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Abstract

Over the recent years, Deep Reinforcement Learning (DRL) has been an essential practice in enhancing profitability
in healthcare sector to deliver customized interventions in hospitals, optimize resources, and make predictive models,
especially in emerging economies. Nevertheless progress, challenges such as model interpretability and real-world
integration remain. This study covers optimization approaches in DRL, with a focus on Proximal Policy Optimization
(PPO) for its stability, efficiency, and application in healthcare. Beyond Proximal Policy Optimization (PPO), we will
go into a larger repertoire of algorithms such as Soft Actor-Critic (SAC) and Twin Delayed Deep Deterministic Policy
Gradient (TD3) and Deep Q-Networks (DQN) and Multi-Agent DRL (MADRL). We critique their use in various
fields of healthcare that include adaptive radiation therapy, chronic illness treatment, and detection of diseases at a
premature stage. As part of our methodology, we performed a broadened systematic review of 2004-2024 with the
combination of grey literature and varying databases. As indicated in the evidence, DRL has great potential in
improving the outcomes of patients and in efficiency of care. Future research directions include emerging frontiers in
Explainable DRL, Federated DRL, and Digital Twin-based interventions as one of their future directions. The paper
tries to advise on how DRL can be adopted in healthcare systems with a goal to achieve patient-centered, efficient,
and data-driven clinics decision support.

Keywords
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1. Introduction

Deep Reinforcement Learning (DRL) is a method of combining Deep Learning and Reinforcement learning to be used
by systems to learn the best course of action by using the trial and error in more complex environments (Arulkumaran
et al. 2017). DRL in healthcare can enable personalized care as well as optimal resources usage and predictive
modeling. Despite such advantages, challenges or barriers do still exist which are: model interpretation, the calculation
requirements and incorporation into clinical processes. In the recently examined review, newer DRL models and
optimization methods are considered, which are intended to bridge the gap between the theoretically provided
advances and the introduction of these into healthcare.

The major research questions addressed in this paper are the following ones:
1) Which optimization methods are now used in deep reinforcement learning?

2) What is the role of such methods in healthcare and what can they do to improve clinical outcomes?
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3) Which empirical case studies can demonstrate the usefulness of optimized DRL models in the perspective of real-
life healthcare?

This paper will be able to help in the overall initiative of incorporating the state-of-the-art method of machine learning
into the healthcare domain by reading through methods of optimization implemented in the deep reinforcement
learning application to the system level. The paper is structured in the following way: Section I provides the
background of the deep reinforcement learning and its application to the healthcare sector. The second section is an
overview of some important optimization strategies such as Proximal Policy Optimization (PPO) (Schulman et al.
2017). Section III contains details of the methodology followed during conducting the systematic review. Section IV
contains the results and the outcomes and provides an analytical analysis of the efficacy of different optimization
procedures in medical sectors. Section V contains hints on the directions of future research. Section VI provides some
conclusions, and Section VII provides the list of all works that have been mentioned.

2. Literature Review
The given section covers the usage of deep reinforcement learning in healthcare and especially focuses on optimization
methods used in its application and their optimal use.

2.1 DRL in Healthcare

Deep Reinforcement Learning (DRL) is a method, where agents learn to behave best in a dynamic environment with
an objective of maximum cumulative rewards (Abdellatif et al. 2023a). In contrast to supervised learning where fixed
datasets are encountered, DRL constantly evolves, and as such, it is very applicable in real-life problems such as those
in the field of healthcare where decision-making is involved. In this respect, DRL may assist prescribing the individual
care plan, patient monitoring, automation of clinical tasks, resource management, and dose prescriptions of chronic
health conditions like diabetes, and hypertension (Yu et al. 2021a).

There are three main challenges that affect effective DRL:

1) Exploration—Exploitation Trade-off: Agents should learn new behaviors to acquire knowledge and at the same time
exploit what they know to achieve immediate rewards. Over exploration slows down learning whereas over
exploitation may result in convergence to in-optimal policies (Sohaib et al. 2024).

2) Learning Stability: Stability guarantees that the performance of agents advances with time, particularly in
sophisticated environments such as health care. To ensure that the learning process is stable, some learning algorithms
provide the stability through policy smoothing like Proximal Policy Optimization (PPO) and Trust Region Policy
Optimization (TRPO) (Yu et al. 2021b).

3) Computational Efficiency: During the training of DRL models, colossal amounts of computational powers are
required. This can decrease this burden with the help of function approximation and parallel computation use, making
DRL viable in a clinical practice environment (Abdellatif et al. 2023b).

2.2 DRL Algorithms of Optimization

1) Proximal Policy Optimization (PPO): PPO is a policy gradient technique, and it aims at stable and reliable learning.
It restricts the degree of change the policy may have throughout training, too much change can cause instability in
learning. PPO has been communal in adaptive treatment planning, where insignificant changes in patient care, which
can be achieved through real-time feedback, are important in keeping safe and effectual (Siboo et al. 2023).

2) Soft Actor-Critic (SAC): SAC is a non-policy algorithm and works well on continuous action space. It maximizes
expected reward and entropy combination, which results in exploration. Since it is also sample efficient and robust it
is perfectly suited to continuous control, e.g. real time dosage adjustment or dynamic ventilator settings in ICU
treatment (Liu et al. 2024).

3) Twin Delayed Deep Deterministic Policy Gradient (TD3): The TD3 annihilates overestimation bias in value
functions and postpones policy update to enhance policy stability than DDPG. Special application of this algorithm
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may be resource optimization, e.g. ICU bed utilization optimization or medical equipment utilization in hospitals
(Wang et al. 2024).

4) Deep Q-Network (DQN): DQN goes further to enhance Q-learning by leveraging on the power of deep neural
networks to cope with complex applications of the state spaces. It primarily fits discrete decision-making tasks, like
early diagnosis alerts, triage prioritization or suggestion of diagnostic tests (Liu et al. 2020).

5) Multi-Agent DRL (MADRL): MADRL is a multi-agent set of learning or interactions taking place in a common
environment. It is appropriate on complex systems such as hospitals where agents can be required to handle logistics,
schedules of staff or a multi-patient schedule, the coordinated effort leading to an increase of the efficiency of the
whole system (Ao et al. 2023).

3. Methodology

The approach to review is a thorough examination of academic papers in which the authors focused on the period
between 2004 and 2024 and include such sources as Google Scholar and Science Direct.

3.1 Keyword Search

The aim of the keyword-based search was to find the emerging trends in the optimization methods used in deep
reinforcement learning. The literature search is comprehensive and exhaustively done through selection of carefully
chosen keywords.

("Reinforcement Learning") AND ("Optimization Techniques") AND ("Healthcare Applications"” OR "Health care
Applications") AND ("Predictive Modeling") AND ("Personalized Medicine")

3.2 The Review Process

The review was conducted following the requirements of the PRISMA, which is why it was started by a search in
databases resulting in 500 articles. Of the 35 articles located through the identified search terms, there were 25 articles
after removal of duplicates and screening of the titles and abstracts. Using exclusion criteria non-English articles, oft-
topic articles and articles feeding off contextual information rather than deep reinforcement learning optimization
methods such as PPO, 12 articles were discarded. The remaining 13 articles were read in entirety to enable in detail
examination. This way of strict selection ensured the relevancy of the approaches, as well as this provided the targeted
discussion on DRL optimization in healthcare (Wang et al. 2023).

3.3 Extraction of information

The main information about each study was given in a structured form and contained the names of authors, objectives,
methods, task types, data characteristics, and evaluation criteria. Common patterns were established using thematic
analysis, which gave an insight on DRL optimization in healthcare (Aliyu, Akhir, et al. 2024). Results are presented
around base research questions to make them simple and specific (Figure 1).
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Figure 1. PRISMA-based visual selection summary

4. Results
4.1 RQ1: Which DRL optimization methods are applied?
The review features the many different DRL methods that help to maximize clinical efficiency:

1) Cloud-based DRL backed by the use of a Kalman filter: This is a variant of the cloud-based DRL which makes the
overall healthcare service selection more effective due to the efficient use of cloud-based environment resources. This
would help in the delivery of services in an improved way as the system is designed to dynamically adapt to such
changes in load and demand (Zhong et al. 2024).

2) DRL with Tumor-Response Models: Ensures the greatest benefit of adaptive radiation therapy (ART) by
appropriately adapting the plans of the treatments based on responses of the tumor. It becomes more specific and safe
because of the personal dose situation (Tseng et al. 2017).

3) Dual-DRL at Health Interventions: Makes the type, timing and frequency of an intervention on chronic disease
management specific. Such models enable a real-time adjustment of digital health strategies as a way of enhancing
the engagement of the patients (Xu and Zhang 2023).

4) Multi-Agent DRL in Home Care: Minimizes health risks caused by the wrong administration of medication and
helps with the care of the elderly due to their establishment as cooperating agents. The interconnections of the multi-
agent frameworks organize various activities in the care field, which increases the quality and independence of home
care (Nahom Abishu et al. 2025).

5) DON in managing Sepsis and Diabetes: Invoked to discover the best series of treatment procedures based on the

history of the patient retrieved in Electronic Health Records (EHRs). The adaptive policies of DQN contribute to
prompt and efficient decisions made in relation to the clinics (Wu et al. 2023).
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6) Time2Vec-based Attention Mechanisms: The method offers negative glycemic events estimation in health data by
enhancing the activity of usage of features. The application of such practices permits preventative control of glucose
(Lopez-Andreu et al. 2023).

7) Contextual Bandits: To personalized care morphing the patient context to the intervention to adjust chronic diseases
outcomes. The potential is that the approach focuses on the optimal care decision-making in real-time that balances
pursuit of expansion and deepening (Zhou et al. 2023).

8) DRL on PK/ PD Modeling: Personalization of warfarin by personal pharma-co-dynamic/ pharma-co-kinetic
modeling of warfarin. It reduces complications that pertain to the administration of medication since dosing is

customized according to the reaction of individual patients (Tosca et al. 2024) (Table 1).

Table 1. Comparison of Optimization Methods

Method Type Strength Application Limitation
PPO On-policy Stable, easy to tune Treatment planning Sample inefficient
SAC Off-policy High sample efficiency Dosage optimization Complex tuning
TD3 Off-policy Reduces overestimation Resource allocation Longer training
DON Off-policy Handles discrete actions Early alerts Poor 1rslp(;(::r;t;nuous

MADRL Multi-agent Scalability Hospital logistics High complexity

4.2 RQ2: How are these techniques used and what is their effect on health care outcomes?

1) Cloud Optimization: DLR merges with the concept of cloud computing in order to maximize the potential of the
high quality healthcare services that can respond and can provide cost effective services by means of choosing and
delivering service. The outcome is that there is improved service reliability to key services within healthcare and
latency is reduced (Tim¢enko 2020).

2) Chronic Disease Management: DRL gives personalized reminders and preventive measures to patients leading to
a huge decrease in drugs mistakes and better medication compliance that stimulates better patient outcomes and
decreases hospitalization frequency (Reynolds et al. 2018).

3) Adaptive Radiation Therapy: DRL dynamic shaping of radiation intensity in accordance with the characteristics of
boundaries of the tumor object, in order to ensure maximum tumor control after treatment and maximum sparing of
healthy tissues. This brings about better treatment and better tolerance to the patient (Lim-Reinders et al. 2017).

4) Early Diagnosis: With the help of the large-scale IoT data analysis, DRL enables the early diagnostics of diseases
such as lung cancer, making it more likely to be overcome and thus eliminating the complications of the late diagnosis
(Khajuria and Sarwar 2022).

5) Treatment Pathway: DRL uses a personalized approach to treating sepsis and diabetes and makes the treatment
plan case-specific, leading to a better glucose control and an increased resource utilization and healthcare efficiency
(Keerthika et al. 2024).

6) Medication Optimization: DRL maximizes therapy dosing, including such drugs as warfarin and diabetes therapies,
to improve therapeutic value and mitigate the occurrence of adverse drug events and increase patient safety (Aliyu,
Patah Akhir, et al. 2024).

7) Asthma Forecasting: DRL helps to accurately anticipate asthma attacks with the help of past patient data and risk

score analysis, taking preventive action before the attack happens and positively impacting the quality of life and the
need to use emergency treatments (Do et al. 2019).
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4.3 RQ3: What are the case studies to develop an idea of the application of optimized reinforcement
learning models in healthcare environments?

The capability of DRL to individualize care provision and produce an improved clinical decision making process has
made it a game-changer to the health sector. The section will discuss a set of case studies that illustrate how DRL may
be used in conducting individualized medication management, adaptive radiation therapy, early disease detection,
optimization of treatment pathways and precision dosing. The abovementioned examples demonstrate the potential of
the DRL to transform patient outcomes and make the healthcare systems more efficient overall.

1) Management of Chronic disease and medication adherence

Case Study 1: An DRL-based system sent a personalized alert on drug on-time schedules to ensure that they received
it with reduced errors and adherence and found to be effective in the elderly and cognitively impaired patients
(Balkrishnan 2005).

Case Study 2: Dual DRL models have been used to control an intervention (type, frequency, timing) in a process of
chronic diseases management to optimize patient engagement and outcomes by supplying personalized patient support
at the right time (Brummel and Carlson 2016).

2) Cancer-Adaptive Radiotherapy

Case Study 3: In lung cancer, an DRL-based Adaptive Radiation Therapy (ART) modified doses according to the
response of the tumor and maximized the tumor BED, decreased variation, and spared healthy tissue, as well (Morgan
and Sher 2020).

Case Study 4: A Deep perturbation and integrated learning on deep canonical correlation (Deep RL) model adjusted
the dose in scrolling CT of lung cancer patients in real time, which provided higher level of dose precision and
treatment success as compared to uniform dose protocols (Brock 2019).

3) Early Detection and Prediction
Case Study 5: DRL integrated with IoT data facilitated the early detection of lung cancer and thus the performance
of the diagnostic process as well as the prognosis of survival via timely interventions (Schaefer et al. 2004).

4) Optimization of treatment traces

Case Study 6: A DRL algorithm was applied to the EHR data to tailor the sequencing of treatments to various chronic
diseases such as sepsis and diabetes to produce better clinical outcomes (Ngo et al. 2012).

Case Study 7: An DRL model that pays particular attention was used to predict glycemic events on diabetics, enabling
early intervention and glycemic control (Ngo et al. 2012).

5) Patient-Wise Optimal Dosing of Drugs
Case Study 8: DRL had streamlined the warfarin dosing of virtual patients, streamlining errors and increasing the
effectiveness of the therapy of the drug with a narrow safety margin (Houy and Le Grand 2019).

6) Forecasting of the Attack of Asthma
Case Study 9: DRL (Deep Q-Learning) forecasted asthma attacks based on old data, which allowed preventing them
and made them less severe and frequent (Kim et al. 2020).

4.4 DRL application in Healthcare
1) Personalized Chronic Disease Management: Tailor-made intervention in diabetes and hypertension was

implemented with the help of SAC and PPO (Abdellatif et al. 2023c).

2) Adaptive Radiation Therapy: TD3 and PPO enhance a more optimality in the intake of dosage of radiations daily
(Abdellatif et al. 2023c).

3) Early Diagnosis of the Disease: With the use of DQN, preemptive warnings of asthma and cancer can be provided
with the help of IoT information (Abdellatif et al. 2023c).

4) Resource Allocation: SAC and better MADRL is used in the administration of the ICU beds and also the scheduling
(Abdellatif et al. 2023c).
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S. Future Research Directions

Scalability and Clinical Validation of DRL Models: Real-world clinical trials are also necessary to confirm DRL
models on the population of different patients and various healthcare environments. The adoption needs to be ensured
by making it scalable in the controlled set-ups into the complex and real-time clinical operation.

1) Electronic health records (EHR) integration: The main direction of future studies regarding DRL algorithms should
implement their smooth integration into an EHR system, allowing access to real-time data, individual treatment
recommendations, and patient monitoring through their lifetime data and ensuring data integrity and interoperability
(Tiase et al. 2021).

2) Framework of Standardized Benchmarks Development: Defining consistent databases, assessment parameters and
test conditions of DRL in healthcare will make possible to conduct comparative testing of various algorithms and
guarantee consistency and comparability of evaluation (Otis-Wilborn et al. 2000).

3) Ethical and Regulatory Issues: To make reasonable use of DRL systems in the health sector, research should
investigate such ethical concerns as bias, transparency, and accountability and align the findings with regulatory
strategies such as HIPAA or GDPR (Pesapane et al. 2018).

4) Explainabilities and Trust in Al decisions: It is important to come up with explainable models of DRL that can be
employed by clinicians. Explainable Al (XAI) research that can be specifically applied to DRL should be conducted
to facilitate the usability (Shin 2021).

5) Real-Time deployment and computational Efficiency: Additional lightweight algorithm and hardware acceleration
innovation (e.g. GPU, or edge computing) is required to enable real-time and applications taking place at the bedside
using DRL (Koubaa et al. 2022).

6) Stability to Data Sway and Uncertainty: The nature of missing, noisy, or biased clinical data and how DRL models
may be used to address it will also be an important research area on the way to the field of clinical-related healthcare
(Raymakers et al. 2005).

7) Multi Agent Collaboration in Complex Systems: Along with a larger scale of usage as multi-agent frameworks,
DRL can better contribute to results at a system level in hospital operations, emergency response, and harmonized
patient care (Herrera et al. 2020).

6. Conclusion

The use of deep reinforcement learning (DRL) in healthcare can be considered an enormous step towards better patient
outcomes, and the potential of this approach to healthcare is tremendous. Incorporating more advanced optimization
algorithms, namely Proximal Policy Optimization (PPO), SAC, TD3, and MADRL, DRL framework can easily
overcome the inherent complexities of clinical setups, thus facilitating the substantial and efficient decision-making
process. Empirical case studies in all spheres- such as medication adherence and radiation therapy- have shown the
ability of DRL to improve treatment accuracy and ensure quality of care in general. Nevertheless, the future prospects
of DRL utilization are rather bright despite the existing challenges, most of which concern the interpretability of
models and the complexity of healthcare data. It preconditions development of efficient, evidence-based and patient-
oriented healthcare systems.
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