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Abstract

Cancer continues to be a major cause of global mortality, largely due to late-stage diagnoses and lengthy
drug development timelines. Artificial Intelligence (Al) has emerged as a dual-force accelerator — enhancing
early detection and expediting therapeutic discovery. This review critically evaluates Al applications in
oncology across three pivotal domains: (1) predictive cancer risk modeling, (2) radiological and
histopathological diagnosis, and (3) drug discovery using molecular simulations and generative chemistry.
Evidence from breast, lung, and hematological cancers demonstrates that deep learning models such as
convolutional neural networks (CNNs) and vision transformers outperform human specialists, with reported
sensitivities exceeding 99% in screening datasets. Parallelly, Al-assisted drug design platforms such as
AlphaFold2, MolGPT, and Insilico Medicine have condensed traditional 5-7-year lead-identification cycles
into under 12 months. A structured “Predict—Detect-Treat” framework is proposed to unify diagnostic and
therapeutic Al ecosystems. While Al offers unprecedented precision and efficiency, challenges persist
regarding data generalizability, explainability, regulatory validation, and ethical integration in clinical
workflows. With responsible deployment, Al has the potential to convert cancer from a pathological
emergency into a computationally manageable condition.

1. Introduction

1.1 The Persistent Challenge
Detection and Drug Development
Cancer is the second leading cause of death
worldwide, accounting for nearly 10 million deaths
annually (WHO, 2023). Traditional oncology is
slowed by two core limitations:

of Cancer

Clinical Problem Impact

Stage

Diagnosis | Reliance on | Delayed
radiologist detection and
interpretation and | inter-observer
manual variability
histopathology

Treatment | Drug discovery takes | High cost and
10-15 years with | limited
>90% candidate | personalized
failure rate treatmen

Even with advances in molecular biology and
targeted therapy, most patients in India and
developing regions are diagnosed in Stage Il or 1V,
when survival probability drops drastically.
1.2 Emergence of Al as a Computational Ally in
Oncology
Artificial Intelligence bridges diagnostic and
therapeutic bottlenecks by:
e Recognizing microscopic tumor signatures
in imaging beyond human visual limits
e Predicting genetic risk using machine
learning classification models
e Designing or repurposing drugs using
protein-structure simulations

The landmark Google DeepMind study (McKinney
et al., Nature, 2020) demonstrated that Al could
reduce false positives by 5.7% and false negatives
by 9.4% in breast cancer screening — surpassing
average radiologist performance.

Similarly, AlphaFold2 (Jumper et al., Nature, 2021)
solved the 50-year protein folding challenge,
enabling in silico ligand docking  with
unprecedented  precision, accelerating  drug
candidate screening.

1.3 Shift from Reactive Treatment to Predictive
Oncology

Unlike traditional
disease manifestation, Al

medicine which treats after
enables anticipatory

models:
Al Input Output Example
Function
Risk Genomics, | Probability | Polygenic
Prediction | lifestyle of  cancer| risk scores
onset for BRCA
mutations
Early CT, MRI, | Tumor CNN-
Detection | digital localization | based
mammogr lesion
aphy marking
Treatment | Protein Lead
Design structures, | molecules
drug
libraries

National Conference on Multidisciplinary Perspectives In Artificial Intelligence

(NCMPAI-2025) November 11, 2025




Vidyabharati International Interdisciplinary Research Journal (Special Issue)

ISSN 2319-4979

This paves the path toward “Digital Twin
Oncology” — virtual patient replicas trained on
biological and clinical data for treatment simulation

2. Methodology
2.1 Review Strategy and Literature Selection
A narrative-synthesis approach was adopted, with
structured extraction of peer-reviewed articles
published between 2020 and 2024 from PubMed,
Nature, SpringerLink, IEEE Xplore, Scopus, and
arXiv. The following Boolean search strings were
used:
e “Al in cancer diagnosis” AND “deep
learning radiology”
e “machine learning drug discovery” AND
“oncology”
e “radiogenomics” OR “Al histopathology”
e “AlphaFold cancer drug repurposing”

Inclusion criteria:

v Studies reporting quantitative performance
metrics (Accuracy, AUC, Sensitivity, Specificity,
F1-score)

v Al applications used in breast, lung, colorectal,
brain, and hematological cancers

v Research on diagnostic imaging, genomic risk
prediction, or drug screening

Exclusion criteria:

% Non-peer-reviewed conference abstracts without
reproducible results

® Al studies without oncology relevance

® Purely theoretical or non-evaluated Al
architectures

A total of 86 publications were initially shortlisted.
32 high-impact papers meeting all performance-
reporting requirements were included for final
synthesis.

2.2 Al Model Categorization Framework

For consistency in comparison, Al models
referenced in reviewed studies were classified
based on architecture and clinical role:

Model Type Al Architecture Oncology Role Representative Studies

CNN (Convolutional | ResNet, EfficientNet, | Imaging-based tumor | McKinney et al., 2020 (Breast);
Neural Networks) DenseNet detection Liao et al., 2022 (Lung)

Vision Transformers | Swin Transformer, | Whole-slide Chenet al., 2022

(ViT) SlideViT histopathology

Radiogenomic Fusion

Models

Hybrid CNN + Random
Forest

Linking imaging with
genomics

Tang et al., 2023

Sequence Models for Risk
Prediction

XGBoost, Random Forest,
RNN

Genomic variant

classification

Ghafouri-Fard et al., 2021

Drug Discovery
Generative Models

GANsS, MolGPT,
Reinforcement Learning

Molecule generation
& docking

Zhavoronkov, 2022

2.3 Evaluation Metrics

To ensure comparability across diagnostic models,

the
standardized:

following  metrics

were extracted and

e Accuracy (%) — Overall correct predictions
e Sensitivity / Recall — % of true cancer cases

detected

e Specificity — Ability to avoid false positives

2.4 Conceptual Integration Model
From synthesis of reviewed literature, a three-stage

Al pipeline was constructed for

conceptual

standardization of oncology Al workflows:
Step 1: Predict (Risk Profiling)

Step 2
Diagnosis)

Detect

(Imaging + Histopathology

e AUC (Area Under ROC Curve) — Step 3: Treat (Drug Design & Repurposing)
Classification robustness Each stage is modular and interoperable, enabling

e Inference Time (seconds) — Al vs radiologist combined deployment or independent use
review duration depending on clinical resource availability.

e Lead Discovery Time (months/years) — For
drug design studies
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3. Observations and Results

3.1 Impact of Al on Cancer Diagnosis

Across reviewed studies, Al demonstrated
consistent superiority over conventional diagnostic
workflows, particularly in breast and lung cancer
imaging.

In mammographic breast cancer screening, Google
DeepMind’s CNN model (McKinney et al., 2020)
reduced false negatives by 9.4% — meaning nearly
one in ten missed cancers could be recovered by Al
intervention. Human radiologists typically perform
with an accuracy range between 78-85%, yet
multiple CNN-based models—including ResNet50
and EfficientNet variants—reported diagnostic
accuracies beyond 94-99% on datasets such as
BCDR and DDSM.

Similarly, Al in lung cancer screening
demonstrated significant improvements. A Vision
Transformer (Swin-T based) model evaluated on
the LIDC-IDRI dataset (Liao et al., 2022) achieved
97% sensitivity in nodule detection, outperforming
expert thoracic radiologists.  Notably, Al
outperformed older rule-based CAD systems,
which historically struggled with false alarm rates
exceeding 30%.

3.2 Al in Histopathology and Liquid Biopsy
Interpretation

Microscopic examination of tissue remains a gold
standard for cancer confirmation, but manual slide
reading is slow (30-60 seconds per field) and prone
to fatigue error. Al-based digital pathology models
such as SlideViT and HistoNet were able to analyze
entire whole-slide images in under 3 seconds,
identifying malignant features with precision
exceeding 96% in breast and colorectal cancer
biopsy datasets (Chen et al., 2022).

Liquid biopsy, an emerging non-invasive diagnostic
alternative, has also benefited from Al. For
leukemia classification, CNN models trained on
blood smear images achieved 98.2% accuracy
(Zzhang et al., 2021), outperforming manual
microscopy which depends heavily on technician
expertise.

3.3 Predictive Oncology: Al
Recurrence Forecasting
Beyond detection, Al is also being used to predict
whether cancer will occur or return. Machine-
learning algorithms such as XGBoost and Random
Forests were applied to genomic variant datasets
(TCGA, METABRIC) to calculate polygenic risk
scores (PRS). For BRCAL/2-positive breast cancer
carriers, Al models predicted recurrence likelihood
with  over 90% AUC, enabling early
chemoprevention decisions (Tang et al., 2023).

In lung cancer prognosis, hybrid radiogenomic
models integrating CT features with EGFR/ALK
mutation data achieved 79-85% prediction

for Risk and

accuracy for treatment resistance outcomes,
assisting oncologists in selecting second-line drugs
preemptively.
3.4 Acceleration of Drug Discovery Through Al
Perhaps the most disruptive impact of Al lies in
therapeutic design. Traditional wet-lab drug
development involves 4-6 years just to identify
viable molecular leads, with over 90% attrition
rates in later trials. Al-assisted platforms have
compressed these timelines drastically.

e Insilico Medicine (2022) discovered a fibrosis
drug candidate later repurposed for oncology in
just 18 months, entering Phase | clinical trials.

e AlphaFold2, by accurately predicting protein
3D conformations, enabled researchers to dock
cancer kinase inhibitors in less than 30 days,
which previously required 6-12 months of
crystallography.

e MOoIGPT and Reinforcement Learning docking
models have automatically generated novel
anti-tumor molecules with 90% predicted
binding affinity (in silico validation),
narrowing down high-probability hits before
lab synthesis.

3.5 Observational Summary

Overall, Al has demonstrated consistent gains

across all stages of cancer management:

e Diagnosis accuracy improved by 10-25%
absolute, depending on cancer type.

e Interpretation speed increased from minutes to
seconds, enabling mass-screening scalability.

e Drug discovery time reduced from years to
months, with over 80% reduction in initial
screening costs.

However, performance varied significantly
depending on dataset ethnicity, imaging quality,
and standardization of histology protocols,
suggesting that clinical deployment will require
region-specific calibration, especially in Indian
populations.

4. Discussion
4.1 Clinical
Deployment

While Al has demonstrated exceptional diagnostic
and drug discovery performance in research
settings, clinical adoption remains uneven across
regions and cancer types. In high-income
healthcare systems, such as the UK NHS, Al
deployment is already underway. Kheiron Medical
Technologies’ Mia software, approved in 2023 for
breast cancer screening, is actively assisting
radiologists in population-scale mammography
workflows. However, widespread adoption is

Readiness and Real-World
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slower in India and low-middle-income countries,

where critical challenges persist:

e Digitization Gap — Many diagnostic centers
still rely on analog imaging and manual
histopathology. Al models require digital
inputs with standardized resolution formats,
making infrastructure upgrades essential.

e Data Localization Issues — Most Al models
are trained on Western imaging and genomic
cohorts, leading to overfitting when tested on
Indian, African, or Southeast Asian datasets.

e Physician Trust Deficit — Clinicians are
hesitant to defer decisions to “black-box
algorithms” that provide accurate outputs but
lack  clinical reasoning  transparency.

Thus, while Al can augment, it cannot yet replace
oncologists. The transition must be assistive, not
authoritative.

4.2 Ethical and Societal Considerations
Al in cancer diagnosis presents unigque bioethical
dilemmas, particularly concerning:

Ethical Risk Required
Challenge Safeguard
Bias & Equity | Underdiagnosi | Local retraining

s in minority | on diverse datasets
groups

Overdiagnosi | Al
s & Anxiety non-
threatening

may flag | Al outputs must
include risk
stratification, not

lesions just binary labels
Data Privacy | Patient End-to-end
imaging & | encryption and

genomics  at
risk of misuse

regulatory  data
governance

An example of algorithmic harm is seen in Al
dermatology models that underperformed on darker
skin tones due to training on lighter-skinned
patients. Similar concerns apply in oncology
imaging across dense breast tissue (common in
Indian and Asian women), reinforcing the need for
demographic correction layers in Al pipelines.

4.3 Regulatory Landscape

United States (FDA)

e Al in oncology is classified as Software as a
Medical Device (SaMD).

e FDA allows “continuous learning AI” under
Predetermined Change Control Plans, enabling
Al models to self-update after deployment —

India (CDSCO)

Al guidelines remain undefined, with most Al tools
classified under “Clinical Decision Support
Systems (CDSS)”, meaning they assist but cannot
autonomously diagnose.

There is no formal approval pathway yet for Al-
only cancer decision-making, which delays
deployment despite technical capability.

4.4 Toward Responsible Al Integration

Based on reviewed evidence, full-scale Al

deployment in oncology will require three strategic

shifts:

1. Human-Al Collaboration, Not Replacement

Al should pre-screen and prioritize, but human
experts should finalize — a “human-in-the-
loop” architecture.

2. Indianized Training Pipelines
Al must be trained or fine-tuned on Indian
datasets such as IRCH-AIIMS Oncology
Bank, NIMHANS Pathology Repository, and
regional cancer registries.

3. Transparent Al (Explainable Models)

Instead of merely outputting “Malignant:
Yes/No”, Al must highlight regions of
suspicion, genetic drivers, and confidence
scores to build clinician confidence.

4.5 Future Vision: Digital Twin Oncology

The ultimate convergence of Al and oncology is

leading towards virtual patient replicas — “digital

twins” that simulate disease evolution and

treatment  outcomes digitally before  real

intervention.

A lung cancer patient, for example, could have:

e Genomics + Imaging + Lifestyle Data —
Mapped into an Al Profile

e Therapy Simulations — Predict Resistance /
Recurrence Before Occurrence

e Optimized Drug Recommendation — Before
prescribing in reality

Such Al systems already exist in experimental
settings at MD Anderson Cancer Center and MIT
CSAIL, demonstrating up to 40% reduction in
overtreatment.

5. Conclusion

Artificial Intelligence is no longer an experimental
adjunct in oncology — it is steadily becoming a
core computational scaffold for cancer care. Across
all reviewed domains, whether mammography
interpretation, CT-based lung lesion screening,
histopathology slide analysis, or drug candidate

provided the update logic is pre-approved. jgentification, Al  consistently  delivered
significantly  higher accuracy, speed, and
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reproducibility when compared to manual

workflows. In diagnostics, Al models have

demonstrated 10-25% absolute gains in sensitivity,
particularly in early-stage tumor detection where
human observation often fails. In drug discovery,

Al-driven molecular simulations have shrunk

discovery timelines from years to months, with

multiple Al-generated compounds already entering

Phase I trials.

However, technical superiority alone is insufficient

for clinical transformation. For Al to be trusted and

widely deployed, three critical conditions must be
fulfilled:

1. Bias-Free Training and Local Validation — Al
must be trained on ethnically and
geographically diverse datasets, including
Indian, Asian, and African cohorts, ensuring
diagnostic equity.

2. Explainability and Interpretability — Models
must evolve from opaque classifiers to
clinically transparent tools that justify their
predictions.

3. Ethical and Regulatory Alignment — National
healthcare bodies such as CDSCO and ICMR
must establish formal Al evaluation and
approval pathways, similar to FDA’s SaMD
framework.

Looking ahead, the vision of Al-enabled predictive
oncology — where cancer is detected before
symptoms and treated before mutation escalation
— is scientifically achievable. The transition now
depends not on technology, but on integration
strategy. With responsible deployment, Al can
redefine cancer not as a terminal biological crisis,
but as a computationally manageable disorder.
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