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Abstract

Cancer remains a major global health challenge, necessitating advanced computational
resources to support effective treatment and disease management. These resources can assist
researchers in the early detection of cancer and the screening of therapeutic molecules. This
study presents a suite of machine learning-based in-silico models and resources developed to
facilitate cancer diagnosis and therapy. First, we developed a highly accurate classifier based
on a ten-gene panel selected using propensity indices. This model reliably distinguishes
prostate cancer from normal samples, offering a potential non-invasive alternative to
conventional diagnostic procedures. In recent years, there has been a notable shift in drug
discovery from small molecules to peptide-based therapies. To support this transition, we
developed THPdb2, an updated repository of FDA-approved therapeutic peptides. Building on
this, we introduced THPPred, a machine learning-based tool that predicts novel druggable
peptides by analysing their physicochemical, molecular, and sequence features, thereby
streamlining therapeutic screening. To further support peptide-based immunotherapy, we
developed IL13Pred, a predictive model that identifies 1L-13-inducing peptides, aiding in the
design of cytokine-based cancer immunotherapies. Additionally, for small-molecule drug
discovery, we created NfkBin, an in-silico model that predicts NF-xB inhibitors using
molecular fingerprints, accelerating the identification of compounds targeting this key
oncogenic pathway. Collectively, these integrated models and databases form a comprehensive
computational pipeline for cancer biomarker discovery and therapeutic screening. By
combining gene expression analysis, peptide-based drug prediction, and small-molecule
screening, this framework advances personalized diagnostics and treatment strategies in
oncology. Mostly resources developed in this study are publicly accessible via a web-based
platform and GitHub.
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1.1 Background

The pathophysiology of cancer is a complex and heterogeneous biologically based disease that
develops as a result of genetic changes, immune maladaptation, and cellular proliferation
abnormalities™2. Irrespective of the significant progress in molecular oncology, the realization
of consistent early diagnosis and successful treatment intervention has been a continuing
problem. This weakness is mainly due to inter and intra tumor heterogeneity which makes it
difficult to find universal biomarkers and treatment targets®>. Traditional experimental
pipelines to discover biomarkers and develop therapeutics are time-consuming, costly and lack

scalability, which restrict their applicability in large-scale translational studies®’.

Biomarkers are measurable biological surrogates that are linked to physiological or
pathological conditions, and play a critical role in the detection, prognosis and stratification of
cancer therapy® . Likewise, precision oncology is based on targeted therapeutic molecules,
which allow tailoring the treatment choice to a patient. Nevertheless, experimental screening
methods based on experimental screening alone are becoming less viable in the light of

growing volumes of biological data and complicated pathophysiology***2.

The recent developments in computational biology have made in-silico approach based tools
as essential instruments to tackle these issues. Specifically, machine learning-based methods
have shown high potential in nonlinear association in high-dimensional biological data and
predictive models with translational significance’>®. These technologies enable the
unification of various modalities of biological data, such as transcriptomic profiles, peptide and
protein sequences, and small-molecule chemical descriptors, and are useful to provide an in-

depth modelling of cancer-related biological systems?.

The recent rapid expansion of publicly available biological repositories, particularly due to
high-throughput sequencing and large-scale immunological experiments, has emphasised the
need of efficient and precise computational frameworks tools. TCGA, GEO, IEDB, UniProt,
DrugBank and PubChem are databases have large amounts of experimentally verified data. To
derive actionable knowledge out of such resources, it is necessary to have well-planned feature
representation schemes, learning algorithms that are statistically sound, and the rigorous

validation measures that guarantee reproducibility and clinical applicability22,
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Over this background, the current thesis focuses on the development of machine learning-
driven computational pipelines in the discovery of cancer biomarkers and prediction of
therapeutic molecules. This would create scalable and reproducible predictive models based on
transcriptomic, peptide based and chemical compound data, which would help in ranking
biologically meaningful candidates. The proposed methodologies are introduced as
independent tools and web-based platforms and open-source software to facilitate the

transparency and usability.

1.2 Origin of the Proposal

The conceptual foundation of this study lies in the fact that immune regulation and responses
is a crucial stage of cancer initiation, progression, and response to treatment. Depending on the
molecular and cellular context, immune signalling pathways may have tumor-suppressive or
tumor-promoting actions. The main players of these mechanisms are transcriptional regulators
like NF-kB and cytokines like IL-6, IL-4, IL-10, and IL-13 that in combination will determine

the tumor microenvironment and disease outcome.

Also, genes expression based biomarkers and peptide-based therapeutic approaches have been
prominent with their capability to be diagnosed early and targeted. Nevertheless, application
of these biological understandings into clinically implementable tools is yet to be achieved due
to the lack of automated, precise and scalable computing structures that can utilize
heterogeneous biological data. These constraints led to the development of the current research
study, which is aimed at closing the gap between generation of experimental data and clinical
implementation with the help of systematic in-silico modelling. The thesis was therefore
designed to develop, validate, and deploy machine learning-based applications to identify

cancer biomarkers and screen therapeutic treatments on rigorously curated public data.

1.3 Objectives of the Thesis

The main aim of this thesis is to design and develop effective machine learning-based
computational models for the identification of cancer-related biomarkers and therapeutic
molecules. In this direction, the study aims at building predictive models to discover cancer
biomarkers using gene expression microarray data through improved feature selection methods
and optimized classification algorithms. Simultaneously, a manually curated and well-filtered
library of therapeutic peptides and proteins is built, and based on that a predictive tool is

developed that can effectively separate therapeutic sequences and non-therapeutic analogs.
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This thesis also presents an in-silico model of IL-13-stimulating peptide prediction and
methodically test its applicability to the cancer immunology and viral proteome settings. In
addition to this, a virtual screening tool that uses machine learning algorithm to screen potential
NF-kB inhibitors in large-scale small-molecule libraries. All models and tools developed are
available as computational resources, such as web servers and open-source software, to achieve
wide usability in the scientific community. These models are properly evaluated in terms of
performance and reliability through rigorous cross-validation techniques, as independent test
data and application-based case studies to guarantee robustness, generalization and

translational applicability.

OO ~ Cancer
¢ DO) * Genetic alterations
Oo @ * Immune evasion

¢ Uncontrolled prolitferation

Biological data
L

i
Biological data [ TCGA] [GEO] [ Uniprot ]
Transcriptomic, peptide
based, chemical [DrugBankJ[ PubChem ]
compound features
/!
Machine learning
- I S
¢ d J 3
Prostate cancer Therapeutic IL-13-inducing NF-kB inhibitor
biomarkers peptide classification| | peptide prediction screening

[ Web servers, standalone tools, packages ]

Figure 1.1: Computational tools developed for cancer diagnostics and therapeutics.
1.4 Organization of the Thesis

The thesis is structured into seven chapters, four of which are technical core research chapters
dealing with complementary nature of the topics of cancer biomarker discovery and therapeutic

prediction through in-silico methodologies. The brief description of the chapters are as follows:
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Chapter 2 gives a dedicated literature review of the discovery of disease biomarkers,
protein and peptide-based therapeutics, and small-molecule-based drug discovery and
the importance of in-silico based machine learning methods.

Chapter 3 demonstrates a framework of machine learning-based biomarker discovery
in prostate cancer based on the gene expression data in the TCGA-PRAD cohort. An
innovative feature selection method based on propensity index is introduced, and a ten-
gene biomarker panel is proposed that screen cancerous and normal samples with high
accuracy.

Chapter 4 describes the ThPdb2, repository an updated and manually curated
collection and comprehensive data of approved therapeutic peptides/ proteins by FDA.
In addition to this, ThPPred a predictor model that is aimed at classifying therapeutic
and non-therapeutic peptide sequences according to compositional and motif-based
features is also introduced.

Chapter 5 highlights the IL13Pred tool, an in-silico predictor of IL-13-stimulating
peptides developed utilizing experimentally tested immunological data. The usefulness
of the model is evidenced in its effective usage on peptide screening of SARS-CoV-2
proteome.

Chapter 6 details the development of NFkBIn, a machine learning-based virtual
screening framework for identifying NF-«B inhibitors from large-scale small-molecule
bioassay data.

Chapter 7 deflects on the importance of the tools presented in this thesis. It further
highlights the applicability and usability of the webservers and open source tools
developed. Also, it leads to the concluding summary and the future directions to extend
this research further.
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Figure 1.2: lllustration depicting overall architecture of this thesis.

In all chapters, the best practices in machine learning are adhered to, such as robust cross-
validation, independent testing, a cautious choice of features (to avoid information leakage),
and case study-based external validation (wherever applicable). Building on these
computational tools and methods, several promising future research directions are envisioned.
Future tools could target multiple immune-modulatory or cancer-related functions, and the
incorporation of multi-omics data, e.g. epigenetic, proteomic and single-cell transcriptomics,
to increase specificity of the model and its clinical applicability. It is also possible that future
work would involve 3D structural modelling and candidate validation by using molecular
docking, real-time clinical use models via patient-specific pipelines, and encourage wet-lab
collaborations via experimental validation. Furthermore, the development of automated,
explainable Al workflows will support transparent, scalable, and clinically actionable

predictions.
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2.1 Overview

Biological systems function are highly regulated molecular processes extending across
biological layers, such as transcriptional regulation, protein expression, peptide-mediated
signalling and small-molecule interactions?®>?*. Abnormalities in these biological layers can
lead to the pathology of disease such as cancer by causing abnormal cellular behaviour,

immune escape, and changes in intracellular communication?2°,

Consequently, the phenotypes of diseases do not arise as a consequence of single molecular
incidences, but rather as the resultant breakdown of interrelationships between molecular
networks. The abnormal expression patterns, disrupted immune signalling through peptides
and cytokines, and sustained activation of intracellular signalling pathways are some of the
factors that define cancer progression, which are frequently targeted by therapeutic small

molecules?” %,

All these molecular dimensions, i.e., genes, peptides/proteins, and chemical compounds,
provide a specific point of entry into diagnosis or therapeutic intervention®®-32, Therefore, the
study of any single dimension alone implies a one-sided account of the biology of the disease.
Even though the experimental approaches have played a key role in determining disease-related
genes, therapeutic peptides, and drug candidates, they have marked limited scalability as
compared to the volume and complexity of the contemporary biological data. Large-scale
transcriptomic experiments, large repositories of peptide sequences, and large data sets of
chemical bioassays have tremendously increased the molecular space, and required new

methods/ tools for analysis that are not limited to traditional experimental analysis*>=3,

In-silico and computational techniques, especially those that use machine learning, have thus
become part and parcel of modern biomedical research®. Through these techniques, it is
possible to explore high-dimensional data in a systematic way, to identify discriminative
molecular features, and to make predictive models that can be generalized across
heterogeneous biological contexts®*=. As a result, machine learning methods are heavily relied
upon in gene expression-based disease biomarker explorations, therapeutic peptide screening,

immune regulation-study and virtual screening of small molecules.

In this framework, the current thesis has a multi-domain style of computation which deals with
the identification of disease biomarkers, protein and peptide-drug development, and small-
molecule drug development in a coordinated way. The knowledge sources that are discussed

in this chapter give the theoretical and methodological background of the subsequent sections
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that will be presented in the following chapters and outline the unresolved challenges that drive

the development of computational approaches developed in this work.
2.2 Disease Biomarker Discovery

The discovery of disease biomarkers is at the heart of the early diagnosis, prognosis evaluation,
and individualized approaches to treatment and disease management®-*, Biomarkers are vital
in early and personalized cancer research. They are commonly the results of molecular changes
that initiate and propagate tumors such as gene expression, chromosomal rearrangements, and
somatic mutations®3°. The targeted genetic events such as aberrant expression of prostate
cancer associated genes and recurrent mutations in regulatory pathways have significantly

advanced understanding of disease mechanisms*®43,

Genetic biomarkers particularly gene expression based have been of significant relevance as
they harbor the aggregate impact of genetic and epigenetic changes and dynamic disease
states**. The transcriptomic profiling has facilitated high-throughput comparison of tumor and
normal tissues in a larger patient cohorts®. Nevertheless, although large datasets of public
expressions are available, there is still a gap in translating gene expression signatures to
screening clinically useful biomarkers because of tumor heterogeneity, bias in datasets, and
cross-platform variability®®. To address these challenges, machine learning techniques have
been used extensively to allow the data-driven discovery of informative sets of genes and
model predictive systems*’#8, The feature selection strategies are vital in the dimension’s
reduction and enhancement of interpretability especially in high-dimensional transcriptomic
data*®. Models trained on precisely curated datasets i.e. supervised classifiers have shown

enhanced diagnostic performance over traditional techniques®®>2,

Table 2.1: Genomic and transcriptomic tools for disease biomarker identification.

Tool Name Description

CancerLivER®® | A database of gene expression and biomarker data of liver cancer

ProCanBio™ Predicts prostate cancer—associated genes using transcriptomic
features.

CancerSPP%® Predicts skin cancer-associated secretory proteins using signal
peptide features.

CancerCSP%® Gene expression-based biomarkers for discriminating early and late
stage of clear cell renal cancer

BBcancer®’ Blood-based biomarker expression profiling for early cancer
diagnosis
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oncoPredict®® R package for predicting cancer patient drug response and
biomarkers from cell line screening data

CancerLSP*° Prediction of early- and late-stage liver cancer using transcriptomic
and epigenomic biomarkers

CancerTSP®° Classification of early- and late-stage thyroid carcinoma using RNA
expression profiles

HCCPred®! Prediction and discrimination of hepatocellular carcinoma and

normal liver samples

However, the majority of reported biomarker panels have low levels of validation, overfitting
and are not reproducible in independent cohorts. These constraints highlight the necessity of
new feature selection procedures and rigorous model validation approaches. This thesis has
created a biomarker discovery strategy that directly tackles these issues with a combination of
both innovative feature selection techniques and powerful machine learning classifiers as

detailed in the subsequent chapter.
2.3 Protein and Peptide-Based Therapeutics

Proteins and peptides are necessary in cellular regulation, immune signalling and intercellular
communication®?-%*, Cytokines and signalling mediators are among the peptides that play a
major role in immune reaction and the disease progression®%®. Their specificity and structural
heterogeneity predisposes them to a specific type of targeted therapy, especially in cancer and
immune-related disorders®”-%°. The increasing count of FDA approved peptide and protein-
based therapeutics indicates their precise clinical applicability’®"2. However, the optimization
and experimental discovery of the therapeutic peptides is limited by the complexity of biology
and phenomena such as sequence variation, post-translational changes, and context-dependent
activity”>"*. These limitations necessitates computational methods/ tools that can effectively

screen large peptide sequences data in bulk in a systematic manner’>7®,

In-silico tools developed deploying machine learning algorithms have proven their efficacy in
predicting protein properties directly using sequential data. These models facilitate the in-silico
screening of large peptide libraries and can identify the specific physicochemical property of
peptides using the compositional, physicochemical, and motif information’’. High quality
manually curated datasets are very important to develop precise and with improved
reproducible models.
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Table 2.2: Computational tools for protein and peptide-based therapeutic discovery.

Tool Name Description

THPdb'® Curated database of FDA-approved therapeutic proteins and peptides.

AntiCP"® Predicts anticancer peptides using sequence-based machine learning
models.

AntiCP 2.0% Improved anticancer peptide prediction with enhanced datasets.

ACPred® Classifies anticancer peptides using machine learning-based features.

CancerPPD® | Repository and predictor for experimentally validated anticancer
peptides.

CellPPD® Predicts cell-penetrating therapeutic peptides.

HemoP1%* Identifies hemolytic peptides to support safe therapeutic design.

ToxinPred2% | Predicts toxic peptides to aid therapeutic peptide safety screening.

BepiPred3.0% | Predicts linear B-cell epitopes from protein sequences.

IL6pred®’ Predicts IL-6 inducing peptides involved in immune modulation.

IL4pred®® Predicts IL-4 inducing peptides involved in immune modulation.

PEPred-Suite®® | Generic framework for therapeutic peptide prediction and screening.

The creation of new repositories and platforms with integrated prediction tools is a solution to
the major limitations of the past tools developed. By integrating curated knowledgebase with
robust predictor models, candidate prioritization becomes efficient and experimental load is
alleviated. Such integrated frameworks are needed and are ultimately actualized in the peptide-

based therapeutic tool and database that have been developed in this thesis.
2.4 Small-Molecule-Based Drug Discovery

Small-molecule compounds remain a cornerstone of cancer therapy as they can regulate
intracellular signalling pathways that mediate inflammation, proliferation, and survival®®®2.
Pathways of signalling that are dysregulated, especially those involving transcription factors
like the TGF-beta, Jak-STAT, Wnt, Notch, Hippo, MAPK and NF-«B are vital players in tumor
progression and immune modulation®*-%. Conventional small-molecule discovery pipelines
relies on experimental high-throughput screening and structure-based design, neither of which

is typically cost-effective or efficient when used on large chemical libraries screening®®’,
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Computational methods, such as QSAR modelling, molecular docking, and machine learning-
enhanced virtual screening, have thus gained a vital role in rankings of assessment of candidate

compounds®%,

Machine learning models that are trained on chemical descriptors and bioassays data allow
quick identification of potential inhibitors and represent complex structure-activity
associations. Such models can be trained on experimental data available in public bioassay
repositories, while taking special care of heterogeneity issues between assays, imbalance
between classes and specificity to pathways. These in-silico models developed would aid in

effective and potential drug candidates.

Table 2.3: Computational tools for small-molecule drug discovery and screening.

Tool Name Description

ChAIPred!® Predicts chemical allergenicity and adverse reactions.

DrugMint1% Web server for drug-likeness prediction

EGFRPred'% Web-based prediction and design of EGFR-targeted anticancer
inhibitors

AlgPred 2.01%3 Prediction of allergenic proteins using computational
approaches

MetaPred%* Prediction of cytochrome P450 isoforms involved in drug
metabolism

CancerIN® Web-based prediction of molecular anticancer activity

NtEGFR® QSAR-based models for designing inhibitors targeting wild-
type and mutant EGFR in cancer

DrugPred%’ Predicts drug-likeness and binding potential of small molecules.

Pathway-directed computational screening, especially of immune and inflammatory signalling
cascades, is a promising way to enhance the translational relevance. However, the existing tools
lacks rigorous validation or are not designed to address pathway-specific mechanisms. The
literature review, highlights the need to have scalable, pathway-specific computational models,

using which the small-molecule screening of larger libraries can be done.
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2.5 Research Gap

The current state of literature is evidenced by significant advances in the use of computational
methods in the disease biomarker discovery field, peptide-based therapeutics, and in small-
molecule drug screening. However, there are still a number of inherent setbacks. The major
limitation reliance of numerous computational works on limited or outdated datasets, often
accompanied by insufficient external validation. These practices reduce confidence on models
developed, their reproducibility and restrict the trust of their derived analysis. Moreover, the
discontinuation or poor maintenance of web-based tools, which also restricts their future

viability in the research community.

In addition, despite the fact that immune regulation and modulation of signalling pathways are
key to cancer progression and therapy, the computational frameworks that explicitly take into
consideration immune context or pathways specificity remains limited. Predictive tools are
often based on generic activity classification and do not sufficiently consider biological

processes, e.g. the induction of cytokines or signalling cascades by transcription factors.

These gaps collectively indicate that the computational frameworks that are integrative,
rigorously validated, and biologically informed are a need of the hour. Addressing these unmet
needs forms the central motivation of this thesis, which aims to develop a cohesive suite of
machine learning—based in-silico tools encompassing gene expression—driven biomarker
discovery, therapeutic peptide and protein prediction, immune modulation analysis, and
pathway-focused small-molecule screening. The following chapters presents the design,

validation and use of these frameworks in detail.
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3.1Introduction

Prostate adenocarcinoma (PRAD) is one of the most common malignant disorders in men all
over the world %1% Although the diagnostics has improved, the challenge of early detection
is still a clinical problem since the disease is asymptomatic at the early stages *%'1, Widely
used prostate-specific antigen (PSA), the test limits itself due to a higher percentage of false
positives and usually leads to unnecessary biopsies and overtreatment 112113 Consequently,
there is an urgent need to establish trustworthy non-invasive biomarkers in order to enhance

early detection and lessen diagnostic load.

In the chapter, we introduce a machine learning (ML)-based prostate cancer screening model
that uses gene expression data to determine a set of highly discriminative biomarkers. The
proposed study combines various feature selection methods and a new approach to feature
engineering to improve the accuracy of models and contribute to the creation of more efficient
diagnostic tools.

3.2Background

The recent discoveries of molecular biology have brought new insights into the development
of prostate cancer, and it has been shown that genetic and epigenetic modifications play a role
during the genesis of tumor 14115 Markedly, the detection of PCA3, TMPRSS2:ERG fusion
genes, and certain mutations in TP53, FOXAL, PTEN, and SPOP have enhanced the knowledge
of the disease progression 443116 A number of proposed RNA-based biomarker panels,
including SelectMDx and ConfirmMDx, have been suggested, although their application in
clinical studies is still limited because of data limitations 118, Combining machine learning
methods with gene expression data is a possibility to enhance the accuracy of prostate cancer

detection with a minimal number of unnecessary invasive procedures 5119,

3.3 Materials and Methods

3.3.1 Dataset Acquisition and Preprocessing: The prostate cancer gene expression data was
downloaded using the GDC TCGA Prostate Cancer (PRAD) dataset via Xena Browser 12°, This
data consisted of 500 prostate cancer samples and 51 normal tissue samples and expression
profile of 20,530 genes. To reduce variability, normalization of FPKM values was done

through a log2 transformation.

3.3.2 Feature Selection Techniques: In order to determine the most discriminative gene

biomarkers, three methods of feature selection were used:
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o Mean Difference Analysis: Genes whose mean difference in expression were increased

in cancerous and normal samples were ranked and selected.

« Significance Difference in Mean: Genes were screened by their statistical significance

including standard deviation to narrow down the choice.

e Area Under the Curve (AUC-ROC) Analysis: The classification ability of each gene
was measured by computing AUC scores, with the top-performing genes chosen for

model development.

3.3.3 Propensity Index-Based Feature Engineering: A novel approach, the propensity index
matrix, was introduced to enhance classification performance. The expression range for each
gene was divided into ten bins, and the proportion of cancerous and non-cancerous samples in
each bin was calculated. Gene expression values were then replaced with their respective
propensity scores, creating a refined dataset for machine learning models.

3.3.4 Machine Learning Models Implementation: In this study, we have divided the dataset in
80:20 ratios i.e. 80% dataset was used for training of models and 20% was marked as
independent validation dataset 21122, Several machine learning classifiers were employed to
develop predictive models for identifying PRAD cancer and normal samples. We have applied
Support Vector Machine (SVM), K-Nearest Neighbors (KNN), Decision Tree (DT), Random
Forest (RF), Linear Regression (LR), Gaussian Naive Bayes (GNB), XGBoost (XGB) Each
model was trained using five-fold cross-validation over 80% dataset, and performance
evaluation markers such as sensitivity, specificity, accuracy, Matthew’s correlation coefficient
(MCC), and AUC-ROC values were recorded. The optimum models were then evaluated using

independent validation dataset.

TP

Sensitivity = pirn 100 (1)
Specificity = TNTiVFP * 100 2
Accuracy = %* 100 (3)
McC = (TPTN) — (FP*FN) (@)

J(TP+FP)(TP+FN)(TN+FP)(TN+FN)

Where, FP is false positive, FN is false negative, TP is true positive and TN is true negative.
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3.4 Results

3.4.1 Model Performance with Gene Expression-Based Features: The top 10 genes identified
using three feature selection techniques can be referred in Figure 3.1. Models trained using the
top ten genes from mean based analysis achieved an AUC of 0.91 with logistic regression over

validation dataset, highlighting the predictive potential of these biomarkers.

Mean Based Std. Dev. Based

TMLHE
LOC100128675
NKX2-3
EPHA10
PPARGCIA
MED21
Clorf190

APOBEC3C

AUC-ROC Based

Figure 3.1: Venn Diagram showing top 10 genes identified by each feature selection technique.

Similarly, the SVM model using genes selected via Significance Difference in Mean achieved
an AUC of 0.92 on training data and 0.89 on validation data. AUC-based feature selection
further enhanced predictive accuracy, with KNN obtaining an AUC of 0.91 on validation
datasets. The detailed performance parameters for training and validation dataset for all three-
feature selection approaches can be referred in Table 3.1.

Table 3.1: ML model performance for training and validation dataset for all feature selection

approaches.
Model Training Dataset Validation Dataset

Features Sens | Spec | Acc | AUC | MCC | Sens Spec Acc | AUC | MCC
GNB | 9741 | 8333|9610 | 0.90 | 0.78 | 94.63| 68.75| 9212 | 0.82 | 0.59
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KNN | 98.85 | 75.00 | 96.63 | 0.87| 079 | 97.32| 7500 | 95.15| 0.86 | 0.73
Tﬁelf SVM | 9482 | 8888|9429 | 092 073| 8591| 75.00 | 84.85| 0.80 | 0.45
selected DT | 9856 | 8333|9636 | 090 | 078 | 97.99 | 6250 | 94.54 | 0.80 | 0.66
usingmean | RF | 99.42 | 7222|9662 | 0.86| 0.80| 97.98| 62.50 | 94.54 | 0.80 | 0.66

ap?)?‘:‘)‘;ih. XGB | 9856 | 7222|9610 | 0.85| 0.76 | 95.95 | 62.50 | 92.73 | 0.79| 0.8
LR | 9396 | 88.89 | 9350 | 091 | 0.70| 8322 75.00 | 82.42 | 091 | 0.70
GNB | 97.41 | 91.97 | 9688 | 095 | 083| 9530| 81.25 | 93.94 | 0.88| 0.70
Tﬁelf KNN | 9856 | 86.11 | 97.40 | 092 | 085| 9530 62.50 | 92.12 | 0.79 | 0.56

solected | SYM | 9540 | 88.89 | 94.80 | 092 | 0.74| 90.60 | 87.50 | 90.30 | 0.89 | 0.62
using DT | 97.70 | 77.77 | 96.09 | 0.88| 075| 97.32| 56.25 | 9333 | 0.76 | 0.58

Sggf';g?]’;‘ée RF | 9798 | 77.78 | 9635 | 0.88| 077 | 97.31| 75.00 | 95.15 | 086 | 0.72
i mean. | XGB | 97.99 | 8056 [ 96.36 | 0.89 | 079 96.64 | 8125 | 9515 | 089 | 0.74
LR | 9540 | 97.22 | 9557 | 096 | 080| 91.95| 87.50 | 91.15 | 0.88 | 0.65

GNB | 9454 | 9445|9453 | 094| 0.75| 9329 | 8750 | 9273 | 0.90 | 0.68
Top10 | KNN | 9827 | 86.11 | 97.14 | 092 | 083 | 9530 | 87.50 | 9455 | 0.91| 0.74
genes | SVM | 90.51 | 94.45|90.90 | 0.92| 065| 8859 | 87.50 | 88.48 | 0.88 | 058

u;‘;’;‘fjc DT | 97.99 | 8334|9610 | 091 | 080| 96.64| 68.75| 93.94 | 083 | 0.65
based RF | 98.85| 7222|9740 | 086 | 077 | 97.31| 81.25| 9576 | 0.89 | 0.76

approach. | XGB | 98.27 | 75.00 | 96.09 | 0.87 | 0.76 | 97.31| 8125 | 95.76 | 0.89 | 0.76

LR 9253 | 944519272 | 093 | 0.70| 8859 | 87.50 | 88.48 | 0.88 | 0.58

3.4.2 Model Performance with Propensity Index: However, in prominent features we replaced
gene expression values with propensity index scores, which significantly improved ML model
performance. The RF model achieved an AUC of 1.00 on training data and 0.91 on validation
data. Similarly, LR and SVM models demonstrated enhanced classification accuracy when
trained on propensity-indexed feature data. The detailed performance parameters for training
and validation dataset for all three-feature selection approaches using propensity index can be
referred in Table 3.2.

Table 3.2: ML model performance for training and validation dataset for all feature selection
approaches using Propensity Index.

Model Training Dataset Validation Dataset
Eeatures Sens | Spec Acc | AUC | MCC | Sens | Spec Acc AUC | MCC
GNB | 98,50 | 100.00 | 98.64 | 1.00 | 0.93 | 100.00 | 80.00 | 98.18 | 0.90 | 0.89
Top 10 KNN | 98.50 | 100.00 | 98.64 | 1.00 | 0.93 | 100.00 | 80.00 | 98.18 | 0.89 | 0.89
genes SVM | 98.75 | 97.62 | 98.64 | 1.00 | 0.93 | 100.00 | 60.00 | 96.36 | 0.90 | 0.76
y Ssﬁ]'gecr;eedan DT |99.25| 92.86 | 98.64 | 0.96 | 092 |100.00 | 30.00 | 93.64 | 0.65| 0.53
based RF | 98.50 | 100.00 | 98.64 | 1.00 | 0.93 | 100.00 | 70.00 | 97.27 | 091 | 0.82
approach. XGB | 97.75| 97.62 | 97.74 | 0.99 0.88 | 100.00 | 80.00 98.18 | 0.93 0.89
LR 98.75 | 100.00 | 98.87 | 1.00 0.94 | 100.00 | 70.00 97.27 | 0.87 0.82
Top 10 GNB | 99.50 | 100.00 | 99.55 | 1.00 0.97 | 100.00 | 70.00 97.27 | 0.90 0.82

genes KNN | 99.75 | 100.00 | 99.77 | 1.00 | 0.99 | 100.00 | 70.00 97.27 | 095| 0.82
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selected | svM | 99.00 | 100.00 | 99.10 | 1.00 | 0.95 | 100.00 | 80.00 | 98.18 | 0.95| 0.89
Sig#isf'iggnce DT |97.75| 90.48 | 97.06 | 0.94 | 0.84 | 99.00 | 60.00 | 9545 | 0.80 | 0.69
difference | RF | 99.75 | 9524 | 99.32 | 1.00 | 0.96 | 100.00 | 80.00 | 98.18 | 0.94 | 0.89
inmean. | XGB | 98.75| 97.62 | 98.64 | 1.00| 0.93| 99.00 | 80.00 | 97.27 | 0.93| 0.83
LR | 99.00 | 100.00 | 99.10 | 1.00 | 0.95 | 100.00 | 80.00 | 98.18 | 0.97 | 0.89
GNB | 99.50 | 100.00 | 99.55 | 1.00 | 0.97 | 100.00 | 50.00 | 95.45 | 0.85 | 0.69
Top10 | KNN [ 99.50 | 100.00 | 99.55 | 1.00 | 0.97 [ 100.00 | 50.00 | 95.45 | 0.84 | 0.69
genes SVM | 99.25 | 100.00 | 99.32 | 1.00 | 0.96 | 100.00 | 70.00 | 97.27 | 0.95| 0.82
ussiilscfgc DT |97.75| 9048 | 97.06 | 0.94 | 0.84 | 99.00 | 60.00 | 9545 | 0.80 | 0.69
based RF | 98.25 | 100.00 | 98.42 | 1.00 | 0.92 | 99.00 | 70.00 | 96.36 | 0.99 | 0.76
approach. | XGB | 9850 | 95.24 | 98.19 | 0.99 | 0.90 | 99.00 | 80.00 | 97.27 | 0.97 | 0.83

LR | 98.75 | 100.00 | 98.87 | 1.00 | 0.94 | 100.00 | 70.00 97.27 | 0.78 | 0.82

3.4.3 Single-Gene Classification Analysis: In order to map the individual predictive power of
each selected gene, threshold-based classification ML models were developed. As evident from
Figure 3.2, out of these 30 selected genes, 13 demonstrated predictive probabilities exceeding
0.97. Notably, HOXCG6, DLX1, TDRD1, and PCA3 emerged as key discriminatory biomarkers,
aligning with previous studies on prostate cancer biomarker discovery.

b 0.000 10.990 266 90.40 90.38 9040 0.989
! HEN 3.510 14.726 11.05 89.00 88.46 88.95 0.987
asox2 7.435 10.686 8.59 88.80 88.46 88.77 0.987
! HOXCo 0.777 11.083 6.24 88.40 88.46 88.41 0.987
. b1 0.000 11.545 4.93 87.60 88.46 87.68 0.986
| SGEF 7.060 12.735 9.84 88.20 86.54 88.04 0.984
| sLcasA 0.000 12.989 239 87.20 86.54 87.14 0.984
| EPHA10 2.774 9.523 6.66 87.00 86.54 86.96 0.984
- NKx3 0.000 8.208 230 85.20 84.62 85.14 0.982
! LOC100128675  g.000 6.911 2.06 84.80 84.62 84.78 0.981
e 0.000 9.725 237 82.60 82.69 82.61 0.979
. TORD1 0.000 11.333 3.36 77.80 76.92 77.72 0.970
| P 0.872 15.567 9.93 77.00 76.92 76.99 0.970

Figure 3.2: Matrix depicting predictive probabilities of top 14 selected genes.

3.5 Conclusion and Applications

The current research highlights the possibilities of machine learning in the detection of prostate
cancer using the gene expression data and by applying new feature engineering methods. The

propensity index-based feature introduced in this study depicts great improvement in the
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accuracy of classification model compared with the old traditional methods developed using

gene expression.

A comparison with existing biomarker panels, such as SelectMDx, highlights the robustness
of our approach. Previous studies reported AUC values of 0.85 for SelectMDx and 0.77 for a
urinary three-gene panel (HOXC6, TDRD1, DLX1), whereas our model achieved highest AUC
as 0.91 for validation set 17118123 The application of a wide range of machine learning
classifiers also enhanced the power of predictions, with RF and SVM turning out as the best

models.

We also highlight the weaknesses of PSA-based screening in our findings. KLK3 gene (linked
with PSA) was not considered one of the most effective biomarkers, which supports the issue
of specificity of PSA 124125 The other biomarkers like DLX1 and HOXC6 showed a greater
potential in classification (See Figure 3.3), which is consistent with the existing literature on
the use of these biomarkers in diagnosing prostate cancer.
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Figure 3.3: Box plots of top ranked genes; red box plot depicts cancer samples and yellow

depicts normal samples.

The machine learning model proposed successfully manages to identify patients with prostate
cancer with high accuracy using gene expression-based biomarkers. The implementation of the
propensity index method contributed greatly to the performance of the model, and it can
provide a novel model that employs the use of biomarkers in classifying the data. Future studies
must aim at increasing the datasets to incorporate various patient groups with which to

generalize the models, and incorporating other omics data (e.g., proteomics, metabolomics) to
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speed up precise biomarker discovery. Besides this, experimental and clinical studies that could
be used to verify the computational findings would help in the real-world implementation. This
research offers one of the potential solutions that can ensure a reduction in the use of PSA
testing and avoidable biopsies through a promising framework of non-invasive prostate cancer

screening.
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4.1 Introduction

Therapeutic peptides and proteins have evolved to be essential targets in drug development in
the last 20 years due to their outstanding target specificity, favourable safety and variable
mechanisms of action 125127, In contrast to small molecules, which can react with multiple off-
target sites, and can induce unwanted side effects, peptide-based drugs can take advantage of
the inherent binding affinities to be potent and less toxic 12212° In addition, they can be
modified to have modular sequences that are more intrinsic to derive stability, bioavailability

and tissue specificity 130132,

Despite these advantages, the experimental identification and clinical development of new
+peptide therapeutics nevertheless pose significant challenges: the traditional high-throughput
screening campaigns are not only labor-intensive and costly, but also most promising drug
candidates are eliminated at later stages because of inappropriate pharmacokinetics or
immunogenicity 27133134 In order to solve these bottlenecks, computational systems that
combine all-encompassing details about approved therapeutics with predictive algorithms
could become strong instruments in hastening drug finding and directing rational design

endeavour’s 1°°.

4.2Background

This chapter provides two complementary elements of such an in-silico framework as
illustrated in Figure 4.1. First, ThPdb2- a human curated database that summarizes the
information on 894 FDA-approved peptides and proteins with more than 5,500 sequence
variations, physicochemical annotations, pharmacological categories, and routes of
administration. It represents a revised form of ThPdb repository that was built in 2017, listing
852 entries, of 239 US-FDA approved therapeutic peptides and proteins and of 380 drug
versions of them 1%, Second ThPPred, a prediction machine learning platform which separates
druggable proteins and peptides against non-therapeutic sequences; it utilizes both the
descriptors of global protein sequences, as well as, motif patterns. This combined strategy
empowers researchers to scan known pharmacological space, search large peptide libraries in
silico, and refine candidate sequences through repeated cycles of experiments significantly
simplifies the task of experimental science and can enable more rapid application in the clinic.
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Figure 4.1: Illustration depicts overview of ThPdb2 repository and ThPPred prediction tool.
4.3 Therapeutic Protein/ Peptide Repository

We employed a data collection approach similar to that used for THPdb. DrugBank was first
screened using the keywords “biotech drugs” and filtered for “Approved” and “Investigational”
entries, yielding 831 therapeutic protein and peptide drugs '*’. Of these, 387 had sequences
available in databases like UniProt, PubChem, and DrugBank 22371%_ To gather
comprehensive information, we screened additional public repositories for details such as
name, molecular weight, formula, isoelectric point, hydrophobicity, melting point, half-life,
mechanism of action, diseases treated, pharmacodynamics, metabolism, toxicity, and
administration route. We also collected data on brand names, formulations, dosages, side
effects, and patents. Missing details were retrieved from PubMed and patent databases using
relevant keywords. The final compilation integrates 239 drugs from THPdb and 655 newly

approved therapeutics. Thus, provides manually aggregated data on 894 distinct therapeutic
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molecules, resulting in a total of 5,504 entries including multiple drug variants, formulation

differences, brand nomenclature etc.
4.3.1. Webserver Implementation

THPdb2 webserver was built using Apache HTTP server (version 2.4.7) and MySQL (version
5.5.62) to store and manage the data (https://webs.iiitd.edu.in/raghava/thpdb2/). This web-

based user-friendly platform has 4 major modules such as: Search, Browse, Similarity Search
and Data Statistics. Both basic and advances search options have been implemented in Search
module. Advanced browsing options allow exploration by target class—receptors, enzymes,
transporters—or by drug formulation, facilitating quick identification of analogs or scaffolds
of interest. It enables several browse modules to explore therapeutic peptides/proteins based
on disease category, formulation, pharmacological class, route of administration, target type,
and sequence length. These features enable efficient filtering and retrieval of relevant

therapeutic data for research and analysis.

Besides this, similarity searches using sequences driven by BLAST and Smith-Waterman
algorithm allows scientists to map new sequences against the repository whereby sub-sequence
matching (sub-searches) and super-sequence matching (super-searches) are differentiated. This
feature assists in the discovery of repurposed or lead optimization due to partial overlap of
therapeutics in their sequence of action. Overview of the repository in statistics also indicate
important trends in peptide therapeutics. As depicted in Figure 4.2, oncology represents the
largest category, with 579 entries targeting various tumour types, followed by infectious
diseases (355), immunological disorders (350), and cardiovascular indications (173).
Antibodies constitute the most prevalent pharmacological class (590 entries), while enzymes
(382), antineoplastic agents (344), and hormones (238) also feature prominently. All search
results can be downloaded in multiple formats (.csv, .xls, .pdf), empowering users to integrate

ThPdb2 data seamlessly into downstream analysis.
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Figure 4.2: Represents the diseases against which therapeutic peptides/proteins are present in
ThPDB2.

4.4Machine Learning based Prediction tool for Druggable Sequences

With the explosion of peptide sequence data, effective therapeutic targeted drug development
depends on in silico tools that can systematically pinpoint clinically viable candidates from
large libraries. Numerous computational tools like PTPD, PrMFTP, TPpred-ATMV, TPpred-
LE, and others have been developed for predicting only specific therapeutic peptides/ proteins
properties, such as anti-cancer, anti-bacterial, anti-inflammatory, cell-penetrating peptides., etc
89.139-147 This highlights the need for a predictive approach grounded in clinically validated
therapeutics. To address this gap, we developed ThPPred—an in-silico model trained on
experimentally validated therapeutic peptides and proteins employing supervised machine
learning methods to discriminate FDA-approved therapeutics from non-therapeutic proteins.

4.4.1 Materials and Methods

4.4.1.1 Dataset Compilation: In order to develop our prediction model, we compiled datasets
of therapeutic (positive) and non-therapeutic (negative) proteins. The positive dataset included
356 FDA-approved therapeutic proteins/peptides from THPdb2, which were filtered to retain
sequences between 30 and 1500 amino acids length without non-natural residues. The negative

Page | 40



set included an equal number of length-matched Swiss-Prot sequences lacking any therapeutic
annotation. Also, in addition to this for simulating real-world class imbalance, a secondary
“realistic” dataset was developed which incorporated ten times as many negatives i.e. 3,560

sequences against the same 356 positives.

Main Dataset Realistic Dataset
356 Therapeutic 356 Therapeutic
356 Non-Therapeutic 3560 Non-Therapeutic
Dataset
Creation
! |
Training Data Validation Data
(80%) (20%)
Feature Generation using :
Pfeature tool :
Feature JL ;
Extraction :
Feature Selection using SVC-L1, PCA, !
Variance threshold, Correlation Coefficient :
and Composition based single feature

}

Prediction Machine Learning Motif search
Models Algorithms using MERCI
! :
Hybrid Model - Model
(RF+Motif) Evaluation
Webserver l
Development

Best Model integrated in the webserver

Figure 4.3: Overall workflow of ThPPred tool.

Further to reduce bias and redundancy in model evaluation, we applied CD-HIT clustering
(40% cutoff) to both datasets 1“8, This yielded sequence clusters which were further spliced
into 80% training and 20% independent validation sets, ensuring no sequence similarity above
40% between them. This clustering-based stratification preserved dataset integrity while

maximizing coverage of diverse protein sequences 1%314°,
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4.4.1.2 Feature Engineering: In this study, we have deployed Pfeature to compute
approximately 9,189 features per sequence, encompassing amino acid composition metrics,
physicochemical scales, and higher-order constructs such as pseudo-amino acid composition
etc 1. Given the high dimensionality of generated feature matrix, feature reduction was
essential. We employed several feature selection techniques such as L1-regularized linear SVM
(SVC-L1), Variance Threshold, Correlation Coefficient, and principal component analysis
(PCA). The result of this process narrowed the feature space to about 60-90 informative
features, trading off predictive power and model interpretability.

4.4.1.3 Machine learning model evaluation: In the current study, we have applied six machine
learning models such as the Random Forest, Support Vector Classifier, XGBoost, Logistic
Regression, Decision Tree, and k-Nearest Neighbours. When carrying out the development of
the machine learning based models, five-fold cross-validation was implemented within the
training set. Training set models that worked best were further tested on independent validation
set and the performance parameters were documented. This ensured that performance estimates

reflect genuine generalization to novel sequences.

4.4.1.4 Alignment based approach with Machine learning model evaluation: In order to
enhance predictive accuracy, we incorporated motif analysis using the MERCI tool, which
identifies exclusive sequence patterns in proteins/peptide dataset. Twenty-three motifs
exclusive to the therapeutic protein/peptide were discovered, as listed in Table 4.1. In the
ensemble framework, a motif hit contributed a positive score, which was combined with the

machine learning model’s prediction score to produce a hybrid decision metric.

Table 4.1: List of exclusive motifs found in therapeutic and non-therapeutic proteins dataset.

Main Dataset
Motifs exclusively present in

Motifs exclusively present in positive dataset negative main dataset

Motifs Occurrence Motifs Occurrence
sulfurbasicgapSneutral 135 PVchargedP 135
YaromaticC 133 PVchargedPsurface 132
neutralKNneutral 133 PVchargedPpolar 121
WgapQG 132 PVacidicP 108
Qaliphaticaromaticneutralaliphatic 132 PVchargedPneutral 106
basicVneutralN 132 TPaliphaticPaliphatic 105
CbasicgapSneutral 132 aliphaticPaliphaticbasicP 104
aromaticgapCchargedmedium 131 LacidicLaromatic 100
VSW 129 LacidicLaromaticaliphatic 100
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PSVF 129 ILDL 92
CsVv 126 GFPV 92
NWY 124 FPDW 91
KGQP 121 LDLW 91
neutralVpolarWsurface 115 PMgapT 14
SgapWhneutralneutral 94 PVchargedgapP 12
cyclicgapCchargedmedium 19 ValiphaticFgapP 11
surfacecycliclargeCcharged 13 PVgapchargedP

YgapCgapN 13 PVgapacidicP

CgapSVv 12 ILgapDL

VTgapC 8

WgapYgapD 7

cyclicneutralCpolarmedium 5

YgaparomaticC 5

Note: sulphur: C,M; basic: R,H,K; gap: single amino acid gap; aromatic: H,F,W,Y ; aliphatic: A,G,lI,
L,V; neutral: A,N,C,Q,G,I,L,M,F,P,S T,W,Y,V; charged: D,E,R,H,K; surface: R,N,D,E,Q,G,H,K,P,S,
T,Y; polar: R,N,D,C,E,Q,H,K,S,T; acidic: D,E.

4.4.2 Results
4.4.2.1 Machine learning models using compositional features

Among the compositional features evaluated, Tripeptide Composition (TPC) demonstrated the
best predictive performance on the main validation dataset. The Random Forest model
developed using TPC achieved an AUC-ROC of 0.78 and an MCC of 0.56, outperforming the
corresponding AAC- and DPC-based models. On the realistic validation dataset, Gaussian
Naive Bayes (GNB) using DPC features yielded the highest performance with an AUC-ROC
of 0.77 and an MCC of 0.57. Overall, the results suggest that sequence-order information
captured by dipeptide and tripeptide compositions is more informative for distinguishing
therapeutic and non-therapeutic peptides than amino acid composition alone. The detailed
performance of all machine learning models developed using compositional features on both
the main and realistic datasets is presented in Table 4.2.

Table 4.2: Performance of ML models using composition-based features over main and

realistic dataset.

Main validation data Realistic validation data
Features | Model | Acc | Sens | Spec AUC | MCC | Acc Sens Spec | AUC MCC
RF 0.63 0.75 0.67 0.63 | 0.26 0.93 0.30 0.43 0.64 0.46
DT 0.61 0.80 0.67 061 | 0.23 0.88 0.48 0.43 0.70 0.36
AAC KNN 0.58 0.70 0.63 058 | 0.16 0.94 0.42 0.55 0.71 0.55
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GNB 0.57 0.66 0.61 0.57 | 0.14 0.93 0.32 0.45 0.66 0.45
XGB 0.61 0.75 0.65 061 ] 0.22 0.83 0.45 0.32 0.66 0.25
RF 0.72 0.68 0.71 0.72 | 0.44 0.92 0.10 0.18 0.55 0.28
DT 0.55 0.59 0.57 0.55] 0.10 0.70 0.24 0.13 0.49 -0.01
KNN 0.55 0.82 0.64 0.55| 0.12 0.92 0.31 0.41 0.64 0.39
GNB 0.51 0.63 0.57 051 ] 0.03 0.93 0.58 0.61 0.77 0.57
DPC XGB 0.73 0.73 0.73 0.73 | 0.46 0.93 0.23 0.36 0.61 0.41
RF 0.78 0.79 0.78 0.78 | 0.56 0.92 0.07 0.13 0.54 0.25
DT 0.56 0.59 0.58 056 | 0.13 0.59 0.35 0.14 0.48 -0.02
KNN 0.58 0.77 0.65 058 | 0.17 0.90 0.23 0.30 0.60 0.27
GNB 0.61 0.76 0.66 061 ] 0.24 0.93 0.25 0.39 0.62 0.44
TPC XGB 0.58 0.77 0.65 058 | 0.17 0.91 0.15 0.23 0.57 0.23

4.4.2.2 Machine learning models using feature selection approaches

To further improve predictive performance and reduce feature redundancy, several feature
selection approaches, including SVC-L1, Variance Threshold, Correlation Coefficient, and
Principal Component Analysis (PCA), were applied to the generated feature set. As shown in
Table 4.3, the SVC-L1 based feature selection approach yielded the best performance on the
main validation dataset, where the Random Forest classifier achieved an AUC-ROC of 0.80
and an MCC of 0.61. On the realistic validation dataset, the Support Vector Classifier (SVC)
developed using SVC-L1 selected features achieved the highest AUC-ROC of 0.78 with an
MCC of 0.60. Overall, the SVC-L1 feature selection approach consistently outperformed the
other feature selection methods on both datasets, indicating its effectiveness in identifying

discriminative features for distinguishing therapeutic and non-therapeutic peptides.

Table 4.3: Performance of ML models using features selection approaches over main and

realistic dataset.

Main validation data Realistic validation data
Model Acc \ Sens \ Spec \ AUC \ MCC | Acc \ Sens ] Spec \ AUC \ MCC
SVC-L1 based feature selection approach
RF 0.80 075 | 0.79 0.80 0.61 0.95 0.49 0.64 0.74 0.64
DT 0.72 0.75| 0.73 0.72 0.44 0.92 0.49 0.51 0.73 0.47
KNN 0.58 0.65| 0.61 0.58 0.17 0.91 0.25 0.35 0.62 0.34
svC 0.65 0.66 | 0.66 0.65 0.31 0.94 0.58 0.63 0.78 0.60
XGB 0.71 077 | 073 0.71 0.43 0.95 0.51 0.63 0.75 0.63
Variance Threshold based feature selection approach
RF 0.75 068 | 0.73 0.75 0.51 0.93 0.32 0.47 0.66 0.51
DT 0.73 073 | 0.73 0.73 0.46 0.92 0.48 0.52 0.72 0.47
KNN 0.58 065 | 061 0.58 0.17 0.92 0.34 0.43 0.66 0.41
SvC 0.54 0.63 | 0.58 0.54 0.07 0.92 0.31 0.42 0.65 0.41
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XGB 075| 080] 076 075 050| 095| 049| 063| 074] 062
Correlation Coefficient based feature selection approach
RF 0.54 0.48 | 051 0.54 0.09 0.85 0.06 0.06 0.49 -0.02
DT 0.52 0.44 | 0.48 0.52 0.04 0.85 0.06 0.06 0.49 -0.02
KNN 0.61 049 | 0.56 0.61 0.23 0.79 0.07 0.06 0.47 -0.06
SvC 0.55 0.72 | 061 0.55 0.10 0.91 0.00 0.00 0.50 0.00
XGB 0.45 052 | 0.49 0.45| -0.10 0.85 0.03 0.03 0.48 -0.04
Principal Component analysis-based feature selection approach
RF 0.58 069 | 0.62 0.58 0.16 0.94 0.34 0.49 0.67 0.53
DT 0.58 0.66 | 061 0.58 0.16 0.92 0.48 0.51 0.72 0.47
KNN 0.72 0.72 | 0.72 0.72 0.44 0.93 0.32 0.47 0.66 0.51
SvC 0.61 0.77 | 0.66 0.61 0.22 0.92 0.15 0.27 0.58 0.36
XGB 0.60 0.65| 0.62 0.60 0.20 0.86 0.42 0.35 0.66 0.28

4.4.2.3 Ensemble model performance

While feature-based models capture global sequence characteristics, alignment-based methods

provide local sequence similarity information. As shown in Table 4.4, the Random Forest-

based ensemble achieved the best performance on the main validation dataset with an AUC-
ROC of 0.92 and an MCC of 0.83. On the realistic dataset, the SVC-based ensemble attained
the highest AUC-ROC of 0.78 with an MCC of 0.62. These results demonstrate that integrating

complementary sources of information improves the discrimination of therapeutic and non-

therapeutic peptides. The improved performance of the ensemble models highlights the benefit

of combining alignment-based information with machine learning-derived sequence features.

Table 4.4: Performance of ensemble method combining alignment based and ML models over

main and realistic dataset.

Main validation data

Realistic validation data

Model Acc Sens Spec | AUC | MCC Acc Sens Spec AUC MCC
RF 0.92 092 | 092| 0.92 0.83 0.95 0.49 0.64 0.74 0.64
DT 0.89 094 | 0.90]| 0.89 0.79 0.92 0.49 0.54 0.73 0.51
KNN 0.85 090| 0.86| 0.85 0.71 0.92 0.25 0.36 0.62 0.37
SVvC 0.86 086 | 0.86| 0.86 0.72 0.94 0.58 0.65 0.78 0.62
XGB 0.91 092 | 091]| 0.91 0.82 0.95 0.51 0.64 0.75 0.64

4.4.3 Webserver Implementation

ThPPred has been deployed as both a web server and a standalone Python package at

https://webs.iiitd.edu.in/raghava/thppred/. Users can submit single or batch FASTA files,

choose between the main or realistic dataset models, adjust classification thresholds, and
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optionally perform motif scans or even propose single-point mutations to increase predicted
druggability. The responsive HTML interface makes it compatible between desktops and

mobile devices that enable high-throughput virtual screening of peptide libraries.
4.5 Integration and Applications

The synergy created by ThPdb2 and ThPPred reflects a closed pipeline loop in the search of
peptide therapeutics. The researchers start their research by investigating the ThPdb2 to learn
about known drug scaffolds, target classes, and physicochemical trends. Novel sequences
derived from genome mining, combinatoric libraries or rational design are then screened using
ThPPred to select the best novel sequence candidate. Iterative sequence modification is
informed by motif analyses and rankings of feature importance, and analogs are put into place
relative to approved therapeutics by similarity searches against ThPdb2. This combined
workflow can greatly decrease the workload of the experiments by focusing on high-value

candidates to be synthesized and evaluated biologically.
4.6 Conclusion and Future Directions

We have described the creation of ThPdb2, a highly annotated collection of FDA-approved
peptide and protein drugs, and ThPPred, a machine learning system of therapeutic potential
prediction by primary sequence, in this chapter. A combination of large volumes of manually
curated data with rigorous modelling methods and motif analytics approach results in a high-
performance end-to-end computational platform to the scientific community. In the future, it
is possible that researchers will incorporate into ThPPred models structural and multi-omics
features of predicted tertiary conformations, post-translational modifications, and interactome
contexts. They are also able to investigate automated pipelines in order to revise ThPdb2 as
new approvals are generated so that both data and forecasts are up to date. Finally, this evolving
framework aims to accelerate the translation of peptide and protein therapeutics from in silico

hypotheses to clinical realities.
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5.1 Introduction

Interleukin 13 (IL-13) is an immunoregulatory cytokine that is primarily released by activated
T helper type 2 (Th2) cells . It is important in regulating immune responses, whereby it
majorly suppresses the synthesis of inflammatory cytokines %2, In addition to Th2 cells, IL-13
is also released by other cell types eosinophils, mast cells, basophils, smooth muscle cells,
natural killer cells, and fibroblasts, all of which participate in its wide range of biological
activities 1°1%4, Although IL-4 and 1L-13 share functional similarities, IL-13 has emerged as a
more promising therapeutic target **, IL-13 is implicated in several key biological functions
such as regulation of airway hyperresponsiveness, allergic inflammation, mastocytosis, goblet
cell hyperplasia, tissue eosinophilia, IgE antibody production, tumor cell growth, tissue

remodelling, parasitism, and fibrosis >>1%¢,

Several studies have highlighted the role of I1L-13 in cancer immunology "1, Alterations in
IL-13 effector pathways are linked to malignancies such as B-cell chronic lymphocytic
leukemia and Hodgkin’s disease °81%°, IL-13 inhibits tumor immunosurveillance and can thus
be targeted by immunotherapies aiming to activate type-1 anti-cancer responses 6016,
Overexpression of IL-13 receptors has been observed in multiple cancer types including
pancreatic, gastric, colon, and notably, glioblastoma multiforme, where IL-13 binding

receptors are densely populated in tumor tissues but scarcely in normal cells 162-166,

5.2 Background

The immunomodulatory influence of 1L-13 positions it as a central node in a variety of disease
states, including cancer, asthma, infectious diseases like COVID-19 67188 Despite its crucial
immunological role, no computational method existed to predict IL-13-inducing peptides prior
to this study. Predicting peptides that induce IL-13 can aid in vaccine design and
immunotherapeutic development. To address this gap, we developed IL-13Pred, the first in-
silico tool to predict IL-13-inducing and non-inducing peptides. This study presents the
systematic development of IL-13Pred using machine learning models trained on curated

datasets of experimentally validated peptides.

5.3 Material and Method

5.3.1 Dataset Preparation
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In this study, 343 experimentally validated IL-13-inducing human peptides were retrieved from
IEDB %, Post pre-processing (removal of peptides shorter than 8 or longer than 35 residues,
and duplicates), 313 unique IL-13 inducers were retained as positive dataset. For negative data,
peptides known to induce other cytokines (e.g., [L1a, IL1B, TNFa) were compiled and filtered

similarly, resulting in 2908 non-inducing peptides.
5.3.2 Feature Generation and selection

We utilized the Pfeature tool, and computed 9165 compositional features per peptide including
AAC, DPC, TPC, ATC, and others *°. These features capture sequence-level attributes which
are required for developing classification tool. We used SVC with L1 penalty (SVC-L1) to
select 95 key features from large feature matrix. Upon that a feature-selector tool (LightGBM-

based) was deployed to further ranked these based on their classification utility.
5.3.3 Machine Learning Models

In order to develop prediction models, several machine learning-based algorithms including
Random Forest (RF), eXtreme Gradient Boosting (XGB), K-nearest Neighbors (KNN),
Support Vector Machine (SVM), Logistic Regression (LR), Gaussian Naive Bayes (GNB), and
Decision Tree (DT) were implemented. We deployed these using Python's Scikit-learn library.
In order to avoid overfitting, we adopted best practices such as 5-fold cross-validation and
80:20 external validation for robust model evaluation. Standard performance metrics were used
such as Sensitivity, Specificity, Accuracy, MCC (Matthews Correlation Coefficient), and AUC
(Area Under the ROC Curve).

5.4 Results

5.4.1 Compositional and Positional Analysis

IL-13 inducing peptides exhibited a compositional bias towards residues like Leucine (L),
Lysine (K), Methionine (M), and Asparagine (N), suggesting their potential role in immune
activation. In contrast as shown in Figure 5.1, non-inducing peptides were enriched in Glycine
(G), Proline (P), Tyrosine (), and Threonine (T), indicating a distinct structural or functional

preference.
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Amino acid composition for IL-13 inducing and non-inducing peptides
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Figure 5.1: Amino acid composition distribution among IL-13 inducing and non-inducing
peptides.

Positional analysis revealed that certain residues, particularly Leucine and Asparagine, were
frequently enriched at specific N- and C-terminal positions in IL-13 inducing peptides. This
highlights that not only the overall composition but also the spatial arrangement of key amino

acids plays a critical role in modulating peptide immunogenicity and IL-13 induction potential.
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Figure 5.2: Positional analysis distribution among IL-13 inducing and non-inducing peptides.

5.4.2 Machine learning model performance

We developed prediction models using 313 IL-13 inducing and 2,908 non-inducing unique
peptides. Various machine learning methods SVM, KNN, LR, DT, RF, XGB, and GNB were
applied. As depicted in Table 5.1, random forest model developed using 95 feature set
outperformed others, models by achieving AUCs of 0.87 and 0.83 on training and validation

sets. Using the Python feature-selector library, we ranked 95 features and built models with top
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10 feature as well. Models with the top 10 features performed comparably well, with the XGB

model achieving AUCs of 0.83 and 0.80 on training and validation dataset respectively.

Table 5.1: Machine learning models performance parameters using various classifiers.

Classifier ‘ Sens ‘ Spec | Accuracy | AUC | MCC
Validation Dataset performance using top 10 features
DT 60.26 71.43 70.08 0.72 0.22
GNB 64.10 66.31 66.05 0.73 0.21
KNN 60.26 55.73 56.28 0.61 0.11
LR 56.41 59.61 59.23 0.63 0.11
RF 64.10 75.13 73.80 0.77 0.28
XGB 71.80 73.02 72.87 0.80 0.30
SvC 46.15 74.25 70.85 0.64 0.15
Validation Dataset performance using top 95 features
DT 51.28 66.31 64.50 0.60 0.12
GNB 38.46 77.43 72.71 0.61 0.12
KNN 50.00 69.31 66.98 0.62 0.13
LR 58.97 68.25 67.13 0.68 0.19
RF 70.51 77.07 76.28 0.83 0.34
XGB 69.23 73.19 72.71 0.80 0.30
SVC 51.28 68.08 66.05 0.62 0.13

In order to check the robustness of the developed models, we reshuffled the dataset 10 times

and calculated the performance of models on top-10 features. After reshuffling the data 10
times, XGB maintained robust performance (AUC 0.82 + 0.03), refer Table 5.2.

Table 5.2: Performance of machine learning models developed after reshuffling dataset 10

times using top 10 features.

Classifier Sens Spec Accuracy AUC MCC

DT 63.65+4.76 | 67.94+283 | 67.52+252 | 0.71+£0.03| 0.20+0.03
GNB 72.38+492 | 63.81+252 | 64.65+230 | 0.74+0.02| 0.22+0.03
KNN 64.44+535| 51.25+200 | 5254+1.83 | 0.62+0.04 | 0.09+0.03
LR 62.22+4.66 | 60.76 +£1.87 | 60.90+1.62 | 0.66+0.02 | 0.14+0.03
RF 74.13+6.17 | 7395+141 | 73.97+1.08| 0.81+£0.03| 0.30+0.03
XGB 76.98+498 | 71.13+175( 71.71+151 | 0.82+0.03| 0.31+0.03
SvC 63.81+8.46 | 63.20+3.35| 63.26£2.70 | 0.68+0.04 [ 0.16+0.04
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5.4.3 Webserver implementation

In this study, we developed a user-friendly webserver and standalone tool named as IL-13Pred,
for screening of [IL13 inducing peptides, which can be accessed using
https://webs.iiitd.edu.in/raghava/il13pred. As shown in Figure 5.3, the webserver has featuring

modules as Prediction, Peptide design, Protein scanning, and BLAST scanning. This platform

is compatible with most of modern devices including mobile, tablets, desktop and laptops.

Modules

Predict Module: Identification

of IL-13 Inducers vs. non-
inducers

AN Design Module: Designing of
non-IL13 inducers by mutation
—» | | IL-13Pred !
Input Protein/
Peptide

Protein Scan: Searching of
IL-13 inducing regions in an
antigen

BLAST Scan: Scanning
similarity among sequences
using BLAST

Figure 5.3: Overall architecture highlighting important webserver modules of IL13Pred.

5.5 Case studies

5.5.1 COVID-19 Analysis: Studies have shown elevated IL-13 levels in COVID-19 patients,
as coronavirus proteins strongly induce this cytokine. Using IL-13Pred’s protein scan module,
we identified IL-13 inducers in SARS-CoV-2 proteins downloaded using NCBI of India,
China, USA, Brazil, and Japan. As evident from Table 5.3, a total of 213 inducing peptides
were found in the spike protein of the USA (California) strain. In addition, the IL-13
inducing/non-inducing peptides in other coronavirus proteins such as envelope protein, ORF6,
ORFlab, ORF3a, ORF7a/7b, ORF8, nucleocapsid phosphoprotein, ORF10 and membrane
glycoprotein of USA strain were also screened. These insights would aid in vaccine designing
against COVID-109.
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Table 5.3: Prediction of IL-13 inducing peptides in five SARS-CoV-2 strains.

INDIA USA BRAZIL JAPAN CHINA

(MZ340539.1) | (MZ319836.1) | (MZ169911.1) | (LC528233.2) | (MT291829.1)

Ind Non-Ind | Ind Non-Ind | Ind Non-Ind | Ind Non-Ind | Ind Non-Ind
ORF1lab 1288 5791 | 1288 5794 | 1294 5788 | 1484 5598 | 1484 5598
ORFla 841 3547 | 834 3557 | 845 3546 | 955 3436 | 955 3436
Spike 215 1043 | 213 1046 | 213 1046 35 72 | 261 998
ORF3a 77 184 77 184 77 184 85 175 85 176
Envelop 7 54 7 54 7 54 10 51 10 51
Membrane 68 140 65 143 68 140 74 134 74 134
ORF6 25 22 25 22 25 22 27 20 27 20
ORF7a 31 76 31 76 31 76 35 72 35 72
ORF7b 17 12 17 12 17 12 17 12 17 12
ORF8 19 88 19 88 19 88 23 84 23 84
Nucleocapsid 56 349 55 350 59 346 66 339 66 339
ORF10 10 14 10 14 10 10 11 13 11 13

Note: Ind means IL-13 inducers and Non-Ind means IL-13 non-inducers.

5.5.2. Variant Analysis: In this study, we systematically analysed IL-13 inducing peptides
across SARS-CoV-2 variants Alpha (B.1.1.7), Beta (B.1.351), and Delta (B.1.617.2). We

obtained the reference spike protein sequence from NCBI and introduced variant-specific

mutations reported by the CDC and Indian SARS-CoV-2 Genomics Consortium using an in-

house script. As depicted in Table 4.4, the Alpha variant has seven substitutions, Beta has nine,

and Delta also carries nine mutations. Using the ‘“Protein Scan” module of IL-13Pred with

default parameters, we predicted IL-13 inducing and non-inducing peptides in these mutated

spike proteins. These functional alterations are dependent on the composition and location of

the amino acids such as Arginine and Asparagine which are preferred in 1L-13 inducing

peptides.
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Table 5.4: Changes in IL-13 inducing properties by mutation in Spike protein in SARS-CoV-
2 variant strains.

SARS-Cov2 Mutati Reference Peptide Mutated Peptide Score_ | Score_ Prediction_R | Prediction_M
Variants on R M
NKKFLPFQQFGR NKKFLPFQQFGR IL-13 non- qa:
A570D DIA DID 0.05 0.11 inducer IL-13 inducer
KFLPFQQFGRDIA | KFLPFQQFGRDID 003 006 IL-}3 non- IL-13 inducer
DT DT inducer
SNNSIAIPTNFTIS SNNSIAIPINFTIS IL-13 non- .
T7161 v Y, 0.04 0.06 inducer IL-13 inducer
NFGAISSVLNDIL | NFGAISSVLNDIL 0.04 0.06 IL-13 non- IL-13 inducer
SR AR inducer
GAISSVLNDILSR GAISSVLNDILAR 003 0.08 IL-}3 non- IL-13 inducer
LD LD inducer
Alpha VLNDILSRLDKV VLNDILARLDKV IL-13 non- .
(B.1.17) S980A EAE EAE 0.03 0.07 inducer IL-13 inducer
LNDILSRLDKVE LNDILARLDKVE IL-13 non- .
AEV AEV 0.05 0.08 inducer IL-13 inducer
NDILSRLDKVEA NDILARLDKVEA IL-13 non- .
EVQ EVQ 0.04 0.09 inducer IL-13 inducer
TOQRNFYEPQIITT TORNFYEPQIITT 0.06 0.04 IL-13 inducer IL-}S non-
D1118 DN HN inducer
QRNFYEPQIITTD QRNFYEPQIITTH 193 IL-13 non-
H NT NT 0.07 0.03 IL-13 inducer inducer
YEPQIITTDNTFV YEPQITTHNTFV IL-13 non- .
SG SG 0.04 0.06 inducer IL-13 inducer
LVLLPLVSSQCV LVLLPLVSSQCV 4ai IL-13 non-
L16r NLT NET 0.06 0.04 I1L-13 inducer inducer
LLPLVSSQCVNL LLPLVSSQCVNF 4ai IL-13 non-
TR TR 0.07 0.02 I1L-13 inducer inducer
Beta VSGTNGTKRFDN | VSGTNGTKRFAN IL-13 non- .
(B.1.351) PV/L PV 0.05 0.12 inducer IL-13 inducer
D80A GTNGTKRFDNPV | GTNGTKRFANPV 0.02 007 IL-Z!.3 non- IL-13 inducer
LPF LPF inducer
SGTNGTKRFDNP SGTNGTKRFANP . IL-13 non-
VLP VLP 0.09 0.02 I1L-13 inducer inducer
LVLLPLVSSQCV LVLLPLVSSQCV e IL-13 non-
T19R NLT NLR 0.06 0.04 I1L-13 inducer inducer
FRVYSSANNCTF FGVYSSANNCTF IL-13 non- .
R158G EVV EVV 0.03 0.06 inducer IL-13 inducer
Delta TQTNSPRRARSV TQTNSRRRARSV IL-13 non- qai
(B.1.617.2) o615R ASQ ASQ 0.02 0.08 inducer IL-13 inducer
QTNSPRRARSVA | QTNSRRRARSVA 0.02 008 IL-13 non- IL-13 inducer
SQS SQS ' ' inducer
DSLSSTASALGK DSLSSTASALGK IL-13 non- .
D950N LOD LON 0.05 0.06 inducer IL-13 inducer

Note: 1) Score_R and Score_M is the score of Reference Spike protein and score of mutated Spike protein
respectively. 2) Prediction_R and Prediction_M is the I1L-13 Inducing/non-inducing prediction of the Reference

Spike protein and mutated Spike protein respectively.

5.6 Conclusion

IL-13Pred is the first computational method developed to predict IL-13-inducing peptides. Its
evolution accommodates a significant gap in immunoinformatics providing a solid therapeutic
and vaccine design tool. The IL-13 biological significance on disease progression and severity
is supported by our results, and relevant to cancer, asthma, and COVID-19. We encourage the
scientific community to use IL-13Pred in immunotherapeutic studies and in translational

studies.
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6.1 Introduction

Nuclear factor kappa B (NF-xB) is an important transcription factor that regulates genes
involved in immune and inflammatory responses *’°. Since its identification in 1986, NF-xB
has been known to be at the heart of the host defense to adverse stimuli, such as pathogens and
damage to cells 1"*174, Dysregulated NF-xB signalling plays a crucial role in several disease
progressions such as chronic inflammation disease, autoimmune disorders, and cancers 177,
Constant activation enhances inflammation, tissue injury, tumor growth, and metastasis via
increasing cell survival and establishing a pro-tumor microenvironment 8182 Because of its
centrality, NF-xB is a promising therapeutic target, with inhibitors ranging from small
molecules to peptides 17>183-18 Nevertheless, the process of developing drugs is expensive and
time-consuming, which brings the necessity to enhance the process of finding the desired
inhibitors with the help of computational approaches. This paper presents a novel in-silico
predictor of NF-«B inhibitors, which we term “NFxBIn”, using experimentally validated drugs.
This tool deals with the shortfall of computational tools in predicting the inhibitors efficiently

and accurately.

6.2 Background

NF-kB activation occurs via two main pathways: canonical and non-canonical, as shown in
Figure 6.1 1818 TNF-a and IL-1stimuli trigger the canonical pathway, which is marked by
phosphorylation and degradation of IkB, which allows NF-xB to access the nucleus and
transcription of genes that control inflammatory and immune reaction %1%, The non-canonical
pathway, activated by receptors like CD40 and BAFF, relies on NIK-mediated processing of
p100 into its active form (p52), which pairs with RelB to promote immune system development

and adaptive immune responses %'
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Figure 6.1: Illustration showing NF-kB activation pathways i.e. canonical and non-canonical

pathways.

6.3 Materials and Methods

6.3.1 Dataset Collection and Pre-processing

We curated compounds from the PubChem database focusing on TNF-o-induced NF-xB
inhibition assays ?2. An extensive search using keywords “(TNF AND NF-xB) inhibitors”
yielded 90 bioassays, from which the high-throughput assay AID 1852 was selected for its
specificity and data quality. This assay utilized HEK-293-T NF-«kB-Luc cells and applied a
tiered activity scoring system classifying compounds with >50% activity as active inhibitors.
The dataset comprised 2,481 compounds: 1,149 inhibitors and 1,332 non-inhibitors. The
dataset was spliced into 80% training (936 inhibitors, 1,048 non-inhibitors) and 20%
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independent validation sets (213 inhibitors, 284 non-inhibitors) following established machine

learning protocols.

6.3.2 Molecular Descriptors and Fingerprints features

Molecular descriptors represent chemical compounds quantitatively, capturing structural and
physicochemical properties. We employed the PaDEL software to compute 17,967 descriptors
per compound, including 1D, 2D, 3D descriptors, and various fingerprint types (binary vectors
representing substructures) . Descriptors with over 80% missing values were discarded,
leaving 10,862 features. Data normalization was performed using z-score standardization to

homogenize scale.

6.3.3 Feature Selection techniques

In order to develop a robust model for predicting NF-xB inhibitors and non-inhibitors we
applied two feature selection techniques in this study. To reduce dimensionality, two feature

selection strategies were implemented:

o Correlation-based selection: Low-variance features were eliminated followed by
correlation analysis (threshold 0.6), yielding 2,365 descriptors. A support vector
classifier with L1 regularization (SVC-L1) further refined this set to 383 features (32
2D, 3 3D, 348 fingerprints).

o Univariate analysis: Using Student’s t-test, top 2,000 descriptors were selected based
on significant p-value and univariate score. Subsequently SVC-L1 and Recursive

Feature Elimination (RFE) selected 266 and 50 features, respectively.

6.3.4 Machine Learning Model Development

In this systematic attempt, of developing an in-silico tool for screening NF-xB inhibitors and
non-inhibitors five classification machine learning algorithms were implemented via the Scikit-
learn library. These were Random Forest (RF), Decision Tree (DT), K-Nearest Neighbors
(KNN), Support Vector Classifier (SVC), eXtreme Gradient Boosting (XGB). Models were
trained using five-fold cross-validation on the training set, with hyperparameter tuning for
optimal performance. Best performing model on training dataset were then evaluated over
independent dataset using parameters such as Sensitivity, Specificity, Accuracy, MCC and

AUC. As depicted in Figure 6.2, the best performing model was implemented in NF- kB tool.
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Figure 6.2: Workflow demonstrating NF-xBIn tool pipeline.

6.4 Results

6.4.1 Functional Group Analysis

In this study, to gain deeper insights into the structural features distinguishing NF-«xB inhibitors
from non-inhibitors, functional group analysis was performed using the RDKit!®
cheminformatics package. The frequency of various functional groups was computed in both
classes, and the differences in their occurrence were analysed. As shown in Figure 6.3, bicyclic,
Ar_N (aromatic nitrogen), pyridine, halogen, and allylic oxide groups were enriched in NF-xB
inhibitors, whereas amide and aniline groups were more prevalent in non-inhibitors. Several
other groups, including alcohols, alkyl halides, ethers, methoxy, and carbonyl-containing
moieties, also exhibited differential distributions between the two classes. These findings
suggest that specific structural motifs and functional groups may contribute to NF-xB
inhibitory activity and could serve as useful features for distinguishing inhibitors from non-

inhibitors.
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Figure 6.3: Functional group analysis for NF-kB pathway inhibitors and non-inhibitors using
RDKit package.

6.4.2 ML Model Performance

6.4.2.1 Correlation-Based Descriptor Model Performance

In order to develop powerful prediction models for NF-xB inhibitors, we filtered out the highly
correlated features and used the SVC-L1 feature selection method. This gave a smaller set of
descriptors of 32 two-dimensional (2D), 3 three-dimensional (3D), and 348 fingerprint (FP)
descriptors. On these characteristics, we created separate machine learning (ML) models, and

an ensemble model as follows. Table 6.1 shows the results of the numerous ML classifiers.
I. ML Model based on 2D Descriptors:

We trained several classification models with the usage of 32 chosen 2D descriptors. K-Nearest
Neighbors (KNN) classifier performed best in terms of AUC of 0.62 and accuracy of 64.85%

on the validation set.

I1. ML Model based on 3D Descriptors:
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ML model was constructed on the 3 descriptors chosen as 3D had a modest predictive power.
Random Forest classifier gave the best validation AUC of 0.56 and an accuracy of 56.14% on

the validation dataset.

I11. ML Model Based on Fingerprint Descriptors:

There were 348 fingerprint descriptors that used to implement several ML algorithms. Random
Forest classifier outperformed others and recorded the highest AUC of 0.66 and accuracy of
66.40% on the validation data. The XGBoost classifier had a similar result with the AUC value
of 0.66 and the accuracy of 65.79% on validation dataset.

IVV. Ensemble-Based ML Model:

In this study, we have also developed an ensemble method to improve the accuracy of
prediction, that is, an integrated method of the chosen 2D, 3D, and FP descriptors (a total of
383 descriptors). The ensemble model with a random forest classifier achieved the highest
validation AUC of 0.67 and 67.20% accuracy to the validation dataset.

Table 6.1: Performance parameters of various ML classifiers developed using 32 2D, 3 3D,

348 Fingerprint and Ensemble approach over validation dataset.

2D Features

Model Accuracy | Precision | Recall F1-score | Sens Spec AUC MCC

RF 65.05 0.65 0.49 0.74 0.49 0.56 0.61 0.24
DT 54.23 0.54 0.44 0.63 0.44 0.49 0.54 0.07
KNN 64.85 0.65 0.53 0.72 0.53 0.58 0.62 0.25
svC 61.33 0.61 0.37 0.77 0.37 0.46 0.57 0.15
XGB 61.33 0.61 0.45 0.72 0.45 0.52 0.58 0.18

3D Features
RF 56.14 0.57 0.49 0.64 0.49 0.52 0.56 0.12
DT 52.31 0.52 0.55 0.50 0.55 0.53 0.52 0.05
KNN 53.52 0.53 0.55 0.52 0.55 0.54 0.54 0.07
sSvC 51.51 0.52 0.32 0.71 0.32 0.40 0.51 0.03
XGB 51.91 0.68 0.06 0.97 0.06 0.11 0.52 0.08
Fingerprint Features
RF 66.40 0.74 0.51 0.82 0.51 0.60 0.66 0.34
DT 57.95 0.59 0.50 0.66 0.50 0.54 0.58 0.16
KNN 65.19 0.66 0.62 0.69 0.62 0.64 0.65 0.30
sSvC 59.96 0.61 0.54 0.66 0.54 0.57 0.60 0.20
XGB 65.79 0.68 0.59 0.73 0.59 0.63 0.66 0.32
Ensemble method
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RF 67.20 0.73 0.53 0.81 0.53 0.62 0.67 0.36
DT 56.54 0.57 0.51 0.62 0.51 0.54 0.57 0.13
KNN 64.79 0.66 0.62 0.68 0.62 0.63 0.65 0.30
svC 60.97 0.62 0.54 0.68 0.54 0.58 0.61 0.22
XGB 64.59 0.68 0.54 0.75 0.54 0.60 0.65 0.30

6.4.2.1 Univariate Analysis-Based Descriptor Model Performance

In an alternate strategy, we applied univariate analysis to screen the top 2000 (1000 positive
and 1000 negative) descriptors. For the top 20 descriptors, we computed individual descriptor-
based AUC scores and mean differences between positive and negative classes. Notably,
KRFP605 achieved the highest AUC of 0.62 and a mean difference of 2.60, refer Table 6.2.

Table 6.2: List of top 20 descriptors with highest AUC and their mean difference among

inhibitors and non-inhibitors.

Descriptors Type | Mean Pos | Mean Neg | Mean Diff Sens Spec AUC
KRFP605 FP -0.140 0.121 -0.260 0.810 0.447 0.628
GATSIi 2D -0.138 0.119 -0.256 0.613 0.644 0.628
ExtFP627 FP -0.134 0.115 -0.249 0.775 0.477 0.626
MACCSFP86 | FP -0.132 0.114 -0.246 0.683 0.568 0.626
PubchemFP615 | FP -0.130 0.112 -0.242 0.718 0.530 0.624
RDF20u 3D -0.130 0.112 -0.242 0.697 0.545 0.621
RDF20i 3D -0.129 0.112 -0.241 0.704 0.538 0.621
RDF20e 3D -0.129 0.112 -0.241 0.655 0.583 0.619
ExtFP129 FP -0.126 0.109 -0.235 0.556 0.682 0.619
MACCSFP138 | FP -0.126 0.108 -0.234 0.662 0.576 0.619
ATSCli 2D 0.139 -0.120 0.259 0.676 0.553 0.615
MATS1i 2D 0.139 -0.120 0.258 0.528 0.697 0.613
GraphFP786 FP 0.134 -0.116 0.250 0.754 0.470 0.612
AATSCli 2D 0.129 -0.111 0.241 0.563 0.659 0.611
GraphFP171 FP 0.128 -0.111 0.239 0.711 0.508 0.609
FP584 FP 0.123 -0.106 0.229 0.535 0.682 0.609
FP964 FP 0.122 -0.105 0.228 0.535 0.682 0.609
AATS3v 2D 0.116 -0.100 0.217 0.789 0.424 0.606
FP785 FP 0.116 -0.100 0.216 0.782 0.424 0.603
FP282 FP 0.116 -0.100 0.216 0.585 0.621 0.603

Further, we applied SVC-L1 and Recursive Feature Elimination (RFE) on the top 2000
descriptors. The SVC-L1 approach selected 266 descriptors, while RFE vyielded a refined
subset of 50 features. As shown in Table 6.3, a Support Vector Classifier (SVC) trained on the
266 SVC-L1-selected features outperformed all models, achieving an AUC of 0.80 on the
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training and 0.75 on the validation set. Meanwhile, the KNN model using the 50 RFE-selected
descriptors achieved a training AUC of 0.66 and validation AUC of 0.65.

Table 6.3: Machine learning models performance developed using SVC-L1 and RFE based

feature selection techniques over Univariate analysis-based descriptor selection.

Model \ Accuracy \ FPR \ Kappa | F1-score | Sens | Spec | AUC MCC
SVC L1 feature selection technique
RF 65.59 29.60 0.31 0.64 | 60.73 70.40 0.71 0.31
DT 60.36 33.60 0.21 058 | 54.25 66.40 0.63 0.21
KNN 65.19 30.40 0.30 0.63| 60.73 69.60 0.70 0.31
SvC 67.61 28.00 0.35 0.66 | 63.16 72.00 0.75 0.35
XGB 62.78 34.00 0.26 0.61] 59.51 66.00 0.69 0.26
RFE feature selection technique

RF 62.98 35.60 0.26 0.62| 6154 64.40 0.66 0.26
DT 57.55 42.40 0.15 0.57 | 57.49 57.60 0.59 0.15
KNN 62.17 38.00 0.24 0.62| 6235 62.00 0.65 0.24
SVvC 59.56 38.00 0.19 0.58 | 57.09 62.00 0.64 0.19
XGB 57.95 36.40 0.16 055| 52.23 63.60 0.62 0.16

6.4.3 Drug Repurposing Screening

Using NFxBIn standalone version prediction module, 2,577 FDA-approved drugs (from

DrugBank) were screened for potential NF-xB inhibitory activity. Top candidates included

Bleomycin, Nitroprusside, Guanidine, Ivermectin, Tobramycin, Pentosan polysulfate, and

Gentamicin, many of which have literature support for NF-xB pathway inhibition, refer Table

6.4.

Table 6.4: List of seven FDA-approved drug candidates as potential Nf-kB pathway inhibitors.

FDA
DrugBank approved Predicti
ID Drugs on Label Literature Remarks

Co-administration of ginsenoside with BLM resulted in marked
improvement in lung structure and a significant reduction in Nf-

DB00290 | Bleomycin Inhibitor | kB expression. 1%
Nitroprusside is a vasodilator that releases nitric oxide (NO) upon
metabolism. NO can influence various signalling pathways,

DB00325 | Nitroprusside | Inhibitor | including the Nf-xB pathway. 1%

DB00536

Guanidine

Inhibitor

The guanidine compound ME10092 inhibits Nf-kB activation and
the upregulation of inflammatory mediators in vivo. 1%

DB00602

lvermectin

Inhibitor

Ivermectin may inhibit LPS-induced production of inflammatory
cytokines by blocking NF-kB pathway and improve LPS-induced
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survival in mice. FDA-approved antiparasitic drug, could
potentially be used in combination with chemotherapeutic agents
to treat cancers, 195197

Tobramycin suppresses Nf-xB activation, reducing pro-
inflammatory cytokines and controlling excessive inflammation in
lung infections, thus helping prevent further lung damage in

DB00684 | Tobramycin Inhibitor | conditions like cystic fibrosis. 19819
Pentosan Pentosan polysulfate sodium (PPS), an inhibitor of NF-kB
DB00686 | Polysulfate Inhibitor | activation. 200201

6.4.4 Webserver and Standalone Package

In order to facilitate the scientific community access, NFxBIn was implemented as a webserver
and standalone package. The webserver supports high-throughput screening with modules for
prediction, chemical structure drawing, and analog design. The platform is accessible at
https://webs.iiitd.edu.in/raghava/nfkbin/.

6.5 Conclusion

Nuclear factor kappa B (NF-xB) plays a central role in regulating immune and inflammatory
responses and is critically involved in the pathogenesis of several chronic diseases, including
cancer and autoimmune disorders. Traditional drug discovery approaches, such as molecular
docking, often lack the ability to capture complex biological interactions, limiting their success
in identifying potent NF-«B inhibitors. Machine learning has the potential to become a potent
alternative in this regard, since the diverse molecular descriptors can be investigated to more
accurately predict the inhibitor potential. In this study, we present a machine learning-powered
predictive model of NF-«B inhibitors induced by TNF-o, called NFkBIn. The platform also
incorporates 2D, 3D and fingerprint descriptors with enhanced features selection algorithms,
such as SVC-L1 and RFE. The ensemble approach was the most accurate in prediction of all
the models that were developed, so the synergistic importance of multiple types of descriptors

cannot be underestimated.

Notably, the model could recognize FDA approved drugs that had known NF-xB inhibitive
activity, which is a contributing factor to its possible drug repurposing method. NFxBIn is also
offered as a webserver and as an independent tool so that, enabling users to effectively screen
larger compound libraries and create new analogs within several minutes. This resource helps

in accelerated cost-efficient discovery of drugs against NF-xB in cancer and inflammation.
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7.1 Overview and Rationale of the Thesis

Oncogenic diseases are still one of the most challenging and heterogeneous diseases with
genetic mutations, immune regulation, and dys-adjustment of signalling pathways resulting in
uncontrolled cellular proliferation. Although there has been significant progress in
experimental and clinical oncology, early diagnosis and therapeutic intervention at high
specificity remain very challenging. The traditional method of revealing biomarkers and
therapeutics is usually time-consuming, expensive, and constrained by the viability of
experiments. Computational and machine learning-based methods, in this case, provide
transformative opportunities to expedite the processes of discovery, combine vast amounts of
biological data, and inform the rational construction of diagnostic and therapeutic options.

The current thesis project is called Development of Biomolecule-Based In-Silico Models of
Cancer Diagnostics and Therapeutics and is intended to create, test, and apply effective
computational models of predicting cancer biomarkers and therapeutic candidates based on
publicly available genomic, proteomic, and chemical data. The thesis combines multiple
sources of biological data, such as transcriptomic and peptide sequencing and chemical
descriptors, with state-of-the-art feature engineering and machine learning algorithms. It is this
work that leads to the development of four distinct, although interrelated, computational
models that cover a key aspect of cancer biology each, which are biomarker discovery,
predictive therapeutic peptides, regulatory cytokine and screens of small molecule inhibitors.
Taken together, these models help to create a holistic, modular pipeline to discover biomarkers
and translate them into therapeutic programs in the field of oncology.

7.2 Major Scientific Contributions of the Thesis

The initial section of this thesis focuses on the discovery of biomarkers in prostate cancer which
is one of the most common malignancies in males all over the world. With the assistance of
gene expression data on The Cancer Genome Atlas (TCGA-PRAD) cohort, an in-silico pipeline
was constructed to discover that could be used to distinguish tumor samples and normal tissue
using discriminative gene signatures. To construct the predictive models to be used in the
classification, a combination of statistical filtering, feature selection, and supervised learning
was used. To increase the strength and biological relevance of the model, a novel feature
selection method was suggested to be based on the propensity index. The discriminative power
of each gene is quantitatively assessed by this approach and this approach resulted in the

discovery of a small ten-gene biomarker panel, which showed a high predictive validity. The
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last classification model has been in excellent performance in cross-validation as well as in
independent testing which indicates that it is generalizable. The identified genes are associated
with the previously known prostate cancer-related pathways related to androgen signalling,
apoptosis, and cellular proliferation, which supports their biological validity. This paper
illustrates how integrative methods of transcriptomic and computational analysis could be used
to better come up with clinically useful biomarkers that can be used as an addition or a
supplement to the current diagnostic techniques including the PSA (KLK3) test. The resultant
gene panel offers a bright future on non-invasive prostate cancer screening and risk

stratification.

The second part of the thesis highlights the relevance of therapeutic peptide by creation of a
manually curated repository of therapeutic peptides and proteins (ThPdb2) and a predictive
framework, ThPPred, that would identify potential therapeutic peptides and proteins, using
global and sequence-derived feature engineering. The new version of ThPdb is called ThPdb2
and is an improvement of its predecessor (ThPdb, 2017). It lists 894 approved therapeutic
peptides and proteins approved by FDA and more than 5,500 records containing
physicochemical properties, pharmacological categories, routes of administration and
molecular annotations. The data curation procedure combined several open sources and hand
checked the records to verify the accuracy and consistency. To supplement this repository,
ThPPred model was designed as classification system by using machine learning that was able
to differentiate between therapeutic and non-therapeutic peptides/proteins in water. The
predictor makes use of sequence compilation characteristics, motif insight, and pattern
signified depictors to educate ensemble classifiers. The model was strongly supported by deep
cross-validation and external testing which confirmed the efficiency and predictability of the
model. ThPdb2 and ThPPred fill an important gap in the peptide therapeutics field by offering
a bi-fold platform-data repository system, prediction system-that is open to the scientific
community through a webserver and GitHub repository. This framework simplifies the process
of discovering and ranking of peptides as drug discovery, thus saving time and cost involved

in the experimental screening.

The third section of this work is based on immune modulation which targets Interleukin-13
(IL-13) which is a cytokine in the development of cancers, allergic responses as well as chronic
inflammation. The IL-13 dysregulation affects the tumor microenvironment and immune
evasion processes; therefore, 1L-13 signalling is an effective therapeutic target. A predictive

IL-13 in-silico model IL13Pred was designed based on experimentally verified data of Immune
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Epitope Database (IEDB). The data was comprised of experimentally validated IL-13-
inducing, and non-inducing peptides of human hosts. Compositional and positional analysis
showed that there were specific preferences of the amino acids in strategic positions, which
informed the design of features and model formation. Several machine learning models such
as the Random Forest, Extra Trees, and Support Vector Machine have been tested. The
resultant best model was very precise and recalling, which was confirmed by a rigorous cross-
validation and independent testing. Besides predictive modelling, the motif analysis with
MERCI detected specific sequence motifs that 1L-13 inducers share, which makes the results
easier to interpret. The IL13Pred webserver provides the ability to screen peptides based on
their ability to cause IL-13, which is then used in vaccine design, immunotherapy and the study
of cytokine modulation. The model was applied in screen immunogenic peptides of the SARS-
CoV-2 proteome as a case study, and it proved to be useful in practice with the identification

of cytokine-associated epitopes in the context of viral pathogenesis and immunogenicity.

The last part of this thesis aims at exploring small molecule screening which determines the
potential inhibitors of the Nuclear Factor Kappa B (NF-xB) which is a master transcription
factor that controls the genes related to inflammation, immunity and oncogenesis. NF-kB is an
aberrant induced activation in many cancers, including chronic inflammatory-driven cancers.
The paper presents NF«xBIn, a machine learning-based system that can be used to screen and
rank NF-«xB inhibitors virtually by using experimentally valid experimental data on PubChem
BioAssays. The data set included small molecules that were labeled on the basis of their
inhibitory property against the action of NF-«xB triggered by TNF-a. Molecular descriptors and
fingerprints were calculated with PaDEL software and different strategies of feature selection
were employed to narrow down on the set of descriptors. A number of classifiers were trained
and benchmarked, such as the Random Forest, Logistic Regression, and XGBoost. The
optimized model had high accuracy and AUC values and was highly discriminative, which

makes it a reliable model in terms of the use of virtual screening.

There was also independent test set and external case study validation of the performance,
which has the potential to fast-track early-stage drug discovery. The NF«kBIn system is a
computing service enabling the screening of large chemical libraries in a short period of time
to discover hits as NF-xB inhibitors and which is a complement to high-throughput

experiments.
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7.3 Integrated Contributions and Applications

Combined, the four computational models that are introduced in the present thesis form a
unified and scalable pipeline to cancer research, incorporating multi-domain biological data,
I.e. gene expression to peptides and small molecules. All modules are independent, but used as
a concept with each other to fill in the gap between raw biological data and applications in
translational research. The prostate cancer prognosis model expands diagnostics using
transcriptomic profiling; ThPdb2 and ThPPred are used to screen and identify therapeutic
peptides, IL13Pred is used to screen and discover immunomodulatory peptides, and NFxBIn
is used to assist in rational small molecule inhibitors. All these tools are illustrations of machine
learning and data-based modelling in revolutionizing the systems biology of cancer and

personalized medicine.

The uses of the tools that have been created in this paper are set to be spread in various fields
within the biomedical and pharmaceutical research. Transcriptomic data in public repositories
(including TCGA and GEO) can be used with the prostate cancer biomarker model to diagnose,
sub-type, and predict prognosis of other types of cancer early in life. The ThPPred platform
offers a feasible platform where peptide libraries are screened in-silico to find therapeutically
relevant peptides, and as such, it adds to peptide-based drug design and repurposing. Equally
IL13Pred can be used to identify peptides that can regulate the response of cytokines, which is
applicable to the design of vaccines, immunotherapy, and insight into tumor
microenvironments mediated by cytokines. In contrast, the NFkBIn tool is useful in high-
throughput screening of small molecules to determine the NF-«xB inhibitors, which is a valuable
part of anti-inflammatory and anticancer drug discovery programs. In addition, the
computational models and web-based tools are useful educational and research resources,
which will encourage the use of the machine learning techniques in the circles of biological

and pharmaceutical research.
7.4 Future Scope and Concluding Remarks

The future of this study falls in a number of directions that would elaborate and improve the
derived computational frameworks. A potential direction of improvement is the combination
of multi-omics data, including proteomic, epigenomic, and metabolomic data to create a more
detailed picture of cancer biology. Deep learning architectures, including convolutional,
recurrent, and graph neural networks, may also be the key to improving the predictive model

accuracy and generalization, especially in situations involving intricate biological interactions
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and 3D molecular structures. The machine learning model can be combined with structural
bioinformatics methods such as molecular dynamics simulations and molecular docking to
confirm the accuracy of predicted peptide and ligand-binding effects at the atomic scale,
enhancing the accuracy of in-silico predictions. The other important direction is to make these
predictive frameworks applicable in personalized medicine, where a personalized approach of
identifying biomarkers and therapeutic agents can be done based on the individual needs of a
patient, using personalized molecular profiles. Last, it is possible to increase partnerships with
experimental laboratories to empirically validate the computational predictions which would
significantly increase the translational relevance of such findings and reduce the gap between

in-silico discovery and clinical application.

Overall, this thesis illustrates how computational modelling with machine learning can be used
to speed up the discovery of biomarkers and the design of therapeutics in the field of oncology.
Four independent but interconnecting tools were created and proven using the systematic
combination of biological information and algorithmic innovation: transcriptomic biomarkers,
peptide therapeutics, immune modulators, and small molecule inhibitors. The contributions do
not only develop the discipline of computational cancer biology, but also make the resources
available to the rest of the scientific community. The frameworks developed herein are the
foundation of the future of explainable artificial intelligence, systems immunology, and
precision cancer therapeutics, which is a step in the direction of data-driven, personalized

medicine.
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