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Abstract: Predicting disease outcomes and patient readmission rates is a critical area of research in 
healthcare, aiming to improve patient care, reduce hospital burdens, and optimize resource allocation. 

This survey paper provides a comprehensive analysis of the various techniques employed for disease 

outcome prediction and readmission rate estimation. The study reviews a range of machine learning, 

deep learning and statistical methods, highlighting their strengths, limitations, and applications in 

diverse clinical scenarios. Key methods discussed include regression models, decision trees, support 

vector machines, ensemble learning and neural networks, alongside emerging approaches such as 

explainable AI and federated learning. The paper also examines data preprocessing techniques, feature 

selection methods, and evaluation metrics, emphasizing their role in enhancing predictive accuracy and 

reliability. Additionally, the survey explores challenges associated with data quality, class imbalance and 

interpretability, proposing potential solutions and areas for future research. By synthesizing findings 

from recent studies, this paper aims to provide a roadmap for researchers and practitioners seeking to 

advance predictive modeling in healthcare. The insights gained from this survey contribute to the 

development of robust and scalable models, ultimately supporting evidence-based clinical decision-

making and improving patient outcomes. 
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1.  INTRODUCTION 

Healthcare predictive analytics has emerged as a powerful 

tool for transforming patient care and hospital operations. 

With the growing adoption of digital technologies in 

healthcare, vast amounts of data are generated daily from 

electronic health records (EHRs), wearable devices, medical 

imaging and other sources. These datasets offer an 

unprecedented opportunity to uncover patterns and trends 

that can support decision-making, improve patient outcomes, 

and enhance healthcare system efficiency. Among the 

cutting-edge approaches enabling this transformation is 

machine learning (ML), a branch of artificial intelligence that 

leverages algorithms to identify patterns, make predictions, 

and derive insights from complex data [1]. 

The application of ML in healthcare predictive analytics 

holds the potential to revolutionize key areas such as disease 

diagnosis, treatment planning, and resource optimization. By 

analyzing structured data, including demographics, 

laboratory results, and vital signs, as well as unstructured 

data like clinical notes and imaging, ML models can predict 

patient outcomes with remarkable accuracy. These 

capabilities are particularly valuable for tasks such as 

predicting the likelihood of disease progression, identifying 

high-risk patients, and forecasting readmission rates. 

This study investigates the use of ML for healthcare 

predictive analytics, with a focus on its role in predicting 

disease outcomes and patient readmissions. These tasks are 

crucial for improving patient management, reducing 

healthcare costs and ensuring the efficient allocation of 

resources. Various ML techniques, including supervised, 
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unsupervised, and reinforcement learning, are explored for 

their ability to handle the complexities of healthcare data. 

Additionally, advancements in natural language processing 

(NLP) and deep learning are highlighted as key enablers for 

deriving insights from unstructured data. 

However, the adoption of ML in healthcare is not without 

challenges. Issues such as data privacy, model interpretability 

and biases in training data require careful consideration. This 

study also emphasizes the importance of developing 

explainable AI (XAI) solutions to foster trust and acceptance 

among healthcare professionals. 

By examining the capabilities and limitations of ML in 

healthcare predictive analytics, this work aims to provide a 

comprehensive understanding of its potential to reshape the 

healthcare landscape. It highlights opportunities for 

innovation, identifies barriers to implementation, and outlines 

strategies for integrating ML-driven analytics into clinical 

practice. As the healthcare sector continues to evolve, 

leveraging ML for predictive analytics will play a pivotal role 

in enabling data-driven, patient-centered care. 

 

 
Figure 1: Illustration of heterogeneous sources 

contributing to healthcare data [2] 

 

Healthcare services generate vast amounts of data daily, 

encompassing electronic health records, genomics, 

environmental factors, social media insights, and other 

sources. The complexity and volume of this data make 

traditional analysis methods insufficient. Machine learning 

(ML) and deep learning (DL) provide powerful tools to 

analyze and interpret this information effectively, 

transforming raw data into actionable insights. By leveraging 

these advanced techniques, healthcare professionals can 

enhance decision-making and patient care [2]. 

Incorporating diverse data sources, such as medical 

records, genomic data, and environmental data, further 

enriches the analytical process, enabling more accurate and 

personalized predictions. These approaches support four 

critical applications in healthcare: prognosis, diagnosis, 

therapy, and clinical workflow optimization. Each of these 

domains benefits significantly from the predictive and 

interpretive power of ML and DL, as illustrated in Figure 1, 

which provides an overview of these data sources. These 

advancements mark a transformative step in modern 

healthcare systems. 

Patient readmission rates are a critical metric in 

evaluating the quality of healthcare services and the 

effectiveness of clinical interventions. Unplanned 

readmissions within a short period after discharge are often 

indicative of suboptimal care, inadequate post-discharge 

planning, or insufficient patient support. These events not 

only compromise patient outcomes but also impose 

significant financial burdens on healthcare systems. 

Consequently, reducing readmission rates has become a 

priority for healthcare providers, policymakers, and payers 

alike [3]. 

The growing adoption of electronic health records (EHRs) 

offers an opportunity to address this challenge through data-

driven approaches. EHRs contain rich, multifaceted data, 

including patient demographics, diagnoses, treatments, 

medications, lab results, and clinical notes. Leveraging this 

information, advanced machine learning (ML) techniques can 

be employed to predict patient readmission risks, allowing 

healthcare providers to intervene proactively. 

This study explores the use of ML to analyze EHR data 

and develop predictive models for identifying patients at high 

risk of readmission. By utilizing structured data, such as 

medical histories and treatment plans, and unstructured data, 

such as physician notes, ML models can uncover patterns 

that traditional statistical methods often miss. Predictive 

models can also incorporate time-series data to track patient 

health trends, enhancing their ability to forecast readmissions 

accurately. 

While the potential benefits of ML-driven predictions are 

substantial, challenges such as data privacy, algorithm 

interpretability, and biases in training data must be addressed 

to ensure equitable and effective solutions. Furthermore, the 

integration of these models into existing healthcare 

workflows is essential for their successful adoption. 



International Journal of Technology Research and Management 
ISSN (Online): 2348-9006 

  Vol 11 Issue 12 December 2024 
 

 

 

 
 

Paper ID: 2024/IJTRM/12/2024/45426           3 

 

 

2. LITERATURE SURVEY 

 The application of machine learning and predictive 

analytics in healthcare has led to significant advancements in 

predicting disease outcomes and patient readmission rates. 

The following studies provide insights into methodologies 

and findings in this domain. 

Shameer et al. (2017) [1] developed predictive models for 

hospital readmissions using the Mount Sinai heart failure 

cohort. Their study employed electronic medical record 

(EMR)-wide machine learning techniques, highlighting the 

value of integrating diverse EMR data to improve prediction 

accuracy. By analyzing comprehensive datasets, they 

demonstrated how combining clinical, demographic, and 

treatment information enhances the performance of 

readmission prediction models. The study emphasizes the 

importance of utilizing extensive EMR data to better predict 

heart failure outcomes and improve healthcare decision-

making, ultimately aiding in the prevention of avoidable 

readmissions. 

Weiskopf et al. (2017) [2] addressed the quality of 

electronic medical record (EMR) data reuse, proposing a data 

quality assessment guideline to ensure reliable predictive 

analytics. The study emphasized the importance of robust 

data preprocessing and validation for achieving high 

accuracy in predictive models. By outlining key steps for 

data quality assessment, the framework provides a 

foundational approach for integrating machine learning with 

clinical data. This guideline supports the development of 

effective predictive models and helps ensure the reliability 

and usability of EMR data in healthcare applications, 

facilitating more accurate clinical decision-making. 

Smith et al. (2018) [3] conducted a systematic review of 

risk prediction models for acute myocardial infarction 

readmissions. The review examined model performance 

metrics and identified significant variability in outcomes, 

attributed to differences in datasets and methodologies. Their 

findings emphasized the importance of adopting standardized 

approaches to improve model reliability and generalizability. 

Additionally, they highlighted the necessity of incorporating 

diverse patient cohorts to ensure broader applicability of the 

models. The study underscored the need for consistency in 

methods and data sources to enhance the predictive power 

and accuracy of readmission risk models in clinical settings. 

Mahajan and Ghani (2019) [4] investigated the 

application of ensemble machine learning methods for 

predicting heart failure readmission risk. Their study 

showcased the advantages of ensemble techniques over 

traditional models, as they combined multiple algorithms to 

enhance prediction accuracy. By leveraging the strengths of 

different models, this approach improved the robustness of 

predictions, particularly in complex healthcare datasets. The 

study highlighted how ensemble learning can effectively 

manage the intricate and varied nature of healthcare data, 

demonstrating its potential to improve clinical decision-

making and readmission risk predictions for heart failure 

patients. 

Badawy et al. (2023) [5] presented a comprehensive 

survey on healthcare predictive analytics, highlighting the 

roles of machine learning and deep learning techniques. The 

survey explored various methods and their applications in 

predicting disease outcomes, including readmission rates. It 

emphasized the increasing adoption of deep learning models 

due to their ability to process large-scale, unstructured data, 

such as electronic medical records (EMRs). Additionally, the 

study noted the flexibility of deep learning in adapting to 

diverse healthcare scenarios, positioning it as a key approach 

for improving predictive accuracy and decision-making in 

healthcare settings. 

Golas et al. (2018) [6] conducted a retrospective analysis 

using electronic health record (EHR) data to develop a 

machine learning model for predicting 30-day readmission 

risk in heart failure patients. By integrating demographic, 

clinical, and medication data, the study demonstrated how 

incorporating feature-rich datasets can enhance the reliability 

of predictions. The research highlighted the potential of 

machine learning to deliver timely, actionable insights for 

healthcare providers, thereby enabling more informed 

decision-making and improving patient outcomes. This 

approach underscores the value of comprehensive data in 

predictive analytics for heart failure management. 

Rojas et al. (2018) [7] investigated the prediction of 

intensive care unit (ICU) readmissions using machine 

learning models applied to electronic health record (EHR) 

data. Their study compared various machine learning 

algorithms and found that techniques like random forests and 

gradient boosting outperformed traditional statistical methods. 

The research emphasized the importance of real-time data 

usage and highlighted the critical role of feature selection in 

improving the accuracy of ICU readmission predictions. 

These findings underscore the potential of machine learning 

to enhance decision-making in critical care settings and 

optimize patient management. 

Ashfaq et al. (2019) [8] examined the use of deep learning 

for predicting readmissions using electronic health records 

(EHRs). Their study highlighted the effectiveness of deep 

learning models, especially recurrent neural networks 

(RNNs), in capturing temporal patterns and complex 

relationships within longitudinal patient data. The research 
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emphasized the ability of deep learning techniques to handle 

large-scale and unstructured datasets, offering significant 

advantages over traditional methods. By leveraging these 

models, the study demonstrated the potential for improved 

prediction accuracy in readmission risks, particularly in 

managing complex healthcare data. 

Mahmoudi et al. (2020) [9] conducted a systematic 

review on the use of electronic health records (EHRs) for 

developing and validating hospital readmission prediction 

models. The review identified challenges such as data quality 

issues, population heterogeneity, and the need for external 

validation. It emphasized the importance of addressing these 

obstacles to improve the reliability and generalizability of 

machine learning-based prediction models. The study 

provided valuable insights into the current state of research 

and offered recommendations for future work aimed at 

enhancing the robustness and applicability of readmission 

prediction models in diverse healthcare settings. 

Chi et al. (2021) [10] developed a machine learning 

model to predict mortality and readmission in patients 

experiencing in-hospital cardiac arrest. By incorporating a 

broad set of clinical and physiological features, the model 

effectively stratified patients according to their risk levels. 

The study demonstrated the potential of advanced machine 

learning algorithms in critical care, emphasizing their role in 

identifying high-risk patients and enabling timely, targeted 

interventions. This approach not only aims to improve patient 

survival rates but also reduces the likelihood of readmissions, 

highlighting the value of predictive analytics in enhancing 

outcomes in critical care settings. 

Zhao et al. (2021) [11] investigated the variability in 

readmission rates following total hip and knee arthroplasty 

across different datasets. Their findings revealed 

inconsistencies due to the use of disparate data sources, 

emphasizing the necessity of standardized methodologies to 

achieve accurate readmission predictions. The study 

highlighted the importance of data harmonization to improve 

the reliability of machine learning applications in healthcare. 

By addressing these challenges, the research advocates for 

unified approaches that enhance the consistency and accuracy 

of predictive models, ultimately supporting better clinical 

decision-making and patient outcomes. 

Matheny et al. (2021) [12] developed electronic health 

record (EHR)-based prediction models to assess the 30-day 

readmission risk for patients hospitalized due to acute 

myocardial infarction. By integrating advanced machine 

learning techniques with patient demographics, clinical data, 

and comorbidities, the study demonstrated the effectiveness 

of these models in providing robust predictions. Their work 

highlights the potential of machine learning in cardiology, 

particularly for improving patient outcomes and optimizing 

resource allocation. This approach showcases how ML can 

support clinical decision-making and enhance the 

management of patients with complex cardiovascular 

conditions. 

Okere et al. (2021) [13] applied machine learning to 

identify risk factors for 30-day readmission and 180-day in-

hospital mortality in ischemic heart disease patients. The 

study ranked these factors by their relative importance, 

offering valuable insights for targeted healthcare 

interventions. By leveraging feature importance analysis in 

ML models, the research emphasized the potential to 

prioritize risk factors, enabling clinicians to focus on the 

most critical elements influencing patient outcomes. This 

approach enhances the predictive power of models, 

ultimately supporting more effective and personalized 

healthcare strategies for managing ischemic heart disease 

patients. 

Najafi-Vosough et al. (2021) [14] compared multiple 

machine learning methods for predicting hospital 

readmissions among heart failure patients in Iran. Their 

results showed that ensemble techniques, like random forests 

and gradient boosting, outperformed traditional methods, 

highlighting the superior predictive accuracy of ML models. 

The study also underscored the ability of these models to 

adapt across diverse healthcare systems, demonstrating their 

potential to address regional healthcare challenges. This 

research emphasizes the value of machine learning in 

improving readmission predictions and enhancing healthcare 

management, especially in regions with unique healthcare 

dynamics and resource constraints. 

Lv et al. (2021) [15] applied machine learning-driven 

models to predict prognostic outcomes for heart failure 

patients using EHR data. Their retrospective study 

incorporated a broad set of patient-specific features, 

highlighting how ML can enhance the accuracy of 

readmission and mortality predictions. The research 

demonstrated that machine learning could identify critical 

patterns in patient data, leading to more accurate predictions. 

Furthermore, it emphasized the importance of retrospective 

analysis in clinical decision-making, helping healthcare 

providers make informed decisions and potentially improving 

patient outcomes by identifying at-risk individuals early in 

the care process. 

Van Grootven et al. (2021) [16] conducted a systematic 

review and meta-analysis of prediction models for hospital 

readmissions in heart disease patients. They found significant 

variability in model performance, which could be attributed 

to differences in datasets, feature selection, and 

methodologies. The study underscored the need for 
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standardized evaluation frameworks to ensure more reliable 

comparisons and broader applicability in clinical practice. By 

highlighting these challenges, the research emphasized the 

importance of developing uniform approaches to model 

development and assessment, which could improve the 

consistency and effectiveness of readmission prediction 

models in healthcare settings. 

Mohamed et al. (2022) [17] applied machine learning 

algorithms to predict readmissions in patients with chronic 

obstructive pulmonary disease (COPD). Their study 

demonstrated that ensemble methods, like random forests and 

gradient boosting, significantly improved predictive accuracy 

compared to traditional models. By integrating a wide array 

of data, including demographic, clinical, and behavioral 

factors, the research highlighted the importance of a 

comprehensive approach to risk assessment. This work 

emphasized how combining diverse data sources with 

advanced ML techniques can enhance prediction models, 

leading to better patient management and targeted 

interventions in COPD care. 

Sharma et al. (2022) [18] explored using administrative 

data to predict 30-day readmissions in heart failure patients. 

By applying various machine learning models, their study 

achieved high accuracy, with ensemble methods 

outperforming traditional approaches. The research 

highlighted the potential of administrative datasets as a cost-

effective alternative to electronic health records (EHRs) for 

predictive modeling. This work demonstrates that even with 

less detailed data, machine learning can still produce reliable 

predictions, offering a practical solution for healthcare 

systems with limited access to comprehensive EHR data, 

ultimately improving patient management and resource 

allocation. 

Le Lay et al. (2022) [19] investigated predicting hospital 

readmissions in multimorbid patients using machine learning 

models. The study incorporated a wide range of patient data, 

including comorbidities, medications, and socioeconomic 

factors, achieving strong predictive performance. Their 

research highlighted the capability of machine learning to 

handle the complexities of multimorbidity, offering valuable 

insights for healthcare planning. By integrating diverse 

factors that influence patient outcomes, the study 

demonstrated that ML models could enhance decision-

making and resource allocation, ultimately improving care 

for patients with multiple chronic conditions. 

Mohamed et al. (2022) [20] revisited the prediction of 

COPD readmissions, using advanced machine learning 

techniques to assess feature importance and model 

interpretability. Their study highlighted the effectiveness of 

ML in identifying high-risk patients, showcasing its potential 

in improving predictive accuracy. The research also 

emphasized the necessity of explainable models to ensure 

their clinical adoption, making it easier for healthcare 

professionals to trust and apply the predictions in decision-

making. By focusing on both model performance and 

transparency, the study contributed to enhancing the practical 

use of ML in healthcare settings for COPD readmission 

prediction. 

Wang and Zhu (2022) [21] focused on predicting 30-day 

hospital readmissions by developing a disease-specific model 

using nationwide hospital admission data. Their study aimed 

to enhance the accuracy of readmission predictions by 

incorporating both general hospital admission data and 

disease-specific variables. The researchers demonstrated that 

integrating these contextual variables significantly improved 

the model's predictive performance, making it more robust 

and tailored to specific patient populations. The inclusion of 

disease-specific data allowed the model to account for 

variations in readmission risk based on the underlying health 

condition, ultimately leading to more accurate predictions. 

This research emphasizes the importance of contextualizing 

predictive models to better reflect the complexities of 

individual diseases and patient demographics. The findings 

also suggest that the combination of general hospital data and 

disease-specific factors can offer more reliable insights, 

providing healthcare providers with improved tools to 

manage readmission risks and optimize patient care strategies. 

Teo et al. (2023) [22] presented an extensive review of 

the latest trends in hospital readmission prediction 

approaches. The study examined a wide range of machine 

learning (ML) techniques, comparing classical statistical 

methods with advanced deep learning models, and discussed 

their applicability across diverse healthcare settings. The 

authors emphasized the growing integration of electronic 

health records (EHRs) with real-time data, which enhances 

the accuracy and timeliness of readmission predictions. 

Additionally, the study highlighted the increasing importance 

of model interpretability and transparency in ML applications. 

As healthcare professionals are more likely to trust and adopt 

predictive models when they can understand how the model 

generates its results, the research underscored the need for 

developing explainable models. By focusing on these aspects, 

the study pointed out the potential for improving clinical 

decision-making, patient outcomes, and overall trust in 

machine learning-driven healthcare technologies. 

Sabouri et al. (2023) [23] utilized machine learning to 

predict both readmission and mortality in heart failure 

patients. Their work applied a range of algorithms, including 

decision trees, support vector machines, and neural networks, 

and found that ensemble methods provided superior 
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performance. This research emphasized the dual role of 

predictive models in both mortality and readmission 

prediction, suggesting that these models could be valuable 

tools for improving patient management strategies. 

Ruppert et al. (2023) [24] performed a systematic review 

of predictive models for readmission to intensive care units 

(ICUs). Their analysis of various machine learning (ML) 

approaches emphasized the significance of feature selection 

in model performance, identifying key factors such as age, 

comorbidities, and clinical markers. The study highlighted 

the importance of these features in improving the accuracy of 

readmission predictions. By focusing on these critical factors, 

the research underscored the potential of ML to enhance 

decision-making in ICU settings, where precise predictions 

are essential for efficient resource allocation and patient care 

optimization. 

Talwar et al. (2023) [25] performed a meta-analysis 

comparing advanced ML algorithms with logistic regression 

for predicting hospital readmissions. Their findings 

suggested that models such as gradient boosting and random 

forests outperformed logistic regression in terms of both 

accuracy and generalizability. This meta-analysis 

underscored the need for selecting the right ML algorithm 

based on the nature of the data and the clinical problem. 

Ghasemieh et al. (2023) [26] developed a novel machine 

learning model using a stacking ensemble learner to predict 

emergency readmissions in heart disease patients. By 

combining the strengths of multiple models, they achieved 

high prediction accuracy. The study emphasized the 

effectiveness of ensemble techniques in handling the 

complexity and variability inherent in predicting 

readmissions for a diverse patient population. Their approach 

demonstrated how integrating different models can enhance 

the robustness of predictions, making it a valuable tool for 

clinical decision-making and improving patient care 

outcomes in heart disease management. 

Nair et al. (2024) [27] introduced a machine learning-

based approach for predicting readmissions in heart failure 

patients, focusing on evaluating its real-world impact through 

a quasi-experimental study design. Their research protocol 

aimed to assess the effectiveness of integrating electronic 

health record (EHR)-based machine learning models into 

clinical practice. This approach not only involved the 

development of predictive models but also considered the 

broader implications of adopting such models in healthcare 

settings. By assessing how the model performs when 

deployed in real clinical environments, the study aimed to 

address concerns about model accuracy, usability, and 

potential barriers to adoption. The authors emphasized the 

significance of understanding the model's real-world impact 

on patient outcomes and clinical workflows. This work 

underscores the need for rigorous evaluation to ensure that 

machine learning models are not only accurate but also 

effective and sustainable when integrated into day-to-day 

clinical decision-making processes. 

Huberts et al. (2024) [28] emphasized the importance of 

explainable predictive analytics for cardiovascular patient 

readmission and mortality. Their research highlighted the 

necessity of interpretability in machine learning (ML) models, 

ensuring that clinicians can understand and trust the 

predictions generated by these algorithms. By focusing on 

transparency, the study aimed to enhance the practical 

application of ML models in healthcare settings. This work 

contributes to the growing body of research advocating for 

transparent and actionable insights, ultimately supporting 

clinicians in making informed decisions based on reliable 

predictive models. 

Park et al. (2024) [29] developed a predictive model for 

90-day readmissions following total joint arthroplasty by 

integrating electronic health records (EHRs) and patient-

reported outcome measures (PROMs). Their study showed 

that incorporating PROMs significantly improved the 

accuracy of readmission predictions in post-surgical patients. 

By combining clinical data with subjective patient-reported 

metrics, the model was able to provide more precise risk 

assessments. This research highlights the value of including 

diverse data sources, such as PROMs, to enhance the 

predictive power of machine learning models in surgical 

patient care. 

Zeinalnezhad and Shishehchi (2024) [30] combined data 

mining algorithms with meta-heuristic techniques to predict 

readmission risk in diabetic patients. Their innovative 

approach sought to enhance the performance of predictive 

models by tackling the complexity and variability of 

diabetes-related data. By integrating advanced techniques, 

the study aimed to improve the accuracy of readmission 

predictions, contributing to the development of more 

personalized medicine. This research highlights the growing 

potential of predictive analytics in managing chronic 

conditions like diabetes, ensuring better-targeted 

interventions and improving patient outcomes. 

Zarghani (2024) [31] conducted a comparative analysis 

between Long Short-Term Memory (LSTM) neural networks 

and traditional machine learning models, such as decision 

trees and logistic regression, for predicting diabetes patient 

readmission. The study highlighted the superiority of LSTM 

networks in capturing temporal dependencies in patient data, 

which traditional models often fail to account for. LSTM's 

ability to process sequences of patient health records over 

time was shown to improve prediction performance 
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significantly compared to conventional models. This work 

contributed to the growing body of literature advocating for 

the use of deep learning techniques in patient readmission 

prediction. 

Zhang et al. (2024) [32] presented an updated review of 

predictive modeling for hospital readmissions in heart disease 

patients from 2012 to 2023. Their comprehensive review 

emphasized the evolution of machine learning models, noting 

a shift from simpler statistical techniques to more complex 

models such as random forests, support vector machines 

(SVMs), and deep learning algorithms. They also discussed 

the integration of multimodal data sources, such as clinical 

data, imaging, and genetic information, which have further 

enhanced the predictive capabilities of these models. Their 

review underscores the significant improvements in model 

accuracy over the years, owing to advances in both data 

availability and algorithm sophistication. 

Da Silva et al. (2024) [33] explored the application of 

machine learning for predicting hospital readmissions in the 

pediatric population. This study addressed the unique 

challenges of pediatric data, which often involve fewer 

historical records and more variability in treatment protocols 

compared to adult populations. The researchers applied 

ensemble methods and deep learning models to pediatric 

readmission prediction, with results indicating that 

specialized models tailored to pediatric care could yield 

improved prediction accuracy compared to general models 

used in adult populations. 

Adeniran et al. (2024) [34] discussed the broader impact 

of data-driven decision-making in healthcare, focusing on the 

role of predictive modeling in improving patient outcomes. 

Their study explored various machine learning techniques, 

such as decision trees and neural networks, and emphasized 

the importance of integrating EHR data with real-time patient 

monitoring systems. They argued that predictive models 

could significantly enhance clinical decision-making by 

providing timely insights into patient risks, ultimately 

reducing readmissions and improving care quality. 

Gaso et al. (2024) [35] examined the use of machine 

learning and deep learning techniques for predicting 

readmission cases in diabetes patients. Their study compared 

various models, including neural networks and gradient 

boosting machines, demonstrating that deep learning models, 

when trained on large EHR datasets, offered superior 

accuracy. This research is particularly relevant as diabetes is 

a prevalent condition with high readmission rates, and better 

predictive models could lead to more effective management 

of diabetic patients and prevent avoidable hospitalizations. 

Tsai et al. (2024) [36] utilized machine learning to 

analyze monthly blood test data for forecasting 30-day 

hospital readmissions among maintenance hemodialysis 

patients. By leveraging time-series data from routine blood 

tests, the study demonstrated the potential of using 

continuous clinical monitoring to predict readmissions. The 

research highlighted how integrating regularly collected data, 

such as lab results, into predictive models can improve both 

the accuracy and timeliness of readmission predictions. This 

approach has significant implications for healthcare systems, 

as it enables more proactive interventions based on real-time 

data, potentially reducing readmission rates. By focusing on a 

vulnerable patient population, maintenance hemodialysis 

patients, the study also underlined the importance of 

personalized care and the utility of predictive analytics in 

improving outcomes for patients with chronic conditions. 

This innovative use of ongoing clinical data further 

strengthens the case for integrating real-time health data into 

healthcare decision-making processes. 

Hu et al. (2025) [37] developed and validated a machine 

learning model specifically designed to predict one-year 

readmissions in patients with Heart Failure with preserved 

Ejection Fraction (HFpEF). Their model incorporated a wide 

range of clinical features, including comorbidities, lab results, 

and treatment history, and was able to predict readmission 

risk with high accuracy. The study contributed valuable 

insights into the specific needs of HFpEF patients, whose 

clinical outcomes can be challenging to predict due to the 

heterogeneous nature of the disease. 

Li et al. (2025) [38] focused on predicting ICU 

readmissions for patients with intracerebral hemorrhage 

using the MIMIC III and IV databases. Their study 

emphasized the value of large, high-quality clinical databases 

in training predictive models. The researchers demonstrated 

that ICU-specific models could enhance patient care by 

identifying high-risk individuals early, enabling timely 

interventions. This approach underscores the potential of 

utilizing comprehensive clinical datasets to improve 

prediction accuracy and ultimately reduce readmission rates, 

thereby optimizing ICU resource allocation and improving 

patient outcomes. Their work contributes to the growing use 

of data-driven strategies in critical care settings. 

Buddhiraju et al. (2025) [39] compared the prediction 

accuracy for 30-day readmission following primary total 

knee arthroplasty using the ACS-NSQIP risk calculator and a 

novel artificial neural network model. Their findings showed 

that the neural network model outperformed the traditional 

risk calculator in predicting readmissions. This research 

highlights the potential of advanced machine learning models 

to enhance postoperative care, offering more accurate 

predictions for orthopedic patients. By improving prediction 

accuracy, these models could help reduce readmission rates 
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and optimize resource allocation, ultimately contributing to 

better patient outcomes in orthopedic surgery. 

Purbasari et al. (2024) [40] applied machine learning in 

conjunction with hyperparameter optimization using 

Bayesian techniques to predict readmission risk following 

total hip arthroplasty. The study demonstrated that 

optimizing hyperparameters significantly improved the 

performance of predictive models, leading to more accurate 

predictions of readmission risk. By leveraging Bayesian 

methods for hyperparameter tuning, the researchers were able 

to enhance the model’s ability to capture complex patterns in 

patient data. This research emphasizes the critical role of 

hyperparameter optimization in machine learning, 

particularly in healthcare, where accurate predictions are 

essential for improving patient outcomes. The study 

highlights how refining model parameters can lead to better 

predictive accuracy, ultimately supporting healthcare 

providers in making informed decisions, reducing 

readmission rates, and ensuring efficient resource allocation. 

 

3. CONCLUSION 

In conclusion, recent studies highlight the ongoing 

advancement of machine learning techniques in predicting 

hospital readmissions. A key trend is the development of 

disease-specific models and the increasing use of deep 

learning approaches, which enable more accurate and 

context-sensitive predictions. Moreover, the integration of 

real-time health data, such as electronic health records and 

patient-reported outcomes, has enhanced the timeliness and 

effectiveness of these models. As machine learning models 

continue to evolve, they hold significant potential to improve 

patient outcomes, optimize resource allocation, and reduce 

readmissions across diverse patient populations. However, 

challenges remain in integrating heterogeneous data sources, 

ensuring model transparency, and assessing their real-world 

impact. Future research should focus on refining predictive 

models, enhancing interpretability, and conducting rigorous 

evaluations in clinical settings to better understand their 

practical implications and further support healthcare 

decision-making. These advancements could ultimately lead 

to more personalized and efficient care for patients. 
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