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 Data quality is a critical aspect of data analytics since it directly influences the 

accuracy and effectiveness of insights and predictions generated from data. 

Artificial Intelligence (AI) schemes have grown in the existing era of 

technological advancement, which provides innovative exposure to healthcare 

applications. Reinforcement Learning (RL) is a subfield and an influential 

Machine Learning (ML) model aimed at optimizing decision-making by 

association with dynamic environments. In healthcare applications, RL can 

modify conduct strategies, enhance source application, and improve patient 

investigation history by using various data modalities. The worth of the data 

quality regulates how effective RL is in healthcare applications. In healthcare, 

the model predictions have a direct impact on patient's lives, and poor data 

quality often leads to wrong evaluations that expose patient safety and 

treatment quality. Biases in data quality have also presented a challenging 

influence on the RL model's effectiveness and accuracy. RL models have 

enormous potential in healthcare; however, various strategic limitations 

prevent their widespread acceptance and deployment. The implementation of 

RL in healthcare faces serious issues, mostly around data quality, bias, and 

tactical difficulties. This study delivers a broad survey of these challenges, 

emphasizing how imbalanced, imperfect, and biased data can affect the 

generalizability and performance of RL models. We critically assessed the 

sources of data bias, comprising demographic imbalances and irregularities in 

electronic health records (EHRs), and their impact on RL algorithms. This 

survey aims to present a detailed study of the complex circumstances relating 

to data quality, data biases, and strategic barriers in RL models deploying in 

healthcare applications. However, the main contribution of the proposed study 

is that it provides a systematic review of these challenges and delivers a 

roadmap for future work intended to refine the consistency, fairness, and 

scalability of RL in healthcare sectors. 
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1. INTRODUCTION  

Recently, the integration of RL and the issues of the medical field offered advanced solutions to the 

healthcare domain [1]. RL model is widely used among different AI models due to its ability to use different 

AI approaches. RL has emerged as a strong pattern because of its capability in the decision-making process 

with dynamic settings [2]. RL has various hidden potentials in the healthcare area, such as enhanced medical 

significance, enriched source civilization, and reformed behaviour procedures [3]. Yet, for the RL to be 

smoothly incorporated into the intricate healthcare system, three difficulties must be resolved [4]: Signifying 

that the essential data is accurate, pointing to the slight causes of biases in healthcare datasets [5], and 

specifically unbearable challenges distinctive to the healthcare area. This survey aims to examine these vital 

https://ijdiic.com/
https://creativecommons.org/licenses/by-sa/4.0/


ISSN: 2583-6250         Prisma Publications 

 

Int. J. of DI & IC, Vol. 3, No. 3, September 2024: 24-42  25 

structures in depth in instruction to afford bright trials related to using RL in healthcare and provide support 

for upcoming growth.   RL depends on the data that initiates the learning manners of intelligent individuals [6]. 

The consistency and adeptness of RL processes in the medical field depend upon the quality of the data on 

which they are skilled [7]. In this survey, we deal with a complete study of data quality, observing the different 

causes, techniques, and methods of training that reinforce the datasets that constitute RL imitations for 

healthcare applications. The dynamic nature of healthcare data makes distinct challenges that require real-time 

decision-making, a complete consideration of interpretability, and the maintenance of rigorous values of data 

veracity [8]. Clear and hidden bias in healthcare datasets is a tenacious concern that can have a significant 

impact on the impartiality and generalizability of RL simulations [9] [10]. This survey aims to detect schemes 

that help in the growth of reasonable and justify RL models’ application in medicinal surroundings. Besides, 

moral worries about the maintenance of bias and its latent penalties are inspected, adopting a broad 

understanding of the ethical ramifications of RL in the healthcare sector [11]. Currently, RL has revealed great 

potential in healthcare applications and is mostly focused on medical decision-making [12]. Difficulties that 

involve cautious routing include patient privacy, harmony, moral problems, and the difficult nature of real-

world beneficial circumstances [13]. This survey stares at these planned trials and pulls assumptions from 

recently applied outlines and principles to put a bright eye on the trail to the ethically and correctly complete 

mixing of RL into healthcare actions. By presenting an extensive study, we are confident we can deliver 

academics, consultants, and legislators with a thorough indulgence of the serious features related to the claim 

of RL in healthcare. We pursue to offer a roadmap for achieving the full possibility of RL while steering the 

trials of the healthcare area by carefully studying data value, assessing partiality, and examining planned 

difficulties. The final unbiased is to aid in outlining an upcoming in which RL increases medical decision-

making while remaining steadfastly correct to moral, reasonable, and data-integrity values for remedial claims. 

             The influence of this study on the field is its in-depth examination of the critical challenges surrounding 

data quality, bias, and strategic issues in employing RL in healthcare. It delivers a strong understanding of how 

these issues impact the performance of RL models in healthcare applications, deals with a categorized review 

of existing approaches for addressing these hurdles, and defines strategic recommendations to overcome them. 

This work progresses the domain by suggesting solutions that boost RL methods' consistency, fairness, and 

applicability in healthcare, finally contributing to further efficient and reasonable healthcare results. 

The dominance of this work over others in the literature lies in its wide-ranging technique to identify 

the different challenges of data quality, bias, and tactical issues in RL within healthcare settings. Current works 

emphasize these aspects to present a general overview of the obstacles in the field. 

This study not only concentrates on review but also on actionable strategic recommendations that 

directly mark these issues. By classifying existing approaches, examining their merits and demerits, and 

proposing new schemes to decrease these difficulties. This work delivers unique visions that cover beyond 

traditional literature evaluations. This method assists in bridging gaps in the current research, making RL 

applications more trustworthy and unbiased from healthcare perspectives. The main contribution of this study 

is given below: 

• This proposed study carefully examines the serious challenges associated with data quality. These issues 

often lead to report performance in RL models, affecting their outcomes and reliability in healthcare 

applications. 

• The study thoroughly reviews existing techniques to handle RL's data quality and bias issues. It classifies 

these techniques into clear classes, describing their usefulness in real-world healthcare applications and 

tackling their limitations. 

• Based on the examination, the proposed study suggests actionable policies to decrease the identified data 

quality and bias obstacles. These recommendations aim to refine the consistency and impartiality of RL 

models in healthcare, adopting developments that support more precise and reasonable decision-making 

in healthcare settings 

 The remaining paper is structured as follows: Section 2 describes the background especially the paper 

focused on data quality, biases, and barriers in the RL of the healthcare sector. Section 3 shows the proposed 

methodology. Section 4 presents the results and discussion. Section 5 describes the conclusion of this study 

and makes suggestions for future work. 

 

2. LITERATURE REVIEW 

               This section provides an overview of the work on  data quality, bias, and strategic barriers of RL in 

healthcare applications with the pros and cons of these studies: 

Previous studies have carefully examined these issues in RL for the healthcare sector, but they 

normally focus on a single aspect of these issues. There is a lack of detailed studies that identify these issues 
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simultaneously, considering their interdependencies and combined impact on RL performance in healthcare 

applications. This survey paper is fascinating since it takes a multidisciplinary method to observe the challenges 

in RL for the healthcare sector. This study presents an inclusive outline for attempting worries associated with 

data quality, bias, and strategic impairments, as compared to earlier research that emphasizes individual issues. 

This comprehensive lookout is vital for creating durable RL systems that can be steadily and ethically employed 

in medical surroundings, finally leading to more rational and effective patient care solutions. This discovers 

the serious challenges associated with data quality, bias issues, and strategic obstacles, emphasizing the most 

relevant studies in the desired domain. RL is inimitable among AI approaches since it can learn the best course 

of action by interrelating with its environments. The growing potential of AI, mainly RL, to develop healthcare 

applications. 

 The pros of assimilating RL into healthcare involved its capability to process huge quantities of data, 

providing a level of accuracy and personalization that far exceeds human competencies. This permits faster 

detection of cure selections, enhanced decision-making, and the progress of personalized treatment strategies. 

Moreover, RL systems can acquire and adjust over time, leading to more refined and correct forecasts of 

medical consequences and, finally, improving patient care. Yet, there are remarkable cons. RL models rely 

deeply on the obtainability of high-quality data, and errors or biases in the data can be central to imprecise 

inferences, possibly putting patients at risk. Furthermore, the difficulty of RL models can make them tough to 

understand, making challenges in achieving belief from healthcare specialists. Besides, assimilating RL into 

current healthcare schemes needs important computational resources, knowledge, and expertise, which can be 

an obstacle to extensive adoption [14].  

There are numerous factors in the healthcare segment ranging from medicinal imaging to the 

investigation of disease. The earlier work debates the close association between radiomics, RL in Healthcare 

(RLHC), and medical decision support systems. RLHC and radiomics share a mutual goal of increasing adapted 

medication by employing massive healthcare data. Radiomics emphasizes mining high-throughput measurable 

features from medicinal images. RLHC applies this data to grow modified treatment strategies. The integration 

of these technologies generates a more precise and data-driven technique to enhance investigations and 

personalized treatments.  

The pros of this incorporation were important, such as radiomics increasing analytical and prognostic 

correctness by examining image-based features in cancer investigation. Mutual with RLHC, this permits more 

modified and accurate forecasts of nearly persistent results. RLHC influences the visions from radio mic data 

to advance individualized behaviour and treatment strategies. Furthermore, the data-driven technique delivered 

using technologies makes medical choices more impartial, which could potentially lead to enhanced patient 

maintenance across different healthcare spheres. With appropriate standardization and procedures, radiomics 

and RLHC could be extensively employed to renovate healthcare performance. 

 Conversely, there are prominent cons that want to be addressed. One of the key challenges is the 

deficiency of standardization in radio mics in the achievement and assessment of image data. This discrepancy 

can interrupt the assimilation of radio mics into medical training consequences. The difficulty of both RLHC 

and radio mics also offers authentication challenges, as their procedures need severe testing to certify 

correctness. The adoption of these technologies may face confrontation without standardized evaluation 

criteria. Another con is the belief in high-quality data, which can be challenging to gain due to differences in 

imaging approaches and inadequate datasets. Besides, the application of these systems demands considerable 

computational resources and association between medical physicists and clinicians, generating practical 

challenges for routine medicinal implementation [15].  

Different phases employed in medical management fluctuate from the emergency maintenance unit 

to treatment at home. This study delivers visions of serious hospital-level maintenance to older patients at 

home, highlighting its feasibility and effectiveness in the U.S. context. The data demonstrate that this approach 

led to appropriate care that encountered worth values and was related to rarer problems. For instance, 

disorientation and the use of sedative medicines are different from old-style hospital maintenance. The study's 

key advantage is its delivery of exhaustive medicinal management, containing regular doctor visits and one-

on-one nursing caution, which is unusual in earlier hospital-at-home models. It presented decreased prices and 

higher patient and family gratification. On the other hand, the study had some cons. Patients were not arbitrarily 

allocated, presenting a potential collection of bias. Incomplete data from some contributors more restricted the 

outcomes. The consequences were also not generalizable to other diseases or health schemes as the study 

concentrated on a select group of identified and detailed health strategies. The involvement at one study site 

presented lower membership, possibly due to Indigenous healthcare issues such as nursing deficiencies [16].  

Each feature of the healthcare region and every phase of scientific conduct has its significance. RL 

provides smart solutions to making well-organized strategies in different healthcare areas, where the decision-

making procedure is typically considered by a lengthy historical or consecutive process. Exploring the potential 

of RL in enlightening decision-making processes across different healthcare claims, with HIV therapy, sepsis 

management, and epilepsy conduct. RL’s main benefit is its aptitude to optimize orders of decisions to attain 
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long-term consequences, contrasting traditional AI methods that emphasize one-time forecasts. In sepsis 

management, for instance, RL supports clinicians in determining when to recruit and regulate cures like 

antibiotics or mechanical freshening by examining patient data (lab tests, vital signs) and creating activities 

that can increase both short-term and long-term health effects. 

The connotation between these studies lies in their common objective of employing RL to optimize 

healthcare choices. Each study highlights the use of RL in varied medical backgrounds, from handling complex 

treatments to refining patient conditions. RL suggests clear cons, such as allowing more adapted policies in 

healthcare decisions. One important pro is that RL delivers an outline for learning from past data and enhancing 

treatment plans over time. Major rewards and long-term objectives are puzzling, as seen in sepsis management, 

where perfect cure targets remain uncertain. The cons of RL systems are that they require high-quality data and 

clinician input for prize strategy, which can obscure the enactment process. Misappropriation of RL could 

repeat bad performance if processes are not correctly certified, underlining the necessity for carefulness in 

smearing these schemes in healthcare [17].  

However, there are numerous problems with employing RL in the healthcare system because of 

difficulties with data quality, biases that are current, and strategic barriers. For RL to be effectively applied in 

healthcare applications, these issues must be determined. This survey aims to comprehensively inspect these 

issues, emphasizing the current position of the area and directing out knowledge gaps that are essentially 

identified to effectively increase RL in healthcare. Data quality is an essential requirement for any ML 

application, including RL. In the healthcare system, the data utilized for training RL algorithms normally come 

from electronic health records (EHRs) sensor data and medical imaging. The RL is employed to identify the 

trials of handling intricate illnesses like diabetes and sepsis by optimizing cure plans. The link between this 

study and other RL-based healthcare investigations is beached in their communal aim of educating modified 

drugs by leveraging data-driven methods. Both studies employ RL to advance consecutive decision-making in 

medicinal surroundings. The pros of the study comprise the capacity to model self-motivated, heterogeneous 

data and elevate treatments, which can lead to better patient consequences, such as better-quality glucose 

regulators for patients. However, there are cons, like the convolution of the RL systems and the requisite for 

high-quality EHR data. The interpretability of the models is an experiment that is addressed by seeing key 

physical variables, but there are leftovers to the issue of simplifying these approaches across diverse patient 

inhabitants. The computational properties necessary for such methods may confine their general execution in 

clinical sceneries [18].  

Different studies emphasize how serious it is to handle these strategic roadblocks to warrant that RL 

is effectively applied in healthcare. The operating healthcare data captures important features for cultivating 

healthcare facilities while adjusting budgets. It supports other exploration that influences ML and RL for 

advanced health policies, such as it also discovering the character of progressive systems in processing 

healthcare data. The association between this study and other RL-based healthcare research lies in their public 

accent on using data-driven methods to recover and enhance quantifiable consequences. Whereas RL is 

employed for uninterrupted decision-making in action, ML procedures in healthcare analytics emphasize 

classifying patterns and fashions from huge datasets, which can later notify choices or treatment attitudes. 

The pros of their work its courtesy of feature selection and the use of ML techniques to grip the 

complications of healthcare information. Which can meaningfully progress healthcare competence by 

providing more correct guesses. The capability to examine information from numerous healthcare foundations 

as pharmaceutical companies hospitals, and insurance agencies makes this method effective and appropriate 

across diverse healthcare subdivisions. 

 Still, the cons consist of the contests of allocating mixed and high-dimensional information, which 

confuses the feature collection procedure. Moreover, the study highlights the requirement for more well-

organized data recovery approaches to fully influence ML procedures. While they suggest answers for these 

contests, implementation in real-world settings may face practical problems, such as data quality and the 

required integration of ML models and computational resources into current healthcare schemes[19]. Table 1 

describes the relevant work in which, if the study reported a definite factor regarding data quality biases and 

hurdles, it is denoted by (✔). If not reported, then by (✘). 
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Table 1. Summary of Literature on Data Quality, Bias Concerns, and Strategic Obstacles in RL for 

Healthcare Applications 
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[20] ✔ ✘ ✘ ✘ Data cleaning, 

EHR focus 

Moderate ✘ Emphasized 

issues of 

inconsistent 

healthcare data 

in RL. 

 

A wide-

ranging 

study of 

EHR data 

issues. 

Emphases 

mainly on 

EHR data, 

not 

further 

bases 

 

[21] ✔ ✘ ✘ ✘ Progressive 

preprocessing 

Moderate ✘ Report diverse 

data and 

planned 

preprocessing 

methods 

 

Domain-

specific 

complaint 

approaches 

Partial to 

precise 

preproces

sing 

methods 

[22] ✔ ✘ ✔ ✔ DRL-LVT 

structure for 

video source 

provision in 

D2D nets 

Moderate ✔ Important 

enhancements in 

proficiency, 

consistency, and 

flexibility in 

real-time distant 

patient 

observing 

 

Smart, 

adaptive, 

and real-

time 

decision-

making 

procedures 

 

Deficienci

es explicit 

reference 

to 

speaking 

bias 

concerns 

[23] ✘ ✔ ✔ ✘ Suggests that 

choosing 

effective 

proxies for 

ground truth 

can reduce 

bias 

Low ✘ Address 

important racial 

bias in an 

extensively used 

healthcare 

system, in which 

Black patients 

are noticeably 

sicker than 

White patients 

at the same risk 

score. 

 

Reports the 

matter of 

healthcare 

charges as 

a proxy for 

disease, 

which 

familiarizes 

racial bias 

Concentra

ted on a 

single 

system 

and its 

bias may 

not report 

all 

features 

of bias in 

other 

processes. 

[24] ✔ ✘ ✔ ✔ DRL systems 

personalized 

to precise IoT 

use, a broad 

study of 

benefits and 

issues 

Broad ✔ Extensive 

review of DRL 

Techniques in 

IoT 

applications, 

notification of 

crucial matters 

to report 

Inclusive 

study of 

DRL 

methods 

and their 

extensions 

in IoT 

usage 

 

Issues in 

policies, 

rewards, 

and 

current 

DRL 

technique

s in IoT 

use. 

 

[25] ✘ ✔ ✘ ✘ Impartiality 

restraints 

Moderate ✘ Suggested 

fairness 

restraints and 

combative 

debiasing 

methods. 

 

Advanced 

bias 

alleviation 

methods. 

It may not 

simplify 

across all 

healthcare 

settings 

[26] ✔ ✘ ✘ ✘ Collaborating 

usage by 

clinicians, 

irrespective of 

original 

analytics 

Moderate ✘ Emphasis on 

collaborative 

decision support 

systems for 

multifarious 

Promises 

significant 

assistance 

in 

interpreting 

large and 

Limited to 

the 

methods 

and 

quality of 

underlyin
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medical 
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complex 

data sets 
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ogies 

 

[27] ✔ ✔ ✔ ✔ Enhanced 

precision, 

efficiency, 

and workflow 

Moderate ✔ AI influences at 

three stages: 

clinicians 

(appearance 

clarification), 

health schemes 

(workflow, fault 

discount), 

patients (self-

data treating) 

Employs 

improved 

calculating 

influence 

and cloud 

storing; 

latent for 

important 

enhanceme

nts in 

medicinal 

performs 

 

Existing 

confines 

contain 

bias, 

secrecy/sa

fety 

concerns, 

and a 

dearth of 

clarity. 

Prop

osed  

✔ ✔ ✔ ✔ Combined 

structure 

High ✔ Recognized the 

interplay 

between data 

quality, bias, 

and strategic 

hindrances. 

Offers a 

combined 

structure 

for RL 

issues. 

Limited 

by the 

depth of 

assimilati

on of 

answers. 

 

3. METHODOLOGY 

              The proposed methodology provides comprehensive and well-structured research, making it possible 

to fully understand the advantages and drawbacks of relating RL to healthcare applications. The survey 

objectives are to inform legislators, experts, and the academic community regarding the different dimensions 

of RL operation in the healthcare domain by following systematic stages. The use of RL in the healthcare area 

has been a cumulative consideration in recent years [28], as demonstrated by extensive research from numerous 

sources in academia. This is proved by a considerable frame of investigation from an extensive choice of 

academic bases. The inclusive analysis of the literature has been prepared viable by orderly record examines, 

notably PubMed [29], IEEE Xplore [30], and Google Scholar, as well as a cautious inspection of well-thought-

of papers and symposium proceedings. Gandhi and Mishra [31] revolutionary learning discovers the use of RL 

in healthcare policymaking and climaxes the prospect for customized action tactics [32]. Their outcomes climax 

how RL algorithms can meaningfully advance persistent results, prominent the way for extra investigation in 

the ground of the healthcare system. Rahman and Al-Obeidat [33] employed provisional reproductive 

adversarial networks (C-GAN) to discover the association between five large behaviour traits and phishing-

producing information preferences. Their investigation focused on the psychological elements that could 

influence an individual's susceptibility to phishing attempts and security in general. Kerr and Norris [34] carried 

out a thorough examination of RL techniques used in healthcare settings. Their analysis highlights the 

significance of comprehending the data quality that supports these models in addition to listing several RL 

models. The authors draw attention to how dynamic healthcare data is and how strong pretreatment methods 

are essential for decision-making, guaranteeing the accuracy of RL strategies. When tackling biases in medical 

data, seminal research by Norori and Hu [35] thoroughly assesses the demographic [36] and clinical biases [37] 

that are prevalent in commonly used healthcare datasets. Their research clarifies the difficulties posed by 

skewed data and suggests algorithmic fixes to reduce biases in DL and RL models. The work of Sun Sun [38] 

explores the strategic problems associated with using RL in healthcare settings. Their examination of privacy, 

permission, and data security issues in relation to ethics offers important new perspectives on the strategic 

challenges associated with RL integration. They also explore the intricacies of actual clinical situations, 

emphasizing the real-world obstacles that must be overcome for deployment to be successful. They offer a 

contextual framework for comprehending the situation of RL in health care. The studies that have been 

identified emphasize the significance of tackling issues related to data quality, biases [39], and strategic 

obstacles [40]. This will help to direct the further stages of our study.  

 

Table 2. Research Utilizing RL in the Medical Field 

Study Year Key Points 

Yu, Liu [4] 2021 Summary of the main techniques and theoretical underpinnings of 

RL. 

Ganju, Atasoy [41] 2020 Decision support systems' contribution to reducing racial bias in 

the delivery of healthcare 
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We hope that this study will add to the current study about RL and healthcare by highlighting important trends 

and approaches and pointing out any gaps that need more research. For several healthcare problems involving 

noisy data, RL offers a technically and statistically valid alternative to optimum decision-making. Table 2 

represents a review of the RL approach used in healthcare. 

3.1. Data Quality Analysis 

Before diving into the details of data quality that support RL models in the context of healthcare 

applications, we conduct a thorough study of frequently used healthcare datasets in the context of RL research. 

This initial stage is critical to comprehending the environment in which RL models are constructed. This assign 

the datasets normally cited in the relevent study in health care domain that is baseline for this survey [48]. 

We identify the background reason for healthcare dataset creation employed in the RL application as well as 

conduct a detailed evaluation of the relevant dataset collection techniques. This entails an entire examination 

of the sources applied to collect healthcare data, many file formats utilized to record it, and the method of 

preparation to enhance the data's efficiency. With the deep evaluation of these details, the proposed study 

learned to concisely describe the nuances of processing data through RL policies, which perform an important 

understanding of the initial stages of the RL strategies [49]. The systematic detection of hurdles concerning 

high data quality in the range of healthcare sector is addressed. Different problems are involved, such as the 

versatile nature of patient history and investigation, changing policies of medical treatment and the needs and 

criteria of real-time updation [50]. Addressing these problems plays an important role in identifying how 

reliable and concise RL techniques are employed in the healthcare system. The identified problems influence 

essential aspects of the healthcare domain via RL.  

The proposed study is summarized on the basis of three main steps: Dataset compilation, an overview 

of data collection techniques, and a systematic evaluation of different barriers that occurred in the assurance of 

the finest data quality [51]. Studies conducted on data quality examination in the healthcare system are shown 

in Table 3. Various factors could be the reason for addressing different trends and the sources of bias. They 

evaluated the demographic [36] and clinical biases that occurred in healthcare datasets [52].  

3.2. Strategic Hurdles Exploration in RL 

             RL has great potential to improve resource allocation, individualized therapies, and decision-making 

in the healthcare industry [53]. This shift is not without difficulties, though. Examining the strategic barriers 

that prevent RL from being seamlessly integrated into healthcare procedures in detail uncovers a variety of 

intricate issues that need to be carefully taken into account [54]. Figure 1 shows the overview of the proposed 

study. A lot of the time, healthcare data is error-prone, complex, and heterogeneous [55]. One of the biggest 

challenges in RL training is ensuring the integrity and quality of the data. Strong procedures for data 

anonymization and protection are also required because of privacy issues brought up by the sensitive nature of 

healthcare information. Models with poor data quality may be prejudiced, and patient confidentiality may be 

jeopardized by insufficient privacy protections [56]. To ensure safety and effectiveness, RL models must be 

rigorously validated before being incorporated into clinical workflows [57]. Complying with regulatory 

standards [58], such as those set by health authorities, increases the complexity and duration of procedures. 

Table 4 represents different types of bias assessment raised in healthcare datasets, while Table 5 represents 

strategic challenges and their implications. 

 

 

 

 

Abdellatif, Mhaisen [42] 2021 An Extensive Survey of RL for Intelligent Healthcare Systems 

Mahmud, Kaiser [28] 2018 A detailed overview of the application of DL, RL, and deep RL 

algorithms in extracting biological information 

Mulani, Heda [43] 2020 Personalized medical guidance based on deep RL 

Javaid, Haleem [44] 2022 Machine learning's importance in healthcare: Features, 

foundations, and applications 

Liu, Logan [45] 2017 Using medical registry data, deep RL for dynamic treatment 

regimens 

Levine, Kumar [46] 2020 Emphasis on offline RL: Overview, analysis, and viewpoints on 

unsolved issues. 

Kavitha, Roobini [47] 2023 A methodical examination of the principles, difficulties, and 

applications of AI in smart healthcare systems. 
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Figure 1. Overview of the Proposed Work 

 

Table 3. Studies which Show Data Quality Analysis 

Study Year Key Points 

[59] 2022 Scoping analysis and enhancement recommendations of R packages for quality 

evaluations and data monitoring. 

[60] 2021 Assessment of data quality to choose datasets for offline RL 

[61] 2024 An analysis looking into the relationship between the quality of patient clinical data 

and the interface characteristics of electronic health records. 

[62] 2017 Beyond data cleansing and transformations, data quality considerations for big data 

and machine learning 

[63] 2019 Veracity in patient-reported results: variables influencing patients' reactions and their 

influence on the calibre of the data 

[64] 2019 Finding systematic problems with the quality of data in electronic health records 

[65] 2018 Examining data quality aspects in the context of big data in the health sector: Data 

governance. 

[66] 2023 Enhancing Data Quality: Approaches, Difficulties, and Effect on the process of 

decision. 

[67] 2023 Assessment of Data Quality for Digital Decision Support in the Estonian National 

Health Information System 

[68] 2023 The healthcare industry's massive data management issue and the use of cloud 

computing techniques 

 

Table 4. Bias Assessment for Healthcare Using RL Models 

Dataset Study Biases 

Electronic Health Records 

(EHR) 

[69] Biases in information and selection 

Clinical datasets [70] Healthcare disparities based on demographics 

Electronic health record (EHR) 

data 

[71] Informed Presence Bias Illustration 

Sub-physionet datasets [72] Unreported bias in heart sound datasets from PhysioNet  

UCI Heart Illness Dataset [73] Prediction With Limited Features, missing values  

AI Data Sets [74] The sparsity of dataset descriptions, the lack of transparency, 

inconsistent disease labelling, and the absence of reporting 

regarding patient variety. 

SEER Dataset [75] Inherent biases 

Medical data  [76] Cognitive biases 

Oncology Data Sets [77] Bias and Unequal Classification in Cancer Data 

SKCM dataset [78] Sampling bias, class labelling bias, class correlated bias 

Skin lesion datasets [79] (De)Assembling Bias: Positive and Negative Bias 

Breast Cancer Surveillance 

Consortium (BCSC) dataset. 

[80] The biases associated with errors in radiologists' assessments 

of mammograms and their effects on clinical decision-

making. 
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Table 5. Strategic Hurdles Exploration 

Study Challenge Implications 

[81] Data standardization  Interoperability can be hampered by a lack of standards, making 

it difficult to integrate and share data between various systems. 

Managerial skills The quality and usability of data may be hampered by 

unstructured or improperly managed data due to ineffective data 

governance. 

Security Insufficient security protocols may result in the breach of 

confidential patient data, undermining confidence and possibly 

breaking privacy laws. 

Data structure disputes Interoperability can be hampered by a lack of standards, making 

it difficult to integrate and share data between various systems. 

Storage and Transfers Ineffective methods for data transit and storage might cause 

delays, data loss, or higher operating expenses. 

 

[82] Creating the Reward 

Mechanism 

A reward function could result in recommendations that are not 

ideal and affect the overall efficacy of the RL algorithm. 

Assessing the condition of the 

patient using electronic  

Patient states from electronic health records could impair the 

quality of suggestions generated by the RL model. 

 

[83] Crisis in Human Resources Hampered access to healthcare, which reduced the efficacy of 

relief efforts nationally. 

Insufficient Resources in 

Difficult Environments 

Influencing the impacted population's health results 

Insufficient Funding for 

Humanitarian Medical Care 

A lack of funding could make it more difficult to deploy enough 

healthcare professionals. 

Factors Restricting the 

Availability of Human 

Resources 

Impacting the range and standard of medical care provided 

during emergencies. 

Insufficient Instructional 

Guidelines 

This can lead to a lack of confidence in the qualifications of 

people recruited for particular positions, which could jeopardize 

the standard of healthcare service. 

Absence of Task-Based 

Capabilities 

It can decrease the possible pool of workers and may hamper the 

optimal exploitation of human resources in humanitarian efforts. 

 

[84] Bias and Unfairness of 

Algorithm Themes 

It can lead to undesirable results. 

Brittleness and 

generalizability of the 

algorithm 

 

could weaken the algorithm's resilience in a variety of 

conditions, affecting its overall efficacy and dependability 

 

[85] complex data of the 

healthcare system 

Often leads to ill-understood 

Ground-truth label generation 

can be costly or unfeasible. 

This may restrict the supply of reliable training data, impeding 

the creation and functionality of ML models. 

Standardization and privacy 

concerns restrict data sharing. 

This can hinder teamwork and the development of large-scale 

datasets, which could hinder the progress that ML research may 

make. 

Discrimination and laws 

pertaining to the "right to an 

explanation." 

 

This can lead to presents moral and legal dilemmas 

[86] Algorithmic Bias can make it difficult to recognize and deal with biases 

Transparency and 

interpretability issues with AI 

models 

It may be difficult to recognize and correct biases in AI models 

if they are opaque and difficult to interpret. 

Dataset Bias Inequitable Algorithmic Results 
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[87] Data privacy, security, and 

quality; technical constraints 

and biases in the data 

This can result in issues with reliable, equitable, and efficient 

models. 

Scarcity of data scientists Restricting Insights and Innovation 

Recruits, including the panic 

of new technologies 

Opposition to Emerging Technologies 

[88] Restricted access to high-

quality training data 

Diminished Effectiveness of the Model 

Unsafe exploration This can lead to hazardous overexposure. 

 

[89] Tackling Ethical Obstacles This can lead to bias risk and concerns over patients' moral 

relationship with the ML system. 

[90] Computational difficulty of a 

substantial amount of data 

Can get expensive 

 

3.3. Synthesis and Recommendations 

The field of RL in the healthcare industry is active, with many potential problems to be faced. 

Understanding important discoveries and trends in a nuanced way shows how ethical issues, complex 

healthcare systems, and technology improvements interact in a complex way [91]. Sophisticated methods of 

data anonymization and safe frameworks for data sharing can alleviate privacy issues, and methodical ways of 

enhancing data quality are necessary for objective training of models [92]. Table 6 indicates the synthesis of 

different studies conducted in the healthcare system and their recommendation. 

 

Table 6. Synthesis and Suggestions for RL in Healthcare 

Study Aspect Key Findings Key Trends 

[93] Privacy and Data 

Quality Issues 

Challenge: It's critical to 

protect the privacy and 

quality of data. 

Trend: Improvements in frameworks 

for safe sharing and data 

anonymization. 

[94] Explanation and 

Interpretation 

Challenge: Insufficient 

interpretability limits trust. 

Trend: Investigations on explainable 

RL and AI methods. 

[95] Clinical Verification 

and Adherence to 

Regulations 

Challenge: Complying with 

strict validation requirements 

takes time. 

Trend: Joint efforts to create precise 

rules and expedite validation 

procedures. 

[96] Big Data privacy and 

security concerns in the 

medical field 

Challenge: Privacy of 

Patients, Data Security 

Trend: Utilizing Blockchain 

Technology to improve medical data 

security and integrity 

[97] Biases in healthcare 

data 

Challenge: Addressing 

Biases in medical data 

Trend: Reducing bias in cardiac 

disease risk surveillance with 

electronic health records: separating 

the signal from the noise 

[98] An intelligent healthcare 

monitoring system to 

forecast heart problems 

Challenge: Lack of a 

conceptual framework 

leading to high-dimensional 

datasets 

Trend: A suggested smart healthcare 

system uses feature fusion and 

ensemble deep learning to forecast 

cardiac disease. 

[99] Medical Ontology in a 

Changing Healthcare 

Setting 

Challenge: More costly, 

competitive, and complex 

due to the use of varied 

professions and embedded 

gadgets. 

Trend: Constructing apps to deliver 

business services in a productive, 

varied, and extremely dynamic 

setting. 

[100] Dynamics of 

complexity: 

Managerialism and 

Unpleasant Emergence 

in healthcare institutions 

Challenge: Difficulties with 

poisonous attitudes and 

workplaces 

Trend: Alternative management 

strategies that can bring up adaptive 

change without incurring negative 

consequences on people and societies. 
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[101] Numerous conceivable 

patients 

Challenge: Difficult to 

handle the sharp rise in the 

population of elderly and 

chronically sick people 

Trend: AI-Powered Precision 

Medicine and Multidisciplinary 

Cooperation 

[102] Ageing adults' dental 

health 

Challenge: chronic and most 

oral infection burden in old 

age 

Trend: To translate knowledge into 

action plans for the oral health of 

older adults. 

 

 

 
 

Figure 2. Steps Covered in the Proposed Study 

3.4. Reinforcement Learning in Healthcare 

RL in the healthcare domain has drawn an important consideration due to its latent to enhance 

management strategies, resource allocation, and decision-making processes. Its subfield of ML is where an 

agent studies to make decisions by interacting with an atmosphere. The agent attains response in the form of 

favourable or unfavourable significance based on its actions, and its objective is to learn a strategy that increases 

the cumulative incentive over time. 

Here's a summary: 

              RL is applied to determine the most appropriate operative cure policies for individual patients based 

on their distinctive features and remedial history. The optimization technique has been employed to analyze 

diseases, such as brain tumour patients, to minimize patient treatment costs [103]. RL can help handle chronic 

infections such as cardiovascular diseases, diabetes, and asthma by constantly adjusting management strategies 

based on patient comments, physiological data, and lifestyle changes. An RL-based, modified preventative 

interference model to logically give oral medications to long-lasting patients over the progression of their 

lifetimes. The created model has states that include the patient's medication status and status for chronic 

difficulties, actions that include selecting the right drug and amending its dosage, and rewards that are 

contingent on the patient's post-medical treatment health [104]. Machine learning, such as RL, plays an 

important role in lesion categorization, lack of symmetry, and other suitable attributes in images attained from 

diverse modalities, like histopathological slides, X-rays, MRIs, and CT scans [105]. This expertise also extends 

to abnormality detection in which federated learning an RL keeps the ability to recognize specific patterns that 

could be signs of primary infection.  

The proposed study steps are discussed in Figure 2. Personalized diagnosis and treatment planning 

are what differentiate RL; it may adjust suggestions based on patient profiles, medical histories, and past 

intervention reactions. This flexibility increases patient care through rapid analysis and treatment regimens, as 

well as streamlining the workflow of medical staff by mechanizing repetitive actions and providing decision 

support through prior knowledge guidance in image analysis, such as chest X-rays [106]. Finally, RL's tools 

for continuing learning and growth assure its applicability in a therapeutic field that is altering rapidly. This 

allows RL to stay existing with new developments while maintaining high values of accuracy and reliability. 

RL's role as a key module in refining medical imaging and analysis is more concreted by its potential for 
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resource optimization, quality assurance, and fault reduction. This bodes well for an upcoming when healthcare 

involvements are more precise, effective, and modified [107]. Although there is potential for RL in the 

healthcare system, there are several obstacles that prevent RL from being extensively used and from working 

efficiently in this domain. Massive amounts of high-quality data are needed for training RL algorithms, but 

these might be difficult to come by in the healthcare system due to privacy issues, data bias, and data 

inconsistency formats and quality [108]. Missing values, label noise, and imbalances are common in medical 

data, which makes it challenging to train dependable deep learning and RL simulations [109]. Moreover, some 

more common issues include credit assignment, sample efficiency, investigation against maltreatment, and 

representation. The toxic triad unpredictability and/or difference caused by the combination of off-policy, 

function calculation, and bootstrapping is encountered by value function approaches with function 

approximation, particularly with (Deep Neural Network) DNNs. Deep RL has a reproducibility problem, 

meaning that many hyperparameters, such as recompense size and network design, random seeds trials, 

settings, and codebases, might distraught the results of trials [110]. Difficulties with reward terms can arise, 

and an incentive function might not precisely imitate the designer's goal. Issues like the expressivity of Markov 

reward [111] and delusional bias [112] are continuously being recognized and addressed by practitioners and 

researchers. Different hurdles that must be decreased earlier RL can be used in real-world circumstances. These 

problems consist of knowledge of a real system with small sample sizes, system interruptions, high-

dimensional state and action spaces, meeting ecological restrictions, limited observability and non-stationarity, 

multi-objective or poorly specified reward functions, real-time inference, offline RL training from fixed logs, 

and reasonable and interpretable rules [113]. RL deployment lessons have been recognized by experts such as 

[114] and [115]. Keeping in mind that there are several problems, efforts are being made to solve them all, and 

reinforcement learning is a useful method for a variety of uses.  

This study pointed out there are approaches that promise to solve all or even the mainstream issues, 

yet other approaches are enough to endeavour with a reasonable possibility of achievement for the popular 

optimization problem categories: distinct or nonstop, deterministic, stochastic, active, sports, etc. [116]. To 

overcome these obstacles, interdisciplinary cooperation between academics, clinicians, policymakers, and 

technological developers is required to generate ethically sound, understandable, and clinically established RL 

keys that address the occasions and difficulties faced by the healthcare system. Moreover, developing a culture 

of openness, responsibility, and ongoing development is essential to boosting confidence in RL-driven 

healthcare advances. 

 

4. RESULTS AND DISCUSSION 

              In this paper, we studied different features of data quality, bias issues, and strategic hurdles in RL 

applications within the healthcare domain. The proposed study exposes that present RL techniques face 

remarkable problems due to data irregularities and partialities. This review in RL for healthcare applications 

reveals different critical insights and academic fields that require more concentration to assess this area 

efficiently. We detected that RL models accomplished on imbalanced datasets frequently exhibit reduced 

performance in understated demographic classes. There are some major limitations of previous studies, as 

discussed in this review, that need further evaluation. The one major limitation in RL healthcare application is 

reported in different prior works that have relied on biased, incomplete, inconsistent datasets. Reliable 

prediction created by RL measures runs the hazard of damaging patient conduct in the nonappearance of 

reliable, high-quality data. Another limitation reported in previous studies is the bias in the training data. Data 

collected from definite demographic groups may not signify wider residents, which is prominent in models that 

show performance ailing when applied to miscellaneous patient groups. Numerous RL models are enhanced 

based on historical medicinal data, which frequently transports intrinsic biases from past medical observations. 

This could preserve disparities in healthcare products rather than advance them, as RL schemes might 

strengthen biased medical decisions.   Computational complications remain a serious limitation. RL processes 

usually need wide computational resources, which can confine their real-time applications in healthcare settings 

with limited resources. Several earlier works have not entirely addressed the issue of emerging further well-

organized models that can control resource-constrained clinical atmospheres and time-sensitive emergency 

management. One disadvantage is the black-box nature of several RL models, which delays their 

interpretability.  

Healthcare specialists want translucent models to faith AI-generated endorsements. Though numerous 

RL methods are impervious, they contribute a slight vision of how choices are prepared. This absence of 

explainability postures a main barricade to medical assumption, as it obfuscates belief, responsibility, and 

controlling authorization. Moreover, moral and legal challenges have been ineffectively discovered in earlier 

research. While RL systems hold the potential to refine patient results, the moral inferences of machine-driven 

healthcare decisions are multifaceted. Queries of accountability, particularly when RL models create mistakes, 

are left unreported. There is also worry concerning patient agreement and data confidentiality, as RL models 

need access to large quantities of complex health data. We assessed numerous current RL techniques in 
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contradiction of a range of parameters such as fairness, accuracy, and generalizability. This survey specifies 

that progressive algorithms provide enriched constancy and competence compared to traditional tech iques. 

Conventional techniques still fight bias when trained on biased datasets. The consequences also highlight that 

assimilating progressive bias mitigation techniques can enhance model fairness. Our discussion highlights the 

critical necessity for improved data quality and bias alleviation policies in RL settings. Advanced RL 

techniques have made developments in controlling complicated healthcare data, but they remain vulnerable to 

biases characteristic of the training data. Addressing these problems needs a multidimensional technique 

comprising upgraded data collection approaches, consistent bias checks, and the incorporation of fairness-

enhancing processes. RL, with developing technologies like federated learning, can deliver a favourable 

direction to overcome data quality issues and privacy. This study underlines the universal matter of data quality 

in the healthcare RL system.  

Healthcare data, normally the result of EHRs, medical imaging, and sensor readings, is imperfect, 

boisterous, and heterogeneous. These inadequacies expressively influence the training and performance of RL 

models. Studies specify that while preprocessing methods, such as data cleaning and augmentation, can 

alleviate some data quality matters, they do not completely resolve the issue. Therefore, there is still a 

considerable need for further vigorous and universal methods to carefully grip the varied nature of healthcare 

data. Second, we have discussed the bias in healthcare data, which is another important trial recognized in this 

survey. Bias can arise from different sources, containing socioeconomic disparities, historical prejudices, and 

demographic imbalances in healthcare. The survey focused on RL models trained on biased data that can 

preserve and even worsen health inequalities, leading to unsatisfactory treatment consequences. Strategic 

hindrances contain the more general complications in employing RL in healthcare settings. Important 

difficulties discussed in the survey include moral concerns, model interpretability, controlling concerns, and 

assimilation with existing healthcare sectors. The assumption of RL is expressively hindered by the difficulty 

of the healthcare domain and the dynamic nature of regulatory rules. According to the poll, making robust 

moral standards and producing interpretable RL models are vital first steps in decreasing these issues. 

Moreover, generating a regulatory setting that supports invention while certifying patient safety and privacy is 

important for the efficacious placement of RL in the healthcare system. The survey exposes that though 

considerable research has been conducted on data quality, bias, and strategic obstacles separately, there is a 

lack of studies that note these challenges in an integrated mode.  

This survey contributes to the current form of information by providing a manifold study of the 

challenges in smearing RL to healthcare. Unlike previous studies that emphasize individual issues, this work 

offers a combined context that reflects the interdependencies between data quality, bias, and strategic obstacles. 

By emphasizing these interrelated issues, the survey presents a more inclusive empathy of the barricades to 

operative RL applications in healthcare.  

 

5. CONCLUSION AND FUTURE DIRECTIONS 

              This survey has provided a comprehensive examination of the critical issues affecting the utilization 

of RL in healthcare applications, concentrating on data quality, bias, and strategic obstacles. The findings 

highlight that although there have been noteworthy progressions in addressing separate aspects of these issues, 

an all-inclusive method that assimilates solutions across these areas is crucial for the fruitful application of RL 

in healthcare. Data quality issues, halting the integrally multifaceted and often defective nature of healthcare 

information, continue to delay the development of consistent RL systems. Concurrently, bias in data, arising 

from different systemic and historical aspects, is a danger to impartial healthcare consequences. This complete 

method is vital for overcoming the obstacles to implementation and exploiting the latent of RL in changing 

healthcare. The work on implementing RL in healthcare will go in new directions in the future, requiring a 

thorough and planned approach to solve present problems and open up fresh prospects. Enhancing model 

interpretability is essential, as it recognizes the need to go past RL models' "black box" status. The goal of 

increasing transparency should be the focus of researchers and developers so that medical practitioners can 

better comprehend and rely on their judgments. The development of strong ethical frameworks and rules is 

another essential path. Ethical considerations become critical machines using AI as RL models impact patient 

treatment more and more. Establishing precise guidelines guarantees the equitable, open, and responsible 

application of AI in healthcare environments. This is consistent with the overarching objective of integrating 

patient viewpoints into decision-making procedures via cooperative efforts involving patients, healthcare 

practitioners, and AI systems.  

The creation of RL applications should be guided by human-centric design concepts to guarantee 

smooth integration into the current workflows in healthcare. Prioritizing usability and fit with the requirements 

of medical practitioners makes RL technology adoption more efficient and natural. Multidisciplinary 

collaboration is required from different fields, including data science, computer science, and medicine, for 

experts to augment the significance, moral insinuations, and, specifically, RL uses. Forming RL models that 

can increase medical decision-making in real-time is a fundamental region of highlighting. Real-time abilities 
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are vital for RL applications since they can have a considerable influence on persistent consequences over 

timely interferences. For RL schemes to vigorously regulate time variations in patient well-being and alter 

healthcare performance, it is important to examine dynamic learning models. It is essential to report biases in 

RL facsimiles to enhance the quality of the health system. Research should look into how to diminish biases 

and assure impartial outcomes for a kind of demographic alliance. Identical validation is also essential to 

rationalize controlling defiance, making it calmer and organizing RL applications sensibly and efficiently. 

Endorsing intercontinental collaboration plans is essential to making illustrative and varied datasets for the RL 

model. These assurances that RL replicas are consistent and appropriate to a variety of healthcare surroundings 

and patient demographics. Another practical measure is to assimilate a detailed discussion into the exercise 

process that helps generate logically understandable models. After deployment, it is crucial to set up long-term 

monitoring and evaluation systems to evaluate continuing performance, spot changing biases, and guarantee 

continual progress. Maintaining RL models' long-term efficacy, safety, and fairness requires routine 

monitoring.    

                In the future, we aim to report different main zones to progress RL in healthcare. We will focus on 

exploring progressive bias alleviation methods, which will be central to making sure reasonable cure references 

are made for various patient cultural and demographic conditions. This can include purifying technique 

impartiality outlines to stability correctness with justice. Assimilating RL with advanced technologies such as 

federated learning, edge computing, and blockchain will improve scalability, data secrecy, and real-time 

decision-making. Considering real-world trials such as unfinished or raucous automated health records is also 

perilous. Increasing the number of vigorous models proficient in functioning under vagueness will develop the 

practical solicitation of RL in the healthcare domain. Moreover, future studies should emphasize creating 

interpretable RL models, permitting clinicians to better comprehend and have confidence in the treatment 

endorsements produced by these schemes. Longitudinal studies will be required to endorse the RL models' 

long-term effectiveness in the scientific and medical domains and improve patient conclusions over time. 

Lastly, the combination of multi-modal data comprising imaging data, hereditary data, and electronic 

healthcare data can enhance extrapolative healthcare applications and individualized cure tactics. The 

mentioned future directions deliver a roadmap to overcome present limitations and motivate invention in RL 

for healthcare. All of these future paths open the door to a more responsible, inclusive, and successful 

application of RL in medical procedures. Through the resolution of ethical issues, improvement of 

interpretability, promotion of teamwork, and awareness of the constantly changing healthcare environment, the 

profession can optimize advantages while minimizing hazards and difficulties. 
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