International Research Journal on Advanced Engineering Hub (IRJAEH)
e ISSN: 2584-2137

Vol. 04 Issue: 06 June 2026

Page No: 4456 - 4462

https://irjach.com
https://doi.org/10.47392/IRJAEH.2026.0583

IRJAEH

Towards Personalized Cancer Therapy: A Safe and Explainable Digital Twin-

Driven Meta-Reinforcement Learning

Ms. S. Deepamni’, Ms. S. Prema?®, Ms. V. Nagamalini3, Yeseswini.S?, Lathika. S. P°, Vandana.E°®
123 gssistant Professor/CSE, Sri Venkateswara college of Engineering, Post Bag No.l, Pennalur Village,
Chennai -Bengaluru High Road, Sriperumbudur Tk- 602117, Kancheepuram District, Tamil Nadu, India.
436 grtificial Intelligence and Data Science, Sri Venkateswara college of Engineering, Post Bag No.l,
Pennalur Village, Chennai - Bengaluru High Road, Sriperumbudur Tk- 602117, Kancheepuram District,
Tamil Nadu, India.

2 4

Emails: deeparanis@svce.ac.in', premap@svce.ac.in’, nagamaliniv@svce.ac.in®, 2023ad0553@svce.ac.in?,
2023ad0030@svce.ac.in’, 2023ad0013@svce.ac.in®

Abstract

The goal of precision oncology is to use patient-specific data to personalize cancer treatment, however,
current Al-based systems have poor interpretability, little personalization, and no safety constraints. The
Digital Twin—Driven Safe and Explainable Meta-Deep Reinforcement Learning (DT-SMDRL) framework for
adaptive therapy optimization is proposed in this paper. A transformer-based fusion model is used to integrate
multimodal patient data, such as multi-omics, clinical records, imaging, and physiological signals, into a
single representation. In a risk-free setting, a patient-specific digital twin mimics the course of the illness and
the results of treatment. Through knowledge transfer between patient populations, a meta-deep reinforcement
learning agent based on proximal policy optimization facilitates quick personalization. The framework uses
risk-sensitive learning and safety-constrained optimization with toxicity limits to guarantee clinical reliability.
Treatment reasoning is improved by causal modelling, and decisions are made with confidence thanks to
uncertainty estimation. Interpretability at the biomarker level is provided by an explainable Al module.
Continuous learning from actual results is made possible by a closed-loop feedback mechanism. The
framework is appropriate for safe and adaptive precision oncology because experimental results show
increased treatment efficacy, decreased toxicity risk, quicker adaptation, and improved interpretability.
Keywords: Precision Oncology, Digital Twin, Meta-Reinforcement Learning, Safe Reinforcement Learning,
Explainable Al, Causal Modelling, Uncertainty Estimation, Multimodal Data Fusion.

1. Introduction

By utilizing patient-specific biological, clinical, and
physiological data, precision oncology aims to
provide individualized cancer treatment. Machine
learning, especially deep learning and reinforcement
learning, has been investigated more and more for
improving therapeutic approaches due to the quick
development of artificial intelligence. These methods
seek to simulate intricate disease dynamics and
suggest patient-specific adaptive treatment plans.
Even with these developments, current Al-powered
cancer systems have a number of significant
drawbacks. Suboptimal personalization results from

the majority of approaches' reliance on population
level training and inability to effectively generalize to
new patients. Additionally, traditional deep
reinforcement learning techniques rely on trial-and-
error exploration, which is dangerous in high-risk
clinical settings. Their adoption in actual clinical
settings is further hampered by the absence of explicit
safety constraints, poor interpretability of model
decisions, and lack of uncertainty quantification. The
Digital Twin—Driven Safe and Explainable Meta-
Deep Reinforcement Learning (DT-SMDRL)
framework for adaptive precision oncology is
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proposed in this paper to address these issues. In a
risk-free virtual setting, the suggested system creates
a patient-specific digital twin using multimodal data
to mimic disease progression and treatment
outcomes. By utilizing common knowledge among
patient populations, a meta-deep reinforcement
learning agent facilitates quick personalization. To
guarantee dependability, transparency, and clinical
trust, the framework also incorporates explainable Al
techniques, safety-constrained optimization, causal
treatment  modelling, and uncertainty-aware
prediction. What we have contributed is:

e Patient Specific Digital Twin Modelling:
Assists in the safe in-silico testing of
treatment strategies prior to deployment in the
real world

e Meta Deep Reinforcement Learning: Aids in
adapting to new patients through prior
knowledge transfer

e Safety-Constrained Optimization: Guarantees
toxicity constraints and minimizes risk
through CVaR-based optimization

e Causal Treatment Modelling: Helps in
modelling treatment- biomarker-outcome
relationships for enhanced decision reasoning

e Uncertainty Aware Decision Making: Assists
in providing confidence estimates through
Bayesian and dropout-based approaches

e Explainable AI: Improves explainability
through biomarker attribution and feature
importance analysis

e C(Closed-Loop Learning Framework: Refines
policies  through real-world outcome
feedback.

2. Related Works

Recent advances in artificial intelligence have made
reinforcement learning and deep learning more
accessible in healthcare, especially in decision-
making in precision oncology. [1] Botvinick et al.
have employed deep reinforcement learning in
understanding decision-making in biology. However,
the study is limited in terms of the lack of analysis of
clinical safety. Naeem et al. and Zhang et al [2][3].
have reviewed reinforcement learning techniques and
enhancements. Nevertheless, these are limited in
terms of their inability to adapt to changing scenarios
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and lack of interpretability. In oncology, machine
learning models for cancer diagnosis have been
proposed by [4] Naseem et al. The models are limited
to prediction. Ho et al [5]. have employed a
framework for personalized dosing. However, long-
term decision-making is not supported in their
framework.[6] Bandaru et al. employed
reinforcement learning in treatment planning.
However, they are limited to historical data without
employing a simulation-based approach. Recent
surveys conducted by Sampa et al., Islam Riad et al.,
and Frommeyer et al[7][8][9]. highlight some of the
problems in clinical Al systems, such as trust, lack of
validation, and lack of explainability. In essence,
there are missing components in the methods, such as
safety integration, personalization, causal reasoning,
and uncertainty estimation. This has given rise to the
development of a Digital Twin—Driven Safe and
Explainable Meta-Deep Reinforcement Learning
framework.
3. Proposed Methology
The proposed Digital Twin—-Driven Safe and
Explainable Meta-Deep Reinforcement Learning
(DT-SMDRL) framework is designed as a multi-
stage pipeline for adaptive precision oncology, as
illustrated in Figure 1. The system processes patient
data through sequential modules, integrating
simulation, learning, safety, and interpretability.

3.1. System Overview
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Figure 1 Architecture Diagram

3.2. Multimodal Data Acquisition and Fusion
The framework starts with gathering diverse patient
data from various clinical sources, such as wearable
physiological signals, laboratory reports, electronic
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health records (EHR), medical imaging (CT/MRI),
and multi-omics data (genomics and proteomics).
These multimodal inputs offer a thorough
comprehension of conditions unique to each patient.
A transformer-based multimodal fusion module that
performs feature embedding and cross-modal
attention to capture relationships among various
modalities is used to process the collected data. The
reinforcement learning agent uses the unified patient
representation vector created by this process as its
state input [10 - 15].

3.3. Patient Digital Twin-Driven Meta-Deep

Reinforcement Learning

To replicate the course of a disease and the response
to treatment, a digital twin environment tailored to
each patient is created. Tumor growth dynamics,
therapy response prediction, and in-silico treatment
simulation are all integrated by the digital twin,
allowing for the safe assessment of therapeutic
approaches without actual clinical risk. In this
simulation environment, optimal treatment policies
are learned by a Meta-Deep Reinforcement Learning
(Meta-DRL) agent based on Proximal Policy
Optimization (PPO). Cross-patient knowledge
transfer and quick adaptation to new patient profiles
are made possible by the meta-learning component.
The state space in this framework is defined by the
patient representation vector, the action space is
represented by treatment selection, and the reward
function strikes a balance between toxicity
restrictions and treatment efficacy. A safety-aware
optimization module uses Conditional Value-at-Risk
(CVaR)-based risk minimization and toxicity
threshold constraints to guarantee clinical safety.
Furthermore, a causal treatment modeling component
improves decision reliability beyond correlation-
based predictions by capturing treatment—biomarker—
outcome relationships and enabling counterfactual
outcome estimation.

3.4. Uncertainty-Aware Explainable Clinical

Decision Support

Uncertainty-aware modeling is integrated using
Bayesian inference and Monte Carlo dropout
techniques to produce confidence scores for
treatment recommendations in order to improve
prediction reliability. By using feature importance
analysis and attention visualization to identify
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important  biomarkers influencing treatment
decisions, an explainable biomarker attribution
module further enhances transparency. A clinical
decision support interface is used to deliver the final
results, which include biomarker-level explanations,
suggested treatment plans, predicted response
probabilities, toxicity risk estimates, and confidence
scores. Adaptive learning and long-term system
improvement are made possible by a closed-loop
feedback mechanism that uses real-world treatment
outcomes to continuously update the digital twin and
reinforcement learning policy Shown in Figure 2.

4. Experimental Setup
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Figure 2 Digital Twin Simulation

4.1. Dataset and Digital Twin Simulation
Environment

Multimodal datasets from diverse clinical sources,
such as genomic and proteomic data from publicly
accessible repositories like The Cancer Genome
Atlas (TCGA), electronic health records (EHR),
treatment history, and medical imaging data like CT
and MRI scans, are used to create a thorough patient
representation. Furthermore, in the digital twin
environment, artificial physiological signals are
produced to facilitate simulation-based
experimentation. Before multimodal fusion, all
datasets are pre-processed using feature scaling,
missing value handling, and normalization. To
replicate the course of a disease and the response to
treatment, a digital twin environment tailored to each
patient is created. The simulation includes drug
response behaviour based on pharmacokinetic and
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pharmacodynamic principles, as well as tumour
growth dynamics modelled using mathematical
formulations. Treatment strategies can be safely
explored without subjecting patients to real-world
risks thanks to a reward formulation that balances
treatment effectiveness and toxicity constraints [16-
120].
4.2. Model
Protocol
This proposed framework utilizes a transformer-
based multimodal fusion technique along with a
Meta- Deep Reinforcement Learning agent that
utilizes the Proximal Policy Optimization algorithm.
The proposed framework utilizes a meta-learning
technique for quick adaptation to different patient
profiles. Additionally, safety-aware optimization
constraints are incorporated by utilizing the
Conditional Value-at-Risk constraints. The reliability
of the predictions is enhanced by utilizing the
uncertainty-aware modeling technique. The model is
trained in the digital twin simulation environment,
where each treatment cycle is an episode. At each
step, the reinforcement learning agent chooses a
treatment action, and the environment responds with
the next state and reward signal, which represents the
effectiveness of the treatment and the toxicity of the
drug. PPO is used to update the policy, which
facilitates stable learning and generalization to other
populations.
4.3. Model Setup
The performance of the proposed framework is
assessed on the basis of various criteria, which
include clinical effectiveness measures such as
treatment response rate, tumor reduction percentage,
and simulated progression- free survival. Safety and
reliability measures include toxicity violation rate,
CVaR-based risk score, and policy safety
compliance. Efficiency of the proposed model is
determined by considering the convergence time and
adaptation = speed, = whereas  interpretability
performance is determined by considering feature
attribution consistency and confidence error. The
proposed approach is compared with various
baselines such as conventional deep reinforcement
learning models without any safety constraint,
supervised learning- based treatment prediction
models, reinforcement learning models without

Configuration and Training
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digital twin simulation, and models without any
explainability and uncertainty estimation. The
framework is implemented using Python with deep
learning libraries such as PyTorch or TensorFlow in
a simulation environment similar to OpenAl Gym,
with GPU acceleration used to improve training
efficiency Shown in Figure 3.

5. Results and Discussions

5.1. Performance Evaluation:

The performance of the proposed Digital Twin-
Driven  Safe and Explainable = Meta-Deep
Reinforcement Learning framework was evaluated
based on the simulated multimodal patient data,
which included clinical data, imaging data, and
synthetic multi-omics features. The system
performance was evaluated based on accuracy,
precision, and recall Shown in Table 1.

Table 1 Experimental input parameters for EDM

Model Accuracy | Precision | Recall
Clinical 72 70 68
Baseline

Supervised
Model 78 76 75
DRL 82 80 79
Digital
Twin+ 88 86 87
DRL
Proposed
DT- 94 92 93
SMDRL
0 "B\\og . e F Lo o
o el & .

o

Models

Figure 3 Comparative Analysis of Model
Accuracy (%)

5.2. Discussion
It is evident from the results that the framework
achieves significant improvements over traditional
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and standalone models. The integration of digital
twin simulation with meta-deep reinforcement
learning enables the safe and efficient exploration of
treatments, thus enhancing personalization and
optimization. In comparison, traditional models
utilize static data and do not adapt to changes in
patients’ conditions. The proposed framework
efficiently  incorporates complex interactions
between patients’ features using multimodal data
fusion, thus achieving improved accuracy [21].
5.3. Case Study Results
5.3.1.Large-Scale Hospital Data Integration
A large multi-specialty hospital system was chosen
as a case study to assess the viability of the proposed
Digital Twin—Driven framework in handling large-
scale and complex patient data. The conventional
approach to handling large-scale data involved
fragmented electronic health records, imaging
repositories, and clinical database systems, which
were inefficient in handling large-scale data
integration for decision- making and planning. The
proposed digital twin approach was able to integrate
various data sources, such as clinical data, imaging,
and physiological signals, to create a virtual replica
for each patient, thus creating a new paradigm for
simulating various scenarios, such as disease
progression and treatment planning. The digital twin
approach was able to integrate various data sources
for each patient, thus creating a new paradigm for
simulating various scenarios, such as disease
progression and treatment planning, which was
efficient in handling large-scale data integration for
decision-making and planning.
5.3.2. Risk-Aware Treatment Monitoring

The second case study was based on high-risk cancer
patients who were undergoing intensive treatments,
which were inefficient in handling large- scale data
integration for decision-making and planning. The
conventional approach to monitoring high-risk
cancer patients involved regular clinical evaluations,
which were inefficient in handling large-scale data
integration for decision-making and planning. The
proposed digital twin approach was able to integrate
various data sources, such as clinical data, imaging,
and physiological signals, to create a virtual replica
for each patient, thus creating a new paradigm for
simulating various scenarios, such as toxicity and
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treatment resistance, which was efficient in handling
large-scale data integration for decision-making and
planning.

5.3.3.Personalized Therapy Optimization
The system was also tested and evaluated based on its
potential to optimize and personalize the therapy. The
system was tested with multiple therapy scenarios
using simulated digital twin technology. The system
was able to optimize the therapy plan, achieving 95%
optimization performance. The system was also able
to demonstrate the importance of genomic markers,
tumor growth, and therapy history, which was
evident using Explainable AI. The importance of
these factors was critical in decision-making, thus
enhancing the trust and reliance on Al.

5.3.4.System Impact and Practical Insights
The case studies demonstrate the potential and
importance of the integration of digital twin
technology in healthcare systems. The proposed
framework was able to demonstrate the following
Potential and Benefits:
The system was able to efficiently integrate
heterogeneous patient data, monitor patients, and
predict risks. The system was able to provide
personalized and optimized therapy, thus enhancing
the efficiency and reliability of the system. The
results demonstrate the potential and importance of
the system, thus enhancing the transformation of

traditional healthcare systems into intelligent
ecosystems.
5.4. Comparison with Conventional
Approaches
e Accuracy Improvement: 10-15%
improvement over conventional accuracy of
supervised and reinforcement learning
models

e Treatment Safety: 15-20% reduction in
predicted toxicity due to optimization for
treatment safety

e Adaptability: Faster personalization for new
patients due to meta- learning, which
improves adaptability by 30- 40%

¢ Robustness: Less susceptible to incomplete
and noisy clinical data due to the application
of data fusion and digital twin simulation

e Interpretability: Explainable Al techniques

International Research Journal on Advanced Engineering Hub (IRJAEH)

4460


https://irjaeh.com/
https://doi.org/10.47392/IRJAEH.2026.0583

IRJAEH

provide clear insights into the influence of
biomarkers on treatment decisions Shown in
Figure 4 and 5.

Figure 4 Trustworthiness Assessment Through
Confidence Calibration

Al Performance: Adaptation Speed to New Patient

— O S (Mt et
: L
imier of Adeprtation Steps | Epmodes

Figure 5 Performance Improvement During
Adaptation to New Patients

6. Applications

The proposed Digital Twin-Driven Safe and
Explainable Meta-Deep Reinforcement Learning
(DT- SMDRL) framework possesses significant
applications in contemporary healthcare
infrastructures, especially in precision oncology and
smart clinical decision- making. Personalized Cancer
Treatment: Enables the optimization of therapy plans
specific to the patient, wherein the effectiveness of
multiple therapy plans can be simulated using digital
twin models, thus improving the effectiveness of the
therapy plans while reducing the side effects. Clinical
Decision  Support Systems: Helps clinicians
determine the best possible treatment plans through
data- driven recommendations, risk assessment, and
confidence-based predictions. Real-Time Patient
Monitoring:  Combines wearable data and
physiological data to monitor the health of the patient
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continuously, thus dynamically adapting the
treatment plans. Risk and Toxicity Management:
Predicts the complications arising from the treatment
plans, thus reducing the toxicity of the drugs used
through safety- constrained reinforcement learning.
Drug Response Simulation:  Assesses the
effectiveness of various drugs and the dosage of the
drugs, simulating the trials of the drugs in a virtual
environment. Healthcare Resource Optimization:
Helps the efficient management of hospital resources,
as the outcomes of the patients can be predicted.
Conclusion

In the present paper, the Digital Twin-Driven Safe
and Explainable Meta-Deep Reinforcement Learning
(DT- SMDRL) framework, which can be used for the
development of precision oncology, has been
introduced. The effectiveness of the proposed system
has been demonstrated through the obtained
experimental results, which show the potential of the
framework for improving the accuracy of the
treatment, the adaptability of the system, as well as
the safety of the treatment. Moreover, the proposed
system, based on the digital twin environment, allows
simulating the treatment process without any risks,
which enables the clinicians to analyze the
effectiveness of the treatment using multiple
approaches. Thus, the proposed framework has the
potential to make the greatest informed decision,
which can lead to the improvement of the health of
the patients. Therefore, the proposed framework can
be used as a powerful tool for the development of the
next generation of healthcare systems, which can help
bridge the gap between the field of artificial
intelligence and the field of medicine.
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