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ABSTRACT .
Reinforcement Learning (RL) has emerged as a powerful machine learning paradigm capable of making sequential decisions
under uncertainty. In healthcare, RL offers transformative potential for optimizing treatment strategies, managing chronic
conditions, automating diagnosis, and personalizing care. This paper surveys recent developments in RL for healthcare,
categorizes major applications, discusses unique challenges including safety and interpretability, and outlines future research
directions to bridge the gap between laboratory models and clinical practice.
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I.INTRODUCTION

Healthcare decision-making is inherently sequential and
dynamic, requiring not only accurate diagnosis and
prediction but also a nuanced understanding of how present
actions influence future outcomes. For instance, treatment
plans must balance short-term efficacy with potential long-
term side effects, patient adherence, and disease progression.
In such settings, decision-making unfolds over time, with
uncertainty and evolving patient states playing a central role.
Traditional machine learning (ML) approach
es—including supervised learning techniques for diagnosis,
risk stratification, and outcome prediction—have
demonstrated significant promise. These models typically
learn from historical data to make static predictions: for
example, estimating the likelihood of a disease or forecasting
readmission risk. However, they often fall short in optimizing
sequences of decisions over time, particularly in contexts like
chronic disease management, personalized treatment
planning, or critical care.

Reinforcement Learning (RL), by contrast, is designed for
sequential decision-making. It learns optimal strategies
through interaction with the environment—whether
simulated or real—by maximizing cumulative rewards that
capture both immediate and downstream effects of actions.
In healthcare, this translates to adaptive treatment policies
that evolve in response to patient trajectories, offering a
framework to personalize interventions and improve long-
term outcomes.

By integrating domain knowledge, leveraging electronic
health record (EHR) data, and aligning reward structures
with clinically meaningful endpoints, RL has the potential to

transform healthcare decision-making from reactive to

proactive, and from general to personalized.

II. Basics of Reinforcement Learning

Reinforcement Learning (RL) is a subfield of machine

learning concerned with how agents ought to take actions in

an environment to maximize cumulative reward. Unlike
supervised learning, where models learn from labeled input-
output pairs, RL focuses on learning from interaction

—through trial and error—and delayed feedback.

At its core, an RL problem is typically modeled as a Markov

Decision Process (MDP), defined by the following key

components:

o Agent: The decision-maker (e.g., a treatment policy
engine).

o Environment: The external system with which the agent
interacts (e.g., a patient's physiological state).

o State (S): A representation of the current situation the
agent observes (e.g., vital signs, lab results).

o Action (A): A set of possible interventions or decisions
the agent can choose from (e.g., administer drug, adjust
dosage).

o Reward (R): A scalar signal indicating the immediate
benefit or cost of an action (e.g., improvement in health
indicators).

o Policy (m): A strategy that maps states to actions, aiming
to maximize cumulative reward over time.

The agent learns a policy by exploring the environment and

receiving rewards, gradually refining its strategy to improve

long-term outcomes. There are two major types of learning
paradigmsin RL:

o Model-Free RL: The agent learns directly from
experience without constructing a model of the

environment. Examples include Q-learning and Policy
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Gradient methods.

o Model-Based RL: The agent builds an internal model of
the environment's dynamics (transition probabilities and
reward functions), which it then uses to simulate and plan
future actions.

RLalgorithms are often categorized based on what they learn:

o Value-based methods (e.g., Q-learning) estimate the
value of beingin a state or taking an action.

« Policy-based methods (e.g., REINFORCE) directly learn
the policy without explicitly estimating values.

o Actor-Critic methods combine both approaches, using
one component to estimate value and another to improve
the policy.

In healthcare, RL is particularly appealing because it can
tailor decisions to individual patient trajectories and account
for long-term treatment consequences. However, successful
application requires careful formulation of the state space,
action space, and reward function-each of which must align
closely with clinical realities and ethical considerations.

Reinforcement Learning in Healthcare

Healthcare is a domain inherently characterized by

sequential, high-stakes decision-making under uncertainty.

Clinicians must often make a series of interdependent

choices-such as when to initiate treatment, how to adjust

medication, or whether to escalate care-based on evolving
patient data and with an eye toward long-term outcomes.

Traditional machine learning models, particularly those

grounded in supervised learning, typically focus on single-

point predictions and do not naturally extend to policy
optimization over time.

Reinforcement Learning offers a powerful alternative. It

provides a mathematical framework for learning optimal

decision strategies by interacting with an environment and
receiving feedback in the form of rewards. This paradigm
aligns closely with the nature of clinical care:

o Sequential Decision-Making: RL naturally models
healthcare scenarios where each clinical decision affects
future patient states. For example, dosing a medication
today influences tomorrow's blood pressure and side-
effectrisk.

o Personalized Treatment: RL agents can learn

individualized policies by adapting to patient-specific

characteristics and histories, supporting the goal of
precision medicine.

o Delayed Outcomes: Many health outcomes are not
immediately observable. RL's ability to optimize for long-
term, cumulative rewards makes it especially suited for
settings like chronic disease management, where
interventions today may not show benefits for weeks or
months.

o Data Abundance from EHRs: The increasing availability
of electronic health records (EHRs) provides rich
observational data for training RL models. These datasets
capture detailed patient trajectories, making them
valuable for offline RL and policylearning.

o Complex Clinical Trade-offs: RL is capable of learning
policies that manage competing objectives, such as
minimizing adverse effects while maximizing efficacy. For
example, in chemotherapy, a balance must be struck
between tumor reduction and toxicity.

o Automation and Clinical Decision Support: In resource-
constrained environments (e.g., emergency departments,
ICUs), RL can help optimize triage decisions, staffing, and
treatment plans to improve outcomes and efficiency.

Some Examples

o Sepsis management: Deep RL models have been
developed to suggest vasopressor and fluid interventions
that align with or even outperform expert clinicians in
retrospective evaluations.

o Diabetes treatment: RL has been used to personalize
insulin dosing strategies in Type 1 diabetes, adapting to
individual glucose responses over time.

« Radiotherapy planning: RL can help optimize the
scheduling and dosage of radiation based on tumor
dynamics and patient tolerability.

ITI. CONCLUSION

Reinforcement Learning offers a powerful and flexible

framework to address the complexities of healthcare

decision-making. By enabling systems to learn optimal
strategies through interaction and feedback, RL moves
beyond static predictions toward dynamic, personalized
treatment policies that adapt over time. This capability aligns
well with the nature of clinical care, where sequential

decisions and delayed outcomes are common.
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