorectal adenocarcinoma and was an important target gene predicted after tumor treatment.

In summary, it can be seen that CCNA2, MAD2L1, DLGAP5, RRM2, and AURKA are significantly related to the overall survival prognosis, disease-free survival, pathological stage, and lymph node metastasis stage of CRC, which are also important indicators for the evaluation of the prognosis of CRC and the evaluation of further treatment. Principal component analysis of the five genes indicated that they could effectively distinguish between CRC samples and normal samples. In order to increase the accuracy of diagnosing CRC, we suggested that the five biomarker candidates as a five-gene biomarker for diagnosis of CRC.

Once we understand the site where abnormal gene expression induces tumors, more targeted drugs will be applied. Most importantly, it provides a theoretical basis for future gene-level treatment of tumors and can achieve more precise targeted therapy. It is also important to guide the development of genetic kits and the non-invasive diagnosis of colorectal tumors.
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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.

Keywords: depression, hippocampus-prefrontal circuit, integrative approaches, gene expression, clinical state


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:

[image: image]

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:
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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.


[image: image]

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.



[image: image]

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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Study Species and age Sample Comparing TBI types; Severity; and Parameters Methods Total

samples time points reads
Zhong et al., 2016 C57BL/6 mouse; 12 weeks Brain whole cortex hree TBI samples CCl; Moderate; 24 h Diameter: 3 mm, velocity: 5.0 m/s, RNAseq 319 million
vs. three controls depth: 2.0 mm, dwelling time:100 ms
Muniji et al., 2019 Rosa-tdTomato mouse; FACS purified mouse brain hree TBI samples CCl; Focal; 24 h Diameter: 3 mm, velocity: 4.5 m/s, RNAseq 344 million
21 days endothelial cells vs. three controls depth: 1.73 mm, dwelling time: 150 ms
Arneson et al., 2018  C57BL/6 mouse; 10 weeks Single-cell suspension from hree TBI samples FPI; Mild; 24 h Diameter: 1.5 mm, velocity: 4.5 m/s, scRNAseq 384 million
brain hippocampus vs. three controls fluid percussion pulse: 1.5-1.7 atm

The table lists the three transcriptome sequencing analyses we reintegrated. The similarities and differences of type of TBI, severity, age, time points, and type of mouse are shown in detail. CCl, controlled cortical
impact; FPI, fluid percussion injury.
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Normal (n = 30) Preeclampsia (n =30) P-value

Maternal age (y) 32.60 + 0.47 33.20 +£ 0.46 0.368
Gestational age (wk) 38.35 + 0.34 34.44 +0.158° <0.001
BP (mm Hg)

Systolic 108.13 £+ 0.81 163.87 + 1.30 <0.001
Diastolic 70.17 £0.85 104.43 + 1.23° <0.001
Proteinuria (g/24 h) N/A 2.62 +£0.20 N/A
Fetal birth weight (g)  3,278.00 + 58.01 2,577.33 +97.73P <0.001

BR, blood pressure.
@Data are shown as mean + SEM.
bCompared with normal pregnancy: P < 0.001.
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umls:C1378703
umls:C0003469
G0:0000380
G0:0007623
GO:0120111
G0:0099640
hsa03040
R-HSA-210500
R-HSA-165159

Descriptions

Renal carcinoma

Anxiety disorders

Alternative mRNA splicing, via spliceosome
Circadian rhythm

Neuron projection cytoplasm

Axodendritic protein transport
Spliceosome

Glutamate neurotransmitter release cycle
mTOR signaling

Module ID

1,8,9,19
19
1,2,4,6
1,8
g
1,2
5,11,12, 15,16, 17, 19
5,14
5

Evidence

Lamet al., 2018

White et al., 2009
Quesnel-Vallieres et al., 2019
Huetal., 2017

Guo et al., 2019

Mandal and Drerup, 2019
Kong et al., 2013

Horder et al., 2018
Khlebodarova et al., 2018
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Module ID Items Description Adjusted p-value
1 G0:0061437 Renal system vasculature development 3.06E-02
G0:0071364 Cellular response to epidermal growth factor stimulus 3.06E-02
G0:1903844 Regulation of cellular response to transforming growth factor g stimulus 4.09E-02
R-HSA-380972 Energy dependent regulation of mTOR by LKB1-AMPK 1.36E-02
R-HSA-165159 mTOR signaling 1.68E-02
R-HSA-198933 Immunoregulatory interactions between a Lymphoid and a non-lymphoid cell 4.90E-02
2 DOID:10155 Intestinal cancer 3.75E-02
umis:C1845055 a-Thalassemia/mental retardation syndrome, non-deletion type, X-linked 2.47E-02
G0:0000380 Alternative mRNA splicing, via spliceosome 4.23E-02
3 G0:0034134 Toll-like receptor 2 signaling pathway 3.33E-04
G0:0002758 Innate immune response-activating signal transduction 2.82E-02
G0:0007616 Long-term memory 2.97E-02
G0:0000380 Alternative mRNA splicing, via spliceosome 3.71E-02
hsa03040 Spliceosome 2.61E-02
R-HSA-5260271 Diseases of immune system 3.03E-02
R-HSA-1236974 ER-phagosome pathway 4.66E-02
R-HSA-168179 Toll-like receptor TLR1:TLR2 cascade 4.66E-02
4 G0:0000784 Nuclear chromosome, telomeric region 8.97E-03
G0:0005912 Adhere junction 1.96E-02
5 G0:0099640 Axodendritic protein transport 4.86E-02
G0:0042754 Negative regulation of circadian rhythm 4.86E-02
G0:1900016 Negative regulation of cytokine production involved in inflammatory response 4.86E-02
G0:0006658 Phosphatidylserine metabolic process 4.86E-02
G0O:0002534 Cytokine production involved in inflammatory response 4.86E-02
R-HSA-8950505 Gene and protein expression by JAK-STAT signaling after Interleukin-12 stimulation 3.64E-02
6 G0:0000783 Nuclear telomere cap complex 4.43E-02
R-HSA-1980145 Signaling by NOTCH2 3.66E-02
R-HSA-177929 Signaling by EGFR 3.66E-02
R-HSA-2644603 Signaling by NOTCH1 in Cancer 3.66E-02
umls:C0267446 Acute gastroenteritis 4.81E-02
umls:C0588008 Severe depression 4.81E-02
7 GO0:0005930 Axoneme 3.05E-02
8 umls:C0027889 Hereditary sensory and autonomic neuropathies 1.19E-02
umls:C0235025 Peripheral motor neuropathy 1.68E-02
umls:C0151313 Sensory neuropathy 1.93E-02
umls:C1270972 Mild cognitive disorder 3.32E-02
G0:0007173 Epidermal growth factor receptor signaling pathway 4.00E-02
G0:0038127 ERBB signaling pathway 4.25E-02
G0:0002433 Immune response-regulating cell surface receptor signaling pathway involved in phagocytosis 4.25E-02
G0:0038094 Fc-gamma receptor signaling pathway 4.25E-02
hsa04144 Endocytosis 8.81E-03
9 DOID:0060116 Sensory system cancer 4.63E-02
G0:0000380 Alternative mRNA splicing, via spliceosome 8.07E-03
G0:0007050 Cell cycle arrest 3.34E-02
G0:0099640 Axodendritic protein transport 3.44E-02
GO:1904357 Negative regulation of telomere maintenance via telomere lengthening 4.29E-02
G0:0032839 Dendrite cytoplasm 4.62E-02
G0O:0005925 Focal adhesion 4.62E-02
hsa04218 Cellular senescence 1.90E-02
hsa03040 Spliceosome 1.37E-02
R-HSA-9617828 FOXO-mediated transcription of cell cycle genes 3.36E-02
10 DOID:0050735 X-linked disease 1.31E-02
G0:0005160 Transforming growth factor B receptor binding 3.18E-02
R-HSA-2173789 TGF-B receptor signaling activates SMADs 4.82E-02
R-HSA-2029480 Fc-gamma receptor-dependent phagocytosis 4.82E-02
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ASD-related enriched terms related to the target genes of hub miRNAs

Category
Gene Ontology
Gene Ontology
Gene Ontology
Gene Ontology
Gene Ontology
Gene Ontology
Gene Ontology
Gene Ontology
Gene Ontology
KEGG
KEGG
KEGG
KEGG
KEGG
KEGG
KEGG
KEGG

Subcategory

GO0007612: learning

GO0007420: brain development
GO0007623: circadian thythm
GO0007409: axonogenesis

GO0007050: cell cycle arrest

GO0000165: MAPK cascade
GO0007268: chemical synaptic transmission
GO0050776: regulation of immune response
GO0007399: nervous system development
hsa04064: NF-kappa B signaling pathway
hsa04730: Long-term depression
hsa04727: GABAergic synapse

hsa04370: VEGF signaling pathway
hsa04330: Notch signaling pathway
hsa04630: JAK-STAT signaling pathway
hsa04310: Wnt signaling pathway
hsa05226: Gastric cancer

Enrichment p -adjusted #miRNAs

enriched 7.00E-04 10
enriched 1.75E-03 12
enriched 1.81E-03 11
enriched 3.75E-03 10
enriched 1.39E-02 12
enriched 3.45E-02 12
enriched 3.55E-02 11
enriched 3.85E-02 10
enriched 4.06E-02 12
enriched 3.87E-03 12
enriched 3.87E-03 11
enriched 4.12E-03 11
enriched 4.12E-03 11
enriched 4.88E-03 10
enriched 1.87E-02 12
enriched 1.95E-02 12
enriched 3.32E-02 12
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Patient Age Height Weight before delivery Previous caesarian Type of placenta Intraoperative Gestational age at  Type of placenta

ID (centimeter, cm) (kilogram, kg) section times previa blood transfusion delivery (week) accreta spectrum
PAS1 36 167 81 1 Complete No 35.00 Increta
PAS2 28 160 64 1 Complete Yes 36.56 Increta
PAS3 24 160 80 1 Complete Yes 36.00 Increta
PAS4 37 160 80 1 Complete Yes 36.00 Increta
PAS5 28 162 71.5 1 Complete No 36.42 Increta
NPAS1 40 168 55 1 Complete No 37.56 No
NPAS2 36 168 90 1 Complete No 37.28 No
NPAS3 28 165 7 1 Complete No 35.42 No
NPAS4 36 160 80 1 Complete No 37.14 No
NPAS5 33 168 70 1 Complete No 36.28 No
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Hub genes log,(FC) in FDR in log,(FC) in FDR in

transcriptome transcriptome proteome proteome
COL17A1 6.693 < 0.001 1.288 0.003
MMP12 5.701 < 0.001 2.064 < 0.001
FSTL3 5.342 < 0.001 6.037 < 0.001
AGXT 4.899 < 0.001 5.501 < 0.001
INHA 4123 < 0.001 1.094 0.035
LAMC2 3.975 < 0.001 5.614 < 0.001
HK2 3.525 < 0.001 5.5634 < 0.001
LAMB3 3.423 0.005 6.519 < 0.001
APOBR 3.275 0.003 5973 < 0.001
MORF4L2 2.403 < 0.001 5.581 < 0.001
GDPD3 2.055 0.001 1.739 0.006
HIDA1 —2.308 < 0.001 —4.205 0.012
CSF3R —1.949 0.003 —1.287 0.001
WNT3A —1.904 0.021 —4.3 0.007
RASIP1 —1.856 0.017 —1.034 0.030
PODXL —1.819 0.049 —1.273 0.001
ADGRA2 —1.741 0.001 —2.249 < 0.001
RALGAPA2 —1.662 0.031 —1.303 0.002
ERVW-1 —1.206 0.033 —1.87 < 0.001
JCAD —1.196 0.028 —6.379 < 0.001
SYMPK —-1.19 0.011 —5.956 < 0.001
TEADS —1.131 0.008 —1.326 0.001
INTS3 —-1.116 0.023 —2.236 < 0.001

FC, fold change; FDR, false discovery rate.
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