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ABSTRACT 

The rapid advancement of Artificial Intelligence (AI), Machine Learning (ML), and Digital 

Twin technologies has transformed modern healthcare systems toward precision and 

personalized medicine. Traditional treatment approaches often fail to account for patient-

specific biological variations, resulting in inconsistent drug responses and ineffective 

treatment outcomes. Digital Twin modeling provides a promising solution by creating virtual 

replicas of patients using real-time physiological, genetic, and clinical data. These virtual 

models can simulate disease progression, predict drug responses, and optimize treatment 

strategies before actual clinical implementation. This literature review explores recent 

advancements in AI-based personalized drug response prediction and virtual treatment 

simulation using Digital Twin technology. The paper analyzes existing methodologies, 

machine learning algorithms, data integration techniques, and simulation frameworks used in 

healthcare Digital Twins. Furthermore, it identifies major research gaps including data 

privacy concerns, interoperability issues, computational complexity, and limited real-time 

adaptability. The review concludes with future research directions involving Explainable AI, 

Federated Learning, IoT-enabled healthcare systems, and multi-organ Digital Twin 

architectures for improving precision medicine and patient care. 
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1. Introduction 

Healthcare systems across the world are experiencing a paradigm shift from generalized treatment 

methodologies toward personalized and precision medicine. Traditional healthcare approaches 

rely on standard treatment procedures that may not consider the unique genetic, physiological, and 

environmental conditions of individual patients. As a result, patients often exhibit varied responses 

to the same medication, leading to reduced treatment effectiveness, adverse drug reactions, and 

increased healthcare costs [1, 2]. 

The emergence of Artificial Intelligence (AI), Big Data Analytics, Internet of Things (IoT), and 

Machine Learning (ML) technologies has significantly enhanced the capability of healthcare 

systems to analyze patient-specific information. These technologies enable the collection and 
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processing of large-scale medical data including Electronic Health Records (EHRs), genomic 

information, wearable sensor data, laboratory reports, and medical imaging [3, 4]. 

Digital Twin technology has recently gained considerable attention in healthcare and biomedical 

research. A Digital Twin is a virtual representation of a physical entity that continuously updates 

itself using real-time data from the actual system. In healthcare, a patient Digital Twin can 

replicate physiological behavior, disease progression, and treatment responses through 

computational models and AI-driven simulations [5]. 

The integration of AI with Digital Twin systems enables healthcare professionals to predict 

patient-specific drug responses and simulate virtual treatment strategies before actual 

administration. Such predictive capabilities can reduce medication failures, minimize side effects, 

optimize dosage selection, and improve overall treatment outcomes [6]. 

AI-based drug response prediction utilizes various computational approaches including Machine 

Learning, Deep Learning, Reinforcement Learning, and predictive analytics. These approaches 

can identify hidden patterns within patient datasets and estimate how individuals may respond to 

specific drugs. Digital Twin modeling further enhances these capabilities by providing a dynamic 

and continuously evolving virtual environment for simulation and analysis [7]. 

Despite the promising advantages of Digital Twin healthcare systems, several challenges still 

exist. These include data privacy concerns, lack of standardized healthcare datasets, 

interoperability limitations between healthcare platforms, computational complexity, and ethical 

issues related to AI decision-making [8]. 

This literature review aims to analyze existing research on AI-based personalized drug response 

prediction and virtual treatment simulation using Digital Twin technology. The paper also 

examines various methodologies, identifies research gaps, and highlights future opportunities in 

this rapidly evolving research domain. 

Against this background, the present review is guided by four primary research questions: (RQ1) 

What AI and machine learning methodologies have been applied to Digital Twin-based drug 

response prediction, and what levels of predictive accuracy have been reported? (RQ2) How do 

existing Digital Twin frameworks integrate heterogeneous healthcare data sources to enable 

virtual treatment simulation? (RQ3) What are the principal technical, ethical, and clinical 

challenges impeding large-scale deployment of AI-based healthcare Digital Twins? (RQ4) What 

future research directions are most likely to advance the field toward clinically viable, privacy-

preserving, and explainable Digital Twin solutions? The scope of this review is deliberately 

focused on the intersection of AI, Digital Twin technology, and personalized medicine, covering 

primary research published between 2020 and 2025. Studies examining Digital Twins in non-

clinical industrial contexts, or AI applications in healthcare without a Digital Twin component, 

fall outside this scope. The significance of this work lies in its systematic synthesis of a rapidly 

expanding interdisciplinary literature, providing researchers and clinicians with a consolidated 

understanding of current methodological advances, persistent limitations, and strategically 

important directions for future investigation. 

 

2. Background and Conceptual Overview 

2.1 Artificial Intelligence in Healthcare 

Artificial Intelligence refers to computational systems capable of performing tasks that typically 

require human intelligence. In healthcare, AI technologies are used for disease diagnosis, medical 

imaging analysis, treatment planning, predictive analytics, robotic surgery, and personalized 

medicine [1]. 
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Machine Learning and Deep Learning algorithms have significantly improved the accuracy of 

medical predictions and patient monitoring systems. AI models can process large volumes of 

heterogeneous healthcare data and identify complex relationships that may not be easily 

recognized by human experts [9]. 

2.2 Personalized Medicine 

Personalized medicine focuses on tailoring treatment strategies according to individual patient 

characteristics such as genetic makeup, lifestyle, environmental conditions, and medical history. 

Personalized treatment reduces adverse drug reactions and increases therapeutic effectiveness 

[10]. 

Drug response prediction is a critical component of personalized medicine because different 

patients may respond differently to the same drug due to biological variations. Identifying these 

variations computationally allows clinicians to prescribe optimized, patient-specific therapies [11]. 

2.3 Digital Twin Technology 

Digital Twin technology originated in industrial systems for predictive maintenance and 

operational optimization. Recently, it has been adapted to healthcare applications for patient 

monitoring and treatment planning [5, 12]. 

A healthcare Digital Twin consists of five core layers that enable end-to-end virtual patient 

modeling: 

1. Physical Patient System — the actual biological entity being modeled. 

2. Data Acquisition Layer — continuous collection of physiological and clinical data. 

3. AI and Analytics Engine — processes collected data using ML and DL algorithms. 

4. Virtual Simulation Environment — executes drug and treatment simulations on the 

virtual patient. 

5. Feedback and Optimization Layer — refines predictions based on new incoming data. 

Digital Twins continuously receive real-time data from wearable devices, IoT sensors, EHR 

systems, and laboratory reports to maintain synchronization between the physical patient and the 

virtual model [13]. 

2.4 Virtual Treatment Simulation 

Virtual treatment simulation involves testing treatment plans within the Digital Twin before actual 

clinical implementation. The simulation predicts: 

• Drug effectiveness and therapeutic outcome probability 

• Possible adverse drug reactions and side effects 

• Optimal dosage selection and timing 

• Disease progression under various therapeutic scenarios 

• Recovery probability and long-term patient outcomes 

This approach minimizes treatment risks and supports evidence-based clinical decision-making, 

significantly improving patient safety before real-world drug administration [6, 14]. 

 

3. Literature Review 

Recent studies have explored the integration of AI and Digital Twin technologies in healthcare for 

personalized drug response prediction and treatment simulation. This section categorizes and 

analyzes representative works across key methodological approaches. 

3.0 Literature Search and Study Selection Methodology 

A structured literature search was conducted across multiple academic databases and digital 

libraries to identify relevant publications on AI-based Digital Twin systems for personalized drug 

https://doi.org/10.66261/bdngz055
http://creativecommons.org/licenses/by/4.0/


Interdisciplinary Journal of AI, Machine Learning & Data Science 

(IJAIMLDS) 

   ISSN: 3139-3527 | April-June-Issue, Vol. 1, No. 2 (2026) | DOI: 10.66261/bdngz055 

 

© 2026 The Author(s) | Published by - Scholiora Research Publications     
                     Creative Commons Attribution 4.0 International License (CC BY 4.0) 

response prediction and virtual treatment simulation. The primary databases searched included 

IEEE Xplore, PubMed/MEDLINE, Scopus, Web of Science, and Google Scholar. Additional 

searches were performed on publisher platforms including Elsevier ScienceDirect, Springer Link, 

Wiley Online Library, and ACM Digital Library to ensure comprehensive coverage of 

interdisciplinary research at the intersection of computer science, biomedical engineering, and 

clinical informatics. 

The search strategy employed a combination of Boolean operators and controlled vocabulary 

terms. Core search strings included combinations of: (“Digital Twin” OR “digital patient model” 

OR “virtual patient”) AND (“Artificial Intelligence” OR “Machine Learning” OR “Deep 

Learning”) AND (“drug response prediction” OR “treatment simulation” OR “personalized 

medicine” OR “precision healthcare”). Supplementary searches were conducted using domain-

specific terms such as “federated learning healthcare,” “explainable AI clinical decision support,” 

“reinforcement learning dosage optimization,” and “IoT healthcare monitoring Digital Twin.” 

Inclusion criteria required that studies: (i) be published in peer-reviewed journals or conference 

proceedings between January 2020 and April 2025; (ii) present original research, systematic 

reviews, or substantive methodological contributions; (iii) directly address AI or machine learning 

applications within a Digital Twin, virtual patient, or computational simulation framework for 

healthcare; and (iv) be available in full text in English. Studies were excluded if they: addressed 

Digital Twin systems exclusively in non-healthcare industrial domains; described AI healthcare 

applications without a simulation or virtual modeling component; appeared as non-peer-reviewed 

grey literature, short abstracts, or editorial commentary; or were duplicate publications of the same 

underlying research. The selection process proceeded in two stages: initial title and abstract 

screening by both authors independently to eliminate clearly irrelevant records, followed by full-

text review of potentially eligible studies to confirm final inclusion based on the stated criteria. 

Disagreements were resolved through discussion and consensus. A total of eighteen representative 

studies were ultimately selected for detailed review and comparative analysis, covering the period 

from 2020 to 2025 and spanning cardiovascular, oncological, endocrinological, and critical care 

application domains. 

3.1 Machine Learning-Based Digital Twin Frameworks 

Smith et al. [1] proposed a Machine Learning-based healthcare Digital Twin framework for 

predicting cardiovascular drug responses using Electronic Health Records and wearable sensor 

data. Their model achieved improved prediction accuracy compared to traditional statistical 

approaches. The system demonstrated strong potential for real-world clinical deployment; 

however, the study faced limitations related to real-time scalability, as performance degraded 

when processing continuous, high-frequency patient data streams. 

3.2 Deep Learning for Cancer Treatment Simulation 

Wang and Lee [2] developed a Deep Learning framework for cancer treatment simulation using 

patient genomic data and Digital Twin architecture. The framework successfully simulated 

chemotherapy responses and optimized treatment selection for individual patients. Nevertheless, 

the computational requirements of the system were extremely high, requiring dedicated GPU 

infrastructure. This limits widespread clinical adoption without significant infrastructure 

investment. 

3.3 Reinforcement Learning for Dosage Optimization 

Patel et al. [3] utilized Reinforcement Learning techniques to optimize medication dosage for 

diabetic patients within a Digital Twin environment. Their approach demonstrated adaptive 

treatment optimization based on patient feedback and historical health records. The model 

dynamically adjusted insulin dosage recommendations in response to changing blood glucose 

patterns, outperforming static rule-based approaches in simulated patient trials. 
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3.4 IoT-Enabled Continuous Patient Monitoring 

Johnson et al. [4] introduced an IoT-enabled Digital Twin healthcare model that integrated 

wearable devices with cloud-based AI analytics. The proposed model enabled continuous patient 

monitoring and early disease prediction. Their system leveraged real-time biometric streams 

including heart rate, blood pressure, and oxygen saturation to trigger early clinical interventions, 

demonstrating measurable improvements in patient outcomes. 

3.5 Explainable AI in Clinical Decision Support 

Chen et al. [5] investigated Explainable AI (XAI) techniques for improving transparency in 

Digital Twin healthcare systems. Their study highlighted the importance of interpretable AI 

models in clinical decision-making, noting that black-box predictions hinder physician adoption. 

By integrating SHAP (SHapley Additive exPlanations) values into their Digital Twin framework, 

they significantly improved clinician trust and model transparency. 

3.6 Multimodal Predictive Analytics for Personalized Treatment 

Garcia and Thomas [6] proposed a predictive analytics framework for personalized treatment 

planning using multimodal healthcare data. Their model combined clinical records, imaging data, 

and genomic datasets to improve drug response prediction. The fusion of heterogeneous data 

sources provided richer patient representations and improved treatment outcome forecasting 

compared to single-modality approaches. 

3.7 Cloud-Assisted Digital Twin for Intensive Care 

Kumar et al. [7] presented a cloud-assisted Digital Twin framework for virtual patient simulation 

in intensive care environments. Their study focused on reducing latency and improving real-time 

synchronization between the physical patient and the virtual model. The cloud infrastructure 

enabled distributed processing of high-frequency ICU sensor data, improving the responsiveness 

of virtual patient updates. 

3.8 Blockchain Integration for Healthcare Security 

Several studies have emphasized the importance of integrating blockchain technology with 

healthcare Digital Twins to enhance data security and privacy management [11]. Blockchain-

based frameworks provide immutable audit trails for patient data access, ensuring compliance 

with healthcare regulations while enabling secure inter-institutional data sharing for collaborative 

AI model training. 

Overall, existing research demonstrates the significant potential of AI-based Digital Twin systems 

in personalized medicine. However, challenges related to data integration, privacy preservation, 

computational scalability, and model explainability remain major research concerns that must be 

addressed for large-scale clinical implementation. 

 

4. Comparative Analysis of Existing Studies 

Table 1 summarizes the key techniques, application areas (including dataset and implementation 

context), advantages, and limitations of representative works reviewed in this literature survey. 

This comparative analysis highlights the diversity of methodological approaches and the specific 

clinical problems each study addresses. 

 

Table 1. Comparative Analysis of AI-Based Digital Twin Studies for Healthcare 

Author Year Technique Used 
Application 

Area 
Advantages Limitations 
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Author Year Technique Used 
Application 

Area 
Advantages Limitations 

Smith et 

al. 

2021 Machine 

Learning 

Cardiovascular 

Drug 

Prediction; 

EHR + 

wearable 

sensor data; 

clinical Digital 

Twin 

deployment 

simulation 

High prediction 

accuracy 

Limited 

scalability 

Wang and 

Lee 

2022 Deep Learning Cancer 

Treatment 

Simulation; 

patient 

genomic + 

imaging data; 

chemotherapy 

response 

optimization 

Improved 

treatment 

optimization 

High 

computational 

cost 

Patel et 

al. 

2020 Reinforcement 

Learning 

Diabetes 

Management; 

continuous 

glucose 

monitor + 

historical EHR 

data; simulated 

insulin dosage 

trials 

Adaptive dosage 

optimization 

Requires 

continuous data 

Johnson 

et al. 

2023 IoT + AI Real-time 

Patient 

Monitoring; 

IoT biometric 

streams (HR, 

BP, SpO2) via 

wearable 

sensors; cloud-

based AI 

analytics 

platform 

Continuous 

healthcare 

monitoring 

Data privacy 

concerns 

Chen et 

al. 

2024 Explainable AI Clinical 

Decision 

Support; multi-

Improved 

interpretability 

Reduced model 

complexity 
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Author Year Technique Used 
Application 

Area 
Advantages Limitations 

modal clinical 

data; SHAP-

integrated 

Digital Twin 

for physician 

explainability 

Garcia 

and 

Thomas 

2021 Predictive 

Analytics 

Personalized 

Medicine; 

multimodal 

dataset (clinical 

records, 

imaging, 

genomic); 

treatment 

outcome 

forecasting 

Multimodal data 

integration 

Complex 

implementation 

Kumar et 

al. 

2022 Cloud 

Computing + DT 

Intensive Care 

Simulation; 

high-frequency 

ICU sensor 

data; cloud-

distributed 

edge 

processing for 

virtual patient 

synchronization 

Reduced latency Infrastructure 

dependency 

Silva et 

al. 

 

2025 AI, Digital Twin, 

Predictive 

Analytics 

Personalized 

Medicine; 

multi-source 

patient data 

(EHR, 

genomics, 

imaging); 

patient-specific 

treatment 

prediction and 

simulation 

Improved patient-

specific treatment 

prediction and 

simulation 

Data integration 

and privacy 

challenges 

Sadée et 

al. 

2025 Medical Digital 

Twin, AI, 

Multimodal Data 

Analytics 

Precision 

Medicine and 

Healthcare AI 

Real-time patient 

monitoring and 

treatment 

optimization; 

multimodal 

High 

computational 

complexity and 

regulatory issues 
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Author Year Technique Used 
Application 

Area 
Advantages Limitations 

clinical + 

genomic data; 

precision 

medicine AI 

platform across 

multiple 

institutions 

De 

Domenico 

et al. 

2025 
Complex 

Systems 

Modeling, AI-

based Digital 

Twins 

 

Precision 

Medicine; 

complex 

systems 

modeling using 

diverse patient 

cohort data; 

disease-specific 

Digital Twin 

simulation 

Better 

understanding of 

patient-specific 

disease behavior 

Interoperability 

and scalability 

limitations 

 

As evident from Table 1, each methodological approach offers unique strengths tailored to 

specific clinical domains. Machine Learning frameworks excel in prediction accuracy for 

structured EHR data, while Deep Learning approaches handle complex genomic and imaging data 

more effectively. Reinforcement Learning provides adaptive dosage optimization capabilities, and 

IoT-integrated systems support continuous real-time monitoring. The recurring limitations — 

scalability, computational cost, and data privacy — motivate the research gaps identified in the 

following section. 

 

5. Research Gaps 

Although significant progress has been achieved in AI-driven healthcare systems and Digital Twin 

technologies, several critical limitations still hinder their large-scale adoption in personalized 

medicine and virtual treatment simulation. Identifying these research gaps is essential for 

developing more reliable, scalable, and clinically applicable healthcare Digital Twin systems. 

5.1 Lack of Standardized and High-Quality Healthcare Datasets 

Most existing research studies use limited, institution-specific, or privately collected healthcare 

datasets. These datasets often vary in structure, quality, size, and format, making it difficult to 

compare models and reproduce experimental results. Healthcare data is highly heterogeneous and 

includes EHRs, genomic and proteomic data, medical imaging, wearable sensor data, laboratory 

reports, and lifestyle and behavioral data. The absence of globally standardized healthcare data 

formats creates challenges in training generalized AI models for Digital Twin systems. 

Future research should focus on developing standardized healthcare data frameworks, creating 

publicly available multimodal datasets, improving data annotation quality, and establishing 

interoperable healthcare data standards. 
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5.2 Data Privacy and Security Challenges 

Healthcare information is extremely sensitive and vulnerable to cyberattacks, unauthorized access, 

and data leakage. Digital Twin systems continuously collect and process real-time patient data, 

increasing security risks. AI-powered healthcare platforms often rely on cloud computing and 

distributed storage systems, which may expose patient information to privacy breaches. Major 

security concerns include unauthorized data access, identity theft, data tampering, cybersecurity 

attacks, and lack of secure healthcare communication protocols. 

Researchers must explore blockchain-enabled healthcare security, Federated Learning approaches, 

privacy-preserving AI algorithms, secure encryption frameworks, and ethical AI governance 

mechanisms. 

5.3 Limited Real-Time Adaptability of Digital Twins 

A major limitation of current healthcare Digital Twins is their inability to efficiently adapt to 

continuously changing patient conditions in real time. Human physiological conditions change 

dynamically due to medication effects, environmental conditions, lifestyle changes, disease 

progression, and emotional and psychological factors. Many existing Digital Twin models rely on 

static or periodically updated datasets instead of continuous real-time synchronization. 

Future systems should focus on real-time AI model updating, edge computing integration, 

continuous patient monitoring, dynamic simulation architectures, and low-latency healthcare 

analytics. 

 

6. Popular Technologies Used in AI Based Model for Digital Twin Modeling 

The development of AI-based Digital Twin systems for personalized healthcare depends on the 

convergence of multiple cutting-edge technologies. Each technology contributes a distinct 

functional capability, and their integration enables the creation of comprehensive, data-driven 

virtual patient models capable of simulating drug responses and predicting treatment outcomes. 

The following subsections discuss the most prominent technologies employed in this domain. 

6.1 Machine Learning and Deep Learning 

Machine Learning (ML) constitutes the foundational analytical layer of AI-based Digital Twin 

systems in healthcare. Supervised learning algorithms such as Random Forests, Support Vector 

Machines (SVM), and Gradient Boosting have demonstrated reliable performance in structured 

clinical data analysis, including Electronic Health Record (EHR) processing and 

pharmacogenomic profiling [1]. These methods excel in classification and regression tasks where 

labeled training data is available, such as predicting adverse drug reactions or estimating patient-

specific therapeutic dosages. 

Deep Learning (DL) extends these capabilities by enabling the automated extraction of high-level 

features from complex, high-dimensional datasets such as medical imaging, genomic sequences, 

and time-series physiological signals [2]. Architectures including Convolutional Neural Networks 

(CNNs), Recurrent Neural Networks (RNNs), Long Short-Term Memory (LSTM) networks, and 

Transformer models are widely applied in Digital Twin healthcare systems. CNNs are particularly 

effective for radiological and histopathological image analysis, while LSTMs and Transformers 

handle temporal patient data such as continuous vital sign monitoring and longitudinal EHR 

trajectories. However, Deep Learning models require large, high-quality datasets and considerable 

computational resources, which may constrain their application in resource-limited clinical 

environments [14] as shown in figure 1 and figure 2. 
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Figure 1: Representative AI/ML model architectures applied in healthcare Digital Twin systems. 

Source: Author-created based on reviewed literature.  

 

 

     

   

Figure 2: Deep Learning network architectures used for drug response prediction and treatment 

simulation. Source: Author-created based on reviewed literature. 

 

6.2 Reinforcement Learning 

Reinforcement Learning (RL) has emerged as a powerful paradigm for dynamic treatment 

optimization within Digital Twin environments. RL agents interact with patient-specific virtual 

simulation environments, learning adaptive treatment policies by maximizing long-term 

cumulative reward signals representative of patient health outcomes [3]. This approach is 

particularly well-suited to sequential decision-making problems such as insulin dosage titration, 
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chemotherapy scheduling, and sepsis management, where treatment decisions must evolve in 

response to continuously changing physiological states. Unlike static supervised models, RL 

frameworks dynamically refine treatment strategies based on feedback received from the Digital 

Twin simulation, enabling genuinely personalized, outcome-driven clinical guidance. 

Nevertheless, the training of RL agents requires careful reward function design and high-fidelity 

patient simulators, both of which remain active areas of research [7]. 

6.3 Internet of Things and Wearable Devices 

The Internet of Things (IoT) constitutes the primary data acquisition infrastructure for real-time 

Digital Twin synchronization. IoT-enabled medical devices and wearable sensors continuously 

capture physiological parameters such as heart rate, blood pressure, blood glucose levels, body 

temperature, oxygen saturation, and electrocardiographic signals [4]. These data streams are 

transmitted to cloud or edge computing platforms where they are processed and integrated into the 

patient Digital Twin to maintain an up-to-date virtual representation of the physical patient. 

Wearable devices such as smartwatches, continuous glucose monitors, and implantable biosensors 

extend monitoring beyond clinical settings into patients’ daily environments, thereby supporting 

longitudinal, real-world data collection. Despite these advantages, IoT-based data collection raises 

concerns related to data heterogeneity, sensor calibration variability, network latency, and 

cybersecurity vulnerabilities that may compromise data integrity [8] as shown in figure 3. 

 

Figure 3: IoT and Wearable Device ecosystem for real-time Digital Twin data acquisition in 

healthcare. Source: Author-created based on reviewed literature [4, 8]. 

6.4 Edge Computing and Cloud Computing 

Cloud computing platforms such as Amazon Web Services (AWS), Microsoft Azure, and Google 

Cloud provide the scalable computational infrastructure required for training and deploying large 

AI models within Digital Twin healthcare systems [7]. The distributed processing capabilities of 

cloud platforms enable the concurrent analysis of multi-source patient data, including EHRs, 

imaging datasets, and real-time sensor streams, with high throughput and availability. Edge 

computing complements cloud infrastructure by enabling low-latency, on-device data processing 

at the point of care. By performing initial data preprocessing and inference at the edge, these 

systems reduce the volume of data transmitted to centralized cloud servers, thereby minimizing 

network bandwidth consumption and latency-sensitive delays that are critical in real-time clinical 

monitoring scenarios [13]. The combination of edge and cloud computing forms a hierarchical 

architecture that balances responsiveness with computational depth in AI-based Digital Twin 

systems. 
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6.5 Blockchain and Federated Learning 

Blockchain technology provides a decentralized, cryptographically secured framework for 

managing patient data provenance, access control, and audit trails within Digital Twin ecosystems 

[11]. By recording every data access and modification event on an immutable distributed ledger, 

blockchain ensures data integrity and facilitates regulatory compliance with standards such as the 

Health Insurance Portability and Accountability Act (HIPAA) and the General Data Protection 

Regulation (GDPR). This technology is particularly valuable in multi-institutional Digital Twin 

deployments where patient data must be shared across organizational boundaries without 

compromising privacy or security. 

Federated Learning (FL) addresses data privacy constraints by enabling collaborative AI model 

training across multiple healthcare institutions without the need to centralize sensitive patient data 

[10]. In a Federated Learning setup, each participating institution trains a local model on its own 

dataset and shares only encrypted model gradients or parameters with a central aggregation server. 

The aggregated global model benefits from diverse, multi-institutional training data, leading to 

improved generalization, while patient data never leaves the institution’s secure infrastructure. 

Although Federated Learning introduces complexities related to communication overhead, non-

independent data distributions, and model convergence stability, it represents a promising 

approach for privacy-preserving, large-scale Digital Twin model development [15] as shown in 

figure 4. 

 

Figure 4: Blockchain and Federated Learning architecture for privacy-preserving Digital Twin 

data management. Source: Author-created based on reviewed literature [10, 11]. 

6.6 Explainable AI, Natural Language Processing, and Big Data Analytics 

Explainable AI (XAI) techniques such as SHAP (SHapley Additive exPlanations), LIME (Local 

Interpretable Model-agnostic Explanations), and attention-based visualization mechanisms are 

increasingly integrated into Digital Twin healthcare systems to enhance model transparency and 

clinical interpretability [5]. XAI enables physicians to understand the reasoning behind AI-

generated treatment recommendations, improving clinician trust, regulatory acceptance, and 

patient safety in clinical decision support applications. Natural Language Processing (NLP) plays 

a complementary role by enabling the extraction of clinically relevant information from 

unstructured textual sources including clinical notes, discharge summaries, medical literature, and 

radiology reports. NLP pipelines employing transformer-based models such as BERT and 

BioBERT facilitate semantic understanding of medical text, enriching Digital Twin data 

representations with narrative clinical knowledge. Big Data Analytics frameworks including 
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Apache Hadoop, Apache Spark, and distributed database systems underpin the efficient 

processing of large-scale, heterogeneous healthcare datasets generated by IoT sensors, EHR 

systems, and genomic sequencing platforms [12]. Together, these technologies form the analytical 

intelligence layer of AI-based Digital Twin systems, transforming raw healthcare data into 

actionable clinical insights as shown in figure 5 and figure 6. 

     

 

Figure 5: Explainable AI (XAI) techniques applied in clinical Digital Twin decision support 

systems. Source: Author-created based on reviewed literature [5].      

                                                           

      

 Figure 6: Big Data Analytics pipeline for processing heterogeneous healthcare datasets in 

Digital Twin systems. Source: Author-created based on reviewed literature [12]. 

7. Existing Architecture of AI Based Model For Digital Twin Modeling 

The architectural design of AI-based Digital Twin systems in healthcare is inherently multi-

layered, reflecting the complexity of integrating real-time patient data acquisition, advanced 

machine learning analytics, virtual simulation, and clinical feedback into a unified computational 
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framework. Existing architectures, as described in recent literature, typically follow a hierarchical 

layer model that enables end-to-end data flow from physical patient sensors to actionable clinical 

intelligence [7, 13]. The following subsections describe each architectural layer and the manner in 

which patient data flows through the system. 

7.1 Data Collection Layer 

The data collection layer serves as the primary interface between the physical patient and the 

Digital Twin system. This layer aggregates heterogeneous patient data from diverse sources 

including IoT-enabled wearable sensors, implantable medical devices, EHR systems, laboratory 

information systems, medical imaging platforms, genomic sequencing instruments, and clinical 

questionnaires [4]. Data modalities collected at this layer include continuous vital signs, 

biochemical laboratory values, radiological images, genetic and proteomic profiles, medication 

histories, and patient-reported outcome measures. The quality and comprehensiveness of data 

acquired at this foundational layer directly determines the fidelity and predictive accuracy of the 

patient Digital Twin. Standardized healthcare data exchange protocols such as HL7 FHIR (Fast 

Healthcare Interoperability Resources) and DICOM (Digital Imaging and Communications in 

Medicine) are employed to facilitate interoperable data aggregation across disparate clinical 

information systems [8]. 

7.2 Data Processing and Integration Layer 

Raw patient data collected from heterogeneous sources undergoes preprocessing, normalization, 

and integration at the data processing layer before being forwarded to the AI analytics 

components. This layer performs essential data engineering operations including noise filtering, 

missing value imputation, data deduplication, format standardization, and feature engineering [6]. 

Temporal alignment of asynchronously sampled physiological signals is a particularly critical 

preprocessing step in real-time Digital Twin systems, as data streams from different IoT sensors 

may arrive at different sampling frequencies and with variable transmission latency. Edge 

computing nodes deployed proximal to data sources handle initial preprocessing to reduce the 

volume and latency of data transmitted to centralized processing infrastructure. Processed and 

integrated data is subsequently organized into structured patient data objects that serve as inputs to 

the AI analytics layer [13]. 

7.3 AI Analytics Layer 

The AI analytics layer constitutes the cognitive core of the Digital Twin architecture, housing the 

machine learning, deep learning, and reinforcement learning models responsible for predictive 

analysis and clinical decision support. This layer receives preprocessed, multi-modal patient data 

and executes a range of analytical tasks including drug response prediction, disease progression 

modeling, adverse event risk stratification, and treatment outcome forecasting [1, 2]. Predictive 

models operating within this layer are trained on historical patient datasets and continuously 

updated with incoming real-time data to maintain temporal relevance. Ensemble learning 

architectures that combine predictions from multiple specialized models have demonstrated 

improved robustness and generalization compared to single-model approaches. The AI analytics 

layer also incorporates Explainable AI modules that generate interpretable prediction rationales to 

support clinician review and regulatory compliance [5]. Model outputs from this layer are 

subsequently passed to the Digital Twin simulation layer for virtual patient state representation 

and scenario testing. 

7.4 Digital Twin Simulation Layer 

The Digital Twin simulation layer maintains and executes the dynamic virtual patient model, 

integrating AI-derived predictive outputs with physiological computational models to simulate 

patient health states, disease trajectories, and pharmacological treatment responses [9]. This layer 

leverages both mechanistic physiological models (such as pharmacokinetic and pharmacodynamic 

models) and data-driven AI models in a hybrid simulation framework that balances biological 
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interpretability with predictive accuracy. Virtual treatment scenarios — such as the administration 

of candidate drugs at varying dosages, combination therapy regimens, or surgical interventions — 

can be tested within the simulation environment without exposure to the actual patient, enabling 

risk-free evaluation of treatment options before clinical implementation [6, 14]. The simulation 

layer maintains a continuously updated digital replica of the patient by assimilating incoming real-

time sensor data, ensuring that virtual patient states remain synchronized with the physical 

patient’s current clinical condition. 

7.5 Communication, Cloud Integration, and Feedback Layer 

The communication layer governs the bidirectional exchange of data and control signals between 

all architectural components, including IoT devices, edge nodes, cloud servers, clinical 

information systems, and end-user interfaces. Secure, low-latency communication protocols 

including MQTT (Message Queuing Telemetry Transport), HL7 FHIR APIs, and RESTful web 

services facilitate interoperable, real-time data transmission across heterogeneous system 

components [4, 13]. Cloud and edge integration enables the hierarchical distribution of 

computational workloads: computationally intensive AI model training and large-scale simulation 

tasks are executed in cloud environments, while latency-critical preprocessing and inference tasks 

are handled by edge computing nodes deployed closer to the data source. 

The feedback and optimization layer completes the closed-loop Digital Twin architecture by 

continuously incorporating clinical outcomes, treatment effectiveness data, and new patient 

observations back into the AI models and simulation engine [7]. This feedback mechanism 

enables progressive model refinement and ensures that the Digital Twin’s predictive accuracy 

improves over time as additional patient-specific data becomes available. Clinician-facing 

dashboards and decision support interfaces present Digital Twin outputs in interpretable, 

actionable formats, translating complex AI predictions into treatment recommendations that 

physicians can evaluate and act upon in clinical practice. The entire data flow — from sensor 

acquisition through preprocessing, AI analytics, simulation, and clinical feedback — operates as 

an integrated, continuously evolving cycle that defines the fundamental operational architecture of 

AI-based Digital Twin systems in personalized healthcare. The multi-layer architecture depicted in 

Figure 7 is not presented as a novel authorial contribution; rather, it represents a conceptual 

synthesis drawn from the architectural descriptions collectively reported across the reviewed 

literature [4, 7, 9, 13], and is intended to illustrate the common structural patterns that characterize 

existing AI-based Digital Twin systems. Complete process as shown in Figure 7. 
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                 Figure 7: Synthesized multi-layer architecture of AI-based Digital Twin systems for personalized healthcare, 

illustrating the end-to-end data flow from physical patient sensing through AI analytics, virtual simulation, and 

clinical feedback. Note: This architectural diagram is not proposed as a novel contribution by the authors; 

rather, it is synthesized and conceptually consolidated from the architectural descriptions reported across 

multiple representative studies reviewed in this paper [4, 7, 9, 13]. It serves to illustrate the common structural 

patterns identified in the existing literature. Source: Author-created based on synthesized review of existing 

literature. 

 

8. Challenges In AI Based Model For Digital Twin Modeling 

Despite the substantial progress made in AI-based Digital Twin modeling for healthcare, the 

widespread clinical adoption of these systems is impeded by a range of technical, ethical, 

regulatory, and infrastructural challenges. Understanding these challenges in depth is essential for 

researchers and practitioners seeking to develop robust, scalable, and clinically trustworthy Digital 

Twin solutions. The following subsections present a comprehensive discussion of the most critical 

challenges identified in the current literature. 

8.1 Data Privacy, Security, and Ethical Concerns 

Healthcare data is among the most sensitive categories of personal information, and its continuous 

collection, transmission, and processing within AI-based Digital Twin systems introduces 

significant privacy and security risks. Digital Twin architectures rely on real-time data streams 

from IoT devices, wearable sensors, and cloud platforms, all of which represent potential vectors 

for unauthorized data access, interception, and cyberattacks [8, 11]. Data breaches in healthcare 

settings may result in identity theft, insurance fraud, discrimination, and severe psychological 

harm to patients. Compliance with healthcare data protection regulations such as HIPAA and 

GDPR is mandatory but technically challenging in distributed, multi-stakeholder Digital Twin 

ecosystems. Beyond security, significant ethical concerns arise from the deployment of AI-driven 

decision-making in clinical contexts. Questions regarding patient autonomy, informed consent for 
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Digital Twin data usage, algorithmic accountability, and the potential dehumanization of clinical 

care demand careful ethical governance frameworks. The integration of Federated Learning and 

differential privacy mechanisms has been proposed as a technical means of mitigating privacy 

risks, although these approaches introduce trade-offs between privacy protection and model utility 

[10]. 

8.2 Interoperability and Data Quality 

Healthcare information systems across different institutions and geographical regions employ 

heterogeneous data formats, terminologies, and communication protocols, creating substantial 

interoperability barriers for Digital Twin data integration [12]. The lack of universal data 

standardization impedes seamless data exchange between EHR platforms, laboratory information 

systems, medical imaging archives, and IoT device ecosystems. Even when standardized protocols 

such as HL7 FHIR are adopted, semantic interoperability — ensuring that data from different 

sources is interpreted consistently with the same clinical meaning — remains an unresolved 

challenge. Closely related to interoperability is the issue of data quality. Clinical datasets are 

frequently characterized by missing values, measurement noise, systematic biases, inconsistent 

coding practices, and incomplete patient records resulting from irregular care pathways [8]. Poor 

data quality directly degrades the predictive accuracy and reliability of AI models trained within 

Digital Twin systems, potentially leading to erroneous treatment recommendations with adverse 

clinical consequences. Robust data governance frameworks, standardized clinical ontologies, and 

automated data quality assessment pipelines are required to address these challenges at scale. 

8.3 Computational Complexity, Scalability, and Infrastructure Cost 

The computational demands of AI-based Digital Twin systems are considerable, encompassing 

real-time data ingestion, multi-modal data preprocessing, large-scale AI model training and 

inference, and high-fidelity physiological simulation — all of which must operate concurrently 

and with minimal latency in clinical environments [2, 7]. Deep Learning models employed for 

genomic analysis or medical image processing are particularly computationally intensive, 

requiring specialized GPU or TPU hardware infrastructure. The challenge is compounded when 

Digital Twin systems must scale from individual patient deployment to population-level 

healthcare monitoring, requiring distributed computing architectures capable of managing 

thousands of concurrent patient Digital Twins. The associated infrastructure costs — including 

high-performance computing hardware, cloud service subscriptions, specialized IoT sensor 

networks, and data storage systems — represent a substantial economic barrier to adoption in 

resource-constrained healthcare environments, particularly in low- and middle-income countries. 

Efficient model compression techniques, federated edge inference, and cost-optimized cloud 

deployment strategies represent active research directions addressing these challenges [15]. 

8.4 Real-Time Synchronization and Model Explainability 

Maintaining accurate real-time synchronization between a patient’s physical condition and their 

corresponding Digital Twin representation is a fundamental technical requirement that remains 

difficult to achieve consistently in clinical practice [13]. Human physiological states fluctuate 

continuously as a result of medication effects, physical activity, emotional states, dietary intake, 

and disease progression. IoT sensor failures, network connectivity interruptions, data transmission 

latencies, and asynchronous sampling rates among heterogeneous sensing devices can all disrupt 

synchronization and introduce temporal inconsistencies into the Digital Twin model, degrading its 

predictive accuracy during critical clinical decision windows. Closely coupled with 

synchronization challenges is the problem of model explainability. State-of-the-art Deep Learning 

architectures, while achieving high predictive performance, operate as largely opaque black-box 

models whose internal decision-making processes are difficult to interpret [5]. In clinical settings, 

physicians are ethically and legally obligated to understand and justify treatment decisions, 

making the deployment of non-interpretable AI models problematic for regulatory acceptance and 
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clinician adoption. Developing AI models that simultaneously achieve high predictive accuracy 

and sufficient interpretability for clinical use remains an open and significant research challenge. 

8.5 Clinical Validation, Regulatory Compliance, and Bias in AI Models 

The translation of AI-based Digital Twin models from research prototypes to validated clinical 

tools requires rigorous prospective clinical validation across diverse patient populations and 

healthcare settings. The majority of existing Digital Twin studies reported in the literature are 

based on retrospective analyses using limited, single-institution datasets, raising concerns about 

generalizability and external validity [1, 6]. Demonstrating clinical safety, efficacy, and 

reproducibility across heterogeneous patient demographics and disease conditions is a prerequisite 

for regulatory approval by bodies such as the United States Food and Drug Administration (FDA) 

and the European Medicines Agency (EMA), yet the complex, adaptive nature of AI models 

creates significant challenges for traditional deterministic regulatory evaluation frameworks. A 

further critical challenge is the presence of systematic bias in AI models trained on healthcare 

datasets that inadequately represent minority populations, elderly patients, or individuals from 

lower socioeconomic backgrounds [5, 12]. Biased AI models may generate differential treatment 

recommendations that exacerbate existing health disparities, particularly in drug response 

prediction applications where genetic and demographic factors significantly influence 

pharmacological outcomes. Addressing this challenge requires the curation of demographically 

diverse training datasets, the application of algorithmic fairness constraints during model training, 

and the continuous post-deployment monitoring of model performance across patient subgroups to 

detect and mitigate emergent bias. The combined challenge of clinical validation, regulatory 

compliance, and bias mitigation represents one of the most consequential barriers to the safe and 

equitable deployment of AI-based Digital Twin systems in personalized medicine. 

9. Conclusion 

Digital Twin technology combined with Artificial Intelligence has emerged as a transformative 

approach for personalized healthcare and drug response prediction. AI-driven Digital Twin 

systems enable virtual patient modeling, predictive treatment simulation, and precision medicine 

by utilizing real-time healthcare data and advanced computational techniques. 

This literature review analyzed recent developments in personalized drug response prediction and 

virtual treatment simulation using Digital Twin modeling. Existing studies by Smith et al. [1], 

Wang and Lee [2], Patel et al. [3], Johnson et al. [4], Chen et al. [5], Garcia and Thomas [6], and 

Kumar et al. [7] demonstrate promising improvements in predictive accuracy, treatment 

optimization, and patient monitoring across cardiovascular, oncological, endocrinological, and 

intensive care domains. 

However, challenges such as data privacy, computational complexity, interoperability, AI 

explainability, and insufficient clinical validation continue to limit large-scale implementation. 

The proposed conceptual framework addresses these challenges by integrating multi-source data 

collection, AI-driven prediction, and Digital Twin simulation within a unified, clinically oriented 

architecture. 

Future advancements in Explainable AI, Federated Learning, IoT integration, and multi-organ 

Digital Twin architectures are expected to further enhance the effectiveness and reliability of 

Digital Twin healthcare systems. The integration of these technologies has the potential to 

revolutionize modern healthcare by enabling safer, smarter, and highly personalized medical 

treatment, ultimately improving patient outcomes and reducing healthcare costs globally. 
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10. Future Research Directions 

Future research in AI-based healthcare Digital Twin systems can focus on the following areas to 

address identified research gaps and enhance clinical applicability. 

10.1 Explainable AI Integration 

Developing transparent and interpretable AI models can improve trust and adoption in clinical 

environments. Integration of XAI techniques such as SHAP, LIME, and attention visualization 

into Digital Twin prediction pipelines will enable clinicians to understand and validate AI-

generated treatment recommendations, improving regulatory acceptance and patient safety. 

10.2 Federated Learning for Privacy Preservation 

Federated Learning can enable collaborative model training without directly sharing sensitive 

patient data. By training AI models locally at individual hospitals and sharing only model 

gradients, Federated Learning preserves patient privacy while enabling the development of 

generalized, robust AI models trained on diverse, multi-institutional patient populations. 

10.3 Real-Time IoT Integration 

Advanced IoT systems and edge computing platforms can improve continuous patient monitoring 

and real-time synchronization of Digital Twins. Low-latency edge processing will enable Digital 

Twin models to update patient states in near-real-time, significantly improving the responsiveness 

and clinical utility of treatment simulation systems. 
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