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Pancreatic ductal adenocarcinoma (PDAC) is one of the leading causes of cancer-related death and has an extremely poor prognosis. Thus, identifying new disease-associated genes and targets for PDAC diagnosis and therapy is urgently needed. This requires investigations into the underlying molecular mechanisms of PDAC at both the systems and molecular levels. Herein, we developed a computational method of predicting cancer genes and anticancer drug targets that combined three independent expression microarray datasets of PDAC patients and protein-protein interaction data. First, Support Vector Machine–Recursive Feature Elimination was applied to the gene expression data to rank the differentially expressed genes (DEGs) between PDAC patients and controls. Then, protein-protein interaction networks were constructed based on the DEGs, and a new score comprising gene expression and network topological information was proposed to identify cancer genes. Finally, these genes were validated by “druggability” prediction, survival and common network analysis, and functional enrichment analysis. Furthermore, two integrins were screened to investigate their structures and dynamics as potential drug targets for PDAC. Collectively, 17 disease genes and some stroma-related pathways including extracellular matrix-receptor interactions were predicted to be potential drug targets and important pathways for treating PDAC. The protein-drug interactions and hinge sites predication of ITGAV and ITGA2 suggest potential drug binding residues in the Thigh domain. These findings provide new possibilities for targeted therapeutic interventions in PDAC, which may have further applications in other cancer types.
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Introduction

Pancreatic ductal adenocarcinoma (PDAC) is one of the most malignant solid tumors (Bailey et al., 2016). PDAC is difficult to treat due to the stage of diagnosis, severe cachexia and poor metabolic status, the resistance of cancer stem cells (CSCs) to current drugs, and the marked desmoplastic response that facilitates growth and invasion, provides a physical barrier to therapeutic drugs, and prevents immunosurveillance (Al Haddad and Adrian, 2014). PDAC is also a drug-resistant disease, and the response of pancreatic cancer to most chemotherapy drugs is poor. Until now, most of research effort in PDAC has been directed at identifying the important disease-driving genes and pathways (Waddell et al., 2015). These studies have shown that KRAS, CDKN2A, TP53, and SMAD4 are the four most common driver genes in PDAC (Carr and Fernandez-Zapico, 2019). With the development of multi-omics data, a series of new regulators that are strongly correlated with survival have been proposed to be PDAC biomarkers (Rajamani and Bhasin, 2016; Mishra et al., 2019), including genes (e.g., IRS1, DLL1, HMGA2, ACTN1, SKI, B3GNT3, DMBT1, and DEPDC1B) and lncRNAs (e.g., PVT1 and GATA6-AS). The integrated transcriptomic analysis of five PDAC datasets identified four-hub gene modules, which were used to build a diagnostic risk model for the diagnosis and prognosis of PDAC (Zhou et al., 2019). Integrated genomic analysis of 456 PDAC cases identified 32 recurrently mutated genes that aggregate into 10 pathways: KRAS, TGF-β, WNT, NOTCH, ROBO/SLIT signaling, G1/S transition, SWI-SNF, chromatin modification, DNA repair, and RNA processing (Bailey et al., 2016). Previous treatments for pancreatic cancer have focused on targeting some of these PDAC-associated pathways, including TGFβ (Craven et al., 2016), PI3K (Conway et al., 2019), Src (Parkin et al., 2019), and RAF→MEK→ERK (Kinsey et al., 2019) and NFAT1-MDM2-MDMX (Qin et al., 2017) signaling, as well as cell-cell communication within the tumor microenvironment (Shi et al., 2019). The discovery of novel drug targets provides extremely valuable resource towards the discovery of drugs. Although the human genome comprises approximately 30,000 genes, proteins encoded by fewer than 400 are used as drug targets in disease treatments. A range of therapeutic targets in PDAC have been proposed, including suppressing the abovementioned genes and pathways (Tang and Chen, 2014). However, the current drug targets for PDAC will not be 100% effective due to the heterogeneous nature of the disease. To tackle this challenge, a complete understanding of the molecular mechanism of PDAC is urgently needed.

Improving PDAC therapy will require a greater knowledge of the disease at both the systems and molecular levels. At the systems level, protein-protein interaction (PPI) networks provide a global picture of cellular function and biological processes (BPs); thus, the network approach is used to understand the molecular mechanisms of disease, particularly in cancer (Conte et al., 2019; Sonawane et al., 2019). Some proteins act as hub proteins that are highly connected to others, thus cancer drug targets can be predicted by hubs in PPI networks (Li et al., 2018; Lu et al., 2018; Zhu et al., 2019). However, there are some conflicting results that suggest disease genes or drug targets have no significant degree of prominence (Mitsopoulos et al., 2015), but higher betweenness, centrality, smaller average shortest path length, and smaller clustering coefficient (Zhao and Liu, 2019). Recent advances in systems biology have led to a plethora of new network-based methods and parameters for predicting essential genes (Li et al., 2019), disease genes, and drug targets (Csermely et al., 2013; Vinayagam et al., 2016; Zhang et al., 2017; Fotis et al., 2018; Liu et al., 2018). Additionally, the structural annotation of PPI networks that has highlighted key residues has enriched the fields of both systems biology and rational drug design (Kar et al., 2009; Winter et al., 2012). The prediction of binding sites, allosteric sites, and genetic variations based on systems-level data is critical for suggesting therapeutic approaches to complex diseases and personalized medicine (Duran-Frigola et al., 2013; Yan et al., 2018). Combined with PPI network analysis, molecular docking studies of target genes can further help to find drug molecules and protein-drug interactions for lung adenocarcinoma (Selvaraj et al., 2018).

Together with advances in “-omics” data, including gene expression and PPI data, machine learning (ML), and artificial intelligence (AI) techniques are powerful tools that can assess gene and protein “druggability” from such massive and noisy datasets (Kandoi et al., 2015; Zhavoronkov, 2018). As the most used ML method, support vector machine (SVM) has been used for cancer genomic classification or subtyping, which may be useful for obtaining a better understanding of cancer driver genes and discovering new biomarkers and drug targets (Huang et al., 2018). ML-based methods have been applied to study PDAC for different purposes. By applying ML algorithms to proteomics and other molecular data from The Cancer Genome Atlas (TCGA), two subtypes of pancreatic cancer can be classified (Sinkala et al., 2020). A meta-analysis of PDAC microarray data could help predict biomarkers that can be used to build AI-based computational predictors for classifying PDAC and normal samples (Bhasin et al., 2016), as well as predicting sample status (Almeida et al., 2020). To predict and validate novel drug targets for cancer, including PDAC, a ML-based classifier that integrates a variety of genomic and systems datasets was built to prioritize drug targets (Jeon et al., 2014).

In this study, we developed a computational framework that integrates various types of high-throughput data, including transcriptomics, interactomics, and structural data, for the genome-wide identification of therapeutic targets in PDAC. A novel centrality metric, referred to as SVM-REF and Network topological score (RNs), was proposed for the identification of disease genes and drug targets. This method incorporates gene expression and network topology information from ML and PPI analyses. Moreover, the predicted genes were validated by “druggability” prediction, survival, and comparative network analyses, as well as functional enrichment analysis. Finally, the structural and dynamic properties of two integrins (ITGAV and ITGA2) as drug targets were investigated. The workflow of these methods is shown in Figure 1.




Figure 1 | The computational pipeline proposed in this work included three steps. Overall, a machine learning method was used to identify DEGs in PDAC, which were then combined with two parameters of the PPI network to define a new score that predicted disease genes and drug targets in PDAC. All potential targets were then further verified by other bioinformatics analyses and investigated by a “druggability” analysis of structural and dynamic properties.





Materials and Methods


Identification of DEGs

In this study, three independent PDAC expression microarray datasets with 184 pancreas samples (95 cancer and 89 nonmalignant samples) were used. The datasets were obtained from the National Center for Biotechnology Information (NCBI) Gene Expression Omnibus (GEO, https://www.ncbi.nlm.nih.gov/geo/). Details of each dataset are listed in Table 1. The GSE15471 dataset included 36 PDAC samples and matching normal pancreas samples from pancreatic cancer patients in Romania (Badea et al., 2008). There were also matched samples in the GSE28735 dataset, which contains gene expression profiles of 45 matched pairs of pancreatic tumor and adjacent non-tumor tissues from PDCA patients in Germany (Zhang et al., 2012; Zhang et al., 2013). The GSE71989 dataset contained expression profiles of eight normal pancreas and 14 PDAC tissues (Jiang et al., 2016). The normalized data were downloaded from GEO and then analyzed to identify DEGs using t-tests, with p-values adjusted by the Benjamini-Hochberg method. Only genes with adjusted p-values < 0.01 and |FC| > 1.5 were chosen as DEGs.


Table 1 | Information on the included GEO datasets.





Gene Prioritization Pipeline

Disease genes and drug targets usually have large degree in PPI networks, but there is no single network parameter that can accurately predict them (Li et al., 2016). Protein targets do not exert their function in isolation; rather they are affected by interactions within their PPI network, which are governed by protein localization and environment. In the same way, topological information from PPI networks alone is not enough to identify disease genes and drug targets without biological information. To overcome these limitations, we developed a new three-step pipeline to identify cancer-related genes that may be candidate drug targets in PDAC. The pipeline integrated information from gene expression data and local and global topological characteristics of genes in PPI networks.

Step 1: For each gene expression dataset, we employed SVM methods based on a Recursive Feature Elimination (SVM-RFE) algorithm (Guyon et al., 2002), which is an embedded method to specifically deal with gene selection for cancer classification (Bolón-Canedo et al., 2014), rank DEGs, and select the most relevant features (Jeon et al., 2014). SVM-RFE can remove redundant features (genes) to generalize performance, implement backward feature elimination, search an optimal subset of genes, and provide a ranking for each gene. We ranked genes by SVM-RFE score (Rs), according the following formula:

	

where n is the number of DEGs and ri is the rank of gene i.

Step 2: A PPI network of DEGs was constructed with the STRING database (von Mering et al., 2003; Szklarczyk et al., 2017) using scores > 0.9. The topological parameters degree and shortest path length for each gene in the PPI network were calculated. The degree (K) of a node in the PPI network is the number of links attached to that node, which is one of the measures of centrality of a node in the network. The average path length (L) of node v in the network is the average length of the shortest paths between v and all other nodes and was defined as:

	

where δ(v,i) is the length of the shortest path between nodes v and I, and n is the node number in the network.

Step 3: Finally, we incorporated Network topological properties into Rs and defined a new score (RNs) for each gene as:

	

Accordingly, this new RNs score (SVM-RFE and Network topological score) considers the cancer status of each gene by including information about gene expression and two levels of topological features in PPI networks, namely, degree K indicates the importance of the node, while the shortest path length L shows the effects from other nodes. The code for gene prioritization is freely available on GitHub for download at: https://github.com/CSB-SUDA/RNs.



PPI Network Analysis

Once the PPI network was constructed, two other analyses were performed. The first analysis was the calculation of two commonly used centrality parameters: betweenness and closeness centrality. The betweenness centrality (BC) (Freeman, 1977) of node v was defined as:

	

where givj is the number of the shortest paths from i to j that pass through node v, and gij is the number of shortest paths from i to j.

The closeness (CC) of node v is the reciprocal of the average shortest path length, which was calculated as:

	

Proteins are often incorporated into modules that can be shared between several different cellular activities. The second analysis was module detection of PPIs by integrating a Gaussian network (GN) algorithm (Newman and Girvan, 2004) and functional semantic similarity (Wang et al., 2007). In general, this involved using the GN algorithm to detect the module of PPI networks, and then applying functional semantic similarity to filter links. Thus, the genes in the detected modules not only had topological similarity, but also functional similarity.



Survival Analysis

To evaluate the prognostic value of candidate genes, a survival analysis was performed using data from the human protein atlas (Uhlen et al., 2017), which contains gene expression data and clinical information of 176 pancreatic cancer patients. P-values < 0.01 were considered significantly correlated with overall survival.



Functional Enrichment Analysis

Functional enrichment analysis, including cellular component (CC), molecular function (MF), and BP, from the Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways of genes was performed using the R package cluster Profiler (Yu et al., 2012). Terms with adjusted p-value < 0.05 were considered significant.



Structural Modeling and “Druggability” Analysis

The protein structures of potential drug targets were retrieved from the Protein Data Bank (PDB) if they were available. The Swiss model (Waterhouse et al., 2018) and I-TASSER (Roy et al., 2010) were used for the structural modeling of genes if protein structures were unavailable. We choose the Swiss model when the sequence similarity between searched models was >30%; otherwise, we used I-TASSER, which predicts protein structure using modeling by iterative threading assembly. Based on model structures, Fpocket (Le Guilloux et al., 2009) was used to detect druggable pockets and calculate “druggability” scores, which were based on several physicochemical descriptors on a genomic scale. The pocket with the highest score in the entire PDB was defined as the reference druggable score. The score of each pocket was classified as: 0.0–0.5: non-druggable; 0.5–0.7: druggable; and 0.7–1.0: highly druggable.



Molecular Docking and GNM Modeling

To study the interactions and binding mode of small molecules with the potential drug targets, molecular docking was performed using AutoDock 4.2 (Khodade et al., 2007). The target, drug, and related disease information were collected from the Drug Bank database (Version 5.0) (Wishart et al., 2018) and the Therapeutic Target Database 2020 (Wang et al., 2020). A normal mode analysis of the GN model (GNM) was performed to investigate collective dynamics via the DynOmics online tool (Danne et al., 2017). The default cutoff distance of 7.3 Å between GNM model nodes was used.




Results and Discussion


Identification of Disease Genes and Drug Targets in PDAC

From the three datasets GSE28735, GSE71989, and GSE15471, we identified 3,079, 1,225, and 2,257 DEGs between PDAC and adjacent tissues, respectively. The top 10 genes with the smallest p-values are marked in Figure 2. In GSE28735, 1,724 genes showed increased expression in PDAC tissues, while 1,355 genes showed decreased expression (Figure 2A). In GSE71989, 766 genes were upregulated and 459 genes were downregulated in PDAC tissues compared with normal tissues (Figure 2B). In GSE15471, 1713 genes were overexpressed, while 544 genes showed decreased expression in tumor tissues (Figure 2C). Together, there were 313 common DEGs between PDAC and adjacent tissues in all three datasets (Figure 2D).




Figure 2 | Differentially expressed genes (DEGs) between PDACs and normal tissues. (A–C) Volcano plot of −log10 (FDR) vs. log2 (fold change) of DEGs in the three datasets. (D) Venn diagram with the number of overlapping DEGs from the different datasets.



Additionally, we evaluated gene expression as an input feature for ML and selected the most relevant genes for PDAC using SVM-RFE (Almeida et al., 2020), which provided a ranking for the genes. Then, each DEG was assigned an Rs 
 value (see Materials and Methods), which was used to further rank all genes. As an illustration, the top 100 Rs values of the DEGs in each dataset are listed in Table S1. This shows that there is little overlap of results between the different datasets. This means that calculating Rs based on SVM-RFE can provide information for classification, but not enough for ranking.

The DEGs were next mapped to the STRING database, which yielded a PPI network with 144 genes and 440 links (Figure 3). Then, degree and shortest path length of each gene in the network were calculated. Finally, we ranked the genes according to our designed score RNs, which integrated these two topological parameters and was based on gene expression profile. The top 20 genes predicted based on at least two datasets were considered potential drug targets. As shown in Table 2 and Table S2, eight genes (ADAM10, TIMP1, MATN3, PKM, APLP2, ACTN1, CALU, and VCAN) were identified in all three datasets, and nine genes (LGALS1, ITGA2, BST2, MFGE8, ITGAV, EGF, APOL1, ALB, and MSLN) were identified in two of three datasets. We propose that genes predicted by at least two datasets could serve as disease genes and/or drug targets. Taken together, 17 genes predicted by RNs score are listed in Table 3, and most have been previously reported to be PDAC-associated genes. There are only four that have not been previously associated with PDAC. This suggests that our metric RNs is useful for identifying novel disease genes and drug targets.




Figure 3 | Potential drug targets in the PPI network. The genes that were predicted by our pipeline are marked with red labels. The node size denotes the average RNs of the gene in two or three datasets.




Table 2 | Identified potential drug targets for PDAC.




Table 3 | List of prioritized protein targets with their drug target information and “druggability” features.



It is also useful to compare our results predicted by RNs with other common network parameters. The genes predicted by calculating betweenness and closeness centrality are also listed in Table S2. Among our 20 predicted potential drug targets, six and nine were also found by betweenness and closeness centrality, respectively. Notably, ADAM10, ACTN1, and TIMP1 were in all three lists, which suggested they had important roles in PDAC. Moreover, two other genes (ITGAV and ITGA2) were in the top 20 of two datasets, which suggested they should be investigated. Overall, compared with the top 20 genes predicted by these two common network parameters, our RNs parameter identified more extracellular matrix (ECM) proteins, including integrins and collagens. The other interesting finding was that four common genes (ALB, EGF, ITGA2, and VCAN) were identified by isolating the nodes with large degrees (hubs) in PPI network construction based on other PDAC GSE datasets (Lu et al., 2018).

Survival analysis was also performed to evaluate whether the expression of our 17 identified candidates was related to the prognosis of PDAC. Using Kaplan-Meier analysis with the log-rank test for 176 pancreatic cancer patients from the human protein atlas (Uhlen et al., 2017), we found that higher expression levels of 11 genes were significantly correlated with decreased overall survival (p < 0.01, Figure 4). For the eight genes identified in all three datasets, five (ADAM10, PKM, APLP2, CALU, and VCAN) were associated with poor prognosis when highly expressed. The other six highly expressed genes (LGALS1, ITGA2, BST2, ITGAV, APOL1, and MSLN) associated with poor prognosis that were identified in two of three datasets are shown in Table 2. Accordingly, the survival analysis showed significant prognostic values for most of the predicted genes.




Figure 4 | Kaplan-Meier survival curves of overall survival from the human protein atlas datasets for potential drug targets divided by high (red) or low (green) expression level.





Characterization of Predicted Drug Targets for PDAC

Table 3 shows the genes predicted above shortlisted based on our RNs criteria. After searching the drug bank, these 17 predicted genes were classified into two types: 11 genes were drug targets, while six were non-drug targets. We also annotated drug targets in the drug bank by their related drugs and diseases. It should be noted that MSLN was the only proven drug target for PDAC, and there are many drugs that inhibit ALB. Thus, we concluded that these two genes had been studied widely and would not give us more insight regarding discovering new targets. Considering the potential of other predicted genes as drug targets for PDAC, we performed functional and “druggability” annotations for all. Among the 15 genes, 11 (ADAM10, TIMP1, EGF, APLP2, ITGAV, VCAN, ITGA2, PKM, APOL1, ACTN1, and BST2) have been reported to be contributing factors in PDAC invasion, growth, or metastasis, which indicated that our pipeline had good performance for finding potential drug targets for PDAC.

The protease ADAM10 was predicted as the highest ranked gene, and it has been reported that ADAM10 influences the progression and metastasis of cancer cells, as it promotes PDAC cell migration and invasion (Gaida et al., 2010). Inhibiting ADAM10 could be a novel approach for natural killer (NK) cell-based immunotherapy (Pham et al., 2017). Tissue inhibitor of metalloproteinases-1 (TIMP-1) correlated with tumor progression, and elevated levels of TIMP-1 in tumor tissue and peripheral blood were associated with poor clinical outcomes in numerous malignancies, including PDAC (Prokopchuk et al., 2018). The third gene was epidermal growth factor (EGF), which was a common disease gene for many cancers, and EGF mutations were associated with PDAC (Grapa et al., 2019). Amyloid precursor-like protein 2 (APLP2) affects the actin cytoskeleton and also increases PDAC growth and metastasis (Pandey et al., 2015). ITGAV (Villani et al., 2019), VCAN (Skandalis et al., 2006), and ITGA2 (Nones et al., 2014) are matrix proteins that have been shown to contribute to pancreatic cancer cell migration, invasion, and metastasis. PKM2 is one of the isoforms of pyruvate kinase muscle isozyme (PKM) and promotes the invasion and metastasis of PDAC through the phosphorylation and stabilization of PAK2 (Cheng et al., 2018). The final three genes, APOL1 (Liu et al., 2017), ACTN1 (Rajamani and Bhasin, 2016), and BST2 (Grutzmann et al., 2005) have previously been reported to be effective biomarkers for PDAC.

Although 11 genes were already known drug targets, “druggability” annotations based on protein structures can improve our knowledge and understanding of the mechanisms of proteins as drug targets. The “druggability” of proteins is a measure of their ability to bind drug-like molecules based on molecular shapes. For the “druggability” of all 17 genes, we first obtained their structural modes by retrieved data from the PDB database or homology modeling. The PDB codes of proteins or their templates are listed in Table 3. Then, Fpocket was used to compute all possible pockets and their corresponding “druggability score” (DS). The “druggability” of the protein was defined as the DS of the highest scoring pocket. As expected, most of the predicted proteins were druggable (DS ≥ 0.5), except VCAN, IGALS1, and MFGE8. ALB had the largest DS (1.00), which can partially explain why so many ALB inhibitors exist. Among the six non-drug targets, TIMP1, ITGA2, and BST2 were predicted as highly druggable (DS ≥ 0.5), which meant that these three genes had the structural abilities to be drug targets. In particular, the non-drug target ITGA2 had a larger DS than ITGAV, suggesting that a more detailed structural comparison between these two integrin proteins is needed.



Identification of Functional Modules and Pathways

Within PPI networks, cancer targets interact with different modules to perform biological functions. A module within a network is defined a set of nodes that are densely connected within subsets of the network but may not all directly interact with each other. To get further insight into the topological and biological functions of potential targets, we performed module detection in the PPI network using a GN algorithm and functional semantic similarity. As shown in Figure 5, we identified four modules (the pink, yellow, green, and blue nodes) and labeled the genes that were predicted in at least two datasets (red) or in only one dataset (blue). Except PKM and ACTN1, 15 of the 17 predicted genes were detected by the modular analysis and are included in these four modules. The top module (pink) was formed of 19 genes, including the most of our predicted genes (12/17, ADAM10, CALU, ALB, APLP2, MSLN, LGALS1, TIMP1, MATN3, VCAN, EGF, MFGE8, and APOL1). Most of these genes have been previously reported as disease genes in PDAC or drug targets in other cancers. Another three predicted genes were included in two other modules, while ITGAV and ITGA2 were detected in the second largest module (yellow). Although there were only two predicted genes, this module deserves more attention, as it primarily contains two types of gene targets: integrins (ITGA5, ITGA3, ITGB5, ITGA2, and ITGAV) and collagens (COL6A3, COL11A1, COL1A1, COL10A1, COL5A1, COL1A2, and COL3A1). Research into integrins and collagens and their interactions may provide more insights into the molecular mechanisms of PDAC.




Figure 5 | Four modules were discovered within PPI networks. Genes that were predicted in at least two datasets are marked red, while genes that were predicted in only one dataset are marked blue.



We next performed an enrichment analysis on genes in the PPI network (Figure 6 and Table 4). The genes were enriched for the GO terms related to extracellular structure and matrix, such as extracellular structure and matrix organization in BP, ECM in CC, and ECM structural constituent and binding in MF. Table 4 shows the top 10 most significantly enriched KEGG pathways. Most of the pathways are associated with cancer, such as ECM-receptor interaction, focal adhesion, and proteoglycans in cancer. Moreover, integrins were enriched in most of the carcinogenesis-associated pathways, such as focal adhesion, which play essential roles in important BPs, including cell motility, proliferation, and differentiation. Interestingly, several altered molecular pathways were identified, which suggests that genes in the secondary module were involved in these pathways. These modules and pathways not only contained integrins, but also another group of collagens. In particular, two predicted integrins (ITGAV and ITGA2) were involved in nine out of the top 10 pathways, while the top four pathways (ECM-receptor interaction, focal adhesion, proteoglycans in cancer, and human papillomavirus infection) also contained collagens, especially COL1A1 and COL1A2. Except for these pathways, the list of integrins and collagens was used to define the traditional cancer-related PI3K/AKT pathway. It was previously known that collagen is a major component of the tumor microenvironment that participates in cancer fibrosis, which can influence tumor cell behavior through integrins (Xu et al., 2019). Our results indicated that ITGAV, ITGA2, and their interactions with COL1A1 and COL1A2 may play important roles in PDAC, suggesting they could serve as potential drug targets. For example, the predicted genes and their interactions were highlighted in the ECM-receptor interaction pathway (Figure S1). This systems biology evidence of gene cluster- and pathway-based distributions suggested that targeting several key genes together could be a more promising approach.




Figure 6 | Top 10 enriched GO terms in biological processes, cellular components, and molecular functions.




Table 4 | Top 10 enriched KEGG pathways (integrins and collagens are marked in bold).





ITGAV and ITGA2 as Potential Drug Targets for PDAC

By combining SVM-RFE, PPI network, and survival analysis, 11 out of 17 candidate genes have been predicted as biomarkers in pancreatic cancer patients. Among them, two integrins of ITGAV and ITGA2 were further screened as two potential drug targets according to the following evidences: 1) Both ITGAV and ITGA2 are involved in all PDAC-related pathways include ECM-receptor interaction and focal adhesion pathways, suggesting that ITGAV and ITGA2 may play an important role in PDAC progression; 2) Based on the druggability criteria, ITGAV and ITGA2 have relatively high DS. In addition, ITGAV is already a drug target for other cancer. Due to the structural similarity, ITGA2 can also be considered as a potential drug target; 3) Current experimental data suggest that several other integrins are overexpressed in various cancer types, being involved in tumor progression through tumor cell invasion and metastases. For example, the therapeutic potential of ITGA5 in the PDAC stroma has been proved efficacy (Kuninty et al., 2019). Collectively, our data together with some know results point towards ITGAV and ITGA2 as two potential drug targets for PDAC. Thus, the emerging understanding of their structural properties will guide the development of new strategies for anticancer therapy.

Integrins are transmembrane receptors that are central to the biology of many human pathologies. Classically, integrins are known for mediating cell-ECM and cell-cell interaction, and they have been shown to have an emerging role as local activators of TGF-β, influencing cancer, fibrosis, thrombosis, and inflammation (Raab-Westphal et al., 2017). Integrins are composed of α and β subunits to form a complete signaling molecule. Their ligand binding and some regulatory sites are extracellular and sensitive to pharmacological intervention, as proven by the clinical success of seven drugs that target integrins (Hamidi et al., 2016). Although peptides and small molecules are generally designed to target integrin αβ dimers, the individual integrin α subunits may also be therapeutic targets. ITGAV always bind with five β subunits that form receptors for vitronectin, cytotactin, fibronectin, fibrinogen, and laminin. ITGAV has mostly been investigated for its role in malignant tumor cells and tumor vasculature (Xiong et al., 2001; Xiong et al., 2009). ITGAV recognizes the Arg-Gly-Asp (RGD) sequence in a wide array of ligands at the interface between the α and β subunits (Xiong et al., 2002). ITGA2 forms with β1 and belongs to the collagen receptor subfamily of integrins (Emsley et al., 2000).

The structure of ITGAV was taken from chain A of the x-ray structure of complete integrin αVβ3 (PDB code: 3IJE). It contains a β-propeller domain of seven 60-amino-acid repeats, and three other domains including the Thigh, Calf-1, and Calf-2 domains (Figure 7A). The PDB repository contains no crystal structure for full-length ITGA2. The highest sequence similarity between ITGA2 and searched models (PDB code: 5ES4) was 28%, so we employed I-TASSER to generate a composite model of ITGA2 based on several templates. A subsequent analysis of the structure of ITGA2 revealed similar domain structures with ITGAV but with the addition of an I domain (Emsley et al., 1997) and a WKπ GfFkR helix tail, which may suggest more drug-targeting possibilities for ITGA2. Based on the structures of ITGAV and ITGA2, Fpocket was used to detect their druggable pockets. For ITGAV, there were two highly druggable pockets, both located within the β-propeller domain. The largest druggable pocket was located on the outer side of the β-barrel, consisted of Val192, Lys104, Ala189, Asp132, Val188, Ala189, Asp167, Leu130, Gln187, Glu190, Lys135, Val137, and Gln131, and had a DS of 0.663 (Figure 7A). The second largest druggable pocket was located at the hole of the β-barrel, consisted of Trp93, Leu111, Gln156, Phe159, Pro110, Ala96, Phe21, Tyr406, Tyr224, and Phe278, and had a DS of 0.599 (Figure S2A). For ITGA2, only one highly druggable pocket was found at the β-propeller domain and had a DS of 0.92. This pocket consisted of His416, Phe162, His414, Ser159, Phe156, Leu417, Ser161, Val409, Leu396, Lys411, Leu158, Gln157, Leu394, Ala160, Leu417, Asp155, Asp392, Val381, Gly415, and Ser413 (Figure 7B).




Figure 7 | Structures and dynamics of ITGAV and ITGA2. (A) The structure of ITGAV including the β-propeller, Thigh, Calf-1, and Calf-2 domains, and the most druggable pocket (purple), which is located along the outer side of the β-barrel. (B) The binding poses by docking Levothyroxine into the most druggable pocket of ITGAV. Levothyroxine and interacting residues are represented as colored sticks. (C) The structure of ITGA2 including the I-, β-propeller, Thigh, Calf-1, and Calf-2 domains, and the most druggable pocket (purple), which is located at the hole of the β-barrel; the binding pose with Levothyroxine and this pocket is shown in (D). (E) The shapes of first and second GNM modes of ITGAV. The minimum of the shapes indicate the hinge region, which corresponds to the structure in dark blue. Mode 1 predicts Asn455, Ser471, Arg553, and Gly594 within the Thigh domain are hinge sites (red arrows). (F) The shape of the first GNM mode of ITGA2, where the region of Phe681 to Ser737 within the Thigh domain was predicted to contain hinge sites (red circle).



Despite progress in the development of drugs that target different integrins, there are only two clinical approved drugs in the drug bank for ITGAV (Levothyroxine and Antithymocyte immunoglobulin) (Table 3). Thymoglobulin is a polyclonal antibody, while Levothyroxine is currently the only approved small molecule that targets ITGAV. The small ligand Levothyroxine was docked to the two druggable pockets in ITGAV to study the stability of the complex and protein-drug interactions. When docked to the largest druggable pocket, Levothyroxine formed hydrogen bonds with Asp167, Thr134, Lys135, and Val192, and a hydrophobic interaction with Ala189, and the binding free energy was −8.3 kcal/mol (Figure 7C). For the other pocket, hydrogen bonds were formed between Levothyroxine and Phe21, Trp93, Ala96, and Pro110 with the binding free energy of −10.08 kcal/mol (Figure S2B). We further docked Levothyroxine to ITGA2 at its druggable pocket. The binding free energy of −9.09 kcal/mol suggested a good interaction between ITGA2 and Levothyroxine, with the potential binding sites at Phe162, Lys411, Asp392, and Leu158 (Figure 7D).

To determine residues that play a key role in the global dynamics of ITGAV and ITGA2, we performed a GNM analysis. GNM analysis provides information on the mechanisms of collective movements intrinsically accessible to the structure, which usually enable structural changes relevant to function (Bahar et al., 2010). The most discriminative feature in dynamic analysis is hinge prediction, which are expected to be sites for drug development (Sumbul et al., 2015). We predicted hinges sites by the minima of corresponding GNM slow modes. By applying GNM to ITGAV (Figure 7E), GNM mode 1 highlights the hinge region located in the Thigh domain, especially at Asn455, Ser471, Arg553, and Gly594, which are located at the interface between the Thigh and Calf-1 domains. We also note that the β-propeller domain became the major hinge region in GNM mode 2, while Ile286, Asn287, Asp352, Phe377, Ser389, Thr413, Asp414, Pro421, and Tyr436 have minimal fluctuations. Hinge sites located at the β-propeller domain in GNM mode 2 may correspond to pocket sites, as the first and second largest druggable pockets were within the β-propeller domain. For ITGA2 (Figure 7F), both GNM modes 1 and 2 highlighted the same hinge regions within the β-propeller domain and the Thigh domain, with critical positioning of Phe681 to Ser737. Accordingly, our GNM modeling suggested that both the β-propeller domain and the Thigh domain play important roles in modulating the collective movements of ITGAV and ITGA2. The β-propeller domain has been indicated to be a druggable domain by pocket detection. Here, some hinge sites located within the Thigh domain offer other reasonable starting points for inhibitor design.




Conclusions

In this study, we developed a computational framework that integrated ML (SVM-RFE), biomolecular networks (PPI network analysis), and structural modeling analysis (homology modeling, molecular docking, and GNM modeling) to help future drug targets for PDAC. The core of the new method was that we defined a new score, termed RNs, based on cancer-related information from gene expression data and topological information obtained from PPI network analysis. Research using three GEO datasets (GSE28735, GSE71989, and GSE15471) yielded 17 genes (ADAM10, TIMP1, MATN3, PKM, APLP2, ACTN1, CALU, VCAN, LGALS1, ITGA2, BST2, MFGE8, ITGAV, EGF, APOL1, ALB, and MSLN) that were predicted to be potential drug targets. The survival and “druggability” analysis of these genes showed that most of the identified genes had poor survival associations and good DS values, further providing evidence that they can be used as therapeutic targets in PDAC. The important roles of integrins as well as their interactions with collagens were highlighted by combining network modules and KEGG pathway analysis, in term of four pathways, ECM-receptor interaction, focal adhesion, proteoglycans in cancer, and human papillomavirus infection pathways. By focusing on ITGAV and ITGA2, we identified druggable pockets, drug binding sites, and hinge sites that are potential sites for designing small molecules. In summary, this new methodology will provide new avenues for discovering drug targets in PDAC and other cancers.

Of course, our method in this work has some limitations. Firstly, our method only used SVM-REF to the gene expression data to rank the DEGs. With the growth of other omics data, we need to apply our method by including more kinds of data, such as RNA-Seq data for PDAC (Raphael et al., 2017), which will make our method more practical. Secondly, our method just combined the systems level analysis of PPI construction and analysis and the molecular level analysis of “druggability” prediction, and thus, the drug target prediction needs some structural research experience to some extent. To address this, the real integration of structure knowledge into PPI networks is still needed.



Data Availability Statement

The raw data supporting the conclusions of this article will be made available by the authors, without undue reservation, to any qualified researcher.



Author Contributions

WY, XYL, and GH analyzed the data and wrote the manuscript. XYL and WY conducted the SVM calculation and network analysis. FW assisted in network analysis. FX and SH conducted the structural modeling and docking. XL assisted in molecular docking. WY, FX, and GH conceived and designed all experiments, and interpreted all results. GH revised the manuscript. All authors contributed to the work.



Funding

This study was supported by the National Natural Science Foundation of China (31872723), the Project of State Key Laboratory of Radiation Medicine and Protection, Soochow University (No. GZK1201902), and a project funded by the Priority Academic Program Development (PAPD) of Jiangsu Higher Education Institutions



Supplementary Material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fphar.2020.00534/full#supplementary-material



References

 Al Haddad, A. H., and Adrian, T. E. (2014). Challenges and future directions in therapeutics for pancreatic ductal adenocarcinoma. Expert Opin. Invest. Drugs 23 (11), 1499–1515. doi: 10.1517/13543784.2014.933206

 Almeida, P. P., Cardoso, C. P., and de Freitas, L. M. (2020). PDAC-ANN: an artificial neural network to predict pancreatic ductal adenocarcinoma based on gene expression. BMC Cancer 20 (1), 82. doi: 10.1186/s12885-020-6533-0

 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. Hepatogastroenterology 55 (88), 2016–2027.


 Bahar, I., Lezon, T. R., Yang, L. W., and Eyal, E. (2010). Global dynamics of proteins: bridging between structure and function. Annu. Rev. Biophys. 39, 23–42. doi: 10.1146/annurev.biophys.093008.131258

 Bailey, P., Chang, D. K., Nones, K., Johns, A. L., Patch, A. M., Gingras, M. C., et al. (2016). Genomic analyses identify molecular subtypes of pancreatic cancer. Nature 531 (7592), 47–52. doi: 10.1038/nature16965

 Bhasin, M. K., Ndebele, K., Bucur, O., Yee, E. U., Otu, H. H., Plati, J., et al. (2016). Meta-analysis of transcriptome data identifies a novel 5-gene pancreatic adenocarcinoma classifier. Oncotarget 7 (17), 23263–23281. doi: 10.18632/oncotarget.8139

 Bólon-Canedo, V., Sánchez-Maroñoa, N., Alonso-Betanzosa, A., Benítezb, J. M., and Herrera, F. (2014). A review of microarray datasets and applied feature selection methods. Inf. Sci. 282, 111–135. doi: 10.1016/j.ins.2014.05.042

 Carr, R. M., and Fernandez-Zapico, M. E. (2019). Toward personalized TGFbeta inhibition for pancreatic cancer. EMBO Mol. Med. 11 (11), e11414. doi: 10.15252/emmm.201911414

 Cheng, T. Y., Yang, Y. C., Wang, H. P., Tien, Y. W., Shun, C. T., and Huang, H. Y. (2018). Pyruvate kinase M2 promotes pancreatic ductal adenocarcinoma invasion and metastasis through phosphorylation and stabilization of PAK2 protein. Oncogene 37 (13), 1730–1742. doi: 10.1038/s41388-017-0086-y

 Conte, F., Fiscon, G., Licursi, V., Bizzarri, D., D'Antò, T., Farina, L., et al. (2019). A paradigm shift in medicine: A comprehensive review of network-based approaches. Biochim. Biophys. Acta Gene Regul. Mech. 1863 (6), 194416. doi: 10.1016/j.bbagrm.2019.194416

 Conway, J. R., Herrmann, D., Jeffry Evans, T. R., Morton, J. P., and Timpson, P. (2019). Combating pancreatic cancer with PI3K pathway inhibitors in the era of personalised medicine. Gut 68 (4), 742–758. doi: 10.1136/gutjnl-2018-316822

 Craven, K. E., Gore, J., Wilson, J. L., and Korc, M. (2016). Angiogenic gene signature in human pancreatic cancer correlates with TGF-beta and inflammatory transcriptomes. Oncotarget 7 (1), 323–341. doi: 10.18632/oncotarget.6345

 Csermely, P., Korcsmáros, T., Kiss, H. J. M., London, G., and Nussinov, R. (2013). Structure and dynamics of molecular networks: a novel paradigm of drug discovery: a comprehensive review. Pharmacol. Ther. 138 (3), 333–408. doi: 10.1016/j.pharmthera.2013.01.016

 Danne, R., Poojari, C., Martinez-Seara, H., Rissanen, S., Lolicato, F., and Róg, T. (2017). doGlycans-Tools for Preparing Carbohydrate Structures for Atomistic Simulations of Glycoproteins, Glycolipids, and Carbohydrate Polymers for GROMACS. J. Chem. Inf. Model. 57 (10), 2401–2406. doi: 10.1021/acs.jcim.7b00237

 Duran-Frigola, M., Mosca, R., and Aloy, P. (2013). Structural systems pharmacology: the role of 3D structures in next-generation drug development. Chem. Biol. 20 (5), 674–684. doi: 10.1016/j.chembiol.2013.03.004

 Emsley, J., King, S. L., Bergelson, J. M., and Liddington, R. C. (1997). Crystal structure of the I domain from integrin alpha2beta1. J. Biol. Chem. 272 (45), 28512–28517. doi: 10.1074/jbc.272.45.28512

 Emsley, J., Knight, C. G., Farndale, R. W., and Barnes, M. J. (2000). Structural basis of collagen recognition by integrin alpha2beta1. Cell 101 (1), 47–56. doi: 10.1016/S0092-8674(00)80622-4

 Fotis, C., Antoranz, A., Hatziavramidis, D., Sakellaropoulos, T., and Alexopoulos, L. G. (2018). Network-based technologies for early drug discovery. Drug Discovery Today 23 (3), 626–635. doi: 10.1016/j.drudis.2017.12.001

 Freeman, L. (1977). A Set of Measures of Centrality Based on Betweenness. Sociometry 40 (1), 35–41. doi: 10.2307/3033543

 Gaida, M. M., Haag, N., Günther, F., Tschaharganeh, D. F., Schirmacher, P., Friess, H., et al. (2010). Expression of A disintegrin and metalloprotease 10 in pancreatic carcinoma. Int. J. Mol. Med. 26 (2), 281–288. doi: 10.3892/ijmm_00000463

 Grapa, C. M., Mocan, T., Gonciar, D., Zdrehus, C., Mosteanu, O., and Pop, T. (2019). Epidermal Growth Factor Receptor and Its Role in Pancreatic Cancer Treatment Mediated by Nanoparticles. Int. J. Nanomed. 14, 9693–9706. doi: 10.2147/IJN.S226628

 Grutzmann, R., Boriss, H., Ammerpohl, O., Lüttges, J., Kalthoff, H., Schackert, H. K., et al. (2005). Meta-analysis of microarray data on pancreatic cancer defines a set of commonly dysregulated genes. Oncogene 24 (32), 5079–5088. doi: 10.1038/sj.onc.1208696

 Guyon, I., Weston, J., Barnhill, S., and Vapnik, V. (2002). Gene selection for cancer classification using support vector machines. Mach. Learn. 46 (1-3), 389–422. doi: 10.1023/A:1012487302797

 Hamidi, H., Pietila, M., and Ivaska, J. (2016). The complexity of integrins in cancer and new scopes for therapeutic targeting. Br. J. Cancer 115 (9), 1017–1023. doi: 10.1038/bjc.2016.312

 Huang, S., Cai, N., Pacheco, P. P., Narrandes, S., Wang, Y., and Xu, W. (2018). Applications of Support Vector Machine (SVM) Learning in Cancer Genomics. Cancer Genomics Proteomics 15 (1), 41–51. doi: 10.21873/cgp.20063

 Jeon, J., Nim, S., Teyra, J., Datti, A., Wrana, J. L., Sidhu, S. S., et al. (2014). A systematic approach to identify novel cancer drug targets using machine learning, inhibitor design and high-throughput screening. Genome Med. 6 (7), 57. doi: 10.1186/s13073-014-0057-7

 Jiang, J., Azevedo-Pouly, A. C., Redis, R. S., Lee, E. J., Gusev, Y., and Allard, D. (2016). Globally increased ultraconserved noncoding RNA expression in pancreatic adenocarcinoma. Oncotarget 7 (33), 53165–53177. doi: 10.18632/oncotarget.10242

 Kandoi, G., Acencio, M. L., and Lemke, N. (2015). Prediction of Druggable Proteins Using Machine Learning and Systems Biology: A Mini-Review. Front. Physiol. 6, 366. doi: 10.3389/fphys.2015.00366

 Kar, G., Gursoy, A., and Keskin, O. (2009). Human cancer protein-protein interaction network: a structural perspective. PloS Comput. Biol. 5 (12), e1000601. doi: 10.1371/journal.pcbi.1000601

 Khodade, P., Prabhu, R., Chandra, N., Raha, S., and Govindarajan, R. (2007). Parallel implementation of AutoDock. J. Appl. Crystallogr. 40, 598–599. doi: 10.1107/S0021889807011053

 Kinsey, C. G., Camolotto, S. A., Boespflug, A. M., Guillen, K. P., Foth, M., Truong, A., et al. (2019). Protective autophagy elicited by RAF–>MEK–>ERK inhibition suggests a treatment strategy for RAS-driven cancers. Nat. Med. 25 (4), 620–627. doi: 10.1038/s41591-019-0367-9

 Kuninty, P. R., Bansal, R., De Geus, S. W. L., Mardhian, D. F., Schnittert, J., and van Baarlen, J. (2019). ITGA5 inhibition in pancreatic stellate cells attenuates desmoplasia and potentiates efficacy of chemotherapy in pancreatic cancer. Sci. Adv. 5 (9)eaax2770. doi: 10.1126/sciadv.aax2770.


 Le Guilloux, V., Schmidtke, P., and Tuffery, P. (2009). Fpocket: an open source platform for ligand pocket detection. BMC Bioinf. 10, 168. doi: 10.1186/1471-2105-10-168

 Li, S., Yu, X., Zou, C., Gong, J., Liu, X., and Li, H. (2016). Are Topological Properties of Drug Targets Based on Protein-Protein Interaction Network Ready to Predict Potential Drug Targets? Comb. Chem. High Throughput Screen 19 (2), 109–120. doi: 10.2174/1386207319666151110122145

 Li, S., Su, Z., Zhang, C., Xu, Z., Chang, X., Zhu, J., et al. (2018). Identification of drug target candidates of the swine pathogen Actinobacillus pleuropneumoniae by construction of protein-protein interaction network. Genes Genomics 40 (8), 847–856. doi: 10.1007/s13258-018-0691-3

 Li, X., Li, W., Zeng, M., Zheng, R., and Li, M. (2019). Network-based methods for predicting essential genes or proteins: a survey. Brief Bioinform. doi: 10.1093/bib/bbz017

 Liu, X., Zheng, W., Wang, W., Shen, H., Liu, L., and Lou, W. (2017). A new panel of pancreatic cancer biomarkers discovered using a mass spectrometry-based pipeline. Br. J. Cancer 117 (12), 1846–1854. doi: 10.1038/bjc.2017.365

 Liu, L., Chen, X., Hu, C., Zhang, D., Shao, Z., and Jin, Q. (2018). Synthetic Lethality-based Identification of Targets for Anticancer Drugs in the Human Signaling Network. Sci. Rep. 8 (1), 8440. doi: 10.1038/s41598-018-26783-w

 Lu, Y., Li, C., Chen, H., and Zhong, W. (2018). Identification of hub genes and analysis of prognostic values in pancreatic ductal adenocarcinoma by integrated bioinformatics methods. Mol. Biol. Rep. 45 (6), 1799–1807. doi: 10.1007/s11033-018-4325-2

 Mishra, N. K., Southekal, S., and Guda, C. (2019). Survival Analysis of Multi-Omics Data Identifies Potential Prognostic Markers of Pancreatic Ductal Adenocarcinoma. Front. Genet. 10, 624. doi: 10.3389/fgene.2019.00624

 Mitsopoulos, C., Schierz, A. C., Workman, P., and Al-Lazikani, B. (2015). Distinctive Behaviors of Druggable Proteins in Cellular Networks. PloS Comput. Biol. 11 (12), e1004597. doi: 10.1371/journal.pcbi.1004597

 Newman, M. E. J., and Girvan, M. (2004). Finding and evaluating community structure in networks. Phys. Rev. E 69 (2), 026113. doi: 10.1103/PhysRevE.69.026113

 Nones, K., Waddell, N., Song, S., Patch, A. M., Miller, D., Johns, A., et al. (2014). Genome-wide DNA methylation patterns in pancreatic ductal adenocarcinoma reveal epigenetic deregulation of SLIT-ROBO, ITGA2 and MET signaling. Int. J. Cancer 135 (5), 1110–1118. doi: 10.1002/ijc.28765

 Pandey, P., Rachagani, S., Das, S., Seshacharyulu, P., Sheinin, Y., and Naslavsky, N. (2015). Amyloid precursor-like protein 2 (APLP2) affects the actin cytoskeleton and increases pancreatic cancer growth and metastasis. Oncotarget 6 (4), 2064–2075. doi: 10.18632/oncotarget.2990

 Parkin, A., Man, J., Timpson, P., and Pajic, M. (2019). Targeting the complexity of Src signalling in the tumour microenvironment of pancreatic cancer: from mechanism to therapy. FEBS J. 286 (18), 3510–3539. doi: 10.1111/febs.15011

 Pham, D. H., Kim, J. S., Kim, S. K., Shin, D. J., Uong, N. T., and Hyun, H. (2017). Effects of ADAM10 and ADAM17 Inhibitors on Natural Killer Cell Expansion and Antibody-dependent Cellular Cytotoxicity Against Breast Cancer Cells In Vitro. Anticancer Res. 37 (10), 5507–5513. doi: 10.21873/anticanres.11981

 Prokopchuk, O., Grünwald, B., Nitsche, U., Jäger, C., Prokopchuk, O. L., and Schubert, E. C. (2018). Elevated systemic levels of the matrix metalloproteinase inhibitor TIMP-1 correlate with clinical markers of cachexia in patients with chronic pancreatitis and pancreatic cancer. BMC Cancer 18 (1), 128. doi: 10.1186/s12885-018-4055-9

 Qin, J. J., Li, X., Wang, W., Zi, X., and Zhang, R. (2017). Targeting the NFAT1-MDM2-MDMX Network Inhibits the Proliferation and Invasion of Prostate Cancer Cells, Independent of p53 and Androgen. Front. Pharmacol. 8, 917. doi: 10.3389/fphar.2017.00917

 Raab-Westphal, S., Marshall, J. F., and Goodman, S. L. (2017). Integrins as Therapeutic Targets: Successes and Cancers. Cancers (Basel) 9 (9), 110. doi: 10.3390/cancers9090110

 Rajamani, D., and Bhasin, M. K. (2016). Identification of key regulators of pancreatic cancer progression through multidimensional systems-level analysis. Genome Med. 8 (1), 38. doi: 10.1186/s13073-016-0282-3

 Raphael, B. J., Hruban, R. H., Aguirre, A. J., Moffitt, R. A., Yeh, J. J., Stewart, C., et al. (2017). Integrated Genomic Characterization of Pancreatic Ductal Adenocarcinoma. Cancer Cell 32 (2), 185–18+. doi: 10.1016/j.ccell.2017.07.007

 Roy, A., Kucukural, A., and Zhang, Y. (2010). I-TASSER: a unified platform for automated protein structure and function prediction. Nat. Protoc. 5 (4), 725–738. doi: 10.1038/nprot.2010.5

 Selvaraj, G., Kaliamurthi, S., Kaushik, A. C., Khan, A., Wei, Y. K., and Cho, W. C. (2018). Identification of target gene and prognostic evaluation for lung adenocarcinoma using gene expression meta-analysis, network analysis and neural network algorithms. J. BioMed. Inform 86, 120–134. doi: 10.1016/j.jbi.2018.09.004

 Shi, Y., Gao, W., Lytle, N. K., Huang, P., Yuan, X., and Dann, A. M. (2019). Targeting LIF-mediated paracrine interaction for pancreatic cancer therapy and monitoring. Nature 569 (7754), 131–135. doi: 10.1038/s41586-019-1130-6

 Sinkala, M., Mulder, N., and Martin, D. (2020). Machine Learning and Network Analyses Reveal Disease Subtypes of Pancreatic Cancer and their Molecular Characteristics. Sci. Rep. 10 (1), 1212. doi: 10.1038/s41598-020-58290-2

 Skandalis, S. S., Kletsas, D., Kyriakopoulou, D., Stavropoulos, M., and Theocharis, D. A. (2006). The greatly increased amounts of accumulated versican and decorin with specific post-translational modifications may be closely associated with the malignant phenotype of pancreatic cancer. Biochim. Biophys. Acta 1760 (8), 1217–1225. doi: 10.1016/j.bbagen.2006.03.021

 Sonawane, A. R., Weiss, S. T., Glass, K., and Sharma, A. (2019). Network Medicine in the Age of Biomedical Big Data. Front. Genet. 10, 294. doi: 10.3389/fgene.2019.00294

 Sumbul, F., Acuner-Ozbabacan, S. E., and Haliloglu, T. (2015). Allosteric Dynamic Control of Binding. Biophys. J. 109 (6), 1190–1201. doi: 10.1016/j.bpj.2015.08.011

 Szklarczyk, D., Morris, J. H., Cook, H., Kuhn, M., Wyder, S., and Simonovic, M. (2017). The STRING database in 2017: quality-controlled protein-protein association networks, made broadly accessible. Nucleic Acids Res. 45 (D1), D362–D368. doi: 10.1093/nar/gkw937

 Tang, S. C., and Chen, Y. C. (2014). Novel therapeutic targets for pancreatic cancer. World J. Gastroenterol. 20 (31), 10825–10844. doi: 10.3748/wjg.v20.i31.10825

 Uhlen, M., Zhang, C., Lee, S., Sjöstedt, E., Fagerberg, L., and Bidkhori, G. (2017). A pathology atlas of the human cancer transcriptome. Science 357 (6352) eaan2507. doi: 10.1126/science.aan2507

 Villani, V., Thornton, M. E., Zook, H. N., Crook, C. J., Grubbs, B. H., and Orlando, G. (2019). SOX9+/PTF1A+ Cells Define the Tip Progenitor Cells of the Human Fetal Pancreas of the Second Trimester. Stem Cells Transl. Med. 8 (12), 1249–1264. doi: 10.1002/sctm.19-0231

 Vinayagam, A., Gibson, T. E., Lee, H. J., Yilmazel, B., Roesel, C., Hu, Y., et al. (2016). Controllability analysis of the directed human protein interaction network identifies disease genes and drug targets. Proc. Natl. Acad. Sci. U. S. A 113 (18), 4976–4981. doi: 10.1073/pnas.1603992113

 von Mering, C., Huynen, M., Jaeggi, D., Schmidt, S., Bork, P., and Snel, B. (2003). STRING: a database of predicted functional associations between proteins. Nucleic Acids Res. 31 (1), 258–261. doi: 10.1093/nar/gkg034

 Waddell, N., Pajic, M., Patch, A. M., Chang, D. K., and Kassahn, K. S. (2015). Whole genomes redefine the mutational landscape of pancreatic cancer. Nature 518 (7540), 495–501. doi: 10.1038/nature14169

 Wang, J. Z., Du, Z., Payattakool, R., Yu, P. S., and Chen, C. F. (2007). A new method to measure the semantic similarity of GO terms. Bioinformatics 23 (10), 1274–1281. doi: 10.1093/bioinformatics/btm087

 Wang, Y., Zhang, S., Li, F., Zhou, Y., Zhang, Y., Wang, Z, et al. (2020). Therapeutic target database 2020: enriched resource for facilitating research and early development of targeted therapeutics. Nucleic Acids Res. 48 (D1), D1031–D1041. doi: 10.1093/nar/gkz981

 Waterhouse, A., Bertoni, M., Bienert, S., Studer, G., Tauriello, G., and Gumienny, R. (2018). SWISS-MODEL: homology modelling of protein structures and complexes. Nucleic Acids Res. 46 (W1), W296–W303. doi: 10.1093/nar/gky427

 Winter, C., Henschel, A., Tuukkanen, A., and Schroedera, M. (2012). Protein interactions in 3D: from interface evolution to drug discovery. J. Struct. Biol. 179 (3), 347–358. doi: 10.1016/j.jsb.2012.04.009

 Wishart, D. S., Feunang, Y. D., Guo, A. C., Lo, E. J., Marcu, A., and Grant, J. R. (2018). DrugBank 5.0: a major update to the DrugBank database for 2018. Nucleic Acids Res. 46 (D1), D1074–D1082. doi: 10.1093/nar/gkx1037

 Xiong, J. P., Stehle, T., Diefenbach, B., Zhang, R., Dunker, R., and Scott, D. L. (2001). Crystal structure of the extracellular segment of integrin alpha Vbeta3. Science 294 (5541), 339–345. doi: 10.1126/science.1064535

 Xiong, J. P., Stehle, T., Zhang, R., Joachimiak, A., Frech, M., and Goodman, S. L. (2002). Crystal structure of the extracellular segment of integrin alpha Vbeta3 in complex with an Arg-Gly-Asp ligand. Science 296 (5565), 151–155. doi: 10.1126/science.1069040

 Xiong, J. P., Mahalingham, B., Alonso, J. L., Borrelli, L. A., Rui, X., and Anand, S. (2009). Crystal structure of the complete integrin alphaVbeta3 ectodomain plus an alpha/beta transmembrane fragment. J. Cell Biol. 186 (4), 589–600. doi: 10.1083/jcb.200905085

 Xu, S., Xu, H., Wang, W., Li, S., Li, H., and Li, T. (2019). The role of collagen in cancer: from bench to bedside. J. Transl. Med. 17 (1), 309. doi: 10.1186/s12967-019-2058-1

 Yan, W., Zhang, D., Shen, C., Liang, Z., and Hu, G. (2018). Recent Advances on the Network Models in Target-based Drug Discovery. Curr. Top. Med. Chem. 18 (13), 1031–1043. doi: 10.2174/1568026618666180719152258

 Yu, G., Wang, L. G., Han, Y., and He, Q. Y. (2012). clusterProfiler: an R package for comparing biological themes among gene clusters. OMICS 16 (5), 284–287. doi: 10.1089/omi.2011.0118

 Zhang, G., Schetter, A., He, P., Funamizu, N., Gaedcke, J., and Ghadimi, B. M. (2012). DPEP1 inhibits tumor cell invasiveness, enhances chemosensitivity and predicts clinical outcome in pancreatic ductal adenocarcinoma. PloS One 7 (2), e31507. doi: 10.1371/journal.pone.0031507

 Zhang, G., He, P., Tan, H., Budhu, A., Gaedcke, J., and Ghadimi, B. M. (2013). Integration of metabolomics and transcriptomics revealed a fatty acid network exerting growth inhibitory effects in human pancreatic cancer. Clin. Cancer Res. 19 (18), 4983–4993. doi: 10.1158/1078-0432.CCR-13-0209

 Zhang, P., Tao, L., Zeng, X., Qin, C., Chen, S., and Zhu, F. (2017). A protein network descriptor server and its use in studying protein, disease, metabolic and drug targeted networks. Brief Bioinform. 18 (6), 1057–1070. doi: 10.1093/bib/bbw071

 Zhao, X., and Liu, Z. P. (2019). Analysis of Topological Parameters of Complex Disease Genes Reveals the Importance of Location in a Biomolecular Network. Genes (Basel) 10 (2), 143. doi: 10.3390/genes10020143

 Zhavoronkov, A. (2018). Artificial Intelligence for Drug Discovery, Biomarker Development, and Generation of Novel Chemistry. Mol. Pharm. 15 (10), 4311–4313. doi: 10.1021/acs.molpharmaceut.8b00930

 Zhou, Y. Y., Chen, L. P., Zhang, Y., Hu, S. K., Dong, Z. J., and Wu, M. (2019). Integrated transcriptomic analysis reveals hub genes involved in diagnosis and prognosis of pancreatic cancer. Mol. Med. 25 (1), 47. doi: 10.1186/s10020-019-0113-2

 Zhu, W., Chen, X., Ning, L., and Jin, K. (2019). Network Analysis Reveals TNF as a Major Hub of Reactive Inflammation Following Spinal Cord Injury. Sci. Rep. 9 (1), 928. doi: 10.1038/s41598-018-37357-1



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 © 2020 Yan, Liu, Wang, Han, Wang, Liu, Xiao and Hu. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.


OEBPS/Images/fphar-11-00534-g003.jpg





OEBPS/Images/M2.jpg





OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/table4.jpg
KEGG term

ECM-receptor
interaction

Focal adhesion

Proteoglycans
in cancer

Human
papilomavirus
infection

Regulation of
actin
cytoskeleton

Arthythmogenic
fight ventricular
cardiomyopathy
(ARVC)
PIGK-AKt
signaling
pathway

Amoobiasis

Hypertrophic
cardiomyopathy
(HeM)

Small cell lung
cancer

Genefs) Count

COL1A1, COL1A2, COL6A3, COMP, 15
FN1. ITGA2, ITGA3, ITGAS, ITGAV,

ITGB4, ITGBS, LAMES, LAMC2,

spC1, 5001

ACTB, ACTN, ACTNI, BIRCS, 20
COL1A1, COL1A2, COL6A3, COMP,

EGF, FLNA, FIN, ITGA2, ITGAS,

ITGAS, ITGAV, ITGB4, ITGBS,

LAMBS, LAMG2, POGFRB

ACTB, COL1AY, COL1AZ, FLNA, 19
FN1. ITGAZ, ITGAS, ITGAV, ITGBS,

LUM, MMP9, MSN, PLAU, PLAUR,

SDC1, SOC4, EZR, WNT2, WNTSA

CCNA2, COL1AT, COL1AZ, 2
COL6A3, COMP, EGF, FN1, HLAF,

ITGA2, ITGAS, ITGAS, ITGAV,

ITGBA, ITGBS, LAMB3, LAMC2, 14X,
PDGFRB, PKIM, PRKCI, STATI,

VINT2, WNTSA

ACTB, ACTN4, ACTNI, CFLI, ”
CHAMS, EGF, FIV1, ITGA2, ITGA3,

ITGAS, ITGAV, ITGBA, ITGBS, MSN,
PDGFRB, EZR, ARPC1B

ACTB, CTNNAT, ITGA2, ITGAS, 9
ITGAS, ITGAV, ITGBA, ITGBS, JUP.

COL1AY, COL1A2, COL6AS, COMP, 17
EGF, EPHAZ, FN1, IL2RG, ITGA2,

ITGAS, ITGAS, ITGAV, ITGBA4,

ITGBS, LAMBS, LAMC2, PDGFR.

ACTNG, ACTNG, ACTN1, COL1AL, 9
COL1A2, COL3AL, FNT, CXCLE,

LAMBS, LAVC2

ACTB, ITGAZ, ITGAS, ITGAS, ITGAV, &
ITGB4, ITGBS, TPI

BIRC3, CKS2, FN1, ITGA2, ITGAS, 8
ITGAV, LAVIBS, LAMCZ

Adjust
prvalue

260611

267611

297610

ane10

845610

125605

387605

108804

301601

301604





OEBPS/Images/table3.jpg
Geno  ANs
ADAMIO 534
Mp1 479
EoF 477
MATNG 331
cAL 217
APLP2 32
oAV 208
VoAN 305
LGALST 505
mor2 5027
ALs 285
PRM 282
MFGES 251815
APOLT 252
ACTNY 245
BST2 231
MSIN 20

orug
targets®

Yes

Yos

%

Yes

Yes
Yes

Yes
Yes
No
Yes

No
Yes

Drug(s)®

X

N
‘Sucratate, Tesevatind, ApharAminobutyrio ACH,
Choleoysickinn
NA
NA
Zinc, Znc aceate, Znc chioride
otuzumab,

Levotnyrosine.

Hyaronic acd
“Trodgaiactosice, 1.4-Ditiothrto, Mercaptoathanol,
Atenimol
N

‘Gadobenate Dimegline, Giycyiz acd, Patent Ble,
365 drugs)
Py acd,
L-Phosphaactat, 2-Phosphoghcoic Acd, e .
NA

Zinc, Zinc acetate, Zn chioride
‘Gopper, Human caltonin
[

Amatumab

Homophia, Schzophvenia

Pain, Renalcol carcnoma;

AT aaarie. G Mt Wacl NE Tedcn RO-Cive SRoor “NA" siins 5o St Bl tESases maion. O 00 CAEaatls DOSMEE

POB.

688

1on
templte: SGUE

tempiats: 68
tamplate: 204U
T
e

tomplate: 40SY
w59

Tomplats: 371, 4NEH,
K6s
4BKE

6665

tempiate: 40EQ

tempiate: 5924

tempite; 4D1E
av08.
AR





OEBPS/Images/logo.jpg
’ frontiers
in Pharmacology





OEBPS/Images/fphar-11-00534-g004.jpg
25834 253484
i

§494 #pg84 4pi44

i v g

VSR ISR
e
vI-I-.l.a.- rt!' 7 g
. ;
\i. NIy
J = i

G gi4 E3aid piaid





OEBPS/Images/fphar-11-00534-g005.jpg





OEBPS/Images/M1.jpg





OEBPS/Images/M5.jpg





OEBPS/Images/M4.jpg
BC., = Zisjimsjome -’;—
.






OEBPS/Images/fphar.2020.00534_cover.jpg
’ frontiers
in Pharmacology

Identifying Drug Targets in
Pancreatic Ductal Adenocarcinoma
Through Machine Learning,
Analyzing Biomolecular Networks,
and Structural Modeling





OEBPS/Images/fphar-11-00534-g006.jpg
;
:
g
:
E

o s
oo s

[ e—

[ —————

rave————

[o——
s ot o
poteie

<o

s oot v
o e
E-———

1





OEBPS/Images/fphar-11-00534-g001.jpg





OEBPS/Images/table2.jpg
Inthree  ADAMI0, TIMP1, MATNG, PKM, APLP2, ACTNI, CALU, VCAN
datasets.

Intwoof  LGALS!, TGA2, BST2, MFGES, ITGAV, EGF, APOL1, ALB, MSLN
three

datasets
Inonlyone  COLSAT, CTNNAT, MX1, COL1A2, COL6A3, SPARC, IFi27,
dataset  SDCI, FNT, PLAU, PLAUR, IGFBPS, FBNI, COLTAT, COLBAT,

1TGBS, TGAS, Mx2





OEBPS/Images/fphar-11-00534-g007.jpg





OEBPS/Images/M3.jpg





OEBPS/Images/fphar-11-00534-g002.jpg
A G ks P poR OISR ) B cseamnsicean et poR@OIMAFC 1 )

e R

:






OEBPS/Text/nav.xhtml


  

    Table of Contents



    

		Cover



      		

        Identifying Drug Targets in Pancreatic Ductal Adenocarcinoma Through Machine Learning, Analyzing Biomolecular Networks, and Structural Modeling

      

        		

          Introduction

        



        		

          Materials and Methods

        

          		

            Identification of DEGs

          



          		

            Gene Prioritization Pipeline

          



          		

            PPI Network Analysis

          



          		

            Survival Analysis

          



          		

            Functional Enrichment Analysis

          



          		

            Structural Modeling and “Druggability” Analysis

          



          		

            Molecular Docking and GNM Modeling

          



        



        



        		

          Results and Discussion

        

          		

            Identification of Disease Genes and Drug Targets in PDAC

          



          		

            Characterization of Predicted Drug Targets for PDAC

          



          		

            Identification of Functional Modules and Pathways

          



          		

            ITGAV and ITGA2 as Potential Drug Targets for PDAC

          



        



        



        		

          Conclusions

        



        		

          Data Availability Statement

        



        		

          Author Contributions

        



        		

          Funding

        



        		

          Supplementary Material

        



        		

          References

        



      



      



    



  



OEBPS/Images/table1.jpg
Accessions Platforms Samples References.

(tumor vs.
non-tumor
tissues)
GSE15471  Afymetrx Human Genome  36vs. 96 (Badea et al, 2009)
U133 Pus 2.0 Aray.
GSE28735  Afymetrx Human Gene 10 45vs. 45 (Zrang et al, 2012
ST ATy Zrang etal, 2013)

GSE71989  Afymelrx Human Genome  14vs.8  (Jang et &l 2016)
U133 Plus 2.0 Aay





