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Abstract

This abstract presents a study that aimed to identify potential drugs for breast cancer treatment

by analyzing large datasets and employing computational methods. Initially, breast cancer data

from two datasets, Cancer Cell Encyclopedia (CCLE) and Genomics of Drug Sensitivity in
Cancer (GDSC), were combined and tested for drug sensitivity using a drug-dose response
curve. The drugs showing sensitivity in all eleven breast cancer cell lines were shortlisted for
further evaluation. SCRNA-Seq analysis identified five drugs overlapping with the drug-
sensitivity data, namely Afatinib, Bortezomib, Gemcitabine, Navitoclax, and Trametinib,
which were selected for further investigation. Afatinib was evaluated based on its IC50 value
and consistency across eleven cell lines. The target of Afatinib was identified from the datasets
and subjected to machine learning using a Python script, which provided predictions of similar
molecules in the ChEMBL database. Docking analysis was performed using the PDB ID 4G5J
as a reference to predict the interactions of the target. The docking score for Afatinib was
compared to a resultant compound, ChEMBL233325, with a high score of -9.4. The test
compound ChEMBL233324 was selected for MD simulation as it consisted the same residue
as our control compound. Overall, this study employed computational methods and analysis
techniques to identify potential drugs for breast cancer treatment, providing valuable insights

for further research and development.

Keywords: Breast cancer, drug-dose response, ScRNA-Seq analysis, Machine Learning,

Docking analysis, MD simulation




INTRODUCTION




1 Introduction

Breast Cancer occurs in both men and women. However, being the most common among
women, it reported approx—2.3 million cases globally in 2020 alone (Bray et al., 2021). Breast
cancer occurs when abnormal cells in the breast grow and divide uncontrollably, forming a
mass or lump. The symptoms of breast cancer range from a bump in the breast, a shift in the
form of the breast, skin dimpling, liquid from the nipple, and a newly inverted nipple to a

yellow or scaly hair patch.
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Figure 1. Typical Breast Tumor

The outcomes of breast cancer greatly depend on the form of cancer, the disorder's magnitude,
and the person's agel!l. Risk factors for breast cancer are depression, increasing age, absence
of physical activity, smoking, frequent consumption of liquor, hormone substitution treatment
during menopause, ionizing radiation, having kids late or not at all, elderly era, and family
history such as inherited mutations in specific genes !!!. Genes most well-known to trigger the
onset of breast cancer are BRCA1 & BRCA2, which produce proteins to suppress tumor growth
in the breast and other tissues. However, due to mutational changes, these genes increase the
risk of developing breast cancer or different types of cancer. We can acknowledge that Breast
cancer is a complex and heterogeneous disease, presenting significant challenges in its
diagnosis and treatment. On the other hand, the advent of high-throughput technologies and
the availability of large-scale genomics datasets have opened new ways and approaches for
understanding the underlying mechanisms of breast cancer and identifying potential
therapeutic strategies. In recent years, bioinformatics approaches have played a crucial role in
deciphering the intricate molecular landscape of breast cancer and have become instrumental

in drug discovery and development.




The first step in drug discovery is the evaluation of drug response profiles across various cancer
cell lines. The Genomics of Drug Sensitivity in Cancer (GDSC) 2! and Cancer Cell Line
Encyclopedia (CCLE) ! databases provide valuable resources for accessing drug response data
across various cancer cell lines, including breast cancer. These databases integrate
comprehensive genomic and pharmacological information, enabling researchers to investigate

drug sensitivity patterns and identify candidates for further investigation.

In this study, we leveraged the wealth of information available in the GDSC and CCLE
databases to generate drug dose-response curves (Rplots) specifically for breast cancer cell
lines. Using the robust statistical computing environment RStudio ™ we analyzed the drug
response data and identified drugs exhibiting promising efficacy against breast cancer. These
drugs were potential candidates for further exploration in our drug discovery pipeline. We
performed single-cell RNA sequencing (SCRNA-Seq) ! analysis on breast cancer cell lines to
gain deeper insights into the molecular mechanisms underlying drug response. Single-cell
RNA-seq offers the ability to capture gene expression patterns at the single-cell level,

identifying cellular heterogeneity and characterizing distinct subpopulations within a tumor.

Contrary to the Single-cell RNA sequencing Analysis, a more usual approach is Bulk-RNA
sequencing analysis [®], where pooled cell populations are analyzed to measure the average
expression of individual genes across millions of cells to get a general idea of differences in
the gene expression between samples. Bulk RNA Sequencing analysis incorporates the usage
of many cells, is less sensitive, and needs to be more precise due to the average gene expression
it provides. SCRNA-Seq analysis, on the other hand, is more sensitive in comparison and more
precise as it provides gene expression levels for individual cells. Since the SCRNA-Seq analysis
method is superior and preferable to Bulk-RNA-Seq Analysis, it is used in this study for better

quality results.
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Figure 2. Bulk RNA-Seq analysis vs. Single-cell RNA-Seq analysis




By analyzing the SCRNA-Seq data, we aimed to identify specific cellular subsets or molecular
signatures associated with drug response in breast cancer. Based on the SCRNA-Seq results,
we shortlisted drugs that demonstrated the most promising efficacy in targeting relevant
cellular subpopulations or gene expression patterns associated with breast cancer. To further
optimize these drug candidates, we employed machine learning techniques. Machine learning
algorithms have great potential in identifying novel drug-like compounds with desirable
properties. In our study, we utilized three machine learning algorithms to generate derivatives

of the shortlisted drugs to enhance their efficacy and specificity for breast cancer treatment.

(RF) Random Forest [ is a popular machine learning algorithm used for classification and
regression tasks. It belongs to the ensemble learning methods, which combine multiple decision
trees to make predictions. In Random Forest, a collection of decision trees is built on randomly
selected subsets of the training data, and the final prediction is made by aggregating the
predictions of individual trees. The algorithm has gained popularity due to its ability to handle
large datasets, high-dimensional features, and complex interactions between variables. It has
been successfully applied in various domains, including finance, healthcare, and image

recognition.
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Figure 3. A flow chart of Random Forest Algorithm

(SVM) Support Vector Machine ! is a powerful supervised learning algorithm used for both
classification and regression tasks. SVM aims to find the best hyperplane that separates the
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data points belonging to different classes with the largest margin. It works by mapping the input
data into a high-dimensional feature space and finding an optimal hyperplane that maximally
separates the classes. SVM is known for its ability to handle high-dimensional data and its
robustness against overfitting. It has been widely used in areas such as image classification,

text categorization, and bioinformatics.
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Figure 4. A representation of Support Vector Machine (SVM) Algorithm

(ANN) Artificial Neural Network ! is a computational model inspired by the structure and
function of biological neural networks. It consists of interconnected nodes, called neurons,
organized in layers. Each neuron takes input signals, applies a non-linear activation function,
and passes the output to the next layer. ANNs are capable of learning complex patterns and
relationships in the data through a process called training. This training involves adjusting the
weights and biases of the neurons to minimize the difference between the predicted and actual
outputs. ANNs have shown remarkable success in various applications, including speech

recognition, image processing, and natural language processing.

Figure 5. Artificial Neural Network Algorithm




The machine learning-derived drug derivatives were subjected to molecular docking " studies
against the ChEMBL library. Molecular Docking provides insights into the binding interactions
between small molecules and their target proteins, enabling the prediction of their potential
binding affinities. We sought to identify the most favorable drug-target interactions through

molecular Docking and prioritize the drug derivatives with the highest binding affinities.

We performed molecular dynamics (MD) simulations ['!! to validate the potential therapeutic
candidates. MD simulations allow for exploring the dynamic behavior of drug molecules and
their interactions with target proteins over time. By simulating the drug-target complexes, we
aimed to gain a comprehensive understanding of their stability, conformational changes, and
binding kinetics. The MD simulations provided crucial information for evaluating the proposed

Drug and its potential efficacy and safety.

This study integrates bioinformatics approaches with experimental and computational
techniques to identify and propose the best Drug (s) possible for breast cancer treatment. By
leveraging drug dose responses, single-cell RNA-seq analysis, machine learning-driven
derivative generation, molecular Docking, and MD simulations, we aim to identify a promising
drug candidate with enhanced efficacy and target specificity. The findings from this research
hold the potential to advance breast cancer therapeutics significantly, improving patient

outcomes and contributing to the ongoing efforts to combat this devastating disease.
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2 Literature review

Breast cancer is a complex and heterogeneous disease with diverse molecular subtypes,
necessitating the development of targeted and personalized therapeutic approaches. Extensive
research has been undertaken to unravel the underlying mechanisms of breast cancer biology,
drug response, and treatment resistance. By reviewing the existing literature, we can identify

the progress made, the challenges encountered, and the opportunities for further investigation.

The literature review will also encompass the utilization of machine learning algorithms in the
context of breast cancer drug discovery. By examining studies that have utilized machine
learning for predictive modeling, drug candidate optimization, and therapeutic target
identification, we can assess the potential of these computational approaches in enhancing

personalized treatment strategies for breast cancer patients.

Additionally, the review will explore the field of molecular docking, which enables the
investigation of drug-protein interactions, and MD simulations, which provide insights into the
stability and dynamics of drug molecules and target proteins. By analyzing relevant studies,
we can understand the role of these computational techniques in evaluating the binding affinity,

conformational changes, and binding kinetics of potential drug candidates.

Through their analysis, ['?! the authors made several important findings that shed light on the
clonal evolution of breast cancer. Firstly, they observed extensive intra-tumor heterogeneity,
with the presence of multiple co-existing clones within each tumor sample. This heterogeneity
suggests diverse subpopulations of cells with distinct genomic alterations and evolutionary
trajectories. Secondly, the authors identified common genetic alterations, such as copy number
variations and somatic mutations, that were shared among multiple clones, indicating the
presence of clonal expansions. These clonal expansions likely contribute to tumor growth and
development. Additionally, the authors discovered subclones with unique genomic alterations,

highlighting the ongoing diversification and evolution of breast cancer cells within the tumor.

[12] The authors discuss the integration of deep learning algorithms with single-cell data to
improve drug response prediction. Deep learning methods, such as convolutional neural
networks (CNNs) and recurrent neural networks (RNNs), have shown great promise in

analyzing complex biological data and extracting informative features. By training deep




learning models on large-scale single-cell datasets, researchers can uncover patterns and
signatures associated with drug response, leading to more accurate predictions. The authors
provide an overview of various single-cell techniques that enable the measurement of cellular
responses to drugs with high resolution. These techniques include single-cell RNA sequencing
(ScRNA-Seq), single-cell proteomics, and single-cell imaging assays. By capturing molecular
profiles and functional readouts of individual cells, these techniques enable the characterization

of cellular states and heterogeneity, which are critical for predicting drug response accurately.

[13] The authors proposed an ensemble method that integrates matrix completion and ridge
regression to improve drug-response prediction. Matrix completion is used to fill in missing
drug-response measurements, utilizing known responses to infer and complete the missing
values. Ridge regression, a regularization technique, is then applied to train predictive models
using the completed matrix. The ensemble method combines the predictions from multiple
matrix completion and ridge regression models, resulting in a more robust and accurate drug-
response prediction model. The authors evaluate the performance of their proposed ensemble
method using publicly available cancer cell line datasets with associated drug-response
measurements. They compare the predictive accuracy of their method with other state-of-the-
art approaches for drug-response prediction. The evaluation includes metrics such as mean
squared error and Pearson correlation coefficient to assess the accuracy and robustness of the
predictions. The authors present the results of their experiments, demonstrating that the
proposed ensemble method outperforms other methods in predicting anticancer drug response.
The combination of matrix completion and ridge regression effectively addresses the
challenges of missing data and high dimensionality, leading to improved accuracy and
reliability in drug-response prediction. The authors conclude that their ensemble method has
the potential to enhance personalized medicine by providing more accurate predictions of drug

response, facilitating informed treatment decisions.

[14] The authors employed ScCRNA-Seq technology to perform transcriptomic profiling at the
single-cell level, allowing them to capture the heterogeneity of tumor and immune cell
populations within primary breast cancer samples. By isolating individual cells and sequencing
their RNA, the researchers obtained detailed gene expression profiles, enabling comprehensive
analysis of the cellular composition and functional states of the tumor and immune
microenvironment. Through their analysis, ['*! made several important findings that contribute

to our understanding of primary breast cancer. Firstly, they identified distinct cell clusters




corresponding to different cell types, including tumor cells, immune cells, stromal cells, and
endothelial cells. This comprehensive cellular profiling provides insights into the cellular
heterogeneity within primary breast tumors. Secondly, the authors discovered unique gene
expression signatures associated with different cell types and states. This information sheds
light on the molecular characteristics and functional diversity of tumor and immune cells in

breast cancer.

[15] The authors employed ScCRNA-Seq technology to profile the transcriptomes of individual
immune cells within breast tumor samples. By analyzing gene expression patterns at the single-
cell level, they identified distinct immune cell populations and characterized their phenotypic
and functional diversity. The researchers used a computational method called Biscuit to identify
cell populations that differed in co-expression patterns, providing insights into the
heterogeneity of immune cells within the tumor microenvironment. Through their analysis, the
authors made several important findings that enhance our understanding of immune phenotypes
in the breast tumor microenvironment. Firstly, they observed a phenotypic expansion of intra-
tumoral immune cells, indicating a broad range of functional states and activation levels within
the immune cell populations. This diversity suggests complex interactions between tumor cells
and the immune system. Secondly, the authors identified continuous activation and
differentiation trajectories of T cells, revealing the dynamic nature of T cell responses within
the tumor microenvironment. Furthermore, they discovered that combinatorial environmental
inputs and T cell receptor (TCR) usage shape the phenotypic diversity of T cells, underscoring

the impact of both intrinsic and extrinsic factors on T cell phenotypes.

(1 Here the authors describe their integrated approach, which involves several steps. Firstly,
they analyze gene expression data from breast cancer cell lines to identify differentially
expressed genes between cancer and normal cell lines. Then, they construct a protein-protein
interaction network and prioritize genes based on their network properties and connectivity.
They further analyze the enriched biological pathways and functional modules using gene set
enrichment analysis and module identification algorithms. Finally, they validate the potential
biomarkers using independent breast cancer datasets. Through their analysis, the authors
identified several novel biomarkers associated with breast cancer. They discovered
differentially expressed genes that play critical roles in breast cancer progression and identified
key biological pathways and functional modules involved in the disease. The integration of

network-based approaches allowed for the identification of hub genes and potential regulatory
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relationships, providing further insights into the molecular mechanisms underlying breast
cancer development. The study by [! has important implications for breast cancer research and
clinical applications. The identified biomarkers have the potential to improve diagnosis,
prognosis, and treatment selection in breast cancer patients. The integrated systems biology
and network-based approach provide a comprehensive framework for biomarker discovery,
facilitating a deeper understanding of the molecular basis of breast cancer and enabling the

development of personalized therapeutic strategies.

[16] The authors employed SCRNA-Seq technology to profile gene expression in TNBC samples
at the single-cell level. By analyzing the transcriptomes of individual cells, they identified
distinct TNBC subtypes based on their gene expression profiles. Subsequently, they
systematically investigated the association between these subtypes and patient prognosis using
survival analysis. The authors developed a computational framework to identify subtype-
specific prognosis signatures, which were based on gene expression patterns and their
correlation with patient outcomes. Through their analysis, ['®) made several important findings
that enhance our understanding of TNBC subtypes and their prognostic implications. Firstly,
they identified multiple TNBC subtypes characterized by distinct gene expression profiles.
These subtypes exhibited differences in their prognosis and clinical outcomes. Secondly, the
authors systematically identified subtype-specific prognosis signatures by pinpointing genes
whose expression patterns were associated with patient survival. These signatures provide
potential biomarkers for predicting patient prognosis and may have implications for
personalized treatment approaches in TNBC. The study by ['®! has important implications for
the stratification and management of TNBC patients. The identified TNBC subtypes and
associated prognosis signatures provide insights into the heterogeneity and clinical outcomes
within this subtype of breast cancer. These findings have the potential to contribute to the
development of personalized treatment strategies and the identification of therapeutic targets

specific to TNBC subtypes.

[17) The authors describe the methodology behind Digitaldlsorter, which utilizes deep learning
techniques to deconvolute SCRNA-Seq data. The model is trained using a large dataset of
ScRNA-Seq profiles with known cell type annotations. Digitaldlsorter learns to recognize cell
type-specific gene expression patterns and can subsequently classify and quantify the
abundance of different cell types within a mixed cell population based on gene expression data.

Through their analysis, [!”) demonstrate the effectiveness of Digitaldlsorter in accurately
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deconvoluting gene expression data obtained from SCRNA-Seq experiments. The deep learning
model successfully identifies and quantifies the abundance of distinct cell types within a mixed
population. The authors showcase the utility of Digitaldlsorter by applying it to different
ScRNA-Seq datasets, highlighting its ability to provide valuable insights into cellular
composition and gene expression dynamics. This study has important implications for the
analysis of SCRNA-Seq data and the study of cellular heterogeneity. Digitaldlsorter offers a
powerful tool for deconvoluting complex gene expression data, enabling researchers to identify
and quantify the abundance of different cell types within a sample. This information can aid in
understanding cellular dynamics, identifying novel cell populations, and investigating cell

type-specific gene expression patterns in various biological processes and diseases.

51 The authors discuss different SCRNA-Seq technologies, including droplet-based methods
(e.g., Drop-seq, 10x Genomics), microwell-based methods (e.g., SMART-seq) , and
combinatorial indexing methods (e.g., sci-RNA-seq, Perturb-seq). They describe the key steps
involved in SCRNA-Seq, such as cell isolation, reverse transcription, library preparation, and
sequencing. The authors highlight the strengths and limitations of each technology and provide
insights into choosing the appropriate method based on the research objectives. ¥ discuss the
computational challenges in analyzing SCRNA-Seq data and provide an overview of the
common analytical steps. These steps include quality control, read alignment, gene
quantification, normalization, dimensionality reduction, clustering, and differential expression
analysis. The authors describe the algorithms and tools commonly used for each step and
discuss considerations for data interpretation and downstream analysis. They also touch upon
emerging computational methods for addressing specific challenges in SCRNA-Seq analysis,
such as batch effect correction and trajectory inference. The authors highlight the broad
applications of ScRNA-Seq technologies and their impact on various fields, including
developmental biology, cancer research, immunology, neuroscience, and regenerative
medicine. They emphasize the importance of computational data analysis in extracting
meaningful biological insights from SCRNA-Seq datasets. The ability to study gene expression
profiles at the single-cell level offers unprecedented resolution and has the potential to uncover

novel cell types, regulatory networks, and therapeutic targets.

(18] The authors describe their methodology, which involves integrating gene expression data
and pathway cross-talk information to identify potential drug target pathways. They first

analyze gene expression profiles of breast cancer subtypes to identify differentially expressed
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genes and pathways. Next, they analyze the cross-talk between pathways to identify potential
targetable interactions. Finally, they validate their findings using drug sensitivity data and
assess the clinical relevance of the identified drug target pathways. Through their analysis, [®]
made several important findings. They identified subtype-specific differentially expressed
genes and pathways, highlighting the molecular differences between breast cancer subtypes.
By analyzing pathway cross-talk, they identified potential drug target pathways that are
involved in pathway interactions specific to each subtype. The authors provide evidence of the

clinical relevance of the identified drug target pathways by correlating them with drug

sensitivity and patient survival data.

(191 The authors describe their methodology, which involves integrating and analyzing publicly
available breast cancer datasets to identify genes associated with breast cancer progression and
prognosis. They utilize bioinformatics tools and algorithms to perform gene expression
analysis, identify differentially expressed genes, and assess their potential biological functions
and pathways. The authors also discuss the potential therapeutic implications of the identified
genes and explore their interactions with existing drugs or molecular targets. Through their

1 made several important findings. They identified genes that are differentially

analysis, |
expressed in breast cancer samples compared to normal tissues and explored their potential
roles in breast cancer progression and prognosis. The authors highlight the potential therapeutic
relevance of the identified genes by discussing their interactions with existing drugs or
molecular targets. Additionally, they provide insights into the biological pathways and
processes associated with breast cancer based on the analysis of gene expression patterns. The
study has important implications for breast cancer research and personalized medicine. The
identified genes associated with breast cancer progression and prognosis provide potential
biomarkers for disease prognosis, risk stratification, and treatment response prediction.
Moreover, the exploration of potential therapeutic targets and their interactions with existing

drugs opens avenues for developing novel therapeutic strategies and personalized treatment

approaches in breast cancer.

(29) The authors describe the methodology used to develop the GBRT model. They collected
experimental solubility data for Decitabine and utilized various molecular descriptors and
physicochemical properties as input features. The GBRT model was trained using the collected
data, and its predictive performance was assessed. Additionally, the authors utilized the model

to optimize the solubility of Decitabine by identifying key molecular features and conditions
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that enhance its solubility. Through their analysis, ?°! made several important findings. They
developed a GBRT model capable of accurately predicting the solubility of Decitabine based
on its molecular descriptors and physicochemical properties. The model demonstrated
robustness and high predictive performance. Additionally, the authors utilized the model to
optimize the solubility of Decitabine by identifying specific molecular features and conditions
that can be manipulated to enhance solubility. The study has important implications for the
formulation and development of Decitabine as an anti-cancer drug. The GBRT model provides
a novel mathematical tool for predicting and optimizing the solubility of Decitabine, which can
aid in the formulation of more effective drug delivery systems. The insights gained from the
model can help researchers and pharmaceutical companies design strategies to enhance the
solubility and bioavailability of Decitabine, ultimately improving its therapeutic efficacy. The
model demonstrates high predictive performance and offers insights into the molecular features
and conditions that influence solubility. This research has implications for enhancing the
formulation and delivery of Decitabine, potentially improving its therapeutic effectiveness in

the treatment of myelodysplastic syndromes.

1) The advent of single-cell technologies has revolutionized our ability to study the
complexities of cellular heterogeneity and responses to drugs at a high-resolution level.
Analyzing the vast amount of data generated from single-cell studies requires advanced
computational approaches. In this research paper titled "Trends and Potential of Machine
Learning and Deep Learning in Drug Study at Single-Cell Level," *! explore the trends and
potential applications of machine learning and deep learning techniques in drug studies at the
single-cell level. The authors provide an overview of the methodologies employed in single-
cell drug studies using machine learning and deep learning approaches. They discuss the key
steps involved, including data preprocessing, feature selection, model construction, and
evaluation. The authors highlight the advantages of machine learning and deep learning
techniques in handling the high-dimensional and complex nature of single-cell data, as well as
their ability to capture intricate patterns and make predictions. Through their analysis, ?!]
identify several important trends and potential applications of machine learning and deep
learning in drug studies at the single-cell level. They discuss the utilization of these techniques
in drug response prediction, drug discovery, drug toxicity assessment, and personalized
medicine. The authors highlight the ability of machine learning and deep learning models to
leverage single-cell data to identify drug targets, understand drug mechanisms, and optimize

treatment strategies. The study by both the authors has important implications for advancing
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drug study approaches at the single-cell level. Machine learning and deep learning techniques
offer powerful tools for analyzing and interpreting the complex and high-dimensional single-
cell data, enabling the discovery of novel drug targets, the prediction of drug responses, and
the optimization of therapeutic interventions. The application of these techniques in drug
studies has the potential to accelerate the development of personalized medicine and improve
patient outcomes. The findings highlight the power of these computational approaches in
analyzing complex single-cell data and their implications for drug discovery, drug response

prediction, and personalized medicine.

22 The authors discuss the progress made in applying single-cell sequencing to various aspects
of cancer research. They highlight the use of single-cell RNA sequencing (ScCRNA-Seq) in
characterizing cellular heterogeneity, identifying cell types and states within tumors, and
elucidating signaling pathways and regulatory networks. They also discuss the application of
single-cell DNA sequencing (ScDNA-seq) and single-cell epigenomic profiling in studying
clonal evolution, genetic alterations, and epigenetic changes in cancer cells. ??! discuss the
prospects and future directions of single-cell sequencing in cancer research. They highlight the
potential of integrating multi-omics approaches, such as simultaneous analysis of
transcriptome and epigenome, to provide a comprehensive understanding of tumor biology.
The authors also discuss the challenges and opportunities in leveraging single-cell sequencing
for clinical applications, including the identification of novel biomarkers, monitoring treatment

[2Zlynderscores the significance of

responses, and guiding personalized therapies. The study by
single-cell sequencing technologies in advancing cancer research. The ability to capture the
molecular and functional heterogeneity of tumor cells at the single-cell level provides valuable
insights into tumor biology and has implications for precision medicine. Single-cell sequencing
holds promise for identifying novel therapeutic targets, optimizing treatment strategies, and

improving patient outcomes in cancer.

Overall, this literature review aims to provide a comprehensive synthesis of the current
knowledge, gaps, and opportunities in the field of breast cancer research, drug response
profiling, SCRNA-Seq analysis, machine learning, molecular docking, and MD simulations.
By critically analyzing the existing literature, this thesis aims to contribute to the advancement
of knowledge and the development of more effective therapeutic strategies for breast cancer

patients.
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3 Problem statement

Breast cancer is a complex and heterogeneous disease requiring practical therapeutic
approaches tailored to its diverse molecular subtypes and variable treatment responses. While
significant advancements have been made in understanding breast cancer biology, a critical
need remains to identify novel drugs and therapeutic targets specific to breast cancer subtypes.
Moreover, integrating multiple data sources and employing advanced computational
techniques are crucial for unraveling the underlying mechanisms of drug response and

resistance in breast cancer.

Despite extensive drug response data in databases such as GDSC and CCLE, identifying
optimal drug candidates for breast cancer treatment remains a challenge. The molecular
heterogeneity within breast cancer tumors poses further obstacles in predicting drug response

patterns and identifying effective therapeutic targets.

Single-cell RNA sequencing (SCRNA-Seq) analysis offers an unprecedented opportunity to
explore breast cancer's cellular heterogeneity and molecular landscape. However, there needs
to be more knowledge regarding translating ScRNA-Seq data analysis into identifying
clinically relevant drug targets. Integrating SCRNA-Seq data with drug response profiles holds
promise in identifying specific cellular subsets and molecular signatures associated with drug

sensitivity or resistance, enabling the development of personalized treatment approaches.

The potential of machine learning-driven derivative generation and molecular docking
techniques in breast cancer drug discovery remains underexplored. These computational
approaches provide avenues for optimizing drug candidates and enhancing their efficacy and
specificity for breast cancer treatment. However, their application in the context of breast

cancer requires further investigation and validation.

Furthermore, molecular docking studies provide valuable insights into the binding interactions
between drug candidates and target proteins. However, their predictive power must be assessed
and expanded to incorporate factors such as protein flexibility and solvent effects. Molecular
dynamics (MD) simulations offer a dynamic view of drug-protein interactions, enabling the

evaluation of stability, conformational changes, and binding kinetics.
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Therefore, this thesis addresses the overarching problem of identifying and optimizing drug
candidates for breast cancer treatment by integrating diverse datasets, including drug response
profiles, SCRNA-Seq analysis, machine learning-driven derivative generation, and molecular
Docking. The thesis aims to bridge the gaps in knowledge by leveraging these methodologies
to uncover potential therapeutic targets, enhance drug efficacy, and advance personalized

treatment strategies for breast cancer patients.
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4 Aims and Objectives
4.1 Aim

This thesis aims to investigate and identify potential drug candidate(s) for breast cancer
treatment by integrating diverse datasets, including drug response profiles, single-cell RNA
sequencing (SCRNA-Seq) analysis, Machine Learning-driven derivative generation, Molecular

Docking, and Molecular Dynamics (MD) simulations.

4.2 Objectives

1. Data collection and Drug response profiling: To analyze drug response profiles from
the GDSC and CCLE databases for breast cancer cell lines.

2. Single-cell RNA Sequencing Analysis: Perform SCRNA-Seq analysis on breast cancer
cell lines to capture gene expression profiles at the single-cell level.

3. Machine Learning and Derivative Generation: Develop predictive models using
machine learning algorithms to generate derivatives of the shortlisted drugs.

4. Molecular Docking and MD Simulations: Perform molecular docking studies to
explore the binding interactions between the generated drug derivatives and target
proteins. Conduct molecular dynamics (MD) simulations to evaluate the stability,

conformational changes, and binding kinetics of the proposed drug candidates.
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5 Materials and methods

5.1 Workflow

Data collection and Drug Response Profiling

Platform: Databases: Packase: Function:
i ge:
Literature RStudio GI():S(}:%%nd PharmacoGx  drug-Dose-Response-
Curve

Single-cell RNA Sequencing Analysis

GR’

ackages 'Seurat' 'ranger’ 'limma’ ‘edgeR’ 'GSEABas 'p1ano’
P use§ v4.3.0 v0.12.1, v3.83.3, v3.243 evl 440,  v1.22.0
Machine Learning and derivative generation
Model d MACCS and Random Forest Support Vector  Attificial Neural
odels use MORGAN (RF) Machine (SVM)  Network (ANN)

Molecular Docking and MD Simulations

MD Simulation : GROMACS

Docking: PyRx and PyMOL ,
(using LINUX)
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5.2 Data extraction from freely accessible public repositories

The data for this study was obtained from freely accessible public repositories, namely, CCLE
Bl and GDSC 1. These two cloud-based repositories were used to curate Breast Cancer cell
lines. GDSC and CCLE pharmacosets were converted to data frames to generate datasets
containing cancer cell line data and treatment data to acquire information on the anti-cancer
drugs applied. To overcome any overlapping, breast cancer drugs and breast cancer cell lines
were shortlisted after intersecting both databases. A total of 125 drugs were sorted out for
further evaluation. Subsequently, cell line—drug sensitivity analysis of 11 breast cancer cell

lines (listed in Table 1) was performed for the 125 sorted drugs.

Table 1. List of breast cancer cell lines

S.no | Cell lines from GDSC Cell lines overlapping Characteristic disease

with CCLE
1. HCC1187 HCC1187 Ductal carcinoma
2. HCC1806 HCC1806 Squamoug cell breast
carcinoma

3. ZR-75-30 ZR-75-30 Ductal carcinoma

4. COLO 824 - Breast carcinoma

5. MDA-MB-330 - Invasive lobular carcinoma
6. MFM-223 - Ductal carcinoma

7. MRK-nu-1 - Breast carcinoma

8. OCUB-M - Breast carcinoma

9. Evsa-T - Invasive ductal carcinoma
10. MDA-MB-361 MDA-MB-361 Breast adenocarcinoma
11. UACC-812 UACC-812 Ductal carcinoma
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5.3 Data evaluation and assessment

‘RStudio’™), an integrated development environment (IDE) for the R programming
language!?’!, was used as the platform for data analysis. Massive pharmacogenomics data
comprising breast cancer cell lines and drugs derived from GDSC and CCLE were analyzed
using the “PharmacoGx” package **!. The “pharmacoGx" package analyzes pharmacological
and molecular data and stores the generated information as R objects. In recent studies, drug-
related data has become more prominent and has risen exponentially. Therefore, this package
is an effective tool for exploring new research avenues for meta-analysis of pharmacogenomics
data. Through this study, we want to explore the prevailing relationship between various breast
cancer cell lines and their drug responses, correlating these diverse cell lines and their responses
with the ScCRNA-Seq analysis data to propose a potential drug candidate. The pharmacoset
(Pset) function showcases the information regarding the analyzed data: annotations, molecular

details, and treatment response data.

5.4 Modeling the Sensitivity Data

The ‘drugDoseResponseCurve' function was used under the library of the 'pharmacoGx’
package to plot the drug-dose response curve (DDRCs) for the 11 cell lines against the 125
drugs. In order to complete this function, statistics or parameters were obtained from PSet
objects. Required parameters to execute the operation were: a list comprising PSets (GDSC or
CCLE), drug name (the name of the Drug against which the cell line's response is desired),
cell-line name, and the plot (actual/fitted/both) desired. Executing the command line
comprising the mentioned parameters plots the DDRCs for a given cell-drug combination

allowing quick visualization and comprehension of the result for each cell line.

5.5 Prediction of Drug Sensitivity

The next step after generating the DDRCs is shortlisting the drugs that showed direct responses
against the cell lines. Cell lines were tested against drugs to observe the response to increasing
drug concentrations, due to which their IC50 values were calculated using IC50 published or
IC50 recomputed as parameters in the DDRCs function itself. The IC50 value of a drug
represents the Drug's inhibitory concentration at which it effectively reduces the biological

process by half. 37 drugs out of 125 were sorted for further evaluation.
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5.6 Drug screening from single-cell RNA-Seq data

The data acquired, processed, and evaluated till now was subjected to Single-cell RNA
sequencing data analysis to analyze the data in hand at the single-cell level. The analysis
incorporates various software packages to perform the required tasks. 'Seurat' v4.3.0 %! was
used to carry out the SCRNA-Seq analysis, leading to the identification and characterization of
cell populations and their gene expression patterns. Another package named 'ranger' v0.12.1
(261 helped us in feature selection, identification, and selection of essential genes in order to
distinguish between cell populations. Following this, to perform differential expression
analysis, two more packages were deployed: 'limma’ v3.83.3 ?1 and ‘edgeR' v3.24.3 28], These
mentioned packages are widely deployed and have been proven helpful in RNA sequencing
analysis and determining the differential expression between cell populations based on
statistical tests provided. The 'GSEABase' package v1.44.0 **) was incorporated to perform
gene set enrichment analysis, helping us identify the biological pathways differentially
expressed between the cell populations. The last package to be utilized in this analysis was
'piano' v1.22.0 B9 which performed pathway-level analysis, thereby allowing us to identify
the biological processes and signaling pathways that were either enriched or depleted in
specific cell populations. The collective usage of the packages mentioned above provided a
comprehensive and systematic approach to the SCRNA-Seq data analysis in identifying the

biologically meaningful differences between the cell populations.

The single-cell data analysis was conducted using R packages, which included Seurat, to
identify the cell types and then compare the transcriptional responses to drug perturbations. In
the final stage, the in vitro drug screening was conducted using the cancer cell lines, and drug
response data was integrated with the RNA-sequencing and single-cell RNA sequencing data
to predict the drug responses computationally. Further investigation of the cell line composition

and drug response heterogeneity was carried out using these data.

In this study, we used 37 different cancer cell lines. We generated 2D representations of the
single-cell expression profiles using Seurat v4.3.0. The single-cell counts data underwent initial
normalization and log transformation using the NormalizeData function. Subsequently, cell-
wise normalization was performed using the ScaleData function. For UMAP !l embeddings,
we utilized the RunUMAP Seurat function, applying default parameters for "min.dist". The

resulting two-dimensional UMAP representations enabled the analysis of individual cell
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expression profiles within each cancer cell line, facilitating the identification of potential
clusters exhibiting similar gene expression patterns. This approach offers valuable insights into
the heterogeneity of cancer cell populations and holds the potential to guide the development
of novel targeted therapies. For cell cycle analysis, the authors utilized the Seurat function
CellCycleScoring, which employs gene lists specific to the S and G2M phases to classify cell
cycle stages. The change in the proportion of cells in each phase between treatment and control
conditions was estimated for each cell line using an R function. Aggregate scores, representing
how each compound altered the composition of the cell cycle, were computed by calculating
weighted averages across cell lines based on the change in the proportion of cells in each phase.
The weights were determined by the measured drug sensitivity of the cell lines, bounded

between 0 and 1. After this stage, 5 out of 37 drugs were sorted for further evaluation.

5.7 Similarities Search using Machine Learning

The Afatinib drug, sorted from 5 shortlisted drugs, was taken as the query molecule for
similarities search. Afatinib was used for similarity search along with ERBB2 and EGFR as
the targets. The ligand-based virtual screening analysis was performed using our script in

Python against the ChEMBLP?! library of compounds.

5.8 Pre-processing of the bioactivity compounds

Data from the ChEMBL library of compounds was analyzed to filter out the bioactivity
compounds for breast cancer. Initially, we converted the datatype of standard value from
"object" to "float," then deleted entries with missing molecule structure entries and kept only
entries with the standard unit (nM), and deleted duplicate molecules. We kept molecules with
canonical SMILES and removed all molecules without canonical SMILES for further
evaluations, then converted IC50 to pIC50 (log value) to allow IC50 to the negative logarithmic
scale, which is essential -log10(IC50).

5.9 Labeling of active compounds with Lipinski's Rule of five

We labeled those compounds having values of less than 1000 nM (considered to be active)
while those greater than 10,000 nM (considered to be inactive) and those values between 1,000

and 10,000 nM (referred to as intermediate) for further evaluation. Then we did Lipinski 3!
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calculation to evaluate the drug-likeness of compounds. The drug-likeness is based on
Absorption, Distribution, Metabolism, and Excretion (ADME), also known as the
pharmacokinetic profile. Lipinski analyzed all orally active FDA-approved drugs ¥ in the
formulation of what is to be known as the Rule of Five, which stated the following: molecular
weight should be < 500 Dalton, octanol-water partition coefficient (LogP) should be < 5,
hydrogen bond donors should be < 5, and hydrogen bond acceptors < 10. The total DataFrame
Shape for our study observed was (2127, 11). Upon normalization, the recalculated DataFrame
shape was (1822,11). We found the total number of compounds in the unfiltered data set (1818),
the total number of compounds in the filtered data set (1337), and the total number of
compounds not compliant with the Rule of five (481). We also did PAINS (Pan Assay
Interference Compounds) analysis >3 and obtained 89 compounds with pan assay interference

compounds and 1248 without pan assay interference compounds.

5.10 Ligand-based screening using machine learning

We generated MACCS and Morgan fingerprints %) for the Afatinib and then generated
MACCS and Morgan fingerprints for all molecules in the processed dataset. In our findings,
the number of found unwanted substructures was 89, and the number of compounds without
unwanted substructures was 1248. We calculated the Experimental EF for the 5 % of the ranked
dataset (tanimoto_maccs) to be 7.0% and the experimental EF for the 5% of the ranked dataset
(tanimoto_morgan) to be 6.7%. Random EF for 5% of the ranked dataset was 5.0%, and
optimal EF for 5% of the ranked dataset was 8.7%. Next, we calculated the Tanimoto similarity
37] between the query molecule (Afatinib) and all molecules in the processed dataset (using
MACCS and Morgan fingerprints) and found 1337 compounds converted where fingerprint
length per compound was 2048 and Tanimoto similarity (0.20) and distance matrix (0.80)

Then, we ran the clustering procedure for the entire dataset and found the total number of
clusters was 243, where the number of clusters with only 1 compound was 125, the number of
clusters with >5 compounds was 60, the number of clusters with >25 compounds was 8§ and

number of clusters with >100 compounds was 0.

We selected a total of 951 molecules, and the total number of compounds was 1818. First, we
performed the step of data preparation or data labeling, where a column for activity with a

pIC50 of > 9.0 was added, and we found 766 active compounds, while the number of inactive
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compounds was 571. Molecule encoding was done using the MACCS method, and three
classical machine learning approaches were applied to classify our molecules named Random
Forest (RF) "], Support Vector Machine (SVM) ), and Artificial Neural Network (ANN) [,
Then we performed the performance of models where we fit classical machine learning models
on a train-test split of the data. Splitting the data was reused for the two other classical models.
We used test (x) and train (x) for the respective fingerprint splitting and test (y) and train (y)
for the respective label splits. Random forest classifier was applied where the set model
parameter for random forest estimators was 100, number of trees to grow criterion (entropy),
and number cost function to be optimized for a split. We observed sensitivity for RF, SVM, and

ANN.

5.11 Docking Analysis

Structure-based virtual screening was performed through the AutoDock Vina44 8] tool
compiled in PyRx16 . PyRx is a software tool designed for computer-aided drug discovery
(CADD) and virtual screening. It provides a user-friendly interface to facilitate the process of
molecular docking, virtual screening, and molecular dynamics simulations. PyRx integrates
various open-source tools and libraries, such as AutoDock, Vina, and Open Babel, to perform
these tasks efficiently. With PyRx, researchers can explore the interactions between small
molecules and target proteins, predict their binding affinity, and identify potential drug
candidates. It has been widely used in both academic and industrial settings for drug discovery
and optimization. We retrieved the Crystal structure of EGFR Kinase in complex with
BIBW2992 (PDBID: 4G5J) M9 from Protein Data Bank . The Complex PDBID 4G5J
retrieved from the PDB database was cleaned of all other bonded atoms and saved as a separate
molecule (macromolecule), similarly the ligand bound to the complex was removed from the
total structure and saved as a separate molecule (ligand). The macromolecule and ligand were
added in PyRx (this ligand served as control). The rest of the derivates were added and the grid
box was built with center (x, y, z) = (60.31, 10.17, -23.24) and of dimensions (X, y, z) = (50,
50, 50). The docking simulation was then done with an exhaustiveness of 8. After completion
of Docking, top hits were analyzed by PyMOL molecular visualizer **) (The PyMOL
Molecular Graphics System, Version 2.0 Schrodinger, LLC.) PyMOL is a powerful and
versatile molecular visualization tool used for the analysis and representation of three-
dimensional (3D) molecular structures. It enables researchers to visualize and manipulate

complex biomolecules, such as proteins, nucleic acids, and small molecules, in an interactive
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graphical environment. PyYMOL provides a range of features, including molecular rendering,
surface generation, and measurement tools, which aid in the understanding of molecular
structures and their functions. It also supports scripting and customization, allowing users to
automate tasks and create high-quality figures for presentations and publications. PyMOL is
widely used in structural biology, biochemistry, and drug discovery research. 9 different
orientations were observed for each derivative. The protein — ligand interaction was visualized
in PyMOL and the ligand(s) fitting into the active site of the protein with best orientation, was
shortlisted for further evaluation. The compound showing bond with the same residue as the

control was taken up for MD simulations

5.12 Molecular Dynamics (MD) Simulation

Molecular Dynamics (MD) Simulation was performed using GROMACS ! via LINUX OS.

There are several stages to a Molecular Dynamics simulation.

e Generating Topology:
o Protein topology was prepared with pdb2gmx
o Ligand topology was prepared using external tools
o CHARM27 force field was used which was obtained from Mackerall lab
websitel*4],
o CGenFF was accessed which is the official CHARMM force field server
o Hydrogen atoms were added to the pre-retrieved protein complex PDBID: 4G5J
o Topology was built with CGenFF
e Box and solvate were defined
e Addition of ions:
o We then had a solvated system that contained a charged protein
e Energy Minimization was performed
e Equilibration
e Production MD

e Analysis

All the steps were followed to perform Molecular dynamics simulation of 1 control
compound and 1 test compound. Minimization was done for 10 nano-seconds.

Observations were recorded.
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6 Results

Prediction of Drug Sensitivity

The PharmacoGx package was successfully deployed to record the drug sensitivity profiles

against the breast cancer cell lines. The profiles were generated in the form of drug-dose

response curves plotted for concentration (micromole) vs viability (%) with each graph

showcasing the IC50 recomputed values. Figure 6. (A-K) contains the drug-dose response

curves
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Figure 6.Drug-Dose-Response-Curves of Afatinib drug against 11 breast cancer cell lines (A) HCC1187, The
Afatinib drug shows high potency and efficacy at initial concentration and maintains the same response throughout
the concentration until 10 micromole where the decline can be seen. (B)HCC1806, the potency and efficacy at
initial concentration is very positive however with increasing concentrations they both decline. (C)ZR-75-30, after
the response at initial concentration the drug remains in a steady state with increasing concentrations.
(D)COLO824, the drug shows decline in potency and efficacy for this cell line with increasing concentrations.
(EYMDA-MB-330, After initial concentrations response, no increase in potency or efficacy is seen. (F)MFM-223,
potency of the drug declines rapidly after concentration of 1micromole is administered. (G)MRK-nu-1, a fall in
the potency after the initial concentration is interrupted after concentration of 1 micromole. (H)OCUB, Highest
potency initially but rapid decline in potency with increasing concentrations. (I)Evsa-T, Graph of this cell line can
be seen as fluctuating with sudden increase and decrease in potency as the concentration increases. (J) MDA-MB-
361, the cell line shows negative response as with increasing of dosage the potency declines. (K)UACC-812, From
initial concentration to final concentration a gradual decrease in potency can be seen.

Both the the red lines represent the biological activity of the drug against the respective cell

line. The plain line signifies the actual response while the line joining the dots represents fitted
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curve meaning the one fitted by logl logistic regression. The IC50 recomputed values were
recorded for each drug’s response against each cell line. A record of the values are shown in
the Table 2. The drug dose response curves for drugs other than Afatinib are shown in figures

13-16 under Annexure 10.2

Table 2. Record of drugs and the IC50_recomputed values

Afatinib Bortezomib | Gemcitabine | Navitoclax Trametinib

HCC1187 18.83 0 NA NA NA
HCC1806 1.12 0.01 0 2.61 0.04
ZR-75-30 0.03 0.03 NA 12.63 NA
COLO 824 2.28 0 41.93 0.24 4.37
MDA-MB-330 | 0.09 NA 40.73 0.04 NA
MFM-223 NA 0 20307.79 7.55 11.94
MRK-nu-1 6.35 0.01 0.43 7.46 NA
OCUB-M 0.31 0 0.69 1.05 NA
Evsa-T 4.39 0 13.17 5.54 NA
MDA-MB-361 | 6.5 NA NA 5.33 NA
UACC-812 1.94 0.01 78.56 2.66 NA

Drugs ‘Afatinib’ and ‘Navitoclax’ showed better IC50 recomputed values compared to others
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6.1 ScRNA-Seq Analysis

The SCRNA-Seq analysis results can be seen in the figures 7,8 and 9.
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Figure 7. UMAP of Afatinib Drug (UMAP embedding visualized with color-coded 'singlet ID' metadata
column, representing the predicted cell line.)

EGFR is a crucial gene involved in maintaining genome integrity and preventing cancer
formation; mutations in EGFR can lead to alterations in cellular pathways. These alterations

can include disruption of the cell cycle, inhibition
senescence.

of apoptosis, and inhibition of cellular
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Figure 8. (A) Cell Cycle of Afatinib Drug (Cell-cycle phase distribution, categorized by cell line and EGFR

status, depicted as a fraction of cells

for each condition.)

(B) Condition of Afatinib Drug (UMAP visualization of cells treated with either DMSO control (green) or
Afatinib (red) across a diverse set of cell lines.)
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The drugs found from the SCRNA-Seq analysis data and common among the GDSC and CCLE

pharmacosets were shortlisted for further use and are mentioned in the Table 3.

Table 3. List of Drugs shortlisted by SCRNA-Seq analysis data

S.no | Drugs synonyms Rplots | Target Target_ | FDA
Pathway | approv
ed
1. Afatinib BIBW2992, 11/11 ERBB?2, EGFR FALSE
Tovok, Gilotrif EGFR signaling
2. Bortezomib PS-341, LDP- 11/11 Proteasome Protein TRUE
341, Velcade stability
and
degradati
on
3. Gemcitabine | Gemzar, LY- 11/11 Pyrimidine DNA TRUE
188011///Gemza antimetabol-ite | replicatio
r, LY-188011/// n
4. Navitoclax ABT-263, 11/11 | BCL2, BCL- Apoptosis | FALSE
ABT263, ABT XL, BCL-W regulation
263
5. Trametinib GSK1120212, 11/11 MEK1, MEK2 | ERK FALSE
Mekinist MAPK
signaling




6.2 Similarities search using Machine Learning

Similarity search was done to retrieve Afatinib derivates for target Erb-B2 Receptor Tyrosine

Kinase 2 (ERBB2), Epidermal Growth Factor Receptor (EGFR).

alin
z

“ﬁ
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Figure 9. Chemical structure of Afatinib

We conducted a comprehensive analysis to determine the similarity between the query

molecule Afatinib and all molecules in the dataset using MACCS and Morgan fingerprints. We

calculated the Dice similarity for these comparisons and analyzed Tanimoto and Dice

similarities for the two fingerprint types.

We retrieved the most similar molecules to Afatinib based on the obtained similarity values.

Additionally, we gathered information on the bioactivities associated with these molecules to

assess their potential relevance. The results of this analysis are presented in the figure below,

where we plotted enrichment plots. We set a pIC50 (log p-value) cutoff of 9.0 to discriminate

between active and inactive molecules. Furthermore, we evaluated the enrichment factors (EF)

for the MACCS and Morgan fingerprints using Tanimoto similarity elaborated in the

supplementary data
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Figure 10. Enrichment graph obtained from MACCS and MORGAN methods

6.3 Ligand-based screening using machine learning

In our study focused on ERBB2 and Breast cancer, we employed three different classification
models: Random Forest (RF), Support Vector Machine (SVM), and Artificial Neural Network
(ANN). The RF model exhibited a sensitivity of 0.95, a specificity of 0.77, and an AUC of
0.93. For the SVM model, we used an RBF kernel with a C value of 1 and a gamma value of
0.1 and set the probability to True. The SVM model achieved a sensitivity of 0.94, a specificity
of 0.75, and an AUC of 0.92.

We also utilized an ANN classifier, configuring it with hidden layer sizes of 5 and 3 and a
random state of SEED. The ANN model demonstrated a sensitivity of 0.89, a specificity of
0.75, and an AUC of 0.91

These results indicate that all three models exhibited strong performance in classifying
compounds related to ERBB2 and Breast cancer. The RF and SVM models demonstrated high
sensitivity and specificity and excellent AUC values. The ANN model also achieved a notable

sensitivity, albeit with a slightly lower specificity. The cross-validation experiments further
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validated the performance of the models, providing additional confidence in their predictive

capabilities when using the Morgan fingerprint encoding approach.
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Figure 11. The ROC plot for true positive rate vs false positive rate provided the results

6.4 Docking Analysis

Docking was conducted using PyRx. Visualization was done using PyMOL. The initially
retrieved complex PDB ID 4G5J was cleaned and protein (control) and ligand (control) were
derived from it. PyMOL was used majorly to visualize the interactions, to locate the active site,
find the number of bonded amino acid residues with the control as well as the test compounds.
10 orientations of protein-ligand complexes (including control) were shortlisted based on the

docking scores (shown in figure 12, listed in Table 4).
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Figure 12. Docking configurations (A) Control compound: Afatinib (control) The green coloured
macromolecule depicted in the figure is the protein structure. The Orange coloured small molecule is the ligand
docked in the active site of protein, bonded to an amino acid residue ASP-855. (B) ChEMBL233325 This figure
depicts the Protein (Green) and the derivate ligand (lime-bluish) docked in the active site of protein, creating bond
with an amino acid residue ASN-842. (C) ChEMBL234580 Image shows Protein (Green) and another derivate
ligand (pink) docked into the active site of protein, showing bonding with amino acid residues THR-854, ASN-
842. (D) ChEMBL233324 The shown figure depicts Protein structure (green) and 3™ derivate ligand (orange)
docked into the active site of the protein, showing bonds with amino acid residues ASP-855, MET-793, LEU-718.
(E) ChEMBL231875 In the figure is seen protein (green) and 4" top derivative ligand (bluish-pink) docked into
the active site of the protein, with bonds with amino acid residues MET-793, ASN-842. (F) ChEMBL245869
Shown in the figure are protein (green) and 5" derivate ligand (blue) docked into the active site of protein, bonded
with amino acid residues MET-793, ASN-842, GLU-762. (G) ChEMBL372692 Visible in the figure are protein
(green) and 6™ derivate ligand (white) docked into the active site of protein, bonded with amino acidic residues
PRO-794. (H) ChEMBL246276 In the figure are protein (green) and 7% derivate ligand (blue) docked into the
active site of protein, bonded with amino acidic residue ASP-800. (I) ChEMBL429827 In the figure are protein
(green) and 8™ derivate ligand (white) docked into the active site of the protein, bonded with amino acidic residue
MET-793. (J) ChEMBL194160 Seen in the figure are protein (green) and 9" derivate ligand (magenta) docked
into the active site of the protein, bonded with amino acid residues PRO-794, PHE-795
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Table 4. Docking results of Afatinib Drug

H-Bonding

I. Afatinib (control) -7.4 ASP-855

2. ChEMBL233325 -9.4 ASN-842

3. ChEMBL234580 9.3 THR-854, ASN-842

4. ChEMBL233324 -9.2 ASP-855, MET-793, LEU-718
5. ChEMBL231875 -9.1 MET-793, ASN-842

6. ChEMBL245869 -9.1 MET-793, ASN-842, GLU-762
7. ChEMBL372692 -8.9 PRO-794

8. ChEMBL246276 -8.7 ASP-800

9. ChEMBL429827 -8.7 MET-793

10. | ChEMBL194160 -8.6 PRO-794, PHE-795

The Molecular Docking results provided us with compounds better than our control compound,
however, the 9 compounds in Table 4 (from 2-10) were shortlisted as the best compounds with
excellent docking scores. The control compound (Afatinib control) generated a docking score
of -7.4 and showed presence of amino acid ASP-855 in the H-Bonding. The Test compound
(ChEMBL233324) generated a higher docking score of -9.2 with ASP-855, MET-793 and

LEU-718 present as amino acid residues in the H-bonding.
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6.5 MD ANALYSIS

Following graphs were generated upon completion of the Molecular Dynamics (MD)

Simulations.
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Figure 13. GYRATE GRAPH

The Rg graph signifies the compactness of the protein and was determined for protein

backbone. The Rg of complex was found to be ranging between 2nm -2.15nm respectively.

Fluctuation was observed after 7000 ps.
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Figure 14. RMSD LIGAND GRAPH.

The combined rmsd of protein-ligand complex during simulation remained stable throughout

the simulation with a time frame of 10ns. Fluctuation observed initially at 2.2 ns in the Test

Compound compared to the Control compound is ‘minor’ or miniscule and hence, can be

neglected. The average rmsd was completed from range 0 nm — 0.8 nm.
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Figure 15. RMSD PROTEIN GRAPH

The combined rmsd of protein-ligand complex initially remained stable from 0 ns - 4 ns,

interestingly fluctuation was observed till 9 ns. After 9 ns the rmsd was seen to be regaining

stability. The average rmsd was completed from range Onm — 0.8 nm.
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Figure 16. Root Mean Square Fluctuation Graph

RMSF graph demonstrates the residue of protein backbone fluctuations. The residue was found

to be stable until 950 residues. After that fluctuation was observed between the residues 950-

1000. The fluctuating residues observed out of the pocket of active site.
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Figure 17. H-Bond. Control compound (Black), Test Compound (Red)

Throughout the MD Simulation studies the H-Bonds were notably formed. The average range

was 0 — 6. The number of H-Bonds formed in control compound was 3 and whereas in the Test

compound 1 H-Bond was formed.
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SASA (Solvent accessible surface area)
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The SASA graph represents the compactness of the complex. The variation of the protein-
ligand complex as shown by SASA during 10 ns of simulation. The colour black represents
control while the red colour represents the Test compound. The compactness of the protein-
ligand complex was initially stable till 4ns. From range between 5 ns — 9.5 ns fluctuations in

the test compound can be seen.
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7 Discussion

Initially, Breast cancer data was pooled from two large datasets, Cancer Cell Encyclopedia
(CCLE) and Genomics of Drug Sensitivity in Cancer (GDSC), in the form of large pharmacists.
The breast cancer cell lines and the data acquired from the datasets were combined to avoid
overlapping and tested for drug sensitivity using a drug-dose response curve. This enabled us

to plot and compare the drug-response plots.

There were 125 drugs for breast cancer among the 190 drugs in the datasets. After shortlisting
them for breast cancer, we plotted the drug-dose response curves for 125 drugs against the

retrieved 11 breast cancer cell lines.

We shortlisted those drugs for further evaluation that showed sensitivity for all eleven cell lines,
and any that showed less than 11 (<11) were neglected and not taken up for further evaluation.
Using this method as a means of filtering, we were able to shortlist 37 drugs out of the 125

breast cancer drugs that showed response for all eleven cell lines.

ScRNA-Seq analysis further revealed five drugs that overlapped with our drug-sensitivity data.
The five drugs, Afatinib, Bortezomib, Gemcitabine, Navitoclax, and Trametinib, were selected
for further evaluation of the 37 drugs. The Drug Afatinib was further evaluated based on its

IC50 value and consistency across the seven cell lines.

The target of the Drug Afatinib was identified from the datasets and further taken up in machine
learning, performed by a Python script of our own; the system was trained using the training
data set to provide possible predictions of similar molecules in the ChEMBL database. The
information generated from machine learning was used in Docking, where the PDB ID — 4GS5]J

(“crystal structure of EGFR kinase in complex with BIBW2992) was used as a reference.

Docking was performed via PyRx and visualized through PyMOL using standard principles to
predict the possible interactions of our target. The docking score for our control ‘Afatinib’ was
-7.4, and that of our top resultant compound, ChEMBL233325, was -9.4. Despite the higher
docking scores than the control compound, only 1 test compound showed presence of similar
amino acid residue with that of the control compound. ChEMBL233324 compound and control
consisted of ASP-855. The other 4 compounds of our top 5 had excellent docking scores but
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lacked the common residue, so instead of taking the usual approach and shortlisting 5
compounds for MD simulations, we just shortlisted 1 compound as our test compound, namely

ChEMBL233324 and took it further for Molecular Dynamics (MD) Simulations.

MD Simulations were performed for 10 ns using GROMACS and the results were recorded. In
the MD simulation, we have found that the test-compound has shown almost similar pattern of
fluctuation in the trajectories, which reflects that we can carry forward the test compound for

further in vitro/in vivo validation.
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8 Conclusion

In conclusion, our study aimed to identify potential drugs for breast cancer by analyzing large
datasets and employing a series of computational methods. Initially, we combined breast cancer
data from the CCLE and GDSC datasets, avoiding overlapping, and conducted drug sensitivity
testing using a drug-dose response curve. This allowed us to plot and compare drug-response
plots for 125 breast cancer drugs against 11 breast cancer cell lines. Through this filtering

process, we identified 37 drugs that exhibited sensitivity across all eleven cell lines.

Subsequently, SCRNA-Seq analysis further narrowed down our selection to five drugs that
overlapped with our drug-sensitivity data. These drugs, namely Afatinib, Bortezomib,
Gemcitabine, Navitoclax, and Trametinib, were chosen for further evaluation. Afatinib was
assessed based on its IC50 value and consistency across seven cell lines. To gain insights into
the target of Afatinib, machine learning was employed using a Python script trained with the

available data, generating predictions for similar molecules in the ChEMBL database.

To investigate the possible interactions of our target, we performed docking using PyRx and
visualized the results on PyMOL. The docking score for our control compound, Afatinib, was
-7.4, while our resultant compound, ChEMBL233325, obtained a docking score of -9.4. These
findings indicated that ChREMBL233325 displayed a stronger predicted interaction with the
target compared to Afatinib. However, the test compound ChEMBL233324 with a docking
score of -9.2 and having the same amino acid residue as control compound was taken up for
MD Simulations. The MD simulations revealed similar patterns in the fluctuation of trajectories

in the Test Compound and therefore can be further taken ahead for in vitro/ in vivo evaluation.

In summary, our comprehensive approach encompassed data analysis, drug sensitivity testing,
machine learning, docking, and MD simulations to identify potential drugs for breast cancer.
The results obtained thus far provide a promising starting point for further investigation and

potential development of novel therapeutic candidates in the fight against breast cancer.
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