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Abstract 10 

Human diseases like cancer can be extremely complex at the molecular level, where a thorough 11 

understanding of the signaling and molecular pathways involved is essential. Cancer can initiate from 12 

DNA damage or abnormal DNA methylation that affect one or more key genes. Whatever the cause, 13 

the final consequence is tumor cells showing widespread deregulation of signaling pathways and 14 

gene transcription. A more complete molecular picture can be obtained by combining several 15 

molecular layers of information regarding the diseased state of the cell, such as transcriptomics, 16 

epigenomics and proteomics. In this study, RNA-Seq, miRNA-Seq, transcription factors and 17 

methylation data were integrated for a cohort of 772 patients of which 76 also had paired normal 18 

tissue information as controls. For 604 of these patients, we also integrated proteomics data using 21 19 

paired normal samples. All these datasets were normalized and analyzed to identify features with 20 

significant changes between cases and controls. Integrative analysis of pathway enrichment with 21 

PaintOmics 4 allowed for the identification of 35 KEGG pathways that were significantly altered in 22 

tumor samples, of which many were deregulated at different molecular levels, such as the cell cycle 23 

pathway. This pathway was observed to be heavily deregulated at the transition of phases Gap 2 and 24 

mitosis (G2/M) rather than at G1/S, which has been previously described in great detail for breast 25 

cancer. We were also able to make some interesting insights into new ideas in cancer biology, like 26 

the potential cause-effect relationship between human papillomavirus infection and breast cancer. 27 

Another aspect that could be looked into was the regulation of target genes by observed oncogenic 28 

and tumor suppressor miRNAs, as well as the vast molecular heterogeneity of breast cancer as a 29 

disease, by analyzing the subtype-specific altered pathways. In summary, this method proved to be 30 

an easy and accessible approach to finding altered mechanisms in disease. 31 

1 Introduction 32 

Cancer is the second leading cause of mortality worldwide and its prevalence keeps increasing every 33 

year (Hassanpour and Dehghani, 2017). It is driven by genetic and epigenetic alterations that allow 34 
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cells to escape the mechanisms that regulate cell proliferation, survival, and migration. The 35 

accumulation of genetic mutations, either inherited or sporadic, can result in the activation of proto-36 

oncogenes which cause upregulation of signaling pathways that usually control normal human 37 

development, whereas inactivation of tumor suppressors eliminates critical negative regulators of 38 

signaling (Sever and Brugge, 2015). These genes can be or can be primarily regulated by 39 

transcription factors (TFs), which are proteins that control chromatin structure by binding to DNA 40 

within promoters or enhancers. The human genome encodes over 2,000 different TFs, but each cell 41 

type has a particular set of TFs that account for specific cellular programs (Belluti et al., 2020). 42 

Deregulation of TFs has been widely observed in cancer; as prominent examples, TP53 and MYC 43 

which encode the TFs p53 (tumor protein 53) an c-Myc, are among the most commonly altered genes 44 

across all cancers (Bhagwat and Vakoc, 2015). 45 

However, in the last decade a new set of mechanisms that can modify the expression of these genes 46 

has been described, one that does not change their primary nucleotide sequences: epigenetics, which 47 

include methylation and non-coding RNAs such as microRNAs. In mammals, DNA methylation 48 

primarily occurs by the covalent modification of cytosine residues in CpG dinucleotides (Sharma et 49 

al., 2010). In cancer, genes can be either globally hypomethylated (increasing genomic instability and 50 

activating proto-oncogenes), or site-specifically hypermethylated (contributing to tumorigenesis by 51 

silencing tumor suppressor genes, leading to genetic instability) (Sharma et al., 2010; Harbeck et al., 52 

2019). MicroRNAs or miRNAs are small, non-coding RNA molecules with the ability to 53 

downregulate gene expression through their binding to the 3’UTR of target mRNAs (Sharma et al., 54 

2010; Connolly and Stearns, 2012; Lu et al., 2020). Since miRNAs regulate genes involved in 55 

transcriptional regulation, cell proliferation and apoptosis (the most commonly deregulated processes 56 

in cancer), alterations in miRNA expression can promote tumorigenesis. miRNAs can function as 57 

either tumor suppressors or onco-miRNAs depending on the role of their target genes. Protein-coding 58 

genes are not the only ones whose expression can be regulated by methylation; in fact, many tumor 59 

suppressor miRNAs have been found to be aberrantly hypermethylated in cancer (Connolly and 60 

Stearns, 2012).  61 

Among women, breast cancer is the most frequent cancer and it encompasses a heterogeneous 62 

diverse group of diseases on the molecular level (Feng et al., 2018; Harbeck et al., 2019). Estrogen 63 

receptor (ER) signaling, HER2 signaling and canonical Wnt signaling are known to be the main 64 

signaling pathways that regulate normal mammary gland development and breast cancer stem cell 65 

functions. Nevertheless, molecular mechanisms involved in tumorigenesis of breast cancer remain 66 

not fully understood (Feng et al., 2018). 67 

All these variations in cellular machinery are driven by molecular aberration within cancer cells in 68 

several omics layers, from genome, epigenome, transcriptome, proteome to metabolome (Pettini et 69 

al., 2021). Therefore, integrating these omics together could offer the opportunity to understand the 70 

flow of information that underlies breast cancer (Hasin et al., 2017). Integrative multi-omics analysis 71 

has been extensively applied to breast cancer for the discovery of biomarkers associated with 72 

prognosis (Fan et al., 2022), prediction of response to certain therapies (Sammut et al., 2022) and 73 

identification of cancer subtypes (Valle et al., 2022), among other goals (Heo et al., 2021). A 74 

somewhat different approach is to model multi-layer omics as networks on the basis of a data-driven 75 

approach, using prior knowledge of molecular networks, in order to gain more insight into the 76 

mechanisms of cancer biology (Hasin et al., 2017). This has been successfully utilized to link tumor 77 

suppressor genes with genes related to cell cycle, genome stability, RNA processing and metastasis, 78 

using public RNA-Seq, copy number alteration (CNA) and methylation data (Cho, 2022). It also 79 

allowed to identify key regulatory features in two subtypes of triple-negative breast cancer cell lines 80 
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compared to a non-tumorigenic epithelial breast cell line, by integrating DNA methylation, RNA-81 

Seq, proteomics, phosphoproteomics and histone post-translational modification data. These key 82 

features were involved in important cancer related pathways such as TGFβ, PI3K/AKT/mTOR and 83 

Wnt signaling (Chappell et al., 2021). However, none of these studies included miRNAs, which are 84 

of upmost importance in breast cancer. 85 

In order to elucidate altered pathways in breast cancer using a multi-omics approach, we 86 

downloaded, preprocessed and integrated RNA-Seq, miRNA-Seq and methylation data for 772 87 

primary tumor and 76 adjacent solid tissue normal samples from The Cancer Genome Atlas Breast 88 

Invasive Carcinoma (TCGA-BRCA) project, as well as a transcription factors subset from the gene 89 

expression. We also included proteomics data for 604 of the same tumor and 21 normal samples into 90 

the molecular pathway enrichment integrative analysis that was applied with PaintOmics 4 (Liu et al., 91 

2022). This allowed us to gain insight into several pathways that are significantly altered in tumor 92 

samples, such as the cell cycle, which was observed to have extreme deregulation at G2/M 93 

checkpoint instead of the more usual G1/S one. It also showed links between viral infection and 94 

breast cancer, which has been previously suggested to have a causative effect. We were also able to 95 

identify oncogenic and tumor suppressor miRNAs in relation to their target expression. At last, we 96 

observed the high degree of molecular heterogeneity of breast cancer by analyzing the affected 97 

pathways depending on subtype. 98 

2 Materials and Methods 99 

2.1 Data  100 

The data was downloaded from the Data Release v33.0 on Genomic Data Commons (GDC) Data 101 

Portal (Grossman et al., 2016) using R/Bioconductor package (Colaprico et al., 2016, 2022). The 102 

recently harmonized version of the data repository was used (except for methylation) instead of 103 

legacy, since these samples have been analyzed employing a uniform reference alignment and gene 104 

annotation, specifically Genome Reference Consortium build GRCh38 (hg38) as opposed to 105 

GRCh37 (hg19) which was used in the majority (but most importantly, not all) of legacy samples 106 

(Gao et al., 2019). 107 

772 primary tumor and 76 adjacent solid tissue normal samples from The Cancer Genome Atlas 108 

Breast Invasive Carcinoma (TCGA-BRCA) project (Koboldt et al., 2012; Ciriello et al., 2015) with 109 

RNA-Seq (gene expression quantification), miRNA-Seq (isoform expression quantification) and 110 

DNA methylation (Illumina Human Methylation 450 array) data were downloaded using R package 111 

TCGAbiolinks. Out of these samples, there were 696 cases with only tumor samples and 76 cases 112 

with paired tumor-normal samples. A subset of these cases, 604 tumor and 21 normal samples, was 113 

used to download proteomics data (protein expression quantification generated by Reverse Phase 114 

Protein Array).  115 

The overall filtering, exploration, normalization, differential expression analysis and associations 116 

retrieval process for all the different omics are summarized in Figure 1. The starting RNA-Seq data 117 

matrix included unstranded raw counts for 60,660 Ensembl gene IDs. Regarding miRNA-Seq, 118 

isoform information was processed using miRBase annotation to result in raw counts for 2,209 119 

mature miRNAs. For methylation data, the initial matrix had beta values for 485,577 CpG sites 120 

calculated as the ratio of the signal of methylated probes relative to the sum of methylated and 121 

unmethylated probes, ranging between 0 (unmethylated) and 1 (fully methylated). Finally, the 122 

proteomics matrix consisted of 457 antibodies IDs for which relative levels of normalized protein 123 

expression were available. 124 
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2.2 Low count data filtering 125 

Low-expressed genes and miRNAs were filtered out by using the CPM (counts per million) strategy 126 

in the NOISeq R package (Tarazona et al., 2011, 2015, 2016). We considered low-expressed features 127 

those with an average expression per group less than 0.5 CPM. Filtering of methylation probes 128 

consisted of removing all probes that had any missing values for any of the samples, in addition to 129 

those probes with zero values for all the samples. As for proteomics, after removing antibodies that 130 

were completely missing in the data, no missing data imputation or filtering was required. Several 131 

antibodies with ambiguous gene association were completely deleted prior to differential expression 132 

analysis. 133 

2.3 Exploration for bias detection 134 

For RNA-Seq and miRNA-Seq we used NOISeq exploratory plots to assess potential sources of bias 135 

related to biotype distribution, sequencing depth, gene length or GC-content. Batch effect exploration 136 

for Tissue Source Site (TSS) and plate numbers was done with Principal Component Analysis 137 

(PCA), also in NOISeq library. 138 

2.4 Normalization 139 

After comparing different normalization strategies including EDASeq’s full quantile normalization 140 

(Risso et al., 2011, 2022)  and conditional quantile normalization (CQN) (Hansen et al., 2012; Wu 141 

and Hansen, 2022), the latter method was applied on RNA-Seq data to reduce observed gene length 142 

and GC-content bias. CQN combines both within and between-sample normalization and is based on 143 

a Poisson model for read counts, resulted in a offset matrix that was extracted and input into DESeq2 144 

and edgeR as user-defined normalization factors, following the required transformations described in 145 

their respective vignettes. For miRNA-Seq data it was only necessary normalizing for sequencing 146 

depth bias. This was done prior to or during differential expression analysis (DEA): (1) DESeq2 147 

applied its own normalization by default when calling its main function, (2) in limma the voom-148 

transformation was applied and (3) edgeR applied trimmed mean of M-values (TMM) normalization 149 

when calculating normalization factors. Methylation and proteomics data were already normalized. 150 

Methylation beta values were converted to M values applying logarithmic transformation, as M 151 

values are more appropriate for statistical testing due to their distributional properties. 152 

2.5 Differential expression analysis 153 

Differential expression analysis was performed with some of the most commonly used methods 154 

(Conesa et al., 2016; Schurch et al., 2016): (1) DESeq2, which uses negative binomial generalized 155 

linear models and Wald test (Love et al., 2014, 2022); (2) edgeR, which is also based on the negative 156 

binomial distribution but uses a quantile-adjusted conditional maximum likelihood method and exact 157 

test (Robinson et al., 2010; Chen et al., 2022); and (3) limma, which uses linear models and a 158 

Bayesian t-test (Ritchie et al., 2015; Smyth et al., 2022). A simple single-factor experimental design 159 

was formulated, with two groups of biological replicates where normal tissue was used as the 160 

reference. DESeq2, edgeR and limma were applied to both RNA-Seq and miRNA-Seq data keeping 161 

only significant features common to all three methods, while only limma was used for methylation 162 

and proteomics. For all four omics, significant features were selected as those with an adjusted p-163 

value < 0.05. An absolute log-fold change criteria was applied as well: higher than 2 for differentially 164 

expressed genes and methylation sites, and higher than 1 for miRNAs and proteins. 165 

2.6 Association of genes to omics variables 166 
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The target genes for filtered miRNAs were predicted with the online webtool miRWalk v3.0 167 

(http://mirwalk.umm.uni-heidelberg.de/) (Dweep et al., 2011; Sticht et al., 2018), which allows the 168 

user to select miRNA-target genes associations that are present in three popular databases: 169 

miRTarBase (experimentally validated), TargetScan (predictive) and miRDB (predictive). For 170 

methylation it was not necessary to retrieve the associated symbols, since the downloaded data 171 

already had gene symbols associated with each CpG site that had been selected as those falling 172 

within 1,500 bp of the transcription start site (TSS) to the end of the gene body. In the proteomics 173 

matrix, antigen IDs were mapped to their original gene symbols using MD Anderson’s Center 174 

antibody list, removing those of dubious quality as well as antigens linking to multiple genes. Finally, 175 

transcription factors (TFs) were retrieved from hTFtarget (http://bioinfo.life.hust.edu.cn/hTFtarget), 176 

an online database that integrates human TF target resources and epigenetic modification information 177 

to predict accurate TF-target regulations (Zhang et al., 2020). We selected our TF-target regulations 178 

as those that had been observed in breast tissue and unclear sources, and whose TFs and target genes 179 

were both present in our filtered RNA-Seq expression data. All gene symbol and Entrez IDs were 180 

converted to Ensembl IDs with biomaRt R package (Durinck et al., 2009, 2022). 181 

2.7 Multi-omics integration 182 

PaintOmics 4, a web-based tool (https://www.paintomics.org/), was used to analyze and visualize 183 

multi-omics data onto Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways (Hernández-184 

de-Diego et al., 2018; Liu et al., 2022). One of the main new functionalities of v4.0 is that it can work 185 

with any regulators of gene expression other than miRNAs, such as transcription factors. As input, it 186 

requires a data matrix containing fold-changes of the features for each comparison, as well as a list of 187 

relevant features for each omic (in our case, differentially expressed features previously selected). 188 

The log-fold change for each omic feature was computed as the logarithm of the ratio between the 189 

mean value of cases divided by the mean value of controls. PaintOmics performs Fisher’s exact test-190 

based pathway enrichment analysis for each of the omics, comparing the list of relevant features 191 

against the total number of pathway-mapped features. It also returns a joint enrichment significance 192 

for all omics combined per pathway, using Fisher’s combined probability test. The result is a list of 193 

KEGG pathways that link to their visualizations, where fold-changes are colored on a scale of red for 194 

upregulated and blue for downregulated features. PaintOmics associates each regulatory feature to 195 

genes in pathways so it also requires either the association file with regulatory relationships or 196 

converting each regulatory feature ID into target genes IDs. Hence, genes (from gene expression 197 

data) and proteins were directly mapped to pathways by PaintOmics. Methylation data, despite being 198 

a region-based omics, had already been mapped to gene IDs so the conversion to target genes was not 199 

needed. However, the other regulatory omics like miRNA-Seq and transcription factors required not 200 

only the regulators expression matrix and the relevant regulators list, but also the associations 201 

between regulator-target gene and the relevant associations (only those regulator-gene relationships 202 

containing a relevant regulator). All the input files used for PaintOmics can be seen in Supplementary 203 

Table 2. 204 

3 Results and Discussions 205 

3.1 Gene GC-content and length bias reduced after CQN normalization for RNA-Seq data 206 

Prior to exploring and normalizing expression RNA-seq data to remove potential technical biases, we 207 

filtered out lowly expressed genes since they tend to be non-reliable and therefore introduce noise in 208 

the statistical analysis. As can be observed in Figure 2.a, there was an overwhelming number of low-209 

expression genes in RNA-Seq data. We tried different filtering methods implemented in NOISeq and 210 

finally decided to retain those genes expressed at an average CPM above 0.5 across all samples of the 211 

http://mirwalk.umm.uni-heidelberg.de/
http://bioinfo.life.hust.edu.cn/hTFtarget
https://www.paintomics.org/
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same condition, reducing our RNA-Seq expression data from 60,660 genes to 19,350, a 32% of the 212 

total (Figure 2.b). Most of the genes that were removed were long non-coding RNAs, which went 213 

from 16,828 in the original matrix to 2,662 genes; as well as various types of pseudogenes, which 214 

originally amounted to 15,239 and finally dropped to 929 genes. The majority of the protein-coding 215 

genes, which are the main focus of this study due to their immediate function in molecular pathways, 216 

were kept: out of 19,916 original protein coding genes, only 4,482 were removed due to their low 217 

expression. To assess the need of normalization, we generated plots with NOISeq to describe the 218 

relationship between length and GC-content with the CPM expression of filtered counts (Figures 2.d 219 

and 2.e). For this, the length or GC-content was divided into bins containing 200 genes and for each 220 

bin the 5% trimmed mean of the CPM expression values was computed. A diagnostic test in which a 221 

cubic spline regression model was fitted to explain the relationship between the factor and expression 222 

was performed. Both models p-values were significant (<0.05) and R2 coefficients high (69 and 32% 223 

for length and GC-content, respectively). After comparing different normalization methods, a 224 

conditional quantile normalization was applied (Figure 2.c), drastically reducing the observed 225 

sample-specific length and GC-content biases as shown by the trends in Figures 2.f and 2.g. No batch 226 

effect was observed for Tissue Source Centre (TSS), which is the place where the sample was 227 

collected, or for the plate number during library preparation (Supplementary Figure 1). Plotting the 228 

scores of Principal Component Analysis (PCA) on normalized RNA-Seq data (Figure 3.a) separated 229 

both groups well, with the first two principal components explaining 12% and 10% of the total 230 

variability in the data. 231 

3.2 Filtered miRNAs only needed to be normalized for sequencing depth bias 232 

Similar to RNA-Seq data, most miRNAs had very low expression (Figure 4.a), and for this problem 233 

the same procedure previously described was adopted, reducing the number of miRNAs from 2,209 234 

to 646 (Figure 4.b). No GC-content normalization was required so normalization for correcting 235 

sequencing depth bias was applied during differential expression analysis, using in-built methods. 236 

PCA on filtered unnormalized counts did not reveal any evident batch effect in miRNA-Seq data, 237 

neither for TSS or plate factors. The first two components of PCA for the final normalized data 238 

(Figure 3.b) explained 30 and 21% of the variation, and the second principal component separated 239 

cases and controls very well. 240 

3.3 Methylation and proteomics data presented different signal quality 241 

For methylation and proteomics, only filtering certain features was needed, as the starting expression 242 

was already normalized (Figure 4.c and 3.d). The removal of all-zero CpG probes resulted in a 243 

reduction from 485,577 features to 364,019 (a 75% of the total). On the other hand, removing 244 

missing antibodies and samples reduced the number of features from 457 to 369 (a 80.7%). While 245 

methylation showed a great degree of separation between groups in the first component of PCA 246 

(Figure 3.c) explaining more than 29% of the total variability in the data, proteomics showed a poorer 247 

signal quality, since the two first principal components could not clearly separate cases and controls 248 

(Figure 3.d). This may affect further analysis such as differential expression or pathway enrichment. 249 

3.4 Many features were upregulated in cancer compared to normal samples 250 

Differential expression results are summarized in Table 1. The number of differentially expressed 251 

features varied notably between DESeq2, limma and edgeR. For RNA-Seq, DEseq2 and edgeR found 252 

more genes to be upregulated in cancer, whereas limma found more downregulated genes. The 253 

intersection of these three methods resulted in 535 upregulated and 487 downregulated genes (Figure 254 

5.a and 5.e), a 5.3% of all the genes that were tested for differential expression. For miRNA-Seq, a 255 
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similar pattern was observed: limma gave more downregulated miRNAs than the other two methods. 256 

In the end, we selected the intersection of these methods and obtained 86 upregulated and 91 257 

downregulated miRNAs in cancer (Figures 5.b and 5.f), which represent a 27.4% of the tested 258 

miRNAs. In these two omics, DESeq2 found the most significant features, while limma was the most 259 

restrictive method. Finally, limma found a total of 13,080 differentially methylated sites, where 8,688 260 

were upregulated in cancer and 4,393 were downregulated, representing a 3.6% of the filtered CpG 261 

probes (Figure 5.c). This method also resulted in a total of 26 differentially expressed proteins, 21 262 

being upregulated in cancer samples when compared to normal samples and 5 being downregulated, 263 

a 7% of the filtered proteins (Figure 5.d). 264 

3.5 Multi-omics integration resulted in 35 significantly enriched KEGG pathways in tumor 265 

samples 266 

PaintOmics 4 was used to obtain an integrative view of molecular pathways altered in tumor tissue 267 

compared to normal tissue. Some of the gene IDs could not be converted into KEGG IDs: 2,778 268 

genes out of 19,318 in RNA-Seq could not be mapped, as well as 551 genes out of 15,221 TF gene 269 

targets, 4 genes out of 1,828 miRNA gene targets, 486 genes out of 19,438 methylation sites and 1 270 

gene out of 369 proteins. This makes sense, as we noticed while working with the data that many of 271 

the genes were novel or putative and lacked an Entrez ID/gene symbol. It is worth noting that the fact 272 

that a feature maps to a KEGG ID does not necessarily mean it is functionally characterized in a 273 

KEGG pathway. For example, despite having information for 99.7% of the proteins converted to 274 

gene IDs that were input, only 320 of them were found in KEGG pathways and were subsequently 275 

used for the enrichment tests. Table 2 summarizes this information for other omics as well. 276 

Out of the 343 KEGG pathways tested for enrichment in differentially expressed features, 35 were 277 

significant when combining all five omics (Figure 6). Transcription factors led to the highest number 278 

of significantly enriched pathways with a total of 73 pathways. The top 3 significant pathways for TF 279 

data were spliceosome, cell cycle and protein processing in endoplasmic reticulum. Methylation 280 

accounted for 72 significant pathways that were neuroactive ligand-receptor interaction, calcium 281 

signaling pathway and nicotine addiction. It is also the omics with the most significant p-values by 282 

many orders of magnitude, which could be explained by the fact that one specific gene could be 283 

methylated at many different sites. RNA-Seq resulted in 35 significant pathways led by PPAR 284 

signaling pathway, systemic lupus erythematosus and cytokine-cytokine receptor interaction. 24 285 

KEGG pathways were significant considering miRNA-Seq data, with human T-cell leukemia virus 1 286 

infection, signaling pathways regulating pluripotency of stem cells and p53 signaling pathway 287 

leading the list. Finally, despite having the highest rate of features found in KEGG pathways per 288 

input features, proteomics only led to 6 pathways, where the tops were prion disease, Hedgehog 289 

signaling pathway, inflammatory bowel disease and Parkinson disease. This is likely attributable to 290 

the low number of features, smaller sample size and lower signal-to-noise ratio in proteomics data 291 

compared to the rest of omics. 292 

The only pathways that were significant in at least 3 omics were cell cycle (RNA-Seq, TF and 293 

miRNA-Seq), viral carcinogenesis (RNA-Seq, TF and miRNA-Seq) and microRNAs in cancer 294 

(RNA-Seq, TF and methylation). p53 signaling was close to being a three times significant pathway, 295 

but the p-value for RNA-Seq was slightly over the threshold (0.05326). The full table of results for 296 

the 343 mapped KEGG pathways can be found in Supplementary Table 3.  297 

3.6 Cell cycle was more deregulated at G2/M checkpoints than at G1/S 298 
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The cell cycle (Figure 7) comprises a series of tightly regulated events that drive the duplication of 299 

DNA and cell division. It is comprised of four ordered phases called gap 1 (G1), DNA synthesis (S), 300 

gap 2 (G2) and mitosis (M) and contains multiple checkpoints throughout to ensure the correct 301 

replication and segregation of chromosomes into daughter cells, to prevent genomic instability, 302 

which can drive or potentiate tumorigenesis. These checkpoints give time to the cell to repair 303 

damaged DNA or acquire sufficient levels of growth factors before going into the next phase; if the 304 

DNA damage is too severe to repair, the cell may activate apoptotic signaling cascades to prevent the 305 

transmission of damaged DNA to its daughter cells. Transitions between phases of the cell cycle are 306 

induced via oscillating levels of specific cyclins and cyclin-dependent kinases (CDKs). CDK proteins 307 

generally remain at constant levels throughout the cell cycle, while cyclins undergo period 308 

fluctuations to regulate DNA synthesis and cell division. During G1 phase the predominant cyclin-309 

CDK complexes are cyclin D-CDK4/6 and cyclin E-CDK2, followed by cyclin A-CDK2 during S 310 

phase, then cyclin A-CDK1 and cyclin B-CDK1 during G2 and mitosis (Caldon et al., 2006; 311 

Bhagwat and Vakoc, 2015; Bower et al., 2017). 312 

Cyclin D1 (CCND1) is a proto-oncogene that drives cell cycle progression through the restriction 313 

point by enabling cyclin D-CDK4/6 complexes, which in turn induce the expression of target genes 314 

that are essential to enter phase S. This gene, and to a lower extent cyclin D2 and D3 (CCND2 and 315 

CCND3), typically exhibit higher expression in cancer. Surprisingly, that was not the case for our 316 

tumor samples: these genes were not differentially upregulated, or even upregulated for CCDN2 and 317 

CCDN3, except for CCND1 which had a logFC of 0.49. CCND2 and CCND3 low expression made 318 

sense considering the degree of significant hypermethylation at CCND2, as well as significantly 319 

downregulated TFs affecting their transcription. Accordingly, CDK4 and CDK6 expressions 320 

(measured as transcripts, not as proteins, as there was no data for them) were downregulated at non-321 

significant levels of logFC of -0.05 and -0.77, respectively. Interestingly, glycogen synthase kinase 322 

3β (GSK3β) was the only significant protein in this pathway. GSK3β appears to be upregulated, both 323 

at the transcript and protein levels, giving a possible explanation as to why cyclin D1 could be not as 324 

upregulated as expected: it phosphorylates and leads to the degradation of cyclin D1, preventing it 325 

from forming complexes with CDK4/6 (Quintayo et al., 2012). Although the reason for this 326 

upregulation of GSK3β is unclear, this had already been observed in other studies using TCGA 327 

RPPA data as well as cell lines, where the upregulation was found to be correlated with poor 328 

prognosis (Vijay et al., 2019).  329 

Cells affected with breast cancer also tend to overexpress cyclins E1 (CCNE1) and E2 (CCNE2), for 330 

which upregulation was observed in this study (significant in the case of CCNE2). Cyclin E1 is a well 331 

established E2F target gene, which is significantly upregulated here. This correlates with the 332 

expression of CDK2, with whom they form complexes that promote S-phase entry. Normally, these 333 

genes are inhibited by p57 and p21, whose genes are downregulated in these samples. p27, another 334 

inhibitor, is however not downregulated. The availability of p21 and p27 to inhibit cyclin E-CDK2 335 

can be modulated not only through alterations in their overall abundance, but also through their 336 

sequestration by cyclin D1-CDK4/6 (Caldon et al., 2006). 337 

The synthesis phase is primarily determined by cyclin A-CDK2 levels. As stated above, CDK2 338 

appeared to be upregulated. Cyclin A2 (CCNA2) was found to be significantly upregulated, with two 339 

of its TFs being significantly upregulated (E2F1 and FOXM1) and one being downregulated (FOS). 340 

Following the cycle onto G2 and mitosis, this cyclin A forms a complex with CDK1 and so does 341 

cyclin B. Both cyclin B1 and B2 appear to be significantly upregulated, as well as CDK1. The 342 

transcription of most of the agents in this phase is regulated by TFs E2F1 and FOXM1, which are 343 

upregulated in the analyzed cancer samples. 344 
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The G1/S transition is typically thought of as encompassing many of the important cell-cycle events 345 

that are specifically altered in breast cancers, including the actions of the oncogenes/tumor 346 

suppressors cyclin E, cyclin D1 and p27 (Caldon et al., 2006; Bhagwat and Vakoc, 2015; Bower et 347 

al., 2017). Nonetheless, in this study it is specifically the control of the G2/M transition the one that 348 

was observed to be deregulated in cancer samples. 349 

3.7 Some miRNAs were oncogenic in tumor cells and others were tumor suppressors 350 

Oddly, the microRNAs in cancer pathway (Figure 8.a) was found to be significant for gene 351 

expression, transcription factor and DNA methylation; but not for miRNA-Seq data in itself. Out of 352 

13 miRNAs that have been described in the pathway to be upregulated specifically in breast cancer 353 

(making them potentially oncogenic miRNAs), only 5 were upregulated in our data with 3 of them 354 

being significant (MIR181B1, MIR155 and MIR21). 6 of these 13 miRNAs were in fact 355 

downregulated, with significance for 2 of them. MIR181B1 and MIR155 are involved in breast cancer 356 

initiation and regulate genes ATM and SOCS1 respectively, whose expression are downregulated here 357 

although not significantly. Ataxia-telangiectasia mutated (ATM) gene is involved in cell cycle 358 

control, apoptosis, oxidative-stress and telomere maintenance and is frequently detected in breast 359 

cancer (Stucci et al., 2021). MIR10B is a miRNA that can contribute to the development of metastasis 360 

when overexpressed, explaining why it might appear as downregulated in our primary tumor, non-361 

metastatic samples (Ma, 2010). Although MIR10B is significantly downregulated, so is its target gene 362 

HOXD10. This could be explained by the great number of sites at which this target gene appears to 363 

be highly and significantly methylated. Finally, MIR125 is listed in the pathway as an upregulated, 364 

oncogenic miRNA in breast cancer. However, this usually happens in patients with a certain 365 

genotype that is related to drug resistance. In most breast cancer patients, MIR125 has been observed 366 

to be a tumor suppressor, downregulated miRNA. This decrease has been suggested in the literature 367 

to be due to the enhancement of DNA methylation in the promoter region (Wang et al., 2020). 368 

Looking at the methylation data, all sites for the gene encoding the miRNA are significantly 369 

upregulated (except for one, which is significantly downregulated), so this could be the reason. On 370 

the other hand, only 6 of the miRNAs described in the pathway as being downregulated (possible 371 

tumor suppressors) were so in our data, with only MIR335 and MIR126 being significant. 372 

Remarkably, MIR200A, MIR200B and MIR200C are usually downregulated in normal mammary, as 373 

well as in cancer initiation and metastasis, but in our data they were significantly upregulated. In a 374 

recent study, the miR-200 family was described as upregulated in breast tumors with respect to 375 

normal breast tissues, while downregulated in more aggressive breast cancer molecular subtypes (i.e. 376 

luminal B, HER2 and triple-negative), consistently with their function as repressors of the epithelial-377 

mesenchymal transition (EMT) (Fontana et al., 2021). This serves as a plausible explanation as to 378 

why this is the case in our data. All of their target genes, except for BMI1, were downregulated 379 

(ZEB1, ZEB2 and ZFPM2). 380 

3.8 Viral carcinogenesis and specifically human papillomavirus infection pathways were 381 

upregulated in tumor samples 382 

In recent years, evidence has shown a strong link between viral infection and breast cancer; however, 383 

it is not clear whether this is a cause or a consequence of the disease. The prevalence of certain 384 

viruses in human breast cancer (compared to normal and benign human breast tissue controls) 385 

suggests a, albeit non-conclusive, causal relationship between breast cancer and mouse mammary 386 

tumor virus (MMTV), human papilloma virus (HPV), Epstein Barr virus (EBV) and bovine leukemia 387 

virus (BLV) (Lawson et al., 2018; Lawson and Glenn, 2021; Afzal et al., 2022). Interestingly, we 388 

found some pathways related to viral infection to be significantly upregulated in tumor samples: viral 389 
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carcinogenesis (TFs, gene expression and miRNAs), human papillomavirus infection (miRNAs and 390 

methylation) and human T-cell leukemia virus 1 infection (TFs and miRNAs). In the case of HPV 391 

(Figure 8.b), mutated oncoproteins E6 and E7 of the virus has been known to have the capability of 392 

activating pro-tumor genes. Oncoprotein E6 inhibits p53, thus promoting cell division. In our data 393 

p53 does not appear to be significantly downregulated, although its gene and protein expression 394 

values sit at logFC expression values of 0.07 and -0.04, respectively. In normal conditions the pRB-395 

E2f complex is inhibiting the cell cycle, but E7 can inhibit retinoblastoma protein (pRB), separating 396 

the complex and causing E2F to initiate the cell cycle. Despite not being significant, pRB gene (RB1) 397 

and protein expressions are downregulated in our samples with -0.19 and -0.33 log-fold changes, 398 

respectively. E7 also binds cyclin E1 and E2 with CDK2, and we previously established cyclin E2 to 399 

be significantly upregulated in our samples. It binds cyclin A1 and A2 with CDK2 as well, with 400 

cyclin A2 being significantly upregulated (Afzal et al., 2022). Although this does not prove a 401 

causality between human papillomavirus infection and breast cancer, it is an interesting observation 402 

as it is now known that many cancers can be caused by viral infections, owing to 10% of worldwide 403 

cancers. HPV is the virus with the greatest number of associated cancer cases, causing cervical 404 

cancer and other epithelial malignancies. Hepatitis viruses HBV and HCV are also responsible for 405 

most hepatocellular cancer (Schiller and Lowy, 2014). 406 

3.9 Observed molecular heterogeneity of breast cancer resulted in multiple potentially 407 

important altered pathways 408 

Based on the expression levels of the hormone receptors (HR) estrogen and progesterone as well as 409 

that of human epidermal growth factor 2 (HER2) and the levels of Ki-67 (an antigen used as a marker 410 

for proliferation), breast cancer can be classified into five molecular subtypes, using PAM50 411 

algorithms: luminal A (HR+/HER2-/Ki67-), luminal B (HR+/HER2+/Ki67+), HER2 (HR-/HER2+), 412 

triple-negative or basal (HR-/HER2-) and normal-like or luminal A-like (HR±/HER2+/Ki67-) 413 

(Parker et al., 2009; Dai et al., 2015; Feng et al., 2018). In our data, the majority of the samples (416, 414 

roughly a 49% of the total) corresponded to luminal A, which tend to have the best prognosis; the 415 

rest were 139 luminal B (16.4%), 128 basal (15%) which is the most aggressive type, 46 HER2 416 

(5.4%), 34 normal (4%) and the other 85 samples, of unknown subtype (10%). These percentages 417 

were similar to the distribution of subtypes in worldwide breast cancers which can be seen in Table 3, 418 

although this varies between countries and ethnicities. 419 

In the breast cancer pathway (Figure 9) there are separate sections for each of these five subtypes, 420 

indicating the specific molecular pathways that are usually altered in them. Hormone receptor 421 

positive (HR+) breast cancers (luminal A, B and normal) are largely driven by the estrogen (ER) 422 

signaling pathway. Breast cancer cells have relatively high estrogen receptors ERα (coded by gene 423 

ESR1) and low ERβ (coded by ESR2), both of which are true in our case but without reaching 424 

significant levels. These two types of nuclear hormone receptors form homo/heterodimers upon 425 

ligand binding and translocate into the cell nucleus for transcriptional regulation, which is the main 426 

function of ERs. ER dimers bind to the ERE region of target genes and recruit co-regulators to 427 

achieve the regulation of transcriptional activity. In ER-mediated transcription regulatory process, 428 

many co-activators and co-repressors play important roles, including BRCA1 which acts as a tumor 429 

suppressor by inhibiting ERα signaling. ERα promotes the growth of breast tumor cells through its 430 

interaction with cyclin D1, whose gene expression appears upregulated, but protein expression seems 431 

downregulated. Another mechanism by which ERs control the expression of target genes is acting as 432 

a co-regulator for other transcription factors, such as c-Fos (FOS), Sp1 (SP1) and c-Jun (JUN). All of 433 

these are downregulated in our samples, with only c-Fos being relevant. This TF regulates the 434 

expression of CTCF, ELF1, CEBP and SRF, which are all downregulated; as well as E2F1, BRD4 435 
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and BRCA1 which are upregulated. E2F1 expression is significant and has been observed as driving 436 

breast cancer metastasis by regulating its target gene FGF13 (Hollern et al., 2019).  437 

In HER2 breast tumors, it is thought that HER2 activates the PI3K/AKT and the RAS/RAF/MAPK 438 

pathways. In the samples, HER2 (encoded by ERBB2) is upregulated and so is its protein. As a 439 

consequence of its activation in the cell, ribosomal protein S6 kinase B1 (RPS6KB1) responds to 440 

mTOR (mammalian target of rapamycin) signaling to promote protein synthesis, cell growth and cell 441 

proliferation. This is also observed in the literature in samples with triple-negative breast cancer, in 442 

which the deregulation of various signaling pathways like Notch and Wnt have been confirmed. This 443 

however was not observed in our analysis: instead of overexpression of Notch1 and Notch4, there 444 

was a non-significant downregulation of both, with Notch1 being highly differentially 445 

hypermethylated. LRP6 overexpression was not observed either. Despite this, LEF1 was significantly 446 

upregulated, although this did not result in a c-Myc activation as expected, which actually was 447 

downregulated at protein levels. This suggests that cell cycle through G1/S progression was not the 448 

most important pathway for tumorigenesis in our samples, as has been observed in a previous 449 

section. MAPK pathway activation was not observed due to a lack of MAPK expression. All in all, 450 

this shows that the samples don’t show typical HER2 and basal pathway alterations, perhaps because 451 

of the relatively low presence of these subtypes in our data. 452 

3.10 Pathway-based methods are limited to pre-existing pathways 453 

Although this integrative analysis example has shown the great potential of data-driven pathway-454 

based methods, it’s not without its problems. As PaintOmics uses a known scaffold to analyze omics 455 

data, it is limited in its network inference and data mining functionalities, which is restricted to 456 

functional enrichment analysis. This means that these kinds of methods can only work on pathways 457 

that have been previously described; new ones cannot be discovered with this type of integration 458 

(Conesa and Hernández, 2014). Another problem with enrichment analysis is its lack of 459 

directionality: as has been observed throughout the analysis, sometimes a significant pathway might 460 

not make sense given the positive or negative direction in the regulation of its features 461 

(hypermethylated sites being repressed transcriptionally, miRNAs degrading mRNA targets and TFs 462 

being able to either activate or repress transcription). 463 

A different limitation of the present study comes from the experimental design. As a way to control 464 

for interindividual variability, we tried to select tissue samples with adjacent healthy tissue samples. 465 

This was not possible for the majority of samples, as samples in open repositories related to human 466 

disease are typically measured without controls due to high costs. 467 

4 Conclusions 468 

In summary, our multi-omics analysis of RNA-Seq, TF, miRNA-Seq, methylation and proteomics 469 

revealed 35 significant pathways that could help discover new regulatory mechanisms involved in 470 

important pathways that are altered in breast cancer, such as in the cell cycle. In this pathway, a 471 

heavy deregulation was observed at the G2/M checkpoint, while the G1/S which has been studied 472 

more extensively was not significantly modified. It also proved the high degree of molecular 473 

heterogeneity that this disease presents, as tumorigenesis could not be attributed to a common 474 

significantly altered pathway, instead being driven by a myriad of molecular pathways. We also 475 

found some oncogenic and tumor suppressor miRNAs, as well as others that were not regulating the 476 

tumor microenvironment in our samples. Interestingly, we were able to observe a link between viral 477 

infection and breast cancer, a highly studied topic that still remains inconclusive. All in all, we have 478 

demonstrated that the multi-omic approach provides a more holistic knowledge of a biological 479 
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system than considering a single omic data type. However, it must be noted that careful 480 

preprocessing of the data is required to extract a meaningful biological signal and, even so, not all 481 

omics data types always present the same quality and, consequently, not all of them are equally 482 

informative and contributing to downstream analysis and results. Finally, we have shown how data-483 

driven pathway-based methods can be a conceptually simple yet powerful approach to integrating 484 

multi-omics information at the disease level. In particular, PaintOmics is a user-friendly tool that can 485 

help researchers to interpret and visualize their results, which nowadays is one of the most important 486 

bottlenecks of multi-omics integration. 487 
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Figure Legends. 670 

Figure 1. Summary of the data input, feature filtering, normalization (if required), differential 671 

expression analysis and associations retrieval steps for each of the omics (RNA-Seq, transcription 672 

factors, miRNA-Seq, methylation and proteomics). 673 

Figure 2. Visualization of the RNA-Seq data at different steps of the preprocessing. A) Boxplot of the 674 

logarithmic raw counts for the first 50 samples. B) Boxplot of the logarithmic filtered counts for the 675 

first 50 samples, filtering out counts with an average expression per group less than 0.5 CPM (counts 676 

per million). C) Boxplot of the normalized counts for the first 50 samples with the conditional 677 

quantile normalization method, correcting for gene GC-content and length biases as well as 678 

sequencing depth bias. D) Diagnostic tests made with NOISeq to check gene length and E) GC-679 

content biases before normalization. F) Diagnostic tests made with NOISeq to check gene length and 680 

G) GC-content biases after normalization. 681 

Figure 3. Principal Component Analysis (PCA) plots for principal components 1 and 2 for each 682 

sample in A) RNA-Seq, B) miRNA-Seq, C) Methylation and D) Proteomics. 683 

Figure 4. Visualization of miRNA-Seq, methylation and proteomics data. A) Boxplot of the 684 

logarithmic miRNA-Seq raw counts for the first 50 samples. B) Boxplot of the logarithmic miRNA-685 

Seq filtered counts for the first 50 samples. C) Boxplot of the methylation M values for the first 50 686 

samples. D) Boxplot of the normalized protein expression for the first 50 samples. 687 

Figure 5. Results for the differential expression analysis for the four omics. A) Volcano plot of the 688 

differentially expressed genes obtained as the intersection of DESeq2, limma and edgeR, using 689 

thresholds p.adj < 0.05 and abs(lFC) > 2. B) Volcano plot of the differentially expressed miRNAs 690 

obtained as the intersection of DESeq2, limma and edgeR, using thresholds p.adj < 0.05 and abs(lFC) 691 

> 1. C) Differentially methylated sites obtained with limma, using thresholds p.adj < 0.05 and 692 

abs(lFC) > 2. D) Differentially expressed proteins obtained with limma, using thresholds p.adj < 0.05 693 

and abs(lFC)  > 1. 694 

Figure 6. PaintOmics 4 pathway enrichment first significant results. P-values are displayed for each 695 

omics and pathways, and the joint p-value combining all the omics is in the last column. Red color 696 

indicates that the pathway is significantly enriched in differentially expressed features for that 697 

particular omics or for the combination of all of them (p < 0.05). Gray cells indicate that no 698 

functional enrichment analysis could be performed for the correspondent omics because there were 699 

no features or no significant features in the pathway. 700 

Figure 7. Cell cycle pathway generated with PaintOmics 4. The color of the cells indicates the fold 701 

change between the tumor and control samples (red is for upregulation in tumor, while blue is 702 
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downregulation; white means there is no data for that omics). Boxes with a thicker black frame 703 

represent significantly altered features. The horizontal colors represent the different gene-based 704 

omics: transcription factor, gene expression and miRNA-Seq data, in that order. Red stars in the top 705 

right represent a relevant feature for that gene, coming from any of the omics types. Green crosses 706 

mean there are alternative genes in that position, i.e. genes with the same function.  707 

Figure 8. A) Breast cancer subsection of the microRNAs in cancer pathway generated with 708 

PaintOmics 4. The color of the cells indicates the fold change between the tumor and control samples 709 

(red is for upregulation in tumor, while blue is downregulation; white means there is no data for that 710 

omics). Boxes with a thicker black frame represent significantly altered features. The horizontal 711 

colors represent gene expression and miRNA-Seq data, in that order. Red stars in the top right 712 

represent a relevant feature for that gene, coming from any of the omics types. Green crosses mean 713 

there are alternative genes in that position, i.e. genes with the same function. B) Human 714 

papillomavirus (HPV) subsection of the viral carcinogenesis pathway generated with PaintOmics 4. 715 

The color of the cells indicates the fold change between the tumor and control samples (red is for 716 

upregulation in tumor, while blue is downregulation; white means there is no data for that omics). 717 

Boxes with a thicker black frame represent significantly altered features. The horizontal colors 718 

represent gene expression. Red stars in the top right represent a relevant feature for that gene, coming 719 

from any of the omics types. Green crosses mean there are alternative genes in that position, i.e. 720 

genes with the same function. 721 

Figure 9. Breast cancer pathway generated with PaintOmics 4. The color of the cells indicates the 722 

fold change between the tumor and control samples (red is for upregulation in tumor, while blue is 723 

downregulation; white means there is no data for that omics). Boxes with a thicker black frame 724 

represent significantly altered features. The horizontal colors represent the different gene-based 725 

omics: transcription factor, gene expression and miRNA-Seq data, in that order. Red stars in the top 726 

right represent a relevant feature for that gene, coming from any of the omics types. Yellow stars in 727 

the top left represent a relevant association for that transcription factor gene. Green crosses mean 728 

there are alternative genes in that position, i.e. genes with the same function.  729 

Table Headers. 730 

Table 1. Number of initial, filtered and significant features for each omics type. 731 

Table 2. Number of input gene IDs, gene IDs that could be mapped to KEGG and gene IDs that were 732 

found in KEGG pathways, for each omics type. For regulation omics (miRNA-Seq and transcription 733 

factor), these numbers don’t refer to the regulators but to the target genes themselves. 734 

Table 3. Proportion of the five molecular subtypes of breast cancer worldwide and in our data. 735 

 736 


