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Pancreatic cancer (PaCa) is the seventh most fatal malignancy, with more than 90% mortality rate within the first year of diagnosis. Its treatment can be improved the identification of specific therapeutic targets and their relevant pathways. Therefore, the objective of this study is to identify cancer specific biomarkers, therapeutic targets, and their associated pathways involved in the PaCa progression. RNA-seq and microarray datasets were obtained from public repositories such as the European Bioinformatics Institute (EBI) and Gene Expression Omnibus (GEO) databases. Differential gene expression (DE) analysis of data was performed to identify significant differentially expressed genes (DEGs) in PaCa cells in comparison to the normal cells. Gene co-expression network analysis was performed to identify the modules co-expressed genes, which are strongly associated with PaCa and as well as the identification of hub genes in the modules. The key underlaying pathways were obtained from the enrichment analysis of hub genes and studied in the context of PaCa progression. The significant pathways, hub genes, and their expression profile were validated against The Cancer Genome Atlas (TCGA) data, and key biomarkers and therapeutic targets with hub genes were determined. Important hub genes identified included ITGA1, ITGA2, ITGB1, ITGB3, MET, LAMB1, VEGFA, PTK2, and TGFβ1. Enrichment analysis characterizes the involvement of hub genes in multiple pathways. Important ones that are determined are ECM–receptor interaction and focal adhesion pathways. The interaction of overexpressed surface proteins of these pathways with extracellular molecules initiates multiple signaling cascades including stress fiber and lamellipodia formation, PI3K-Akt, MAPK, JAK/STAT, and Wnt signaling pathways. Identified biomarkers may have a strong influence on the PaCa early stage development and progression. Further, analysis of these pathways and hub genes can help in the identification of putative therapeutic targets and development of effective therapies for PaCa.
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1. INTRODUCTION

Pancreatic cancer (PaCa) is the 11th most common and the seventh most fatal malignancy worldwide with 459,000 new cases and 432,000 deaths in the year 2018 (Bray et al., 2018). This is because usually patients exhibit symptoms in advanced stages. Symptoms of PaCa are nonspecific including jaundice, abdominal pain, nausea, weight loss, dark colored urine, pale stool, and depression, making its diagnosis difficult (Rawla et al., 2019). In majority of the patients, PaCa leads to the metastasis and pancreatic exocrine insufficiency (PEI), which eventually results in the development of metabolic abnormalities (Li et al., 2004).

Pancreatic neuroendocrine tumor and Pancreatic adenocarcinoma are two types of PaCa. The pancreatic neuroendocrine tumor develops in the cells of endocrine gland (islets of Langerhans) responsible for releasing multiple hormones such as insulin, glucagon, somatostatin, and polypeptide. Pancreatic adenocarcinoma also known as pancreatic ductal adenocarcinoma (PDAC) develops in the ductal tissues of the pancreas exocrine gland (De La Cruz et al., 2014; Hidalgo et al., 2015). It is the most prevalent type of PaCa with more than 95% cases, very poor early diagnosis, and high mortality rate. About 95% of the patients died in the first year of diagnosis, and only 5% of patients survive up to 5 years (Hidalgo et al., 2015). The developmental phases of cancer are classified in various clinical stages. The stages 0, IA, and IB are localized, non-invasive, and resectable lesions, whereas stages IIA and IIB are localized, invasive, and resectable tumor. Stage III is localized, advanced, and unresectable phase of PaCa, while stage IV is metastatic phase (De La Cruz et al., 2014).

Risk factors of PaCa include demographic (age, sex, and region), hereditary, and environmental factors. PaCa is commonly diagnosed at the age of 50. Males are more susceptible to develop PaCa than females. The European population is more prone to establish PaCa than other populations (Li et al., 2004; Bray et al., 2018). Smoking, alcohol consumption, and sedentary lifestyle increase the chances of its development (De La Cruz et al., 2014; Rawla et al., 2019). Prolonged chronic pancreatitis is also a major risk factor for the development and progression of PaCa (Rawla et al., 2019).

PaCa cells exhibit mutations and deregulation of different genes resulting in metastasis and causes chemotherapy resistance. Mutations in codon number 12 or increased expression of oncogene KRAS are common in PaCa patients (Smit et al., 1988; Yu et al., 2010). Overexpressed KRAS triggers the hedgehog signaling pathway, along with activation of MAP2K4 and RASGRP3 (Ji et al., 2007). In advanced stages of disease, underexpression of SMAD4, INK4a/ARF, and TP53 genes is also well-reported (Zhang et al., 2019). Overexpression of various other genes are also reported in PaCa such as MYB, which is a key factor for tumor progression and metastases (Srivastava et al., 2015). The SOX9 (Grimont et al., 2015) and HIF-1α cause hypoxia and reduce anti-cancer drug delivery in the tumor region (Spivak-Kroizman et al., 2013). Other core signaling pathways activated in PaCa includes apoptosis, Wnt/Notch, transforming growth factor-β (TGF-β) (Hidalgo et al., 2015), and phosphatidylinositol 3-kinase PI3K/Akt pathway (Hill et al., 2010). GPR87 overexpressed in PaCa activates NF-κB signaling pathway, which alternatively enhances the cancer progression. Its overexpression is also reported in multiple other cancer types (Wang et al., 2017). Vascular endothelial growth factor receptor VEGFR-2 of VEGF-A family has been also identified in PaCa patients (Costache et al., 2015). GPR87, FN14, and VEGF genes are key contributors in cell proliferation, angiogenesis, migration, and initiate metastases (Han et al., 2005; Costache et al., 2015; Wang et al., 2017).

There are multiple therapies employed for the treatment of PaCa including resection, chemotherapy, adjuvant chemotherapy, targeted therapies, and target specific immunotherapies (Seicean et al., 2015). The adjuvant chemotherapy is the combination of resection, radiation, or targeted therapy with chemotherapy (Neoptolemos et al., 2001). FOLFIRINOX is Food and Drug Administration (FDA)-approved therapy for locally advanced and metastasized PaCa. It is the combination of drugs including leucovorin calcium (folinic acid), fluorouracil, irinotecan, and oxaliplatin. FOLFIRINOX is used prior to resection for reducing the size of the tumor in the patients with locally advanced stages. Its overall response rates (ORRs) are <28% with 11 months without cancer progression (Faris et al., 2013). In targeted therapy, various kinases, cancer specific proteins, and receptors are targeted. Passive immunotherapy is also a type of targeted therapy, in which monoclonal antibodies are infused in the patients. Drugs against EGFR, HER2, VEGF, MAPK, IGF-1R, c-Met, and PI3K/Akt/mTOR are under consideration in different clinical trials (Borja-Cacho et al., 2008).

Despite of all these therapies, patients have a very low survival rate. This happens because of the late diagnosis of PaCa due to non-specific symptoms and very low efficacy of drugs (Seicean et al., 2015). So, the major concern is early diagnosis, which can be done by identifying PaCa-specific biomarkers and effective prognosis techniques. There is a strong need for the development of effective anti-PaCa drug, with low side effect and high cancer specific targeting. In this study, extensive transcriptome profiling of PaCa has been performed. Microarray and high-throughput sequencing data are significantly contributing in understanding the molecular changes occurring in cells during disease development and progression.The main focus of this study is a holistic gene expression profiling and co-expression analysis of genes in PaCa. Another objective of this study is to identify therapeutic targets for targeted cancer therapy out of these disease-related significant genes.

Important pathways identified for the significant genes determined by DE analysis are ECM–receptor interaction, HIF-1 signaling pathway, pathways in cancer, focal adhesion (FA), PI3K-Akt signaling pathway, and amoebiasis. Along with DE analysis, genes co-expression network analysis of data was performed to identify patterns or modules of genes associated with cancer phenotype. Hub genes identified out of modules show significant association with PaCa. These hub genes show involved in PaCa, progression pathways ECM–receptor interaction, and FA, and also involved as key entities in pathways identified through DE analysis. To further validate these findings, we performed The Cancer Genome Atlas (TCGA) RNA-seq data analysis, and TCGA results exhibit strong concordance with results of above two methodologies. Additionally, the expression of identified biomarkers in normal pancreas tissue is studied to validate their causality in PaCa.



2. METHODOLOGY

The overall workflow of this study includes identification of DEGs in PaCa using multiple microarray and RNA-seq datasets. Important pathways are then determined on the basis of enrichment analysis of these DEGs. Moreover, WGCNA analysis was performed to determine hub genes, which could be putative therapeutic targets. TCGA analysis was performed to validate the results. The overall workflow of the study is given in Figure 1.
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FIGURE 1. Methodology workflow. In the first step, differential expression analysis was performed to identify significant differentially expressed genes (DEGs). Afterward, for further analysis of genomic data, co-expression network analysis of DEGs with −0.5>log2FC>0.5 was preformed. Significant modules for each dataset were selected. Enrichment analysis of genes of selected modules was preformed. Additionally, the common pathways in all datasets were further studied regarding pancreatic cancer (PaCa) development. Results were validated with The Cancer Genome Atlas (TCGA) cohort analysis, GTEx Portal, and literature. In the last step, gene network interaction analysis and hub genes identification were performed.



2.1. Datasets Inclusion Criteria

The microarray and RNA-seq datasets were collected from EMBL-EBI (https://www.ebi.ac.uk/) and GEO (https://www.ncbi.nlm.nih.gov/geo/) against query words such as PaCa and pancreatic ductal adenocarcinoma (PDAC), visited on March 2020. Selection criteria were based on the fact that datasets must be from the origin of Homo Sapiens. Moreover, the datasets consist of samples collected from patient tissue region of PaCa tumor and adjacent healthy pancreatic region, excluding cell lines-based experimentation. Besides this, selected datasets were free from any therapy or drug, mutations, induced gene expression, or gene knockdown. All datasets were selected with enough number of samples of PaCa and control to obtain statistically significant results.

For microArray analysis, five datasets were selected on the basis of above selection criteria. Details of all datasets including accession number, samples information, and platform are provided in Table 1. The Dataset E-GEOD-18670 comprised of 24 samples including six circulating tumor cells (metastases), six haematological, six PDAC tumor tissues, and six adjacent normal tissue. Out of these samples, six PDAC tumor and 6 adjacent normal samples were analyzed in this study according to our sample inclusion criteria. The main objective of our study is to identify biomarkers or targets present on the surface of tumor cells. For RNA-seq analysis, two datasets were selected according to the above-mentioned selection criteria. All details of datasets are provided in Table 2. The dataset E-MTAB-3494 consists of 11 samples of total RNA-sequencing data, including five normal and six PDAC samples. The dataset GSE119794 comprises 20 mRNA samples, including 10 PDAC, 10 normal, and 20 miRNA (10 PDAC and 10 normal) samples. In this study, only mRNA samples were used for analysis.


Table 1. Microarray datasets.
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Table 2. RNA-seq datasets.
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2.2. Differential Gene Expression Analysis


2.2.1. Microarray Data Analysis

Quality control of data was performed using multiple data visualization and filtering techniques like Box plot, Relative Log Expression (RLE) plot, principal component analysis (PCA) plot, and heatmap. RLE plots were generated using the Bioconductor R package to visualize unwanted variation from gene median in high-dimensional microarray data (Gandolfo and Speed, 2018). The PCA plot and Heatmap were generated using Bioconductor R packages (Gu et al., 2016; Klaus and Reisenauer, 2018). These plots were used to analyze the clusters of samples with respect to the phenotypes. Then probes with low-intensity values were filtered to avoid noise in the data due to non-specific hybridization of probes and also duplicates were removed. Quantile normalization method was used for gene expression intensity normalization (Hicks and Irizarry, 2014; Hicks et al., 2017).

For the statistical analysis, linear regression model along with eBayes were used. The limma R package was used to fit a linear model for obtaining DEGs in PaCa samples relative to normal (Ritchie et al., 2015). Then “Empirical Bayes” model was fitted using an eBayes function in R to compute t-statistics that generates the statistical significance value (p-value) for each DE gene (Klaus and Reisenauer, 2018). Significant DEGs were obtained by applying p-value threshold of 0.05 and Log2FC (Log2 fold change) threshold (Log2FC < −1 and Log2FC > 1). To visualize DEGs, enhanced volcano plots of DEGs with Log2FC on x-axis and −Log10 (p-value) on y-axis were plotted (Blighe and Lewis, 2020).



2.2.2. RNA-Seq Data Analysis

Quality assessment and preprocessing of sequencing data is a crucial step to perform high-level analysis. Fastp tool was utilized for data quality assessment, base correction, and removal of duplicates from the raw data of RNA-seq. It integrates the functionality of multiple tools including FASTQC, Cutadapt, Trimmomatic, and AfterQC, and faster than these stand alone tools (Chen et al., 2018). The next step was mapping and alignment of reads with reference genome. HISAT2 (hierarchical indexing for spliced alignment of transcripts 2) tool was used to align reads with human reference genome (hg38). It rapidly searches genome using graph Ferragina–Manzini (FM) index and can align both DNA and RNA sequence reads. It can perform splice alignment of whole-genome, transcript, and exon much faster than TopHat2, Bowtie, and BWA (Liu et al., 2018). After the alignment, count data of expressed genes were generated using hg38 annotation gtf file in htseq-count tool (Anders et al., 2015). The read count data generated by htseq-count tool was then subjected to DEGs analysis using DESeq (Love et al., 2014). Reads with low expression values were filtered by discarding row entries with row sum <10. The DESeq uses median-of-ratios method for normalizing expression data. The filtering criteria used for obtaining set/list of statistically significant DEGs was p-value < 0.05, and −1> Log2FC > 1.




2.3. Co-expression Network Analysis

Co-expressed genes are considered to be involved in related signaling pathways and have similar biological function. Therefore, for the identification of co-expressed genes in PaCa, co-expression network analysis of microarray and RNA-seq datasets was performed using WGCNA Bioconductor R package (Langfelder and Horvath, 2008). For this analysis, list of DEGs with p-value < 0.05 and −0.5 > Log2FC > 0.5 was retrieved. Then quantile normalized expression values of these DEGs for microarray data and expression count table (RNA-seq platform) for RNA-seq data were used for further analysis. The goodSamplesGenes function was used for quality control of data by determining and removing deletions and outliers. The Soft threshold value (β) important for construction of scale-free network was determined by generating gene expression similarity matrix. The scale-free network means that data do not have any batch effects. The gene expression similarity matrix was generated by calculating Pearson correlation coefficient of each gene with all other genes in the data. Then adjacency and topology matrix, genetree (Denogram) with modules, and gene module membership along with gene phenotype correlation were calculated. Modules of significantly co-expressed and correlated genes were selected on the basis of high module trait correlation (0.6) and statistical significance (p-values < 0.05). Then genes with trait correlation >0.6 and gene module correlation >0.6 were selected for further analysis.



2.4. Gene List Enrichment Analysis

After the generation of gene list in above step, the next step was to compute gene enrichment for determination of functionally associated genes involved in different pathways and regulating the expression of other genes. For this purpose, first the lists of common underexpressed and overexpressed genes in all datasets were determined. Then both this DEGs list was annotated using Enrichr web server (https://maayanlab.cloud/Enrichr/). Enrichr is an open source web-based gene enrichment analysis tool; it integrates results from multiple libraries (Chen E. Y. et al., 2013). We utilized KEGG pathways option in Enrichr to identify a list of pathways against each gene list. Statistically significant pathways with Fisher exact test p-value < 0.05 and high combined score were selected. These important pathways were further explored with respect to therapeutic targets for PaCa.



2.5. Network Analysis of Identified Pathways and Hub Gene Determination

The string database STRING (https://string-db.org/) was used to retrieve the protein–protein interaction pattern and network (Szklarczyk et al., 2019). In STRING, the highest confidence score of (0.900) was used to generate interaction network. The interaction pattern generated was then downloaded and further analyzed in Cytoscape software (Otasek et al., 2019). In Cytoscape, Network Analyze module was used to evaluate the statistics and interaction profiles of all genes, which helps in hub gene determination. The MCODE app was utilized to identify dense interacting clusters out of whole network (Bader and Hogue, 2003). Then eight different topological analysis methods of CytoHubba were used to identify hub genes (biomarkers) (Chin et al., 2014; Ma et al., 2021). The used methods include Maximal Clique Centrality (MCC), Density of Maximum Neighborhood Component (DMNC), Maximum Neighborhood Component (MNC), Degree, Edge Percolated Component (EPC), Bottleneck, EcCentricity, and Closeness.



2.6. TCGA Analysis

To validate and improve reliability of our results, we analyzed PaCa gene expression data (RNA-seq) from TCGA database. The data searching, downloading, and preparation were performed using TCGAbiolinks Bioconductor R package (Colaprico et al., 2016). The total of 178 PaCa patients' data fulfilling the inclusion criteria of gene expression quantification and primary tumor samples were obtained from TCGA database. The level 1 raw count data were downloaded from the TCGA Data Portal belonging to the Illumina HiSeq sequencing platform. The quantile normalization was performed before analysis using TCGAanalyze_Normalization R function of TCGAbiolinks package. Then for the identification of differentially expressed genes in the PaCa patients, edgeR package from Bioconductor was utilized (Robinson et al., 2010). Genes were filtered using −1 > Log2FC > 1 and P < 0.05 values and were considered to indicate statistically significant differences.



2.7. GTEx Normal Pancreas Data Comparison

Along with the validation of cancer related genes from TCGA, expression of these genes was also compared with normal pancreas. The GTEx Protal (https://gtexportal.org/home/) was used to retrieve the gene expression profile of human pancreas tissues (GTEx Consortium, 2020).




3. RESULTS

Differential expression analysis of microarray and RNA-seq datasets generate the lists of significant DEGs for every data, fulfilling the selection criteria of Log2FC and p-value. The number of total DEGs and overexpressed and underexpressed DEGs are given in Table 3. These DEGs for all datasets are graphically represented using the volcano plot in Supplementary Figures 1–7. The lists of DEGs along with their Log2FC values, average Log2FCs, and standard deviation are provided in Supplementary Table 1. General trend of differential expression result represents more overexpressed genes than the underexpressed. The list of common underexpressed genes in all datasets was generated and out of which seven genes were identified. The enrichment analysis of these genes was performed using Enrichr, which determined the involvement of these genes in 14 different pathways. The AOX1 is involved in the metabolism of Vitamin B6, nicotinate, nicotinamide, tyrosine, tryptophan, and retinol, along with valine, leucine, and isoleucine degradation. Underexpression of AOX1 gene represents the disruption of above important pathways in PaCa cells. The C5 and IAPP genes are predicted to be involved in neuroactive ligand-receptor interaction, Staphylococcus aureus infection, Pertussis, complement, and coagulation cascades. Cumulatively, 69 common overexpressed genes were detected. Enrichment analysis of these genes determined their activity in 26 significant pathways. About 13 genes such as MET, ITGA3, ITGA2, LAMA3, and SLC2A1 are predicted to be involved in multiple cancer-related pathways such as ECM–receptor interaction, small cell lung cancer, FA, central carbon metabolism in cancer, pathways in cancer, PI3K-Akt signaling pathway, renal cell carcinoma, and HIF-1 signaling pathway. Out of these overexpressed genes, multiple receptor proteins, transmembrane, transporter, and surface proteins were also predicted.


Table 3. Total number of DEGs retrieved from all microarray and RNA-seq datasets are presented against the number of over and underexpressed genes are shown against each dataset.
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The gene co-expression network analysis was performed to obtain clusters of co-expressed genes in PaCa cells. The reason of performing differential expression analysis along with gene co-expression network analysis was to obtain significant DEGs from all datasets and to also determine the co-expression of these DEGs. In this study, the main focus was to analyze the differential expression of receptors, which actually initiate cancer related pathways. The TCGA cohort analysis was also performed to validate the results. To enhance the reliability of co-expression network analysis results, 5 microarray and 2 RNA-seq datasets were analyzed. First, we extracted the list of differentially expressed genes with −0.5 ≤ Log2FC ≥ 0.5 values, so the number of genes for each dataset was different for this analysis. Then WGCNA analysis was performed separately for each dataset. First the soft threshold value for each dataset was determined. The soft threshold value or power value (β) was required for construction of scale free networks, in which few nodes/hub genes connected to more number of nodes than the peripheral ones. The β value from 2 to 20 is evaluated to obtain scale-free network on R2 ≥ 0.8. Plots for β value selection is provided for all datasets in Supplementary Figures 8–14, Part a. Then the adjacency matrix was generated using identified β value, afterward Topology Overlap Matrix (TOM) and gene cluster dendrogram along with their modules were generated. The module trait relationship was determined by calculating Pearson's correlation of module with PaCa. Figure 2 represents modules color and their respective correlation with PaCa for all datasets. Then modules with correlation ≥ 0.6 were selected, and according to set criteria three modules (gray, brown, and yellow) were selected for dataset E-GEOD-15471. Likewise, different number of modules were selected for remaining datasets, and names of selected modules are given in Table 4. The gene cluster dendrogram, trait-module relationship plots, and gene scatter plot of selected modules for all datasets are provided in Supplementary Figures 8–14, Part (b, c, d, etc.). Then the genes with correlation >0.6 with PaCa and module membership (MM) correlation >0.6 were filtered. Selected genes for all modules are provided in the first data sheet of Supplementary Table 2. Furthermore, modules for each dataset were merged into one. The enrichment of genes was performed using Enrichr, and the involvement of genes in cancer-related pathways was predicted. The significant pathways with p-value < 0.05 are given in Supplementary Table 3, and number of significant pathways are provided in Table 4. To further study the important hub genes involved in the significant pathways, common pathways in all datasets were selected.


[image: Figure 2]
FIGURE 2. Correlation of modules with pancreatic cancer (PaCa). Figure represents module colors for all datasets and correlation of modules with PaCa phenotype. Colors of modules are given in upper row, whereas green and red colors in lower row represent negative and positive correlation, respectively.



Table 4. The table contains information related to WGCNA results, and second column contains name to datasets analyzed.
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The ECM–receptor interaction and FA pathways were observed in all datasets, and were studied linking to the initiation and progression of PaCa. The detailed PaCa pathway integrating ECM–receptor interaction with FA pathways is given in Figures 3, 4. The GTEx normal pancreas expression data comparison of integrated pathway was also performed. To determine the difference in the expression of genes involve in PaCa tissue and normal pancreas cell. Figure 5 represents the gene expression values of normal pancreas in graphical representation, and values are provided in Supplementary Table 5. ECM molecules play important role in regulating the adhesion, motility, growth, and differentiation of cells. The integrin complexes are cell surface receptors, which are activated by ECM molecules and initiate multiple signaling cascades. The α and β subunits of integrin combine to form integrin complex. Different combination of α and β subunits co-expressing in PaCa samples are identified including ITGA1/ITGB1, ITGA3/ITGB1 ITGAV/ITGB3, ITGA2/ITGB1, and ITGA6/ITGB4. These co-expressed subunits also show overexpression in DE analysis. The mean Log2FC values of the α subunit ITGA1, ITGA2, ITGA3, ITGAV, and ITGA6 are 1.57, 2.60, 1.78, 1.30, and 1.56. The mean Log2FC values of β subunits ITGB1 and ITGB4 are 1.62 and 1.76, respectively. The expression value Log2FC of all subunits of integrin was less than 0.5 in GTEx data. According to this, the expression of integrins is high in PaCa than in normal pancreas. The ECM molecules include multiple proteins such as collagen, laminin subunit, secreted phosphoprotein 1 (SPP1), fibronectin1 (FN1), tenascin C (TNC), and thrombospondin (THBS). Collagen deposition is reported in PaCa extracellular environment, which results in the increase in rigidity of tumor. Multiple co-expressed collagen proteins are identified through WGCNA analysis, which are COL1A1, COL1A2, COL4A1, COL4A2, COL4A5, COL6A1, COL6A2, COL6A3, COL10A1, and COL12A1. All these co-expressed collagen proteins are also identified to be overexpressed in PaCa patients with Log2FC value >1.1. Most important types of collagen protein detected in all datasets with high fold change are COL10A1 and COL12A1. Mean Log2FC values of both are 2.97 and 2.56 correspondingly. The highly expressed ITGA2/ITGB1 integrin in PaCa is reported in multiple studies and collagen type I interaction with ITGA2/ITGB1 activates cellular pathways leading to the cell proliferation and migration (Grzesiak and Bouvet, 2006; Hamada and Masamune, 2018). The ITGA6/ITGB1 complex activated by ECM molecules also increases proliferation and migration by inducing ERK expression (Hamada and Masamune, 2018).


[image: Figure 3]
FIGURE 3. Pathway representing pancreatic cancer (PaCa) progression from normal pancreas cell to invasive stage of cancer. ECM molecules initiate multiple signaling pathways by interacting with integrin complexes. The growth factor receptors MET and EGFR/HER2 activation in initial stages of PaCa, activates signaling cascades, which lead to expression of anti-apoptotic, proliferative, and cell survival genes. Figure represent the information related to gene identified in number of datasets in WGCNA and differential gene expression (DE) analysis. Color filled in entities show the dataset number for WGCNA. Color of stars represent number of DE datasets.
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FIGURE 4. Figure represents expression of genes, and each entity contains name of gene mean Log2FC value and standard deviation of Log2FC values in all datasets. Pathway image is similar to Figure 3 depicting pancreatic cancer (PaCa) progression signaling in cell. Entities in the highlighted path show high overexpression, and lead to lamellipodia formation and initiation of proliferative gene expression.



[image: Figure 5]
FIGURE 5. GTEx multigene expression graph. The expression profile of pancreatic cancer (PaCa)-related genes in normal pancreas. The names 6 Hub genes are highlighted with yellow color and of remaining hub genes are highlighted with red box. The graph represents that expression of hub genes are relatively low in normal pancreas tissues.


The laminins are extracellular matrix glycoproteins, which have 5 α, 4 β, and 3 γ chains. Elevated levels of LAMB3 and LAMC2 are associated with aggressiveness and motility of PaCa, and these can be used for prognosis (Yang et al., 2019). The co-expression of laminin subunit proteins such as LAMA2, LAMA3, LAMA4, LAMA5, LAMB1, LAMB2, LAMB3, LAMC1, and LAMC2 was also identified along with collagen proteins. All reported co-expressed laminins are also overexpressed, with the Log2FC value >1.1 (Supplementary Table 1). Most importantly LAMA3, LAMB3, and LAMC2 are identified in all datasets with means Log2FC values 2.38, 2.78, and 3.67, respectively. In normal pancreas (GTEx data), underexpression of LAMA3 and LAMB3 was determined with the Log2FC values −1.249 and −0.53, respectively. The fibronectin (FN) is a high-molecular weight (440 kDa) glycoprotein and have 20 variants. The high overexpression of FN1 was identified in 6 datasets (4 microarray, 2 RNA-seq) with mean Log2FC value of 3.41. The overexpressed SPP1 and TNC were also identified with mean Log2FC values of 1.67 and 2.29. The co-expression of THBS proteins such as THBS1, THBS2, and THBS3 was identified along with other ECM proteins. THBS1 and THBS2 are also identified as DEGs, overexpressed with mean Log2FC values 2.257068 and 2.910749, respectively (Supplementary Table 1).

All these ECM molecules interact with integrin complexes and activate multiple pathways. One of these is lamellipodia formation. The overexpressed genes of actin cytoskeleton regulation pathway lead to stress fiber (contractile actin bundles) and lamellipodia formation. The lamellipodia is a thin sheet like an actin protrusion form on the guiding side of a moving cell. The actin stress fiber is present in non-muscle cells and lead to cell motility. The actin regulators such as Rho-GTPases RhoA, cdc42, and Rac induce the formation of lamellipodia under the influence of extracellular stimuli (Anne, 2011). The important entities of the actin regulation pathway were reported to be co-expressed, and also show high overexpression in DE analysis, which is also shown in Figures 3, 4. The mean Log2FC values of Rac1 and Rac2 were 2.04 and 1.04, respectively. Rac1 notably expresses in very low quantity having Log2FC value 0.101 in normal pancreas. The RhoA downregulation results in decrease in lamellipodia formation (Anne, 2011).

Other pathways activated by different receptors are Akt/PKB, PI3k, and MAPK signaling pathways, which causes an increase in cell proliferation and cell survival (anti-apoptotic pathways). The integrin complex, MET and EGFR/HER2 receptors, activate the PI3K pathway, which leads to the expression of proliferative and anti-apoptotic genes, and also resulted in FA turnover. The focal adhesion kinase (FAK) also known as protein tyrosine kinase 2 (PTK2) activated by integrins and growth factor receptors is involved in multiple pathways. The overexpressed PTK2 was reported in two PaCa datasets, with mean Log2FC value of 1.06, while in normal pancreas expression was distinctly low Log2FC value 0.2. The growth factor receptors play very important role in initiating multiple oncogenic pathways. The MET and EGFR/HER2 were two receptors found highly overexpressed in our results along with their co-expression in PaCa samples. The MET receptor was reported in all datasets with mean Log2FC value of 1.76 and TCGA cohort expression value of 1.45. The overexpressed TGFβ1 and TGFBR1 were also identified, which induce the expression of genes causing loss of growth inhibitory effects of TGFβ. The TGFβ1 showed high expression level in six datasets with the mean Log2FC value of 1.79, while TGFBR1 is reported in three datasets with a value of 1.42.

The protein–protein interaction network analysis of this integrated pathway was performed using STRING and Cytoscape to identify degree of interaction between all genes and determination of hub genes. The Network Analyze module of Cytoscape determine the statistics of network such as degree, betweenness, and closeness provided in Supplementary Table 6. The genes with higher number of interactions, like those with total degree ≥30, were considered as hub genes. A total of 20 hub genes were identified in this analysis. The red color coded entities in the network are hub genes, as given in Figure 6. The MCODE app of Cytoscape generated clusters containing genes with a high number of interactions. Three clusters were selected with cluster density score >8. The network diagram and most dense interacting cluster out of the whole network are provided in Figure 6. Afterward, six hub genes were identified by using the CytoHubba app. These genes are Cdc42, Rac1, ITGA1, ITGB1, SRC, and PTK2, and are shown by yellow color entities in Figure 6.
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FIGURE 6. Hub genes of pancreatic cancer (PaCa) and protein–protein interaction network of entities given in Figures 3, 4. (A) The network indicates significant interactions in PaCa pathways. Fourteen hub genes highlighted with having highest interaction degree. Six Hub genes identified by CytoHubba app of Cytoscape are highlighted with yellow color. (B) PPI network of PaCa specifying 10 hub genes with a cluster of highly interactive genes in the network. (C) PPI network of PaCa specifying 5 hub genes with a cluster of second highly interactive genes in the network. (D) The cluster of third highly interactive genes with 1 hub genes in the network.


Apart from analyzing modules with high positive correlation, modules with high negative correlation (≤ −0.6) were also analyzed in context of PaCa development. Selected modules for all datasets are provided in Table 4. Significant hub genes with PaCa correlation < −0.6 and module membership (MM) value >0.6 were selected for all modules, provided in second data sheet (Supplementary Table 2). Then modules for each dataset were merged into one, and the enrichment of genes was performed using Enrichr. The Significant pathways with p-value < 0.05 were given in Supplementary Table 4, and the number of significant pathways (Table 4). To identify the most significant pathways retrieved in all datasets, common pathways were determined. The propanoate metabolism and calcium signaling pathway were identified as most significant, as all the predicted genes in these two pathways show underexpression. The calcium signaling pathway is crucial for the normal functioning of cells. Disruption of this pathway is reported in the early stages of multiple malignancies, along with PaCa (Gregório et al., 2020).



4. DISCUSSION

PaCa is the most fatal malignancy due to its late prognosis. About 90% of the patients die in the first year of diagnosis, and almost all patients undergo metastases. For understanding the molecular nature and getting a deeper insight of regulatory pathways disrupted in PaCa cell, transcriptome analysis assists a lot. In this study, transcriptome analysis of PaCa cells in comparison to normal pancreatic cells is conducted. For this purpose, various microarray and RNA-seq datasets from different studies were collectively analyzed.

The first microarray data is E-GEOD-15471, in which study they had combined their results with previous studies. The t-test statistic was used for differential expression analysis, and determined that there is a strong correlation of keratin 7, laminin subunit γ 2 (LAMC2), stratifin (SFN), platelet phosphofructokinase (PFKP), annexin A2, MAP4K4, and MBOAT2 overexpression with patients death (Badea et al., 2008). All the genes reported in the above-mentioned study are also identified in our results, and show relatively high overexpression with the Log2FC value >1.

In the second microarray study (E-GEOD-28735), downregulation of DPEP1 (dipeptidase 1) was investigated. DPEP1 gene is involved in suppression of cell proliferation and cancer invasiveness. EGF signaling pathway regulates the expression of DPEP1 (Zhang et al., 2012). In our analysis, downregulated DPEP1, along with TXP2 upregulation, is detected. The TXP2 gene shows oncogenic properties, and its overexpression results in the poor patient survival.

In the third microarray study, miRNAs target against different mRNAs were analyzed, and explored the macrophage migration inhibitory factor (MIF) pathway. The study determined that upregulated MIF trigger miR-301b overexpression. The overexpressed miR-301b suppresses the expression of orphan nuclear receptor NR3C2. The NR3C2 normal expression is important for cell survival (Yang et al., 2016). In our analysis, we only included mRNA samples submitted with accession number (E-GEOD-62452). Our results showed concordance with the output of the above-mentioned study. We predicted downregulated NR3C2 with the mean Log2FC value of −1.50. The overexpression of various cellular adhesion (collagen proteins and FN1) and interaction receptors (integrins and MET) are detected in differential gene expression analysis.

The fourth microarray study comprises identifying mRNA regulation by miRNAs (E-GEOD-41368). They determined that three miRNAs including MIR21, MIR23A, and MIR27A suppress the expression of 3 tumor suppressor genes including programmed cell death 4 (PDCD4), BTG anti-proliferation factor 2 (BTG2), and neural precursor cell expressed/developmentally down-regulated 4-like (NEDD4L), respectively (Frampton et al., 2014). In our results, downregulation of these three tumor suppressor genes was determined with the mean Log2FC values < −1.5.

In the fifth microarray study (E-GEOD-18670), the differentially expressed genes in cancer cell responsible for metastases development in PDAC patients were inquired. For this purpose, the expression level of tumor cells was compared with non-tumoral pancreatic cells, circulating tumor cells, and haematological cells. They proposed that six highly overexpressed genes C19orf33, ECT2, IL1RN, S100P, SFN, and TUBA4A in PDAC cells are responsible of cell motility and invasiveness (Sergeant et al., 2012). All these genes are detected as highly overexpressed in our analysis, along with other 798 overexpressed genes. Most of the predicted genes involved in the pathways of cancer. The genes C19orf33, S100P, and SFN show high expression with the Log2FC values of 2.87, 3.04, and 2.72, respectively.

Two RNA-seq datasets were also analyzed for this study. The first RNA-seq study comprises integrated network determination of miRNAs and mRNAs in PaCa. They used TopHat2 tool for sequence alignment, and DESeq2 for differential gene expression analysis. For determining miRNA and mRNA relationship, Human miRNA Disease Database (HMDD) and miR2Disease database were used (Lin et al., 2019). In our analysis, only mRNA sample files are processed for DEGs identification, sequence files are aligned using HISAT2 tool, and DESeq2 is used for differential gene expression analysis. Our results are similar to the above study for significant genes identification. The second RNA-seq study comprises total RNA content included coding (mRNAs) and non-coding (miRNAs, snoRNAs, snRNAs, and pseudogenes) (Müller et al., 2015). In our study, we only analyzed these data for identification of mRNAs expression.

From the comparative analysis of DEGs, 76 significant genes are identified, which are further interrogated for involvement in PaCa-related pathways. Seven genes were downregulated, out of these seven genes, AOX1, C5, and IAPP are involved in crucial pathways for normal functioning of cells. The most important of all underexpessed genes is aldehyde oxidase 1 (AOX1) gene, detected with mean Log2FC value of −2.44. It belongs to molybdenum hydroxylase family, it oxidizes aldehydes, a toxic metabolic product of ethanol and heterocyclic rings, and produces reactive oxygen species. It requires metal molybdenum and the flavin cofactor for this catalytic reaction. AOX1 helps as well in the production of retinoic acid, which triggers the signaling pathway important for pancreas development and normal functioning. High expression levels of AXO1 were predicted in normal pancreatic cells, whereas low expression to zero expression is identified with respect to PaCa stages in an immunohistochemical study (Crnogorac-Jurcevic et al., 2005).

Remaining 69 genes are upregulated and are involved in different pathological pathways. Some of the upregulated genes are tumorigenic, which facilitates hypoxia, cell proliferation, invasion, and metastasis. Overexpressed cell surface molecules identified are CEACAM1, CEACAM6, FXYD3, MET, ADGRF1, and transmembrane protease serine 4 (TMPRSS4). The carcinoembryonic antigen-related cell adhesion molecule 6 (CEACAM6) induces epithelial-mesenchymal transition (EMT), which causes tumor cell invasion in PaCa patients (Chen J. et al., 2013). CEACAM1 and CEACAM6 increase neutrophil degranulation, and their elevated expression level is a useful indicator of PaCa development in body (Simeone et al., 2007; Chen J. et al., 2013). The FXYD domain containing ion transport regulator 3 (FXYD3) is the member of the small membrane proteins family. FXYD3 function as Na/K-ATPase regulator and induces a hyperpolarization-activated current in membrane by changing K+ and Na+ affinity of Na/K-ATPase (Bibert et al., 2006; Peron et al., 2019). FXYD3 is also known as mammary tumor marker 8 (Mat-8), and cell proliferation is considered as a plausible role of FXYD3 in cancer. In a previous study, 3.4-fold increase in FXYD3 was identified in 50% of PDAC samples with strong levels of significance (Kayed et al., 2006). High mean Log2FC of 2.14 is determined in our study with its overexpression in all datasets, along with TCGA cohort result (3.07).

Adhesion G protein-coupled receptor F1 (ADGRF1) is also known as G protein-coupled receptor 110 (GPR110) encoded by GPR110 gene. It belongs to the largest family of cell membrane proteins G protein-coupled receptors (GPCRs). Cellular pathways activated by GPR110 and its physiological function are still unknown. However, its expression is correlated with the cellular malignancy, cancer invasion, and metastases (Lum et al., 2010; Sahay et al., 2016; Sadras et al., 2017). Strong correlation of GPR110 gene with PaCa was identified in a study where its overexpression is observed in all PaCa patients (Lin et al., 2019). The solute carrier family 2 member 1 (SLC2A1) gene code for glucose transporter 1 (or GLUT1) protein facilitates the transport of glucose across plasma membranes. SLC2A1 is predicted to be involved in central carbon metabolism in cancer, HIF-1 signaling pathway, and adipocytokine signaling pathway. All these pathways collectively are involved in the development and progression of cancer by increasing cell proliferation and evading apoptosis.

Along with the individual results of DE analysis, co-expression network analysis results were combined with DE results in this study and TCGA cohort was used for validating gene expression. The ECM–receptor interaction and FA pathways predicted through co-expression analysis were reported to be involved in PaCa development and progression. All the predicted pathways were studied conjointly, regarding the gradual progression of PaCa from stage IA to the metastatic phase (Figures 3, 4). Moreover, the protein–protein interaction network analysis of pathways was performed to determine the putative PaCa biomarkers/ hub genes. The integrins interacting with extracellular matrix and growth factor receptors initiate multiple pathways, which causes the development and aggressiveness of PaCa. The overexpressed integrin α (ITGA) subfamily genes ITGA2 and ITGA3 are predicted to be involved in cancer-related pathways such as PI3K-Akt signaling pathway and FA interacting with ECM genes such as laminin (LAMB3, LAMA3, and LAMC2) and collagen (COL10A1, COL12A1) (Grzesiak and Bouvet, 2006; Hamada and Masamune, 2018; Yang et al., 2019).

The ITGA1 and ITGB1 are considered as early-stage biomarkers of PaCa, which increase the invasiveness. Both ITGA1 and ITGB1 are identified as hub genes in network analysis (Figure 6). ITGA1 in combination with collagen also promotes gemcitabine therapy resistance by inducing overexpression of TGFβ (Gharibi et al., 2017). The overexpression of ITGA2 plays an essential role in tumor progression, metastasis, and motility. ITG2 activates upregulate STAT3 signaling pathway, which resulted in tumor progression (Ren et al., 2019).

The other identified biomarkers/hub genes on the basis of network analysis are MET, PTK2, Rac1, SRC, and LAMB1 (Figure 6). The MET proto-oncogene is receptor tyrosine kinase (MET), also known as hepatocyte growth factor receptor (HGFR). It is a multi-domain receptor consisted of an extracellular semi domain, cysteine-rich Met-related sequence (MRS), glycine–proline-rich (G-P) repeats, and four immunoglobuline-like structures, attached to intracellular regions including tyrosine kinase domain (Gentile et al., 2008). MET is expressed as single-chain precursor, which then cleaved into α and β subunits. Growth factor HGF/SF binds and activates MET, normal activation induces embryogenesis, while abnormal activation of MET in cancer leads rapid progression by activating multiple signaling pathways including Ras, PI3K, STAT, Wnt, and Notch signaling pathway. Ras signaling activates MAPK and causes cell proliferation, while other pathways induce cell invasion, metastatic growth, and angiogenesis (Abounader et al., 2004; Gentile et al., 2008). MET is considered as biomarker for the identification of PaCa and a promising therapeutic target (Li et al., 2011). The MET protein overexpression in cell is associated with the activation of multiple cancer-related pathways such as PI3K-Akt signaling pathway, FA, and central carbon metabolism in cancer pathways. The FAK/PTK2 is kinase protein play crucial role in multiple cancer-related pathways activated by various surface proteins integrin and growth factor receptor. It also promotes p53 degradation through ubiquitination in nucleus (Zhou et al., 2019). The RAC is downstream protein involving in pathways for the formation of lamellipodia under the influence of extracellular stimuli and activation of the proliferative genes. In normal pancreas, RAC expression is precisely low, as the main function of RAC is to activate the formation of actin fiber in normal cells. In PaCa cells, its overexpression leads to abundant deposition of actin and lamellipodia formation (Anne, 2011).



5. CONCLUSIONS

PaCa is a fatal malignancy with 5-year survival rate <7 and >98% metastasis development rate. There is a dire need for developing new therapies for reducing mortality rates. For attaining this, it is essential to thoroughly study pathways and genes involved in initiation, progression, and invasiveness of PaCa. The whole transciptome analysis along with co-expression network analysis of PaCa provides the prime way to explore entities that are differentially co-expressed in the system. Most important hub genes and pathways determined in this study are integrins (ITGA1, ITGB1), LAMA1, MET, FAK, and Rac1-mediated actin bundle deposition, PI3k/Akt, and MAPk signaling pathways. The STAT3 activation is induced by integrin, VEGFA, and EGFR, which leads to angiogenesis and loss of growth inhibitory effects of TGFβ induced by TGFB1 and TGFβR1/TGFβR2. The hub genes and overexpressed surface receptors initiating all these pathways can be used for designing advance therapy against these receptors.



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

MN and RP conceived and designed the study. MN conducted the analysis and wrote the manuscript. SZ helps in the conducting of network analysis part of methodology. All authors took part in analytical discussions and critical reviewing of manuscript.



ACKNOWLEDGMENTS

We would like to thank the National University of Sciences and Technology (NUST), who paid the publication fee for this article.



SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fgene.2021.663787/full#supplementary-material



REFERENCES

 Abounader, R., Reznik, T., Colantuoni, C., Martinez-Murillo, F., Rosen, E. M., and Laterra, J. (2004). Regulation of c-met-dependent gene expression by pten. Oncogene 23:9173. doi: 10.1038/sj.onc.1208146

 Anders, S., Pyl, P. T., and Huber, W. (2015). HTSEQ-a python framework to work with high-throughput sequencing data. Bioinformatics 31, 166–169. doi: 10.1093/bioinformatics/btu638

 Anne, J. R. (2011). Life at the leading edge. Cell 145, 1012–1022. doi: 10.1016/j.cell.2011.06.010

 Badea, L., Herlea, V., Dima, S. O., Dumitrascu, T., and Popescu, I. (2008). Combined gene expression analysis of whole-tissue and microdissected pancreatic ductal adenocarcinoma identifies genes specifically overexpressed in tumor epithelia-the authors reported a combined gene expression analysis of whole-tissue and microdissected pancreatic ductal adenocarcinoma identifies genes specifically overexpressed in tumor epithelia. Hepatogastroenterology 55, 2016–2027.

 Bader, G. D., and Hogue, C. W. (2003). An automated method for finding molecular complexes in large protein interaction networks. BMC Bioinformatics 4, 1–27. doi: 10.1186/1471-2105-4-2

 Bibert, S., Roy, S., Schaer, D., Felley-Bosco, E., and Geering, K. (2006). Structural and functional properties of two human FXYD3 (Mat-8) isoforms. J. Biol. Chem. 281, 39142–39151. doi: 10.1074/jbc.M605221200

 Blighe, K., Rana, S., and Lewis, M. (2020). EnhancedVolcano: Publication-Ready Volcano Plots With Enhanced Colouring and Labeling. R package version 1.8.0. Available online at: https://github.com/kevinblighe/EnhancedVolcano

 Borja-Cacho, D., Jensen, E. H., Saluja, A. K., Buchsbaum, D. J., and Vickers, S. M. (2008). Molecular targeted therapies for pancreatic cancer. Am. J. Surg. 196, 430–441. doi: 10.1016/j.amjsurg.2008.04.009

 Bray, F., Ferlay, J., Soerjomataram, I., Siegel, R. L., Torre, L. A., and Jemal, A. (2018). Global cancer statistics 2018: globocan estimates of incidence and mortality worldwide for 36 cancers in 185 countries. Cancer J. Clin. 68, 394–424. doi: 10.3322/caac.21492

 Chen, E. Y., Tan, C. M., Kou, Y., Duan, Q., Wang, Z., Meirelles, G. V., et al. (2013). Enrichr: interactive and collaborative HTML5 gene list enrichment analysis tool. BMC Bioinformatics 14:128. doi: 10.1186/1471-2105-14-128

 Chen, J., Li, Q., An, Y., Lv, N., Xue, X., Wei, J., et al. (2013). Ceacam6 induces epithelial-mesenchymal transition and mediates invasion and metastasis in pancreatic cancer. Int. J. Oncol. 43, 877–885. doi: 10.3892/ijo.2013.2015

 Chen, S., Zhou, Y., Chen, Y., and Gu, J. (2018). fastp: an ultra-fast all-in-one FASTQ preprocessor. Bioinformatics 34, i884–i890. doi: 10.1093/bioinformatics/bty560

 Chin, C.-H., Chen, S.-H., Wu, H.-H., Ho, C.-W., Ko, M.-T., and Lin, C.-Y. (2014). cytoHubba: identifying hub objects and sub-networks from complex interactome. BMC Syst. Biol. 8:S11. doi: 10.1186/1752-0509-8-S4-S11

 Colaprico, A., Silva, T. C., Olsen, C., Garofano, L., Cava, C., Garolini, D., et al. (2016). Tcgabiolinks: an r/bioconductor package for integrative analysis of TCGA data. Nucl. Acids Res. 44:e71. doi: 10.1093/nar/gkv1507

 Costache, M., Ioana, M., Iordache, S., Ene, D., Costache, C. A., and Sǎftoiu, A. (2015). VEGF expression in pancreatic cancer and other malignancies: a review of the literature. Roman. J. Intern. Med. 53, 199–208. doi: 10.1515/rjim-2015-0027

 Crnogorac-Jurcevic, T., Gangeswaran, R., Bhakta, V., Capurso, G., Lattimore, S., Akada, M., et al. (2005). Proteomic analysis of chronic pancreatitis and pancreatic adenocarcinoma. Gastroenterology 129, 1454–1463. doi: 10.1053/j.gastro.2005.08.012

 De La Cruz, M., Young, A. P., and Ruffin, M. T. (2014). Diagnosis and management of pancreatic cancer. Am. Fam. Phys. 89, 626–632.

 Faris, J. E., Blaszkowsky, L. S., McDermott, S., Guimaraes, A. R., Szymonifka, J., Huynh, M. A., et al. (2013). Folfirinox in locally advanced pancreatic cancer: the Massachusetts general hospital cancer center experience. Oncologist 18, 543–548. doi: 10.1634/theoncologist.2012-0435

 Frampton, A. E., Castellano, L., Colombo, T., Giovannetti, E., Krell, J., Jacob, J., et al. (2014). Micrornas cooperatively inhibit a network of tumor suppressor genes to promote pancreatic tumor growth and progression. Gastroenterology 146, 268–277. doi: 10.1053/j.gastro.2013.10.010

 Gandolfo, L. C., and Speed, T. P. (2018). RLE plots: visualizing unwanted variation in high dimensional data. PLoS ONE 13:e0191629. doi: 10.1371/journal.pone.0191629

 Gentile, A., Trusolino, L., and Comoglio, P. M. (2008). The MET tyrosine kinase receptor in development and cancer. Cancer Metast. Rev. 27, 85–94. doi: 10.1007/s10555-007-9107-6

 Gharibi, A., La Kim, S., Molnar, J., Brambilla, D., Adamian, Y., Hoover, M., et al. (2017). ITGA1 is a pre-malignant biomarker that promotes therapy resistance and metastatic potential in pancreatic cancer. Sci. Rep. 7, 1–14. doi: 10.1038/s41598-017-09946-z

 Gregório, C., Soares-Lima, S. C., Alemar, B., Recamonde-Mendoza, M., Camuzi, D., de Souza-Santos, P. T., et al. (2020). Calcium signaling alterations caused by epigenetic mechanisms in pancreatic cancer: from early markers to prognostic impact. Cancers 12:1735. doi: 10.3390/cancers12071735

 Grimont, A., Pinho, A. V., Cowley, M. J., Augereau, C., Mawson, A., Giry-Laterriére, M., et al. (2015). SOX9 regulates ERBB signalling in pancreatic cancer development. Gut 64, 1790–1799. doi: 10.1136/gutjnl-2014-307075

 Grzesiak, J., and Bouvet, M. (2006). The α 2 β 1 integrin mediates the malignant phenotype on type i collagen in pancreatic cancer cell lines. Br. J. Cancer 94, 1311–1319. doi: 10.1038/sj.bjc.6603088

 GTEx Consortium (2020). The GTEx Consortium atlas of genetic regulatory effects across human tissues. Science 369, 1318–1330. doi: 10.1126/science.aaz1776

 Gu, Z., Eils, R., and Schlesner, M. (2016). Complex heatmaps reveal patterns and correlations in multidimensional genomic data. Bioinformatics 32, 2847–2849. doi: 10.1093/bioinformatics/btw313

 Hamada, S., and Masamune, A. (2018). Elucidating the link between collagen and pancreatic cancer: what's next? Expert Rev. Gastroenterol. Hepatol. 12, 315–317. doi: 10.1080/17474124.2018.1448268

 Han, H., Nagle, R., and Von Hoff, D. D. (2005). Overexpression of FN14/TWEAK receptor in pancreatic cancer. Am. Assoc. Cancer Res. 46, 554–555.

 Hicks, S. C., and Irizarry, R. A. (2014). When to use quantile normalization? BioRxiv [Preprint] 012203. doi: 10.1101/012203. [Epub ahead of print].

 Hicks, S. C., Okrah, K., Paulson, J. N., Quackenbush, J., Irizarry, R. A., and Bravo, H. C. (2017). Smooth quantile normalization. Biostatistics 19, 185–198. doi: 10.1093/biostatistics/kxx028

 Hidalgo, M., Cascinu, S., Kleeff, J., Labianca, R., Löhr, J.-M., Neoptolemos, J., et al. (2015). Addressing the challenges of pancreatic cancer: future directions for improving outcomes. Pancreatology 15, 8–18. doi: 10.1016/j.pan.2014.10.001

 Hill, R., Calvopina, J. H., Kim, C., Wang, Y., Dawson, D. W., Donahue, T. R., et al. (2010). PTEN loss accelerates KRASG12D-induced pancreatic cancer development. Cancer Res. 70, 7114–7124. doi: 10.1158/0008-5472.CAN-10-1649

 Ji, Z., Mei, F. C., Xie, J., and Cheng, X. (2007). Oncogenic KRAS activates hedgehog signaling pathway in pancreatic cancer cells. J. Biol. Chem. 282, 14048–14055. doi: 10.1074/jbc.M611089200

 Kayed, H., Kleeff, J., Kolb, A., Ketterer, K., Keleg, S., Felix, K., et al. (2006). FXYD3 is overexpressed in pancreatic ductal adenocarcinoma and influences pancreatic cancer cell growth. Int. J. Cancer 118, 43–54. doi: 10.1002/ijc.21257

 Klaus, B., and Reisenauer, S. (2018). An end to end workflow for differential gene expression using Affymetrix microarrays [version 2; peer review: 2 approved]. F1000Res. 5:1384. doi: 10.12688/f1000research.8967.2

 Langfelder, P., and Horvath, S. (2008). WGCNA: an r package for weighted correlation network analysis. BMC Bioinformatics 9:559. doi: 10.1186/1471-2105-9-559

 Li, C., Wu, J.-J., Hynes, M., Dosch, J., Sarkar, B., Welling, T. H., et al. (2011). C-MET is a marker of pancreatic cancer stem cells and therapeutic target. Gastroenterology 141, 2218–2227. doi: 10.1053/j.gastro.2011.08.009

 Li, D., Xie, K., Wolff, R., and Abbruzzese, J. L. (2004). Pancreatic cancer. Lancet 363, 1049–1057. doi: 10.1016/S0140-6736(04)15841-8

 Lin, J., Wu, Y.-J., Liang, X., Ji, M., Ying, H.-M., Wang, X.-Y., et al. (2019). Network-based integration of mrna and mirna profiles reveals new target genes involved in pancreatic cancer. Mol. Carcinog. 58, 206–218. doi: 10.1002/mc.22920

 Liu, Z., Zhang, G., Zhao, C., and Li, J. (2018). Clinical significance of G protein-coupled receptor 110 (GPR110) as a novel prognostic biomarker in osteosarcoma. Med. Sci. Monit. 24:5216. doi: 10.12659/MSM.909555

 Love, M. I., Huber, W., and Anders, S. (2014). Moderated estimation of fold change and dispersion for RNA-seq data with DESEQ2. Genome Biol. 15:550. doi: 10.1186/s13059-014-0550-8

 Lum, A. M., Wang, B. B., Beck-Engeser, G. B., Li, L., Channa, N., and Wabl, M. (2010). Orphan receptor gpr110, an oncogene overexpressed in lung and prostate cancer. BMC Cancer 10:40. doi: 10.1186/1471-2407-10-40

 Ma, H., He, Z., Chen, J., Zhang, X., and Song, P. (2021). Identifying of biomarkers associated with gastric cancer based on 11 topological analysis methods of cytoHubba. Sci. Rep. 11, 1–11. doi: 10.1038/s41598-020-79235-9

 Müller, S., Raulefs, S., Bruns, P., Afonso-Grunz, F., Plötner, A., Thermann, R., et al. (2015). Next-generation sequencing reveals novel differentially regulated mRNAs, lncrnas, miRNAs, sdRNAs and a piRNA in pancreatic cancer. Mol. Cancer 14:94. doi: 10.1186/s12943-015-0358-5

 Neoptolemos, J., Dunn, J., Stocken, D., Almond, J., Link, K., Beger, H., et al. (2001). Adjuvant chemoradiotherapy and chemotherapy in resectable pancreatic cancer: a randomised controlled trial. Lancet 358, 1576–1585. doi: 10.1016/S0140-6736(01)06651-X

 Otasek, D., Morris, J. H., Bouçcas, J., Pico, A. R., and Demchak, B. (2019). Cytoscape automation: empowering workflow-based network analysis. Genome Biol. 20, 1–15. doi: 10.1186/s13059-019-1758-4

 Peron, C., Visani, A., Weber, A., Rigotti, F., Ahmed, Y., Khattab, S., et al. (2019). FXYD domain containing ion transport regulator 3 (FXYD3) is over-expressed in germinal centre derived aggressive lymphomas and plasma cell myeloma. Biomed. J. Sci. Techn. Res. 15, 11042–11051. doi: 10.26717/BJSTR.2019.15.002638

 Rawla, P., Sunkara, T., and Gaduputi, V. (2019). Epidemiology of pancreatic cancer: Global trends, etiology and risk factors. World J. Oncol. 10:10. doi: 10.14740/wjon1166

 Ren, D., Zhao, J., Sun, Y., Li, D., Meng, Z., Wang, B., et al. (2019). Overexpressed ITGA2 promotes malignant tumor aggression by up-regulating PD-L1 expression through the activation of the STAT3 signaling pathway. J. Exp. Clin. Cancer Res. 38, 1–18. doi: 10.1186/s13046-019-1496-1

 Ritchie, M. E., Phipson, B., Wu, D., Hu, Y., Law, C. W., Shi, W., et al. (2015). LIMMA powers differential expression analyses for RNA-sequencing and microarray studies. Nucl. Acids Res. 43:e47. doi: 10.1093/nar/gkv007

 Robinson, M. D., McCarthy, D. J., and Smyth, G. K. (2010). EDGER: a bioconductor package for differential expression analysis of digital gene expression data. Bioinformatics 26, 139–140. doi: 10.1093/bioinformatics/btp616

 Sadras, T., Heatley, S. L., Kok, C. H., Dang, P., Galbraith, K. M., McClure, B. J., et al. (2017). Differential expression of MUC4, GPR110 and IL2RA defines two groups of CRLF2-rearranged acute lymphoblastic leukemia patients with distinct secondary lesions. Cancer Lett. 408, 92–101. doi: 10.1016/j.canlet.2017.08.034

 Sahay, D., Bhat, R., Rimawi, M., Osborne, C. K., Schiff, R., and Trivedi, M.V. (2016). “Role of GPR110 on tumorigenesis and metastasis in HER2+ breast cancer in the context of anti-HER2 drug resistance” [abstract] In: Proceedings of the 107th Annual Meeting of the American Association for Cancer Research. (New Orleans, LA: AACR; Cancer Research).

 Seicean, A., Petrusel, L., and Seicean, R. (2015). New targeted therapies in pancreatic cancer. World J. Gastroenterol. 21:6127. doi: 10.3748/wjg.v21.i20.6127

 Sergeant, G., van Eijsden, R., Roskams, T., Van Duppen, V., and Topal, B. (2012). Pancreatic cancer circulating tumour cells express a cell motility gene signature that predicts survival after surgery. BMC Cancer 12:527. doi: 10.1186/1471-2407-12-527

 Simeone, D. M., Ji, B., Banerjee, M., Arumugam, T., Li, D., Anderson, M. A., et al. (2007). CEACAM1, a novel serum biomarker for pancreatic cancer. Pancreas 34, 436–443. doi: 10.1097/MPA.0b013e3180333ae3

 Smit, V. T., Boot, A. J., Smits, A. M., Fleuren, G. J., Cornelisse, C. J., and Bos, J. L. (1988). KRAS codon 12 mutations occur very frequently in pancreatic adenocarcinomas. Nucl. Acids Res. 16, 7773–7782. doi: 10.1093/nar/16.16.7773

 Spivak-Kroizman, T. R., Hostetter, G., Posner, R., Aziz, M., Hu, C., Demeure, M. J., et al. (2013). Hypoxia triggers hedgehog-mediated tumor-stromal interactions in pancreatic cancer. Cancer Res. 73, 3235–3247. doi: 10.1158/0008-5472.CAN-11-1433

 Srivastava, S. K., Bhardwaj, A., Arora, S., Singh, S., Azim, S., Tyagi, N., et al. (2015). MYB is a novel regulator of pancreatic tumour growth and metastasis. Br. J. Cancer 113:1694. doi: 10.1038/bjc.2015.400

 Szklarczyk, D., Gable, A. L., Lyon, D., Junge, A., Wyder, S., Huerta-Cepas, J., et al. (2019). String v11: protein-protein association networks with increased coverage, supporting functional discovery in genome-wide experimental datasets. Nucl. Acids Res. 47, D607–D613. doi: 10.1093/nar/gky1131

 Wang, L., Zhou, W., Zhong, Y., Huo, Y., Fan, P., Zhan, S., et al. (2017). Overexpression of g protein-coupled receptor GPR87 promotes pancreatic cancer aggressiveness and activates nf-κb signaling pathway. Mol. Cancer 16:61. doi: 10.1186/s12943-017-0627-6

 Yang, C., Liu, Z., Zeng, X., Wu, Q., Liao, X., Wang, X., et al. (2019). Evaluation of the diagnostic ability of laminin gene family for pancreatic ductal adenocarcinoma. Aging 11:3679. doi: 10.18632/aging.102007

 Yang, S., He, P., Wang, J., Schetter, A., Tang, W., Funamizu, N., et al. (2016). A novel MIF signaling pathway drives the malignant character of pancreatic cancer by targeting NR3C2. Cancer Res. 76, 3838–3850. doi: 10.1158/0008-5472.CAN-15-2841

 Yu, S., Lu, Z., Liu, C., Meng, Y., Ma, Y., Zhao, W., et al. (2010). miRNA-96 suppresses KRAS and functions as a tumor suppressor gene in pancreatic cancer. Cancer Res. 70, 6015–6025. doi: 10.1158/0008-5472.CAN-09-4531

 Zhang, G., Schetter, A., He, P., Funamizu, N., Gaedcke, J., Ghadimi, B. M., et al. (2012). DPEP1 inhibits tumor cell invasiveness, enhances chemosensitivity and predicts clinical outcome in pancreatic ductal adenocarcinoma. PLoS ONE 7:e31507. doi: 10.1371/journal.pone.0031507

 Zhang, Y., Crawford, H. C., and Pasca di Magliano, M. (2019). Epithelial-stromal interactions in pancreatic cancer. Annu. Rev. Physiol. 81, 211–233. doi: 10.1146/annurev-physiol-020518-114515


 Zhou, J., Yi, Q., and Tang, L. (2019). The roles of nuclear focal adhesion kinase (FAK) on cancer: a focused review. J. Exp. Clin. Cancer Res. 38:250. doi: 10.1186/s13046-019-1265-1

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 © 2021 Nisar, Paracha, Arshad, Adil, Zeb, Hanif, Rafiq and Hussain. 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.



OPS/images/fgene-12-663787-g005.gif
mﬁnmﬁaﬁ%. ﬁgm&?ﬁaﬁ@m_m

_|<[

;






OPS/images/fgene-12-663787-g006.gif





OPS/images/fgene-12-663787-g003.gif





OPS/images/fgene-12-663787-g004.gif





OPS/images/fgene-12-663787-t003.jpg
Sr.No  Accession
number

Microarray Datasets

1 E-GEOD-15471
2 E-GEOD-28735
3 E-GEOD-62452
4 E-GEOD-41368
5 E-GEOD-18670

RNA-seq Datasets

) GSE119794
2 E-MTAB-3494
TCGA Data

1 TCGA-PAAD

Total
DEGs

1,665
364
274

1,688

1,164

2,174
3,804

1,614

Overexpressed
DEGs

1,466
227
174

1,222
798

1,194
2,198

674

Underexpressed
DEGs

199
137
100
466
366

1611

840





OPS/images/fgene-12-663787-t001.jpg
StNo Accession Total samples Selected Platform Country References
number samples

1 E-GEOD-15471 78 samples 78 samples Affymetrix GeneChip Romania Badea et al.
Sample types: Sample types: Human Genome U133 (2008)
* 39 Normal + 39 Normal Plus
* 39 Tumor * 39 Tumor 2.0 [HG - U183_Plus_2)

2 E-GEOD-28735 90 samples 90 samples Affymetrix GeneChip USA Zhang etal.
Sample Type: Sample Type: Human Gene 1.0 ST (2012)
« 45 Normal * 45 Nomal Array
« 45 Tumor * 45 Tumor [HuGene —1_0—st—v1]

3 E-GEOD-62452 130 samples 130 samples. Affymetrix GeneChip USA Yang et al.
Sample type: Sample type: Human Gene 1.0 ST (2016)
« 61 Normal * 61 Nomal Array
o 69 Tumor * 69 Tumor [HuGene—1_0—st—v1]

4 E-GEOD-41368 12 samples 12 samples Affymetrix GeneChip Italy Frampton et al
Sample Type: Sample Type: Human Gene 1.0 ST (2014)
* 6 Normal * 6 Normal Array
o 6 Tumor * 6 Tumor [HuGene—1_0—st—v1]

5 E-GEOD-18670 24 samples 12 samples Affymetrix GeneChip Belgium Sergeant et al
Sample Type: Sample Type: Human Genome U133 (2012)
* 6 Metastasis « 6 Normal Plus
« 6 Haematological * 6 Tumor 2.0 [HG - U133_Plus_2)

* 6 Normal
* 6 Tumor





OPS/images/fgene-12-663787-t002.jpg
Sr. No

Accession number

E-MTAB-3494

GSE119794

Total samples

11 samples
Sample type:
5 Normal
6 Tumor

40 samples

Sample type:

10 Normal (mANA)

* 10 Tumor (mRNA)

10 Normal
(IRNA)

* 10 Tumor (MIRNA)

Selected
samples

11 samples

Sample type:

* 5 Normal
* 6 Tumor

20 samples

Sample type:

* 10 Normal
(ANA)

* 10 Tumor
(MRNA)

Platform Country
llumina HiSeq Germany
2000

(Homo sapiens)

llumina HiSeq China
2000
(Homo sapiens)

References

Miiller et al.
(2015)

Linetal. (2019)





OPS/xhtml/Nav.xhtml




Contents





		Cover



		Integrated Analysis of Microarray and RNA-Seq Data for the Identification of Hub Genes and Networks Involved in the Pancreatic Cancer



		1. Introduction



		2. Methodology



		2.1. Datasets Inclusion Criteria



		2.2. Differential Gene Expression Analysis



		2.2.1. Microarray Data Analysis



		2.2.2. RNA-Seq Data Analysis









		2.3. Co-expression Network Analysis



		2.4. Gene List Enrichment Analysis



		2.5. Network Analysis of Identified Pathways and Hub Gene Determination



		2.6. TCGA Analysis



		2.7. GTEx Normal Pancreas Data Comparison







		3. Results



		4. Discussion



		5. Conclusions



		Data Availability Statement



		Author Contributions



		Acknowledgments



		Supplementary Material



		References

















OPS/images/cover.jpg
’ frontiers
in Genetics

Integrated Analysis of Microarray and
RNA-Seq Data for the Identification
of Hub Genes and Networks Involved
in the Pancreatic Cancer





OPS/images/fgene-12-663787-g001.gif





OPS/images/fgene-12-663787-g002.gif
Microarray Data

RNA-Seq Data

E.GEODA5471

E.GEOD-18670

E.GEOD28735

EGEOD41368

E.GEOD-62452

Gset19ros

EuTAB-3494

Module-trait relationships

os





OPS/images/fgene-12-663787-t004.jpg
Sr.No Dataset name p-value Modules with Number of Modules with Number of Number of

correlation >= Correlation significant significant
06 genes <=-06 genes pathways
(Pos-Mod) (Pos-Mod) (Pos-Mod) (Neg-Mod) (Neg-Mod) (Neg-Mod)

Microarray Data

1 £-GEOD-15471 20 Gray, brown, 895 51 Turquoise 602 19
yellow

2 E-GEOD-18670 16 Turquoise, 1,514 78 Gray, red, 659 42
brown, yellow, black, blue
Green

3 E-GEOD-28735 9 Turquoise, 166 33 0 Nl Nil
gray, brown

4 E-GEOD-41368 16 Turquoise, 2,457 151 Yellow, green, 41 40
gray, brown red, blue

5 E-GEOD-62452 10 Gray, brown 18 13 o Nill Nill

RNA-seq Data

1 GSE119794 12 Blue 67 5 0 Nil Nl

2 E-MTAB-3494 12 Yellow, 1,985 183 Brown 343 28

turquoise, blue

The third column consist of solt threshold value used for calculating acjacency matri, and forth and seventh column show the names of modules choosed for further analysis. Remaining column contain information of genes selected
and significant pathways retrieved for all datasets.









OPS/images/crossmark.jpg
©

2

i

|





OPS/images/logo.jpg
, frontiers
in Genetics





