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Introduction
Breast cancer is the top-ranking malignancy in women and has 
officially surpassed lung cancer as the most commonly occurring 
carcinoma worldwide in 2020 [1]. Except for triple negative breast 
cancer (TNBC) the 5-year survival is typically >90%. TNBC 
which is defined by Estrogen Receptor, Progesterone Receptor, 
and HER2/ERBB2-negativity and is a clinically defined subgroup 

of breast cancer, constituting approximately 10-15% of cancers 
in western nations. TNBC is over-represented among younger 
women, premenopausal women, African American women, and 
women with inherited mutations in high-penetrance breast cancer 
susceptibility genes [2,3]. TNBC tumors are highly heterogeneous 
on the molecular level, involving differences in genetic features, 
germline alterations (e.g., BRCA1 mutations), DNA repair 
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SUMMARY
Background: The genomic delineation of breast cancer is a novel approach to evaluating the disease. The opportunities arising from this genomic data analysis help in identifying 
specific cell line models and subtypes that are key for preclinical studies, developing predictive biomarkers, new target agents, and informing therapy selection. There is a wealth 
of information in previously collected datasets from breast cancer patients, but this has been under-studied and information on clinical association from these datasets has been 
limited. Triple-Negative Breast Cancer (TNBC) has been especially notorious since a large number of young premenopausal women diagnosed with the disease have suffered a 
worse outcome than the other known breast cancer types and there is no targeted and effective therapy for the treatment of the disease. This approach of taking a closer look at 
the genomics of TNBC will help in moving toward the often-cited dream of personalized medicine in difficult to treat areas of breast cancer, more specifically in our case, Triple 
Negative Breast Disease. However, the adaptation of genomic data into treatment regimens customized or tailor-made for each individual patient has been restricted in part, due 
to uncertainties in diverging from guideline-based clinical protocols.

We report the Genomic Approach to TNBC in the context of predicting favorable outcomes to treatment responses and briefly describe recurrence-related data.
          
Patients and Methods: We studied data derived from three different gene expression profiling platforms. We identified 486 samples associated with disease response to therapy 
and selected them for in-depth analyses. Hence 3 independent sets of analyses were carried out for each different platform due to the fact that each of these platforms had gene 
expression profiles that were populated with the TNBC cases with specific neo-adjuvant therapies namely, Platinum-based cohort [referring to HGU133plus2 platform related 
samples], taxane cohort [referring HGU133A platform samples] and anthracyclines with or without taxane cohort [HTA2.0 array] respectively.
We aimed to analyze recurrence data, however, it was sparse amounting to 50 samples in total across the various publicly available datasets and we could analyze the same only 
but could not make definitive conclusions owing to the small sample size.
 
Results: In the platinum-based cohort, pathway enrichment analysis using Cluster Profiler revealed the enrichment of key terms like Platinum drug resistance, chemical carcinogenesis, 
glutathione metabolism-related terms in no response category. In the Taxane-based cohort, pathway enrichment analysis revealed a defined enrichment of oncogenic signaling 
pathways like Pi3K-AKT, ECM, Focal adhesion in the no response category and the Anthracycline with or without taxane cohort showed that while enrichment of Wnt and TGF 
beta signaling were observed in no response category the response group was seen populated with immune response-related pathways.

Conclusions: Chemotherapy is an important treatment option and is currently the mainstay in cases of Triple-Negative Breast Cancer. It was shown to reduce one-third of the 
annual death rate regardless of tumour characteristics. Chemotherapy is used as the mainstay in cases of triple-negative disease, HER2-positive tumors and high-risk oestrogen 
positive tumors. Significant toxicity associated with the therapy aside, not every patient benefits compulsorily from it and there is a sheer dearth of both practically validated 
and theoretically proven predictive markers to allow the tailoring of chemotherapy regimens to each individual patients needs or tumour type. Achieving pathological complete 
response (pCR) is associated with favorable outcomes, however, its predictive power in being used as a surrogate endpoint for improved overall survival (OS) has been debated. 
TNBC and breast cancer in general, need to be viewed in the context of underlying genomic phenotypes. Based on this notion, treatment decisions should be less influenced by 
guidelines based on set clinical protocols and rather be more driven by tumour biology if we are to improve the response to chemotherapy.
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deficiency, epigenetic alterations, gene expression patterns, and 
morphological features [3-9]. Several of these features have been 
associated with prognosis and/or therapy response in TNBC 
patients. Chemotherapy and surgery were the two most important 
treatment options available to both patients and oncologists and 
both have proved to be instrumental in decreasing the mortality 
rates of breast cancers significantly [10]. However, adjuvant and 
Neo-adjuvant chemotherapy has shown to have poor response 
rates in Triple negative breast cancer. It has been proven to be 
less efficacious. The need to identify which patients will actually 
derive benefit from chemotherapy is a crucial task and recent 
studies infer, in various types of cancers, genetic screening can 
be a encouraging tool to facilitate personalized chemotherapy 
regimens of individual cancer patients [11-13].

Despite the significant work and scientific advances made in the 
field, there have been limitations when it comes to application 
of these principles to real world patients. Firstly, the genetic 
testing systems have not demonstrated the capability to predict 
treatment responses to the standard Neo-adjuvant Chemotherapy 
and therefore do not assist in the selection of specific treatment 
regimens for each individual patient [14]. Secondly, most testing 
systems apprise us on cell proliferation events, while other 
mechanism-related information and therapeutically relevant 
findings are not fully considered, especially information on 
the modulation of drug targets for breast cancer therapies [15]. 
Conventionally, the assessment of the effectiveness of a given 
chemotherapy has been based on the the pathologic complete 
response (pCR). This term is defined by “the complete lack of signs 
for cancer relapse after radiation and/or chemotherapy.” Prediction 
of pCR based on genetic screening of individual patients has not 
been initiated anywhere nor as mentioned previously can pCR 
serves as a surrogate endpoint for improved overall survival [16]. 
Our study aims to develop a gene expression signatures that can 
be used to identify TNBC patients with improved responses to 
chemotherapy. These would be a combined group of genes within 
a cell with a uniquely characteristic pattern of expression that 
occurs as a result of an altered biological processes. This involves 
analyzing through thousands of genes or genetic data derived 
from high throughput genetic technologies or molecular libraries 
and selecting a few that will predict the outcome. However, the 
accuracy of these predictions for each signature needs validation 
otherwise the results will be biased.  

As a proof-of-concept for genome-guided chemotherapy, predicting 
response versus no response for chemotherapy, we performed 
analysis on around 500 breast cancers gene expression profiles 
from three different independent publicly available databases 
and identified genes which were associated with chemotherapy 
response in breast cancers. We could not quantify the risk of 
recurrence or draw inferences from the data as the sample size 
was approximately 50 (extremely small). 
 
Materials and Methods
Datasets
TNBC data collection and processing: Gene expression profiles 
of TNBC patients with information about therapy response and 
specifically treated with neoadjuvant therapies were collected 
from GEO. Data was derived from the NCBI Gene Expression 
Omnibus (GEO, https://www.ncbi.nlm.nih.gov/geo/). Totally 500 
samples from 3 different gene expression profiling platforms like 
Affymetrix, HGU133plus 2 array [Total number of samples: 45], 
HGU133A array [Total number of samples: 322], and HTA2 array 
[Total number of samples: 119], were collected and used for the 
study. After the removal of duplicates 486 samples were obtained.

We collected 500 samples, in total, from 3 different gene 
expression profiling platforms like Affymetrix, HGU133plus 
2 array [Total number of samples: 45], HGU133A array [Total 
number of samples: 322], and HTA2 array [Total number of 
samples: 119], were collected and used for the study. 

After the removal of duplicates 486 samples were obtained. 
“Duplication” means that the publicly available datasets used 
for data collection may have repeated data. This could be due to 
clerical errors such as data entry errors or data collection methods. 
For example, while using a web scraper it may happen that one 
scrapes the same webpage more than once, or the same information 
from two different pages. Duplication can lead us to make incorrect 
conclusions by leading us to believe that some observations are 
more common than they really are.

Removing duplicates is called “deduplication” These are done 
using the following techniques in data analysis software and 
form a part of data cleaning. It is a critical step before using the 
collected data for final analysis. 
•	 Visualizing duplication
•	 Finding & removing exact duplicates
•	 Finding & removing partial duplicates

The 50 samples, on the other hand, were the recurrence-related 
data which were available for only 50 cases. Cancer recurrence is a 
critically important outcome for patients and clinicians. However, 
publicly available cancer registry data rarely contain recurrence 
information. The National Cancer Data Base (NCDB) collects 
recurrence data; however, this information is not provided to 
researchers because of completeness and accuracy concerns. 

Also, the majority of hospitals report incomplete recurrence 
information for more than half of their patients. The presence 
of incomplete recurrence information is largely dependent 
on undefined hospital factors, rather than patient or tumour 
characteristics. Attempts to improve cancer recurrence information 
should focus on hospital operational and process factors 
surrounding how the hospital tumour registries collect recurrence 
data and make it available to the research community for analysis.
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CONSORT Diagram Showing Flow of Data Collection 
Methods
It is a database of gene expression curated profiles maintained 
by the National Centre for Biotechnology Information (NCBI) 
and is called the Gene Expression Omnibus (GEO). It provides 
access to all its data sets and outputs a data set selected for further 
processing. It is a curated data set derived from investigator-
submitted data. 

GEO (Gene Expression Omnibus) is an international public 
repository that archives and freely distributes microarray, next-
generation sequencing, and other forms of high-throughput 
functional genomics data submitted by the research community. 
GEO data can be searched through the GEO Datasets and the 
GEO Profiles databases.

The three main goals of GEO are to:
1.	 Provide a database of high-throughput functional genomic 

data 
2.	 Support complete and well-annotated data deposits from the 

research community 
3.	 Allow users to query, locate, review and download studies 

and gene expression profiles of interest

The Gene Expression Omnibus (GEO) at the National Centre 
for Biotechnology Information (NCBI) is also the largest fully 
public repository for high-throughput molecular abundance data, 
primarily gene expression data. The database has a flexible and 
open design that allows the submission, storage and retrieval of 
many data types. These data include microarray-based experiments 
measuring the abundance of mRNA, genomic DNA, and protein 
molecules, as well as non-array based technologies such as serial 
analysis of gene expression (SAGE) and mass spectrometry 
proteomics technology. GEO currently contains over 30000 
submissions representing approximately half a billion individual 
molecular abundance measurements, for over 100 organisms. The 
GEO database is publicly accessible through the World Wide Web 
at http://www.ncbi. nlm.nih.gov/geo 

Hence 3 independent sets of analysis, each for the different 
platforms were performed. As these platforms had gene expression 
profiles that were populated with the TNBC cases with specific neo-
adjuvant therapies to Platinum-based [referring to HGU133plus2 
platform related samples], taxane cohort [referring HGU133A 
platform samples] and anthracycline with or without taxane cohort 
[HTA2.0 array] respectively.

The raw (.cel files) used in the respective cohort were downloaded 
from GEO. The raw .cel files of the independent cohorts were 
Robust MultiArray Average (RMA) normalized using Genespring 
GX and Pathway Finder software (Agilent Technologies, USA). 
As the anthracyclines with or without taxanes cohort were from 
a single GSE profile (GSE106977) we used the RMA normalized 
values from GEO as obtained. 

Statistical Analysis
The normalized gene expression measure of 1) platinum-based, 
2) taxane-based and (3) anthracycline with or without taxane 
based cohort were used for differential gene expression analysis. 
Genes with 1.5 fold differential expression among response Vs no 
response category with p-value<0.05 were considered significant. 
The enrichment analysis of the genes was performed using Cluster 
Profiler.

When we test for Differential Expression of Genes (DE) we start by 
assuming that the tested treatment has no effect (null hypothesis). 
The p-value is the probability of obtaining the observed or more 
extreme result if the null hypothesis were true. A small p-value 
means the null hypothesis is probably not true and the treatment 
does have an effect.

A large p-value indicates that the null hypothesis is plausible, still, 
the treatment could have an effect. The null hypothesis is never 
true. If we can increase the sample size we can get p-values as 
small as we want. So we can identify which genes are affected but 
can’t say which genes are not affected. Small p-values are usually 
correlated to logFC. However, genes with many read counts have 
higher statistical power to detect DE, in these cases we can see 
small p-values for genes with logFC close to zero.

In practice, to get DE genes we filter for False Discovery Rate (an 
adjusted p-value) less than, say, 0.05. Optionally, we filter also 
for absolute logFC above a certain threshold (depending on the 
biological question). It usually doesn’t make sense to invest time 
in genes with logFC close to 0 even if the p-value is very small. 
To get genes non-DE we could filter for logFC close to zero and 
p-value above, say 0.2, but the interpretation of p-value from 
above explanation needs to be understood. (Bayesian statistics 
suffer less of this “issue”).

To select covariates for each case study, we visually evaluated 
whether each covariate was informative by examining a scatter 
plot of the independent covariate percentile and the p-value. If 
this contained any noticeable trend such that certain values of 
the informative covariate were enriched for smaller p values, we 
considered the covariate to be informative. 

Most classically, methods that control the family-wise error rate 
(FWER), or probability of at least one false discovery, have been 
used to correct for multiple testing. Despite their popularity, 
FWER-controlling methods are often highly conservative, 
controlling the probability of any false positives (type I errors) 
at the cost of greatly reduced power to detect true positives. The 
trade-off of type I errors and power becomes exacerbated in the 
analysis of data from high-throughput experiments, where the 
number of tests being considered can range from several thousand 
to several million.

The Benjamini and Hochberg step-up procedure (BH) is the 
method we used to control the FDR. 

Note on Missing Data - There was no missing data as we used the 
raw files (.cel files) and these were Robust Multiarray Average 
(RMA) Normalized before final analysis. 
https://felixfan.github.io/RMA-Normalization-Microarray/

The detailed statistical analysis is as follows:
1.	 Differential gene expression analysis in Genespring GX 

(Version 14.9) was done using the unpaired t-test. GeneSpring 
GX https://www.agilent.com/en/product/software-
informatics/genomics-software-informatics/gene-expression/
genespring-gx

2.	  For p-value calculation, fold change 1.5 above or -1.5 below 
was used.

3.	 Benjamin Hochberg correction-based False Discovery Rate 
was performed to calculate the adjusted p-value.

4.	 Clusterprofiler (Version 3.18.1) calculates the hypergeometric 
distribution based p-value in its background which is used for 
the plots. Clusterprofiler https://bioconductor.org/packages/
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release/bioc/html/clusterProfiler.html 
5.	 Hierarchical clustering based on Pearson correlation measures 

of gene expression pattern was used in heatmap visualization.
6.	 Volcano plot and heatmaps were performed using Complex 

Heatmap (Version 2.6.2) and ggplot2 packages of R (version 
4.0.5). ComplexHeatMap - https://www.bioconductor.org/
packages/release/bioc/html/ComplexHeatmap.html Ggplot2 
package - https://r-graph-gallery.com/ggplot2-package.html

7.	 Scripts used for the heatmaps, volcano plots provided in 
Additional Files.

Results
Heterogeneous treatment response to therapies in TNBC:
In this study we focussed on genomic impact of neo-adjuvant 
therapy response in TNBC patients. Out of the 483 samples 
analysed from 3 different cohort, the detailed report on the results 
are provided below.
1) Platinum-based cohort: Transcriptome profile of neoadjuvant 
trial from cisplatin monotherapy or platinum & bevacizumab 
treated TNBC patients dominate this cohort. Differential gene 
expression analysis of treatment response to no response 
category in this cohort resulted in upregulated of 91 genes and 
downregulation of 227 genes with significant p-value <0.05. 
Volcano plot & Heat map depicting the expression pattern of genes 
differentially regulated across noresponse and response category 
are shown in Figure 1. Further pathway enrichment analysis using 
cluster profiler revealed the enrichment of key terms like Platinum 

drug resistance, chemical carcinogenesis, gluatathione metabolism 
related terms in no response category (Figure 1). 
2) Taxane-based cohort: Neoadjuvant therapy of taxane-
antracycline chemotherapy or Taxol based drugs along with FEC 
dominate (total number of samples: 322) these cohort. Differential 
gene expression analysis of treatment response to no response 
category in these taxane-based cohort resulted in the upregulated 
of 12 genes and downregulation of 30 genes in the no response 
category. Volcanoplot and Heatmap showing the expression pattern 
of differential expressed genes was shown in Figure 2. Pathway 
enrichment analysis revealed a defined enrichment of oncogenic 
signalling pathways like Pi3K-AKT, ECM, Focal adhesion etc., 
in the noresponse category.
3) Anthracycline±taxane cohort: Totally 119 samples, with 88 
patients treated with neoadjuvant anthracyclines and/or taxanes and 
31 with antracyclines and/or taxane plus carboplatin constituted 
this cohort.  Analysis of this cohort resulted in 10 upregulated 
and 47 downregulated genes in no-response category. The 
corresponding volcanoplot and heatmap showing their expression 
pattern are provided in the Figure 3. While enrichment of Wnt 
and TGF beta signalling were observed in noresponse category 
the response group was seen populated with immune response 
related pathways. Though the enrichment results were not highly 
significant as the total number of differentially regulated genes 
were very less, it provide us an idea on the action of immune 
response pathways in conferring better immune response to TNBC 
patients Figure 4-13.

Baseline Characteristics Table: Table showing baseline characteristics (sex,race,age,region) from datasets
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Distribution of Race/Ethnicities across the cases in datasets

Table 1: shows the source of samples from different independent datasets
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Figure 1: The Heatmap below shows the hierarchical Clustering pattern and expression of differentially expressed genes across 
response and no response categories of patients in GPL570 profile samples. Each column in the heatmap denotes the samples and 
each row denotes the expression of genes. Red colour denotes higher expression and blue colour denotes the lesser expression of 
genes. The red and blue lines above the heatmap gives sample information: Red -No Response Category and Blue - Pathological 
Complete Response Category of Patients

 
Table 2: GPL570 Samples - This is the list of 91 upregulated genes and 227 downregulated genes in No response category
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Figure 2: GPL570 samples - Genes within the range of -1.5<fold change >1.5 and p-value <0.05 were considered significantly 
differentially regulated. The genes with significant p-value <0.05 were extracted and shown as a volcano plot. Red colour dots denote 
upregulated genes and green dots denote downregulated genes in the No Response category

Figure 3: GPL96 samples - Genes within the range of -1.5<fold change >1.5 and p-value <0.05 were considered significantly 
differentially regulated. The genes with significant p-value <0.05 were extracted and shown as a volcano plot. Red colour dots denote 
upregulated genes and green dots denote downregulated genes in the No Response category

Figure 4: The Heatmap above shows the hierarchical Clustering pattern and expression of differentially expressed genes across 
response and no response categories of patients in GPL96 profile samples. Each column in the heatmap denotes the samples and 
each row denotes the expression of genes. Red colour denotes higher expression and blue colour denotes the lesser expression of 
genes. The red and blue lines above the heatmap gives sample information: Red -No Response Category and Blue - Pathological 
Complete Response Category of Patients.
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Table 3: GPL96 samples List of 12 upregulated genes and 30 downregulated genes in No Response category

Figure 5: Heatmap of upregulated and downregulated genes in HTA2 samples
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Figure 6: HTA2 samples - Genes within the range of -1.5<fold change >1.5 and p-value <0.05 were considered significantly 
differentially regulated. The genes with significant p-value <0.05 were extracted and shown as a volcano plot. Red colour dots denote 
upregulated genes and green dots denote downregulated genes in the No Response category

Figure 7: The heatmap above shows upregulated and downregulated genes with respect to recurrence.

Figure 8: Volcano plot with Recurrence data - Genes within the range of -1.5<fold change >1.5 and p-value <0.05 were considered 
significantly differentially regulated. The genes with significant p-value <0.05 were extracted and shown as a volcano plot. Red 
colour dots denote upregulated genes with respect to tumours showing recurrence and green dots denote downregulated genes with 
respect to tumours showing recurrence.
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Table 4: List of upregulated genes in Recurrence related tumors
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Figure 9: The gene set enrichment analysis results are shown here. It compares the gene sets enriched among upregulated and 
downregulated genes and plots it as Dot Plots. The size of each dot denotes the Gene ratio and the colour denotes its significance. 
P-adjust denotes the adjusted p value range obtained from gene set enrichment analysis.
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Figure 10: The plots give the significantly enriched terms. No enriched terms in response category for GPL96 and GPL570 it has 
not been shown.

   Volume 2(3): 12-17



Citation: Divya Dhananjay Singh, Aditya Bardia (2022) Impact of Tumour Genomics on Response to Standard Neo-adjuvant Chemotherapy in Triple-Negative Breast 
Cancer. Journal of Diseases Disorders & Treatments. SRC/JDDT-114. DOI: doi.org/10.47363/JDDT/2022(2)113

J Dise Dis Tre, 2022

Table 5: Important gene enrichments

Figure 11: The pathway term enriched in the genes compiled from all three profiles. This plot shows the significant terms enriched 
among no response and response group of patients.
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Figure 12: Gene Ontology

Figure 13: Functions enriched in both categories.
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Discussion
Predicting individual patient responses to therapy is a major 
breakthrough in customizing medicine and would be of great 
importance for therapeutic decision-making. In this study, we 
identified upregulated and downregulated genes from three 
independent datasets with TNBC cases. High expression of the 
certain genes was significantly associated with a better outcome. 
Certain chemotherapies especially anthracyclines and taxanes 
were associated with higher chance of achieving pCR.

Standard therapy in cases of Triple-Negative Disease includes use of 
5-Flourouracil (5-FU) Doxorubicin and Cyclophosphamide or 5-FU, 
Epirubicin, Cyclophosphamide or a combination of Doxorubicin 
and Cyclophosphamide. Paclitaxel and Docetaxel may be added 
to the regimen. There has been some trend towards single-agent 
Paclitaxel or Docetaxel as well. Literature reports the Basal Like 
1 and Basal Like 2 tumour subtypes with higher expression of cell 
cycle and DNA damage response genes respond well to the addition 
of Platinum agents such as Cisplatin or Carboplatin which cause 
higher response rates. The Mesenchymal and Mesenchymal Like 
tumour subtypes respond to PI3K or mTOR inhibitor or dasatinib 
(abl/src inbibitor) which attack the epithelial to mesenchymal 
transition pathways. The Luminal Androgen Receptor Subtype 
with androgen receptor signaling pathway expression responds to 
addition of Androgen Receptor Antagonist such as bicalutamide.

Therapy guidelines has also been divided based on Genomic 
Profiling where the Programmed Death Ligand-1 (PDL-1) positive 
TNBC cases respond to addition of Immune checkpoint inhibitors 
in addition to standard chemotherapy. The PDL-1 negative tumours 
respond to single agent chemotherapy over combination (based 
on subtypes). In cases of prior two chemotherapies regimens 
having been used there is recommendation to add sacituzumab and 
govitecan. In cases of Germline BRCA mutations, a poly ADP-
ribose polymerase inhibitor acts better over standard neoadjuvant 
chemotherapy.

However, despite these guidelines there is a rise in Chemotherapy 
resistance caused by various reasons ranging from the action 
of ATP Binding Cassette Proteins medicated efflux of drugs, 
activation of the hedgehog pathway, effect of cancer stem cells 
and their self-renewal, promotion of Hypoxia Inducible Factors 
(HIFs), hypoxia in tumour microenvironment which causes the 
acidic microenvironment to dampen effect of chemotherapy agents 
which work best in oxygen dependent manner, decreased cellular 
penetration of drugs, avoidance of apoptosis and dysfunction of 
signaling pathways. There is a need to find ways to rise up to this 
challenge of chemoresistance.	

Literature shows, the presence of multigene signatures such as 
Oncotype and MammaPrint, which recommended by scientific 
bodies and used ny clinicians to predict prognosis of Oestrogen 
positive breast tumours. The measurement consists of an array of a 
diverse set of genes, however, their prognostic capability is largely 
due to their proliferation predictors.  There have been instances 
of claims in the past where genes linked to mechanism of disease 
were occasionally used to predict prognosis. An example of this 
is the p27Kip1, which when reported as low among breast cancer 
cases is associated with poor survival [17]. We intended to obtain 
a similar prognostic capacity by analysing the gene expression 
profiles in cases of Triple- Negative Breast disease.

As explained in the Results section above, there was little overlap 
in genes among the different datasets even though the predictive 

power is similar. Previously too, concern has been voiced regarding 
the uniqueness of signature genes in predicting outcomes in TNBC 
[18]. To date, no multigene assay are recognized or ratified by 
clinical guidance for predicting the prognosis of triple-negative 
breast cancers [19]. In our study, we found in the Platinum-based 
cohort the enrichment of key terms like Platinum drug resistance, 
chemical carcinogenesis, glutathione metabolism-related terms in 
no response category. The Taxane-based cohort revealed a defined 
enrichment of oncogenic signaling pathways like Pi3K-AKT, 
ECM, Focal adhesion etc., in the non response category and the 
Anthracycline±taxane cohort results were not highly significant as 
the total number of differentially regulated genes were very less, 
it provide us an idea on the action of immune response pathways 
in conferring better immune response to TNBC patients. 

In the GPL 570 category results, the most salient genes upregulated 
in the no response category were ABCC11/MRP8 which 
confers resistance to anthracyclines, taxanes, mitoxantrone, 5 
Fluorouracil through the Multidrug resistance gene Protein 8, 
FCER1A seen in the relapse group in previous research, GSTM5 
which is associated with brain metastasis, LBP associated with 
Pregnancy-associated TNBC, TSPAN8 associated with shorter 
overall survival, EDNRB - High expression levels of which in 
response category were associated with favourable disease-free 
survival time and PCDHB2 which is a known Prognostic marker 
for aggressive Basal-like phenotype. Each of these can serve as 
novel prognostic biomarkers.

Under the GPL96 results the strongest association in the 
no response category was shown by COLL11A1.  The ECM 
proteome, or “matrisome,” of cancers has been an area of extensive 
research recently. Matrisome is defined as a collection of genes 
encoding core ECM proteins and ECM-associated proteins. 
Chemotherapy and immunotherapy resistance associated with 
COL11A1 expression is increased in several cancers and high 
levels of COL11A1 are often associated with poor survival, 
chemoresistance, and recurrence. COL11A1 also promotes cancer 
cell migration, metastasis, and therapy resistance by activating pro-
survival pathways and modulating tumor metabolic phenotype. 
Several inhibitors that are currently being tested in clinical trials 
for cancer or used in clinic for other diseases, can be potentially 
used to target COL11A1 signaling. COL11A1 as a promising 
biomarker and a key player in cancer.

In the HTA2 array dataset downregulation of proteins in the major 
histocompatibility complex (MHC) class I antigen presentation 
pathways were enriched, including TAP1 and were associated with 
significantly shorter recurrence-free and overall survival. TNBC 
cells associated with HLA-B protein express at least one predicted 
neoepitope, indicating that most breast cancer patients have the 
potential for neo-epitope targeted immunotherapy. Neoepitopes 
are targets for vaccine development and adoptive T cell therapy. 
The combination of checkpoint blockade with a patient-specific 
neoepitope vaccines are being developed. DEK promoted cancer 
cell angiogenesis and metastasis by activating the PI3K/AKT/
mTOR pathway and therefore, it might be a potential target in 
TNBC therapy.

Amongst the pathway enriched for significant terms the most 
interesting find was RAGE signaling pathway and could be 
used as a novel therapeutic target and biomarker for TNBCs. 
The RAGE/S100A7 signaling acts through paracrine and 
endocrine mechanisms in epithelial as well as Tumour associated 
macrophages and plays an important role in linking inflammation 
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to breast cancer metastasis. In addition, RAGE also binds to 
S100A8/A9 to recruit myeloid-derived suppressor cells (MDSCs) 
and thereby enhance breast cancer growth and metastasis further.

The most important gene enrichments in the No response category 
were Drug Resistance and Glutathione Metabolism related 
pathways. Drug Resistance especially Cisplatin resistance has been 
elucidated through cell death inhibition (apoptosis suppression), 
altering in the drug metabolism, epigenetic changing, changes 
in the drug targets, enhanced DNA-repair and target gene 
amplification. Drug resistance is seen with the use of Platinum-
based therapy such as Paclitaxel which enhanced the expression of 
VEGF receptor 1 expressed on lung endothelial cells causing lung 
metastasis. Also, Doxorubicin which enhances the perivascular 
TIE-2 expression on macrophages causing extravasation and 
proliferation of tumour in extracellular matrix. Chemotherapeutic 
drugs can cause pro-apoptotic exosomal extracellular vesicle 
generation as well. Glutathione biosynthesis is caused due to  
Integrated stress response which activates a signaling pathway. 
The phosphorylation of eIF2-alpha in TNBC cells promotes 
activation of ATF4 with reduced glutathione within cells causing 
more Reactive oxygen Species associated damage.

In the recurrence category due to the small sample size, we could 
not use it to draw meaningful inferences. However, some validated 
by studies show ACTL8, which was identified to be associated 
with recurrence in these samples, may facilitate the proliferation, 
migration and invasion, while inhibiting apoptosis through 
activating PI3K/Akt/mTOR signaling pathway in TNBC. ACTL8 
might be considered a novel prognostic marker and therapeutic 
target for TNBC.

The solute carrier (SLC) 7 family genes play central roles in cancer 
cell metabolism as glucose and glutamate transporters. SLC7A 
had excellent diagnostic value in BC patients and was strongly 
correlated with tumour infiltration. SLC7A4  expression levels 
can be sensitive biomarkers for predicting BC outcomes. 

Selection of optimal chemotherapy for a patient is a challenging 
issue. One of the many aims by the scientific community in 
improving prediction and response behaviour, has been focusing on 
pCR responses, whether their better responses could be achieved 
by predicting response to specific chemotherapies. Individual 
patients respond differently to various therapy cycles and treatment 
regimens; for example, addition of taxanes into anthracycline 
regimens is known to improve the efficacy of chemotherapy and 
even among subgroups in triple-negative breast cancer, a more 
complete pCR rate could be achieved when treated by certain 
regimens [20-25].

Essential work done by Shawn McGuirk et al and Sherene Loi et al. 
have shown how chemotherapy resistance is a critical therapeutic 
barrier [26,27]. Metabolic adaptations have been the source of 
resistance with specific therapies eliciting unique metabolic 
alterations. The dependence of the breast cancer cells on distinct 
metabolic adaptations reveals that these can vary with different 
therapeutic modalities and that these metabolic dependencies 
can be exploited as a targeted approach to treat chemotherapy-
resistant breast cancer.  

Limitations of the study include that the datasets are not 
representative of the whole picture of TNBC patients. The 
datasets are unwieldy to work with and need a lot of cleaning 
and data management resources. Datasets carry limited variables 
of interest. The data may be subject to clerical error and coding 

inaccuracy. There may be the omission of useful data due to 
perceived irrelevance. The lack of follow-up data limits our ability 
to make associations between genetic alterations and clinical 
outcomes. The use of therapy-specific data may act as a potential 
confounder. Available information is of limited granularity and 
de-identification precludes the collection of additional variables 
thus increasing the risk of unmeasured confounding. Follow-up 
data limits the ability to make clinically meaningful associations 
between genetic alterations and clinical outcomes. The selection 
of different treatment regimens can act as a potential confounder. 
The differentiation of causation genes versus correlation genes 
can be difficult. Loss of information due to limiting network to 
most dense cores.

Recurrence data was too small which was a major limitation. 
Attempts to improve cancer recurrence information should focus 
on hospital operational and process factors surrounding how the 
hospital tumour registries collect recurrence data and make it 
available to the research community for analysis.

However, the study helps us to better identify the actionable 
mutations and genes related to response to therapy which can have 
immense use in matching therapy to each individual patient and 
better overall survival in TNBC patients. Predictive biomarkers of 
drug therapy are essential to the treatment of TNBC patients. The 
distinct difference in the genetic mutations between responding 
and non-responding patients proves the usefulness of this process 
to predict Chemotherapy efficiency. The somatic mutations post-
chemotherapy were not well elucidated previously in any other 
study, to the best of our knowledge. No response genes can 
highlight highly deregulated pathways early which can act as 
markers. Any upregulated genes can be studied early using biopsy 
of TNBC tissues. Alternate therapy for genes or pathways can 
be targeted. Cross-Talk between signaling pathways paves way 
to experiment more combination therapies. Our study highlights 
some of these and helps in contributing to the knowledge required 
for guiding therapy and predicting responses to given therapies by 
understanding the genetically variable characteristics. Commonly 
seen as an umbrella term for a heterogeneous disease, TNBC, 
genetic profiling shall allow us to sequence individual genomes of 
patients which shall usher us into the era of personalized treatment 
guided by genetic analysis of each patient’s individual tumours 
as key for better therapy selection. 

Conclusion and Future Directions
Our study demonstrates the successful identification of responder 
and no-response genes to predict treatment response to specific 
chemotherapy in Triple-negative breast Disease. The dependence 
of the breast cancer cells on distinct metabolic adaptations reveals 
that these can vary with different therapeutic modalities and that 
these metabolic dependencies can be exploited as a targeted 
approach to treat chemotherapy-resistant breast cancer. 

Data Availability
All raw are available through NCBI Gene Expression Omnibus 
(GEO, https://www.ncbi.nlm.nih.gov/geo/) as detailed in 
Supplemental Table 1.
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