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A B S T R A C T   

Background: Current treatments for primary Sjögren’s Syndrome (pSS) are with limited effect, 
partially due to the heterogeneity and uncleared mechanism. 
Methods: We got GSE40568 (Japan) and GSE40611 (USA), and analyzed them with WGCNA to 
find key Differentially expressed genes (DEGs) between pSS and healthy salivary glands (SG). Key 
pSS genes (KPGs) were further selected through 3 machine-learning methods. The expression of 
KPGs was validated via two other GEO datasets (GSE127952 and GSE154926). Infiltrated im
mune cells, ceRNA network, and potential compounds were explored. 
Results: Our study identified 376 DEGs from the pSS patients, with 186 genes located in the 
“plum2" module, showing the strongest correlation with clinical characteristics. SAMD9 and 
IFIT3 emerged as KPGs with excellent diagnostic potential. SAMD9 demonstrated close associa
tion with immune cell infiltration. We constructed a lncRNA-miRNA-mRNA network comprising 2 
KPGs, 12 miRNAs, 124 lncRNAs, and potential therapeutic targets. 
Conclusion: In the investigation of pSS public datasets, our study revealed two potential critical 
mediators in the pathological process of pSS salivary glands, namely SAMD9 and IFIT3. 
Furthermore, we put forth a hypothesis regarding the ceRNA network and made predictions 
regarding potential therapeutic drugs targeting these two genes.   

1. Introduction 

Primary Sjögren’s syndrome (pSS), affects approximately 0.1 % of the general population [1], is a chronic autoimmune disease 
characterized by infiltration of lymphocytes in the lacrimal and salivary glands (SGs), and inflammation, leading to dryness in the eyes 
and mouth [2,3]. Current treatment aim to alleviate symptoms, prevent complications, and enhance the quality of life, but with limited 
effect [4]. 

Significant attention has been devoted to exploring the mechanism, diagnostic biomarkers, and therapeutic strategies associated 
with this condition. However, despite these extensive efforts, the precise pathogenesis of the disease remains incompletely understood. 
At present, more research is needed to address the key pathways and biomarkers [5]. 

Utilizing an integrative bioinformatic approach, which involves the analysis of publicly available high-throughput omics data and 
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drug databases, enables the effective identification of novel molecular mechanisms and potential targets for drug development. We 
employed a machine learning-based integrative bioinformatic analysis on publicly accessible GEO datasets, with the objective of 
identifying key genes associated with pSS. 

2. Materials and methods 

2.1. Data acquisition and integration 

The GEO database (https://www.ncbi.nlm.nih.gov/geo/) was used to determine the messenger RNA (mRNA) expression level in 
the colon tissue of pSS patients [6]. The SGs gene expression data of pSS patients, GSE40568 (Japan) [7] and GSE40611 (USA) [8] were 
obtained from the GEO database. There were 17 pSS and 18 healthy controls in the GSE40611 dataset, while 5 pSS and 3 healthy 
control individuals were included in the GSE40568 dataset, summarized in Table 1. The GSE127952 dataset (pSS: n = 8, Control: n = 6; 
Brazil) and the GSE154926 (pSS: n = 43, Control: n = 7; USA) were used as validation datasets. The “sva” R package was utilized for 
batch effect correction [9]. 

2.2. Exploration of the key genes for pSS 

Differential gene analysis (DEGs) between the samples pSS patient and control individuals was carried out by using the “limma” 
package [10], with an adjusted P value < 0.05 and a |log2 fold change| > 1 as the criteria for detecting DEGs in the dataset comparing 
diseased and control samples. Genes with logFC >1 and adjusted P-value <0.05 were considered up-regulated genes, indicating 
increased expression. Genes with logFC < − 1 and adjusted P-value <0.05 were considered down-regulated genes, indicating a 
decrease in expression. The results of the differential analysis will be used for subsequent analysis. 

WGCNA may reveal disease-related gene networks and co-expressed gene modules with important biological implications [11]. 
Weighted Gene Co-Expression Network Analysis (WGCNA) was adopted to find gene modules correlated to clinical characters. During 
the process of transforming the weighted adjacency matrix into the topological overlap matrix, the nodes of the matrix were organized 
into a cluster tree using a hierarchical clustering approach [12]. The dissimilarity threshold for merging modules is 0.3 and the 
minimum module size was 30. 

Finally, we used “VennDiagram” to look for overlap between core module genes and DEGs [13]. DEGs located in the gene modules 
which has the highest correlation with clinical characters were set as key DEGs (KDEGs), and utilized for function enrichment, 
including the Kyoto Encyclopedia of Genes and Genomes (KEGG) analysis and the Gene ontology (GO) analysis. GO [14] enrichment is 
a commonly used method for large-scale functional enrichment studies which includes biological processes (BP), molecular functions 
(MF), and cellular components (CC). The KEGG [15] is a widely used database that stores information related to genomes, biological 
pathways, diseases, drugs, and more. We used the R package "clusterProfiler" [16] to perform GO annotation analysis on differentially 
expressed genes (DEGs). The criteria for selecting entries were P.adj <0.05 and a false discovery rate (FDR) value (q-value) < 0.05, 
which were considered statistically significant. The Benjamini-Hochberg (BH) method was used for P-value correction. 

Machine learning, especially cluster and pattern recognition algorithms are now frequently used in science to analyze complex data 
sets [17], has significantly improved the predictive and accuracy value of key genes identified based on microarrays and 
next-generation sequencing data [18]. The least absolute shrinkage and selection operator (LASSO) regression and support vector 
machine-recursive feature elimination (SVM-RFE) algorithm are the most widely used machine learning methods to identify key genes 
[19]. The Lasso regression builds upon linear regression by adding a penalty term (lambda times the absolute value of the coefficients) 
to reduce overfitting and improve the model’s generalization ability [20]. The SVM-RFE acts as an effective feature selection technique 
that finds the best variables by deleting the feature vector generated by SVM [21]. The RF modeling has been successfully applied to 
identify diseases in serum samples and to follow physiological processes in cells since its development by Breiman and became a 
well-established supervised machine learning technique that is known to perform well for medium to large size data sets while having 
only minimal requirements on data type and feature correlation [22]. However, few studies have combined LASSO, RF, and SVM-RFE 
to identify the key genes expressed in salivary glands of pSS. We conducted three machine-learning analyses to select Key pSS genes 
(KPGs) from the key DEGs. 

2.3. Function analysis of the KPGs 

The expression of KPGs was examined and graphed in both patients and healthy individuals by boxplots made with the “ggplot2” R 

Table 1 
A Summary of GEO datasets.  

Dataset Type GEO Number Platform pSS Samples Control Samples Country  

Testing sets GSE40568 GPL570 5 3 Japan 2014  
GSE40611 GPL570 17 18 USA 2012 

Validation sets GSE127952 GPL20995 8 6 Brazil 2019  
GSE154926 GPL18573 43 7 USA 2021 

pSS: primary Sjögren’s syndrome. 
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package. The precision of each KPG was evaluated using receiver operating characteristic (ROC) curves by the “pROC” software [23], 
with an area under the curve (AUC) greater than 0.70 indicating potential diagnostic benefits for the disease. 

Genes that potentially interacted with the KPGs were predicted using the GeneMANIA and annotated through GO and KEGG 
enrichment analysis. GeneMANIA is a remarkable database designed to construct protein-protein interaction networks. It can be 
accessed at http://www.genemania.org. This database provides a visual representation of the functional connections between genes, 
encouraging further exploration into their roles and functions. The website offers a diverse range of bioinformatics research methods, 
such as analyzing physical interactions, gene enrichment, gene co-location, gene co-expression, and website prediction [24]. 

The investigation of the immunological microenvironment, which is made up of many different components, such as mesenchymal 
tissues, inflammatory cells, immune cells, fibroblasts, and a wide variety of cytokines and chemokines, is essential for understanding 
immune reactions and disease mechanisms. The CIBERSORT methodology was utilized to determine the percentages of 22 different 
kinds of immune cells in the salivary glands samples [25]. Additionally, spearman correlation testing was performed on invading 
immune cells and KPGs using the “corrplot” program. 

A ceRNA-based Cytoscape regulatory network [26] for the KPGs was constructed based on Starbase (https://starbase.sysu.edu.cn/ 
starbase2/index.php), miRTarBase (https://mirtarbase.cuhk.edu.cn/), and TargetScan (http://www.targetscan.org/vert_72/) data
bases [27,28,29]. In the ceRNA network, we used MicroRNAs (miRNAs), the ceRNA control protein translation by binding the target 

Fig. 1. Study flow chart for this work.  
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mRNA’s 3′ untranslated region [30], to link target mRNAs to their respective long non-coding RNAs (lncRNAs). Additional usage of 
Starbase for stringent prediction of miRNA-lncRNA interactions [29]. Potential drugs and chemical compounds targeting the KPGs 
were explored using the DSigDB database (http://tanlab.ucdenver.edu/DSigDB) [31], with a false discovery rate of 0.05 and a 
composite score of more than 3000 being selected as criteria. Finally, the expression of KPGs was validated in two other GEO datasets. 

2.4. Statistics 

Data was analyzed with R software and Prism (GraphPad Software, La Jolla, CA). Statistical significance was checked by t-test and 
Kruskal–Wallis test. Ns, no significance; *P < 0.05; **P < 0.01; ***P < 0.001; ****P < 0.0001. 

3. Results 

Fig. 1 depicts the study workflow. The batch effect between the two test datasets, GSE40568 (Japan) [7] and GSE40611, was 
corrected by the “sva” package (Fig. S1). A total of 376 DEGs were identified between the patients with pSS and the healthy controls 
(Fig. 2A and B). The module plum2, consisting of 291 genes (Figure S2 A-E), exhibited the strongest correlation with clinical char
acteristics both in pSS group and healthy control group (cor = 0.47, P = 2.1e-17, Fig. 2 C, and Figure S2 F-G). Among these 291 genes, 
186 were also found to be DEGs between pSS patients and control individuals, leading them to be classified as KDEGs (Fig. 3 A). The 
function of these KDEGs has primarily associated with immune regulation such as the biological processes of antigen 
receptor-mediated signaling pathway, leukocyte-mediated immunity, and mononuclear cell differentiation, the immune receptor 
activity, and the chemokine signaling pathway (Fig. 3B and C). Through the three machine-learning analyses, namely LASSO 
regression (Fig. 3D and E), SVM-RFE (Fig. 3 F), and RF (Fig. 3G and H), two KPGs, IFIT3 and SAMD9 (Fig. 3D–I), were consistently 
identified in the top 10 most important genes. 

Both IFIT3 and SAMD9 exhibited significant upregulation in pSS patients compared to healthy controls (Fig. 4A and B). 
Furthermore, ROC analysis demonstrated that they could serve as markers for pSS, as indicated by the AUC values (IFIT3: AUC =
0.959, 95% confidence interval [CI]: 0.874–1.000; SAMD9: AUC = 0.955, 95% CI: 0.879–1.000) (Fig. 4C and D). 

The proportion of M1 macrophages, γδ T cells, activated CD4 memory T cells, naïve B cells, and resting dendritic cells was higher in 

Fig. 2. DEGs between pSS patients and healthy control individuals. Volcano plot (A) and heatmap (B) of DEGs; (C) Module-trait relationships 
in pSS. 
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pSS samples, and the proportion of activated NK cells, CD8 T cells, resting NK cells, and activated mast cells were lower in pSS samples, 
even though there was no statistical significance (Fig. 4E and F). Both the IFIT3 and SAMD9 demonstrated closed associations with 
immune cell infiltrations (Fig. 4 G). In detail, SAMD9 was positively correlated with M1 macrophages, γδ T cells, and naïve CD4 T cells, 
negatively correlated with monocytes, resting dendritic cells, activated mast cells, and resting NK cells, while IFIT3 was positively 
correlated with M1 and M0 macrophages, and negatively correlated with activated mast cells, resting NK cells, monocytes, and resting 
dendritic cells. 

The expression of the two KPGs (IFIT3 and SAMD9) showed an increasing trend, which was validated in the GSE127952 dataset 
(pSS: n = 8, Control: n = 6; Brazil) and the GSE154926 dataset (pSS: n = 43, Control: n = 7; USA), although only SAMD9 expression in 
the GSE127952 dataset was upregulated significantly in pSS patients (P = 0.00056, Fig. 4H and I). 

Among the 20 genes found to interact with these two KPGs (IFIT3 and SAMD9), the top three genes were IFIT1, IFIT2, and IRF9, 
according to the GeneMANIA database (Fig. 5 A). Functional analysis revealed that these genes play a role in viral responses, ade
nylyltransferase activity, and virus-related diseases (Fig. 5B and C). The ceRNA network analysis identified 12 miRNAs and 124 
lncRNAs (Fig. S3). The top 10 compounds predicted by DSigDB are presented in Table 2, and see the whole compound list in Sup
plementary files below. 

4. Discussion 

Primary Sjögren’s syndrome (pSS) is a heterogeneous disease characterized by a wide range of manifestations that vary across 
different stages of the disease and among different patient subsets [5]. Several hypotheses have been proposed to explain the path
ogenesis of pSS, including disruptions in both innate and adaptive immunity, as well as abnormalities at the interface between immune 
disorders and the neuroendocrine system, leading to dysfunction of lacrimal and secretory glands [32]. Genome-wide association 
studies (GWAS) have revealed that HLA genes show the strongest association signal with pSS, while epigenetic mechanisms such as 

Fig. 3. Exploration of KPGs via machine-learning method. (A) Venn diagram of KDEGs; (B) Enriched GO terms of KDEGs; (C) Enriched KEGG 
pathways of KDEGs; Lasso regression (D–E), SVM-RF (F), and random forest analysis (G–H) revealed 2 KPGs in venn diagram (I). KEGG, Kyoto 
Encyclopedia of Genes and Genomes; GO, Gene Ontology; MF, molecular function; BP, biological process; CC, cellular component; KDEGs, key 
DEGs; KPGs, Key pSS genes; SVM-RFE, Support Vector Machine Recursive Feature Elimination. 
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histone modifications, DNA methylation, and non-coding RNAs also contribute to the disease [33]. Additionally, ICOS, 
monocyte-related inflammation, and B cell-related genes have been identified as potentially important factors in pSS [34,35,36,37]. 

In our study, WGCNA results from DEGs between pSS patients and healthy controls revealed genes associated with immune 
regulation, which is not surprized. However, through three machine-learning analyses (LASSO regression, RF, and SVM-RFE), IFIT3 
and SAMD9 were consistently identified as KPGs with strong power for pSS diagnosis, and further validated by two other GEO datasets 
from different countries, thus reliability to our findings. IFIT3 has been reported to have important roles in pSS. Type I IFN (IFN–I) 
activation is a prominent feature of pSS [38]. IFIT3, an IFN-I-stimulated genes, has been found to be common pathogenesis diagnostic 

Fig. 4. KPGs expression and prodiction power. IFIT3 (A) and SAMD9 (B) was upregulated in pSS patients; ROC curve of IFIT3 (C) and SAMD9 (D) 
revealed strong predicting values for pSS; (E) propotion of immune cells in salivary glands (SGs); (F) grouped propotion of immune cells in SGs; (G) 
KPGs expression in various immune cells; (H) KPGs expression in GSE127952 dataset (pSS: n = 8, HC (health control): n = 6; Brazil); (I) KPGs 
expression in GSE154926 dataset (pSS: n = 43, HC (health control): n = 7; USA). AUC, area under the curve; ROC, receiver operating characteristic. 
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Fig. 5. Gens interacted with KPGs. Genes that potentially interacted with the KPGs (SAMD9 & IFIT3) were predicted using the GeneMANIA (A) 
and annotated through GO (B) and KEGG (C) enrichment analysis. KEGG, Kyoto Encyclopedia of Genes and Genomes; GO, Gene Ontology; MF, 
molecular function; BP, biological process; CC, cellular component. 

Table 2 
The Top 10 Compounds predicted by DSigDB.  

Compounds P value Adjusted 
P value 

Combined Score 

prenylamine HL60 UP 3.51E-06 2.21E-04 501385.4037 
suloctidil HL60 UP 4.94E-05 0.00155453 393866.3146 
naftopidil HL60 DOWN 0.002198806 0.024652725 5821.7173 
hmba CTD 00000732 0.002598331 0.024652725 4755.879686 
atovaquone MCF7 UP 0.002997776 0.024652725 4000.606286 
chlorophyllin CTD 00000324 0.002997776 0.024652725 4000.606286 
Gadodiamide hydrate CTD 00002623 0.004295424 0.024652725 2589.626019 
DICHLOROMETHANE CTD 00006313 0.004894053 0.024652725 2211.014619 
clioquinol PC3 UP 0.004894053 0.024652725 2211.014619 
ETHYLBENZENE CTD 00000178 0.004993807 0.024652725 2157.56848  
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markers for COVID-19 and pSS [39]. The pSS serum had an enhanced capability of inducing IFIT3 in monocytic cell line [40], while 
IFIT3 in PBMCs of pSS patients can be inhibited by the BX795, an inhibitor of the IFN-I prmote gene TBK1 [41]. Khuder et al. also 
proclaimed that IFIT3 in SGs could represent a promising diagnostic biomarker for pSS [42]. 

A series of miRNAs and lncRNAs were found to interact with the KPGs (IFIT3 and SAMD9) in our study. Among these non-coding 
RNAs, miR-137 was reported to downregulated in tear sample of pSS patients [43], miR-300 was reported to upregulated in pSS 
patients’ monocytes [44], miR-21-5p was found to mediate immunomodulation effect of extracellular vesicles derived from mesen
chymal stromal cell for Sjögren’s Syndrome model of mice [45]. These published articles further validated results of our study. 

The pSS is an autoimmune disease characterized by lymphocytic infiltration and destruction of SGs [42]. Hongxiao Gong et al. 
found that in the SG tissues of pSS patients and mice model, the proportion of macrophages was increased, while the proportion of 
monocytes was decreased [46]. The distribution of immune cells in SGs presented with same trends in our results but with no statistical 
significance maybe due to the small sample. On the other hand, the upregulated KPGs in pSS tissue thus presented a positive corre
lation with macrophages and a negative correlation with monocytes, again validating the trend of immune cell proportion change. 

We found the relationship between IFIT3 and SAMD9, which may involved in cell proliferation and apoptosis, and, also a series of 
miRNAs and lncRNAs, further explored potential drugs and compounds targeting the KPGs (IFIT3 and SAMD9). Nevertheless, our 
study has some limitations. First, the diagnostic efficacy of the KPGs should be validated using large-scale datasets, prospective trials, 
and controlled in vitro/vivo experiments, which would be undertaken in the future. Second, the immune infiltration analysis results 
contrasted with the existing theory and previous studies, suggesting the heterogeneous nature of pSS across various disease stages and 
patient subsets. So next generation RNA sequence method based on large scale patients population were neeeded for explicit 
mechansims of pSS among different disease stages and patient subsets. 

5. Conclusion 

In conclusion, our study identified two genes, SAMD9 and IFIT3, as the poential critical mediators in the pathological process of pSS 
salivary glands. We also predicted a ceRNA network that could be the upstream and downstream nodes for the mechanisms of SAMD9 
and IFIT3 mediated pSS progress. Given the possible drug target role of these two genes, potential drugs and chemical compounds were 
also explored. 
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pathogenesis in salivary glands identifies shared pathways in human and a mouse model, Arthritis Res. Ther. 14 (6) (2012) R238, https://doi.org/10.1186/ 
ar4081. 

[9] J.T. Leek, W.E. Johnson, H.S. Parker, A.E. Jaffe, J.D. Storey, The sva package for removing batch effects and other unwanted variation in high-throughput 
experiments, Bioinformatics 28 (6) (2012) 882–883, https://doi.org/10.1093/bioinformatics/bts034. 

[10] M.E. Ritchie, B. Phipson, D. Wu, Y. Hu, C.W. Law, W. Shi, G.K. Smyth, Limma powers differential expression analyses for RNA-sequencing and microarray 
studies, Nucleic Acids Res. 43 (7) (2015) e47, https://doi.org/10.1093/nar/gkv007. 

[11] P. Langfelder, S. Horvath, WGCNA: an R package for weighted correlation network analysis, BMC Bioinf. 9 (2008) 559, https://doi.org/10.1186/1471-2105-9- 
559. 

[12] L. Song, P. Langfelder, S. Horvath, Comparison of co-expression measures: mutual information, correlation, and model based indices, BMC Bioinf. 13 (2012) 
328, https://doi.org/10.1186/1471-2105-13-328. 

[13] H. Chen, P.C. Boutros, VennDiagram: a package for the generation of highly-customizable Venn and Euler diagrams in R, BMC Bioinf. 12 (2011) 35, https://doi. 
org/10.1186/1471-2105-12-35. 

[14] Y. Guangchuang, Gene ontology Semantic similarity analysis using GOSemSim, Methods Mol. Biol. (2020) 2117, https://doi.org/10.1007/978-1-0716-0301-7_ 
11. 

[15] K. M, G. S, KEGG: kyoto encyclopedia of genes and genomes, Nucleic Acids Res. 28 (1) (2000), https://doi.org/10.1093/nar/28.1.27. 
[16] W.L. Yu G, Y. Han, Q.Y. He, clusterProfiler: an R package for comparing biological themes among gene clusters, OMICS 16 (5) (2012 May) 284–287. 
[17] S. Moon, S. Chatterjee, P.H. Seeberger, K. Gilmore, Predicting glycosylation stereoselectivity using machine learning, Chem. Sci. 12 (8) (2020) 2931–2939, 

https://doi.org/10.1039/d0sc06222g. 
[18] R. Chen, X. Liu, S. Jin, J. Lin, J. Liu, Machine learning for drug-target interaction prediction, Molecules 23 (9) (2018), https://doi.org/10.3390/ 

molecules23092208. 
[19] S. Wei, J. Lu, J. Lou, C. Shi, S. Mo, Y. Shao, J. Ni, et al., Gastric cancer tumor microenvironment characterization reveals stromal-related gene signatures 

associated with macrophage infiltration, Front. Genet. 11 (2020) 663, https://doi.org/10.3389/fgene.2020.00663. 
[20] J. Gao, P.W. Kwan, D. Shi, Sparse kernel learning with LASSO and Bayesian inference algorithm, Neural Network. 23 (2) (2010) 257–264, https://doi.org/ 

10.1016/j.neunet.2009.07.001. 
[21] Q. Wang, X. Liu, Screening of feature genes in distinguishing different types of breast cancer using support vector machine, OncoTargets Ther. 8 (2015) 

2311–2317, https://doi.org/10.2147/ott.S85271. 
[22] J. Riedel, M. Lettow, M. Grabarics, M. Götze, R.L. Miller, G.J. Boons, G. Meijer, et al., Predicting structural motifs of glycosaminoglycans using cryogenic 

infrared spectroscopy and random forest, J. Am. Chem. Soc. 145 (14) (2023) 7859–7868, https://doi.org/10.1021/jacs.2c12762. 
[23] X. Robin, N. Turck, A. Hainard, N. Tiberti, F. Lisacek, J.C. Sanchez, M. Müller, pROC: an open-source package for R and S+ to analyze and compare ROC curves, 

BMC Bioinf. 12 (2011) 77, https://doi.org/10.1186/1471-2105-12-77. 
[24] D. Warde-Farley, S.L. Donaldson, O. Comes, K. Zuberi, R. Badrawi, P. Chao, M. Franz, et al., The GeneMANIA prediction server: biological network integration 

for gene prioritization and predicting gene function, Nucleic Acids Res. 38 (Web Server issue) (2010) W214–W220, https://doi.org/10.1093/nar/gkq537. 
[25] A.M. Newman, C.L. Liu, M.R. Green, A.J. Gentles, W. Feng, Y. Xu, C.D. Hoang, et al., Robust enumeration of cell subsets from tissue expression profiles, Nat. 

Methods 12 (5) (2015) 453–457, https://doi.org/10.1038/nmeth.3337. 
[26] P. Shannon, A. Markiel, O. Ozier, N.S. Baliga, J.T. Wang, D. Ramage, N. Amin, et al., Cytoscape: a software environment for integrated models of biomolecular 

interaction networks, Genome Res. 13 (11) (2003) 2498–2504, https://doi.org/10.1101/gr.1239303. 
[27] V. Agarwal, G.W. Bell, J.W. Nam, D.P. Bartel, Predicting effective microRNA target sites in mammalian mRNAs, Elife 4 (2015), https://doi.org/10.7554/ 

eLife.05005. 
[28] H.Y. Huang, Y.C. Lin, J. Li, K.Y. Huang, S. Shrestha, H.C. Hong, Y. Tang, et al., miRTarBase 2020: updates to the experimentally validated microRNA-target 

interaction database, Nucleic Acids Res. 48 (D1) (2020) D148–d154, https://doi.org/10.1093/nar/gkz896. 
[29] J.H. Li, S. Liu, H. Zhou, L.H. Qu, J.H. Yang, starBase v2.0: decoding miRNA-ceRNA, miRNA-ncRNA and protein-RNA interaction networks from large-scale CLIP- 

Seq data, Nucleic Acids Res. 42 (Database issue) (2014) D92–D97, https://doi.org/10.1093/nar/gkt1248. 
[30] L. He, G.J. Hannon, MicroRNAs: small RNAs with a big role in gene regulation, Nat. Rev. Genet. 5 (7) (2004) 522–531, https://doi.org/10.1038/nrg1379. 
[31] M. Yoo, J. Shin, J. Kim, K.A. Ryall, K. Lee, S. Lee, M. Jeon, et al., DSigDB: drug signatures database for gene set analysis, Bioinformatics 31 (18) (2015) 

3069–3071, https://doi.org/10.1093/bioinformatics/btv313. 
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