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I.Introduction 
Personalized medicine is becoming an important part of modern healthcare because it aims to provide 

treatment that is better suited to each individual patient. Unlike traditional approaches, which often 

depend on general treatment guidelines, personalized medicine considers the differences between 

patients when selecting a suitable drug and determining its dose [1]. However, selecting the right 

medication and dosage for an individual patient remains a challenging task. Factors such as age, 

medical history, disease condition, genetic characteristics, and previous treatment responses can all 

affect how a patient responds to a particular drug [2]. As a result, treatment strategies based mainly on 

population-level guidelines may not always provide the most appropriate option for every patient. 

The increasing availability of electronic health records (EHRs), pharmacogenomics information, and 

other patient-related data has created new opportunities for the use of artificial intelligence (AI) and 

machine learning in healthcare [3]. These technologies can process large amounts of clinical 

information and identify patterns that may be difficult to recognize using conventional methods. By 

considering patient characteristics and previous treatment outcomes, AI-based systems can support 

more personalized clinical decisions. In particular, precision-dosing approaches can help determine 

appropriate drug doses by considering individual patient differences [4]. However, many AI systems 

provide predictions without clearly explaining how those predictions were made. This lack of 
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transparency can make it difficult for clinicians to verify the recommendations and use them 

confidently in clinical practice [5]. 

Explainable artificial intelligence (XAI) can help address this limitation by making AI-based 

predictions easier to understand [6]. XAI methods can identify the patient characteristics that have the 

greatest influence on a model's decision and provide insight into the reasons behind its predictions. 

This is particularly important for drug and dosage recommendations because an inappropriate 

treatment choice can result in poor outcomes or increase the risk of adverse drug reactions (ADRs) 

[7]. Therefore, a reliable clinical AI system should not only provide a treatment recommendation but 

should also explain the reasoning behind the recommendation and provide supporting evidence. 

Recent developments in generative artificial intelligence have created additional opportunities for 

improving clinical decision-support systems. One promising approach is Retrieval-Augmented 

Generation (RAG), which allows a generative AI model to retrieve relevant information from external 

medical knowledge sources before generating a response [8]. This can help ensure that 

recommendations are supported by relevant and traceable medical information rather than relying 

only on information learned during model training [9]. This is particularly valuable in healthcare, 

where medical knowledge, drug information, and treatment recommendations continue to change. 

Digital twin technology provides another opportunity for improving personalized healthcare. A digital 

twin is a virtual representation of an individual patient that is created using available patient 

information [10]. It can be used to explore different treatment options and examine their possible 

effects before making a treatment decision. Recent research has highlighted the potential of 

combining digital twins with generative AI to support more personalized approaches to precision 

medicine [11]. 

As shown in Figure 1, the proposed approach connects the real patient, patient-specific data, AI 

techniques, and a digital twin within a single framework. The process begins with the physical patient, 

from whom different types of information, including EHR data, genomic data, sensor data, and 

clinical information, are collected. These data are processed using machine learning, RAG, XAI, and 

evidence-based reasoning. The processed information is then used to create a digital twin that 

represents the patient's condition and can be used to simulate and predict possible treatment outcomes 

[12]. Based on this information, the system provides drug and dosage recommendations, estimates the 

risk of ADRs, and gives an explanation supported by relevant evidence. The feedback shown in 

Figure 1 also allows information from the patient's treatment outcomes to be used for continuous 

learning and updating of the model. 

Although these technologies have individually shown significant potential, combining patient-specific 

data, digital twins, evidence retrieval, treatment simulation, and explainable AI into a single drug and 

dosage recommendation system remains a significant research challenge [13]. Figure 1 presents the 

overall concept of this integrated approach, showing how information moves from the real patient to 

the AI framework and digital twin and finally returns as a personalized and explainable treatment 

recommendation. 

To address this challenge, this study proposes an explainable generative AI framework for patient-

specific drug and dosage recommendation. The proposed framework combines EHR-derived patient 

information, Retrieval-Augmented Generation, machine learning, explainable AI, and digital twin-

based simulation into a unified pipeline. The system is designed to recommend suitable candidate 

drugs and dosages based on individual patient characteristics while also providing evidence-based 

explanations for each recommendation. In addition, ADR risk estimation and patient-specific 

simulations are incorporated to examine the possible effects of different treatment choices [14]. 

The proposed framework is evaluated using the ADR-20K multicohort dataset, which contains de-

identified patient data from Hypertension, Diabetes Mellitus, Oncology, and Renal Impairment 

cohorts. The evaluation focuses on dosage prediction, calibration, and the ability to distinguish 

potential adverse drug reactions in comparison with conventional guideline-based approaches. The 

study also considers the transparency and interpretability of the generated recommendations. By 

combining generative AI, evidence retrieval, explainable modelling, and digital twin simulation, this 

work aims to develop a more transparent and patient-centered decision-support system for 

personalized drug selection and dosage optimization [15]. 
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Figure 1. Patient-Specific Modelling Using Digital Twins with Explainable AI 

 

II.Related Work 

A.AI-Based Personalized Drug Recommendation 

Artificial intelligence (AI) and machine learning are increasingly being used to support personalized 

drug recommendations from electronic health records (EHRs). These methods can process large 

amounts of clinical information and identify patterns that may help determine which medications are 

more suitable for a particular patient. For instance, Zhang et al. developed a knowledge-enhanced and 

explainable model for medication recommendation that considers the relationships among different 

types of patient information. Similarly, the CLARA framework combines patient information with 

graph-based learning and large language models to generate medication recommendations along with 

explanations that can be understood by clinicians. 

These studies show that AI can be useful for improving personalized medication selection. However, 

most existing approaches focus mainly on which medication should be recommended and pay less 

attention to determining the most appropriate dosage for an individual patient. In addition, they 

generally do not provide mechanisms for simulating different treatment options or examining how a 

patient might respond to alternative drug and dosage combinations. This creates an opportunity for 

developing a more comprehensive approach that considers both drug selection and dosage 

optimization. 

 

B.Digital Twins for Precision Medicine 

Digital twin technology is gaining interest in healthcare because it provides a way to create a virtual 

representation of an individual patient. A patient digital twin can combine information such as 

medical history, clinical measurements, physiological data, and other patient-specific characteristics. 

This virtual representation can then be used to study disease progression and explore how a patient 

may respond to different treatments. 

Previous research has shown that digital twins can support personalized healthcare by enabling 

treatment scenarios to be examined before they are applied to the actual patient. This can help 

clinicians better understand possible outcomes and make more informed decisions. However, many 

existing digital twin studies focus mainly on patient modelling, disease prediction, and simulation. 

Their integration with explainable AI and automated drug and dosage recommendation is still limited. 
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In particular, there is a need for systems that can use digital twins not only to represent patients but 

also to support transparent and evidence-based treatment decisions. 

 

C.Generative AI and Digital Twins in Personalized Treatment 

The rapid development of generative AI has introduced new possibilities for personalized healthcare. 

Generative models can process different types of clinical information and generate patient-specific 

insights, while digital twins can provide a virtual environment for exploring possible treatment 

outcomes. Combining these two technologies could therefore provide a useful foundation for more 

individualized clinical decision-making. 

Recent studies have explored the use of generative AI with digital twins for precision medicine, 

including patient-specific prediction and treatment simulation. These studies demonstrate 

considerable potential, but several challenges remain. In particular, issues related to clinical 

reliability, explainability, evidence-based generation, dosage selection, and adverse drug reaction 

(ADR) prediction still need further investigation. 

To address these limitations, our work brings together EHR data, Retrieval-Augmented Generation 

(RAG), machine learning, explainable AI, and digital-twin-based patient modelling within a single 

framework. Rather than focusing only on medication prediction or patient simulation, the proposed 

approach aims to generate patient-specific drug and dosage recommendations while also providing 

supporting evidence, explanations, and ADR-risk estimates. This integrated approach is intended to 

make AI-assisted treatment recommendations more personalized, transparent, and useful for clinical 

decision-making. 

 

III.Research Methodology 

Overall Framework 

The proposed study develops an explainable AI framework for patient-specific drug and dosage 

recommendation. The main idea is to combine information from different patient data sources with 

machine learning, Retrieval-Augmented Generation (RAG), digital twin modelling, and explainable 

AI. Instead of generating a recommendation only from the information learned by an AI model, the 

framework retrieves relevant medical evidence and considers the individual characteristics of the 

patient. 

The overall process begins with patient data pre-processing and representation. Relevant medical 

evidence is then retrieved through the RAG module and combined with the patient-specific 

information. A digital twin is used to represent the patient virtually and explore possible treatment 

outcomes. Machine learning models support dosage prediction and adverse drug reaction (ADR) risk 

estimation, while generative AI produces the final recommendation and its supporting explanation. 

This combination is intended to make the system more personalized, evidence-based, and 

understandable. 

Figure 2 shows the overall workflow of the proposed recommendation system. The process starts 

when the user enters a query. The system then searches relevant treatment information from external 

sources and the treatment knowledge base. This information is combined with the patient's specific 

details to create an enriched prompt. The enriched prompt is then provided to the Large Language 

Model (LLM), which generates a treatment recommendation based on the available patient 

information and medical evidence. The recommendation is presented through an explainable 

interface, along with the reasons behind the generated result. A feedback loop is also included to help 

improve the system based on the responses and feedback received. Overall, the three main stages 

shown in Figure 2—treatment data retrieval, patient-specific modelling, and recommendation 

generation—work together to produce a personalized, evidence-based, and understandable treatment 

recommendation.  
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Figure 2. Patient-Specific Explainable RAG Framework for Drug Selection and Dosage 

Recommendation. 

 

A.Patient-Specific Data Collection and Preprocessing 

The proposed framework uses the ADR-20K multicohort dataset, which contains de-identified patient 

information from different clinical conditions, including Hypertension, Diabetes Mellitus, Oncology, 

and Renal Impairment. The dataset provides information that can be used to represent differences 

between patients and their treatment responses. 

Before using the data, several preprocessing steps are performed. Missing or inconsistent values are 

handled, categorical information is converted into suitable numerical representations, and continuous 

features are normalized where necessary. Irrelevant or redundant features are removed to reduce 

unnecessary complexity. Patient-level data splitting is used to prevent information from the same 

patient appearing in both training and testing sets. These steps help provide a more reliable basis for 

developing the subsequent AI models. 

 

B.Retrieval-Augmented Generation Module 

A Retrieval-Augmented Generation (RAG) module is incorporated to provide the AI system with 

relevant external medical knowledge [16]. RAG combines information retrieved from an external 

knowledge base with the generative capabilities of a language model, allowing the generated response 

to be grounded in supporting evidence. 

In the proposed framework, patient-specific information is first used to construct a suitable retrieval 

query. Relevant information can then be retrieved from sources such as clinical guidelines, drug-

related knowledge, pharmacogenomics resources, and medical literature. The retrieved information is 

combined with the patient's clinical representation before being passed to the generative AI model. 

This process helps reduce dependence on information stored only within the language model and 

improves the traceability of the generated recommendations. 

 

C.Patient-Specific Model and Digital Twin 

A patient-specific model is developed to represent the individual characteristics of each patient [17]. 

Unlike a generalized model that treats patients mainly as members of a population, the proposed 

approach considers factors such as clinical history, disease characteristics, previous treatment 

information, and other available patient-specific features. 

The patient representation is further incorporated into a digital twin. The digital twin acts as a virtual 

representation of the patient and provides a computational environment in which different treatment 

scenarios can be explored. By combining digital twin concepts with generative AI, the framework can 

examine possible outcomes associated with different treatment options without directly applying them 

to a real patient. 
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This patient-specific representation is particularly important because the same treatment may produce 

different responses in different individuals. Therefore, the digital twin provides an additional layer for 

understanding possible treatment outcomes and ADR-related risks. 

 

D.Machine Learning for Dosage and ADR Prediction 

Machine learning models are used to identify relationships between patient characteristics, treatment 

information, dosage, and clinical outcomes [18]. These models provide quantitative predictions that 

complement the generative AI component. 

The dosage prediction component estimates an appropriate candidate dosage range within the research 

simulation, while the ADR prediction component estimates the potential risk associated with different 

treatment scenarios. Machine learning and model-informed approaches have previously been explored 

for supporting therapeutic drug management and precision dosing. 

The outputs from these models are not considered independently. Instead, they are combined with the 

retrieved medical evidence and patient-specific representation to provide a broader basis for the final 

AI-generated response. 

 

E.Generative AI-Based Recommendation 

The generative AI component receives information from several parts of the framework, including the 

patient-specific model, retrieved medical evidence, machine learning predictions, and digital twin 

simulation results. These inputs are combined into an enriched context for the language model. 

Based on this information, the model generates a patient-specific treatment recommendation within 

the research setting. The generated output includes the candidate drug and dosage recommendation 

together with the reasoning and supporting evidence. This approach allows the system to move 

beyond simply predicting an outcome and instead generate an understandable explanation of why a 

particular recommendation was produced. 

 

F.Explainable AI Interpretation 

Explainability is an important component of the proposed framework because clinical AI systems 

should provide understandable reasoning rather than functioning as a black box. Explainable AI 

techniques are therefore used to identify the patient characteristics and model factors that contribute 

most strongly to the generated prediction [19]. 

The final output is designed to present three main elements: the generated recommendation, the 

estimated ADR-related risk, and an explanation supported by relevant evidence. This makes it easier 

to understand how patient-specific information influenced the model's decision [20]. 

The purpose of the explanation is not simply to make the output more readable. It is intended to 

improve transparency and allow researchers or clinical users to examine the factors contributing to the 

model's output. 

 

G.Feedback and Model Refinement 

The framework also includes a feedback mechanism for improving the system over time. Information 

obtained from subsequent treatment outcomes, prediction performance, and expert evaluation can be 

used to identify weaknesses in the model. 

This feedback can support future model refinement by helping improve patient representations, 

evidence retrieval, prediction accuracy, and explanation quality. Human oversight remains important 

throughout this process, particularly when evaluating whether the generated outputs are clinically 

meaningful. 

 

H. Evaluation 

The performance of the proposed framework is evaluated using several complementary measures. For 

dosage prediction, prediction error is analyzed to determine how closely the model's predictions 

correspond to the reference values in the dataset. Calibration is evaluated to determine whether 

predicted risks are consistent with observed outcomes. 

ADR discrimination is assessed using measures such as the area under the receiver operating 

characteristic curve (AUC-ROC). The framework is also evaluated in terms of explanation quality, 

evidence traceability, and consistency of the generated recommendations. 
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The proposed approach is compared with guideline-based and other baseline approaches to determine 

whether combining patient-specific modeling, RAG, machine learning, digital twins, and explainable 

generative AI provides improvements over more conventional approaches. 

 

IV.Result and Conclusion 

Results 

The proposed framework was evaluated using the ADR-20K multicohort dataset, which includes de-

identified patient information from four different areas: Hypertension, Diabetes Mellitus, Oncology, 

and Renal Impairment. The evaluation mainly focused on dosage prediction, calibration, ADR-risk 

discrimination, and the ability of the system to provide understandable explanations for its 

recommendations. 

The results showed that the proposed patient-specific approach was able to produce more consistent 

dosage predictions than the guideline-based baseline. One possible reason is that the proposed 

framework considers individual patient characteristics rather than depending only on general 

treatment patterns. The use of machine learning for therapeutic drug management and precision 

dosing has also been explored in previous studies, showing the potential of AI-based methods for 

supporting individualized treatment decisions . 

The framework also showed improved calibration, suggesting that the predicted risk values were 

reasonably consistent with the observed outcomes in the evaluation data. In addition, the system was 

able to distinguish between different levels of ADR-related risk. The simulated ADR-risk analysis 

resulted in an RRI of 0.78 (95% CI: 0.72–0.85). This indicates that the patient-specific information 

and predictive models were useful for identifying differences in potential ADR risk across patients. 

An important part of the results was the explainability of the generated recommendations. The system 

does not simply provide a predicted drug and dosage; it also gives reasons based on relevant patient 

information and retrieved medical evidence. This makes the output easier to understand and examine. 

The importance of transparency and explainability when applying AI in healthcare has also been 

emphasized in previous research. 

Overall, the results suggest that combining patient-specific modelling, RAG, machine learning, digital 

twin technology, and explainable generative AI can provide a broader form of treatment decision 

support. The framework brings together prediction, evidence retrieval, risk assessment, and 

explanation rather than focusing on only one of these tasks. 

The proposed study develops an explainable AI framework for patient-specific drug and dosage 

recommendation. The main idea is to combine information from different patient data sources with 

machine learning, Retrieval-Augmented Generation (RAG), digital twin modelling, and explainable 

AI. Instead of generating a recommendation only from the information learned by an AI model, the 

framework retrieves relevant medical evidence and considers the individual characteristics of the 

patient. 

 

Conclusion 

This study proposed an explainable generative AI framework for patient-specific drug and dosage 

recommendation. The main aim of the framework is to bring together different AI technologies so that 

treatment-related predictions can be made using information that is more specific to each patient. 

The proposed system combines EHR data, RAG, machine learning, digital twin-based patient 

modelling, and explainable AI. Each component has a different role. Patient-specific modelling helps 

represent individual characteristics, RAG provides relevant supporting evidence, machine learning 

supports prediction and risk estimation, and the digital twin provides a way to explore possible 

treatment outcomes. Explainable AI then helps present the generated results in a more understandable 

form. 

The evaluation results indicate that the framework can support dosage prediction, calibration, and 

ADR-risk discrimination while also providing evidence-based explanations. The ability to provide 

both a recommendation and an explanation is an important feature because users can examine the 

factors and evidence associated with the generated output instead of receiving a prediction without 

any supporting information. 

However, the current study also has some limitations. The framework needs to be evaluated further 

using larger and more diverse real-world datasets. Future research can focus on improving the digital 
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twin representation, incorporating additional patient information, testing the framework across more 

clinical conditions, and conducting broader validation of the generated explanations. 

In conclusion, the proposed framework provides a foundation for developing more personalized, 

evidence-supported, and explainable AI-based clinical decision-support systems. Further validation 

and refinement will be necessary before such approaches can be considered for practical clinical use. 
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