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Abstract

:

Different breast cancer (BC) subtypes have unique gene expression patterns, but their regulatory mechanisms have yet to be fully elucidated. We hypothesized that the top upregulated (Yin) and downregulated (Yang) genes determine the fate of cancer cells. To reveal the regulatory determinants of these Yin and Yang genes in different BC subtypes, we developed a lasso regression model integrating DNA methylation (DM), copy number variation (CNV) and microRNA (miRNA) expression of 391 BC patients, coupled with miRNA–target interactions and transcription factor (TF) binding sites. A total of 25, 20, 15 and 24 key regulators were identified for luminal A, luminal B, Her2-enriched, and triple negative (TN) subtypes, respectively. Many of the 24 TN regulators were found to regulate the PPARA and FOXM1 pathways. The Yin Yang gene expression mean ratio (YMR) and combined risk score (CRS) signatures built with either the targets of or the TN regulators were associated with the BC patients’ survival. Previously, we identified FOXM1 and PPARA as the top Yin and Yang pathways in TN, respectively. These two pathways and their regulators could be further explored experimentally, which might help to identify potential therapeutic targets for TN.
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1. Introduction


Breast cancer (BC) is one of the most common cancers in the world [1]. In the US, approximately one in eight women (about 12.4%) will develop invasive BC over the course of her lifetime [2]. Despite an overall decline in incidence and mortality, BC remains the second leading cause of cancer-related death among women worldwide [1]. BC can be categorized into four main molecular subtypes, luminal A, luminal B, Her2-enriched and triple negative (TN), depending on the expression of the estrogen receptor (ER), progesterone receptor (PR) and epidermal growth factor receptor 2 (ERBB2, also known as HER2) [3]. TN (also called basal-type) tumors are ER negative, PR negative and HER2 negative. Although the TN subtype is only found in approximate 15% of BC diagnoses, it has been shown to be aggressive, unresponsive to treatment, and ultimately indicative of a poor prognosis [4,5].



Changes in gene expression resulting from alterations in microRNA (miRNA) expression, DNA methylation (DM) and DNA copy number have been implicated in breast carcinogenesis [6]. The role of miRNAs is to regulate target mRNA translation and degradation by binding to the 3′ untranslated region (UTR) [7], and their deregulation is associated with BC initiation and progression [6]. In cancer, DM is perturbed, leading to significant changes in gene expression. For example, aberrant CpG hypermethylation has been reported in multiple genes associated with BC, typically leading to gene silencing [6]. Genomic instability due to copy number variation (CNV) is also associated with altered gene expression in breast carcinogenesis [8]. Transcription factors (TFs) are major regulators of gene expression, and can serve either as transcriptional activators or repressors [9]. High-throughput approaches allow us to investigate a tumor at multiple levels. For example, the Cancer Genome Atlas (TCGA) database contains cancer-related omics profiles that are useful for systems-biology-based investigations of BC. Therefore, research on the regulatory mechanisms of gene expression changes should take the interaction of multiple factors into consideration.



Considering multiple factors regulating gene expression presents a challenge in terms of combining data from different experiments to generate biologically meaningful and experimentally testable models. Interaction-network-based approaches that analyze individual genes and their interactions as well as upstream regulatory mechanisms are an effective approach to overcome this challenge. For example, Xu et al. proposed a method, weighted similarity network fusion (WSNF), to utilize the information in a miRNA-TF-mRNA regulatory network to successfully identify BC subtypes [10]. In addition, this study showed that the top pathways involving the most differentially expressed genes (DEGs) in each of the identified subtypes are different, but they did not further explore the regulatory machinery behind the DEGs. A recent study identified hsa-miR-301a- and SOX10-dependent miRNA-TF-mRNA regulatory circuits in BC by using previously performed expression studies, but subtype information was not included in this study [11].



An integrative strategy using regression models to combine data at multiple levels can also provide insight for gene expression deregulation in cancer. Setty et al. developed a regularized linear regression model in a glioblastoma multiforme (GBM) study using data from the Cancer Genome Atlas (TCGA) [12]. The model was fit to changes in mRNA expression in each GBM tumor sample as the response variable, using a linear combination of the input variables including the CNV, DM, miRNA sequence-based predictions, and TF-binding sites. The model successfully identified various key miRNAs and TFs as either common or subtype-specific drivers of expression changes. The estimated activities of these key regulators were predictive to GBM subtypes and patient survival. Their work took global gene expression changes into account. These studies suggest that similar approaches may be used to explore the regulatory mechanisms in the different subtypes of BC.



Comparing cancer tissue samples with normal tissue has been historically used for discovery of DEGs in cancer; however, few studies have looked at them by way of two opposing groups of genes, the interaction of which would affect cancer progression. In this study, we hypothesized that two opposing effects in BC cancer cells, represented by Yin and Yang genes, determine the outcome of BC [13,14]. Yang genes are expressed more highly in normal breast tissues, while Yin genes are expressed more highly in breast tumors. Assuming that the changes in Yin and Yang gene expression are influenced by variation in copy number, DNA methylation, TF deposition and miRNA–mRNA interaction, we input these variables into a sample-specific lasso regularized linear regression model. The aim of this study was to elucidate the predominant regulators of the Yin and Yang genes in different BC subtypes. We focused our follow-up exploration on the TN subtype, and evaluated the clinical relevance of key miRNA/TF regulators.




2. Results


2.1. Selection of Yin and Yang Genes


As shown in the study design (Figure 1), we focused on Yin and Yang gene expression changes instead of global gene expression changes. Based on our Yin Yang hypothesis, “Yang” genes are downregulated DEGs in BC but express more highly in normal breast tissues, while “Yin” genes are upregulated DEGs that express more highly in breast tumors. 4227 of the 17,675 genes we studied were significantly (false discover rate (FDR) < 0.05) differentially expressed between BC and normal tissue samples, with the absolute value of logFC (log2 fold change) not less than 1. Among these DEGs, 1413 were Yin (upregulated) genes, while 2814 were Yang (downregulated) genes. For the 1413 Yin genes, 255 gene ontology (GO) terms in biological process (BP) (GO-BP) were obtained with an adjusted p-value < 0.05. The majority are involved in cell proliferation, such as DNA replication (GO:0006260), chromosome segregation (GO:0007059), nuclear division (GO:0000280), cell cycle checkpoint (GO:0000075) and cytokinesis (GO:0000910). The similarities among the 255 GO-BP terms were calculated using the simplify function in the clusterProfiler package [15], and highly similar terms (which have similarity higher than 0.7) were removed by keeping one representative term. In the end, 239 terms were obtained. For the 2814 Yang genes, 1155 GO-BP terms were overrepresented with adjusted p-value < 0.05. The simplify function was also applied to these 1155 terms, and 239 terms were kept in the end. The top two (with the smallest adjusted p-value) were muscle system process (GO:0003012) and cell–cell adhesion via plasma membrane adhesion molecules (GO:0098742). When the 239 terms were ordered according to the number of Yang genes that were involved in the GO-BP terms (“Count”), nine terms included more than 100 Yang genes. Muscle system process (GO:0003012) was the top one which included 127; positive regulation of cell migration (GO:0030335) included 114; organic hydroxy compound metabolic process (GO:1901615) included 110, and epithelial cell proliferation (GO:0050673) includes 101 of the 2814 Yang genes. Figure 2 shows the top 30 most significant (according to the p-value) terms in the Yin and Yang gene lists, respectively.




2.2. Curated Data Sets


To train sample-specific models, data sets from multiple platforms were curated and are summarized in Table 1. The sequence-based predicted TF-binding profile matrix between 795 TFs and 2492 distinct genes were downloaded from TRRUST v2.0 [16]. We also curated ChIP-seq TF-binding site data for 125 TFs from ReMap v1.2 [17]. Among the 125 TFs, 95 were derived from luminal A cell lines (with the majority (78) being MCF-7), 6 were from luminal B cell lines, 8 were from Her2-enriched cell lines, and 16 were from TN cell lines. The miRNA-binding profile matrix between 15,168 target genes and 600 miRNAs (see details in Materials and Methods section) was obtained from starBase v3.0 [18]. Based on the data from different platforms, we kept the common samples, Yin and Yang genes, and miRNAs for which data were available across different platforms. In the end, there were 391 common tumor samples with 3008 Yin/Yang genes, 795 TFs and 362 miRNAs (Table 1). For the 391 breast tumors, the expression, CNV and DM of the 3008 genes, and the expression of the 362 miRNAs were available. The interaction data between the 795 TFs or the 362 miRNAs and the 3008 genes were also obtained. Among the 391 tumors, 239 were Luminal A, 74 were Luminal B, 21 were Her2-enriched, and 57 were TN.




2.3. Construction of The Tumor-Specific Lasso Regression Models


The lasso regularized linear regression approach was applied to the 391 breast tumor profiles, and a model was trained for each tumor independently. In the end, W = (WCN, WDM, WmiR, WTF) was the vector of regression coefficients for each tumor. Combing the 391 tumor-specific models, the following matrices were obtained for further analyses: {w}N×M, where N is the 391 tumors/models and M is the 1159 features (CNV, DM, 795 TFs and 362 miRNAs).



To justify our model formalism, we compared models with different numbers of features in terms of their abilities to explain expression changes of the Yin and Yang genes in BC. Figure 3a illustrates the 10-fold cross validation (CV) results as a distribution of the correlation calculated across all 391 samples for each model. Unsurprisingly, the model with all features (red, right most in Figure 3a) performed the best and significantly better (p-value < 2.2 × 10−16, Wilcoxon signed rank test) than all the other alternatives, achieving a mean Spearman correlation of 0.273. Comparing the best model with other models (where some regulatory factors were excluded), it is remarkable to observe that a significant improvement in CV performance (p-value < 2.2 × 10−16, Wilcoxon signed rank test) is attributable to the addition of DNA methylation.



We further compared two alternative models using CNV, DM and miRNA-binding site data, but with different TF-binding site data from TRRUST (the model used in this study) and ReMap, respectively. We then compared the two models in terms of the Spearman correlation between the predicted and observed gene expression changes via 10-fold CV. We found that the second model using ReMap performed significantly better than the first model (p-value < 2.2 × 10−16, Wilcoxon signed rank test) (Figure 3b). Therefore, TF-target interaction data derived from the ChIP-seq method conferred significantly higher explanatory power than the binding motif-based TRRUST database for the Yin and Yang gene expression changes in BC. This is not surprising, because ReMap contains experimentally determined TF binding sites whereas TRRUST predicts potential TF binding sites. Nevertheless, we decided to use the TRRUST model because of the limited ChIP-seq TF-binding site data that were available. In addition, the majority of the ChIP seq data in ReMap were derived from MCF-7 and other luminal cell lines. Therefore, these data do not have representative cell lines from all of the BC types. Such overrepresentation of one BC type could bias any potential predictive capabilities of our model.




2.4. Identification of Key Regulators in Subtypes


To determine the most predominant TF/miRNA regulators that regulate Yin and Yang gene expression in different BC subtypes, we performed a feature selection procedure. With a threshold corresponding to an FDR of 0.05 relative to regression models trained on randomized data, we identified 25, 20, 15 and 24 key regulators for the luminal A, luminal B, Her2-enriched and TN subtypes, respectively. Table 2 summarizes the key shared and subtype-specific regulators for the four subtypes identified by our analysis. No significant regulators were found to be unique to the Her2-enriched subtype alone. Regulators that are shared among all four subtypes are considered to be common regulators, including 2 TFs (E2F1 and CITED2) and 7 miRNAs. E2F1, a member of the E2F transcription factors, plays a crucial role in the control of cell cycle and action of tumor suppressor proteins [19]. E2F1 was significantly upregulated in all four subtypes compared to normal samples in the TCGA data set (p-value < 0.05, t-test). CITED2 is a part of the CBP/p300 transcription complex and is known to increase PPARA transcription [20] and enhance ER mediated transcription [21]. It is known to be a potent prognostic predictor associated with proliferation, migration and chemo-resistance in breast carcinoma [22] and was significantly downregulated in BC compared to normal samples in the TCGA data set (p-value < 0.05, t-test).



Among the 7 common miRNAs, 3 miRNAs (hsa-miR-340-5p, hsa-miR-32-5p and hsa-miR-3150b-3p) were upregulated (p-value < 0.05, t-test), while 3 miRNAs (hsa-miR-374b-5p, hsa-miR-664b-3p and hsa-miR-296-5p) were downregulated (p-value < 0.05, t-test) in each of the four subtypes compared to normal samples. Only hsa-miR-361-3p showed no significant difference between each subtype and normal samples. Targets of hsa-miR-340-5p include oncogenes such as KRAS and MET [23]. hsa-miR-32-5p was previously reported to modulate vascular smooth muscle cell (VSMC) calcification progression by downregulating PTEN, and thus activating PI3K signaling and increasing RUNX2 expression and phosphorylation in mice [24]. High levels of hsa-miR-374b-5p have been observed to correlate with favorable outcomes in TNBC [25]. hsa-miR-296-5p was shown to play a tumor-suppressive role by directly targeting Pin1 in prostate cancer [26].




2.5. Identification of Key Regulators in TN Subtype


Since there are no effective targeted drug therapies available for the TN subtype, it is necessary to investigate the key regulators in this subtype more closely. A total of 24 predominant regulators, consisting of 6 TFs and 18 miRNAs, satisfied a 5% FDR cutoff for the TN subtype. Figure 4 shows the results of the feature selection analysis for the TN subtype, with miRNAs and TFs sorted by the increase in total square loss incurred by their individual removal from the model. Most regulators were not chosen in any of the TN regression models and therefore led to zero change in loss, while only the 24 key regulators passed the FDR cutoff (red dots in Figure 4). To examine the biological functions of these TN regulators, we performed a functional enrichment analysis using their associated Yin and Yang targets. Based on enrichments for canonical pathways from the Molecular signatures database (MSigDB) [27], we discovered several interesting functions related to the TN regulators (FDR < 0.05, Table 3). For instance, 11 of the 24 selected regulators are engaged in pathways in cancer (KEGG_PATHWAYS_IN_CANCER) whereas 7 of the 24 regulators are involved in the cell-matrix adhesion pathway (KEGG_FOCAL_ADHESION) (see Table 3). Additionally, has-miR-340-5p and E2F1 are part of the RB1 pathway (PID_RB_1PATHWAY) and P53 pathway (PID_P53_DOWNSTREAM_PATHWAY).



In our previous study, we identified the top Yin (upregulated) FOXM1 and the top Yang (downregulated) PPARA pathways [28]. Remarkably, in this study, we found that six TN regulators (PPARG, PPARA, hsa-miR-9-3p, hsa-miR-664b-3p, hsa-miR-340-5p and hsa-miR-129-5p) regulate the PPARA pathway (BIOCARTA_PPARA_PATHWAY), while two TN regulators (hsa-miR-340-5p and E2F1) regulate the FOXM1 pathway (PID_FOXM1_PATHWAY). In addition, targets of PPARG, PPARA and hsa-miR-340-5p are enriched in the PPAR pathway (KEGG_PPAR_SIGNALING_PATHWAY), which has similar mechanisms to the PPARA pathway. This further supports the importance of the PPARA and FOXM1 pathways and their regulators in TNBC.




2.6. Regulatory Network Involving The TN Regulators


To visualize the regulatory relationships between the TN regulators and their target Yin and Yang genes involved in the PPARA, PPAR and FOXM1 pathways, the interactions between 23 TN regulators and 51 Yin/Yang genes were imported into Cytoscape v3.5.1 [29] to construct a network. In Figure 5a, the resulting regulatory network is densely connected, implying that the TN regulators we identified shared many common Yin and Yang target genes involved in the PPARA, PPAR and FOXM1 pathways. We examined the hierarchical organization of the select subnetwork of PPARA and PPARG regulators. A two-layer network architecture formed with PPARA and PPARG, their targets, and the regulators that regulate their expression (Figure 5b). Specifically, 9 miRNAs and E2F1 form the top layer (master regulators), and PPARA and PPARG from the bottom layer (regulators that are regulated by the master regulators above it and regulate other Yin and Yang targets below it). Remarkably, the fact that 9 miRNAs regulate PPARA and PPARG and a large cohort of the PPARA, PPAR and FOXM1 pathway-related Yin and Yang genes either directly via base-pairing or indirectly via PPARA and PPARG provides further support of the important role of these 9 miRNAs as master regulators of the PPARA, PPAR and FOXM1 pathways in TNBC.




2.7. Clinical Relevance of The TN Regulators


To determine if Yin and Yang genes selected from the PPARA, PPAR and FOXM1 pathways were clinically relevant, we tested if they can be used to develop multigene signatures for TNBC prognosis. Yin (17) and Yang (34) genes from the pathways were then used to calculate the Yin Yang gene expression mean ratio (YMR) signature, which was developed previously [14]. The 51 gene YMR signature stratified the 112 TCGA TN samples into high- or low-risk groups with significant accuracy evaluated by both five-year overall survival (OS) (p-value = 5.0 × 10−2, log-rank test) (Figure 6a) and disease-specific survival (DSS) (p-value = 4.2 × 10−2, log-rank test) (Figure 6b). We further tested the YMR using the Breast Cancer International Consortium (METABRIC) TNBC dataset [30]. As shown in Figure 6c,d, the YMR signature significantly stratified the 127 TN patients into high- and low- risk OS (p-value = 2.1 × 10−2, log-rank test) and DSS groups (p-value = 4.3 × 10−3, log-rank test).



We next examined the implication of the expression of the above identified 24 regulators. We first evaluated the prognostic value of each regulator. Eight regulators showed a significant stratification in survival outcomes for TCGA TNBC patients (Supplementary file: Figure S1), and 11 regulators could significantly stratify TCGA BC patients (Supplementary file: Figure S2-1 and S2-2). 4 regulators (ATRX, NFKB1A, hsa-miR-23a-3p and hsa-miR-708-5p) could be a prognostic marker for both BC and TNBC patients. Combined risk score (CRS) models were then built using different TN regulators. The CRS computed from the 6 TFs could assign TN patients into high- and low-risk groups. The two groups showed a significant difference in OS time in both TCGA (p-value = 3.6 × 10−2, log-rank test) (Figure 7a) and METABRIC (p-value = 1.3 × 10−2, log-rank test) (Figure 7b) data sets. In addition, the CRS with all 24 regulators showed high-risk and low-risk group stratification significantly in terms of both OS (p-value = 5.2 × 10−2, log-rank test) (Figure 7c) and DSS (p-value = 4.4 × 10−2, log-rank test) (Figure 7d). However, we did not further validate the 24 regulator CRS signature due to the fact that we could not obtain gene and miRNA expression data for the 24 regulators for TN cases from other data sets.





3. Discussion


In this study, instead of building gene-specific models as done in most other studies [31], we built a sample-specific model to identify the key common and BC subtype-specific regulators for Yin and Yang genes with opposing effects. Remarkably, most of the identified regulators had been previously identified as being involved in breast carcinogenesis in the published literature. Among the TN regulators, PPARA and PPARG are two members of peroxisome proliferator-activated receptors (PPARs) that belong to the nuclear hormone receptor (HR) superfamily, which includes ERs and PRs [32]. PPARs affect the expression of target genes involved in cell proliferation, cell differentiation, and in immune and inflammation responses [33]. A genetic variant of PPARA has been linked to BC risk [34]. NFKBIA inhibits the oncogene nuclear factor-kappaB (NFkB). NFkB is constitutively activated in ER−negative and TN breast tumors, mediates adaptive resistance to ionizing radiation and chemotherapy, and is required for epithelial–mesenchymal transition (EMT) associated with metastatic progression of BC. NFKBIA deletions, leading to a haploinsufficient effect on NFKBIA expression and thus the transactivation of several NFkB target genes with important roles in TN breast carcinogenesis, are significantly associated with TN patients [35]. hsa-miR-423-5p has been observed to be upregulated in drug-resistant BC cells from the parental MDA-MB-231 cell line [36]. Downregulation of hsa-miR-92a-3p is associated with aggressive BC features and increased tumor macrophage infiltration [37]. hsa-miR-129-5p was reportedly downregulated in BC cells, in part because of promoter H3K27 methylation and also because it regulates EMT and multi-drug resistance [38]. One of the hsa-miR-129-5p target genes is CBX4, which is up-regulated in BC tissues and thus promotes cell proliferation [39]. The TN-specific regulator hsa-miR-9-3p has been observed as a novel tumor suppressor in gastric cancer [40]. In vitro, hsa-miR-9-3p has also been identified as a tumor-suppressor miRNA targeting β1 integrin in claudin-low TNBC cells, resulting in the sensitization of MDA-MB-231 cells to MEK inhibition [41]. There are seven TN miRNA regulators (hsa-miR-378a-5p, hsa-miR-708-5p, hsa-miR-889-3p, hsa-miR-3150b-3p, hsa-miR-374a-5p, hsa-miR-23a-3p and hsa-miR-28-5p), the targets of which are not enriched in canonical pathways. Many of them are also engaged in breast tumorigenesis. hsa-miR-378a-5p is believed to be a switch regulating the Warburg effect in BC [42]. Studies in BC have shown that hsa-miR-708-5p is a tumor suppressor through repression of invasion, proliferation, and potentially immune modulation [43]. hsa-miR-374a-5p could constitutively activate Wnt/β-catenin signaling to promote BC metastasis, and thus may serve as an anti-metastasis therapeutic target in BC [44]. hsa-miR-23a-3p was shown to be up-regulated in a variety of human cancers including BC and to exert an oncogenic function in human tumorigenesis [45].



When comparing models with different features, a significant improvement in CV performance was observed when DNA methylation was added to the models. DNA methylation for early detection and prognosis of breast cancer has been a recent topic of study. Fackler et al. found that promoter methylation of 4 genes (RASSF1A, CCND2, TWIST and HIN1) was more frequently detected in breast tumors than in normal tissue [46]. In another study, 10 hyper-methylated genes (APC, BIN1, BMP6, BRCA1, CST6, ESR-b, GSTP1, CDKN2A, P21 and TIMP3) were identified to distinguish between BC and normal tissues [47]. In our study, we identified CCND2, TWIST, BIN1, BMP6 and TIMP3 as Yang genes, underscoring the fact that DNA methylation is an important factor for explaining the Yin and Yang gene expression changes in BC.



It is noteworthy that many of the TN regulators were found to regulate the FOXM1 and PPARA pathways, which were identified as the top Yin (upregulated) and the top Yang (downregulated) pathways, respectively, in TNBC in our pervious study [28]. Stimulation of the PPARA pathway increases the volume and number for peroxisomes, which are responsible for, among other things, lipid metabolism. This pathway can also induce tumor cell apoptosis and includes 58 genes, such as the tumor suppressors RB1 and PIK3R1, oncogenes MYC and JUN, as well as TFs CITED2 and PPARA. Two TNBC TFs, PPARA and PPARG, were found to regulate the PPARA pathway. PPARA and PPARG ligands, known as peroxisome proliferators, have been shown to induce cell cycle arrest at the G1 phase of the cell cycle to prompt the differentiation of liposarcoma, colon, prostate and BC cells, conferring a less malignant phenotype to the cells [28]. PPARA and PPARG are also involved in the regulation of cholesterol metabolism [48], which was shown to regulate cell adhesion in breast cancer cell lines [49].



The FOXM1 pathway involves both the cell cycle and DNA damage repair ultimately promoting tumor cell proliferation. Forty genes are engaged in this pathway, including tumor suppressors (such as BRCA2, CDKN2A, CHEK2 and RB1), oncogene MYC, cyclins (CCNA2, CCNB1, CCNB2, CCND1 and CCNE1), cyclin-dependent kinases (CDK1, CDK2 and CDK4), ESR1, FOXM1 as well as NEK2. NEK2, a cell cycle dependent serine-threonine kinase, was also identified as a Yin gene in this study, and is regulated by 4 of the 24 TN regulators. NEK2 has been shown to be upregulated in cancers such as lymphoma, cholangiocarcinoma, breast, prostate and cervical [50]. NEK2 functions in the regulation of mitotic spindle formation, chromosome segregation, cell division, carcinogenesis and the tumorigenic growth of breast cancer [51,52]. FOXM1 is one of the most important oncogenic transcription factors overexpressed in various human cancers [53]. It regulates all hallmarks of cancer, including proliferation, mitosis, EMT, invasion and metastasis [54]. FOXM1 has been found to be overexpressed in 85% of TNBCs [53], and has been identified as the key transcriptional driver in the differentially expressed gene signature of TNBCs [55]. FOXM1 could promote TNBC proliferation, invasion and tumorigenesis by directly binding to and transcriptionally regulating expression of eukaryotic elongation factor 2 kinase (eEF2K) [53]. FOXM1 also plays a role in autophagy by transcriptionally regulating the Beclin-1 and LC3 genes in TNBCs [56]. Therefore, inhibition of FOXM1 transcription factor function is a potential strategy for overcoming TNBC progression.



A limitation of this study is the use of the motif-based TF binding data. Studies have shown that the ChIP-seq TF binding data conferred significantly higher explanatory power than the motif-based TF binding data for mRNA expression levels [31]. We observed the same phenomenon, finding that experimentally derived ChIP seq data from ReMap resulted in a significantly higher spearman correlation than the motif based TRRUST (Figure 3b). Unfortunately, the ChIP-seq data from ReMap were available for only a subset of the TFs in a limited number of BC cell lines that did not have representatives from each BC subtype. In fact, the majority were from MCF-7 cell lines. Therefore, a reasonable alternative for us was to use the motif-based TF-target interaction data, since it is not representative of any particular BC cell subtype.




4. Materials and Methods


4.1. TCGA Data Collection


The TCGA multi-omics Level 3 processed data including mRNA/miRNA expression profiles, DM and CNV data, were retrieved for breast tumor samples from the UCSC Xena browser (http://xena.ucsc.edu/). Only mRNA/miRNA expression data were downloaded for normal samples. Expression data for mRNA were transformed in RNA-seq by Expectation-Maximization (RSEM) values from the Illumina HiSeq 2000 RNA Sequencing platform were transformed to log2(RSEM+1) to estimate the gene-level transcription. We included miRNA mature strand expression data by RNA-seq (IlluminaHiseq 2000). For each sample, all isoform expression in reads per million miRNAs mapped (RPM) values for the same miRNA mature strand were added together and the log2(total_RPM+1) transformation was applied to estimate the miRNA expression level. The miRNA IDs from miRBase Release 22.1 were used [57]. The mRNA and miRNAs with missing values in more than 50% of the tumor and normal samples were removed. For DM data, we used the Illumina methylation450 data and beta values as the methylation scores. When multiple scores were available for the same gene, we took the average. For CNV data, we used the whole genome microarray data, which were estimated at the gene level using the GISTIC2 method. In addition, clinical data for BC patients were downloaded from the Firehose TCGA data portal (http://firebrowse.org/). Patients with information on their immunohistochemistry (IHC) status of three receptors (ER, PR, HER2) available were categorized into four molecular subtypes: (1) luminal A (ER+ and/or PR+ and HER2−); (2) luminal B (ER+ and/or PR+ and HER2+); (3) Her2-enriched (ER− and PR− and HER2+); (4) triple-negative (ER− and PR− and HER2−).




4.2. Target Prediction for miRNAs and TFs


To get the highest number of publicly available miRNA-target pairs into the regression models, we used the StarBase v3.0 database, which contains the amalgamation of miRNA–mRNA interactions predicted by seven algorithms (PITA, RNA22, miRmap, microT, miRanda, PicTar, TargetScan) [18]. In our study, among the miRNA–target gene pairs, those predicted by at least one algorithm were selected. Binding site predictions for human sequence-specific TFs based on motif hits were used and downloaded from TRRUST v2.0 [16].



We also curated ChIP-seq-derived TF binding data from ReMap v1.2 [17]. ReMap contains a catalog of regulatory regions by compiling the genomic localization of 485 different transcriptional regulators (TRs) across 346 different human cell lines and tissue types. This database is based on the latest 1066 Encyclopedia of DNA Elements (ENCODE) ChIP-seq datasets [58], as well as 1763 non-ENCODE datasets selected from Gene Expression Omnibus [59] and ArrayExpress [60]. In total, ChIP-seq data were obtained for 125 TFs across 13 diverse untreated BC cell lines. We defined the promoter region for each gene as 2000 bp upstream to 200 bp downstream from the transcription start site (TSS), based on Homo sapiens (GRCh38/hg38) annotation. We then annotated the peaks within promoters for each TF using the R package ChIPpeakAnno [61], and averaged the TF binding scores for multiple peaks to represent a single binding site per TF–gene pair.




4.3. Identification of Yin and Yang Genes


DEGs were determined using the R package limma [62] with the gene expression values for the tumor (n = 1104) and normal breast tissue (n = 114) samples from TCGA. DEGs with FDR < 0.05 and an absolute value of logFC not less than 1 were considered to be Yin and Yang genes and were selected for further analysis.




4.4. Tumor-Specific Lasso Regression Models


We trained linear regression models separately for each tumor sample to explain log gene expression fold changes (tumor versus normal tissue), using CNV, TF binding site counts in the gene’s promoter, and miRNA binding site counts in the gene’s 3′UTR as covariates in the models. Tumor-specific miRNA expression fold changes (tumor versus normal tissue) were used to restrict the miRNAs that can be used as explanatory variables. Specifically, suppose there are N tumor samples, G Yin and Yang genes (g), M miRNAs and T TFs. For each sample n, we observed the log expression fold change in the tumor (relative normal tissue), CNV and DM value for gene g, as well as the log expression fold change in the tumor (compared to normal tissue) for all the M miRNAs (together provided by TCGA). The binding site count for TFs or miRNAs in the gene’s promoter or 3′UTR, however, were not available for each sample, but rather were estimated by sequence-derived methods using the TRRUST v2.0 [16] and starBase v3.0 [18], respectively. In this study, N = 391, G = 3008, M = 362 and T = 795.



To avoid overfitting in the presence of noisy expression data and a large number of explanatory variables, regularized regression via a lasso constraint [63] was used to identify a small number of TFs and miRNAs that best explain changes in gene expression on a sample-by-sample basis. The lasso constraint enforces sparsity in the learned parameters, with the result that most of the regression coefficients are zero. This reduces the number of features included in the model, leading to better prediction accuracy and more interpretable results. The sample-by-sample approach trains a regression model for each tumor sample independently, and does not use information about the tumor’s assignment to previously defined transcriptomic subtypes. The regularization parameter λ controls the degree of sparsity in the trained model was determined by 10-fold CV.



The regression coefficient of each regulator (TF, miRNA) establishes the importance of the corresponding regulatory element for the prediction of gene expression changes, while the sign of the coefficient can be interpreted as the predicted direction of regulation. This can be formulated as a regression model with equation (1), where yg is the log expression fold change in the tumor (relative normal tissue) for gene g; Cg and Dg are the gene’s CNV and DM values, respectively; Ng,TF and Ng, miR are the number of binding sites for TF or miRNA in the gene’s promoter or 3′UTR, respectively; and W = (WCN, WDM, WmiR, WTF) is the model vector of regression coefficients.




yg = WCNCg + WDMDg + ∑TF ∈1, …, TWTFNg,TF + ∑miR ∈ 1, …, MWmiRNg,miR 



(1)





We further compared the performance of models trained with different numbers of features. The sample-specific models were first built with only miRNAs-binding sites as features. The other features, TFs-binding sites, CNV and DM, were added to the models one by one. For each modeling method and each sample, the Spearman correlation was computed using 10-fold CV on held-out genes. Specifically, for each tumor, we performed a 10-fold CV by training a model with given features on 90% of the genes and testing its predictions on the remaining 10% of genes. After each CV run, we obtained the Spearman rank correlation between the predicted and the observed Yin and Yang gene expression changes for the model in the tumor. In this way, the mean CV Spearman rank correlation was obtained for each model in each tumor. By contrast, we randomized the output gene expression changes, then trained sample-specific regression models.




4.5. Feature Selection to Identify the Key Regulators


Similar to the definition in reference [12], a feature selection procedure was performed using a scoring technique. Specifically, for a given subtype S, the regression coefficient of each single regulator r (TF or miRNA) was set to zero for all samples belonging to this subtype S, and the change in total squared loss L over all genes was computed in these samples as score(r, S). The formula is as follows:


scorer, S = ∑g ∈1, …, Gscorer,S, g=∑g ∈ 1, …, G ∑k ∈ SLyg,k,Wkr→0·Xg,k−Lyg,k,Wk·Xg,k  



(2)




where k indexes the tumor samples and g indexes the Yin and Yang genes, yg, k is the expression change of gene g in sample k, Xg, k is the vector of TF and miRNA binding site counts for gene g and the CNV and DM of gene g in sample k, and S ranges over the set of the four subtypes. L is squared loss and Wkr→0 denotes the model vector obtained from Wk by setting the coefficient Wkr to 0. This score measures the degree of influence of the regulator in predicting the changes in gene expression. The high-scoring regulators, the removal of which caused large increases in loss over the samples in each BC subtype, were considered key regulators.



To further assess the statistical significance of the feature scores, we derived the randomized data by permuting the motif hit over the genes independently for each TF/miRNA. We carried out the tumor-specific lasso training procedure on randomized data 5000 times, and then computed the resulting random score distribution for each regulator and each subtype. The empirical p-value for each regulator and subtype was calculated based on these distributions and adjusted for multiple testing over the TF/miRNA regulators using the Benjamini–Hochberg (BH) method to produce FDR. Subtype-specific key regulators were finally selected with FDR < 0.05.




4.6. Network Construction


To construct the network, the TF/miRNA–gene pairs involving nonzero binding hits between the 24 TN regulators and all the identified Yin and Yang genes were first compiled. We then extracted the gene sets of the three pathways (BIOCARTA_PPARA_PATHWAY, KEGG_PPAR_SIGNALING_PATHWAY and PID_FOXM1_PATHWAY) from MSigDB [27] and filtered the regulator–gene pairs by gene sets of the three pathways. A matrix (262 rows by 3 columns), containing 262 interactions between 23 TN regulators and 51 Yin/Yang genes, was thus generated. In the matrix, the first column is the selected TN regulators, used as the source node for the network; the second column is the corresponding targets, which are members of at least one of the three pathways and used as the target nodes for the network; the third column is the number of hits between the regulator–target pairs and used as the interaction for the network. Finally, the matrix was imported into Cytoscape v3.5.1 [29] to generate the network.




4.7. Gene Annotation


Gene ontology (GO) annotation was performed on the selected Yin and Yang genes using the R package clusterProfiler [15], with respect to the GO terms in Biological process (BP) (GO-BP) as the reference gene sets. The hypergeometric method was used to find the over-represented GO-BP terms in the identified Yin and Yang genes. The maximum gene set size was 500, while the minimum gene set size was 10. The resulting p-values were adjusted for multiple testing with the BH method. GO-BP terms with an adjusted p-value smaller than 0.05 were considered to be significantly over-represented in the Yin or Yang genes.



We also performed a functional enrichment analysis using targets of the selected TN regulators. Specifically, we extracted the predicted targets with nonzero binding sites provided by TRRUST v2.0 (starBase v3.0) for each of the selected TFs (miRNAs). For each regulator, the target list was intersected with the identified Yin and Yang genes, and only targets that were also Yin/Yang genes were kept for the regulator. We then downloaded canonical pathways from MSigDB (c2.cp.v6.2.entrez.gmt) [27]. For each target list, we assessed their enrichment for each canonical pathway with a hypergeometric test using clusterProfiler [15]. The maximum gene set size was 500, while the minimum gene set size was 2. The multiple test p-value was adjusted by the BH method to produce FDR, and we identified pathways related to the selected regulators with enrichment where FDR < 0.01.




4.8. Potential Clinical Outcome Association Analysis


Datasets from the TCGA [55] and METABRIC [30] databases were used to analyze clinical outcome associations. For TCGA BC patients, curated clinical TCGA data from a study [64] were downloaded from UCSC Xena. The study highlighted four types of carefully curated survival endpoints, and recommended the use of the endpoints of overall survival (OS), disease-specific survival (DSS), progression-free interval (PFI) and disease-free interval (DFI) for each TCGA cancer type. For METABRIC, the discovery set was used. The normalized gene expression levels were obtained from the European Genome-Phenome Archive (https://ega-archive.org/dacs/EGAC00001000484), and the curated clinical data were downloaded from a previous study [30]. TN cases (127 out of 997 breast cancer cases) with survival data (OS and DSS) and normalized gene expression profiles were selected for the following survival analysis.



To examine whether each of the 24 TNBC regulators alone could be a prognostic marker for BC patients, we performed survival analysis for each regulator in the TNBC and BC cohorts from TCGA. The mean expression level of a given regulator was used as the cutoff to stratify patients into two groups. Kaplan–Meier (KM) survival analysis with different endpoints (OS, DSS, PFI, DFI) was performed, using the R package survcomp [65] to examine the survival differences between the two groups.



To build the YMR signature [14], 17 Yin and 34 Yang genes that were members of at least one of the three pathways (PPARA, PPAR and FOXM1) and were targets of at least one of the 24 TN regulators were selected. The YMR was built using the 112 TCGA TN samples. Specifically, the YMR signature score was computed for each case independently by using the ratio of the mean of the 17 Yin genes to the mean of the 34 Yang genes. The TN samples were then stratified into high-risk and low-risk groups using the mean of the YMR scores as the cutoff. Cases with a YMR score above the cutoff were assigned to the high-risk group, while cases below the cutoff were grouped into low-risk group. We performed KM survival analysis to examine the prognostic power of the YMR signature. We further evaluated the reproducibility of the 31 gene YMR signature by testing the statistical association of the YMR scores with the clinical outcome in the 127 TNBC samples of METABRIC discovery set.



Additionally, we built the CRS signature using the 6 TFs of the 24 regulators. For each TF, the association between its expression and the patient’s OS outcome was determined using the univariate Cox proportional hazards (Cox) model [66] in the 112 TCGA TN samples, and the coefficient was extracted from the Cox model. With the expression (xi) and the corresponding coefficient (coefi) of the 6 TFs, we calculated the CRS as sum (xi × coefi). TN patients with CRSs were binarized into high-risk and low-risk groups using the xtile function in the R package statar with a probability parameter set to 0.65. The survival differences between the high- and low- risk groups were assessed by KM curves. We further tested the prognostic power of the 6-TF CRS signature in METABRIC TNBC data. In the same way, the CRS was computed using all 24 regulators for TN samples in TCGA data set.





5. Conclusions


Using the lasso regularized linear regression approach, we identified the subtype-specific as well as common TFs/miRNAs in BC. Many of the regulators identified in TNBC were found to regulate the FOXM1, PPARA and PPAR pathways. Therefore, further exploring these pathways and their regulators potentially could provide novel drug targets that may yield new treatment options for TNBC patients. The Yin and Yang genes from the three pathways can also be used to build a multigene YMR signature to stratify TNBC further for prognosis. The resulting TNBC groups exhibit different clinical outcomes, which supports the utility of our approach.
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Author Contributions


S.H., W.X., P.H. and T.M.L. were involved in the conceptualization, development of methodologies and writing, reviewing and editing the manuscript; W.X., P.H. and T.M.L. were involved in supervision, project administration and funding acquisition.




Funding


This study was supported by Canadian Breast Cancer Foundation (CBCF-Prairies NWT, and by a Cancer Care Manitoba Foundation (CCMF) grant to W.X. This research was also funded by a Canadian Breast Cancer Foundation grant to P.H., the University of Manitoba, the University Collaborative Research Program (UCRP Project number 48819), the University Research Grants Program (URGP Project number 49707), the Natural Sciences and Engineering Research Council (NSERC) Canada [RGPIN-2015-06543, 2015-2020] and the Tri-Agency Bridge funding program (Project number 49933) to T.M.L.




Conflicts of Interest


The authors declare no conflict of interest.




References


	



Ferlay, J.; Soerjomataram, I.; Dikshit, R.; Eser, S.; Mathers, C.; Rebelo, M.; Parkin, D.M.; Forman, D.; Bray, F. Cancer incidence and mortality worldwide: Sources, methods and major patterns in GLOBOCAN 2012. Int. J. Cancer 2015, 136, E359–E386. [Google Scholar] [CrossRef] [PubMed]

	



Siegel, R.L.; Miller, K.D.; Jemal, A. Cancer statistics, 2017. CA Cancer J. Clin. 2017, 67, 7–30. [Google Scholar] [CrossRef]

	



Alizart, M.; Saunus, J.; Cummings, M.; Lakhani, S.R. Molecular classification of breast carcinoma. Diagn. Histopathol. 2012, 18, 97–103. [Google Scholar] [CrossRef]

	



Perou, C.M.; Sørlie, T.; Eisen, M.B.; Van De Rijn, M.; Jeffrey, S.S.; Rees, C.A.; Pollack, J.R.; Ross, D.T.; Johnsen, H.; Akslen, L.A. Molecular portraits of human breast tumours. Nature 2000, 406, 747. [Google Scholar] [CrossRef] [PubMed]

	



Rakha, E.A.; Reis-Filho, J.S.; Ellis, I.O. Basal-like breast cancer: A critical review. J. Clin. Oncol. 2008, 26, 2568–2581. [Google Scholar] [CrossRef]

	



Cava, C.; Bertoli, G.; Castiglioni, I. Integrating genetics and epigenetics in breast cancer: Biological insights, experimental, computational methods and therapeutic potential. BMC Syst. Biol. 2015, 9, 62. [Google Scholar] [CrossRef] [PubMed]

	



Peng, Y.; Croce, C.M. The role of MicroRNAs in human cancer. Signal Transduct. Target. Ther. 2016, 1, 15004. [Google Scholar] [CrossRef] [PubMed][Green Version]

	



Chi, C.; Murphy, L.C.; Hu, P. Recurrent copy number alterations in young women with breast cancer. Oncotarget 2018, 9, 11541. [Google Scholar] [CrossRef] [PubMed]

	



Vaquerizas, J.M.; Kummerfeld, S.K.; Teichmann, S.A.; Luscombe, N.M. A census of human transcription factors: Function, expression and evolution. Nat. Rev. Genet. 2009, 10, 252. [Google Scholar] [CrossRef]

	



Xu, T.; Le, T.D.; Liu, L.; Wang, R.; Sun, B.; Li, J. Identifying Cancer Subtypes from miRNA-TF-mRNA Regulatory Networks and Expression Data. PLoS ONE 2016, 11, e0152792. [Google Scholar] [CrossRef] [PubMed]

	



ÖZtemur IslakoĞLu, Y.; Noyan, S.; GÜR DedeoĞLu, B. hsa-miR-301a- and SOX10-dependent miRNA-TF-mRNA regulatory circuits in breast cancer. Turk. J. Biol. 2018, 42. [Google Scholar] [CrossRef]

	



Setty, M.; Helmy, K.; Khan, A.A.; Silber, J.; Arvey, A.; Neezen, F.; Agius, P.; Huse, J.T.; Holland, E.C.; Leslie, C.S. Inferring transcriptional and microRNA-mediated regulatory programs in glioblastoma. Mol. Syst. Biol. 2012, 8, 605. [Google Scholar] [CrossRef]

	



Huang, S.; Kurubanjerdjit, N.; Xu, W. Two opposing effects (Yin and Yang) determine cancer progression. Criti. Rev. Oncog. 2017, 22, 143–155. [Google Scholar] [CrossRef]

	



Xu, W.; Jia, G.; Cai, N.; Huang, S.; Davie, J.R.; Pitz, M.; Banerji, S.; Murphy, L. A 16 Y in Y ang gene expression ratio signature for ER+/node− breast cancer. Int. J. Cancer 2017, 140, 1413–1424. [Google Scholar] [CrossRef]

	



Yu, G.; Wang, L.-G.; Han, Y.; He, Q.-Y. clusterProfiler: An R package for comparing biological themes among gene clusters. Omics J. Integr. Biol. 2012, 16, 284–287. [Google Scholar] [CrossRef]

	



Han, H.; Cho, J.W.; Lee, S.; Yun, A.; Kim, H.; Bae, D.; Yang, S.; Kim, C.Y.; Lee, M.; Kim, E.; et al. TRRUST v2: An expanded reference database of human and mouse transcriptional regulatory interactions. Nucleic Acids Res. 2018, 46, D380–D386. [Google Scholar] [CrossRef]

	



Cheneby, J.; Gheorghe, M.; Artufel, M.; Mathelier, A.; Ballester, B. ReMap 2018: An updated atlas of regulatory regions from an integrative analysis of DNA-binding ChIP-seq experiments. Nucleic Acids Res. 2018, 46, D267–D275. [Google Scholar] [CrossRef]

	



Li, J.-H.; Liu, S.; Zhou, H.; Qu, L.-H.; Yang, J.-H. starBase v2. 0: Decoding miRNA-ceRNA, miRNA-ncRNA and protein–RNA interaction networks from large-scale CLIP-Seq data. Nucleic Acids Res. 2013, 42, D92–D97. [Google Scholar] [CrossRef]

	



Denechaud, P.-D.; Fajas, L.; Giralt, A. E2F1, a novel regulator of metabolism. Front. Endocrinol. 2017, 8, 311. [Google Scholar] [CrossRef]

	



Tien, E.S.; Davis, J.W.; Heuvel, J.P.V. Identification of the CREB-binding protein/p300-interacting protein CITED2 as a peroxisome proliferator-activated receptor α coregulator. J. Biol. Chem. 2004, 279, 24053–24063. [Google Scholar] [CrossRef]

	



Lau, W.M.; Doucet, M.; Huang, D.; Weber, K.L.; Kominsky, S.L. CITED2 modulates estrogen receptor transcriptional activity in breast cancer cells. Biochem. Biophys. Res. Commun. 2013, 437, 261–266. [Google Scholar] [CrossRef]

	



Minemura, H.; Takagi, K.; Sato, A.; Takahashi, H.; Miki, Y.; Shibahara, Y.; Watanabe, M.; Ishida, T.; Sasano, H.; Suzuki, T. CITED 2 in breast carcinoma as a potent prognostic predictor associated with proliferation, migration and chemoresistance. Cancer Sci. 2016, 107, 1898–1908. [Google Scholar] [CrossRef]

	



Unterbruner, K.; Matthes, F.; Schilling, J.; Nalavade, R.; Weber, S.; Winter, J.; Krauß, S. MicroRNAs miR-19, miR-340, miR-374 and miR-542 regulate MID1 protein expression. PLoS ONE 2018, 13, e0190437. [Google Scholar] [CrossRef]

	



Liu, J.; Xiao, X.; Shen, Y.; Chen, L.; Xu, C.; Zhao, H.; Wu, Y.; Zhang, Q.; Zhong, J.; Tang, Z. MicroRNA-32 promotes calcification in vascular smooth muscle cells: Implications as a novel marker for coronary artery calcification. PLoS ONE 2017, 12, e0174138. [Google Scholar] [CrossRef]

	



Chang, J.T.; Wang, F.; Chapin, W.; Huang, R.S. Identification of MicroRNAs as breast cancer prognosis markers through the cancer genome atlas. PLoS ONE 2016, 11, e0168284. [Google Scholar] [CrossRef]

	



Lee, K.-H.; Lin, F.-C.; Hsu, T.-I.; Lin, J.-T.; Guo, J.-H.; Tsai, C.-H.; Lee, Y.-C.; Lee, Y.-C.; Chen, C.-L.; Hsiao, M. MicroRNA-296-5p (miR-296-5p) functions as a tumor suppressor in prostate cancer by directly targeting Pin1. Biochim. Biophys. Acta (BBA) Mol. Cell Res. 2014, 1843, 2055–2066. [Google Scholar] [CrossRef][Green Version]

	



Subramanian, A.; Tamayo, P.; Mootha, V.K.; Mukherjee, S.; Ebert, B.L.; Gillette, M.A.; Paulovich, A.; Pomeroy, S.L.; Golub, T.R.; Lander, E.S. Gene set enrichment analysis: A knowledge-based approach for interpreting genome-wide expression profiles. Proc. Natl. Acad. Sci. USA 2005, 102, 15545–15550. [Google Scholar] [CrossRef][Green Version]

	



Narrandes, S.; Huang, S.; Murphy, L.; Xu, W. The exploration of contrasting pathways in Triple Negative Breast Cancer (TNBC). BMC Cancer 2018, 18, 22. [Google Scholar] [CrossRef]

	



Shannon, P.; Markiel, A.; Ozier, O.; Baliga, N.S.; Wang, J.T.; Ramage, D.; Amin, N.; Schwikowski, B.; Ideker, T. Cytoscape: A software environment for integrated models of biomolecular interaction networks. Genome Res. 2003, 13, 2498–2504. [Google Scholar] [CrossRef]

	



Curtis, C.; Shah, S.P.; Chin, S.-F.; Turashvili, G.; Rueda, O.M.; Dunning, M.J.; Speed, D.; Lynch, A.G.; Samarajiwa, S.; Yuan, Y. The genomic and transcriptomic architecture of 2,000 breast tumours reveals novel subgroups. Nature 2012, 486, 346. [Google Scholar] [CrossRef]

	



Li, Y.; Liang, M.; Zhang, Z. Regression analysis of combined gene expression regulation in acute myeloid leukemia. PLoS Comput. Biol. 2014, 10, e1003908. [Google Scholar] [CrossRef]

	



Tachibana, K.; Yamasaki, D.; Ishimoto, K. The role of PPARs in cancer. PPAR Research 2008, 2008, 102737. [Google Scholar] [CrossRef]

	



Peters, J.M.; Shah, Y.M.; Gonzalez, F.J. The role of peroxisome proliferator-activated receptors in carcinogenesis and chemoprevention. Nat. Rev. Cancer 2012, 12, 181. [Google Scholar] [CrossRef]

	



Lianggeng, X.; Baiwu, L.; Maoshu, B.; Jiming, L.; Youshan, L. Impact of Interaction Between PPAR Alpha and PPAR Gamma on Breast Cancer Risk in the Chinese Han Population. Clin. Breast Cancer 2017, 17, 336–340. [Google Scholar] [CrossRef]

	



Bredel, M.; Kim, H.; Nanda, T.; Scholtens, D.; Robe, P.; Branimir, S.; Bonner, J. Deletion of the tumor suppressor NFKBIA in triple-negative breast cancer. Int. J.Radiat. Oncol. Biol. Phys. 2013, 87, S98. [Google Scholar] [CrossRef]

	



Zhong, S.; Chen, X.; Wang, D.; Zhang, X.; Shen, H.; Yang, S.; Lv, M.; Tang, J.; Zhao, J. MicroRNA expression profiles of drug-resistance breast cancer cells and their exosomes. Oncotarget 2016, 7, 19601. [Google Scholar] [CrossRef]

	



Nilsson, S.; Möller, C.; Jirström, K.; Lee, A.; Busch, S.; Lamb, R.; Landberg, G. Downregulation of miR-92a is associated with aggressive breast cancer features and increased tumour macrophage infiltration. PLoS ONE 2012, 7, e36051. [Google Scholar] [CrossRef]

	



Luan, Q.; Zhang, B.; Li, X.; Guo, M. MiR-129-5p is downregulated in breast cancer cells partly due to promoter H3K27m3 modification and regulates epithelial-mesenchymal transition and multi-drug resistance. Eur. Rev. Med. Pharmacol. Sci. 2016, 20, 4257–4265. [Google Scholar]

	



Meng, R.; Fang, J.; Yu, Y.; Hou, L.; Chi, J.; Chen, A.; Zhao, Y.; Cao, X. miR-129-5p suppresses breast cancer proliferation by targeting CBX4. Neoplasma 2018, 65, 572. [Google Scholar] [CrossRef]

	



Meng, Q.; Xiang, L.; Fu, J.; Chu, X.; Wang, C.; Yan, B. Transcriptome profiling reveals miR-9-3p as a novel tumor suppressor in gastric cancer. Oncotarget 2017, 8, 37321. [Google Scholar] [CrossRef]

	



Barbano, R.; Pasculli, B.; Rendina, M.; Fontana, A.; Fusilli, C.; Copetti, M.; Castellana, S.; Valori, V.M.; Morritti, M.; Graziano, P. Stepwise analysis of MIR9 loci identifies miR-9-5p to be involved in Oestrogen regulated pathways in breast cancer patients. Sci. Rep. 2017, 7, 45283. [Google Scholar] [CrossRef]

	



Krist, B.; Florczyk, U.; Pietraszek-Gremplewicz, K.; Józkowicz, A.; Dulak, J. The role of miR-378a in metabolism, angiogenesis, and muscle biology. Int. J. Endocrinol. 2015, 2015, 281756. [Google Scholar] [CrossRef]

	



Monteleone, N.J.; Lutz, C.S. miR-708-5p: A microRNA with emerging roles in cancer. Oncotarget 2017, 8, 71292. [Google Scholar] [CrossRef]

	



Cai, J.; Guan, H.; Fang, L.; Yang, Y.; Zhu, X.; Yuan, J.; Wu, J.; Li, M. MicroRNA-374a activates Wnt/β-catenin signaling to promote breast cancer metastasis. J. Clin. Investig. 2013, 123, 566–579. [Google Scholar] [CrossRef][Green Version]

	



Wang, Z.; Wei, W.; Sarkar, F.H. miR-23a, a critical regulator of “migR” ation and metastasis in colorectal cancer. Cancer Discov. 2012, 2, 489–491. [Google Scholar] [CrossRef]

	



Fackler, M.J.; McVeigh, M.; Mehrotra, J.; Blum, M.A.; Lange, J.; Lapides, A.; Garrett, E.; Argani, P.; Sukumar, S. Quantitative multiplex methylation-specific PCR assay for the detection of promoter hypermethylation in multiple genes in breast cancer. Cancer Res. 2004, 64, 4442–4452. [Google Scholar] [CrossRef] [PubMed]

	



Nimmrich, I.; Sieuwerts, A.M.; Meijer-van Gelder, M.E.; Schwope, I.; Bolt-de Vries, J.; Harbeck, N.; Koenig, T.; Hartmann, O.; Kluth, A.; Dietrich, D. DNA hypermethylation of PITX2 is a marker of poor prognosis in untreated lymph node-negative hormone receptor-positive breast cancer patients. Breast Cancer Res. Treat. 2008, 111, 429–437. [Google Scholar] [CrossRef]

	



Lu, Y.; Harada, M.; Kamijo, Y.; Nakajima, T.; Tanaka, N.; Sugiyama, E.; Kyogashima, M.; Gonzalez, F.J.; Aoyama, T. Peroxisome proliferator-activated receptor α attenuates high-cholesterol diet-induced toxicity and pro-thrombotic effects in mice. Arch. Toxicol. 2019, 93, 149–161. [Google Scholar] [CrossRef]

	



Ruan, B.; Zhang, B.; Chen, A.; Yuan, L.; Liang, J.; Wang, M.; Zhang, Z.; Fan, J.; Yu, X.; Zhang, X. Cholesterol inhibits entotic cell-in-cell formation and actomyosin contraction. Biochem. Biophys. Res. Commun. 2018, 495, 1440–1446. [Google Scholar] [CrossRef]

	



Fang, Y.; Zhang, X. Targeting NEK2 as a promising therapeutic approach for cancer treatment. Cell Cycle 2016, 15, 895–907. [Google Scholar] [CrossRef][Green Version]

	



Tsunoda, N.; Kokuryo, T.; Oda, K.; Senga, T.; Yokoyama, Y.; Nagino, M.; Nimura, Y.; Hamaguchi, M. Nek2 as a novel molecular target for the treatment of breast carcinoma. Cancer Sci. 2009, 100, 111–116. [Google Scholar] [CrossRef][Green Version]

	



Cappello, P.; Blaser, H.; Gorrini, C.; Lin, D.; Elia, A.; Wakeham, A.; Haider, S.; Boutros, P.; Mason, J.; Miller, N. Role of Nek2 on centrosome duplication and aneuploidy in breast cancer cells. Oncogene 2014, 33, 2375. [Google Scholar] [CrossRef]

	



Hamurcu, Z.; Ashour, A.; Kahraman, N.; Ozpolat, B. FOXM1 regulates expression of eukaryotic elongation factor 2 kinase and promotes proliferation, invasion and tumorgenesis of human triple negative breast cancer cells. Oncotarget 2016, 7, 16619. [Google Scholar] [CrossRef]

	



O’Regan, R.M.; Nahta, R. Targeting forkhead box M1 transcription factor in breast cancer. Biochemical pharmacology 2018. [Google Scholar] [CrossRef]

	



Cancer Genome Atlas, N. Comprehensive molecular portraits of human breast tumours. Nature 2012, 490, 61–70. [Google Scholar] [CrossRef]

	



Hamurcu, Z.; Delibaşı, N.; Nalbantoglu, U.; Sener, E.F.; Nurdinov, N.; Tascı, B.; Taheri, S.; Özkul, Y.; Donmez-Altuntas, H.; Canatan, H. FOXM1 plays a role in autophagy by transcriptionally regulating Beclin-1 and LC3 genes in human triple-negative breast cancer cells. J. Mol. Med. 2019, 97, 491–508. [Google Scholar] [CrossRef]

	



Kozomara, A.; Griffiths-Jones, S. miRBase: Annotating high confidence microRNAs using deep sequencing data. Nucleic Acids Res. 2013, 42, D68–D73. [Google Scholar] [CrossRef]

	



Gerstein, M.B.; Kundaje, A.; Hariharan, M.; Landt, S.G.; Yan, K.-K.; Cheng, C.; Mu, X.J.; Khurana, E.; Rozowsky, J.; Alexander, R. Architecture of the human regulatory network derived from ENCODE data. Nature 2012, 489, 91. [Google Scholar] [CrossRef]

	



Barrett, T.; Wilhite, S.E.; Ledoux, P.; Evangelista, C.; Kim, I.F.; Tomashevsky, M.; Marshall, K.A.; Phillippy, K.H.; Sherman, P.M.; Holko, M. NCBI GEO: Archive for functional genomics data sets—Update. Nucleic Acids Res. 2012, 41, D991–D995. [Google Scholar] [CrossRef]

	



Kolesnikov, N.; Hastings, E.; Keays, M.; Melnichuk, O.; Tang, Y.A.; Williams, E.; Dylag, M.; Kurbatova, N.; Brandizi, M.; Burdett, T. ArrayExpress update—Simplifying data submissions. Nucleic Acids Res. 2014, 43, D1113–D1116. [Google Scholar] [CrossRef]

	



Zhu, L.J.; Gazin, C.; Lawson, N.D.; Pagès, H.; Lin, S.M.; Lapointe, D.S.; Green, M.R. ChIPpeakAnno: A Bioconductor package to annotate ChIP-seq and ChIP-chip data. BMC Bioinform. 2010, 11, 237. [Google Scholar] [CrossRef] [PubMed]

	



Ritchie, M.E.; Phipson, B.; Wu, D.; Hu, Y.; Law, C.W.; Shi, W.; Smyth, G.K. limma powers differential expression analyses for RNA-sequencing and microarray studies. Nucleic Acids Res. 2015, 43, e47–e47. [Google Scholar] [CrossRef][Green Version]

	



Tibshirani, R. Regression shrinkage and selection via the lasso. J. R. Stat. Soc. Ser. B (Methodol.) 1996, 58, 267–288. [Google Scholar] [CrossRef]

	



Liu, J.; Lichtenberg, T.; Hoadley, K.A.; Poisson, L.M.; Lazar, A.J.; Cherniack, A.D.; Kovatich, A.J.; Benz, C.C.; Levine, D.A.; Lee, A.V.; et al. An Integrated TCGA Pan-Cancer Clinical Data Resource to Drive High-Quality Survival Outcome Analytics. Cell 2018, 173, 400–416. [Google Scholar] [CrossRef]

	



Schröder, M.S.; Culhane, A.C.; Quackenbush, J.; Haibe-Kains, B. survcomp: An R/Bioconductor package for performance assessment and comparison of survival models. Bioinformatics 2011, 27, 3206–3208. [Google Scholar] [CrossRef] [PubMed]

	



Lin, D.Y.; Wei, L.J. The robust inference for the Cox proportional hazards model. J. Am. Stat. Assoc. 1989, 84, 1074–1078. [Google Scholar] [CrossRef]








[image: Cancers 11 00507 g001 550]





Figure 1. Study design. This study included three major parts. The first was to construct sample-specific models. Key regulators in different breast cancer subtypes were then identified from the models. Finally, we focused our follow-up exploration on the regulators in the TN subtype. 
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Figure 2. Top 30 over-represented gene ontology (GO) terms in biological process (BP) (GO-BP) terms in the Yin (a) and Yang (b) genes. “GeneRatio” in axis x is the ratio of the number of the identified Yin or Yang genes included in the corresponding term (“Count”) over the total number of the identified Yin or Yang genes. The y-axis is a description of GO-BP terms. 






Figure 2. Top 30 over-represented gene ontology (GO) terms in biological process (BP) (GO-BP) terms in the Yin (a) and Yang (b) genes. “GeneRatio” in axis x is the ratio of the number of the identified Yin or Yang genes included in the corresponding term (“Count”) over the total number of the identified Yin or Yang genes. The y-axis is a description of GO-BP terms.



[image: Cancers 11 00507 g002]







[image: Cancers 11 00507 g003 550]





Figure 3. Model comparison. (a) The boxplot shows Spearman correlations between predicted and actual gene expression changes for all samples in models with different regulators. Using only miRNA-binding sites as features was significantly better than random; adding TF-binding sites significantly improved CV performance over using only miRNAs-binding sites; adding CNV significantly improved CV performance over using only TF- and miRNA-binding sites, while the model using TF/miRNA-binding sites, CNV and DM outperformed the others. (b) Boxplot shows Spearman correlations for all samples in Model 1 and Model 2. Model 1 was trained using CNV, DM, miRNA-binding sites and TF-binding sites from TRRUST, while Model 2 was trained using CNV, DM, miRNA-binding sites and TF-binding sites from ReMap. ****p-value < 2.2 × 10−16 by Wilcoxon signed rank test. 
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Figure 4. Error changes caused by regulators of the TN subtype. The x-axis indicates the miRNA/TF regulators, and the y-axis indicates increase in squared error across samples of the TN subtype after excluding the regulator from regression models. All regulators are ranked based on increase in squared error, and 24 key regulators (red dots) for the TN subtype were identified with FDR < 0.05. 
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Figure 5. TF-target and miRNA-target regulatory networks. (a) The network comprises 23 selected regulators (21 blue diamonds and 2 red diamonds) with nonzero predicted interactions with PPAR/FOXM1 pathway-related genes (circles) obtained from MSigDB. The red and purple circles indicate Yin (upregulated) and Yang (downregulated) genes, respectively. The color of edges ranging from grey to black corresponds to an order of increasing number of hits. (b) A subnetwork contains PPARA and PPARG, their targets, and regulators that regulate them. A 2-layer hierarchical structure forms with 10 upstream regulators, including 9 miRNAs and E2F1 on the top layer, and two downstream regulators PPARA and PPARG arranged at the bottom layer. 
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Figure 6. Survival analysis of the 31 gene YMR signature. TN patients were divided into high-risk (“High,” red line) and low-risk (“Low,” blue line) groups according their YMR signature scores. Survival fractions as a function of survival time (years) were then plotted for the two groups and the significant separation of the two curves were assessed by log-rank test. The YMR signature was tested using TNBC samples of TCGA and METABRIC datasets separately by the R package survcomp. The YMR signature can significantly stratify the 112 TCGA TNBC samples into high- and low-risk groups by both overall survival (OS) (a) and disease specific survival (DSS) (b). The YMR signature can also significantly stratify the 127 METABRIC TNBC samples into high- and low-risk groups by both OS (c) and DSS (d). 
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Figure 7. Kaplan–Meier survival analysis of the combined risk score. TN patients were divided into high-risk (“High,” red line) and low-risk (“Low,” blue line) groups according the 6 TF or 24 regulator combined risk scores. Survival fractions as a function of survival time (years) were then plotted for the two groups, and the significant separation of the two curves was assessed by log-rank test using the R package survcomp. The 6 TF combined risk score significantly stratified the TNBC samples from TCGA (a) and METABRIC (b) into high- and low-risk OS groups, respectively. The 24-regulator combined risk score significantly stratified the 112 TCGA TNBC samples into high- and low-risk groups in terms of OS (c) and DSS (d). 
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Table 1. Multi-dimensional data used to build the models.






Table 1. Multi-dimensional data used to build the models.





	Type
	Platform/Category
	Database
	All Data
	Common Data





	Subtype annotation
	IHC
	TCGA
	694 tumors: 424 LumA, 121 LumB, 37 Her2+, 112 TN
	391 tumors: 239 LumA, 74 LumB, 21 Her2+, 57 TN



	mRNA expression 1
	Illumina Hiseq 2000
	TCGA
	17675 genes × 1104 tumors
	3008 genes × 391 tumors



	miRNA expression 2
	Illumina Hiseq 2000
	TCGA
	600 miRNAs × 756 tumors
	362 miRNAs × 391 tumors



	Copy number variation (CNV)
	Affymetrix SNP 6.0
	TCGA
	24776 genes × 1080 tumors
	3008 genes × 391 tumors



	DNA methylation (DM)
	Illumina Infinium HumanMethylation450
	TCGA
	26586 genes × 790 tumors
	3008 genes × 391 tumors



	TF-target
	Sequence-based
	TRRUST v2.0
	2492 genes × 795 TFs
	3008 genes × 795 TFs



	miRNA-target
	Sequence-based
	starBase v3.0
	15168 targets × 618 miRNAs
	3008 genes × 362 miRNAs







1 114 normal samples were available for calculating Yin and Yang gene expression change; 2 76 normal samples were available for calculating miRNA expression change


media/file13.jpg
08 10

06

Probasatyofsurvial
04

os

o6

Provasisy ofsuvval
o4

= —
3 { imrsenm =% 3 —i3
R o s i
Tine (yars) Time (ears)
- nvn - e
e won oW o7 W & ¥ om oA o
c i d
oy o
LR H]
E 24 i
H H
£ . £ .
g mr [ P
R R
‘Time (years) Time (years)
o e -
Tow o o= owoa s =
T - B - B ose m om W o &






media/file4.png
a chromosome segregation -
nuclear division -

DNA conformation change -

sister chromatid segregation -

mitotic nuclear division -

protein—-DNA complex subunit organization -
protein—-DNA complex assembly -

positive regulation of cell cycle -

extracellular matrix organization -

reproductive structure development -

chromatin assembly -

nucleosome organization -

meiotic cell cycle -

positive regulation of cell cycle process -

regulation of chromosome organization -

meiotic nuclear division -

DNA-dependent DNA replication -

negative regulation of gene expression, epigenetic -

regulation of chromosome segregation -
chromatin silencing -

meiosis | cell cycle process - &

collagen catabolic process - ]

regulation of mitotic sister chromatid separation - @
@
L]

&
mitotic cell cycle checkpoint - e ® 20
*
L]

regulation of chromosome separation -
chromosome localization -
metaphase plate congression - ®
negative regulation of chromosome separation e
mitotic spindle assembly checkpoint-
mitotic spindle checkpoint+

[

.. Adjusted
® P-value
: 6 x 10

4 x 10*

@
®
& 2 x 104
[&]
]
Count
@® 40

@ co
@ =0

0.02

0.04 0.06
GeneRatio

b muscle system process -
regulation of membrane potential -
positive regulation of cell migration -
