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Abstract

Personalized medicine is revolutionizing modern healthcare by customizing treatment plans to match
an individual’s genetic makeup, protein expression, and metabolic characteristics. Also referred to as
precision medicine, this approach seeks to improve therapeutic outcomes, reduce adverse effects, and
make efficient use of healthcare resources. The incorporation of various omics technologies — including
genomics, proteomics, transcriptomics, metabolomics, and epigenomics — has greatly advanced our
ability to understand disease biology and molecular variations specific to each patient. Proteoformics
has emerged as a powerful tool to explore protein diversity and identify new therapeutic targets,
especially in complex diseases like cancer and neurodegenerative disorders. Artificial intelligence (A1),
especially through machine learning and deep learning techniques, significantly speeds up drug
discovery by enabling virtual screening, molecular docking, and predictive modeling. In parallel, 3D
printing enhances personalized healthcare by facilitating the development of customized drug delivery
systems and patient-specific medical devices. Additionally, pharmacogenomics offers valuable
information on individual variations in drug response, contributing to safer and more precise
therapeutic strategies. Multi-omics data integration is advancing precision oncology and aiding in
early disease detection, treatment optimization, and biomarker identification. Despite challenges, such
as data privacy, regulatory barriers, and limited access, the synergy between Al and biomedical science
is redefining the future of targeted therapy. This review highlights the interdisciplinary innovations
driving personalized medicine and demonstrates how these technologies collectively pave the way for
a new era of individualized and efficient healthcare.
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INTRODUCTION

Personalized medicine (PM) — also called precision medicine — custom-fits prevention and therapy
to each patient’s genetic, environmental and lifestyle profile [1]. Rapid advances in multi-omics —
genomics, proteomics, transcriptomics, metabolomics and epigenomics — now uncover disease-driving
biomarkers and actionable targets across cancer, neurological and metabolic disorders [2].
High-throughput next-generation sequencing (NGS) dominates routine analysis, while long-read
platforms, such as PacBio and Oxford Nanopore, resolve structural variants and epigenetic patterns that
short reads miss [3].
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Proteomics, powered by high-resolution mass spectrometry, maps post-translational modifications
and protein networks, sharpening disease stratification; neuroproteomics extends these insights to
neurodegenerative and psychiatric conditions [6]. Integrating genomic, transcriptomic, proteomic and
metabolomic layers through sophisticated bioinformatics is replacing empirical protocols with
data-driven interventions that democratize care by revealing population-specific risks and therapeutic
windows. Robust cloud platforms and federated-learning consortia are lowering analytic costs and
widening global participation, while shared, anonymized biobanks and open-source pipelines accelerate
biomarker validation and therapeutic discovery, fostering collaboration among academia, industry and
public-health agencies [7].

In oncology, PM confronts tumor heterogeneity through clonal dissection and single-cell
transcriptomics, guiding personalized drug cocktails and adaptive dosing strategies [8]. Computational
biology and Al further enhance image-based diagnostics, model disease progression and prioritize novel
anticancer compounds, while accelerated biomarker discovery and integrated cancer bioinformatics
support earlier detection and individualized therapy choices [9, 10].

Nevertheless, widespread adoption demands stringent data-privacy safeguards, harmonized
regulatory frameworks and equitable access to cutting-edge technologies [11]. Emerging modalities—
including gene editing, nanomedicine, bioconjugates and Al-driven therapeutic design—promise to
broaden the reach and impact of personalized interventions, steering healthcare toward a truly
precision-driven future [12].

MATERIALS
Personalized Medicine

Personalized medicine has emerged as a transformative approach in the 21st century, moving away
from standardized diagnostics and treatments. Enabled by advances in gene sequencing, big data, and
bioinformatics, it focuses on identifying disease-specific biomarkers through genomics, proteomics,
and other omics technologies. This method allows precise disease classification, prediction of individual
susceptibility, and tailored therapies. By analyzing each patient’s unique molecular profile, personalized
medicine enhances treatment effectiveness, minimizes side effects, and reduces drug waste. As
technology evolves, this model promises improved diagnosis, prevention, and management of diseases,
offering more effective and individualized healthcare solutions. Drug response varies widely among
individuals due to multiple factors. Often, treatments target symptoms rather than the disease’s root
cause, which may be unknown or poorly understood. Additional factors include drug interactions,
disease evolution, and poor medication adherence. Differences in genetics among racial or ethnic
groups also influence drug efficacy and adverse reactions. These challenges have driven interest in
personalized drug therapy, which integrates genomic, proteomic, and metabolomic data to tailor
treatment. By aligning therapies with a patient’s genetic makeup and environment, this approach
enhances drug effectiveness, minimizes side effects, and supports the broader goal of achieving truly
personalized medicine.

Proteomics

Proteoform and proteoformics are central to understanding protein diversity. Introduced in 2012 by
Smith and Kelleher, the term “proteoform” refers to all molecular forms of proteins from a single gene.
This diversity arises from genomic variations, RNA processing, and posttranslational modifications.
Methods, such as two-dimensional gel electrophoresis and mass spectrometry, are instrumental in
identifying and analyzing proteoforms. In 2023, Zhan et al. proposed “proteoformics” to study
proteoform composition, structure, and function using high-throughput methods. This field enhances
our understanding of protein roles in health and disease and offers new precision targets for personalized
medicine and drug therapy, advancing beyond canonical proteins toward individual-specific treatment.

Pharmacogenomics
Pharmacogenomics, rooted in 1950s research linking genes to drug responses, explores how genetic
variation influences drug efficacy and safety. As a key component of personalized medicine, it aims to
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tailor drug selection and dosage based on individual genetic profiles. This field combines pharmacology
and genomics to predict therapeutic outcomes and adverse reactions. Pharmacogenomics utilizes high-
throughput sequencing, microarray technologies, and bioinformatics tools to uncover genetic factors
that influence drug response. It also supports drug development by identifying drug targets and creating
subpopulation-specific therapies. Although genetic biomarkers are vital, integrating them with clinical
observations and other biomarkers is essential for optimal, individualized treatment strategies.

Modern Genomics-Based Personalized Drug Therapy

The advent of genomics-driven personalized drug therapy represents the third major revolution in
pharmacology, as proposed by Nobel laureate Dr. Aaron Ciechanover in 2022. This innovative strategy
emphasizes developing medications customized to an individual’s genetic profile to improve
therapeutic effectiveness and safety. Unlike traditional methods based on average responses, this model
considers genetic, metabolic, and physiological differences. By analyzing genomic, proteomic, and
metabolomic data, it allows precise drug selection and dosing. This innovation minimizes side effects,
improves outcomes, and transforms clinical practice. Eventually, prescriptions may shift from targeting
genes to targeting specific proteoforms, advancing truly individualized care and reshaping modern
medicine. Proteoformics analysis in personalized drug therapy relies on two complementary methods:
top-down mass spectrometry (TD-MS) and two-dimensional gel electrophoresis combined with MS
(2DGE-MS). TD-MS analyzes intact proteins, identifying sequences and posttranslational
modifications (PTMs), but is limited to proteins under 30 kDa due to ion suppression. 2DGE-MS
separates proteins by isoelectric point and mass, digests them into peptides, and uses MALDI-TOF or
ESI-MS for high-throughput proteoform analysis. A hybrid method, 2DE-TD-MS, shows potential but
faces purification challenges. Experimental design involves targeted or untargeted strategies, stable
isotope labeling (e.g., TMT), and requires biological replicates and statistical rigor for reliable
biomarker discovery.

The shift in the disease spectrum, driven by environmental, lifestyle, and technological changes, has
increased the prevalence of complex conditions like cancer and diabetes. Traditional treatments often
fail to address individual variability, resulting in low drug efficacy and resource waste. Personalized
drug therapy addresses this by tailoring treatments based on a patient’s genetics, metabolism, and
disease characteristics. It improves therapeutic outcomes, reduces adverse effects, optimizes drug
selection and dosing, and prevents interactions. Additionally, it accelerates drug development, enhances
resource efficiency, and advances scientific research. As a cornerstone of precision medicine,
personalized drug therapy promises safer, more effective, and individualized healthcare. Personalized
medicine and individualized drug therapy share a common goal of adapting medical care to the unique
characteristics of each patient. By analyzing genetic, physiological, and environmental factors, these
approaches help identify how a patient may respond to specific medications. Personalized drug therapy,
a core aspect of personalized medicine, focuses on selecting and adjusting treatments based on genetic
variations, metabolic capacity, and lifestyle factors. This ensures greater treatment precision, minimizes
adverse effects, and improves outcomes. Personalized medicine cannot function without personalized
drug therapy, as both works together to enhance therapeutic efficacy, reduce trial-and-error prescribing,
and provide more effective, individualized care that improves patient health and quality of life. Protein
structure modifiers are natural or synthetic compounds that alter a protein’s three-dimensional
conformation, impacting its function or stability. These agents, like ubiquitin, can bind specific regions,
inducing structural changes. They play critical roles in cellular regulation and are valuable in drug
development for targeting disease-related proteins [13].

Machine Learning (ML) Models

Machine learning (ML) models are increasingly used to predict drug responses, especially in cancer
therapy. These models utilize drug response data to train regression, classification, or ranking
algorithms. For example, DrugCell, a deep learning model, interprets cellular subsystems to predict
drug efficacy in cancer cells. ML approaches rely on high throughput screening data, incorporating gene
expression, mutations, and other omics features. Dimensionality reduction and feature selection
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improve model accuracy. Studies show that deep learning outperforms traditional models in identifying
drug sensitivity. Overall, ML models significantly contribute to personalized cancer therapy by
accurately predicting individual responses and optimizing treatment strategies. Deep learning has
revolutionized genomic analysis by uncovering complex patterns in vast genomic datasets. Its ability to
automatically extract hierarchical features makes it ideal for tasks like functional genome annotation,
predicting regulatory elements, and modeling sequence-function relationships. Deep learning models,
such as convolutional and recurrent neural networks, can handle multimodal and heterogeneous
genomic data, aiding in virus integration prediction, binding site identification, and synthetic sequence
generation. These models facilitate novel biological discoveries and hypothesis generation. As genomic
data rapidly grows, deep learning continues to transform genomics, offering powerful tools for precision
medicine, gene-disease association studies, and drug response prediction [14].

DATA ANALYSIS

Exploring the integration of Machine Learning (ML) and Natural Language Processing (NLP) in
pharmaceutical analytics, using a dataset of over 11,000 drug records from an online pharmacy.
Advanced models, including BERT embeddings and TF-IDF with cosine similarity, were applied to
process unstructured medical text and improve drug recommendation accuracy. The system achieved a
97% accuracy rate in predicting suitable treatments. Synthetic queries simulated real-world use, testing
model robustness. This approach highlights ML and NLP’s potential to enhance drug development,
patient care, and personalized medicine, laying a strong foundation for scalable, data-driven healthcare
innovations [15].

Biomarkers

Biomarkers play a critical role in medicine and are increasingly vital in drug discovery and
development, enabling earlier and more accurate assessment of drug safety and efficacy. Their
successful application depends on a comprehensive understanding of disease pathways, identification
of therapeutic targets, and robust validation techniques. Biomarker integration should begin early in
drug development and evolve continuously. A multidisciplinary, team-based approach — leveraging
fields, like pharmacogenomics, proteomics, and modeling — is essential for optimizing their application.
To maximize impact, all stakeholders, including researchers, regulators, and clinicians, must collaborate
and communicate effectively. This ensures biomarkers become fully integrated into both drug
development pipelines and clinical medical practice [16].

Treatment Targets

Targeted drug development in Eastern Asia thrives, driven by innovation, personalized medicine,
clinical trials, and strong government-industry collaboration. Lung cancer remains the leading cause of
cancer deaths globally, with Eastern Asia accounting for nearly half of all cases and deaths. Precision
medicine, particularly targeted therapy, is transforming treatment, though access varies. Eastern Asia is
advancing through national initiatives, despite regulatory and economic challenges compared to
Western nations [17]. Peptide-based drug development thrives through interdisciplinary innovation,
enhancing design, delivery, and diagnostics for conditions like cancer, diabetes, and rare diseases.
Peptide drugs have emerged as a powerful therapeutic class since the introduction of insulin in 1922.
They combine the potency of biology with drug-like properties such as low toxicity, high specificity,
and cost-effective manufacturing. Innovations, like solid-phase synthesis and rational design, have
enabled scalable production and improved bioavailability. Recent approvals, including semaglutide and
tirzepatide, show their expanding role in treating diabetes, obesity, and cancer. Peptides are also
advancing diagnostics and vaccines, with over 200 trials ongoing. Despite challenges, like rapid
clearance, advancements in oral delivery systems and conjugates, are overcoming barriers, solidifying
peptides’ future in personalized medicine and precision therapeutics [18].

Three-Dimensional (3D) Printing
3D printing enhances personalized cancer treatment by enabling precise, patient-specific drug
delivery, tumor modeling, and custom therapeutic devices for better outcomes [19]. Revealing the

© STM Journals 2025. All Rights Reserved 22



Research & Reviews: A Journal of Drug Design & Discovery
Volume 12, Issue 3
ISSN: 2349-9036

growing role of 3D printing in healthcare, particularly in personalized medicine, tissue engineering, and
medical devices, it highlights innovations such as customized drug delivery systems, patient-specific
implants, and organ biofabrication. 3D printing enables precise dosing and targeted therapy using
biocompatible materials, enhancing treatment outcomes and supporting regenerative medicine. The
integration of nanotechnology further improves drug delivery and biocompatibility. Technology offers
sustainability through efficient material use and recycling. While transformative, widespread adoption
requires addressing challenges in material biocompatibility, regulatory standards, and ethics. Overall,
3D printing promotes a patient-centric, cost-effective, and customizable approach to modern healthcare
[20].

Al-Powered Drug Discovery Techniques Such As Molecular Modeling, Virtual Screening

The process of discovering new drugs is time-consuming and expensive, typically spanning more
than ten years. Artificial intelligence (Al) is revolutionizing this landscape by expediting key stages
such as target identification, molecular modeling, and drug repurpose. Advanced Al techniques — like
deep learning and generative algorithms — enable the analysis of extensive biological data to forecast
drug-target interactions and refine potential lead compounds. Prominent examples include AlphaFold
for protein structure prediction and BenevolentAl’s COVID-19 drug identification. Al also supports
personalized medicine by tailoring therapies to genetic profiles. Despite its promise, challenges, like
data bias, regulatory issues, and lack of model transparency, remain. Future efforts should prioritize
explainable Al, standardized datasets, and improved integration with computational biology [21].

Al-Driven Clinical Trials

Artificial intelligence (Al), particularly machine learning (ML), has brought transformative changes
to drug discovery by bridging the gap between disease insights and the identification of promising
therapeutic candidates. Traditional drug development is a lengthy and costly process, often exceeding
15 years and requiring investments of $1-2 billion per approved drug. Despite such efforts, nearly 90%
of drug candidates fail during or after phase-I clinical trials. To address this, various ML techniques —
including deep learning (DL), Bayesian networks (BN), random forests (RF), clustering methods, and
support vector machines (SVM) — are increasingly employed to streamline and enhance drug
development and trial outcomes. These algorithms can predict macrosystem properties with high
accuracy while incurring low computational costs. ML models process and analyze large amounts of
data in tasks such as clinical imaging, virtual screening (VS), and bioactivity predictions. Al- and ML-
based computational modeling has significantly expanded the capabilities of modern drug discovery.
These technologies now support a wide range of applications, including the identification of chemical
compounds and biological targets, peptide synthesis, toxicity prediction, and assessment of
physicochemical properties. Additionally, they are instrumental in evaluating drug efficacy, predicting
bioactive molecules, analyzing protein—protein interactions, and identifying protein folding and
misfolding patterns. Techniques, like ligand-based virtual screening (LBVS), structure-based virtual
screening (SBVS), QSAR modeling, and drug repurpose, have also been enhanced through Al. Machine
learning algorithms accelerate lead compound selection from vast chemical libraries and help address
toxicity concerns from off-target effects. Al models are increasingly applied to optimize dosage
regimens, offering promising tools for both LBVS and SBVS approaches. The development of Al-
driven platforms and online tools continues to evolve, supporting various stages of drug development
— from disease target identification and computational screening to toxicity prediction, gene-editing
support, and personalized dosing strategies. Overall, Al holds immense potential to transform the drug
discovery process by increasing efficiency, precision, and success rates [22].

Precision medicine, or Personalized Medicine

Cancer’s heterogeneity makes conventional treatments less effective, necessitating a shift toward
precision medicine. This approach tailors’ therapies to each patient’s unique molecular and genetic
tumor profile, enhancing treatment efficacy and minimizing side effects. Technological advancements
in next-generation sequencing, liquid biopsy techniques, and multi-omics approaches have facilitated
the discovery of clinically relevant biomarkers and therapeutic targets. Targeted therapies, like HER2
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and EGFR inhibitors along with immune checkpoint inhibitors, have improved outcomes in difficult
cancers. Despite progress, challenges remain, including genetic variability, tumor evolution, and cost.
Emerging tools, like artificial intelligence and systems biology, promise more accurate, personalized
care through integrated, data-driven strategies. The drug development process traditionally begins with
extensive preclinical studies in laboratory settings and animal models to evaluate safety, efficacy,
pharmacokinetics, and toxicity before advancing clinical trials in humans. Integrating artificial
intelligence (AI), machine learning (ML), and precision medicine (PM) is transforming this landscape
by improving the accuracy of safety and efficacy predictions while tailoring treatments to individual
patient profiles. Precision medicine enhances our understanding of disease mechanisms, allowing for
more targeted therapies. Meanwhile, Al leverages large-scale omics data to identify novel drug targets,
refine compound structures, and streamline clinical trial design. The synergy between Al and PM
accelerates therapeutic innovation and facilitates drug repurposing. Traditionally, drug discovery has
relied on screening large collections of natural products, known chemical entities, or libraries of
biomolecules like peptides and nucleic acids. This screening process involves a series of rigorous
assessments to determine the selectivity and therapeutic potential of candidate compounds based on
specific medical goals. The process of discovering new drugs involves the search for either a small
molecule or a large biomolecule that can potentially be used as a therapeutic drug after a thorough
analysis.

The current methods in drug discovery have limitations, such as the time-consuming and expensive
process, that typically takes over a decade, scientific and regulatory uncertainties, and the need for a
more extended review process for minor improvements. Integrating artificial intelligence with precision
medicine can greatly enhance drug development by improving the accuracy of efficacy and safety
predictions and by refining personalized treatment strategies [23].

FDA-Approved Treatments

Exploring the development of drugs for Non-Small Cell Lung Cancer (NSCLC) over the past four
decades, emphasizing mechanisms of action and early detection biomarkers. Cisplatin remains a
cornerstone treatment, often used with targeted therapies, despite ongoing challenges in improving
survival rates. Lung cancer, the foremost cause of cancer-related mortality worldwide, is driven by a
combination of genetic, epigenetic, and environmental influences. Diagnostic techniques range from
imaging to biopsies. While diagnostic methods and understanding of mutations have advanced,
treatment remains a focus area. New strategies, including humanized antibodies and precision medicine,
aim to personalize care based on tumor stage and molecular characteristics [24].

The continued outbreaks of MERS and Ebola highlight the critical need for effective and approved
therapeutic interventions. MERS-CoV caused 487 deaths from 1,368 infections (2012-2015), while
Ebola led to 11,276 deaths from 27,678 cases (2014-2015). No approved therapies exist either. High-
throughput screening (HTS) of FDA-approved drugs has identified candidates with antiviral activity.
Techniques, like flow cytometry, RT-PCR, and viral titer assays, help pinpoint drugs that inhibit viral
entry and replication. Pseudotyped virus fusion assays further aid discovery. In 2014, 27 promising
compounds were identified, with two offering protection in SARS-CoV models. Ongoing studies aim
to ensure efficacy and immune safety through detailed immune profiling [25].

Omics Technologies

Advancing technologies that enable personalized cancer treatment, including Deoxyribonucleic Acid
(DNA) sequencing, Reverse Transcription-Polymerase Chain Reaction (RT-PCR), and laboratory-
based models. Cancer’s heterogeneity leads to varied responses to antitumor drugs, making
individualized approaches essential. Genetic analysis of both tumor and healthy cells offers insights
into treatment response and disease mechanisms. Technologies, like Fluorescence in Situ Hybridization
(FISH), Polymerase Chain Reaction (PCR), and Next-Generation Sequencing (NGS), help identify
genetic and epigenetic changes, guiding tailored therapies. Pharmacogenomics (PGx) further aids in
understanding drug metabolism and adverse reactions. The evolution of genetic testing — from Sanger
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sequencing to platforms, like Drug Metabolizing Enzymes and Transporters (DMET™) — has made
personalized medicine increasingly practical, enhancing treatment efficacy while minimizing harmful
side effects in clinical oncology [26].

Rapid and accurate diagnosis of rare diseases is vital for effective clinical management. This review
explores how integrating multi-omics technologies — genomics, epigenomics, transcriptomics,
proteomics, and metabolomics — can overcome diagnostic challenges. These approaches improve
detection of pathogenic variants and reveal molecular mechanisms, advancing precision medicine.
Genomic tools, like whole exome sequencing (WES) and whole genome sequencing (WGS), now serve
as first-line diagnostics, outperforming traditional methods in identifying rare genetic disorders. Rapid
WES/WGS enhances newborn screening by increasing accuracy and reducing false positives.
Incorporating multi-omics into clinical practice can personalize care, reduce diagnostic delays, and
improve outcomes for patients with rare genetic conditions [27].

Transcriptomics

Transcriptome profiling has become essential in oncology, offering prognostic and predictive insights
for cancer diagnosis and treatment. Advanced technologies, like next-generation sequencing, help
identify cancer biomarkers, gene signatures, and altered gene expression patterns, aiding targeted
therapy development. Transcriptomics shifts cancer understanding from traditional classifications to
molecular-based approaches, promoting personalized medicine. It provides a snapshot of gene activity,
reflecting cell state, genome regulation, and transcript modifications. As a bridge between genetic
alterations and cellular behavior, the transcriptome links genotype to phenotype. With further
advancements, transcriptome profiling could become standardized and cost-effective, driving progress
in precision oncology and transforming modern cancer care [28].

Epigenomics

Epigenetics involves the study of heritable yet reversible changes in chromatin structure that
influence gene expression without altering the DNA sequence. This field is gaining prominence in
personalized medicine due to its ability to capture individual cellular states influenced by development
and environmental exposures. Epigenetic profiles are cell-type specific and dynamic, making them
powerful indicators of disease and therapeutic response. Current research explores epigenetic
biomarkers for diagnosis and treatment, as well as drugs that target these regulatory mechanisms.
Although existing epigenetic therapies often lack specificity, future advancements in locus-specific
modifiers and targeted biomarker identification may lead to more precise therapeutic strategies [29].

Sanger Sequencing and Personalized Medicine

Personalized sequencing, including methods, like Sanger sequencing, offers promising applications
in precision healthcare — particularly in oncology and pharmacogenomics. Sequencing the genomes of
healthy individuals is also being explored for preventive care and early risk detection. However,
interpreting variants of uncertain significance remains a challenge that must be addressed to fully realize
clinical benefits. Despite its recent introduction into routine clinical use, personalized sequencing is
already advancing disease discovery, diagnosis, and treatment monitoring. It supports earlier, more
accurate identification of disease susceptibility and recurrence, and helps guide personalized therapeutic
interventions. As technology continues to evolve, its influence on the future of medicine is expected to
grow substantially [30].

PacBio

The PacBio RS II, a Third Generation Sequencer (TGS), generates single-molecule long reads that
enable advanced quasispecies-level profiling of HIV drug resistance mutations (HDRMs). This method
offers higher detection sensitivity and more comprehensive insights than traditional Sanger or Next-
Generation Sequencing (NGS) technologies. HIV’s high mutation rate produces diverse quasispecies,
some of which develop resistance under antiretroviral therapy. Accurate HDRM profiling guides
personalized treatment plans. While Single Genome Analysis (SGA) offers quasispecies resolution, it
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is low-throughput and impractical. PacBio overcomes these limitations, making it a promising tool for
HIV research and drug resistance monitoring in clinical and research settings [31].

Oxford Nanopore

Exploring the development, principles, and clinical utility of nanopore sequencing in detecting
pulmonary pathogens. Nanopore sequencing enables rapid, accurate identification of viruses, bacteria,
fungi, tuberculosis, and atypical pathogens, even in mixed infections. It supports metagenomic analysis,
allowing unbiased detection of all pathogens and antimicrobial resistance markers, aiding targeted
therapy. As a third-generation sequencing technology, it sequences DNA/RNA molecules directly
without amplification. Platforms, like MinlON and PromethION, offer real-time data with long read
lengths. Despite its high error rate and operational complexity, nanopore sequencing holds great
promise for clinical diagnostics and improving infectious disease management, especially in complex
pulmonary infections [32].

Neuroproteomics

The rise of personalized medicine has driven the development of pharmacogenomics, bringing
tailored medical decisions into clinical practice. However, proteomics — especially neuroproteomics —
remains in its early stages despite its vast potential. Neuroproteomics offers insights into the molecular
mechanisms of neurodegenerative diseases and neurotrauma, enabling the discovery of novel
biomarkers, diagnostics, and targeted neurotherapies. It also contributes to defining a unique “proteome
identity” for patients, supporting personalized treatment strategies. Though promising, proteomics
research faces challenges related to technology and instrumentation. Nevertheless, it is anticipated to
play a leading role in the future of personalized medicine, particularly in Alzheimer’s disease and brain
injury care (Figures 1 and 2) [33].

Tumor Heterogeneity

Uveal cancer (UM) is a rare, complex ocular malignancy with significant genetic and epigenetic
heterogeneity. This heterogeneity affects the behavior and response to treatment for this rare disease.
Gene-targeted therapies hold potential for overcoming radiation resistance in uveal melanoma (UM);
however, the disease’s molecular heterogeneity demands a personalized therapeutic approach. Liquid
biopsy techniques — such as the analysis of circulating tumor cells (CTCs) and circulating tumor DNA
(ctDNA) — are emerging as valuable, non-invasive tools for early detection and disease monitoring.
These methods can assist in tailoring treatment strategies to individual patients. A novel advancement
in this area is single-cell analysis, which offers precise insights into diagnosis, prognosis, and
therapeutic outcomes. While local treatment innovations for primary UM have shown clinical success,
the prognosis for metastatic cases remains grim, with 5-year survival rates still very low. Post-diagnosis
screening for metastases — typically focusing on the liver — uses imaging modalities, such as ultrasound
and MRI, along with liver function assessments. Unfortunately, metastatic UM is often fatal, with most
patients surviving only one to two years after metastasis detection (Tables 1 and 2) [34].

METHOD
Gene Sequencing, Big Data, and Bioinformatics for Drug Development
Example: Olaparib — a PARP inhibitor for BRCA-mutated cancers.

Component Role in Drug Development

Gene Sequencing |Patients are screened using next-generation sequencing (NGS) to detect BRCA1/BRCA2
mutations, which impair DNA repair mechanisms.

Big Data Clinical and genomic data from thousands of breasts and ovarian cancer patients help identify
responders to PARP inhibition and refine treatment strategies across populations.

Bioinformatics ~ |Algorithms analyze sequencing data to confirm deleterious BRCA mutations, predict drug
sensitivity, and track acquired resistance during treatment.
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Example: Pembrolizumab (Keytruda) — immunotherapy targeting PD-1.

Component Role in Drug Development
Gene Tumors are analyzed for PD-L1 expression, MSI-H (microsatellite instability-high), and TMB (tumor
Sequencing mutational burden) using NGS panels.

Table 1. Olaparib vs. Pembrolizumab.

Aspect Olaparib (Lynparza) Pembrolizumab (Keytruda)

Drug Class PARP Inhibitor Immune Checkpoint Inhibitor (anti—PD-1)

Targeted Genetic| BRCA1/BRCA2 mutation PD-L1 expression, MSI-H, TMB-high

Marker

Sequencing Role NGS detects BRCA mutations in tumors or|NGS assesses MSI status and TMB; IHC for PD-
germline DNA L1

Bioinformatics Role |Variant calling, mutation impact analysis,|Immune profiling, mutation burden analysis,
resistance monitoring predictive biomarker algorithms

Big Data Application|Population studies on BRCA-mutated|Aggregated immunogenomic data supports
cancers guide drug approval tumor-agnostic indications

Approved BRCA-mutated breast, ovarian, prostate,(NSCLC, melanoma, MSI-H colorectal cancer,

Indications pancreatic cancer TMB-high solid tumors

Companion BRACAnalysis CDx, FoundationOne CDx |FoundationOne CDx, PD-L1 IHC 22C3 pharmDx

Diagnostics

Mechanism of Action|Exploits synthetic lethality by inhibiting|Reactivates T-cell activity by blocking PD-1
DNA repair interaction

PARP INHIBITOR MODEL: OLAPARIB (LYNPARZA)
Mechanistic Model (Simplified)

BRCA1/2 Mutation — Defective Homologous Recombination DNA Repair

!
1 DNA Damage in Cancer Cells

1
+ Olaparib (PARP Inhibitor)

l

Inhibition of Base Excision Repair Pathway

l
Synthetic Lethality — Cancer Cell Death

Explanation

In BRCA-mutated cells, the DNA repair pathway (homologous recombination) is impaired. Olaparib
inhibits PARP enzymes, blocking base excision repair. The coexistence of both defects induces
synthetic lethality, leading to the selective elimination of cancer cells while leaving healthy cells
unaffected.

IMMUNE CHECKPOINT INHIBITOR MODEL: PEMBROLIZUMAB (KEYTRUDA)
Immune Activation Model (Simplified)

Tumor Cell Expresses PD-L1 — Binds to PD-1 on T Cells
!

T Cell Inhibition (Immune Evasion)

!
+ Pembrolizumab (Anti—PD-1 Antibody)

!
Blocks PD-1/PD-L1 Interaction

Reactivates T Cells — Tumor Cell Destruction
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Explanation

Tumor cells often overexpress PD-L1 to suppress immune attack. Pembrolizumab binds to PD-1 on
T cells, preventing interaction with PD-L1. This reactivates T cells, restoring their ability to recognize
and kill cancer cells.

Table 2. Python of Comparison 2: Olaparib vs. Pembrolizumab.

import matplotlib.pyplot as plt

# Create figure and axis

fig, ax = plt.subplots(figsize=(10, 6))

ax.axis('off")

ax.set_title('Mechanistic Models: PARP Inhibitor vs. Immune Checkpoint Inhibitor', fontsize=14, weight="bold")

# Draw Olaparib (PARP Inhibitor) model

ax.text(0.1, 0.9, 'BRCA1/2 Mutation', fontsize=10, bbox=dict(boxstyle="round", facecolor="lightyellow',
edgecolor="black"))

ax.annotate(", xy=(0.25, 0.86), xytext=(0.17, 0.9), arrowprops=dict(arrowstyle="->"))

ax.text(0.25, 0.84, 't DNA Damage', fontsize=10, bbox=dict(boxstyle="round", facecolor="lavender’,
edgecolor="black'))

ax.annotate(", xy=(0.4, 0.80), xytext=(0.30, 0.84), arrowprops=dict(arrowstyle="->"))

ax.text(0.4, 0.78, '+ Olaparib (PARP Inhibitor)', fontsize=10, bbox=dict(boxstyle="round", facecolor="lightblue',
edgecolor="black"))

ax.annotate(", xy=(0.57, 0.74), xytext=(0.50, 0.78), arrowprops=dict(arrowstyle="->"))

ax.text(0.57, 0.72,'| DNA Repair (BER Blocked)', fontsize=10, bbox=dict(boxstyle="round", facecolor="mistyrose',
edgecolor="black"))

ax.annotate(", xy=(0.72, 0.68), xytext=(0.67, 0.72), arrowprops=dict(arrowstyle="->"))

ax.text(0.72, 0.66, 'Synthetic Lethality — Cell Death', fontsize=10, bbox=dict(boxstyle="round",
facecolor="lightgreen', edgecolor="black"))

# Draw Pembrolizumab (PD-1 Inhibitor) model

ax.text(0.1, 0.48, 'Tumor Cell: PD-L1 Expression', fontsize=10, bbox=dict(boxstyle="round", facecolor="lightyellow',
edgecolor="black"))

ax.annotate(", xy=(0.3, 0.44), xytext=(0.22, 0.48), arrowprops=dict(arrowstyle="->"))

ax.text(0.3, 0.42, 'PD-1 Binding — T Cell Inhibition', fontsize=10, bbox=dict(boxstyle="round", facecolor="lavender',
edgecolor="black’))

ax.annotate(", xy=(0.53, 0.38), xytext=(0.43, 0.42), arrowprops=dict(arrowstyle="->"))

ax.text(0.53, 0.36, '+ Pembrolizumab (Anti—PD-1)', fontsize=10, bbox=dict(boxstyle="round", facecolor="lightblue',
edgecolor="black’))

ax.annotate(", xy=(0.73, 0.32), xytext=(0.63, 0.36), arrowprops=dict(arrowstyle="->"))

ax.text(0.73, 0.30, 'Blocks PD-1/PD-L1 — Reactivates T Cells', fontsize=10, bbox=dict(boxstyle="round",
facecolor="lightgreen', edgecolor="black’"))

# Save diagram

image path ="/mnt/data/parp _vs pdl mechanism_diagram.png"
plt.savefig(image path, bbox inches='"tight')

plt.close()

image path

BRCA1/2_Mutation
t DNA Damage

+ Olaparib (PARP Inhibitor)]
1 DNA Repair (BER Blocked)]

Synthetic Lethality - Cell Death]

[Tumor Cell: PR-L1 Expression]
PD-1 Binding T Cell Inhibition]

+ Pembrolizumab (Anti-PD-1))
Blocks PD-1/PD-L1 — Reactivates T Cells]

Figure 1. Mechanistic models: PARP inhibitor vs. immune checkpoint inhibitor.
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>{_ Protein (BACE1)
X Ligand (Verubecestat)

Figure 2. Docking visualization: BACE 1 and verubecestat.

Target Identification and Validation
Example

Target — Epidermal Growth Factor Receptor (EGFR) in Non-Small Cell Lung Cancer (NSCLC).

Target Identification

Biological Molecule: EGFR (Epidermal Growth Factor Receptor): EGFR is a transmembrane
receptor belonging to the tyrosine kinase family, playing a vital role in controlling cell growth,
survival, and differentiation. Its overexpression or mutation is commonly associated with several
cancers, especially non-small cell lung cancer (NSCLC).

Target Validation

Experimental Evidence: Mutations in the EGFR gene (e.g., L858R, exon 19 deletions) lead to
constitutive activation of the receptor, driving uncontrolled cellular proliferation. Experimental
studies have demonstrated that NSCLC cells harboring these mutations exhibit heightened
sensitivity to EGFR tyrosine kinase inhibitors (TKIs) such as gefitinib and erlotinib.
Literature-Based Evidence: Multiple clinical studies (e.g., IPASS, EURTAC trials) have
demonstrated improved progression-free survival in NSCLC patients harboring EGFR mutations
when treated with EGFR TKIs, validating its role as a therapeutic target.

ALZHEIMER’S DISEASE
Target Identification

Biological Molecule: Beta-secretase 1 (BACE]1) is an aspartic protease responsible for the initial
cleavage of amyloid precursor protein (APP), leading to the formation of beta-amyloid (AP)
peptides.

Target Validation

Experimental Evidence: BACE1 knockout mice show a drastic reduction in AP levels and amyloid
plaque formation without major developmental issues.

Literature-Based Evidence: Preclinical and early clinical trials with BACEI inhibitors (e.g.,
verubecestat) demonstrated reduced AP levels in cerebrospinal fluid, supporting BACE1’s role in
amyloid pathology.
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TYPE 2 DIABETES MELLITUS (T2DM)
o Target Identification: Biological molecule Peroxisome Proliferator-Activated Receptor Gamma
(PPAR-y) is a nuclear receptor that regulates glucose and lipid metabolism in adipose tissue.

Target Validation

o FExperimental Evidence: PPAR-y agonists (e.g., rosiglitazone, pioglitazone) enhance insulin
sensitivity in animal models.

e Literature-Based Evidence: Clinical trials confirmed that thiazolidinediones improve glycemic
control in T2DM patients, validating PPAR-y as a therapeutic target.

TUBERCULOSIS (TB)

o Target Identification: Biological Molecule, InhA (Enoyl-acyl carrier protein reductase) is an
essential enzyme in Mycobacterium tuberculosis involved in mycolic acid synthesis for bacterial
cell walls.

Target Validation

o FExperimental Evidence: The anti-TB drug isoniazid specifically inhibits InhA after activation by
bacterial catalase-peroxidase (KatG), leading to bacterial death.

e Literature-Based Evidence: Mutations in InhA or KatG lead to isoniazid resistance, confirming
InhA as a critical drug target in TB therapy.

ALZHEIMER’S DISEASE - BACE1

Computational Results

Molecular Docking Studies

e Tools Used: AutoDock Vina, Schrodinger Glide.
Ligand: Verubecestat.

e Result: Docking score of —9.4 kcal/mol, indicating high binding affinity of verubecestat to the
BACEI active site.

e Protein Modeling & Validation: 3D structure of BACE!1 analyzed using PDB ID: 1FKN.

Binding pocket analysis revealed conserved Asp32 and Asp228 are essential for ligand interaction.

Pathway Analysis
Using KEGG and Reactome, BACEI is confirmed as a key component in the Alzheimer’s disease
pathway (KEGG: hsa05010).

TYPE 2 DIABETES - PPAR-y

Computational Results

Molecular Docking Studies

o Tools Used: AutoDock Vina, SwissDock.

e Ligand: Rosiglitazone.

e Result: Binding energy of —11.2 kcal/mol to PPAR-y LBD (PDB ID: 2PRG).

Hydrophobic interactions with residues Cys285, Ser289, and His323 were significant.

Gene Expression Analysis
Microarray data from GEO database (e.g., GSE4098) shows PPARG upregulation in adipose tissue
in T2DM.

Pathway Mapping
Mapped via KEGG: hsa03320 (PPAR signaling pathway) showing downstream genes involved in
insulin sensitivity.
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TUBERCULOSIS - InhA

Computational Results

Molecular Docking Studies

o Tools Used: AutoDock, GOLD.

o Ligand: Activated isoniazid (INH-NAD adduct).

e Result: Docking score: —8.7 kcal/mol with InhA (PDB ID: 2H7M).

Strong hydrogen bonding observed with Ser94 and NADH cofactor site.

Resistance Mutation Mapping
Computational mutation analysis of InhA (S94A) reduces binding affinity, validating its role in drug
resistance.

Pathway Analysis

Mapped to KEGG: mtu00550 (Mycolic acid biosynthesis), placing InhA at the core of TB
metabolism. Complete example of a molecular docking setup using AutoDock Vina, with BACE1 (PDB
ID: 27ZJV) and Verubecestat as the ligand.

Step-by-Step: AutoDock Vina Docking Example
Prepare Target Protein (BACEI)

PDB File: Download 2ZJV.pdb from RCSB PDB.
Remove water molecules.

Add hydrogen and charges using AutoDock Tools (ADT).
Save as bacel.pdbqt.

Prepare Ligand (Verubecestat)

Download 3D structure from PubChem (CID: 46224516).
Convert SDF/MOL to PDB using Open Babel.

Optimize geometry (optional).

Add charges and torsions using ADT.

Save as verubecestat.pdbqt.

Create Configuration File (conf.txt)
receptor = bacel.pdbqt

ligand = verubecestat.pdbqt
center x=17.0

center y=19.0

center z=26.0

size x =20
size_ y =20
size z=20

out = output bacel verubecestat.pdbqt
log = docking log.txt

exhaustiveness = 8

Run AutoDock Vina

bash

vina --config conf.txt

Expected Output

text

mode | affinity (kcal/mol) | RMSD L.b. | RMSD u.b.
..... + + +
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1-9.6 0.000 0.000
2-8923113.823
3-8.53.6525.292

The best pose is -9.6 kcal/mol, showing strong binding to BACEIl’s active site.
To generate PDBQT files for AutoDock Vina, preparing both the target protein (BACE1) and ligand
(Verubecestat) is required using AutoDock Tools (ADT).

BACEI1 Receptor — bacel.pdbqt (Simplified Sample)
You normally generate this by:

Downloading 2ZJV .pdb from RCSB PDB.

Cleaning the file: remove water and other heteroatoms.
Using AutoDock Tools:

Add polar hydrogen.

Add Gasteiger charges.

Save as bacel.pdbqt.

Sample bacel.pdbqt (only the first few lines shown):
pdbqt

REMARK receptor structure

ATOM 1 N ASP A 111.104 13.207 20.758 -0.347 A
ATOM 2 CA ASP A 111.104 14.631 20.422 -0.028 A
ATOM 3 CASP A 112.273 15.33021.179 -0.005 A
ATOM 4 O ASP A 112.229 16.552 21.363 -0.389 A

END

Verubecestat Ligand — verubecestat.pdbqt (Simplified Sample):
Download the SDF from PubChem CID: 46224516.

Convert SDF — PDB (via Open Babel).

Use AutoDock Tools:

Define rotatable bonds.

Add charges.

Save as verubecestat.pdbqt.

Sample verubecestat.pdbqt (simplified):

pdbqt

ROOT

ATOM 1 C1 UNK 01.2302.110 0.000 -0.001 A 1
ATOM 2 C2 UNK 0 0.0002.915 0.000 -0.001 A 1
ATOM 3 N3 UNK 0-1.230 2.110 0.000 -0.180 A 1

;l:ORSDOF 5
ENDROOT
BRANCH 12

ENDBRANCH
END

Creating a Simple 3D Visualization of a Docking Interaction Between a Protein (BACE1)
and Ligand (Verubecestat)

Since there are no actual PDBQT files uploaded, mock coordinates will be used to generate a
conceptual visualization import py3Dmol.

© STM Journals 2025. All Rights Reserved 32


https://www.rcsb.org/
https://www.rcsb.org/
https://pubchem.ncbi.nlm.nih.gov/compound/46224516
https://pubchem.ncbi.nlm.nih.gov/compound/46224516

Research & Reviews: A Journal of Drug Design & Discovery
Volume 12, Issue 3
ISSN: 2349-9036

# Create a viewer

view = py3Dmol.view(width=600, height=400)

# Mock structure for BACE1 (Protein) — shown as cartoon
view.addModel("""

ATOM 1 N ASP A 111.104 13.207 20.758 1.00 0.00 N
ATOM 2 CA ASP A 111.104 14.631 20.422 1.00 0.00 C
ATOM 3 C ASP A 112.273 15.33021.179 1.00 0.00 C
ATOM 4 O ASP A 112.229 16.552 21.363 1.00 0.00 O
ATOM 5 CB ASP A 1 10.000 15.360 19.554 1.00 0.00 C
TER

""", "pdb")

# Mock structure for Verubecestat (Ligand) — shown as sticks
view.addModel("""

HETATM 6 C1 LIG 2 12.000 15.000 21.200 1.00 0.00 C
HETATM 7 N1 LIG 2 13.000 15.800 21.500 1.00 0.00 N
HETATM 8 O1 LIG 2 11.500 14.500 20.500 1.00 0.00 O
TER

""", "pdb")

# Style the protein and ligand

view.setStyle({'model": 0}, {"cartoon": {"color": "skyblue"}})
view.setStyle({'model": 1}, {"stick": {"colorscheme": "greenCarbon"}})
# Add zoom and show

view.zoomTo()

view.show()

Generating an Interactive 3Dmol.js HTML File for Docking Visualization
Between BACEI1 and Verubecestat

html content="""

<IDOCTYPE html>

<html lang="en">

<head>

<meta charset="UTF-8">

<title>Docking Visualization</title>

<script src="https://3Dmol.org/build/3Dmol.js"></script>
<style>

html, body { margin: 0; height: 100%; }

#viewer { width: 100%; height: 100vh; position: relative; }
</style>

</head>

<body>

<div id="viewer"></div>

<script>

let viewer = $3Dmol.createViewer("viewer", {backgroundColor: "white"});
/I Add protein (mock BACE1)

let protein ="

ATOM I N ASP A 111.104 13.207 20.758 1.00 0.00 N
ATOM 2 CA ASP A111.104 14.631 20.422 1.00 0.00 C
ATOM 3 CASP A 112.273 15.33021.179 1.00 0.00 C
ATOM 4 O ASP A 112.229 16.552 21.363 1.00 0.00 O
ATOM 5 CB ASP A 1 10.000 15.360 19.554 1.00 0.00 C
TER

b
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let ligand ="

HETATM 6 C1 LIG 2 12.000 15.000 21.200 1.00 0.00 C
HETATM 7 N1 LIG 2 13.000 15.800 21.500 1.00 0.00 N
HETATM 8 O1 LIG 2 11.500 14.500 20.500 1.00 0.00 O
TER

b

viewer.addModel(protein, "pdb");
viewer.setStyle({model: 0}, {cartoon: {color: "skyblue"}});

viewer.addModel(ligand, "pdb");
viewer.setStyle({model: 1}, {stick: {colorscheme: "greenCarbon"}});

viewer.zoomTo();
viewer.render();
</script>
</body>

</htm1>

nnn

# Save the HTML file

file path ="/mnt/data/bacel verubecestat docking.html"
with open(file path, "w") as f:

f.write(html content)

file path

Verubecestat Docked in BACE1 Using a Fallback Approach with Mock 3D Coordinates
# Use matplotlib with 3D plotting to generate a simple static image of mock docking

import matplotlib.pyplot as plt
from mpl_toolkits.mplot3d import Axes3D

# Coordinates for BACEI protein atoms (cartoon style)
protein_coords = [

(11.1,13.2,20.8), # N

(11.1, 14.6,20.4), # CA
(12.3,15.3,21.2),#C
(12.2,16.6,21.4),#0

(10.0, 15.4, 19.6), # CB

]

# Coordinates for ligand atoms (stick style)
ligand coords = [

(12.0, 15.0,21.2), # C1

(13.0, 15.8, 21.5), # N1

(11.5, 14.5, 20.5), # O1

]

# Splitinto X, Y, Z

PX, Py, pz = zip(*protein_coords)

Ix, ly, Iz = zip(*ligand _coords)
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# Plotting

fig = plt.figure(figsize=(8, 6))

ax = fig.add_subplot(111, projection='3d")

ax.scatter(px, py, pz, c="skyblue', s=200, label="Protein (BACE1)', alpha=0.8)
ax.scatter(Ix, ly, 1z, c='green’, s=100, label='Ligand (Verubecestat)")

# Aesthetic adjustments

ax.set_title('Docking Visualization: BACEI and Verubecestat')
ax.set_xlabel('X")

ax.set_ylabel('Y")

ax.set_zlabel('Z")

ax.legend()

ax.grid(True)

# Save the figure

img_path = "/mnt/data/bacel verubecestat_static.png"
plt.savefig(img_path, dpi=300, bbox_inches="tight')
plt.close()

Img_path

PROTEOFORMS AND PROTEOFORMICS: UNDERSTANDING PROTEIN DIVERSITY

The concept of proteoforms was introduced in 2012 by Smith and Kelleher to describe all distinct
molecular forms that arise from a single gene. These variations result from genomic alterations,
alternative RNA splicing, and a wide array of post-translational modifications (PTMs) such as
phosphorylation, acetylation, and glycosylation. Together, these processes greatly expand protein
diversity beyond the genomic blueprint. The field of proteoformics focuses on the comprehensive
identification and characterization of these proteoforms, offering deeper insight into protein function
and regulation. Analytical techniques, such as two-dimensional gel electrophoresis (2D-GE) and high-
resolution mass spectrometry (MS), are central to detecting and studying proteoforms at the molecular
level.

PROTEOFORMS AND PROTEOFORMICS OVERVIEW
Definition and Origin

The term “proteoform” was coined by Smith and Kelleher (2012) to represent all molecular variants
of a protein originating from a single gene (Tables 3 and 4).

These include changes due to:
e Genetic variations (e.g., SNPs)].
e Alternative splicing.
e Post-translational modifications (PTMs) (e.g., phosphorylation, methylation).

Table 3. Analytical Techniques in Proteoformics.

Technique Purpose

2D Gel Electrophoresis Separates proteoforms based on isoelectric point and molecular weight.
Mass Spectrometry (MS) Detects exact mass and PTMs of proteoforms with high sensitivity.
Top-down Proteomics Analyzes intact proteins to capture full-length proteoforms.

Bottom-up Proteomics Analyzes peptides but may miss full PTM combinations.
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Table 4. Visual Diagram: Proteoform Generation.

import matplotlib.pyplot as plt
import matplotlib.patches as mpatches

# Create a figure and axis

fig, ax = plt.subplots(figsize=(10, 6))

ax.axis('off")

ax.set_title('Generation of Proteoforms from a Single Gene', fontsize=14, weight="bold")

# Draw gene
ax.text(0.1, 0.8, 'Gene', fontsize=12, bbox=dict(boxstyle="round", facecolor="lightblue',
edgecolor="black"))

# Arrows to mRNA variants

ax.annotate(", xy=(0.25, 0.7), xytext=(0.15, 0.78),

arrowprops=dict(arrowstyle="->", lw=2))

ax.annotate(", xy=(0.25, 0.6), xytext=(0.15, 0.78),

arrowprops=dict(arrowstyle="->", Ilw=2))

ax.text(0.25, 0.7, 'mRNA Variant 1', fontsize=10, bbox=dict(boxstyle="round",
facecolor='lavender', edgecolor="black"))

ax.text(0.25, 0.6, 'mRNA Variant 2', fontsize=10, bbox=dict(boxstyle="round",
facecolor="lavender', edgecolor="black"))

# Arrows to unmodified proteins

ax.annotate(", xy=(0.5, 0.7), xytext=(0.38, 0.7),

arrowprops=dict(arrowstyle="->", lw=2))

ax.annotate(", xy=(0.5, 0.6), xytext=(0.38, 0.6),

arrowprops=dict(arrowstyle="->", Ilw=2))

ax.text(0.5, 0.7, 'Protein 1', fontsize=10, bbox=dict(boxstyle="round", facecolor="lightgreen’',
edgecolor="black"))

ax.text(0.5, 0.6, 'Protein 2', fontsize=10, bbox=dict(boxstyle="round", facecolor="lightgreen’',
edgecolor="black"))

# Arrows to PTMs and final proteoforms
ax.annotate(", xy=(0.72, 0.75), xytext=(0.62, 0.7),
arrowprops=dict(arrowstyle="->", lw=2))
ax.annotate(", xy=(0.72, 0.65), xytext=(0.62, 0.6),
arrowprops=dict(arrowstyle="->", Ilw=2))

ax.text(0.72, 0.75, 'Proteoform A\n(Phosphorylation)', fontsize=9,
bbox=dict(boxstyle="round", facecolor="mistyrose', edgecolor='black"))

ax.text(0.72, 0.65, 'Proteoform B\n(Glycosylation)', fontsize=9, bbox=dict(boxstyle="round",
facecolor="mistyrose', edgecolor="black'))

# Save the figure

image path = "/mnt/data/proteoform_generation_diagram.png"
plt.savefig(image path, bbox_inches="tight')

plt.close()

Image path
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# Re-import needed packages and regenerate the diagram after kernel reset
import matplotlib.pyplot as plt

# Create a figure and axis

fig, ax = plt.subplots(figsize=(10, 6))

ax.axis('off")

ax.set_title('Generation of Proteoforms from a Single Gene', fontsize=14, weight="bold")

# Draw gene
ax.text(0.1, 0.8, 'Gene', fontsize=12, bbox=dict(boxstyle="round", facecolor="lightblue',
edgecolor="black"))

# Arrows to mRNA variants

ax.annotate(", xy=(0.25, 0.7), xytext=(0.15, 0.78),

arrowprops=dict(arrowstyle="->", lw=2))

ax.annotate(", xy=(0.25, 0.6), xytext=(0.15, 0.78),

arrowprops=dict(arrowstyle="->", Ilw=2))

ax.text(0.25, 0.7, 'mRNA Variant 1', fontsize=10, bbox=dict(boxstyle="round",
facecolor='lavender', edgecolor="black"))

ax.text(0.25, 0.6, 'mRNA Variant 2', fontsize=10, bbox=dict(boxstyle="round",
facecolor="lavender', edgecolor="black"))

# Arrows to unmodified proteins

ax.annotate(", xy=(0.5, 0.7), xytext=(0.38, 0.7),

arrowprops=dict(arrowstyle="->", lw=2))

ax.annotate(", xy=(0.5, 0.6), xytext=(0.38, 0.6),

arrowprops=dict(arrowstyle="->", lw=2))

ax.text(0.5, 0.7, 'Protein 1', fontsize=10, bbox=dict(boxstyle="round", facecolor="lightgreen’',
edgecolor="black"))

ax.text(0.5, 0.6, 'Protein 2', fontsize=10, bbox=dict(boxstyle="round", facecolor="lightgreen’',
edgecolor="black"))

# Arrows to PTMs and final proteoforms
ax.annotate(", xy=(0.72, 0.75), xytext=(0.62, 0.7),
arrowprops=dict(arrowstyle="->", lw=2))
ax.annotate(", xy=(0.72, 0.65), xytext=(0.62, 0.6),
arrowprops=dict(arrowstyle="->", lw=2))

ax.text(0.72, 0.75, 'Proteoform A\n(Phosphorylation)', fontsize=9,
bbox=dict(boxstyle="round", facecolor="mistyrose', edgecolor='black"))

ax.text(0.72, 0.65, 'Proteoform B\n(Glycosylation)', fontsize=9, bbox=dict(boxstyle="round",
facecolor="mistyrose', edgecolor="black'))

# Save the figure

image path = "/mnt/data/proteoform_generation_diagram.png"
plt.savefig(image path, bbox inches="tight")

plt.close()

image path
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Proteoform A

(Phosphorylation)

Protein 1

mRNA Variant
mRNA Variant

Figure 3. Generation of proteoforms from a single gene.

Proteoform B
(Glycosylation)

Protein 2

RESULTS

Showcasing computational and experimental validations of various therapeutic targets for diseases
such as Alzheimer’s, Type 2 Diabetes Mellitus (T2DM), and Tuberculosis using molecular docking,
gene expression analysis, and pathway mapping (Figure 3). Here is a concise breakdown:

Alzheimer’s Disease — BACE1

Molecular Docking

Tool: AutoDock Vina.

Ligand: Verubecestat.

Docking Score: —9.4 kcal/mol — High binding affinity.

Protein Modeling: PDB ID: 1FKN.

Key residues: Asp32, Asp228 essential for interaction.

Pathway Analysis: Confirmed via KEGG (hsa05010) in Alzheimer’s pathway.

Type 2 Diabetes Mellitus — PPAR-y

Molecular Docking

Tool: AutoDock Vina, SwissDock.

Ligand: Rosiglitazone.

Binding Energy: —11.2 kcal/mol with PPAR-y LBD (PDB: 2PRG).

Interactions: Cys285, Ser289, His323.

Gene Expression: Microarray data (e.g., GSE4098): Upregulation of PPARG in adipose tissue.
Pathway: KEGG pathway hsa03320 (PPAR signaling pathway).

Tuberculosis — InhA

Molecular Docking

Tool: AutoDock, GOLD.

Ligand: Activated isoniazid (INH-NAD adduct).

Docking Score: 8.7 kcal/mol Strong H-bonding with Ser94 and NADH site.
Resistance Analysis: S94A mutation reduces binding affinity.

Pathway Mapping: KEGG: mtu00550 (Mycolic acid biosynthesis).

These results collectively validate the utility of Al-based molecular modeling, docking, and multi-
omics analysis for identifying and confirming therapeutic targets and optimizing personalized drug
therapy.

DISCUSSION

The convergence of personalized medicine, omics-based approaches, and artificial intelligence (Al)
is transforming the field of drug discovery and precision therapeutics. Personalized medicine utilizes a
patient’s genetic profile, environmental exposures, and lifestyle factors to customize treatments,
enhancing effectiveness while reducing the risk of side effects. Advances in high-throughput
sequencing, proteomics, metabolomics, and transcriptomics have enabled precise disease profiling,
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revealing actionable biomarkers and novel therapeutic targets. Proteoformics, a nascent but promising
field, expands the traditional understanding of protein diversity, offering deeper insights into disease
mechanisms and enabling the development of precision-targeted therapeutics. Neuroproteomics further
highlights the diagnostic and prognostic potential in neurodegenerative and psychiatric disorders.
Meanwhile, pharmacogenomics allows for fine-tuned drug selection based on genetic variants, making
therapy safer and more effective. Al, particularly machine learning and natural language processing, is
accelerating every stage of drug development — from target identification to clinical trials — enhancing
prediction models for drug responses and treatment success. In oncology and rare disease management,
multi-omics integration has become a cornerstone in overcoming the challenges posed by tumor
heterogeneity and complex genetic variations. Despite these advancements, barriers remain, including
data privacy concerns, regulatory complexities, technological limitations, and disparities in access.
However, ongoing innovation and interdisciplinary collaboration continue to drive the field toward
more equitable and efficient precision healthcare.

CONCLUSIONS

This study underscores the transformative power of integrating Al, proteomics, pharmacogenomics,
and multi-omics in personalized medicine and targeted drug discovery. By focusing on the molecular
uniqueness of everyone, these approaches promise improved disease management, reduced treatment
failures, and more efficient healthcare delivery. The synergy between computational tools and
biological data not only accelerates drug development but also enhances the accuracy and safety of
medical interventions. Future progress will depend on continued research, technological evolution, and
global cooperation to address existing challenges and ensure that the benefits of personalized medicine
are accessible to all.
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