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Abstract. Personalized medicine represents a crucial direction in modern healthcare. Reinforcement learning, an artificial 
intelligence technique that learns optimal decision strategies through interaction with its environment, demonstrates 
significant potential in optimizing personalized treatment plans. This paper provides a comprehensive review of research 
progress in applying reinforcement learning to personalized treatment plan optimization. First, the background knowledge 
of personalized treatment and reinforcement learning is introduced, elucidating the significance and value of researching 
this topic. Subsequently, reinforcement learning modeling for personalized treatment problems is explored in detail. An in-
depth analysis of algorithmic advancements and technical approaches in reinforcement learning follows. The application 
domain analysis section examines personalized cancer treatment and chronic disease management perspectives. Challenges 
faced by reinforcement learning in personalized treatment are discussed, and future development directions are projected. 
Finally, the paper summarizes the role and significance of reinforcement learning in optimizing personalized treatment plans. 
Research indicates that reinforcement learning holds great promise in providing robust support for optimizing personalized 
treatment strategies, thereby advancing progress in the medical field. 
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Introduction 
With continuous advancements in medical technology, demands for higher quality and personalized healthcare 
services have grown significantly [1]. Traditional one-size-fits-all treatment models struggle to address individual 
patient differences, giving rise to personalized medicine [2]. Personalized treatment aims to tailor optimal 
therapeutic strategies based on patient characteristics, disease status, and treatment responses, thereby 
enhancing therapeutic efficacy, reducing side effects, and improving quality of life [3]. In recent years, the rapid 
development of technologies such as big data and artificial intelligence has provided new opportunities and 
tools for personalized treatment [4]. Reinforcement learning, as a sequential decision-making theory and 
method, can optimize decision strategies through the interactive learning between agents and their 
environment, offering unique advantages in solving personalized treatment plan optimization problems [5]. 

Current research on applying reinforcement learning to optimize personalized treatment plans has achieved 
some progress. Many researchers have applied reinforcement learning to personalized treatments for chronic 
diseases such as cancer, cardiovascular diseases, and diabetes, yielding preliminary results [6]. However, this 
field remains in its developmental stage, facing numerous challenges and issues [7-10]. First, in reinforcement 
learning modeling, accurately formalizing complex medical decision-making processes into reinforcement 
learning problems remains a critical challenge [8]. Second, regarding algorithmic application, existing 
reinforcement learning algorithms often face issues such as low computational efficiency and slow convergence 
when handling large-scale, high-dimensional medical data [9]. Additionally, the interpretability and safety of 
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reinforcement learning algorithms are significant factors limiting their widespread adoption in clinical practice 
[10]. Finally, regarding data acquisition and utilization, obtaining medical data is constrained by privacy 
protection and data security concerns. Moreover, data quality varies significantly, with issues such as missing 
values and noise, posing challenges for training and optimizing reinforcement learning models [11-12]. 

This paper aims to provide a comprehensive and systematic review of research on reinforcement learning in 
optimizing personalized treatment plans. Through an in-depth analysis of the current applications, advantages, 
and limitations of reinforcement learning in personalized treatment, it provides valuable references and 
guidance for research in this field. Specific contributions include: (1) Summarizing typical modeling frameworks 
and methods for reinforcement learning in personalized treatment plan optimization, offering clear pathways 
and frameworks for subsequent research; (2) Providing detailed descriptions and comparative analyses of 
reinforcement learning algorithm applications in personalized treatment, including algorithm characteristics, 
strengths and weaknesses, and applicable scenarios; (3) It explores application cases and effectiveness 
evaluations of reinforcement learning across multiple medical domains such as oncology, chronic diseases, and 
mental health, demonstrating its potential and value in treating various conditions; (4) It analyzes challenges 
faced by reinforcement learning in personalized treatment and proposes future development directions and 
research priorities, offering valuable suggestions for advancing its application in this field. 

Reinforcement Learning Modeling for Personalized Treatment Problems 

Formalization of Medical Decision-Making Processes 

The core of reinforcement learning lies in formalizing decision problems as Markov Decision Processes (MDPs) 
[13]. In personalized treatment, the MDP is defined as follows:1) States describe the patient's health status and 
relevant information, including physiological indicators, medical history, genetic characteristics, current 
symptoms, etc. [13]; 2) Actions represent available treatment options or interventions, such as drug types, 
dosages, administration schedules, surgical plans, etc. [14]; 3) State transition probabilities indicate the 
likelihood of a patient transitioning to the next state given the current state and action. Due to the complexity 
and uncertainty of human physiological processes, these probabilities are often difficult to obtain precisely and 
require estimation through extensive clinical data and expert experience [15]; 4) The reward function measures 
the immediate gain or loss from taking a specific action in a given state. In personalized treatment, reward 
functions are typically linked to treatment efficacy, patient survival time, quality of life, and other factors [16]; 
5) The discount factor weighs the relative importance of immediate versus future rewards, with values ranging 
from [0, 1]. A larger γ value indicates greater emphasis on long-term future benefits, while a smaller γ value 
prioritizes immediate short-term gains. Based on these definitions, Table 1 summarizes the states, actions, and 
rewards in the treatment of common diseases. 

Table 1. States, Actions, and Rewards in the Treatment of Common Diseases 
Disease 

Type State Action Reward 

Diabetes Blood glucose level Blood pressure Body 
weight 

Drug dosage Dietary advice Exercise 
plan 

Days of blood glucose in target 
range Complication rate 

Lung cancer Tumor size Stage Gene expression Chemotherapy plan Radiotherapy 
dosage Targeted drug 

Survival time Quality of life score 
Toxic reactions 

Depression Symptom score Psychological evaluation 
Medication adherence Drug type Psychotherapy plan Symptom remission degree 

As illustrated in Table 1, the abstraction of medical decision-making into well-defined states, actions, and 
rewards forms the foundational basis for implementing reinforcement learning in personalized treatment 
scenarios. This structured representation enables the modeling of diverse clinical conditions—such as diabetes, 
lung cancer, and depression—by capturing the dynamic interplay between patient health indicators, available 
interventions, and clinically relevant outcomes. In practice, the accurate definition and extraction of state 
variables and reward metrics are critical for ensuring that reinforcement learning algorithms can effectively 
interpret patient trajectories and optimize long-term health benefits. By systematically mapping real-world 
clinical processes into the Markov Decision Process (MDP) framework, researchers and practitioners can 
leverage reinforcement learning to navigate the complexities of individualized patient care, laying the 
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groundwork for robust, data-driven treatment optimization. The formal structure of a personalized treatment 
problem in reinforcement learning is typically represented as a Markov Decision Process (MDP). This can be 
formally defined as: 

MDP = ⟨𝑆𝑆, 𝐴𝐴, 𝑃𝑃, 𝑅𝑅, 𝛾𝛾⟩  (1) 

where 𝑆𝑆 denotes the state space, 𝐴𝐴 is the action space, 𝑃𝑃 represents the state transition probabilities, 𝑅𝑅 is the 
reward function, and 𝛾𝛾 is the discount factor. This mathematical formalism provides a systematic foundation for 
modeling sequential medical decision-making, allowing reinforcement learning algorithms to optimize complex 
treatment plans in a structured manner. 

The process of formalizing medical decision-making as a Markov Decision Process (MDP) can be intuitively 
represented through a structural diagram. Figure 1 illustrates the key components of the MDP framework as 
applied to reinforcement learning for medical decision-making, encompassing states, actions, state transitions, 
rewards, and the discount factor. In this context, each patient’s health status is abstracted as a “state,” while 
possible clinical interventions, such as medication or surgery, are modeled as “actions.” The transition from one 
state to another, following an action, is governed by transition probabilities that reflect the uncertainty and 
complexity of human physiology. The “reward” is generally defined according to clinical outcomes, such as 
symptom improvement or adverse event reduction. The discount factor, meanwhile, is used to balance the 
importance of immediate versus future clinical benefits. By encapsulating these elements, the MDP framework 
provides a systematic and flexible approach for modeling the sequential and dynamic nature of medical decision-
making, enabling reinforcement learning algorithms to iteratively seek and optimize patient-specific treatment 
strategies. 

 
Figure 1. MDP modeling structure for reinforcement learning in medical decision-making. 

The structural diagram in Figure 1 visually clarifies the interactions between the various components of the MDP 
in a clinical setting. By mapping clinical scenarios into the MDP framework, researchers can leverage 
reinforcement learning algorithms to simulate and analyze complex treatment pathways, account for patient 
variability, and ultimately optimize medical decisions dynamically over time. This approach not only enhances 
the interpretability of the decision process but also facilitates the integration of multi-source clinical data, 
supporting the development of truly personalized and adaptive treatment plans. The diagram serves as a 
foundational reference for understanding how theoretical models can be translated into practical tools for 
clinical decision support. 
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Typical Modeling Frameworks 

Common reinforcement learning modeling frameworks for personalized treatment problems include Dynamic 
Treatment Regimen (DTR), Contextual Multi-Armed Bandit (CMAB), Deep Reinforcement Learning (Deep RL), 
and Causal Reinforcement Learning (Causal RL). A comparative analysis is presented in Table 2, with specific 
descriptions as follows: 

Table 2. Comparative Analysis of Typical Modeling Frameworks 
Modeling 

Framework Applicable Scenario Advantages Limitations 

DTR Chronic disease treatment requiring 
sequential decisions 

Dynamic adjustment of treatment 
plans Maximizing long-term 

treatment effects 

Complex model construction 
Requires large amount of 

longitudinal data 

CMAB Acute disease treatment with single or 
few decisions 

Simple and fast decision-making 
Suitable for limited data situations 

Cannot consider long-term 
treatment effects and state 

changes 

Deep RL 
Complex disease treatment involving 
high-dimensional data and complex 

decision relationships 

Strong feature extraction and 
learning capability Can handle 

large-scale data 

High data and computing resource 
requirements Poor model 

interpretability 

Causal RL Scenarios where unobserved 
confounders affect treatment decisions 

More accurate estimation of 
treatment effects Affected by empirical reasoning 

Each reinforcement learning modeling framework presents unique advantages and is suited to different clinical 
scenarios in personalized treatment optimization. DTR frameworks excel in managing chronic and progressive 
diseases by enabling multi-stage, adaptive decision-making, but require abundant longitudinal data for effective 
learning. CMAB models offer simplicity and efficiency, making them ideal for acute care settings or situations 
with limited decision points, though they lack the capacity to account for long-term outcomes. Deep RL 
frameworks, benefiting from powerful feature extraction and representation learning, are highly effective in 
handling complex, high-dimensional patient data, yet their demand for large datasets and computational 
resources may limit clinical adoption. Causal RL, by integrating causal inference, addresses confounding and bias 
issues, thus improving the robustness of treatment effect estimation; however, its success often hinges on the 
availability of reliable domain knowledge and causal assumptions. Understanding these distinctions is essential 
for selecting and tailoring the most appropriate modeling approach to specific disease contexts, data 
environments, and clinical objectives. As research progresses, hybrid frameworks that integrate the strengths 
of multiple approaches may emerge as promising solutions for the nuanced demands of precision medicine. 

To provide a clearer understanding of how these modeling frameworks are applied in personalized treatment, 
Figure 2 compares the application processes of different reinforcement learning frameworks. This visual 
overview aids in highlighting the distinctive workflow and decision logic of each approach. By examining the 
step-by-step progression from patient data collection and state representation to action selection and outcome 
evaluation, the figure demonstrates how each framework—such as DTR, CMAB, Deep RL, and Causal RL—
addresses the unique challenges of clinical decision-making. Moreover, the comparison emphasizes the 
differences in data requirements, adaptability to dynamic environments, and the ability to handle complex 
patient heterogeneity. Through this comprehensive illustration, readers can better appreciate how various 
reinforcement learning paradigms are leveraged to optimize personalized treatment strategies, ultimately 
supporting more effective, data-driven healthcare solutions. 
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Figure 2. Comparison of application processes for different reinforcement learning frameworks in personalized treatment. 

Figure 2 systematically visualizes the distinct mechanisms and optimization pathways inherent to each 
reinforcement learning framework when applied to personalized medicine. By mapping the flow of 
information—ranging from patient state acquisition to decision outputs—this diagram underscores the 
strengths and limitations of each approach in real-world clinical scenarios. Such a comparative perspective not 
only facilitates the selection of an appropriate modeling framework for specific medical contexts, but also fosters 
a deeper understanding of how reinforcement learning can be customized to address the complexities of 
individualized patient care. This graphical summary thus serves as a valuable reference for both researchers and 
clinicians seeking to integrate artificial intelligence into personalized treatment planning. 

Dynamic Treatment Strategy Model 

Dynamic treatment strategy is a sequential decision-making framework based on reinforcement learning. It 
divides the treatment process into multiple stages, formulating corresponding treatment decisions at each stage 
based on the patient's status information [13]. The core idea of the DTR model is to collect longitudinal patient 
data and utilize methods such as Q-Learning [17] and dynamic programming [18] to estimate optimal treatment 
strategies for different stages, thereby maximizing long-term treatment outcomes. Reference [19] applied DTR 
to address HIV treatment challenges. By dynamically adjusting antiviral regimens based on real-time viral load, 
CD4 cell counts, and other patient metrics, it improved survival rates and quality of life. 

Contextual Multi-Armed Bandit Model 

The Contextual Multi-Armed Bandit Model [20] is a simplified reinforcement learning framework suited for 
single-shot or limited-decision scenarios [21]. In personalized treatment, when decisions involve only a few 
critical time points or relatively simple regimen choices, the CMAB model can rapidly assign the most effective 
treatment based on patient context (baseline characteristics, initial condition) [22]. In [23], the CMAB model 
assigns distinct drug regimens to different patients based on contextual factors like age, gender, and disease 
severity to enhance treatment success rates. 

Deep Reinforcement Learning Models 

Deep reinforcement learning combines the powerful representation capabilities of deep learning with the 
decision-making capabilities of reinforcement learning, enabling it to handle complex high-dimensional state 
and action spaces [24]. In personalized treatment, deep RL models can learn from large volumes of electronic 
health records and medical imaging data to automatically extract patient feature representations and formulate 
personalized treatment plans based on these features [25]. In tumor imaging diagnosis and treatment, deep RL 
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models can analyze patient CT, MRI, and other imaging data to identify tumor characteristics and progression 
trends, thereby providing precise radiotherapy dosing and treatment plans [26]. 

Causal Inference Reinforcement Learning (Causal RL) Models 

Causal RL is a reinforcement learning model integrated with causal inference methods, designed to address bias 
issues in traditional reinforcement learning caused by unobserved confounding factors [27]. In healthcare, 
patient treatment processes are often influenced by multiple unobserved factors such as genetic background 
and living environment, which may impact treatment outcome evaluation and treatment plan optimization [28]. 

Data and Simulation Environment 

Data plays a crucial role in applying reinforcement learning to optimize personalized treatment plans. Primary 
sources of medical data include electronic health records [29], medical imaging data [30], wearable device data 
[31], and clinical trial data [32], with specific source details outlined in Table 3. 

Table 3. Research Directions in Medical Imaging Diagnosis 
Data Source Data Features Advantages 

Electronic health 
records 

Rich data dimensions Covering all aspects of 
patient information Large sample size Reflects real clinical treatment process 

Medical imaging 
data 

Directly shows internal organ structure and 
function Large information volume 

High diagnostic and therapeutic value Provides abundant 
visual features 

Wearable device 
data 

Real-time continuous monitoring of vital signs 
Strong dynamics 

Timely capture of physiological state changes Convenient for 
long-term monitoring and management 

Clinical trial data Collected under strictly controlled conditions 
High data quality 

High credibility Can be used for validation and model 
optimization 

In addition to these primary data sources, integrating multi-modal medical data has become increasingly 
important in reinforcement learning for personalized treatment optimization. By combining electronic health 
records, imaging data, and real-time physiological signals from wearable devices, researchers can obtain a more 
comprehensive and dynamic representation of patient health status. This holistic data integration enables 
reinforcement learning models to capture complex relationships between various clinical variables, leading to 
more accurate and individualized decision-making. Furthermore, the use of high-quality, diverse datasets helps 
mitigate the risks of data bias and enhances the generalizability of the models across different patient 
populations and medical conditions. As medical data acquisition technologies continue to advance, the effective 
utilization and fusion of these data sources will play a crucial role in unlocking the full potential of reinforcement 
learning in personalized medicine. 

Due to numerous restrictions on accessing and utilizing medical data, coupled with inherent risks associated 
with conducting reinforcement learning experiments in real clinical settings, simulation environments have 
emerged as crucial tools for researching and testing reinforcement learning algorithms [33]. Common medical 
simulation environments include physiologically based simulations [34], data-driven simulations [35], and virtual 
electronic health record systems [36], with comparative analysis presented in Table 4. 

Table 4. Comparison of Common Medical Simulation Environments  
Simulation 

Environment Type Implementation Principle Advantages 

Physiology-based 
simulation 

Built based on physiological principles and 
mathematical models 

Accurately simulates human physiological processes and 
disease mechanisms Strong interpretability 

Data-driven 
simulation 

Mining and modeling based on historical 
data 

Reflects actual clinical data distribution and characteristics 
Strong adaptability 

Virtual EHR system Generates virtual data by simulating real 
EHR 

Interface and process close to real clinical environment 
Convenient for research and application 

These diverse simulation environments provide essential platforms for developing, evaluating, and validating 
reinforcement learning models in the context of personalized treatment optimization. By leveraging physiology-
based simulations, researchers can gain mechanistic insights into disease processes and therapeutic 
interventions, facilitating the testing of hypotheses in a controlled virtual setting. Data-driven simulations, on 
the other hand, allow for realistic scenario modeling based on large-scale clinical datasets, supporting robust 
algorithm training and validation. Virtual EHR systems further bridge the gap between simulated and real-world 
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clinical applications, enabling reinforcement learning agents to interact with electronic medical record interfaces 
and workflows similar to those encountered in actual healthcare environments. The integration of these 
simulation environments not only enhances the safety and feasibility of reinforcement learning research but 
also accelerates the translation of novel algorithms into clinical practice by providing risk-free opportunities for 
iterative development and performance benchmarking. As simulation technologies continue to advance, their 
synergy with reinforcement learning is expected to play a pivotal role in driving innovation and ensuring the 
reliability of AI-driven personalized medicine. 

To further illustrate the integration of various data sources and simulation environments in reinforcement 
learning for personalized treatment, Figure 3 presents an overview of the data flow and simulation process. This 
helps clarify how real-world clinical data and virtual environments are utilized in model development and testing. 
By mapping the pathways from primary sources—such as electronic health records, medical imaging, wearable 
device data, and clinical trial results—through to data preprocessing, feature extraction, and environment 
simulation, the figure highlights the complexity and richness of information feeding into reinforcement learning 
models. It also demonstrates how simulated patient trajectories and outcomes, generated in virtual 
environments, can be leveraged to supplement real-world data, enhance model robustness, and facilitate safe 
exploration of novel treatment strategies. Ultimately, this integration supports more reliable and efficient 
development of reinforcement learning algorithms that are better tailored to the nuances of personalized 
medicine. 

 
Figure 3. Overview of data flow and simulation environments in reinforcement learning for personalized treatment. 

Figure 3 provides a comprehensive visual summary of how diverse data sources and simulation platforms are 
combined to support reinforcement learning research in personalized healthcare. The diagram underscores the 
importance of both real-world and synthetic data in overcoming challenges related to data scarcity, privacy, and 
patient safety. By systematically linking each data type to its respective role in model training, validation, and 
testing, the figure reveals how a hybrid data-driven and simulation-based approach enables researchers to 
emulate complex clinical scenarios, evaluate new algorithms, and accelerate the translation of reinforcement 
learning models into practical, patient-centered treatment solutions. This integrative framework thus paves the 
way for more robust, scalable, and adaptive AI-driven healthcare innovations. 

Reference [34] established a hemodynamic model of the cardiovascular system to simulate the effects of 
different drug therapies on physiological indicators such as blood pressure and cardiac output, providing a 
simulation platform for personalized treatment of cardiovascular diseases; Reference [35] constructs a dynamic 
blood glucose model and drug response model based on extensive electronic medical records of diabetic 
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patients, creating a simulation environment for diabetes treatment. The virtual EMR system mimics real 
electronic medical record systems, generating virtual medical record data encompassing patient demographics, 
medical history, diagnoses, and treatments, enabling reinforcement learning algorithms to learn and make 
decisions under conditions resembling real clinical environments [36]. 

Algorithmic Advances and Technical Approaches 

Value-Based Methods 

Value-based reinforcement learning methods determine optimal treatment strategies by evaluating the value 
function across different state-action combinations [37]. Common approaches include Q-Learning [38] and 
SARSA [39], with a comparative overview presented in Table 5. 

Table 5. Comparison of Value-Based Methods 
Algorithm Update Method Features 
Q-Learning Greedy policy update Fast convergence Can find optimal policy 

SARSA Update based on actually executed actions Stable learning process Suitable for online learning 

These value-based methods have demonstrated considerable utility in the healthcare domain, especially when 
clinical decision processes can be discretized into well-defined states and actions. Q-Learning, with its off-policy 
nature and ability to converge to the optimal policy independent of the agent’s actions, is particularly suited for 
retrospective analysis of historical patient data, where simulated or real patient trajectories can be leveraged 
for model training. In contrast, SARSA’s on-policy approach makes it advantageous for online and adaptive 
treatment scenarios, where the agent’s policy evolves in real time based on ongoing patient feedback. The 
choice between Q-Learning and SARSA often depends on the specific clinical application context—Q-Learning 
may be preferable in environments with abundant historical data and less concern for exploration risk, while 
SARSA is more appropriate for settings requiring gradual, safe adaptation to new information. As value-based 
reinforcement learning continues to mature, further integration with deep learning and hybrid methods is 
anticipated to enhance its applicability to more complex, high-dimensional personalized treatment optimization 
problems. Value-based methods, such as Q-Learning, update the value of state-action pairs based on observed 
rewards and predictions for future states. The standard Q-Learning update rule is given by: 

𝑄𝑄(𝑠𝑠𝑡𝑡, 𝑎𝑎𝑡𝑡) ← 𝑄𝑄(𝑠𝑠𝑡𝑡, 𝑎𝑎𝑡𝑡) + 𝛼𝛼 �𝑟𝑟𝑡𝑡+1 + 𝛾𝛾max
𝑎𝑎′

 𝑄𝑄(𝑠𝑠𝑡𝑡+1, 𝑎𝑎′) − 𝑄𝑄(𝑠𝑠𝑡𝑡, 𝑎𝑎𝑡𝑡)�  (2) 

Here, 𝑄𝑄(𝑠𝑠𝑡𝑡, 𝑎𝑎𝑡𝑡) is the estimated value for taking action 𝑎𝑎𝑡𝑡 in state 𝑠𝑠𝑡𝑡, 𝛼𝛼 is the learning rate, and 𝛾𝛾 is the discount 
factor reflecting the importance of future rewards. This iterative update mechanism enables the agent to learn 
optimal treatment strategies by continuously refining its value estimates based on patient responses and 
outcomes. 

As shown in Table 6, in personalized treatment, Q-Learning can progressively learn and update the value of 
different treatment plans based on the patient's current state and historical treatment records, thereby 
selecting the optimal treatment plan [38]. Reference [40] utilized the Q-Learning algorithm to analyze the 
patient's symptoms, pulmonary function indicators, and other state information, along with efficacy data under 
different drug treatment plans, successfully formulating personalized treatment plans for patients and 
improving treatment outcomes. The SARSA algorithm exhibits greater stability during learning but may converge 
slightly slower than Q-Learning [39]. In [41], the SARSA algorithm dynamically adjusts medication dosage and 
treatment plans based on patient status information such as blood pressure readings and medication adherence, 
effectively controlling blood pressure levels. 

Policy Gradient and Actor-Critic 

Policy gradient methods directly optimize the policy function by maximizing expected cumulative rewards 
through gradient ascent [42]. Actor-Critic methods combine the strengths of value-based approaches and policy 
gradient techniques, simultaneously learning both policy and value functions. These two components 
collaborate to jointly optimize the decision-making process. 
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The core idea of policy gradient methods is to parameterize the policy function, representing it as a probabilistic 
distribution. The policy is then progressively improved by estimating the policy gradient and updating 
parameters along this gradient [43]. In cancer treatment, treatment selection can be modeled as a policy 
function that outputs probability distributions for different treatment options based on patient-specific state 
information, such as tumor characteristics and physical condition [44]. Through policy gradient methods, the 
parameters of the policy function can be continuously adjusted based on patient treatment responses and 
efficacy data, enhancing the rationality and effectiveness of treatment plans [45]. Common policy gradient 
algorithms include the REINFORCE algorithm [46] and the A2C algorithm [47]. 

In Actor-Critic methods, the Actor selects actions based on the current policy, while the Critic evaluates the 
quality of the Actor's chosen actions by estimating the corresponding value function [48]. For mental illness 
treatment, Actor-Critic methods dynamically adjust treatment plans—including medication dosage adjustments 
and psychotherapy selection—based on symptom changes and psychological assessments to achieve optimal 
therapeutic outcomes [49]. Representative algorithms include the Deep Deterministic Policy Gradient (DDPG) 
[50] and Proximal Policy Optimization (PPO) [51], with specific comparisons shown in Table 6. 

Table 6. Comparison of Common Policy Gradient Algorithms 
Algorithm Policy Update Method Value Function Estimation Method Advantages 

DDPG Gradient-based deterministic 
policy update 

Uses experience replay buffer and 
target network for value estimation 

Handles continuous action space Suitable 
for complex treatment plan optimization 

PPO Proximal policy optimization 
Restricts policy update step size 

Estimates value function via 
truncated importance sampling Stable convergence 

The choice between DDPG and PPO for personalized treatment optimization largely depends on the complexity 
of the clinical scenario and the nature of the action space. DDPG excels in situations requiring fine-grained 
control over continuous treatment variables, such as precise medication titration or dosage adjustments in 
chronic disease management. However, it may be more sensitive to hyperparameter tuning and data quality. 
On the other hand, PPO offers more robust and stable convergence, making it suitable for medical decision 
processes where safety and reliability are paramount, such as sequential therapy planning or multi-stage 
interventions. Recent studies have also explored hybrid approaches that combine the advantages of both 
algorithms, aiming to balance flexibility, efficiency, and stability in real-world clinical applications. As 
reinforcement learning continues to advance, further research is expected to refine these algorithms for greater 
interpretability and safety, ensuring their effective and trustworthy adoption in precision medicine. 

Figure 4 illustrates the decision-making workflows of Q-Learning and Actor-Critic algorithms in the context of 
personalized treatment strategy optimization. As described in Section 3.1 and 3.2, Q-Learning, as a value-based 
reinforcement learning method, updates the value function for each state-action pair through temporal-
difference learning, selecting treatment actions based on the learned Q-values. The process involves observing 
the patient’s current health state, selecting a treatment action according to the policy (e.g., epsilon-greedy), 
applying the intervention, observing the resulting clinical feedback, and updating the Q-table or Q-network to 
maximize long-term treatment efficacy. In contrast, the Actor-Critic framework combines policy optimization 
and value estimation, where the Actor generates treatment actions based on the current state, and the Critic 
evaluates these actions by estimating the corresponding value function. The Critic’s feedback continuously 
guides the Actor’s policy update, enabling more efficient and stable learning in complex, high-dimensional 
medical scenarios. This figure provides an intuitive comparison between the two mainstream reinforcement 
learning paradigms, highlighting their respective information flows and optimization mechanisms in 
personalized treatment planning. 
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Figure 4. Decision workflows of Q-Learning and Actor-Critic in treatment strategy optimization 

Figure 4 offers a visual comparison of the core operational mechanisms underlying Q-Learning and Actor-Critic 
algorithms within the context of personalized treatment optimization. The diagram highlights how Q-Learning 
updates value estimates for discrete state-action pairs through an iterative process of observation, action, and 
reward, making it especially suitable for well-defined and finite clinical decision spaces. In contrast, the Actor-
Critic framework separates the policy (Actor) and value estimation (Critic), enabling more flexible learning in 
complex and continuous action environments. The Critic’s feedback guides the Actor’s policy adjustments, 
fostering greater stability and adaptability when optimizing treatment plans for patients with dynamic or high-
dimensional health profiles. This side-by-side workflow comparison underscores the strengths and trade-offs of 
each method and serves as a practical reference for selecting appropriate reinforcement learning strategies to 
address specific challenges in individualized medical decision-making. 

Model-Based RL Algorithms 

Model-based reinforcement learning methods simulate patient treatment processes and outcomes by 
constructing environmental models that learn state transition probabilities and reward functions [52]. Once the 
environmental model is established, dynamic programming algorithms can be employed to search for optimal 
treatment strategies [53], or simulated data can be generated to enhance the training effectiveness of model-
free reinforcement learning algorithms [54]. 

In model-based reinforcement learning, the expected cumulative reward-also known as the value function-
under a given policy 𝜋𝜋 is defined as: 
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𝑉𝑉𝜋𝜋(𝑠𝑠) = 𝔼𝔼𝜋𝜋[∑  ∞
𝑡𝑡=0  𝛾𝛾𝑡𝑡𝑟𝑟𝑡𝑡 ∣ 𝑠𝑠0 = 𝑠𝑠]  (3) 

In this equation, 𝑉𝑉𝜋𝜋(𝑠𝑠) represents the expected return starting from state 𝑠𝑠 and following policy 𝜋𝜋, with 𝛾𝛾 as 
the discount factor and 𝑟𝑟𝑡𝑡 as the reward at time 𝑡𝑡. This value function serves as the theoretical basis for assessing 
the performance of different treatment strategies and guiding the search for optimal personalized interventions 
in simulated or real clinical environments. 

State transition models describe the evolution patterns of patient states under different treatment regimens 
[55]. When sufficient medical data is available, state transition probabilities can be learned through statistical 
analysis or machine learning methods [56]. In infectious disease transmission models, information such as 
patient infection status, exposure history, and treatment measures is used to learn disease propagation patterns 
within populations and individual patient progression models, providing evidence for epidemic control and 
personalized treatment [57]. 

Reward models reflect the therapeutic efficacy and benefits of treatment protocols for patients [58]. 
Establishing reward models typically requires integrating clinical expertise and experience with patient 
treatment response data [59]. Reference [60] designed reward functions based on indicators such as 
rehabilitation training progress and functional improvement, then learned the reward function parameters using 
machine learning methods. This enables reinforcement learning models to more accurately evaluate the 
effectiveness of different rehabilitation treatment protocols. 

Common planning algorithms include dynamic programming methods such as value iteration [61] and policy 
iteration [62]. After constructing an environment model, these algorithms efficiently compute optimal 
treatment strategies. Furthermore, model-based reinforcement learning can be combined with model-free 
approaches. Environment models generate simulated data to expand training samples for model-free algorithms, 
enhancing their learning performance and generalization capabilities [63]. In rare disease treatment research, 
where actual patient data is scarce, disease models can generate simulated data. This simulated data, combined 
with limited real-world data, can accelerate the discovery of optimal treatment strategies through 
reinforcement learning model training [64]. 

Constraints and Safety in RL 

Ensuring the safety and efficacy of treatment plans is paramount in personalized medicine. Constraint-based 
reinforcement learning methods introduce constraints and safety mechanisms to limit the decision space of 
reinforcement learning models, thereby preventing the generation of treatment plans harmful to patients [65]. 

Constraints can be defined based on clinical guidelines, expert experience, and patient-specific characteristics 
[66]. For drug therapy, constraints may include upper/lower limits on drug dosages and contraindications for 
drug interactions [67]. In surgical treatment, constraints could specify thresholds for surgical risks and preventive 
measures for postoperative complications [68]. Integrating these constraints into reinforcement learning 
models ensures generated treatment plans comply with clinical safety standards. 

Safety strategy optimization methods incorporate penalty or constraint terms into traditional reinforcement 
learning objective functions, penalizing behaviors that violate safety constraints. This guides the model to learn 
treatment strategies that are both effective and safe [69]. Reference [70] employs the Lagrange multiplier 
method to convert constraints into penalty terms within the reward function, balancing treatment efficacy and 
safety risks during optimization. Reference [71] employs shielding technology to monitor and correct model 
outputs in real time. When a recommended treatment plan is detected as unsafe, it is promptly replaced with a 
safe default plan to ensure treatment safety. A comparative analysis of constrained and safety RL techniques is 
presented in Table 7. 

Table 7. Comparison of Constrained and Safety RL Techniques 
Technique Advantages Limitations 
Constraint 

optimization 
Effectively balances treatment effect and safety risk 

Stable optimization process 
Requires reasonable penalty coefficient setting High 

requirements for constraint modeling 
Shielding Quickly prevents model from recommending May reduce model exploration ability Depends on 
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technique dangerous actions Ensures treatment safety expert knowledge for rule design 

Incorporating constraint and safety mechanisms into reinforcement learning is especially critical when 
translating RL-based treatment recommendations into clinical practice. While constraint optimization ensures 
that generated treatment plans align with established medical guidelines and patient-specific requirements, 
shielding techniques provide an essential safeguard against the risk of unexpected or unsafe actions during 
deployment. Together, these methods help build clinician and patient trust in AI-driven decision support systems 
by prioritizing safety, ethical standards, and regulatory compliance. Moving forward, future research should 
focus on developing more sophisticated constraint modeling approaches and integrating real-time safety 
monitoring systems. Additionally, close collaboration with healthcare professionals is necessary to refine 
constraint definitions and validation protocols, ultimately ensuring that reinforcement learning applications in 
medicine remain both effective and safe for diverse patient populations. 

Meta-Learning and Transfer RL 

Meta-learning and transfer reinforcement learning aim to enhance the knowledge transfer capabilities and rapid 
adaptability of reinforcement learning models across different diseases, patient populations, or treatment 
scenarios, thereby reducing the costs and time associated with retraining models [72]. 

The core idea of meta-learning is enabling models to learn how to rapidly acquire new tasks. In personalized 
treatment, meta-learning can extract universal treatment patterns and prior knowledge by learning from 
treatment data across multiple related diseases or treatment experiences of multiple patients, forming a “meta-
strategy” [73]. Transfer learning facilitates faster convergence and improved performance in the target domain 
by transferring knowledge and model parameters learned in the source domain. In healthcare, source and target 
domains may encompass different disease types, patient populations, or medical centers [74]. To better adapt 
transfer learning to target domain specifics, domain adaptation and personalized adjustments are essential. As 
demonstrated in [75], transferring treatment plans from adult to pediatric patients requires accounting for 
pediatric physiology and drug metabolism differences, necessitating model optimization to ensure therapeutic 
safety and efficacy. 

Application Domain Analysis 

Personalized Cancer Therapy 

Cancer ranks among the major diseases threatening human health, and personalized treatment holds significant 
importance in oncology. The applications of reinforcement learning in personalized cancer therapy are primarily 
illustrated in Table 8. 

Table 8. Applications of Reinforcement Learning in Personalized Cancer Therapy 

Cancer Type Application Scenario Reinforcement Learning 
Method Main Achievements 

Lung cancer Chemotherapy plan 
optimization Deep Q-network Reduced incidence of adverse effects 

Improved patient quality of life 
Nasopharyngeal 

carcinoma 
Radiotherapy dose and plan 

optimization 
Reinforcement learning 

algorithm simulation 
Improved tumor dose uniformity Reduced 

damage to surrounding organs 

Melanoma Immunotherapy plan 
adjustment 

Reinforcement learning 
model analysis Extended progression-free survival 

The adoption of reinforcement learning in personalized cancer therapy marks a significant advancement in 
precision oncology. RL algorithms can analyze complex, high-dimensional clinical and genomic datasets to tailor 
treatment strategies for individual patients, optimizing factors such as drug selection, dosage, and scheduling. 
By continuously learning from patient responses and evolving disease profiles, these models enable dynamic 
adjustment of therapeutic regimens, potentially improving treatment efficacy and reducing adverse effects. 
Furthermore, the integration of RL with medical imaging and biomarker monitoring enhances the ability to 
predict tumor progression and adapt interventions in real time. As research and clinical validation advance, 
reinforcement learning is expected to become an essential tool in developing adaptive, patient-centered cancer 
therapies that maximize clinical outcomes and quality of life. 
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To visually summarize the typical application scenarios of reinforcement learning in personalized treatment 
across oncology, chronic disease management, and mental health, Figure 5 presents an overview of these 
domains. This diagram highlights the diversity of use cases and the breadth of clinical applications. It 
demonstrates how reinforcement learning techniques have been adapted to address the unique challenges 
within each medical field, from optimizing chemotherapy dosing and radiotherapy planning in cancer care, to 
improving glycemic control and treatment adherence in chronic diseases such as diabetes and cardiovascular 
disorders, and further to enhancing rehabilitation outcomes and individualized intervention strategies in mental 
health and neurological rehabilitation. By mapping these various scenarios, Figure 5 underscores the flexibility 
of reinforcement learning frameworks in tackling heterogeneous clinical problems, and illustrates the expanding 
role of artificial intelligence in supporting precision medicine and patient-centered healthcare delivery. 

 
Figure 5. Application scenarios of reinforcement learning in oncology, chronic diseases, and mental health 

Figure 5 provides a comprehensive visual synthesis of how reinforcement learning is being implemented across 
multiple key areas of personalized medicine. By clearly delineating the application domains and corresponding 
clinical objectives, the figure facilitates an understanding of both the shared and distinct challenges faced in 
each field. This visual summary not only reinforces the versatility and adaptability of reinforcement learning 
approaches, but also serves as a valuable reference for researchers and clinicians aiming to identify potential 
areas for future exploration and cross-disciplinary collaboration. Ultimately, Figure 5 illustrates the 
transformative potential of reinforcement learning in driving innovation and enhancing the effectiveness of 
medical decision-making across a wide spectrum of health conditions. 

As shown in Table 9, in chemotherapy applications, Reference [76] utilized deep Q-networks to analyze genetic 
and clinical data from lung cancer patients, optimizing chemotherapy drug dosages and administration cycles. 
This approach enhanced treatment efficacy while reducing the incidence of adverse side effects in patients. In 
radiotherapy, Reference [77] employed reinforcement learning algorithms to simulate dose-response 
relationships between tumors and surrounding tissues under different treatment plans. This enabled 
personalized radiotherapy planning for nasopharyngeal carcinoma patients, improving radiation dose uniformity 
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while reducing radiation damage to surrounding sensitive organs. In melanoma immunotherapy, Reference [78] 
employs reinforcement learning models to analyze immune response indicators and tumor shrinkage during 
immune checkpoint inhibitor treatment. This enables timely adjustments to drug dosage and treatment cycles, 
extending patients' progression-free survival. 

Chronic Disease Management 

Chronic conditions such as diabetes, cardiovascular disease, and chronic kidney disease require long-term 
treatment and management. The application of reinforcement learning in chronic disease management offers 
new avenues for improving patient quality of life and treatment adherence [79]. Applications of reinforcement 
learning in chronic disease management are analyzed in Table 9. 

Table 9. Applications of Reinforcement Learning in Chronic Disease Management 

Disease Type Application Scenario Reinforcement Learning 
Method Main Achievements 

Diabetes Insulin dosage 
adjustment 

Deep reinforcement learning 
algorithm 

Improved blood glucose compliance rate Reduced 
blood glucose fluctuation 

Cardiovascular 
disease 

Risk prediction and 
intervention 

Reinforcement learning model 
analysis Reduced incidence of cardiovascular events 

Chronic kidney 
disease 

Treatment plan 
formulation 

Reinforcement learning 
algorithm learning Slowed progression of renal function decline 

The use of reinforcement learning in chronic disease management offers a transformative approach to long-
term patient care. By leveraging continuous streams of patient data from electronic health records, wearable 
devices, and regular monitoring, RL algorithms can dynamically personalize interventions such as medication 
dosing, lifestyle recommendations, and risk predictions. This adaptability allows for real-time adjustments in 
treatment plans, taking into account individual patient responses and changes in health status. As a result, 
patients benefit from enhanced disease control, reduced complications, and improved quality of life. Going 
forward, the integration of RL with telemedicine and remote patient monitoring technologies is expected to 
further expand the possibilities of proactive and individualized chronic disease management, helping healthcare 
providers deliver more responsive and efficient care. 

Mental Health and Rehabilitation 

Mental health issues such as depression, anxiety disorders, and schizophrenia severely impact patients' quality 
of life and social functioning. Traditional treatment methods often struggle to meet patients' individualized 
needs [80]. The application of reinforcement learning in mental health and rehabilitation offers new approaches 
to improving patients' mental states and promoting recovery. Applications of reinforcement learning in mental 
health and rehabilitation are shown in Table 10. 

Table 10. Applications of Reinforcement Learning in Mental Health and Rehabilitation 
Disease Type Application Scenario Reinforcement Learning Method Main Achievements 

Depression Treatment plan optimization Reinforcement learning model 
analysis 

Improved treatment response rate and 
quality of life 

Stroke Rehabilitation training plan 
optimization 

Reinforcement learning algorithm 
integration Improved motor function recovery 

Schizophrenia Treatment management plan 
formulation 

Reinforcement learning model 
analysis 

Improved treatment adherence and 
rehabilitation effect 

Recent advances demonstrate that reinforcement learning holds significant promise for addressing the complex 
and individualized needs of mental health and rehabilitation patients. By adapting to patient-specific feedback 
and continuously adjusting intervention strategies, RL-based models can support dynamic and adaptive 
treatment planning, ultimately leading to improved clinical outcomes. Furthermore, the integration of RL with 
wearable devices and digital therapeutics enables real-time monitoring and personalized support, thereby 
facilitating earlier interventions and more effective management of mental health conditions. As research 
progresses, reinforcement learning is expected to play an increasingly pivotal role in developing precision 
medicine approaches for psychiatric disorders and rehabilitation, offering hope for enhanced recovery and 
quality of life for affected individuals. 
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ICU and Emergency Care 

ICU and emergency care represent scenarios within the medical field that demand extremely high timeliness 
and accuracy in decision-making. The application of reinforcement learning in these settings helps improve 
patient treatment success rates and survival rates [81]. Applications of reinforcement learning in ICU and 
emergency care are shown in Table 11. 

Table 11. Applications of Reinforcement Learning in ICU and Emergency Care 
Disease Type Application Scenario Reinforcement Learning Method Main Achievements 

Sepsis Treatment decision support Reinforcement learning algorithm 
analysis 

Improved patient survival rate 
Reduced inappropriate antibiotic use 

Acute respiratory 
distress syndrome 

Mechanical ventilation 
parameter optimization 

Reinforcement learning model real-
time monitoring and adjustment 

Improved oxygenation and lung 
compliance 

Cardiac arrest Emergency plan 
formulation 

Reinforcement learning algorithm 
simulation 

Improved survival rate and 
neurological recovery 

In recent years, with the increasing demand for timely and precise decision-making in critical care and 
emergency medicine, research on the application of reinforcement learning in ICU and emergency settings has 
advanced rapidly. Reinforcement learning models can leverage large-scale ICU monitoring data and real-time 
physiological signals from multiple sources to dynamically optimize treatment parameters and intervention 
strategies. For example, in sepsis management, reinforcement learning can continuously adjust antibiotic 
regimens and fluid management plans in real time based on individual patient differences, infection progression, 
and treatment responses, thereby improving survival rates and reducing the risk of inappropriate antibiotic use. 
In mechanical ventilation for acute respiratory distress syndrome, reinforcement learning models analyze the 
relationships between ventilator settings, oxygenation indices, and lung compliance to intelligently adjust 
ventilation parameters, enhance oxygenation, and reduce the risk of ventilator-induced lung injury. Additionally, 
for cardiac arrest and other critical emergencies, reinforcement learning can assist clinicians in rapidly 
formulating individualized emergency plans, improving the success rates of resuscitation and neurological 
outcomes. Although challenges such as data heterogeneity and insufficient model interpretability remain, the 
application prospects of reinforcement learning in ICU and emergency medicine are promising, and it is expected 
to further promote the clinical adoption and development of intelligent decision support systems. 

Challenges and Future Directions 

Challenges 

Although reinforcement learning has achieved some success in optimizing personalized treatment plans, the 
following challenges remain:1) The decision-making process and rationale of reinforcement learning models are 
difficult for humans to understand and interpret. In the medical field, physicians and patients demand extremely 
high standards for the rationality and safety of treatment plans, requiring clear understanding of the basis for 
treatment decisions and potential risks. 2) Since reinforcement learning models make decisions based on 
learned data, they may exhibit errors or instability when encountering novel clinical scenarios or shifts in data 
distribution, potentially compromising patient safety. 3) The application of reinforcement learning in 
personalized treatment raises numerous ethical and legal concerns, including informed consent, delineation of 
treatment responsibility, algorithmic bias, and fairness. 

Future Directions 

To address these challenges, reinforcement learning-based personalized treatment optimization methods 
should pursue the following development paths: 1) Future efforts should focus on developing more 
interpretable reinforcement learning models and algorithms. By integrating medical domain prior knowledge 
and causal relationships through techniques like knowledge graphs and causal inference, models can generate 
easily understandable decision explanations. 2) Further exploration and development of methods for integrating 
multimodal medical data, combined with deep learning techniques for deep feature learning, to provide 
reinforcement learning models with richer and more comprehensive state information, thereby enhancing 
decision accuracy and personalization. 3) Strengthening the integration of reinforcement learning technology 
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with clinical practice through more clinical trials and real-world application studies to validate the efficacy and 
safety of reinforcement learning models across different diseases and patient populations. 
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