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Diabetes mellitus is a group of complex metabolic disorders which has affected hundreds of millions of patients world-widely. The underlying pathogenesis of various types of diabetes is still unclear, which hinders the way of developing more efficient therapies. Although many genes have been found associated with diabetes mellitus, more novel genes are still needed to be discovered towards a complete picture of the underlying mechanism. With the development of complex molecular networks, network-based disease-gene prediction methods have been widely proposed. However, most existing methods are based on the hypothesis of guilt-by-association and often handcraft node features based on local topological structures. Advances in graph embedding techniques have enabled automatically global feature extraction from molecular networks. Inspired by the successful applications of cutting-edge graph embedding methods on complex diseases, we proposed a computational framework to investigate novel genes associated with diabetes mellitus. There are three main steps in the framework: network feature extraction based on graph embedding methods; feature denoising and regeneration using stacked autoencoder; and disease-gene prediction based on machine learning classifiers. We compared the performance by using different graph embedding methods and machine learning classifiers and designed the best workflow for predicting genes associated with diabetes mellitus. Functional enrichment analysis based on Human Phenotype Ontology (HPO), KEGG, and GO biological process and publication search further evaluated the predicted novel genes.
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INTRODUCTION
Diabetes mellitus is a chronic disease where the blood sugar in patients is abnormally elevated because of the underproductive pancreas or the ineffective response toward insulin (Kharroubi and Darwish, 2015). According to the global diabetes map (ninth edition) published by the International Diabetes Federation (IDF) in 2019 (Cho et al., 2018), the number of diabetic patients worldwide is increasing, with an average global growth rate of 51%. There are currently 463 million diabetic patients. According to the growing trend, there will be 700 million diabetic patients worldwide by 2045 (Cho et al., 2018). Diabetes mellitus and its multiple complications have largely increased the risk of mortality, blindness, and kidney failure of patients, and posed a heavy burden on human society. It is urgent to investigate the disease mechanisms and find more effective cures.
There are different types of diabetes: type 1 diabetes (T1D), type 2 diabetes (T2D), gestational diabetes and other types (Geerlings and Hoepelman, 1999; Kharroubi and Darwish, 2015). For different types of diabetes, the causes and risk factors vary. Type 1diabetes is an autoimmune disease, where the insulin-producing cells in the pancreas are attacked by the immune system of patients. The pathogenesis of type 1 diabetes is still unclear, but some researchers think it is caused by a combination of genetic and environmental factors. The genome-wide association studies (GWAS) have identified over 60 susceptibility loci for T1D (Systematic evaluation of genes and genetic variants associated with Type 1 diabetes susceptibility). And post-GWAS functional analyses (Shabalin, 2012; Westra et al., 2013; Fagny et al., 2017; Wang et al., 2019a; van der Wijst et al., 2020) such as expression quantitative trait loci (eQTL) analysis have been performed to infer the underlying causal genes (Nyaga et al., 2018). Cells become resistant to insulin in type 2 diabetes, resulting in higher demand for insulin. However, the dysfunction of pancreatic β cells decreases secretion of insulin, leading to evaluated blood sugar levels in patients. The pathogenesis of T2D is also unclear, but the genetic studies of T2D provided novel susceptibility loci and candidate genes. Similarly, the mechanisms of other types of diabetes are also not clear. It is urgent to discover genes associated with diabetes mellitus to find therapeutic targets and improve diagnoses (Kharroubi and Darwish, 2015).
There have been intense efforts to predict genes associated with complex diseases in recent years (Ghiassian et al., 2015; Peng et al., 2017; Agrawal et al., 2018; Cheng et al., 2019; Wang et al., 2020). GWASs can directly reveal the associations between genome variants and diseases (Zhu et al., 2016a; Zhu et al., 2016b; Visscher et al., 2017; Gallagher and Chen-Plotkin, 2018; Visscher and Goddard, 2019). However, most GWAS SNPs locate in non-coding regions, i.e., intronic or inter-genetic regions, leading to a limited discovery of disease genes. Functional analysis, such as eQTL analysis (Wang et al., 2021a; Wang et al., 2021b), can further translate GWAS signals to functional genes through measuring the regulation pattern between genomic variations (genotypes) and transcriptome variations (gene expression level). These statistical methods have achieved tremendous success in discovering disease-associated genes. And these discoveries have also been recorded in biological databases such as DisGeNet (Piñero et al., 2015; Piñero et al., 2016; Piñero et al., 2020). However, these methods mostly are based on simple “gene-disease” associations and ignore the underlying functional collaborations among genes.
With the development of molecular networks, such as protein-protein interaction (PPI) networks and gene regulatory networks, it is feasible to investigate disease genes based on gene networks (Peng et al., 2021a). Under the hypothesis of guilt–by–association (GBA), the novel disease-associated genes can be predicted by measuring the neighborhood structures of known disease genes. In recent years, there have been many network-based methods emerging as powerful tools for disease-gene prediction (Wang et al., 2019b; Wang et al., 2019c; Yang et al., 2019). The task of disease-gene prediction can be considered as a classification problem in machine learning. There are two types of classification in disease-gene prediction based on the types of entity the methods aim to predict. One is node classification, where genes in the gene network can be separated into two groups: known disease-genes and unlabeled genes, and the prediction methods aim to give a rank to unlabeled genes based on the prediction model. Top-ranked genes will be predicted as novel disease genes. Methods such as PRINCE (Vanunu et al., 2010), VAVIEN (Erten et al., 2011), and N2A-SVM (Peng et al., 2019a) belong to this category. The other type of classification in disease-gene prediction is edge classification, also called link prediction. In this category, genes and diseases both exist in the network as nodes, which comprise a heterogeneous graph. The prediction methods learn features from known disease-gene edges and predict novel disease-gene links. The feature of a disease-gene link is combined from a pair of node features. Methods such as RWRH (Li and Patra, 2010) and RWPCN (Yang et al., 2011) belong to this category.
From the aspect of features extracted from the network, the disease-gene prediction methods can be separated into handcrafted feature-based methods and automatic feature representation-based methods. In the first category, methods engineered features for nodes in biological networks, such as using node degree, graphlet degree, common neighbors, shortest path length meta-paths, etc. However, methods relying on direct neighborhood counting can only capture the local network structure while ignoring the global structure. To overcome this issue, Xu et al. proposed a method by integrating multiple topological features to predict disease genes (Xu and Li, 2006). In their methods, they expanded the neighbors of a seed by considering 2-hop neighbors. Besides the network topological structure, some methods integrated more biological data as features. DERanking (Nitsch et al., 2010) incorporated differential expression in features. BRIDGE (Chen et al., 2013) integrated multiple data sources besides the PPI network, such as gene expression, gene ontology (GO), and the KEGG database. DiGI (Tran et al., 2020) used gene co-expression network, functional pathways, PPI network, and other cofunction networks in feature engineering. Although these methods based on handcrafted features have achieved tremendous success in multiple fields, there needs a lot of domain knowledge and it may also introduce biases with manually engineered features.
In recent years, graph embedding learning methods emerged as powerful tools for extracting the latent features from networks. Graph embedding is also known as graph representation learning, aiming at mapping large and sparse graph data into low-dimensional dense feature vectors. There are matrix factorization-based graph embedding methods [such as IMC (Natarajan and Dhillon, 2014) and PCFM (Zeng et al., 2017)], and also methods based on skip-gram based neuron networks [such as LINE (Tang et al., 2015), DeepWalk (Perozzi et al., 2014), and Node2Vec (Grover and Leskovec, 2016)], and graph neuron networks [such as graph convolutional network (Wu et al., 2020)]. These techniques have been widely used in bioinformatics applications such as the discovery of antibiotics (Stokes et al., 2020), disease genes (Peng et al., 2021b), disease modules (Wang et al., 2020), drug targets (Peng et al., 2021c), drug side-effects (Han et al., 2021), RNA-targets (Peng et al., 2019b), molecular network edges (Perozzi et al., 2014; Ribeiro et al., 2017; Peng et al., 2021d), etc. However, there has been a lack of research on discovering genes associated with diabetes mellitus using cutting-edge graph-embedding techniques. In this study, we designed a computational framework based on graph embedding approaches to discover novel genes associated with diabetes mellitus without distinction between diabetes types. We first extracted gene features from a PPI network. During this phase, we compared three cutting-edge graph embedding methods, i.e., LINE (Tang et al., 2015), DeepWalk (Perozzi et al., 2014), and Node2Vec (Grover and Leskovec, 2016). Next, we applied a stacked auto-encoder to further process the node embeddings into lower-dimensional space. Finally, we used widely-used machine learning classifiers for the task of gene prediction. In the experiments, we evaluated the performance of our model by using five-fold cross-validation, and we also compared the performance using various graph embedding methods, hyper-parameters, and machine learning classifiers.
METHODOLOGY
There are three main steps in our graph embedding based diabetes-gene prediction model: 1) we used three cutting graph embedding methods, i.e., LINE, DeepWalk, and Node2Vec, to extract node features from a PPI network; 2) A three-layer stacked autoencoder was applied to further reduce feature dimension and automatic feature extraction; 3) disease gene prediction using support vector machine (SVM) (Chang and Lin, 2011), and other two widely-used classifiers (random forest and logistic regression) were compared. Four metrics (AUPRC, AUROC, ACC, and F1 score) were used to measure the performance in five-fold cross-validation. Functional enrichment and network analysis were applied for evaluation. The workflow of our method is shown in Figure 1.
[image: Figure 1]FIGURE 1 | Workflow of our method. Abbreviations: SVM: supporting vector machine, RF: random forest, LR: logistic regression.
Extract Features From PPI Network Based on Graph Embedding
To extract the latent feature from PPI network, we adopt three cutting-edge graph embedding methods: Node2vec, DeepWalk, and LINE, and compared their performance in the task of predicting genes associated with diabetes mellitus. DeepWalk draws on the idea of the word2vec algorithm. Word2vec is a commonly used word embedding method in natural language learning (NLP). It describes the co-occurrence relationship between words and words through the sentence sequence in the corpus and then learns the vector representation of words based on skip-gram neuronal network model. The DeepWalk algorithm is similar to word2vec and uses the co-occurrence relationship between nodes in the graph to learn the vector representation of nodes. DeepWalk uses random walk to sample paths with fixed lengths. The paths are consisted of randomly visited nodes and are similar to sentences in NLP. And then word2vec is used to learn the co-occurrence relationship of nodes based on skip-gram neuronal network model. The weights on the hidden layer of skip-gram model will be the latent features.
Node2vec is a graph embedding method improved based on DeepWalk. The novel part of Node2vec is that it uses a biased random walk process to generate random paths. The hyperparameters p and q are used to control the directions of random walk in consonance with breadth-first search (BFS) or depth-first search (DFS) in the PPI network. Parameter p determines the process of revisiting the nodes within random walk and q affects the possibility of capturing local or global nodes. Compared to DeepWalk, Node2vec provides more various elements, and particularly, if the value of p and q both equal 1, these two algorithms are the same.
LINE is also a method based on the assumption of neighborhood similarity, except that LINE uses BFS to construct neighborhoods while DeepWalk uses DFS to construct neighborhoods. LINE also takes into account the first-order and second-order similarities between nodes and can be applied to various types of networks and large-scale networks. However, some vertices have few adjacent points, which leads to insufficient learning of embedding vectors and insufficient use of high-level information.
Feature Regeneration and Reduction Using Stacked Autoencoder
Autoencoder is an unsupervised artificial neural network that can automatically extract latent features from data. Autoencoder has been successfully applied in many applications, such as speech recognition, self-driving cars, human gesture detection, etc. The autoencoder structure is composed of three parts: the input layer, the hidden layer, and the output layer, which correspond to the encoder, bottleneck and decoder respectively. Among them, the encoder is responsible for selecting key features from the data, and the decoder is responsible for recreating the original data using key components. Since the number of hidden layer nodes is less than the number of input nodes, the autoencoder can reduce the data dimension by retaining only the features needed to reconstruct the data. The autoencoder is also a feed-forward network, which can be trained using the same procedure as the feed-forward network. Although Autoencoder has the same input and output, it also has a certain degree of loss, so autoencoder is also called lossy compression technology.
Since there are complicated relationships within the elements in some data sets, only one autoencoder cannot meet the requirements. To reduce the dimensionality of the input features, a single autoencoder may not be able to complete it. In response to this situation, the stacked autoencoder was proposed. As the name suggests, stacked autoencoders are multiple autoencoders stacked on top of each other. The specific process of the stacked autoencoder method is described as follows: First, given the initial input, train the first-layer autoencoder in an unsupervised way to reduce the reconstruction error to the set value. Second, take the output of the hidden layer of the first autoencoder as the input of the second autoencoder, and use the same method as above to train the autoencoder. Third, repeat the second step until all autoencoders are initialized. Finally, use the weights of the hidden layer of the last stacked autoencoder as the final features.
Machine Learning Classifiers Used for Disease Gene Prediction
After the process of network representation learning and feature denoising, we apply classification methods for the final prediction task. Three widely-used machine learning algorithms were used for predicting genes associated with diabetes mellitus: support vector machine (SVM), Logistic regression, and Random Forest. Logistic regression models the relationship between predictor variables and a categorical response variable. Given feature vector x and the label [image: image] of each sample, the logistic regression models feature x and the probability of y by Eq. 1, where w represents weights and b represents bias. This equation means the log odds of prediction y = 1 equals linear regression of input feature x. The parameters w and b can be estimated by maximum likelihood estimation.
[image: image]
Random Forest is an integrated algorithm composed of decision trees, which achieves excellent performance in many applications. Decision tree is a supervised learning algorithm based on “if-then-else” rules. When we perform the classification task, the input samples are classified by each decision tree separately. And each decision tree will get its own classification result. Those decision trees form the random forest, and it will ensemble all prediction results, and output the label with the most consistent evidence.
Support vector machines (SVM) is a binary classification model. Its basic model is a linear classifier featured with the largest interval between two classes in the feature space. Kernel techniques can be applied to SVM, which makes it a non-linear classifier. The learning strategy of SVM is to maximize the interval, which can be formalized as a problem of solving convex quadratic programming. As shown in Eq. 2, the SVM model is to construct the hyperplane ([image: image] is the variable coefficient, [image: image] is the constant), so that the labels of the samples can be divided correctly.
[image: image]
Metrics for Evaluating Prediction Performance
In the task of binary classification, samples in the test set can be separated into four classes: true positive (TP), true negative (TN), false positive (FP), and false negative (FN). And the sample size of the test set (N) equals to the sum of TP, TN, FP, and FN. Based on these measures, we used four metrics to evaluate the prediction performance: accuracy (ACC), area under the receiver operating characteristic curve (AUROC), area under the precision and recall curve (AUPRC) and F1 score. The accuracy is defined as the ratio of number of correctly predicted samples (TP + TN) and the sample size of the test set (N). However, ACC is not robust in study with unbalanced samples, which means there is only a small number of positive/negative sample. The other three metrics can solve this problem to some extent. The PR curve is defined based on precision and recall which are defined in Eqs 3, 4, respectively. The precision and recall are on y and x-axis respectively. Since there are N possible thresholds of prediction probability, there would be N points, i.e., (precision, recall) on the PR curve.
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Similarly, the ROC is defined based on true positive rate (TPR) and false positive rate (FPR), which are defined in Eqs 5, 6 respectively. In ROC, the TPR and FPR are on y and x-axis respectively. F1 score is a combination of precision and recall, which is defined in Eq. 7.
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The area under ROC and PRC (AUROC and AUPRC) are widely used to compare the performance of different classifiers. Given a series of points [image: image] on the ROC or PRC curve, the area under the curve (AUC) can be approximately computed by Eq. 8.
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RESULTS AND DISCUSSION
Datasets
We first downloaded the diabetes mellitus associated genes from DisGeNet database (as of June 2021, UMLS CUI: C0011849). 2,803 genes were recorded in this database, and each gene was assigned with a gene-disease association (GDA) score, indicating the levels of evidence. The GDA score takes into account the number and type of sources (level of curation, organisms), and the number of publications supporting the association. After filtering GDA score with threshold set to 0.1, there were 476 genes left that were used for model training in the downstream prediction.
The protein-protein interaction network was obtained from Menche et al.’s work (Menche et al., 2015). This PPI network consists of multiple sources of protein interactions, such as regulatory interactions, yeast two-hybrid high-throughput interactions, literature curated databases, metabolic enzyme-coupled interactions, protein-protein complexes, etc. By combining those interactions, we obtained this PPI network of 13,460 proteins and 141,296 interactions.
Network Representation Learning Using DeepWalk, LINE, and Node2vec
We extracted the node features of the PPI network using the technique of network representation learning or graph embedding, which maps the topological features of nodes in the network into the embedding space. To choose a proper method, three cutting-edge network representation learning methods were used for feature extraction. And we compared their performance using five-fold cross-validation. To balance the sample size of positive samples and negative samples, we randomly selected the same number of nodes not labeled as disease genes as negative samples.
We run these methods on the PPI network and generate features with 512 dimensions. Then the features were further processed by a stacked autoencoder with three levels, which will reduce noises and generate latent features. The 512-dimensional features were converted to 64-dimensional features using this autoencoder. And SVM was used for final classification using the same setting parameters.
Figure 2 shows the average AUROC, AUPRC, F1 score, and accuracy (ACC) values of three methods achieved in this experiment. We can see that Node2vec achieves the best performance under all metrics. And DeepWalk is the second-best method. This is easy to understand because Node2vec improves DeepWalk by a biased random-walk strategy (see details in Methods).
[image: Figure 2]FIGURE 2 | Prediction performance in five-fold cross validation based on three graph embedding methods. Three different graph embedding methods are compared: DeepWalk, LINE, and Node2vec. Four metrics are used for performance evaluation: AUROC, AUPRC, F1 score, and accuracy (ACC).
Feature Dimension Affects Prediction Performance
As a non-end-to-end model, our framework first generates features of network nodes and then predicts disease-associated genes based on SVM. All of the three network-representation-learning methods mentioned above are based on a skip-gram neuron network model, where the dimension of output features equals the number of neurons in the hidden layer of skip-gram neuron network. To explore the impact of feature dimensions on our predicting framework, we compared the performance of the representation learning methods with various dimensional features extracted from the PPI network. Those features were all converted to 64-dimensional features using the stacked autoencoder described above, followed by the SVM classifier under the same settings (RBF kernel and other settings in default).
Based on five-fold cross-validation, we got the results shown in Figure 3. The four sub-panels in Figure 3 represent the prediction performance on diabetes genes using different feature dimensions (i.e., 64, 128, 256, and 512 feature dimensions) generated by three network representation learning methods. The average AUROC, AUPRC, F1 score, and ACC values were compared.
[image: Figure 3]FIGURE 3 | The effects of feature dimension on prediction performance. Four feature dimensions (i.e., 64, 128, 256, and 512) generated by graph embedding methods are used for comparison. Three different graph embedding methods are also compared.
When the feature dimension equals 64, Node2vec achieved the best performance in ACC, F1 score, and AUROC. And LINE achieved the best performance in AUPRC and the second-best performance on ACC and F1 score. While as the feature dimension increased to 128 and 256, the DeepWalk achieved the best performance, and Node2vec achieved the second-best rank. However, The Node2vec achieved the maximum AUROC (0.74) and AUPRC (0.72) scores with 512 feature dimensions compared with other methods in various feature dimensions. In summary, the feature dimension and network representation learning method both affect the prediction performance in a task-dependent way. In our case, i.e., predicting genes associated with diabetes mellitus, we choose Node2vec as the method of feature learning from PPI network, and output 512-dimensional features in downstream analysis.
Exploring the Effect of Hyper-Parameters in Node2vec and Different Classifiers
As previous publications have pointed out, the hyper-parameter p and q, in Node2vec have potential influence to feature learning and downstream analysis. To optimize the two parameters, we performed a grid search on p and q, and calculated the corresponding performance. Since p controls the random walk to visit new nodes or visited nodes, we set p in a larger manner to encourage the random walk to visit new nodes, and we choose p ∈ (2, 20, 200). And q controls the random walk towards a BFS or DFS graph search. To let the random walk be biased to a DFS search, we set q ∈ (0.1,0.01, 0.001, 0.0001). The performance of various p and q values is shown in Figure 4A. It seems there is not a linear relationship between (p, q) values and the performance. As we can see, when p = 200 and q = 0.001, it achieves the best performance (AUROC = 0.74) on this specific task, i.e., prediction genes associated with diabetes mellitus. Since the best combination of (p, q) values varies from study to study, it is recommended to perform a grid search to find the best hyperparameters.
[image: Figure 4]FIGURE 4 | Effect on prediction performance by hyper-parameters in Node2vec and different machine learning classifiers. (A) Prediction performance under various p and q values in Node2vec. (B) Prediction performance of SVM, Logistic regression and Random Forest in five-fold cross validation.
To evaluate the effect of different classifiers, we compared SVM with two other widely-used classifiers: Logistic regression and Random Forest. Using the same features obtained from Node2vec followed by a stacked autoencoder, we compared the prediction performance of SVM, Logistic regression, and Random Forest in five-fold cross-validation. The results are shown in Figure 4B, where we can see SVM achieves the best performance than Logistic regression and Random Forest. Based on this analysis, our prediction model will use SVM as classifier to predict genes associated with diabetes mellitus.
Top Genes Predicted to Be Associated With Diabetes Mellitus
To discover novel genes associated with diabetes mellitus, we predicted all unlabeled genes in the PPI network using the final trained model. The model uses Node2vec (with p = 200 and q = 0.001) to extract node features in 512-dimension followed by a three-layer autoencoder to compress the feature to 64-dimension, and SVM is applied to predict the possibility of unlabeled genes to be a diabetes gene. The SVM model was trained using all the 476 genes labels as disease-related. Then all the unlabeled genes were predicted by SVM. We ranked the gene predicted by our methods and listed the top 15 genes in Table 1. The size of the top 15 genes is artificially set.
TABLE 1 | Top 15 genes predicted associated with diabetes mellitus.
[image: Table 1]Researchers have delineated the relevance of some predicted genes to diabetes mellitus. Zhou et al. (2017), evaluated the gene-environment interactions and haplotype associations and extrapolated the pathogenic role of genetic variants in the TLR3-TRIF-TRAF3-INF-β in causing type 2 diabetes mellitus. Al Dubayee et al. (2021), examined the increased expression of BCL10 and reduced expression of caspase-7 from peripheral blood mononuclear cells of diabetic individuals during the apoptosis in insulin resistance, which reveals close relationship between BCL10 gene and diabetes mellitus. Maikel et al. (Colli et al., 2018), utilized immunofluorescence to discern the positive correlation between expression of PDL1 and IRF1, based on the fact that PDL1 expression is elevated in insulin-containing islets of individuals with type 1 diabetes, IRF1 and Diabetes Mellitus show a high probability of interaction.
Figure 5 shows the largest component of PPI subnetwork among these top-predicted genes and known genes associated with diabetes mellitus. Those predicted genes are closely connected with known diabetes genes in the database. For example, IRAK1 and IRAK4 have the highest degrees connecting both known genes and predicted genes. It has been shown that deletion of IRAK1 improves glucose tolerance by elevating insulin sensitivity (Sun et al., 2017). IRAK4 inhibitors can block MyD88 dependent signaling, which contributes to the pathogenesis of type I diabetes (Sabnis, 2021).
[image: Figure 5]FIGURE 5 | Largest component of PPI subnetwork among these top-predicted genes and known genes associated with diabetes mellitus. Nodes in pink represent top predicted genes. Nodes in blue represent know diabetes genes.
Functional Enrichment Analysis of the Predicted Genes
Gene set enrichment analysis has been performed for the top 15 genes predicted to be related to diabetes mellitus. Gene functional categories in Human Phenotype Ontology (HPO), KEGG, and GO biological process were used for over-representation analysis using WebGestaltR (Liao et al., 20192019). The top enrichment terms are shown in Figure 6. Our predicted genes have shown over-representation in genes of the HPO term “transient neonatal diabetes mellitus” with suggestive p-value < 0.01. The top HPO term enriched was “hepatic encephalopathy,” and it has been shown that diabetes mellitus plays a role in hepatic encephalopathy by releasing and enhancing the inflammatory cytokines (Ampuero et al., 2013). In KEGG enrichment results, the term “NF-kappa B signaling pathway” achieves the best significance with p-value < 5*10–5. Romeo et al. (2002) has shown that diabetes and high glucose can induce the activation of nuclear factor-kB (NF-kappa B), which regulates a proapoptotic program in retinal pericytes. The second term is “Toll-like receptor signaling pathway diabetes” with enrichment p-value < 5*10–5. Dasu and Martin (2014) has shown the increased toll-like receptors (TLRs) expression and activation contribute to the hyper inflammation in human diabetic wounds. The third enriched term is “toxoplasmosis”. There have been findings that patients with toxoplasmosis are more susceptible to be diabetics than those without toxoplasmosis, suggesting a role of toxoplasmosis in diabetes mellitus (Shirbazou et al., 2013). Most enriched terms in GO are related with the immune response. And it has been well established that patients with diabetes mellitus have more susceptibility to infections (Berbudi et al., 2020). The high blood glucose levels, as well as the inflammatory mediators produced by adipocytes and macrophages, can result in the immune response (Geerlings and Hoepelman, 1999).
[image: Figure 6]FIGURE 6 | Functional enrichment results based on HPO, KEGG, and GO. p-values are shown in log scale and only top 10 terms are shown in each category.
CONCLUSION
Diabetes mellitus has widely affected the population in the world, without knowing the underlying mechanism. Discovering genes associated with diabetes will pave the way for developing novel efficient therapies. In this work, we designed a computational framework for diabetes gene prediction based on graph embedding techniques. This framework consists of three main steps: network feature extraction based on graph embedding methods; feature denoising and regeneration using stacked autoencoder; and disease-gene prediction based on machine learning classifiers. By comparing with different graph embedding methods and widely-used machine learning classifiers, we proved the efficiency and accuracy of our method. By applying this method to diabetes gene discovery, we found novel genes that have been reported in publications with clear association evidence but not recorded in the database. Through functional enrichment analysis based on Human Phenotype Ontology (HPO), KEGG, and GO biological process, we found the top predicted genes are enriched in multiple terms that have been proved to have a role in diabetes mellitus. Our computational method may also benefit gene discoveries for other complex diseases.
DATA AVAILABILITY STATEMENT
The original contributions presented in the study are included in the article/supplementary material, further inquiries can be directed to the corresponding authors.
AUTHOR CONTRIBUTIONS
JD and RY conceived the study, DL and XC designed and performed the experiments, XL wrote and revised the manuscript, JY supervised the study.
PUBLISHER’S NOTE
All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.
ACKNOWLEDGMENTS
We thank the reviewers for their suggestive questions. We thank the funding support from Wanshu. We also deeply thank Prof. Tao Wang from Northwestern Polytechnical University for providing the guidance and in-house pipelines. Besides, we would like to thank the contributors of databases, software used in our manuscript.
REFERENCES
 Agrawal, M., Zitnik, M., and Leskovec, J. (2018). Large-scale Analysis of Disease Pathways in the Human Interactome. PSB 23, 111–122. doi:10.1142/9789813235533_0011:
 Al Dubayee, M., Alshahrani, A., Aljada, D., Zahra, M., Alotaibi, A., Ababtain, I., et al. (2021). Gene Expression Profiling of Apoptotic Proteins in Circulating Peripheral Blood Mononuclear Cells in Type II Diabetes Mellitus and Modulation by Metformin. Dmso 14, 1129–1139. doi:10.2147/dmso.s300048
 Ampuero, J., Ranchal, I., del Mar Díaz-Herrero, M., del Campo, J. A., Bautista, J. D., and Romero-Gómez, M. (2013). Role of Diabetes Mellitus on Hepatic Encephalopathy. Metab. Brain Dis. 28, 277–279. doi:10.1007/s11011-012-9354-2
 Berbudi, A., Rahmadika, N., Tjahjadi, A. I., and Ruslami, R. (2020). Type 2 Diabetes and its Impact on the Immune System. Cdr 16, 442–449. 10 Data Availability Statement Publicly available datasets were analyzed in this study. doi:10.2174/1573399815666191024085838
 Chang, C.-C., and Lin, C.-J. (2011). Libsvm. ACM Trans. Intell. Syst. Technol. 2, 1–27. doi:10.1145/1961189.1961199
 Chen, Y., Wu, X., and Jiang, R. (2013). Integrating Human Omics Data to Prioritize Candidate Genes. BMC Med. Genomics 6, 57–12. doi:10.1186/1755-8794-6-57
 Cheng, L., Zhao, H., Wang, P., Zhou, W., Luo, M., Li, T., et al. (2019). Computational Methods for Identifying Similar Diseases. Mol. Ther. Acids 18, 590–604. doi:10.1016/j.omtn.2019.09.019
 Cho, N. H., Shaw, J. E., Karuranga, S., Huang, Y., da Rocha Fernandes, J. D., Ohlrogge, A. W., et al. (2018). IDF Diabetes Atlas: Global Estimates of Diabetes Prevalence for 2017 and Projections for 2045. Diabetes Res. Clin. Pract. 138, 271–281. doi:10.1016/j.diabres.2018.02.023
 Colli, M. L., Hill, J. L. E., Marroquí, L., Chaffey, J., Dos Santos, R. S., Leete, P., et al. (2018). PDL1 Is Expressed in the Islets of People with Type 1 Diabetes and Is Up-Regulated by Interferons-α And-γ via IRF1 Induction. EBioMedicine 36, 367–375. doi:10.1016/j.ebiom.2018.09.040
 Dasu, M. R., and Martin, S. J. (2014). Toll-like Receptor Expression and Signaling in Human Diabetic Wounds. Wjd 5, 219. doi:10.4239/wjd.v5.i2.219
 Erten, S., Bebek, G., and Koyutürk, M. (2011). Vavien: an Algorithm for Prioritizing Candidate Disease Genes Based on Topological Similarity of Proteins in Interaction Networks. J. Comput. Biol. 18, 1561–1574. doi:10.1089/cmb.2011.0154
 Fagny, M., Paulson, J. N., Kuijjer, M. L., Sonawane, A. R., Chen, C.-Y., Lopes-Ramos, C. M., et al. (2017). Exploring Regulation in Tissues with eQTL Networks. Proc. Natl. Acad. Sci. USA 114, E7841–E7850. doi:10.1073/pnas.1707375114
 Gallagher, M. D., and Chen-Plotkin, A. S. (2018). The post-GWAS Era: from Association to Function. Am. J. Hum. Genet. 102, 717–730. doi:10.1016/j.ajhg.2018.04.002
 Geerlings, S. E., and Hoepelman, A. I. M. (1999). Immune Dysfunction in Patients with Diabetes Mellitus (DM). FEMS Immunol. \\& Med. Microbiol. 26, 259–265. doi:10.1111/j.1574-695x.1999.tb01397.x
 Ghiassian, S. D., Menche, J., and Barabási, A. L. (2015). A DIseAse MOdule Detection (DIAMOnD) Algorithm Derived from a Systematic Analysis of Connectivity Patterns of Disease Proteins in the Human Interactome. Plos Comput. Biol. 11, e1004120. doi:10.1371/journal.pcbi.1004120
 Grover, A., and Leskovec, J. (2016). “node2vec: Scalable Feature Learning for Networks,” in Proceedings of the 22nd ACM SIGKDD International Conference on Knowledge Discovery and Data Mining, 855–864.
 Han, X., Kong, Q., Liu, C., Cheng, L., and Han, J. (2021). SubtypeDrug: a Software Package for Prioritization of Candidate Cancer Subtype-specific Drugs. Bioinformatics 37, 2491–2493. doi:10.1093/bioinformatics/btab011
 Kharroubi, A. T., and Darwish, H. M. (2015). Diabetes Mellitus: The Epidemic of the century. Wjd 6, 850. doi:10.4239/wjd.v6.i6.850
 Li, Y., and Patra, J. C. (2010). Genome-wide Inferring Gene-Phenotype Relationship by Walking on the Heterogeneous Network. Bioinformatics 26, 1219–1224. doi:10.1093/bioinformatics/btq108
 Liao, Y., Wang, J., Jaehnig, E. J., Shi, Z., and ZhangWebGestalt, B. (20192019). WebGestalt 2019: Gene Set Analysis Toolkit with Revamped UIs and APIs. Nucleic Acids Res. 47, W199–W205. doi:10.1093/nar/gkz401
 Menche, J., Sharma, A., Kitsak, M., Ghiassian, S. D., Vidal, M., Loscalzo, J., et al. (2015). Uncovering Disease-Disease Relationships through the Incomplete Interactome. Science 347, 1257601. doi:10.1126/science.1257601
 Natarajan, N., and Dhillon, I. S. (2014). Inductive Matrix Completion for Predicting Gene-Disease Associations. Bioinformatics 30, i60–i68. doi:10.1093/bioinformatics/btu269
 Nitsch, D., Gonçalves, J. P., Ojeda, F., De Moor, B., and Moreau, Y. (2010). Candidate Gene Prioritization by Network Analysis of Differential Expression Using Machine Learning Approaches. BMC Bioinformatics 11, 1–16. doi:10.1186/1471-2105-11-460
 Nyaga, D. M., Vickers, M. H., Jefferies, C., Perry, J. K., and O’Sullivan, J. M. (2018). Type 1 Diabetes Mellitus-Associated Genetic Variants Contribute to Overlapping Immune Regulatory Networks. Front. Genet. 9, 535. doi:10.3389/fgene.2018.00535
 Peng, J., Guan, J., Hui, W., and Shang, X. (2021). A Novel Subnetwork Representation Learning Method for Uncovering Disease-Disease Relationships. Methods 192, 77–84. doi:10.1016/j.ymeth.2020.09.002
 Peng, J., Guan, J., and Shang, X. (2019). Predicting Parkinson's Disease Genes Based on Node2vec and Autoencoder. Front. Genet. 10, 226. doi:10.3389/fgene.2019.00226
 Peng, J., Han, L., and Shang, X. (2021). A Novel Method for Predicting Cell Abundance Based on Single-Cell RNA-Seq Data. BMC Bioinformatics 22, 1–15. doi:10.1186/s12859-021-04187-4
 Peng, J., Hui, W., Li, Q., Chen, B., Hao, J., Jiang, Q., et al. (2019). A Learning-Based Framework for miRNA-Disease Association Identification Using Neural Networks. Bioinformatics 35, 4364–4371. doi:10.1093/bioinformatics/btz254
 Peng, J., Lu, J., Shang, X., and Chen, J. (2017). Identifying Consistent Disease Subnetworks Using Dnet. Methods 131, 104–110. doi:10.1016/j.ymeth.2017.07.024
 Peng, J., Wang, Y., Guan, J., Li, J., Han, R., Hao, J., et al. (2021). An End-To-End Heterogeneous Graph Representation Learning-Based Framework for Drug-Ttarget Interaction Prediction. Brief. Bioinform. 22, bbaa430. doi:10.1093/bib/bbaa430
 Peng, J., Xue, H., Wei, Z., Tuncali, I., Hao, J., and Shang, X. (2021). Integrating Multi-Network Topology for Gene Function Prediction Using Deep Neural Networks. Brief. Bioinform. 22, 2096–2105. doi:10.1093/bib/bbaa036
 Perozzi, B., Al-Rfou, R., and Skiena, S. (2014). “Deepwalk: Online Learning of Social Representations,” in Proceedings of the 20th ACM SIGKDD International Conference on Knowledge Discovery and Data Mining, 701710. 
 Piñero, J., Ramírez-Anguita, J. M., Saüch-Pitarch, J., Ronzano, F., Centeno, E., Sanz, F., et al. (2020). The DisGeNET Knowledge Platform for Disease Genomics: 2019 Update. Nucleic Acids Res. 48, D845–D855. doi:10.1093/nar/gkz1021
 Piñero, J., Bravo, A., Queralt-Rosinach, N., Gutiérrez-Sacristán, A., Deu-Pons, J., Centeno, E., et al. (2016). DisGeNET: a Comprehensive Platform Integrating Information on Human Disease-Associated Genes and Variants. Nucleic Acids Res. 45, D833–D839. doi:10.1093/nar/gkw943
 Piñero, J., Queralt-Rosinach, N., Bravo, A., Deu-Pons, J., Bauer-Mehren, A., Baron, M., et al. (2015). DisGeNET: a Discovery Platform for the Dynamical Exploration of Human Diseases and Their Genes. Database 2015. doi:10.1093/database/bav028
 Ribeiro, L. F. R., Saverese, P. H. P., and Figueiredo, D. R. struc2vec. (2017). “Learning Node Representations from Structural Identity,” in Proceedings of the 23rd ACM SIGKDD International Conference on Knowledge Discovery and Data Mining, 385–394. 
 Romeo, G., Liu, W.-H., Asnaghi, V., Kern, T. S., and Lorenzi, M. (2002). Activation of Nuclear Factor- B Induced by Diabetes and High Glucose Regulates a Proapoptotic Program in Retinal Pericytes. Diabetes 51, 2241–2248. doi:10.2337/diabetes.51.7.2241
 Sabnis, R. W. (2021). Thienopyridinyl and Thiazolopyridinyl Compounds as IRAK4 Inhibitors. 
 Shabalin, A. A. (2012). Matrix eQTL: Ultra Fast eQTL Analysis via Large Matrix Operations. Bioinformatics 28, 1353–1358. doi:10.1093/bioinformatics/bts163
 Shirbazou, S., Delpisheh, A., Mokhetari, R., and Tavakoli, G. (2013). Serologic Detection of Anti Toxoplasma Gondii Infection in Diabetic Patients. Iran. Red Crescent Med. J. 15, 701–703. doi:10.5812/ircmj.5303
 Stokes, J. M., Yang, K., Swanson, K., Jin, W., Cubillos-Ruiz, A., Donghia, N. M., et al. (2020). A Deep Learning Approach to Antibiotic Discovery. Cell 180, 688–702. doi:10.1016/j.cell.2020.01.021
 Sun, X.-J., Kim, S. P., Zhang, D., Sun, H., Cao, Q., Lu, X., et al. (2017). Deletion of Interleukin 1 Receptor-Associated Kinase 1 (Irak1) Improves Glucose Tolerance Primarily by Increasing Insulin Sensitivity in Skeletal Muscle. J. Biol. Chem. 292, 12339–12350. doi:10.1074/jbc.m117.779108
 Tang, J., et al. (2015). “Line: Large-Scale Information Network Embedding,” in Proceedings of the 24th international conference on world wide web, 1067–1077. 
 Tran, V. D., Sperduti, A., Backofen, R., and Costa, F. (2020). Heterogeneous Networks Integration for Disease-Gene Prioritization with Node Kernels. Bioinformatics 36, 2649–2656. doi:10.1093/bioinformatics/btaa008
 van der Wijst, M., de Vries, D. H., Groot, H. E., Trynka, G., Hon, C. C., Bonder, M. J., et al. (2020). The Single-Cell eQTLGen Consortium. Elife 9. doi:10.7554/eLife.52155
 Vanunu, O., Magger, O., Ruppin, E., Shlomi, T., and Sharan, R. (2010). Associating Genes and Protein Complexes with Disease via Network Propagation. Plos Comput. Biol. 6, e1000641. doi:10.1371/journal.pcbi.1000641
 Visscher, P. M., and Goddard, M. E. (2019). From R.A. Fisher's 1918 Paper to GWAS a Century Later. Genetics 211, 1125–1130. doi:10.1534/genetics.118.301594
 Visscher, P. M., Wray, N. R., Zhang, Q., Sklar, P., McCarthy, M. I., Brown, M. A., et al. (2017). 10 Years of GWAS Discovery: Biology, Function, and Translation. Am. J. Hum. Genet. 101, 5–22. doi:10.1016/j.ajhg.2017.06.005
 Wang, T., Liu, Y., Ruan, J., Dong, X., Wang, Y., and Peng, J. (2021). A Pipeline for RNA-Seq Based eQTL Analysis with Automated Quality Control Procedures. BMC Bioinformatics 22, 403–418. doi:10.1186/s12859-021-04307-0
 Wang, T., Peng, Q., Liu, B., Liu, X., Liu, Y., Peng, J., et al. (2019). eQTLMAPT: Fast and Accurate eQTL Mediation Analysis with Efficient Permutation Testing Approaches. Front. Genet. 10, 1309. doi:10.3389/fgene.2019.01309
 Wang, T., Hua, Y., Xu, Z., and Yu, J. S. (2021). Enhancing Discoveries of Molecular QTL Studies with Small Sample Size Using Summary Statistic Imputation. Brief. Bioinform. 20, bbab370. doi:10.1093/bib/bbab370
 Wang, T., Peng, J., Peng, Q., Wang, Y., and Chen, J. (2019). FSM: Fast and Scalable Network Motif Discovery for Exploring Higher-Order Network Organizations. Methods 173, 83–93. doi:10.1016/j.ymeth.2019.07.008
 Wang, T., Peng, Q., Liu, B., Liu, Y., and Wang, Y. (2020). Disease Module Identification Based on Representation Learning of Complex Networks Integrated from GWAS, eQTL Summaries, and Human Interactome. Front. Bioeng. Biotechnol. 8, 418. doi:10.3389/fbioe.2020.00418
 Wang, T., Ruan, J., Yin, Q., Dong, X., and Wang, Y. (2019). “An Automated Quality Control Pipeline for eQTL Analysis with RNA-Seq Data,” in 2019 IEEE International Conference on Bioinformatics and Biomedicine (BIBM), 1780–1786. doi:10.1109/bibm47256.2019.8983006
 Westra, H.-J., Peters, M. J., Esko, T., Yaghootkar, H., Schurmann, C., Kettunen, J., et al. (2013). Systematic Identification of Trans eQTLs as Putative Drivers of Known Disease Associations. Nat. Genet. 45, 1238–1243. doi:10.1038/ng.2756
 Wu, Z., Pan, S., Chen, F., Long, G., Zhang, C., and Yu, P. S. (2020). A Comprehensive Survey on Graph Neural Networks. IEEE Trans. Neural Networks Learn. Syst. 32, 4–24.
 Xu, J., and Li, Y. (2006). Discovering Disease-Genes by Topological Features in Human Protein-Protein Interaction Network. Bioinformatics 22, 2800–2805. doi:10.1093/bioinformatics/btl467
 Yang, P., Li, X., Wu, M., Kwoh, C.-K., and Ng, S.-K. (2011). Inferring Gene-Phenotype Associations via Global Protein Complex Network Propagation. PLoS One 6, e21502. doi:10.1371/journal.pone.0021502
 Yang, W., Han, J., Ma, J., Feng, Y., Hou, Q., Wang, Z., et al. (2019). Prediction of Key Gene Function in Spinal Muscular Atrophy Using Guilt by Association Method Based on Network and Gene Ontology. Exp. Ther. Med. 17, 2561–2566. doi:10.3892/etm.2019.7216
 Zeng, X., Ding, N., Rodríguez-Patón, A., and Zou, Q. (2017). Probability-based Collaborative Filtering Model for Predicting Gene-Disease Associations. BMC Med. Genomics 10, 76–53. doi:10.1186/s12920-017-0313-y
 Zhou, Z., Zeng, C., Nie, L., Huang, S., Guo, C., Xiao, D., et al. (2017). The Effects of TLR3, TRIF and TRAF3 SNPs and Interactions with Environmental Factors on Type 2 Diabetes Mellitus and Vascular Complications in a Han Chinese Population. Gene 626, 41–47. doi:10.1016/j.gene.2017.05.011
 Zhu, Z., Zhang, F., Hu, H., Bakshi, A., Robinson, M. R., and Powell, J. E. (2016). Analysis Integration of Summary Data from GWAS and eQTL Studies Predicts Complex Trait Gene Targets. Nat. Genet. 48, 481–487. doi:10.1038/ng.3538
 Zhu, Z., Zhang, F., Hu, H., Bakshi, A., Robinson, M. R., Powell, J. E., et al. (2016). Integration of Summary Data from GWAS and eQTL Studies Predicts Complex Trait Gene Targets. Nat. Genet. 48, 481–487. doi:10.1038/ng.3538
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 Du, Lin, Yuan, Chen, Liu and Yan. 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/math_2.gif
(2)





OPS/xhtml/nav.xhtml
Contents

		Cover

		Graph Embedding Based Novel Gene Discovery Associated With Diabetes Mellitus		Introduction

		Methodology		Extract Features From PPI Network Based on Graph Embedding

		Feature Regeneration and Reduction Using Stacked Autoencoder

		Machine Learning Classifiers Used for Disease Gene Prediction

		Metrics for Evaluating Prediction Performance





		Results and Discussion		Datasets

		Network Representation Learning Using DeepWalk, LINE, and Node2vec

		Feature Dimension Affects Prediction Performance

		Exploring the Effect of Hyper-Parameters in Node2vec and Different Classifiers

		Top Genes Predicted to Be Associated With Diabetes Mellitus

		Functional Enrichment Analysis of the Predicted Genes





		Conclusion

		Data Availability Statement

		Author Contributions

		Publisher’s Note

		Acknowledgments

		References









OPS/images/math_1.gif
ply=1k)=

-
1+ (Ve8]

)





OPS/images/math_4.gif
@






OPS/images/math_3.gif
precision =

TP + FP ®)





OPS/images/inline_4.gif
(X, ), (X2, 92), . 5 (X Yt






OPS/images/inline_3.gif









OPS/images/crossmark.jpg
©

|





OPS/images/logo.jpg
’ frontiers
1N Genetics





OPS/images/fgene-12-779186-g005.gif





OPS/images/fgene-12-779186-g006.gif
Mepatc encephalopathy
[ ————

Scaoss offoges phsan

g oy epphyses
Poseror vt

ey neosom

st

i sbtaton

e syl dssasa

g 8 sl panway
Tl rceptor sgnaling gty
f—

ara

P immunodefcency s 1 necton
[

Heoatis .

OO st sgnsing patnesy

reuiaton oanse none esponse
posoveruitonof dufens espnse
reulatonof O binding transcrgion fctr sty
L —
postue tegustion of ctokine ot

ke metablc pocess
[ —

e iterern producton

response o e ets

s acthted proten kiase signasng coscade

S





OPS/images/fgene-12-779186-g003.gif





OPS/images/fgene-12-779186-g004.gif





OPS/images/inline_2.gif





OPS/images/fgene-12-779186-t001.jpg
Gene id

331
7098
55905
8915
3654
3659
84270
64320
340061
59307
9451
5608
51135
220885
9344

Gene name

BIRC4
TLR3
ZNF313
BCL10
IRAK1
IRF1
CARD19
RNF25
TMEM173
SIGIRR
EIF2AK3
MAP2K6
IRAK4
RPSAP15
TAOK2

Gene description

X-linked inhibitor of apoptosis

ol like receptor 3

Ring finger protein 114

BCL10 immune signaling adaptor

Interleukin 1 receptor associated kinase 1

Interferon regulatory factor 1

Caspase recruitment domain family member 19

Ring finger protein 25

Stimulator of interferon response CGAMP interactor 1
Single ig and TIR domain containing

Eukaryotic translation initiation factor 2 alpha kinase 3
Mitogen-activated protein kinase 6

Interleukin 1 receptor associated kinase 4

Ribosomal protein SA pseudogene 15

TAO kinase 2

Score

0.78
0.77
0.76
0.76
0.75
0.75
0.75
0.75
0.74
0.74
0.74
0.73
0.73
0.73
0.73





OPS/images/inline_1.gif





OPS/images/cover.jpg
‘ frontiers
in Genetics

Graph Embedding Based Novel
Gene Discovery Associated With
Diabetes Mellitus





OPS/images/fgene-12-779186-g001.gif
o £ rvrenrd i
fore s i redcion e sy

[ ]| [

e

] (] e

e[| “Csiies [ oy
S

i






OPS/images/fgene-12-779186-g002.gif





OPS/images/math_6.gif
- ©
FPR= ——— ()





OPS/images/math_5.gif
TPR 6

= TP FN





OPS/images/math_8.gif
Zu,, XD (it yim) ®





OPS/images/math_7.gif
2 * precision * recall

F1
Drecision + recall

@





