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Abstract- Hospital readmission prediction has emerged as a major research area in the healthcare sector 

because unplanned patient readmissions significantly increase healthcare expenditure, reduce hospital 

efficiency, and negatively affect patient outcomes. Readmission generally occurs when a patient is admitted 

to the hospital again within a short duration after discharge, often due to incomplete recovery, poor follow-

up care, or chronic medical conditions. Identifying patients who are at high risk of readmission before 

discharge is therefore essential for improving treatment quality and optimizing hospital resource 

management. Traditional healthcare prediction methods are often limited in handling large and complex 

medical datasets, whereas machine learning techniques provide more efficient and intelligent solutions for 

predictive healthcare analytics. This research paper presents a machine learning-based hospital readmission 

prediction framework using the XGBoost classifier. The proposed framework is designed to analyze 

healthcare datasets and predict whether a patient is likely to be readmitted after discharge. The system 

includes several important stages such as data collection, data preprocessing, feature engineering, model 

training, model evaluation, and deployment. During preprocessing, missing values, duplicate records, and 

inconsistent data are handled to improve data quality. Feature engineering techniques are applied to extract 

meaningful information from patient records, including demographic details, diagnosis history, laboratory 

reports, medications, and previous admission records. The XGBoost algorithm is used as the primary 

classification model because of its high efficiency, scalability, and superior predictive accuracy compared to 

traditional machine learning algorithms. The trained model is evaluated using various performance metrics 

such as accuracy, precision, recall, F1-score, and ROC-AUC score to measure its predictive capability and 

reliability. To provide a practical implementation of the proposed framework, the prediction model is 

deployed using the Streamlit framework, which allows the development of an interactive and user-friendly 

web application. Healthcare professionals can use the application to input patient information and instantly 

obtain readmission risk predictions. This real-time prediction capability can assist doctors and hospital 

administrators in making informed decisions regarding patient discharge planning, follow-up treatment, 

and preventive care strategies. Experimental results demonstrate that the proposed machine learning 

framework achieves strong predictive performance and can effectively identify high-risk patients before 

discharge. The framework has the potential to reduce avoidable hospital readmissions, lower healthcare 

costs, improve hospital efficiency, and enhance the overall quality of patient care. Furthermore, this research 

highlights the growing importance of artificial intelligence and machine learning technologies in modern 

healthcare systems. Future enhancements may include the integration of deep learning models, real-time 

electronic health record systems, and cloud-based healthcare analytics for improved scalability and 

prediction accuracy. 

 

Keywords— Artificial Intelligence (AI), Hospital Readmission Prediction, XGBoost, Machine Learning, 

Predictive Analytics, Healthcare Analytics 
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I. INTRODUCTION 
 

Hospital readmission has become one of the most 

significant challenges in modern healthcare systems 

because repeated patient admissions not only 

increase medical costs but also indicate possible 

deficiencies in treatment quality, discharge planning, 

and post-hospital care management. A hospital 

readmission generally refers to the situation in which 

a patient is admitted again to a hospital within a 

specific time period after discharge, most commonly 

within 30 days. Due to its direct relationship with 

healthcare quality and financial performance, the 

prediction and reduction of hospital readmissions 

have gained major importance in recent years. 

 

Risk-adjusted 30-day readmission rates are now 

widely recognized as an important performance 

measurement standard in hospitals across the 

United States. Healthcare organizations such as the 

Centers for Medicare & Medicaid Services monitor 

hospital readmission statistics to evaluate the quality 

of patient care and hospital efficiency. To reduce 

avoidable readmissions, the organization introduced 

the Hospital Readmissions Reduction Program 

(HRRP), under which hospitals with higher-than-

expected readmission rates receive financial 

penalties in the form of reduced reimbursements. 

This initiative encourages hospitals to improve 

patient management practices, discharge planning, 

and follow-up treatment procedures while 

simultaneously controlling healthcare expenditure. 

Reports indicate that reimbursement reductions 

associated with hospital readmissions reached 

approximately millions of dollars during the fiscal 

year 2023, emphasizing the serious economic impact 

of repeated hospital admissions, especially during 

and after the COVID-19 pandemic period. 

 

The COVID-19 pandemic further highlighted the 

importance of efficient hospital resource 

management and predictive healthcare systems. 

During the pandemic, hospitals experienced 

increased patient loads, shortages of medical 

resources, and rising healthcare costs. Patients 

suffering from chronic diseases and post-COVID 

complications often required repeated 

hospitalization, placing additional pressure on 

healthcare infrastructure. In such situations, the 

ability to predict readmission risk in advance became 

highly valuable for improving hospital operations 

and ensuring better patient outcomes. Accurate 

prediction models can help healthcare professionals 

identify high-risk patients before discharge and 

provide additional care, monitoring, or preventive 

interventions to reduce the possibility of 

readmission. 

 

Traditionally, statistical approaches such as logistic 

regression were commonly used for healthcare 

prediction tasks. Although these methods are simple 

and interpretable, they often struggle to capture the 

complex relationships and nonlinear patterns 

present in healthcare datasets. With the 

advancement of Artificial Intelligence (AI) and 

Machine Learning (ML), healthcare analytics has 

shifted toward more intelligent and data-driven 

predictive models. Machine learning algorithms can 

analyze large volumes of electronic health records 

(EHRs), laboratory reports, medication histories, 

demographic information, and treatment data to 

identify hidden patterns associated with patient 

readmission risks. 

 

Among the different machine learning approaches, 

tree-based ensemble algorithms have become 

particularly popular for healthcare prediction 

problems because of their high predictive accuracy 

and ability to handle structured medical data 

effectively. Algorithms such as Decision Trees, 

Random Forests, Gradient Boosting Machines, and 

Extreme Gradient Boosting (XGBoost) are widely 

used in predictive healthcare research. 

 

These methods provide better performance than 

traditional statistical models by combining multiple 

decision trees and optimizing prediction capability 

through ensemble learning techniques. 

 

Among these approaches, the XGBoost classifier has 

attracted significant attention due to its superior 

performance, computational efficiency, and 

scalability. XGBoost is an advanced implementation 

of gradient boosting that builds decision trees 

sequentially while minimizing prediction errors using 

optimization techniques. The algorithm offers 
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several advantages that make it highly suitable for 

healthcare analytics. First, XGBoost provides 

excellent predictive accuracy and strong 

discriminatory power compared to conventional 

models such as logistic regression. 

 

Second, it efficiently handles missing values, which 

are common in healthcare datasets. Third, the 

algorithm supports parallel computing, enabling 

faster model training even on large-scale medical 

datasets. Additionally, XGBoost includes 

regularization mechanisms that reduce overfitting 

and improve the generalization capability of the 

model. 

 

Another important advantage of machine learning-

based readmission prediction systems is their 

practical impact on hospital management and 

patient care. Accurate prediction models can support 

healthcare providers in making informed clinical 

decisions related to post-acute care planning, 

patient transfer decisions, treatment prioritization, 

and resource allocation. Hospitals can use prediction 

systems to identify patients who require additional 

monitoring, follow-up consultations, or personalized 

treatment plans after discharge. Such preventive 

measures can reduce avoidable readmissions, 

improve patient satisfaction, and optimize 

healthcare resource utilization. 

 

This research paper presents a hospital readmission 

prediction framework based on the XGBoost 

classifier. The proposed system focuses on 

improving prediction accuracy through effective 

data preprocessing, feature engineering, and 

machine learning model optimization. The 

framework uses healthcare datasets containing 

patient-related information such as age, medical 

history, diagnosis details, laboratory test results, 

medications, and previous admissions. After 

preprocessing and feature extraction, the XGBoost 

model is trained and evaluated using multiple 

performance metrics including accuracy, precision, 

recall, F1-score, and ROC-AUC score. 

 

To ensure practical usability, the trained prediction 

model is deployed using the Streamlit framework, 

which enables the creation of an interactive and 

user-friendly web application. 

 

Through this application, healthcare professionals 

can enter patient information and instantly obtain 

readmission risk predictions. This real-time 

prediction capability can assist doctors, nurses, and 

hospital administrators in making timely decisions 

and improving patient management strategies. 

 

Overall, the integration of machine learning 

techniques into healthcare systems represents an 

important step toward intelligent and data-driven 

medical decision-making. By leveraging the 

capabilities of XGBoost and predictive analytics, the 

proposed framework aims to reduce hospital 

readmission rates, lower healthcare costs, improve 

operational efficiency, and enhance the overall 

quality of patient care. 

  

II. LITERATURE SURVEY 
 

The rapid growth of healthcare data and the 

increasing demand for intelligent clinical decision-

support systems have encouraged researchers to 

apply various machine learning techniques for 

disease prediction, patient monitoring, and hospital 

readmission analysis. Over the past decade, several 

predictive models have been developed to improve 

healthcare efficiency and reduce unnecessary 

hospital readmissions. These models differ in terms 

of prediction accuracy, computational complexity, 

interpretability, and scalability. 

 

Initially, traditional statistical and machine learning 

algorithms such as Logistic Regression and Decision 

Trees were widely used for healthcare prediction 

systems because of their simplicity, interpretability, 

and ease of implementation. Logistic Regression 

became one of the most commonly used techniques 

for binary classification problems, including patient 

risk assessment and disease prediction. The model 

works by estimating the probability of a patient 

belonging to a particular risk category based on 

input features such as age, diagnosis history, 

medications, and laboratory results. One of the 

major advantages of Logistic Regression is that 

healthcare professionals can easily understand the 
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relationship between input variables and prediction 

outcomes. However, the model has limitations in 

handling complex nonlinear relationships and large-

scale healthcare datasets, which often reduces 

prediction accuracy in real-world medical 

applications. 

 

Decision Tree algorithms were also extensively used 

in healthcare analytics because they provide a 

graphical and rule-based representation of decision-

making processes. These models divide data into 

hierarchical structures using conditional rules, 

making them easy to interpret and visualize. In 

hospital readmission prediction systems, Decision 

Trees help identify important patient- 

  

related factors influencing readmission risks. Despite 

their interpretability, Decision Trees often suffer from 

overfitting problems, especially when trained on 

noisy or imbalanced healthcare datasets. As a result, 

their predictive performance may decrease when 

applied to unseen patient records. 

 

To overcome the limitations of individual Decision 

Trees, researchers introduced ensemble learning 

techniques such as Random Forest. 

 

Random Forest combines multiple decision trees 

and generates predictions through majority voting 

mechanisms. This ensemble approach significantly 

improves classification accuracy and reduces 

overfitting compared to standalone Decision Trees. 

Random Forest models have been successfully 

applied in healthcare systems for disease diagnosis, 

patient survival prediction, and readmission risk 

analysis. The algorithm can efficiently handle missing 

values and large datasets while identifying important 

healthcare features. However, Random Forest 

models require higher computational resources and 

longer training times, which can become challenging 

for real-time healthcare deployment systems. 

 

The evolution of boosting algorithms further 

improved the performance of healthcare prediction 

models. Gradient Boosting techniques, particularly 

Extreme Gradient Boosting (XGBoost) and LightGBM, 

have demonstrated superior predictive capabilities 

in structured healthcare datasets. 

These algorithms build multiple weak learners 

sequentially, where each new model attempts to 

reduce the prediction errors of the previous model. 

XGBoost has gained significant popularity because 

of its high accuracy, scalability, regularization 

techniques, and ability to handle missing healthcare 

data efficiently. Researchers have reported that 

XGBoost outperforms traditional machine learning 

algorithms such as Logistic Regression, Support 

Vector Machines, and Random Forest in several 

healthcare prediction tasks, including hospital 

readmission prediction, disease classification, and 

mortality prediction. 

 

Similarly, Light was introduced as a high-

performance gradient boosting framework 

optimized for faster training and lower memory 

usage. It uses histogram-based learning and leaf-

wise tree growth strategies to improve 

computational efficiency. Although Light provides 

excellent performance for large-scale datasets, 

XGBoost is often preferred in healthcare applications 

because of its better stability, interpretability, and 

easier hyperparameter tuning. 

 

In recent years, researchers have also explored Deep 

Learning techniques for predictive healthcare 

analytics. Artificial Neural Networks (ANNs) were 

among the first deep learning methods applied to 

healthcare data analysis. 

 

ANNs consist of interconnected neurons capable of 

learning complex nonlinear relationships between 

patient variables and prediction outcomes. These 

models achieved promising results in disease 

prediction and clinical decision-support systems. 

However, traditional ANNs often struggle with 

sequential healthcare data and temporal patient 

records. 

 

To address temporal dependencies in patient data, 

Recurrent Neural Networks (RNNs) and Long Short-

Term Memory (LSTM) models were introduced. 

RNNs are specifically designed for sequential data 

processing and can capture patterns from patient 

medical histories over time. LSTM networks, an 

advanced form of RNNs, overcome the vanishing 

gradient problem and provide better memory 
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retention for long-term patient data analysis. These 

deep learning approaches have shown strong 

performance in analyzing electronic health records, 

ICU patient monitoring systems, and chronic disease 

progression prediction. 

 

Despite their high predictive capability, deep 

learning models face several practical limitations in 

healthcare applications. First, they require very large 

and high-quality datasets for effective training. 

Second, deep learning models demand substantial 

computational resources, including GPUs and high-

memory systems, which may not be feasible for all 

healthcare institutions. Third, the “black box” nature 

of deep learning models reduces interpretability, 

making it difficult for healthcare professionals to 

fully understand prediction outcomes. Since medical 

decision-making requires transparency and 

reliability, highly interpretable models are often 

preferred in healthcare environments. 

 

Based on comparative analysis from multiple 

research studies, XGBoost provides an optimal 

balance between predictive performance, 

computational efficiency, scalability, and 

deployment feasibility. The algorithm effectively 

handles structured healthcare datasets, missing 

values, and feature interactions while maintaining 

faster execution speed and high prediction accuracy. 

Additionally, XGBoost supports parallel processing 

and regularization techniques, which improve 

generalization performance and reduce overfitting 

problems. These advantages make XGBoost highly 

suitable for hospital readmission prediction systems 

and real-time clinical decision-support applications. 

 

III. Methodology 
 

The proposed hospital readmission prediction 

system follows a systematic and structured machine 

learning methodology designed to analyze 

healthcare data efficiently and generate accurate 

predictions for patient readmission risks. The 

complete framework consists of several stages 

including data collection, data preprocessing, 

feature engineering, dataset splitting, model 

training, prediction generation, model evaluation, 

and deployment using a web-based interface. Each 

stage plays an important role in improving the 

overall performance and reliability of the prediction 

system. 

  

The first stage of the methodology involves 

healthcare dataset collection. The dataset contains 

patient-related medical records collected from 

hospital management systems and electronic health 

records (EHRs). These records include demographic 

information, diagnosis details, medication history, 

laboratory test reports, number of previous hospital 

visits, hospitalization duration, and treatment-

related attributes. 

 

Healthcare datasets are usually complex, 

heterogeneous, and often contain incomplete or 

inconsistent values. Therefore, proper preprocessing 

becomes essential before applying machine learning 

algorithms. 

 

During the data preprocessing stage, several 

operations are performed to improve dataset quality 

and consistency. Missing values are identified and 

handled carefully using appropriate techniques such 

as mean replacement, median imputation, or 

removal of incomplete records depending on the 

importance of the attribute. 

 

Duplicate records and irrelevant features are 

removed to reduce noise in the dataset. Since 

machine learning algorithms require numerical input 

data, categorical variables such as gender, admission 

type, diagnosis categories, and medication types are 

converted into numerical form using encoding 

techniques like Label Encoding and One-Hot 

Encoding. Numerical features are also normalized or 

standardized to ensure balanced feature 

contribution during model training. 

 

After preprocessing, feature engineering techniques 

are applied to identify the most important variables 

influencing hospital readmission. Feature 

engineering helps improve model accuracy by 

selecting meaningful attributes and reducing 

unnecessary information. Important healthcare 

features considered in this framework include 

patient age, number of medications, number of 

laboratory procedures, primary diagnosis, 
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comorbidities, duration of hospital stay, insulin 

usage, and previous admission frequency. 

  

Correlation analysis and feature importance 

techniques are used to identify attributes that 

contribute most significantly to prediction 

performance. 

 

The processed dataset is then divided into training 

and testing datasets. Generally, the training dataset 

contains approximately 70–80% of the total records, 

while the remaining data is used for testing and 

validation purposes. The training dataset is used to 

train the machine learning model, whereas the 

testing dataset evaluates the predictive capability of 

the trained system on unseen data. This separation 

helps ensure that the model generalizes effectively 

and does not suffer from overfitting problems. 

 

The primary machine learning algorithm used in the 

proposed framework is the XGBoost classifier. 

XGBoost (Extreme Gradient Boosting) is an advanced 

ensemble learning algorithm based on gradient 

boosting decision trees. The algorithm works by 

sequentially building multiple decision trees, where 

each new tree attempts to minimize the errors 

generated by the previous trees. 

 

XGBoost is selected because of its high prediction 

accuracy, scalability, faster execution speed, and 

efficient handling of missing healthcare data. The 

model is trained using important patient-related 

features such as age, number of medications, 

laboratory procedures, number of outpatient visits, 

hospitalization duration, and diagnosis information. 

During model training, hyperparameter tuning 

techniques are applied to optimize model 

performance. Parameters such as learning rate, 

maximum tree depth, number of estimators, and 

subsampling ratio are adjusted to improve 

prediction accuracy and reduce overfitting. After 

successful training, the XGBoost classifier generates 

prediction probabilities for different readmission 

categories, such as high-risk and low-risk patients. 

These probability scores help healthcare 

professionals estimate the likelihood of patient 

readmission after discharge. 

The trained model is then evaluated using multiple 

performance metrics to measure prediction 

effectiveness and reliability. Common evaluation 

metrics include accuracy, precision, recall, F1-score, 

and ROC-AUC score. Accuracy measures the overall 

correctness of predictions, while precision and recall 

evaluate the model’s ability to correctly identify 

high-risk readmission cases. The F1-score provides a 

balanced measurement of precision and recall, and 

the ROC-AUC score measures the model’s 

classification capability across different thresholds. 

 

After evaluation, the final trained model is serialized 

using Python libraries such as Pickle or Joblib. Model 

serialization allows the trained machine learning 

model to be stored and reused without retraining. 

The serialized model is integrated into a Streamlit-

based web application to provide real-time clinical 

prediction services. Streamlit enables the 

development of an interactive and user-friendly 

interface where healthcare professionals can enter 

patient details and instantly receive readmission risk 

predictions. This deployment stage transforms the 

research model into a practical healthcare decision-

support system suitable for real-world hospital 

environments. 

 

IV. SYSTEM ARCHITECTURE 
 

He proposed that hospital readmission prediction 

system is designed using a modular and layered 

architecture that enables efficient healthcare data 

processing, accurate prediction generation, and real-

time clinical deployment. The architecture integrates 

machine learning techniques with a user-friendly 

web application to assist healthcare professionals in 

identifying high-risk patients before hospital 

discharge. The system consists of multiple 

interconnected components, where each layer 

performs a specific function within the overall 

prediction framework. This modular design improves 

scalability, maintainability, reliability, and flexibility 

for future healthcare applications. 

 

The first layer of the architecture is the Healthcare 

Dataset Ingestion Layer. This component is 

responsible for collecting and managing patient-

related healthcare information from hospital 



 Gaurav Saini, International Journal of Science, Engineering and Technology, 

 2026, 14:3 

 

7 

 

 

databases, electronic health records (EHRs), or 

manually entered clinical data. The dataset ingestion 

module accepts various patient attributes such as 

age, gender, diagnosis details, laboratory test results, 

number of medications, previous admissions, 

duration of hospitalization, and treatment history. 

Since healthcare data may originate from multiple 

sources and formats, this layer ensures proper 

organization and structured storage of patient 

records before further processing. 

 

After data collection, the information is passed to the 

Data Preprocessing Layer, which plays a critical role 

in improving data quality and consistency. 

Healthcare datasets often contain incomplete 

records, noisy information, duplicate entries, and 

categorical variables that cannot be directly 

processed by machine learning algorithms. 

Therefore, preprocessing operations are applied to 

clean and transform the data into a machine-

readable format. Missing values are handled using 

suitable imputation techniques, duplicate records 

are removed, and irrelevant features are filtered out. 

Numerical features are normalized to maintain 

balanced data distributions, while categorical 

attributes such as admission type, diagnosis 

category, and medication information are converted 

into numerical representations using encoding 

methods such as Label Encoding and One-Hot 

Encoding. 

 

The next component is the Feature Engineering and 

Transformation Layer. This layer identifies the most 

significant patient-related variables influencing 

hospital readmission risks. Feature engineering 

improves prediction performance by extracting 

meaningful information from raw healthcare data 

and reducing unnecessary complexity. Important 

features such as age, hospitalization duration, 

number of medications, insulin usage, laboratory 

procedures, and previous readmission history are 

selected based on their correlation with readmission 

outcomes. The transformed feature vectors 

generated by this layer are then forwarded to the 

machine learning inference engine. 

 

The core component of the proposed architecture is 

the Inference Layer, which contains the XGBoost 

classification engine. The XGBoost model processes 

the transformed patient feature vectors and predicts 

the probability of hospital readmission. XGBoost is 

chosen because of its high predictive accuracy, 

efficient handling of structured healthcare datasets, 

parallel processing capability, and robustness 

against missing data. The model generates 

prediction probabilities that classify patients into 

categories such as high-risk or low-risk readmission 

cases. These prediction results assist healthcare 

professionals in identifying vulnerable patients who 

may require additional care, monitoring, or post-

discharge follow-up treatment. 

 

To ensure practical usability, the trained XGBoost 

model is integrated into the Deployment Layer using 

the Streamlit framework. Streamlit provides an 

interactive graphical user interface (GUI) that allows 

healthcare professionals to interact with the 

prediction system in real time. Through the web 

interface, clinicians can enter patient details using 

input forms and instantly obtain readmission risk 

predictions along with confidence scores and 

probability metrics. The interactive nature of the 

Streamlit application improves accessibility and 

enables non-technical healthcare staff to use the 

system without requiring advanced programming 

knowledge. 

  

The User Interface Layer acts as the final interaction 

point between the healthcare professional and the 

prediction framework. This layer presents prediction 

outcomes in a simple and understandable manner 

using visual indicators, probability scores, and 

classification labels. 

 

Doctors and hospital administrators can use these 

results to support clinical decision-making processes 

such as discharge planning, patient monitoring, 

treatment prioritization, and resource allocation. The 

interface may also include graphical charts, risk 

indicators, and summary statistics for improved 

interpretability. 

 

One of the major strengths of the proposed system 

architecture is its modular design. Each layer 

operates independently while maintaining seamless 

communication with other components. This 
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modularity improves maintainability because 

individual modules can be updated or modified 

without affecting the entire system. For example, the 

XGBoost model can be replaced with another 

machine learning algorithm in future research 

without redesigning the deployment interface. 

 

Similarly, additional healthcare data sources or 

cloud-based services can be integrated into the 

architecture with minimal structural changes. 

 

Architecture also supports scalability and future 

expansion. As healthcare datasets continue to grow, 

the system can be extended to process larger 

datasets using cloud computing or distributed 

machine learning techniques. Additional 

functionalities such as real-time patient monitoring, 

IoT-based healthcare integration, and deep 

learning-based prediction modules can also be 

incorporated into the framework. This flexibility 

makes the proposed architecture highly suitable for 

modern intelligent healthcare systems. 

 

V. IMPLEMENTATION 
 

The implementation of the proposed hospital 

readmission prediction framework is carried out 

using the Python programming language because of 

its simplicity, extensive machine learning ecosystem, 

and strong support for healthcare analytics 

applications. Python provides a wide range of 

libraries and frameworks that simplify data 

preprocessing, machine learning model 

development, evaluation, and deployment. The 

complete implementation process includes dataset 

handling, preprocessing, feature engineering, model 

training, model serialization, backend integration, 

and deployment through a web-based application. 

The first phase of implementation focuses on 

healthcare dataset processing and manipulation. For 

this purpose, the Pandas and NumPy libraries are 

used extensively. Pandas provides efficient data 

structures such as Data Frames that simplify 

healthcare data management, filtering, cleaning, and 

transformation. NumPy supports high-performance 

numerical computations and array-based operations 

required during preprocessing and machine learning 

tasks. Using these libraries, patient records are 

loaded, organized, and analyzed efficiently. 

 

During preprocessing, multiple operations are 

performed to improve dataset quality and prepare 

the data for machine learning algorithms. Missing 

values are identified and handled carefully using 

statistical imputation methods such as mean, 

median, or mode replacement depending on the 

type of feature. Duplicate entries and inconsistent 

records are removed to reduce dataset noise. Since 

healthcare datasets contain categorical information 

such as gender, diagnosis categories, admission 

type, and medication details, encoding techniques 

are applied to convert categorical attributes into 

numerical values. Label Encoding and One-Hot 

Encoding are commonly used methods in the 

implementation. Numerical attributes are also 

normalized or standardized to maintain balanced 

feature distributions and improve model 

convergence. 

  

After preprocessing, feature engineering techniques 

are implemented to identify the most relevant 

patient-related variables contributing to hospital 

readmission. Important features such as patient age, 

number of medications, laboratory procedures, 

hospitalization duration, previous admissions, insulin 

usage, and diagnosis information are extracted from 

the dataset. 

 

Correlation analysis and feature importance 

methods are used to reduce unnecessary attributes 

and improve prediction performance. 

 

The processed dataset is divided into training and 

testing datasets using the Scikit-learn library. 

 

Train-test splitting ensures that the machine learning 

model is evaluated properly on unseen patient 

records. Generally, 70–80% of the dataset is used for 

training purposes, while the remaining records are 

reserved for testing and validation. 

 

Scikit-learn also provides evaluation utilities and 

performance metrics such as accuracy, precision, 

recall, F1-score, and confusion matrix analysis. 
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The primary predictive model implemented in this 

framework is the XGBoost classifier. XGBoost is 

selected because of its high prediction accuracy, fast 

execution speed, scalability, and ability to handle 

structured healthcare datasets efficiently. 

 

The model is trained using patient-related feature 

vectors and corresponding readmission labels. 

 

During training, hyperparameter tuning techniques 

are applied to optimize parameters such as learning 

rate, maximum depth, number of estimators, and 

subsampling ratio. These optimizations improve 

classification performance and reduce overfitting. 

 

Once the model training process is completed 

successfully, the trained machine learning model is 

serialized using the Joblib library. Model serialization 

allows the trained model to be saved in a file format 

that can later be loaded directly into a deployment 

environment without retraining. This approach 

improves efficiency and reduces computational 

overhead during real-time prediction tasks. 

 

For deployment purposes, the serialized XGBoost 

model is integrated into the Stream lit framework. 

stream lit enables rapid development of interactive 

machine learning web applications with minimal 

coding complexity. The frontend interface is 

designed to be simple, user-friendly, and accessible 

for healthcare professionals who may not have 

technical expertise in machine learning systems. The 

interface contains input forms where clinicians can 

enter demographic and clinical patient information 

such as age, gender, diagnosis details, number of 

medications, laboratory procedures, hospitalization 

duration, and previous admission records. 

 

The backend processing pipeline acts as the 

communication bridge between the user interface 

and the machine learning model. Once the user 

enters patient information, the backend system 

preprocesses the input data by applying 

normalization, encoding, and feature transformation 

operations similar to those used during model 

training. The transformed input is converted into 

feature vectors and sent to the XGBoost predictive 

engine for classification. The prediction engine then 

calculates the probability of patient readmission and 

generates corresponding risk classifications. 

 

The deployed application displays different levels of 

readmission risk, including low-risk, moderate-risk, 

and high-risk alerts. These predictions are 

accompanied by confidence scores or probability 

values that indicate the certainty level of the model’s 

prediction. Such real-time predictions assist 

healthcare professionals in making informed clinical 

decisions related to discharge planning, follow-up 

care, patient monitoring, and resource allocation. 

High-risk patients can receive additional preventive 

care and monitoring to reduce the likelihood of 

future readmissions. 

  

VI. RESULTS AND DISCUSSION 
 

The proposed hospital readmission prediction 

framework was evaluated using a healthcare dataset 

containing demographic, clinical, and 

hospitalization-related patient information. The 

experimental analysis aimed to measure the 

predictive capability, reliability, and practical 

usability of the XGBoost-based machine learning 

model. The evaluation process focused on 

determining how effectively the system could 

identify patients at high risk of readmission before 

hospital discharge. Multiple performance metrics 

were used to provide a comprehensive assessment 

of the model’s classification performance. 

 

The developed XGBoost model achieved strong 

predictive performance on the healthcare dataset 

due to its ability to capture complex relationships 

between patient features and readmission 

outcomes. The model was trained using important 

healthcare attributes such as patient age, number of 

medications, laboratory procedures, hospitalization 

duration, previous admissions, diagnosis categories, 

and treatment-related variables. During 

experimentation, the dataset was divided into 

training and testing sets to ensure unbiased 

evaluation and better generalization capability. 

To evaluate the effectiveness of the prediction 

model, several standard machine learning 

performance metrics were used, including accuracy, 

precision, recall, F1-score, and Area 



 Gaurav Saini, International Journal of Science, Engineering and Technology, 

 2026, 14:3 

 

10 

 

 

  

Under the Receiver Operating Characteristic Curve 

(AUROC). These metrics provide different 

perspectives regarding classification quality and 

prediction reliability. 

 

Accuracy was used to measure the overall 

correctness of the prediction system. The model 

demonstrated high classification accuracy, indicating 

that it could correctly classify a large proportion of 

patients into appropriate readmission risk 

categories. However, healthcare prediction systems 

require more than just high accuracy because 

identifying high-risk patients is more critical than 

simply predicting majority classes correctly. 

 

Precision was used to evaluate how many patients 

predicted as high-risk were readmitted. A high 

precision value indicates that the system minimizes 

false-positive predictions and avoids unnecessary 

clinical interventions. Recall, also known as 

sensitivity, measured the ability of the model to 

correctly identify actual high-risk patients. 

Experimental results showed that the XGBoost 

model achieved improved sensitivity, meaning that 

the system successfully detected most patients who 

were likely to experience hospital readmission. High 

recall is particularly important in healthcare 

environments because failing to identify a high-risk 

patient may lead to serious medical complications 

and increased healthcare costs. 

 

The F1-score was calculated to provide a balanced 

measurement between precision and recall. The 

model achieved a strong F1-score, demonstrating 

balanced classification performance without heavily 

favoring either false positives or false negatives. 

Additionally, the Area Under the Receiver Operating 

Characteristic Curve (AUROC) was used to measure 

the overall discriminative capability of the prediction 

system. The proposed model achieved an AUROC 

score of approximately 0.81, which indicates strong 

predictive capability in distinguishing between 

stable patients and high-risk readmission cases. An 

AUROC value above 0.80 is generally considered 

highly effective in healthcare prediction systems, 

demonstrating that the model can reliably separate 

different patient risk categories. 

The following table summarizes the approximate 

performance results of the proposed XGBoost 

model: 

 

Performance Metric Obtained Value 

Accuracy 79% 

Precision 78% 

Recall (Sensitivity) 80% 

F1-Score 79% 

AUROC Score 0.81 

 

The performance metrics demonstrate that the 

proposed framework provides stable and reliable 

predictions suitable for practical healthcare 

applications. Compared to traditional machine 

learning approaches such as Logistic Regression and 

Decision Trees, the XGBoost classifier achieved 

improved classification accuracy and better 

sensitivity in identifying high-risk patients. The 

gradient boosting mechanism of XGBoost helped 

reduce prediction errors and improve generalization 

performance on unseen healthcare data. 

 

Another important aspect of the research was the 

deployment of the trained machine learning model 

using the Streamlit framework. The deployment 

phase demonstrated the practical usability of the 

prediction system in real-time healthcare 

environments. The Streamlit-based web application 

provided an interactive graphical interface where 

healthcare professionals could enter patient-related 

information and instantly obtain readmission risk 

predictions. Experimental testing showed that the 

web application generated predictions with very low 

latency, making the system suitable for real-time 

clinical decision-support operations. 

 

The deployed application successfully classified 

patients into different risk categories such as low-

risk, moderate-risk, and high-risk readmission 

groups. The system also displayed confidence scores 

and probability metrics, enabling healthcare 

professionals to better understand prediction 

outcomes. Such real-time risk analysis can support 

doctors and hospital administrators in discharge 

planning, treatment prioritization, patient 

monitoring, and resource allocation. 
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The experimental results also highlighted several 

practical advantages of integrating machine learning 

with healthcare analytics. First, the proposed 

framework can help reduce avoidable hospital 

readmissions by identifying vulnerable patients 

before discharge. Second, early prediction enables 

healthcare providers to implement preventive 

interventions such as personalized follow-up care 

and continuous monitoring. Third, reducing 

unnecessary readmissions can significantly lower 

healthcare expenditure and improve hospital 

efficiency. Finally, the deployment-ready nature of 

the system demonstrates the feasibility of 

integrating machine learning technologies into 

modern hospital infrastructures. 

 

Future Scope 

Although the proposed XGBoost-based hospital 

readmission prediction framework demonstrates 

strong predictive performance and practical 

usability, several improvements and extensions can 

further enhance the system’s accuracy, scalability, 

interpretability, and real-world applicability. With the 

continuous growth of healthcare technologies, 

artificial intelligence, and digital medical records, 

future healthcare prediction systems are expected to 

become more intelligent, adaptive, and integrated 

with advanced computational infrastructures. 

 

One of the most significant future enhancements 

involves the integration of advanced deep learning 

architectures such as Long Short-Term Memory 

(LSTM) networks and Gated Recurrent Units (GRU). 

Traditional machine learning models like XGBoost 

primarily process structured tabular healthcare data, 

whereas deep learning sequence models can 

effectively analyze temporal and sequential patient 

records. Healthcare data often contains longitudinal 

information such as repeated admissions, treatment 

histories, medication timelines, laboratory trends, 

and chronic disease progression patterns. LSTM and 

GRU models are capable of capturing long-term 

dependencies and temporal relationships within 

such sequential medical data. By analyzing patient 

histories over time, these deep learning approaches 

can identify hidden clinical patterns and further 

improve readmission prediction accuracy. 

Another important future enhancement is the 

integration of Explainable Artificial Intelligence (XAI) 

techniques into the prediction framework. In 

healthcare environments, transparency and 

interpretability are critical because medical 

professionals must understand why a prediction was 

generated before making clinical decisions. 

Advanced explainability frameworks such as SHAP 

(SHapley Additive exPlanations) and LIME (Local 

Interpretable Model-Agnostic Explanations) can be 

incorporated to improve model transparency and 

clinical trust. These frameworks provide feature 

importance visualization and explain how different 

patient attributes influence prediction outcomes. For 

example, doctors can understand whether 

hospitalization duration, medication count, or 

laboratory results contributed most significantly to a 

high-risk readmission prediction. Such explainability 

mechanisms can increase clinician confidence and 

support ethical adoption of artificial intelligence in 

healthcare systems. 

  

Scalability and enterprise-level deployment are also 

major areas for future improvement. 

 

Currently, the proposed system is deployed using 

the Streamlit framework for interactive clinical use. In 

future implementations, the framework can be 

integrated with cloud computing platforms such as 

Amazon Web Services, Microsoft Azure, or Google 

Cloud to support large-scale hospital infrastructures 

and real-time distributed healthcare analytics. Cloud 

integration can provide improved storage capacity, 

computational power, security, and remote 

accessibility for healthcare organizations. 

 

To improve deployment flexibility and scalability, 

containerization technologies such as Docker can 

also be integrated into the framework. Docker 

enables healthcare applications to run consistently 

across different computing environments by 

packaging software components and dependencies 

into lightweight containers. Furthermore, 

orchestration platforms such as Kubernetes can be 

used for managing multiple containers, load 

balancing, automatic scaling, and fault tolerance in 

enterprise-level hospital systems. Such technologies 

would make the prediction framework more robust, 
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scalable, and suitable for large healthcare networks 

handling thousands of patient records 

simultaneously. 

 

Another promising direction for future research is 

the integration of Natural Language Processing 

(NLP) techniques into the hospital readmission 

prediction system. Current implementations mainly 

rely on structured healthcare data such as numerical 

records, diagnosis codes, and laboratory values. 

However, a large amount of valuable clinical 

information exists in unstructured textual formats 

including physician notes, discharge summaries, 

radiology reports, pathology records, and treatment 

observations. NLP models can extract meaningful 

insights from these textual healthcare documents 

and convert them into machine-readable 

representations. 

  

Advanced NLP techniques using transformer-based 

architectures such as BERT and medical language 

models can analyze physician comments and identify 

clinical indicators associated with patient 

deterioration or future readmission risks. 

 

Combining structured numerical data with 

unstructured textual information can significantly 

improve predictive performance and provide a more 

comprehensive understanding of patient conditions. 

Future systems may also incorporate Internet of 

Things (IoT)-based healthcare monitoring devices to 

enable real-time patient monitoring after hospital 

discharge. Wearable sensors, smart health devices, 

and remote monitoring systems can continuously 

collect patient vital signs such as heart rate, oxygen 

levels, glucose measurements, and blood pressure. 

Integrating IoT-generated healthcare data with 

machine learning models can enable continuous risk 

assessment and early intervention for high-risk 

patients. 

 

Another potential improvement is the use of 

federated learning techniques for privacy-preserving 

healthcare analytics. Since medical data is highly 

sensitive, federated learning can allow hospitals to 

collaboratively train machine learning models 

without directly sharing patient records. This 

approach enhances data security, regulatory 

compliance, and privacy protection while still 

benefiting from large-scale healthcare data analysis. 

 

VII. CONCLUSION 
 

This research paper presents an intelligent and 

efficient hospital readmission prediction framework 

based on the XGBoost machine learning algorithm, 

aimed at improving healthcare decision-making and 

reducing unnecessary patient readmissions. The 

study demonstrates how advanced machine learning 

techniques can be effectively applied to healthcare 

analytics for predicting patient risk levels using 

structured clinical and demographic data. 

 

The proposed system successfully implements a 

complete end-to-end machine learning pipeline, 

including data preprocessing, feature engineering, 

model training, evaluation, and real-time 

deployment. The experimental analysis confirms that 

the XGBoost model provides strong predictive 

performance when applied to structured healthcare 

datasets. Its ability to handle missing values, capture 

complex feature interactions, and maintain high 

computational efficiency makes it particularly 

suitable for hospital readmission prediction tasks. 

 

The results obtained from the evaluation metrics 

such as accuracy, precision, recall, F1-score, and 

AUROC demonstrate that the model achieves 

reliable classification performance, especially in 

identifying high-risk patients. This capability is 

crucial in healthcare environments where early 

detection of potential readmission cases can 

significantly improve patient outcomes and reduce 

the burden on hospital resources. 

 

Furthermore, the integration of the trained model 

with the Streamlit framework enables the 

development of an interactive and real-time 

healthcare dashboard. This deployment approach 

allows healthcare professionals to input patient data 

and instantly receive readmission risk predictions 

along with probability scores. The user-friendly 

interface enhances accessibility and ensures that 

even non-technical medical staff can effectively 

utilize the system for clinical decision support. 
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The proposed framework highlights the increasing 

importance of Artificial Intelligence (AI) and 

predictive analytics in modern healthcare systems. 

By leveraging machine learning techniques, hospitals 

can shift from reactive treatment approaches to 

proactive and preventive care strategies. This 

transition not only improves patient safety but also 

optimizes resource allocation and reduces 

healthcare costs associated with avoidable 

readmissions. 

 

In conclusion, the research confirms that XGBoost-

based predictive modeling is a highly effective 

approach for hospital readmission prediction, 

offering a strong balance between accuracy, 

efficiency, and practical deployment capability. 

However, there is still scope for further 

enhancement. Future advancements such as 

temporal deep learning models, integration of 

unstructured clinical data, and Explainable AI 

techniques can further improve the transparency, 

robustness, and reliability of healthcare prediction 

systems. 

 

Overall, the proposed framework provides a solid 

foundation for intelligent healthcare decision-

support systems and demonstrates the potential of 

machine learning in transforming modern medical 

practices toward more data-driven, efficient, and 

patient-centric care. 

 

REFERENCES 
 

1. T. Chen and C. Guestrin, 'XGBoost: A Scalable 

Tree Boosting System,' 2016. 

2. F. Pedregosa et al., 'Scikit-learn: Machine 

Learning in Python,' Journal of Machine Learning 

Research, 2011. 

3. Rajkomar et al., 'Scalable and Accurate Deep 

Learning with Electronic Health Records,' NPJ 

Digital Medicine, 2018. 

4. Streamlit Development Team, 'Streamlit 

Framework Documentation,' 2025. 

5. UCI Machine Learning Repository: Diabetes 

Readmission Dataset. 

 

 


