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Cancer, which refers to abnormal cell proliferative diseases with systematic pathogenic potential, is one of the leading threats to human health. The final causes for patients’ deaths are usually cancer recurrence, metastasis, and drug resistance against continuing therapy. Epithelial-to-mesenchymal transition (EMT), which is the transformation of tumor cells (TCs), is a prerequisite for pathogenic cancer recurrence, metastasis, and drug resistance. Conventional biomarkers can only define and recognize large tissues with obvious EMT markers but cannot accurately monitor detailed EMT processes. In this study, a systematic workflow was established integrating effective feature selection, multiple machine learning models [Random forest (RF), Support vector machine (SVM)], rule learning, and functional enrichment analyses to find new biomarkers and their functional implications for distinguishing single-cell isolated TCs with unique epithelial or mesenchymal markers using public single-cell expression profiling. Our discovered signatures may provide an effective and precise transcriptomic reference to monitor EMT progression at the single-cell level and contribute to the exploration of detailed tumorigenesis mechanisms during EMT.
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INTRODUCTION

Cancer, which refers to abnormal cell proliferative diseases with systematic pathogenic potentials, is one of the leading threats to human health in the 21st century (McGuire, 2016). According to the statistics provided by the World Health Organization (WHO) and the Cancer Research United Kingdom organization, approximately 10 million people around the world died due to cancer in 2018, and 17 million people were diagnosed with cancer (McGuire, 2016). More than 20% (approximately four million) of these patients are diagnosed in China (McGuire, 2016; Yao et al., 2017). More than 10,000 people are diagnosed with cancer every day, implying the serious harm of cancer worldwide, especially in China.

Although cancer has been widely regarded as a deadly disease, patients with only primary sites can survive for a long time under tumor-burdening conditions (Barbaric et al., 2010; Huang et al., 2017; DeTroye et al., 2018). The final causes of patient death are usually cancer recurrence, metastasis, and drug resistance against continuing therapy (Fidler, 2003). Under these circumstances, the rate of tumor progression could be accelerated dramatically due to systematic pathogenic influences; no drugs can be used to control such malignant proliferative disease, which may lead to death. Epithelial-to-mesenchymal transition (EMT), which is the major transformation of tumor cells (TCs), is the prerequisite for pathogenic cancer recurrence, metastasis, and drug resistance; and EMT is one of the most significant cancer behaviors during pathogenesis (Rokavec et al., 2014; Chaffer et al., 2016; Shibue and Weinberg, 2017).

Early in the 1980s, EMT was recognized and confirmed to be a typical biological cellular transformation in embryogenesis but not in tumorigenesis (Kong et al., 2011; Das et al., 2019). EMT has been regarded as a specific biological progression for differentiation of multiple tissue subtypes, whose reverse progression is also known as mesenchymal-to-epithelial transformation (MET) (Das et al., 2019). In 2000, EMT was first confirmed to participate in cancer invasion and metastasis progression (Hanahan and Weinberg, 2000). EMT is one of the most substantially prerequisite for the formation of circulating TCs in the bloodstream, revealing the specific role of EMT during metastasis (Chaffer and Weinberg, 2011). In 2007, another independent study confirmed that EMT is involved in drug resistance against paclitaxel in ovarian carcinoma epithelial cell lines (Kajiyama et al., 2007), thereby validating the specific role of EMT during different stages of tumorigenesis. At present, EMT has been gradually confirmed to be a unique biological process that plays different functional roles during different tumorigeneses.

Epithelial-to-mesenchymal transition progression has been precisely regulated by various genes on different levels; scholars have attempted to identify the biomarkers of epithelial and mesenchymal TCs for a long time. According to recent publications, various biomarkers for monitoring EMT has already been identified including: cell-surface proteins: N-cadherin, cytoskeletal markers: FSP1 and α-SMA, extracellular matrix proteins: α1(I,III) collagens, transcription factors: Snail1 and Snail2, and nuclear markers: β-catenin. In 2015, researchers from Shanghai Jiao Tong University have confirmed that N-cadherin is a novel prognostic biomarker to monitor the EMT progression of colorectal cancer (Yan et al., 2015). Similarly, in 2018, another group of researchers from Nanjing, China further validated that N-cadherin may also be a biomarker for EMT in laryngeal squamous cell carcinoma (Zhu et al., 2018). Therefore, reported in multiple cancer subtypes, N-cadherin is definitely an effective biomarker for EMT monitoring. As for FSP1, early in 1997, researchers confirmed the specific role of FSP1 for triggering EMT at its early stage, implying FSP1 as an effective biomarker for EMT (Okada et al., 1997). As for α-SMA, in 2017, a systematic summary of EMT during pancreatic cancer tumorigenesis revealed the specific role of α-SMA for epithelial to mesenchymal transformations (Aiello et al., 2017). For the extracellular matrix proteins, collagens like α1(I,III) collagens have been reported to participate in the epithelial to mesenchymal transformations during renal fibrosis (Zeisberg et al., 2001) and squamous cell carcinoma (Scanlon et al., 2013). Transcription factors: Snail1 and Snail2 have also been reported to directly regulate E-cadherin related pathways, further participating in epithelial to mesenchymal transformation. Apart from that, nuclear markers, such as β-catenin (Gu et al., 2016), have also been systematically identified to be associated with EMT. Conventional studies focused on tumor EMT progression on the whole tissue level. However, tissues comprise various cell types, including epithelial and mesenchymal cells. Therefore, such biomarkers can only define and recognize large tissues with obvious EMT markers but cannot accurately monitor the detailed EMT processes. With the development of single-cell sequencing techniques, gene expression profiling at single-cell resolution can be easily obtained. A previous study (Kiemer et al., 2001) used a spontaneous cancer model to monitor EMT progression. YFP + Epcam+ TCs are defined as epithelial-like cells, and YFP+ Epcam- TCs are defined as mesenchymal-like cells. In this study, we performed single-cell RNA sequencing on these single cells and revealed their detailed expression profiling to construct an expression profiling atlas for EMT progression at the single-cell level.

In this study, using such public expression profiling data and our newly constructed computational methods, we firstly detected the typical expression patterns of epithelial and mesenchymal TCs. We then identified signatures that can distinguish two cell groups at the single-cell transcriptomic level. In contrast to previous studies focusing on tissue characteristics, we precisely identified new signatures for distinguishing single-cell isolated TCs with unique epithelial or mesenchymal markers. Therefore, our discovered gene signatures may provide an effective and precise transcriptomic reference to monitor EMT progression at the single-cell level. Results contribute to the exploration of detailed tumorigenesis mechanisms during EMT.



MATERIALS AND METHODS


Dataset

We obtained the mouse single-cell gene expression profiles of 71 epithelial YFP + Epcam + skin squamous cell carcinoma TCs and 312 mesenchymal-like YFP + Epcam − skin squamous cell carcinoma TCs from the study of Pastushenko et al. (2018) at https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE110357. Epithelial YFP + Epcam + TCs and mesenchymal-like YFP + Epcam − TCs represent different EMT states. Each TC was encoded with the expression levels of 49,585 genes. Expression differences may reveal the cascade mechanisms of tumor migration and invasion.



Feature Selection

Feature selection aims to obtain specific features (i.e., gene signatures) for distinguishing epithelial TCs from mesenchymal TCs by using single-cell data. In this study, we used Boruta feature selection and minimum redundancy maximum relevance (mRMR) method (Peng et al., 2005) to evaluate the importance of each feature. We then selected key features, which were fed into the incremental feature selection (IFS) (Zhang et al., 2016; Lei et al., 2018; Li and Huang, 2018; Zhang et al., 2018; Chen et al., 2019; Li et al., 2019; Pan et al., 2019) with supervised classifiers to identify the optimal gene signatures for screening different TCs.


Boruta Feature Selection

Boruta feature selection (Kursa and Rudnicki, 2010) is a wrapper method based on random forest (RF) for detection of all relevant features associated with target outputs. This method iteratively identifies relevant features by comparing the importance scores of real and shuffled features. Boruta first copies the training dataset and shuffles the values of individual features, in which the new dataset is called shuffled dataset. A RF classifier is trained on this shuffled dataset, and the importance score for each feature is calculated. Boruta evaluates the importance score of individual features in the original training dataset and keeps the real features with remarkably higher importance scores than shuffled features. After multiple iterations, Boruta finally selects all the relevant features, and these features are further analyzed by the mRMR method.



Minimum Redundancy and Maximum Relevance

To select a refined feature set with good classification effects, mRMR (Peng et al., 2005) tries to balance the relevance between feature and target and the redundancy between features.

Considering that the features can be highly correlated, the combination of individual good features does not increase the classifier performance, leading to the redundancy of features. The solution proposed by mRMR involves measurement of feature correlation and resolve the redundancy between features. mRMR can maximize the correlation between features and target variable (maximum relevance), while minimizing the correlation between features (minimum redundancy). Mutual information (MI) is utilized to evaluate the correlation between features or target variable, and it is defined as follows:
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where the marginal probabilistic density of x and y is defined as p(x) and p(y), and the joint probabilistic density of x and y is represented by p(x, y). Accordingly, a ranked feature list obeying the criteria of mRMR can be constructed. In detail, several selection rounds are performed. Each round selects a feature with maximum correlation to target variable and minimum correlation to already-selected features. The ranked feature list sorts features according to their selection orders.



Incremental Feature Selection

Incremental feature selection is a feature selection method with a supervised classifier to detect optimal features, which are used to accurately distinguish the class labels corresponding to different samples (Cai et al., 2012; Zhang et al., 2015; Zhou et al., 2016; Chen et al., 2017a,b). To perform IFS in the above mRNR-ranked feature list, we first created a series of feature subsets by iteratively adding top-ranked features into the candidate feature subsets and then testing all feature subsets by building their classifiers. The subset of features with the optimal classification performance was finally obtained.



Classification Learning


Support Vector Machine

Support vector machine (SVM) is a supervised learning algorithm based on statistical learning theory. It uses kernel techniques to map data from low-dimensional non-linear space to high-dimensional linear space, and then fits linear functions for new data in such high-dimensional space. The SVM infers the hyperplane with the largest margin between the two classes of samples. In this study, we used the sequence minimization optimization (SMO) algorithm to train the SVM, and the popular machine learning algorithm software, Weka, was employed for the classifier “SMO.”



Random Forest

Random forest is a supervised classifier constructed by a large number of decision trees, and it is mainly used to establish a classification prediction model and has been widely used in biological data (Pan et al., 2010). By summarizing votes from different decision trees, tree classifiers in the RF can determine their output categories, although each decision tree might have some differences from other decision trees. Considering the overfitting problem, the average prediction values of all decision trees are applied to avoid over-learning, which can reduce the prediction variance although it slightly increases the prediction bias.



Rule Learning

In this study, repeated incremental pruning to produce error reduction (RIPPER) was applied to produce classification rules for classifying samples from different TCs, where RIPPER can learn interpretable classification (e.g., IF-ELSE rules) for making prediction on new data.



SMOTE

As mentioned in section “Dataset,” the abundance of mesenchymal TCs is much more than the epithelial TCs by approximately 4.4 times. Results indicated that the dataset consisting of these cells was imbalanced. When building the classifier, we used the synthetic minority over-sampling technique (SMOTE) to tackle this problem. This method generates new samples and pours them into the minor class. In detail, one sample, say x, is randomly selected from the minor class, its Euclid distance to other samples in this class is calculated, and the k nearest neighbors are selected. Then, one neighbor, say y, is randomly selected. A new sample is produced by the linear combination of x and y. After generating a predefined number of samples, the size of minor class can be equal to that of major class. In this study, we used the tool “SMOTE” in Weka to generate new samples and poured them into the class of epithelial TC. Finally, the numbers of epithelial tumor and mesenchymal TCs are equal.



Performance Measurement

To estimate the performance measurement, we employed Matthew’s correlation coefficient (MCC), which is calculated by the discretization of binary variable. In the application of 10-fold cross-validation, the MCC formula used to evaluate the performance of the training model is as follows:
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where TP and FP represent the number of true-positive and false-positive predictions, respectively. TN represents the number of true-negative predictions, and FN represents the number of false-negative predictions.



Functional Enrichment Analyses

For systematically investigate the set of genes that separate epithelial and mesenchymal cell status, we performed functional enrichment analyses (gene ontology enrichment analyses and KEGG pathway enrichment analyses) for the optimal predicted genes (237 genes obtained by optimal feature selection) using DAVID website1. The threshold for Benjamini–Hochberg adjusted p-value (FDR) was set at 0.05.



RESULTS

In this study, we first used Boruta to select relevant features, resulting in 237 features, which are listed in Supplementary File 1. The 237 remaining features were used as input into the mRMR method to generate a ranked feature list (Supplementary File 1).

We then ran the IFS with SVM, RIPPER, and RF, respectively, on the generated candidate subset of features in terms of the feature list to determine the optimal features for classifying different TCs (Figure 1). As shown in Table 1 and Figure 2, SVM yielded the largest MCC value of 0.967. For RF, the largest MCC value obtained was 0.934. If we used IFS with RIPPER, we could obtain the largest MCC value of 0.942. Hence, SVM exhibits the best performance. However, SVM and RF are “black-box” methods. Although RIPPERT yields a slightly lower MCC than SVM, it can generate the interpretable classification rules. The performance corresponding to individual feature subsets by different classifiers is provided in Supplementary File 2.
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FIGURE 1. Flow chart of computational analysis. A systematic workflow integrating feature selection, machine learning models, and rule learning was applied to identify potential biomarkers for distinguishing single-cell isolated tumor cells (TCs). Optimal classifiers, genes and rules were identified based on the performance of different machine learning, rule learning models and the importance of features in each model.



TABLE 1. Performance of incremental feature selection (IFS) with support vector machine (SVM), random forest (RF), and repeated incremental pruning to produce error reduction (RIPPER) for classifying different tumor cells.
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FIGURE 2. Incremental feature selection (IFS) curve of different classifiers. For each curve corresponding to one method, two performance peaks are annotated to indicate the number of optimal features selected and the accuracy of their classification model.


As previously mentioned, although the classification rules generated by RIPPER provide lower performance than the two other classifiers, these rules can provide more interpretable information. By checking the trend of MCC yielded by the IFS with RIPPER, when the top eight features are used, the rules yielded by RIPPER can result in a satisfactory MCC of 0.908, which is only 3.4% lower than the best MCC of RIPPER. Thus, we used these eight features to generate rules by using RIPPER, thus obtaining three classification rules, which are listed in Table 2.


TABLE 2. Three classification rules learned by repeated incremental pruning to produce error reduction (RIPPER).

[image: Table 2]For functional enrichment analyses, we found multiple GO terms and KEGG pathways like GO:0007155 (cell adhesion), GO:0005576 (extracellular region), and ECM-receptor interaction (KEGG pathways). Complete results for functional enrichment analyses were shown in Tables 3–6.


TABLE 3. Gene ontology enrichment results, biological processes (BP).
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TABLE 4. Gene ontology enrichment results, cellular components (CC).
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TABLE 5. Gene ontology enrichment results, molecular functions (MF).
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TABLE 6. KEGG pathway enrichment results.
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DISCUSSION

As previously mentioned, by using our newly presented computational approaches, we screened out a group of effective genes and their expression rules that can distinguish epithelial and mesenchymal TCs at the single-cell transcriptomic level. Such optimal genes and rules have already been validated by recent publications, and their detailed analyses are summarized below.


Optimal Genes for EMT Cell Clustering

The first identified gene in our prediction list was Vim (ENSMUSG00000026728). It is a protein-coding gene that participates in cellular signaling transduction and cell proliferation (Pekny et al., 1999; Malanchi et al., 2011). For its specific role in distinguishing epithelial and mesenchymal cells, a specific study published in 2015 reported that the expression level of our predicted gene, Vim, is significantly upregulated after EMT processes (Fischer et al., 2015). Therefore, epithelial and mesenchymal TCs may have quite different expression levels of such gene, corresponding with our prediction. Moreover, this gene is a biomarker of EMT (Seton-Rogers, 2016; Wang et al., 2016), thereby validating its specific expression pattern in epithelial and mesenchymal cells.

Another predicted gene, namely, Bgn (ENSMUSG00000031375), is differentially expressed before and after EMT. This gene mainly participates in carbohydrate derivative binding and metabolisms (Bartlett and Park, 2010). During tumorigenesis, this gene participates in EMT both in human beings and mouse models (Summers et al., 2010; Anastassiou et al., 2011). In mouse models, during EMT, Bgn stimulates the synthesis of fibrillin-1 and participates in connective tissue regulation (Schaefer et al., 2004), thus remodeling the related microenvironment. Although no direct reports have confirmed that Bgn contribute to the remodeling of the tumor microenvironment and participate in EMT for tumorigenesis, various evidence of Bgn in multiple mouse disease models (Chen et al., 2000; Schaefer et al., 2004; Cheng et al., 2012; Sugg et al., 2014) have confirmed its different pathological significance. This finding indicates that Bgn has a distinctive expression pattern before and after EMT, thereby validating our prediction. As for the specific contribution of such gene at single cell level, according to a recent publication on Cancer Cell (Zhou et al., 2020), such gene has also been shown to participate in EMT during tumorigenesis of colorectal cancer at a single cell level.

Epcam (ENSMUSG00000045394) is the major distinctive marker for initial cell sorting. The identification of such gene in our optimal prediction list not only validated the efficacy of the original cell sorting processes but also confirmed the accuracy of our prediction. As a famous cell surface marker, Epcam participates in the regulation of cell differentiation, proliferation, and death (Munz et al., 2004, 2009). For the distinctive expression pattern of Epcam in epithelial and mesenchymal TCs, its protein product is the EPCAM cellular surface protein, which is one of the most classical molecular biomarkers for distinguishing epithelial and mesenchymal cells. Therefore, at the transcriptome level, such a gene definitely has different expression levels in epithelial and mesenchymal TCs (Thiery and Lim, 2013; Pastushenko et al., 2018; Pastushenko and Blanpain, 2019).

We also identified Serinc2 (ENSMUSG00000023232) as distinctive marker, which participates in lipid metabolism (Lee et al., 2008; Sanderson et al., 2010). This gene has alternative expression patterns during tumorigenic degeneration and EMT (Alibardi, 2019). This gene is also functionally connected to a famous regulator for EMT and TGF-beta (Kasai et al., 2005; Shen et al., 2015). Therefore, considering the specific role of TGF-beta during EMT (Kasai et al., 2005), the expression level of Serinc2 as the downstream of TGF-beta (Kasai et al., 2005) may be altered during EMT progression, validating the efficacy and accuracy of our prediction.

We also identified the Fgfr1 gene (ENSMUSG00000031565), which has different expression patterns in epithelial TCs compared with mesenchymal TCs. As a regulator for cell differentiation, proliferation, and adhesion, the Fgfr1 gene is one of the major regulatory genes for EMT in multiple cancer subtypes (Nguyen et al., 2013; Ware et al., 2013; Jiao et al., 2015). For its detailed expression alteration during EMT, regulated by microRNA-198, the upregulation of Fgfr1 and its ligand FgF1 may promote the EMT processes (Mori et al., 2015). Therefore, Fgfr1 may have quite different expression levels before and after EMT (Mori et al., 2015).

We also identified the Fxyd3 gene (ENSMUSG00000057092), which is functionally related to cell adhesion as a part of TGF-beta signaling pathway (Okudela et al., 2009; Widegren et al., 2009). This gene has different expression levels in breast cancer cells with different proliferative and differential potentials, validating the distinctive expression levels of Fxyd3 in different cancer cell subtypes (Xue et al., 2019). Moreover, some studies on TGF-beta signaling pathway confirmed that Fxyd3, as a negative TGF-beta signaling regulator, induces EMT (Yamamoto et al., 2011), indicating its potential distinctive expression levels before and after EMT.

We also identified the Fstl1 gene (ENSMUSG00000022816), which is a regulator of embryo development and cell differentiation (Geng et al., 2011; Xu et al., 2012). During the transformation of TCs from epithelial status to mesenchymal status, Fstl1 regulates the complexity of cellular junctions, thereby promoting EMT (Zuo et al., 2011). For the differential expression pattern of Fstl1 in epithelial and mesenchymal TCs, the expression level of this gene is positively related to the pathogenic results of EMT (Gu et al., 2018). Hence, Fstl1 may be upregulated in mesenchymal TCs. Apart from that, such gene has also been shown to be a single-cell level EMT biomarker. Although no other single cell level studies identified such gene as EMT biomarkers, such gene has been detected to be associated with EMT transformation based on breast cancer cells in vitro cultured from single-cell suspension, indicating that the EMT of some cells in breast cancer may be associated with this gene.

The last predicted gene in our optimal gene list is Tacstd2 (ENSMUSG00000051397). As a specific calcium signal transducer, this gene participates in cell differentiation (Eisenwort et al., 2011). Similar to Epcams, Tacstd2 is a typical biomarker for cells with epithelial phenotypes (Eisenwort et al., 2011). In addition, Tacstd2 is a typical marker for TCs with epithelial characteristics different from EMT-transformed mesenchymal TCs (Chen et al., 2013). Therefore, Tacstd2 can be screened as a specific signature to distinguish epithelial and mesenchymal cells, validating the efficacy and accuracy of our prediction. Specifically, such gene has been identified as a single cell level EMT biomarker in pancreatic cancer stem-like cells, which cannot be directly identified using bulk sequencing (Bao et al., 2014).



Optimal Rules for EMT Cell Clustering

Apart from the above qualitative analyses on optimal genes that may distinguish epithelial and mesenchymal TCs at the single-cell transcriptome level, we also identified a group of quantitative rules that may further accurately distinguish and interpret such two cell groups on the basis of the detailed cell clustering and establishment of related measurement standards. According to our prediction results, the top three rules can distinguish two groups of TCs with the best performance. Two rules can distinguish two clusters of mesenchymal TCs from epithelial TCs. The first rule we screened only involved Epcam (ENSMUSG00000045394). According to the rule, cells with Epcam expression level lower than 47.481126 FPKM are mesenchymal TCs. This finding is reasonable because Epcam is the golden standard for identification of epithelial and mesenchymal cells. As for the threshold, according to the mouse genome database (Bult et al., 2019), in most epithelial tissues, the expression level of such gene is higher than 50 FPKM. Hence, we can easily distinguish epithelial and mesenchymal cells with such threshold, validating the efficacy and accuracy of our prediction.

For the second rule, cells with high level of Fgfr1 (ENSMUSG00000031565) and low level of Tacstd2 (ENSMUSG00000051397) are mesenchymal TCs. The high level of Fgfr1 promotes the EMT and remains in the mesenchymal status (Thiery and Lim, 2013; Pastushenko et al., 2018; Pastushenko and Blanpain, 2019), while Tacstad2 is downregulated similar to Epcam, indicating that such cells may be mesenchymal cells (Chen et al., 2013), validating the accuracy of our prediction. Therefore, the combination of the two supporting parameters can accurately identify mesenchymal cells, validating the accuracy of our prediction.



GO Enrichment and KEGG Pathway Analyses on Optimal Genes for EMT Cell Clustering

For systematically investigation on the functional distribution of optimal genes, we performed GO enrichment and KEGG pathway enrichment analyses on such optimal genes. As we have described in Tables 3–6, with the FDR threshold as 0.05, we identified 15 biological processes, 17 cellular components, 14 molecular functions, and seven KEGG pathways with our optimal genes enriched. Here, we chose the top enriched GO terms and KEGG pathways in each cluster for detailed analyses.

For GO enrichment results of biological process levels, the first identified GO term, GO:0007155 (cell adhesion) has been shown to enrich optimal genes. According to recent publications, cell–cell adhesion has been shown to be linking Wnt/β-catenin signaling pathway with EMT (Basu et al., 2018) and interacting with extracellular matrix, promoting EMT (Kumar et al., 2014). Therefore, it is reasonable for our optimal genes to enrich in such GO term. Apart from that, GO:0042060 (wound healing) and GO:0043588 (skin development) have also been shown to enrich optimal genes associated with EMT. According to recent publications, both wound healing which involves cell–cell and cell-extracellular matrix interactions (Kalluri, 2009; Yin et al., 2013) and skin development which associates with TGF-β signaling pathways (Liarte et al., 2020) have been reported to be functionally related to the transformation between epithelial and mesenchymal cells (Kalluri, 2009; Yin et al., 2013; Liarte et al., 2020), validating our prediction.

As for GO enrichment results of cellular components level, apart from general terms like GO:0016020 (membrane) and GO:0009986 (cell surface), we also identified some specific terms that may reflect the functional enrichment pattern of the optimal genes. GO:0005912 (cell–cell adherens junction) and GO:0005925 (focal adhesion) are two enriched GO terms in this cluster, both of which are directly related with cell adhesion that we have discussed above to be associated with EMT. The top five GO terms GO:0005576 (extracellular region), GO:0031012 (extracellular matrix), GO:0070062 (extracellular exosome), GO:0031012 (proteinaceous extracellular matrix), and GO:0005615 (extracellular space) are all associated with extracellular components and their interactions with cells. As we have discussed above, cell-extracellular interactions are quite fundamental for EMT (Sangaletti et al., 2008; Gibbons et al., 2009). Therefore, the enrichment of our optimal genes in such cluster may further validate the efficacy and accuracy of our prediction.

Multiple molecular function GO terms have also enrich our optimal genes. Apart from cell adhesion and extracellular matrix associated GO terms like GO:0050840 (extracellular matrix binding), GO:0050839 (cell adhesion molecule binding), and GO:0098641 (cadherin binding involved in cell–cell adhesion), we also identified functional GO terms GO:0008201 (heparin binding) and GO:0005507 (copper ion binding). According to recent publications, heparin binding has been shown to EMT by linking the TGF-β signaling pathways (Kantola et al., 2008). As for copper ion binding, as reported in 2012, researchers have confirmed that iron chelators have regulated the TGF-β signaling pathways via copper binding associated biological processes (Chen et al., 2012), validating the enrichment results.

As for KEGG pathways, ECM-receptor interactions and focal adhesions have been enriched. As we have described above, focal adhesion and extracellular matrix has been validated to be associated with EMT, further validating our results. Apart from that, PI3K-Akt signaling pathway has also been confirmed to enrich EMT associated genes. According to recent publications, such results have also been validated (Xu et al., 2015; Wei et al., 2016).



CONCLUSION

All our identified key features (genes and rules) were validated to participate in the qualitative and quantitative clustering of different TCs, reflecting different stages of EMT progression. Therefore, our computational approach may be an effective method to identify specific gene signatures for clustering different TC subgroups at the single-cell level. This work provides a new tool for elucidating the detailed regulatory mechanisms of tumor EMT progression.



DATA AVAILABILITY STATEMENT

Publicly available datasets were analyzed in this study. This data can be found here: https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE110357.



AUTHOR CONTRIBUTIONS

XY, TH, and Y-DC conceived the concept of the work. XP and LC performed the experiments. XP, XY, SZ, Y-HZ, and SW made analysis. XY and XP prepared the draft. XY, XP, and TH revised the manuscript. All authors contributed to the article and approved the submitted version.



FUNDING

This study was supported by Shanghai Municipal Science and Technology Major Project (2017SHZDZX01), National Key R&D Program of China (2017YFC1201200 and 2018YFC0910403), National Natural Science Foundation of China (31701151, 31872418, and 61803360), Strategic Priority Research Program of Chinese Academy of Sciences (XDB38050200), Natural Science Foundation of Shanghai (17ZR1412500), Shanghai Sailing Program (16YF1413800), Youth Innovation Promotion Association of Chinese Academy of Sciences (CAS) (2016245), fund of the Key Laboratory of Stem Cell Biology of Chinese Academy of Sciences (201703), and Science and Technology Commission of Shanghai Municipality (STCSM) (18dz2271000).



SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fgene.2020.605012/full#supplementary-material

Supplementary File 1 | Relevant features yielded by Boruta feature selection method and their ranks obtained by the mRMR method.

Supplementary File 2 | Performance of IFS corresponding to different number of features used.


FOOTNOTES

1
https://david.ncifcrf.gov/


REFERENCES

Aiello, N. M., Brabletz, T., Kang, Y., Nieto, M. A., Weinberg, R. A., and Stanger, B. Z. (2017). Upholding a role for EMT in pancreatic cancer metastasis. Nature 547, E7–E8.

Alibardi, L. (2019). Review: the regenerating tail blastema of lizards as a model to study organ regeneration and tumor growth regulation in amniotes. Anat. Rec. (Hoboken) 302, 1469–1490. doi: 10.1002/ar.24029

Anastassiou, D., Rumjantseva, V., Cheng, W., Huang, J., Canoll, P. D., Yamashiro, D. J., et al. (2011). Human cancer cells express Slug-based epithelial-mesenchymal transition gene expression signature obtained in vivo. BMC Cancer 11:529. doi: 10.1186/1471-2407-11-529

Bao, B., Azmi, A. S., Aboukameel, A., Ahmad, A., Bolling-Fischer, A., Sethi, S., et al. (2014). Pancreatic cancer stem-like cells display aggressive behavior mediated via activation of FoxQ1. J. Biol. Chem. 289, 14520–14533. doi: 10.1074/jbc.M113.532887

Barbaric, M., Brooks, E., Moore, L., and Cheifetz, O. (2010). Effects of physical activity on cancer survival: a systematic review. Physiother. Can. 62, 25–34. doi: 10.3138/physio.62.1.25

Bartlett, A. H., and Park, P. W. (2010). Proteoglycans in host-pathogen interactions: molecular mechanisms and therapeutic implications. Expert Rev. Mol. Med. 12:e5. doi: 10.1017/S1462399409001367

Basu, S., Cheriyamundath, S., and Ben-Ze’ev, A. (2018). Cell–cell adhesion: linking Wnt/β-catenin signaling with partial EMT and stemness traits in tumorigenesis. F1000Research 7:F1000FacultyRev-1488.

Bult, C. J., Blake, J. A., Smith, C. L., Kadin, J. A., Richardson, J. E., and Mouse Genome Database Group. (2019). Mouse Genome Database (MGD) 2019. Nucleic Acids Res. 47, D801–D806. doi: 10.1093/nar/gky1056

Cai, Y., Huang, T., Hu, L., Shi, X., Xie, L., and Li, Y. (2012). Prediction of lysine ubiquitination with mRMR feature selection and analysis. Amino Acids 42, 1387–1395. doi: 10.1007/s00726-011-0835-0

Chaffer, C. L., San Juan, B. P., Lim, E., and Weinberg, R. A. (2016). EMT, cell plasticity and metastasis. Cancer Metastasis Rev. 35, 645–654. doi: 10.1007/s10555-016-9648-7

Chaffer, C. L., and Weinberg, R. A. (2011). A perspective on cancer cell metastasis. Science 331, 1559–1564. doi: 10.1126/science.1203543

Chen, B., Bronson, R. T., Klaman, L. D., Hampton, T. G., Wang, J. F., Green, P. J., et al. (2000). Mice mutant for Egfr and Shp2 have defective cardiac semilunar valvulogenesis. Nat. Genet. 24, 296–299. doi: 10.1038/73528

Chen, C. L., Mahalingam, D., Osmulski, P., Jadhav, R. R., Wang, C. M., Leach, R. J., et al. (2013). Single-cell analysis of circulating tumor cells identifies cumulative expression patterns of EMT-related genes in metastatic prostate cancer. Prostate 73, 813–826. doi: 10.1002/pros.22625

Chen, L., Pan, X., Zeng, T., Zhang, Y., Huang, T., and Cai, Y. (2019). Identifying essential signature genes and expression rules associated with distinctive development stages of early embryonic cells. IEEE Access 7, 128570–128578. doi: 10.1109/ACCESS.2019.2939556

Chen, L., Wang, S., Zhang, Y., Li, J., Xing, Z., Yang, J., et al. (2017a). Identify key sequence features to improve CRISPR sgRNA efficacy. IEEE Access 5, 26582–26590. doi: 10.1109/ACCESS.2017.2775703

Chen, L., Zhang, Y.-H., Lu, G., Huang, T., and Cai, Y.-D. (2017b). Analysis of cancer-related lncRNAs using gene ontology and KEGG pathways. Artific. Intell. Med. 76, 27–36.

Chen, Z., Zhang, D., Yue, F., Zheng, M., Kovacevic, Z., and Richardson, D. R. (2012). The iron chelators Dp44mT and DFO inhibit TGF-beta-induced epithelial-mesenchymal transition via up-regulation of N-Myc downstream-regulated gene 1 (NDRG1). J. Biol. Chem. 287, 17016–17028. doi: 10.1074/jbc.M112.350470

Cheng, W. Y., Kandel, J. J., Yamashiro, D. J., Canoll, P., and Anastassiou, D. (2012). A multi-cancer mesenchymal transition gene expression signature is associated with prolonged time to recurrence in glioblastoma. PLoS One 7:e34705. doi: 10.1371/journal.pone.0034705

Das, V., Bhattacharya, S., Chikkaputtaiah, C., Hazra, S., and Pal, M. (2019). The basics of epithelial-mesenchymal transition (EMT): A study from a structure, dynamics, and functional perspective. J. Cell Physiol. 234:14535. doi: 10.1002/jcp.28160

DeTroye, A., Christner, M., Eganhouse, D., Manning, B., Sunkin, E., and Gregory, T. (2018). The effects of physical activity on survival in patients with colorectal cancer. JAAPA 31, 21–25. doi: 10.1097/01.JAA.0000529767.60402.00

Eisenwort, G., Jurkin, J., Yasmin, N., Bauer, T., Gesslbauer, B., and Strobl, H. (2011). Identification of TROP2 (TACSTD2), an EpCAM-like molecule, as a specific marker for TGF-beta1-dependent human epidermal Langerhans cells. J. Invest. Dermatol. 131, 2049–2057. doi: 10.1038/jid.2011.164

Fidler, I. J. (2003). The pathogenesis of cancer metastasis: the ‘seed and soil’ hypothesis revisited. Nat. Rev. Cancer 3, 453–458. doi: 10.1038/nrc1098

Fischer, K. R., Durrans, A., Lee, S., Sheng, J., Li, F., Wong, S. T., et al. (2015). Epithelial-to-mesenchymal transition is not required for lung metastasis but contributes to chemoresistance. Nature 527, 472–476. doi: 10.1038/nature15748

Geng, Y., Dong, Y., Yu, M., Zhang, L., Yan, X., Sun, J., et al. (2011). Follistatin-like 1 (Fstl1) is a bone morphogenetic protein (BMP) 4 signaling antagonist in controlling mouse lung development. Proc. Natl. Acad. Sci. U.S.A. 108, 7058–7063. doi: 10.1073/pnas.1007293108

Gibbons, D. L., Lin, W., Creighton, C. J., Rizvi, Z. H., Gregory, P. A., Goodall, G. J., et al. (2009). Contextual extracellular cues promote tumor cell EMT and metastasis by regulating miR-200 family expression. Genes Dev. 23, 2140–2151. doi: 10.1101/gad.1820209

Gu, C., Wang, X., Long, T., Wang, X., Zhong, Y., Ma, Y., et al. (2018). FSTL1 interacts with VIM and promotes colorectal cancer metastasis via activating the focal adhesion signalling pathway. Cell Death Dis. 9:654. doi: 10.1038/s41419-018-0695-6

Gu, Y., Wang, Q., Guo, K., Qin, W., Liao, W., Wang, S., et al. (2016). TUSC3 promotes colorectal cancer progression and epithelial-mesenchymal transition (EMT) through WNT/beta-catenin and MAPK signalling. J. Pathol. 239, 60–71. doi: 10.1002/path.4697

Hanahan, D., and Weinberg, R. A. (2000). The hallmarks of cancer. Cell 100, 57–70.

Huang, C. Y., Ju, D. T., Chang, C. F., Muralidhar Reddy, P., and Velmurugan, B. K. (2017). A review on the effects of current chemotherapy drugs and natural agents in treating non-small cell lung cancer. Biomedicine (Taipei) 7:23. doi: 10.1051/bmdcn/2017070423

Jiao, J., Zhao, X., Liang, Y., Tang, D., and Pan, C. (2015). FGF1-FGFR1 axis promotes tongue squamous cell carcinoma (TSCC) metastasis through epithelial-mesenchymal transition (EMT). Biochem. Biophys. Res. Commun. 466, 327–332. doi: 10.1016/j.bbrc.2015.09.021

Kajiyama, H., Shibata, K., Terauchi, M., Yamashita, M., Ino, K., Nawa, A., et al. (2007). Chemoresistance to paclitaxel induces epithelial-mesenchymal transition and enhances metastatic potential for epithelial ovarian carcinoma cells. Int. J. Oncol. 31, 277–283.

Kalluri, R. (2009). EMT: when epithelial cells decide to become mesenchymal-like cells. J. Clin. Investigat. 119, 1417–1419. doi: 10.1172/jci39675

Kantola, A. K., Keski-Oja, J., and Koli, K. (2008). Fibronectin and heparin binding domains of latent TGF-β binding protein (LTBP)-4 mediate matrix targeting and cell adhesion. Exp. Cell Res. 314, 2488–2500. doi: 10.1016/j.yexcr.2008.05.010

Kasai, H., Allen, J. T., Mason, R. M., Kamimura, T., and Zhang, Z. (2005). TGF-beta1 induces human alveolar epithelial to mesenchymal cell transition (EMT). Respir. Res. 6:56. doi: 10.1186/1465-9921-6-56

Kiemer, A. K., Takeuchi, K., and Quinlan, M. P. (2001). Identification of genes involved in epithelial-mesenchymal transition and tumor progression. Oncogene 20, 6679–6688. doi: 10.1038/sj.onc.1204872

Kong, D., Li, Y., Wang, Z., and Sarkar, F. H. (2011). Cancer stem cells and epithelial-to-mesenchymal transition (EMT)-phenotypic cells: are they cousins or twins? Cancers (Basel) 3, 716–729. doi: 10.3390/cancers30100716

Kumar, S., Das, A., and Sen, S. (2014). Extracellular matrix density promotes EMT by weakening cell–cell adhesions. Mol. bioSyst. 10, 838–850. doi: 10.1039/c3mb70431a

Kursa, M., and Rudnicki, W. (2010). Feature selection with the boruta package. J. Statist. Softw. Artic. 36, 1–13. doi: 10.18637/jss.v036.i11

Lee, M. H., Kim, M., Lee, B. H., Kim, J. H., Kang, K. S., Kim, H. L., et al. (2008). Subchronic effects of valproic acid on gene expression profiles for lipid metabolism in mouse liver. Toxicol. Appl. Pharmacol. 226, 271–284. doi: 10.1016/j.taap.2007.09.014

Lei, C., ShaoPeng, W., Yu-Hang, Z., Lai, W., XianLing, X., Tao, H., et al. (2018). Prediction of nitrated tyrosine residues in protein sequences by extreme learning machine and feature selection methods. Comb. Chem. High Throughput Screen. 21, 393–402. doi: 10.2174/1386207321666180531091619

Li, J., and Huang, T. (2018). Predicting and analyzing early wake-up associated gene expressions by integrating GWAS and eQTL studies. Biochim. Biophys. Acta Mol. Basis Dis. 1864(6 Pt B), 2241–2246. doi: 10.1016/j.bbadis.2017.10.036

Li, J., Lu, L., Zhang, Y.-H., Xu, Y., Liu, M., Feng, K., et al. (2019). Identification of leukemia stem cell expression signatures through Monte Carlo feature selection strategy and support vector machine. Cancer Gene Therapy 27, 56–69. doi: 10.1038/s41417-019-0105-y

Liarte, S., Bernabé-García, Á, and Nicolás, F. J. (2020). Human skin keratinocytes on sustained TGF-β stimulation reveal partial EMT features and weaken growth arrest responses. Cells 9:255. doi: 10.3390/cells9010255

Malanchi, I., Santamaria-Martinez, A., Susanto, E., Peng, H., Lehr, H. A., Delaloye, J. F., et al. (2011). Interactions between cancer stem cells and their niche govern metastatic colonization. Nature 481, 85–89. doi: 10.1038/nature10694

McGuire, S. (2016). World cancer report 2014. Geneva, Switzerland: world health organization, international agency for research on cancer, WHO Press, 2015. Adv. Nutr. 7, 418–419. doi: 10.3945/an.116.012211

Mori, S., Kodaira, M., Ito, A., Okazaki, M., Kawaguchi, N., Hamada, Y., et al. (2015). Enhanced expression of integrin alphavbeta3 induced by TGF-beta is required for the enhancing effect of fibroblast growth factor 1 (FGF1) in TGF-beta-Induced Epithelial-mesenchymal transition (EMT) in mammary epithelial Cells. PLoS One 10:e0137486. doi: 10.1371/journal.pone.0137486

Munz, M., Baeuerle, P. A., and Gires, O. (2009). The emerging role of EpCAM in cancer and stem cell signaling. Cancer Res. 69, 5627–5629. doi: 10.1158/0008-5472.CAN-09-0654

Munz, M., Kieu, C., Mack, B., Schmitt, B., Zeidler, R., and Gires, O. (2004). The carcinoma-associated antigen EpCAM upregulates c-myc and induces cell proliferation. Oncogene 23, 5748–5758. doi: 10.1038/sj.onc.1207610

Nguyen, P. T., Tsunematsu, T., Yanagisawa, S., Kudo, Y., Miyauchi, M., Kamata, N., et al. (2013). The FGFR1 inhibitor PD173074 induces mesenchymal-epithelial transition through the transcription factor AP-1. Br. J. Cancer 109, 2248–2258. doi: 10.1038/bjc.2013.550

Okada, H., Danoff, T. M., Kalluri, R., and Neilson, E. G. (1997). Early role of Fsp1 in epithelial-mesenchymal transformation. Am. J. Physiol. Renal Physiol. 273, F563–F574.

Okudela, K., Yazawa, T., Ishii, J., Woo, T., Mitsui, H., Bunai, T., et al. (2009). Down-regulation of FXYD3 expression in human lung cancers: its mechanism and potential role in carcinogenesis. Am. J. Pathol. 175, 2646–2656. doi: 10.2353/ajpath.2009.080571

Pan, X., Chen, L., Feng, K.-Y., Hu, X.-H., Zhang, Y.-H., Kong, X.-Y., et al. (2019). Analysis of expression pattern of snoRNAs in different cancer types with machine learning algorithms. Int. J. Mol. Sci. 20:2185. doi: 10.3390/ijms20092185

Pan, X. Y., Zhang, Y. N., and Shen, H. B. (2010). Large-scale prediction of human protein-protein interactions from amino acid sequence based on latent topic features. J. Proteome Res. 9, 4992–5001. doi: 10.1021/pr100618t

Pastushenko, I., and Blanpain, C. (2019). EMT transition states during tumor progression and metastasis. Trends Cell Biol. 29, 212–226. doi: 10.1016/j.tcb.2018.12.001

Pastushenko, I., Brisebarre, A., Sifrim, A., Fioramonti, M., Revenco, T., Boumahdi, S., et al. (2018). Identification of the tumour transition states occurring during EMT. Nature 556, 463–468. doi: 10.1038/s41586-018-0040-3

Pekny, M., Johansson, C. B., Eliasson, C., Stakeberg, J., Wallen, A., Perlmann, T., et al. (1999). Abnormal reaction to central nervous system injury in mice lacking glial fibrillary acidic protein and vimentin. J. Cell Biol. 145, 503–514. doi: 10.1083/jcb.145.3.503

Peng, H., Long, F., and Ding, C. (2005). Feature selection based on mutual information: criteria of max-dependency, max-relevance, and min-redundancy. IEEE Transact. Patt. Anal. Mach. Intel. 27, 1226–1238. doi: 10.1109/tpami.2005.159

Rokavec, M., Oner, M. G., Li, H., Jackstadt, R., Jiang, L., Lodygin, D., et al. (2014). IL-6R/STAT3/miR-34a feedback loop promotes EMT-mediated colorectal cancer invasion and metastasis. J. Clin. Invest. 124, 1853–1867. doi: 10.1172/JCI73531

Sanderson, L. M., Boekschoten, M. V., Desvergne, B., Muller, M., and Kersten, S. (2010). Transcriptional profiling reveals divergent roles of PPARalpha and PPARbeta/delta in regulation of gene expression in mouse liver. Physiol. Genom. 41, 42–52. doi: 10.1152/physiolgenomics.00127.2009

Sangaletti, S., Di Carlo, E., Gariboldi, S., Miotti, S., Cappetti, B., Parenza, M., et al. (2008). Macrophage-derived SPARC bridges tumor cell-extracellular matrix interactions toward metastasis. Cancer Res. 68, 9050–9059. doi: 10.1158/0008-5472.can-08-1327

Scanlon, C., Van Tubergen, E., Inglehart, R., and D’silva, N. (2013). Biomarkers of epithelial-mesenchymal transition in squamous cell carcinoma. J. Dental Res. 92, 114–121. doi: 10.1177/0022034512467352

Schaefer, L., Mihalik, D., Babelova, A., Krzyzankova, M., Grone, H. J., Iozzo, R. V., et al. (2004). Regulation of fibrillin-1 by biglycan and decorin is important for tissue preservation in the kidney during pressure-induced injury. Am. J. Pathol. 165, 383–396. doi: 10.1016/S0002-9440(10)63305-6

Seton-Rogers, S. (2016). Epithelial-mesenchymal transition: untangling EMT’s functions. Nat. Rev. Cancer 16:1. doi: 10.1038/nrc.2015.6

Shen, Z. J., Hu, J., Esnault, S., Dozmorov, I., and Malter, J. S. (2015). RNA Seq profiling reveals a novel expression pattern of TGF-beta target genes in human blood eosinophils. Immunol. Lett. 167, 1–10. doi: 10.1016/j.imlet.2015.06.012

Shibue, T., and Weinberg, R. A. (2017). EMT, CSCs, and drug resistance: the mechanistic link and clinical implications. Nat. Rev. Clin. Oncol. 14, 611–629. doi: 10.1038/nrclinonc.2017.44

Sugg, K. B., Lubardic, J., Gumucio, J. P., and Mendias, C. L. (2014). Changes in macrophage phenotype and induction of epithelial-to-mesenchymal transition genes following acute Achilles tenotomy and repair. J. Orthop. Res. 32, 944–951. doi: 10.1002/jor.22624

Summers, K. M., Raza, S., van Nimwegen, E., Freeman, T. C., and Hume, D. A. (2010). Co-expression of FBN1 with mesenchyme-specific genes in mouse cell lines: implications for phenotypic variability in Marfan syndrome. Eur. J. Hum. Genet. 18, 1209–1215. doi: 10.1038/ejhg.2010.91

Thiery, J. P., and Lim, C. T. (2013). Tumor dissemination: an EMT affair. Cancer Cell 23, 272–273. doi: 10.1016/j.ccr.2013.03.004

Wang, J., Wei, Q., Wang, X., Tang, S., Liu, H., Zhang, F., et al. (2016). Transition to resistance: an unexpected role of the EMT in cancer chemoresistance. Genes Dis. 3, 3–6. doi: 10.1016/j.gendis.2016.01.002

Ware, K. E., Hinz, T. K., Kleczko, E., Singleton, K. R., Marek, L. A., Helfrich, B. A., et al. (2013). A mechanism of resistance to gefitinib mediated by cellular reprogramming and the acquisition of an FGF2-FGFR1 autocrine growth loop. Oncogenesis 2:e39. doi: 10.1038/oncsis.2013.4

Wei, S., Wang, L., Zhang, L., Li, B., Li, Z., Zhang, Q., et al. (2016). ZNF143 enhances metastasis of gastric cancer by promoting the process of EMT through PI3K/AKT signaling pathway. Tumor Biol. 37, 12813–12821. doi: 10.1007/s13277-016-5239-z

Widegren, E., Onnesjo, S., Arbman, G., Kayed, H., Zentgraf, H., Kleeff, J., et al. (2009). Expression of FXYD3 protein in relation to biological and clinicopathological variables in colorectal cancers. Chemotherapy 55, 407–413. doi: 10.1159/000263227

Xu, J., Qi, X., Gong, J., Yu, M., Zhang, F., Sha, H., et al. (2012). Fstl1 antagonizes BMP signaling and regulates ureter development. PLoS One 7:e32554. doi: 10.1371/journal.pone.0032554

Xu, W., Yang, Z., and Lu, N. (2015). A new role for the PI3K/Akt signaling pathway in the epithelial-mesenchymal transition. Cell Adhesion Migrat. 9, 317–324. doi: 10.1080/19336918.2015.1016686

Xue, Y., Lai, L., Lian, W., Tu, X., Zhou, J., Dong, P., et al. (2019). SOX9/FXYD3/Src axis is critical for ER(+) breast cancer stem cell function. Mol. Cancer Res. 17, 238–249. doi: 10.1158/1541-7786.MCR-18-0610

Yamamoto, H., Mukaisho, K., Sugihara, H., Hattori, T., and Asano, S. (2011). Down-regulation of FXYD3 is induced by transforming growth factor-beta signaling via ZEB1/deltaEF1 in human mammary epithelial cells. Biol. Pharm Bull. 34, 324–329. doi: 10.1248/bpb.34.324

Yan, X., Yan, L., Liu, S., Shan, Z., Tian, Y., and Jin, Z. (2015). N-cadherin, a novel prognostic biomarker, drives malignant progression of colorectal cancer. Mol. Med. Rep. 12, 2999–3006. doi: 10.3892/mmr.2015.3687

Yao, X. I., Wang, X., Speicher, P. J., Hwang, E. S., Cheng, P., Harpole, D. H., et al. (2017). Reporting and guidelines in propensity score analysis: a systematic review of cancer and cancer surgical studies. J. Natl. Cancer Inst. 109:djw323. doi: 10.1093/jnci/djw323

Yin, S.-Y., Peng, A.-P., Huang, L.-T., Wang, Y.-T., Lan, C.-W., and Yang, N.-S. (2013). The phytochemical shikonin stimulates epithelial-mesenchymal transition (EMT) in skin wound healing. Evid. Based Complem. Alternat. Med. 2013:262796.

Zeisberg, M., Bonner, G., Maeshima, Y., Colorado, P., Müller, G. A., Strutz, F., et al. (2001). Renal fibrosis: collagen composition and assembly regulates epithelial-mesenchymal transdifferentiation. Am. J. Pathol. 159, 1313–1321.

Zhang, N., Wang, M., Zhang, P., and Huang, T. (2016). Classification of cancers based on copy number variation landscapes. Biochim. Biophys. Acta 1860(11 Pt B), 2750–2755. doi: 10.1016/j.bbagen.2016.06.003

Zhang, P. W., Chen, L., Huang, T., Zhang, N., Kong, X. Y., and Cai, Y. D. (2015). Classifying ten types of major cancers based on reverse phase protein array profiles. PLoS One 10:e0123147. doi: 10.1371/journal.pone.0123147

Zhang, T. M., Huang, T., and Wang, R. F. (2018). Cross talk of chromosome instability, CpG island methylator phenotype and mismatch repair in colorectal cancer. Oncol. Lett. 16, 1736–1746. doi: 10.3892/ol.2018.8860

Zhou, Y., Bian, S., Zhou, X., Cui, Y., Wang, W., Wen, L., et al. (2020). Single-cell multiomics sequencing reveals prevalent genomic alterations in tumor stromal cells of human colorectal cancer. Cancer Cell 38, 818–828.e5. doi: 10.1016/j.ccell.2020.09.015

Zhou, Y., Huang, T., Huang, G., Zhang, N., Kong, X., and Cai, Y.-D. (2016). Prediction of protein N-formylation and comparison with N-acetylation based on a feature selection method. Neurocomputing 217(Suppl. C) 53–62. doi: 10.1016/j.neucom.2015.10.148

Zhu, G. J., Song, P. P., Zhou, H., Shen, X. H., Wang, J. G., Ma, X. F., et al. (2018). Role of epithelial-mesenchymal transition markers E-cadherin, N-cadherin, β-catenin and ZEB2 in laryngeal squamous cell carcinoma. Oncol. Let. 15, 3472–3481.

Zuo, J. H., Zhu, W., Li, M. Y., Li, X. H., Yi, H., Zeng, G. Q., et al. (2011). Activation of EGFR promotes squamous carcinoma SCC10A cell migration and invasion via inducing EMT-like phenotype change and MMP-9-mediated degradation of E-cadherin. J. Cell Biochem. 112, 2508–2517. doi: 10.1002/jcb.23175


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 Yu, Pan, Zhang, Zhang, Chen, Wan, Huang and Cai. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.

OPS/images/fgene-11-605012-e000.jpg
px,y)
p(x)p(y)

I(x,y) = Jj p(x, y)log dxdy (1)





OPS/images/cross.jpg
3,

i





OPS/xhtml/Nav.xhtml




Contents





		Cover



		Identification of Gene Signatures and Expression Patterns During Epithelial-to-Mesenchymal Transition From Single-Cell Expression Atlas



		INTRODUCTION



		MATERIALS AND METHODS



		Dataset



		Feature Selection



		Boruta Feature Selection



		Minimum Redundancy and Maximum Relevance



		Incremental Feature Selection







		Classification Learning



		Support Vector Machine



		Random Forest



		Rule Learning







		SMOTE



		Performance Measurement



		Functional Enrichment Analyses







		RESULTS



		DISCUSSION



		Optimal Genes for EMT Cell Clustering



		Optimal Rules for EMT Cell Clustering



		GO Enrichment and KEGG Pathway Analyses on Optimal Genes for EMT Cell Clustering







		CONCLUSION



		DATA AVAILABILITY STATEMENT



		AUTHOR CONTRIBUTIONS



		FUNDING



		SUPPLEMENTARY MATERIAL



		FOOTNOTES



		REFERENCES

















OPS/images/fgene-11-605012-g001.jpg
[ Epithelial-like J [ Mesenchymal-like J
tumor cells tumor cells

—_ =

‘ Single-cell gene expression profile ‘

N

‘ Boruta feature selection |

‘ Minimum Redundancy and Maximum Relevance ‘

—_ =

Feature list

N

Incremental feature selection

Random forest ‘ ‘ Repeated incremental pruning to produce error reduction ‘ ‘ Support vector machine

‘ Synthetic minority over-sampling technique ‘

—_ =

[ Optimal classifiers ][ Optimal genes ] [ Classification rules ]






OPS/images/fgene-11-605012-g002.jpg
MCC

1.000 - 38, 0.942 159, 0.934 169,0.967|
0050 1 18 0.908

0.900 - l\" ’ - ‘,'
lrrn,wm TR mew

0.850
0.800 -
0.750 4
0.700 -
0.650 -
0.600 -
0.550 -
0.500

| 2l 41 61 81 101 121 141 161 181 201 221

Number of features

——RIPPER —RF ——SVM





OPS/images/fgene-11-605012-e001.jpg
MCC = 1P X IN —FP X FN )
(TP + FP)(TP + EN)(TN + FP)(TN + FN)






OPS/images/fgene-11-605012-t006.jpg
Description

ECM-receptor interaction
Protein digestion and absorption
Focal adhesion

Amoebiasis

PI3K-Akt signaling pathway
Ribosome

Proteoglycans in cancer

P-value

5.9E-10
0.0000012
0.0000081
0.000013
0.000093
0.0004
0.00086

Benjamini FDR

8.4E-08
0.000083
0.00038
0.00045
0.0026
0.0095
0.017





OPS/images/cover.jpg
frontiers
in Genetics

|dentification of Gene
Signaturesand Expression
Patterns During
Epithelial-to-Mesenchymal
Transition From Single-Cell
Expression Atlas





OPS/images/fgene-11-605012-t004.jpg
GO term

G0:0005576
G0:0031012
G0:0070062
G0:0031012

G0:0005615
G0:0005604
GO0:0005581
GO0:0030057
G0:0009986
G0:0005912
G0:0030054
G0:0005925
G0:0005882
G0:0005610
G0:0005887

G0:0016020
G0:0016323

Description

Extracellular region
Extracellular matrix
Extracellular exosome

Proteinaceous extracellular
matrix

Extracellular space
Basement membrane
Collagen trimer
Desmosome

Cell surface

Cell—cell adherens junction
Cell junction

Focal adhesion
Intermediate filament
Laminin-5 complex

Integral component of
plasma membrane

Membrane

Basolateral plasma
membrane

P-value

6.3E-20
6.4E-20
9.8E-20
4.5E-16

8E-11
94E-11
3E-09
0.000011
0.000014
0.00002
0.000032
0.000053
0.00042
0.00078
0.0013

0.0014
0.0025

FDR

8E-18
8E-18
8.2E-18
2.8E-14

3.8E-09
3.8E-09
0.00000011
0.00033
0.00039
0.00049
0.00073
0.0011
0.0081
0.014
0.022

0.022
0.037

GO cluster

CC
CC
CC
CC

CC
CC
CC
CC
CC
CC
CC
CC
CC
CC
CC

CC
CC







OPS/images/fgene-11-605012-t005.jpg
GO term Description P-value FDR GO
cluster

G0:0050840  Extracellular matrix binding 2.5E-08 0.0000083 MF

G0:0048407 Platelet-derived growth factor 1.5E-07 0.000022 MF
binding

G0:0008201  Heparin binding 0.0000002 0.000022 MF

G0:0005201  Extracellular matrix structural  0.0000074  0.00061 MF
constituent

GO:0005509  Calcium ion binding 0.000023  0.0014 MF

G0:0098641 Cadherin binding involved in - 0.000024  0.0014 MF
cell-cell adhesion

G0:0005198  Structural molecule activity 0.0001 0.0049 MF

G0:0050839 Cell adhesion molecule 0.00018 0.0073 MF
binding

G0:0005515  Protein binding 0.00023 0.0077 MF

G0:0005044 Scavenger receptor activity 0.00023 0.0077 MF

G0:0005518  Collagen binding 0.00061 0.018 MF

G0:0005507  Copper ion binding 0.00071 0.02 MF

G0:0030169 Low-density lipoprotein 0.00078 0.02 MF
particle binding

GO0:0016641 Oxidoreductase activity, 0.0013 0.031 MF

acting on the CH-NH2 group
of donors, oxygen as
acceptor







OPS/images/fgene-11-605012-t002.jpg
Index

Rule 1

Rule 2

Rule 3

Rule

ENSMUSGO00000045394 (Epcam) < = 47.481

ENSMUSGO00000031565 (Fgfr1) > = 130.294 and
ENSMUSGO00000051397 (Tacstd2) < = 14.977

Others

Tumor cell type

Mesenchymal
tumor cell

Mesenchymal
tumor cell

Epithelial tumor cell






OPS/images/fgene-11-605012-t003.jpg
GO term Description P-value FDR GO

cluster
G0:0007155  Cell adhesion 1.1E-15 1.5E-12 BP
G0:0042060  Wound healing 5.6E-11 0.000000039  BP
G0:0043588  Skin development 1.1E-09 0.00000049 BP
G0:0043616  Keratinocyte proliferation 2.3E-07 0.000075 BP
G0:0030199  Collagen fibril organization — 2.7E-07 0.000075 BP
G0:0030198  Extracellular matrix 7.9€-07 0.00018 BP
organization
GO:0061436  Establishment of skin 0.000002  0.00039 BP
barrier
GO:0001501  Skeletal system 0.000004  0.0007 BP
development
G0:0002009  Morphogenesis of an 0.0000085 0.0013 BP
epithelium
G0:0035987  Endodermal cell 0.000013  0.0018 BP
differentiation
G0:0007156  Homophilic cell adhesion 0.00012 0.015 BP
via plasma membrane
adhesion molecules
G0:0001568 Blood vessel development  0.00017 0.019 BP
G0:0010482  Regulation of epidermal cell 0.00039 0.039 BP
division
GO:0060672  Epithelial cell 0.00039 0.039 BP

morphogenesis involved in
placental branching

GO0:0001775  Cell activation 0.0005 0.046 BP







OPS/images/fgene-11-605012-t001.jpg
Classifier

SVM
RF
RIPPER

Number of features

169
159
38

SN

1.000
0.986
0.986

SP

0.987
0.978
0.981

ACC

0.990
0.979
0.982

McC

0.967
0.934
0.942






OPS/images/logo.jpg
’ frontiers
in Genetics





