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Abstract: Machine learning has emerged as a transformative tool in healthcare, enabling predictive analytics for
disease progression, patient management, and clinical decision-making. This study integrates three critical areas: mortality
trends in the USA, heart failure survival prediction using machine learning (ML) models, and hospital readmission
forecasting with artificial intelligence (Al)-driven methodologies. Using datasets from national health statistics, clinical
trial data, and electronic health records, this research applies Logistic Regression, Random Forest, Support Vector
Machines (SVM), Neural Networks, and Gradient Boosting models to enhance prediction accuracy. Results indicate that
SVM achieves the highest predictive accuracy for heart failure survival (88.41%), while Gradient Boosting performs best
for readmission prediction. Findings highlight ML’s potential in improving risk stratification, resource allocation, and
targeted interventions, contributing to a growing body of Al applications in healthcare analytics. This study provides a
foundation for future research on personalized medicine and predictive healthcare models, with broader implications for
disease prevention and healthcare efficiency.

Keywords: Machine Learning in Healthcare, Predictive Analytics, Heart Failure Survival Prediction, Hospital
Readmission Forecasting, Artificial Intelligence in Medicine, Mortality Trend Analysis, Data-Driven Healthcare Solutions.

INTRODUCTION

Machine learning has revolutionized healthcare by offering new ways to analyze vast medical data for improved
patient outcomes. Predictive analytics has become essential in identifying high-risk patients and optimizing healthcare
strategies. This study integrates multiple research domains, including mortality trends in the USA, heart failure survival
prediction, and hospital readmission forecasting. The increasing burden of chronic diseases and healthcare costs
necessitates advanced solutions such as ML to enhance predictive modeling and decision-making (Topol, 2019; Esteva et
al., 2021) [16, 8]. This paper aims to comprehensively evaluate ML’s impact on healthcare, utilizing diverse datasets and
machine learning techniques to develop predictive models that support clinical decision-making. The healthcare landscape
is increasingly shaped by the growing prevalence of chronic diseases such as heart disease, cancer, and diabetes, which are
among the leading causes of death in the United States (Hider et al., 2024) [14]. These conditions impose a significant
burden on patients and strain healthcare systems, leading to increased costs and resource utilization. Traditional risk
assessment and disease prediction methods, often reliant on clinical judgment and manual chart reviews, have proven
insufficient to address modern healthcare challenges. The limitations of these methods, including their inability to capture
dynamic interactions among variables and their poor scalability, underscore the need for more sophisticated approaches.

Machine learning (ML) has emerged as a transformative force in healthcare, offering unparalleled data processing,
pattern recognition, and predictive modeling capabilities. By leveraging large datasets, ML algorithms can identify subtle
patterns and correlations that may be missed by human analysts, enabling more accurate and timely predictions. For
instance, ML models can predict hospital readmissions, identify high-risk patients for heart failure, and analyze mortality
trends, providing actionable insights for healthcare providers (Haque et al., 2023; Nasiruddin et al., 2024) [9-14]. These
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predictive insights can inform targeted interventions, personalized care plans, and resource allocation strategies, ultimately
improving patient outcomes and reducing healthcare costs.

This study focuses on three critical areas where ML can significantly impact healthcare: predicting hospital
readmissions, analyzing mortality trends, and forecasting heart failure survival. Hospital readmissions, particularly within
30 days of discharge, are a significant concern in the U.S. healthcare system, costing billions annually and reflecting gaps
in post-discharge care (Haque et al., 2023) [9]. By developing ML models that accurately predict readmission risks,
healthcare providers can implement proactive measures to reduce readmission rates and improve patient care. Similarly,
understanding the determinants of mortality trends, such as demographic factors, socioeconomic status, and access to
healthcare, can help policymakers design targeted interventions to address health disparities and reduce preventable deaths
(Hossain et al., 2024) [11].

In the context of heart failure, accurate survival prediction is crucial for clinical decision-making, resource
allocation, and patient management. Traditional risk assessment models often fail to capture the complex interplay of
factors influencing heart failure outcomes, such as comorbidities, biomarkers, and lifestyle factors. ML models, on the
other hand, can integrate diverse data sources, including electronic health records (EHRS), patient-reported outcomes, and
social determinants of health, to provide more accurate and personalized risk assessments (Nasiruddin et al., 2024) [14].
By identifying key predictors of heart failure survival, these models can enable early detection, timely interventions, and
personalized treatment plans, ultimately improving patient outcomes. The integration of ML into healthcare also raises
important ethical and practical considerations. Data privacy, model interpretability, and algorithmic bias must be carefully
addressed to ensure the responsible use of ML in clinical settings. Additionally, the successful implementation of ML
models requires collaboration among data scientists, clinicians, and healthcare administrators to overcome barriers related
to data quality, infrastructure, and workforce training (Haque et al., 2023; Nasiruddin et al., 2024) [9-14].

This paper aims to contribute to the growing body of research on ML applications in healthcare by developing
and evaluating predictive models for hospital readmissions, mortality trends, and heart failure survival. This study seeks to
provide actionable insights to inform clinical decision-making, improve patient outcomes, and optimize healthcare resource
allocation by leveraging diverse datasets and advanced ML techniques. The findings of this research have the potential to
transform healthcare delivery by enabling more accurate risk assessment, early detection of high-risk patients, and
personalized care strategies, ultimately leading to better health outcomes and reduced healthcare costs.

LITERATURE REVIEW

The leading causes of mortality in the USA include chronic illnesses such as heart disease and cancer, alongside
emerging health threats like opioid overdoses and mental health-related conditions (CDC, 2023) [5]. These conditions
represent significant public health challenges, with heart disease and cancer consistently ranking as the top causes of death,
accounting for hundreds of thousands of deaths annually (Bhowmik et al., 2024) [3]. Socioeconomic factors significantly
impact mortality rates, influencing access to healthcare, preventive measures, and the prevalence of risk factors such as
smoking, poor diet, and physical inactivity (Hossain et al., 2024) [11]. Disparities in healthcare access and quality,
particularly among low-income and rural populations, exacerbate these challenges, leading to higher mortality rates in
vulnerable groups (Nasiruddin et al., 2024) [14]. Understanding these determinants is crucial for designing effective public
health interventions and reducing health inequities.

Machine learning (ML) models have shown promise in predicting heart failure survival by analyzing key
predictors, including age, maximum heart rate, and ST depression (Nasiruddin et al., 2024) [14]. Heart failure, a chronic
and life-threatening condition, affects millions worldwide and is associated with high morbidity and mortality rates.
Traditional risk prediction models often fail to account for the complex interplay of multiple variables, such as
comorbidities, biomarkers, and lifestyle factors, which are critical for accurate prognosis (Krittanawong et al., 2020) [12].
In contrast, ML methods, including logistic regression, random forests, and support vector machines (SVM), have
demonstrated superior accuracy in predicting heart failure outcomes by capturing intricate relationships among these
variables (Nasiruddin et al., 2024) [14]. For instance, SVM models have achieved high accuracy (88.41%) and ROC-AUC
scores (94.97%) in predicting heart failure survival, outperforming traditional statistical models (Nasiruddin et al., 2024)
[14]. These findings highlight the potential of ML to enhance risk stratification and enable personalized treatment strategies
for heart failure patients.

In addition to heart failure prediction, ML models have been successfully applied to other areas of healthcare,
such as hospital readmission forecasting (Bhowmik et al., 2024) [3]. Hospital readmissions, particularly within 30 days of
discharge, are a significant concern in the U.S. healthcare system, costing billions annually and reflecting gaps in post-
discharge care (Haque et al., 2023) [9]. Al-based models, such as Gradient Boosting and XGBoost classifiers, have
demonstrated high predictive performance in identifying high-risk patients for readmission, with accuracy rates exceeding
80% (Haque et al., 2023) [9]. These models leverage structured data, such as electronic health records (EHRS), and
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unstructured data, such as clinical notes, to provide a comprehensive view of patient risk factors. By integrating diverse
data sources, Al models enhance risk stratification, enabling targeted interventions and reducing healthcare costs. For
example, predictive models can flag patients with specific comorbidities or socioeconomic factors associated with higher
readmission rates, allowing healthcare providers to implement proactive measures such as increased follow-up care and
patient education (Haque et al., 2023) [9].

The application of ML in healthcare extends beyond predictive modeling to include disease diagnosis, risk
stratification, and treatment response prediction. ML algorithms have been used to analyze complex medical data, such as
imaging, laboratory tests, and clinical information, to enable early diagnosis of conditions such as diabetic retinopathy and
skin cancer (Nasiruddin et al., 2024) [14]. Machine learning techniques have also been utilized for predictive modeling in
diabetes management, allowing for proactive interventions and tailored treatment strategies. (Ahmed et al., 2024) [1]. In
cardiovascular health, ML models have been employed to predict patient responses to treatments, enabling personalized
treatment strategies that improve outcomes and reduce adverse effects (Cho et al., 2018) [7]. Recent advancements in
machine learning have enabled predictive modeling for diseases like lung cancer, facilitating earlier diagnosis and better
risk stratification (Bortty et al., 2024) [4]. Techniques utilizing Al for MRI segmentation have also shown promise in the
early detection and treatment strategy development. of low-grade gliomas (Hossain et al., 2023) [10]. Furthermore, ML
has been used to predict healthcare resource utilization, such as readmission rates and hospital bed capacity, contributing
to more efficient resource allocation and cost management (Motwani et al., 2017) [13].

Despite the promising results, several challenges remain in implementing ML models in healthcare. One major
limitation is the potential for data collection variability and bias, particularly in datasets not representative of diverse patient
populations (Nasiruddin et al., 2024) [14]. For example, gender imbalances in datasets can lead to biased predictions, as
seen in heart failure studies where male patients are overrepresented (Nasiruddin et al., 2024) [14]. Additionally, the
interpretability of complex ML models, such as deep neural networks, remains a significant barrier to their adoption in
clinical practice. Clinicians require models that provide transparent and interpretable predictions to build trust and facilitate
integration into clinical workflows (Ahmad et al., 2018) [2]. Addressing these challenges requires ongoing research into
model interpretability, fairness, robustness, and collaboration between data scientists, clinicians, and healthcare
administrators.)

METHODOLOGY

This study utilizes data from multiple sources, including the National Center for Health Statistics (1999-2016) for
mortality trends [5], multi-center clinical datasets for heart failure survival, and electronic health records from hospitals for
readmission analysis. The datasets are carefully curated to represent patient demographics, clinical variables, and outcomes
comprehensively. For mortality trends, the dataset includes variables such as age, sex, race/ethnicity, cause of death, and
age-adjusted death rates, allowing for a detailed analysis of patterns and determinants across different population
subgroups. The heart failure dataset comprises clinical features such as age, resting blood pressure, cholesterol levels,
maximum heart rate, and ST depression, which are critical for predicting survival outcomes. The hospital readmission
dataset includes patient-related data such as diagnosis codes, treatment history, lab results, medication prescriptions, and
demographic details, enabling the identification of high-risk patients.

Data preprocessing is a critical step in preparing the datasets for analysis. Techniques such as handling missing
values, standardization, normalization, and feature engineering ensure that the data is in an appropriate format for machine
learning algorithms. Missing values are addressed through imputation methods, such as using the median for numerical
data and the most frequent value for categorical data. Standardization and normalization are applied to numerical features
to ensure that all variables contribute equally to the model. Feature engineering techniques, including Principal Component
Analysis (PCA), reduce dimensionality and capture underlying relationships among variables. Additionally, interaction
features are created to explore the combined effects of variables, such as age and comorbidities, on outcomes like
readmission risk. The study employs a variety of machine learning models to address the different research questions.
Logistic Regression is a baseline model due to its simplicity and interpretability, making it suitable for the initial exploration
of relationships between features and outcomes. Random Forest, an ensemble learning method, is employed for its ability
to handle nonlinear relationships and provide feature importance rankings, which are valuable for understanding the key
drivers of outcomes. Support Vector Machines (SVM) are utilized for their effectiveness in high-dimensional spaces and
their ability to detect optimal decision boundaries, making them particularly useful for classification tasks. Neural
Networks, including Multi-Layer Perceptrons (MLP), are implemented to capture complex nonlinear interactions in the
data. At the same time, Gradient Boosting models are used for their high predictive accuracy and ability to handle complex
feature interactions.

Model evaluation uses a range of performance metrics, including accuracy, precision, recall, F1-score, and ROC-
AUC. Accuracy provides a general measure of the model's correctness. At the same time, precision and recall offer insights
into the model's ability to correctly identify positive cases and avoid false positives and negatives, respectively. The F1-
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score, which balances precision and recall, is particularly important in medical contexts where both errors can have
significant consequences. ROC-AUC, which measures the model's ability to distinguish between classes across different
threshold settings, is used to assess the overall discriminative power of the models. Cross-validation techniques, such as k-
fold cross-validation, are employed to ensure the robustness and generalizability of the models.

Feature importance analysis is performed to enhance the interpretability and clinical relevance of the models.
Techniques such as recursive feature elimination and feature importance rankings from tree-based models are used to
identify the most influential predictors of outcomes. For example, in the heart failure dataset, age, maximum heart rate,
and ST depression are identified as key predictors of survival, aligning with established medical knowledge. Similarly, in
the hospital readmission dataset, factors such as length of hospital stay, comorbidity scores, and discharge destination are
significant predictors of readmission risk. These insights not only improve the interpretability of the models but also
provide actionable information for clinicians to focus on the most relevant factors during patient assessments. The study
also explores advanced ensemble and deep learning techniques to improve model performance. Ensemble methods, such
as stacking and blending, combine predictions from multiple models to leverage their strengths and achieve more reliable
results. Deep learning architectures, including more sophisticated neural networks with additional hidden layers and
advanced techniques like residual connections, are investigated to capture complex patterns in the data. These advanced
techniques help integrate diverse data types, such as imaging data, genetic information, and longitudinal health records, to
provide a more comprehensive risk assessment.

REsuLTS AND DISCUSION

The analysis of mortality trends reveals that chronic diseases remain the primary causes of death in the USA, with
an increasing impact of emerging health risks such as opioid overdoses. Heart disease, cancer, and chronic lower respiratory
diseases continue to dominate mortality statistics, reflecting the persistent challenges posed by lifestyle factors, aging
populations, and healthcare disparities. Predictive models for heart failure indicate that Support Vector Machine (SVM)
outperforms other machine learning techniques, achieving an accuracy of 88.41% in classifying at-risk patients. This high
level of accuracy, coupled with strong performance in precision, recall, and F1-score, demonstrates the potential of SVM
to provide reliable risk assessments for heart failure patients. The model’s ability to balance false positives and negatives
is particularly valuable in clinical settings, where misdiagnosis can have severe consequences. In the context of hospital
readmissions, Gradient Boosting emerges as the most effective model, achieving the highest accuracy and F1 score among
the evaluated algorithms. This model’s ability to capture complex interactions among variables, such as clinical indicators,
socioeconomic factors, and patient demographics, enables healthcare providers to identify high-risk patients more
precisely. By leveraging these insights, hospitals can implement targeted interventions, such as enhanced follow-up care,
patient education, and community support services, to reduce readmission rates and improve patient outcomes. The success
of Gradient Boosting in this domain highlights the importance of integrating diverse data sources, including electronic
health records (EHRS) and unstructured clinical notes, to develop robust predictive models.

Leading Causes of Death in the USA (1999-2016)
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Figure 1: Leading Causes of Death in the USA (1999-2016)
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This bar chart (Figure 1) illustrates the leading causes of death in the USA between 1999 and 2016. Heart disease
and cancer are the top two causes, accounting for the majority of deaths, followed by chronic lower respiratory diseases,
accidents, and stroke. The high prevalence of heart disease and cancer reflects the aging population, lifestyle factors such
as poor diet and physical inactivity, and advancements in medical care that have extended life expectancy but also increased
the burden of chronic diseases. The rising trend in accidental deaths, mainly due to opioid overdoses, highlights the impact
of the opioid crisis and the need for public health interventions to address substance abuse and improve safety measures.
Chronic lower respiratory diseases, such as COPD, are linked to smoking and environmental factors like air pollution,
emphasizing the importance of preventive measures and public health campaigns.

Model Performance Comparison for Heart Failure Prediction
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Figure 2: Model Performance Comparison for Heart Failure Prediction.

This bar chart (Figure 2) compares the performance of five machine learning models—Logistic Regression,
Random Forest, Support Vector Machine (SVM), Neural Network, and Keras Neural Network—in predicting heart failure
survival. The SVM model achieves the highest ROC-AUC score (94.97%), indicating its superior ability to distinguish
between patients with and without heart failure. This is likely due to SVM's effectiveness in handling high-dimensional
data and ability to find optimal decision boundaries in complex feature spaces. All models demonstrate substantial
accuracy, ranging from 86.23% to 88.41%, highlighting the robustness of the selected features, such as age, maximum
heart rate, and ST depression. These features are well-established predictors of heart failure, with age reflecting the
increased risk associated with aging, maximum heart rate indicating cardiovascular fitness, and ST depression serving as
a marker of myocardial ischemia. The consistent performance across models suggests that these features highly predict
heart failure outcomes, making them valuable for clinical decision-making.
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Figure 3: Hospital Readmission Prediction Model Performance

© South Asian Research Publication, Bangladesh Journal Homepage: http://sarpublication.com 20



http://sarpublication.com/

Vishal Sharma, South Asian Res J App Med Sci; Vol-7, Iss-1 (Jan-Feb, 2025): 16-23

This bar chart (Figure 3) compares the performance of three machine learning models—Logistic Regression,
Random Forest, and Gradient Boosting—in predicting hospital readmissions. Gradient Boosting achieves the highest
accuracy (81.1%) and Fl-score (73.0%), demonstrating its effectiveness in identifying high-risk patients. The superior
performance of Gradient Boosting can be attributed to its ability to capture complex interactions among variables, such as
clinical indicators, socioeconomic factors, and patient demographics. For example, patients with multiple comorbidities,
more extended hospital stays, or poor discharge planning are more likely to be readmitted, and Gradient Boosting excels
at modeling these nonlinear relationships. The F1-score, which balances precision and recall, is particularly important in
healthcare applications where false positives and negatives can have significant consequences. A high F1 score indicates
that the model effectively identifies true positives (patients who will be readmitted) while minimizing false positives
(patients incorrectly flagged as high-risk). Gradient Boosting is a valuable tool for reducing readmission rates and
improving patient outcomes.

Age Distribution of Patients with and without Heart Disease
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Figure 4: Age Distribution of Patients with Heart Disease

This histogram with KDE overlay (Figure 4) shows the age distribution of patients with and without heart disease.
Patients with heart disease tend to be older, with a peak of around 60 years, while those without heart disease are generally
younger, with a peak of around 50 years. This visualization aligns with medical knowledge that age is a significant risk
factor for heart disease. As people age, the risk of developing cardiovascular conditions increases due to factors such as
arterial stiffness, reduced cardiac function, and the accumulation of comorbidities like hypertension and diabetes. The clear
distinction in age distributions between the two groups underscores the importance of age as a predictor in heart failure
survival models. This insight can guide clinicians in prioritizing older patients for early interventions and monitoring, as
they are at higher risk of adverse outcomes.
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Figure 5: Top 10 States with Highest Mortality Rates
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This horizontal bar chart (Figure 5) highlights the top 10 states with the highest mortality rates in the USA.
California, Florida, and Texas lead in the number of deaths, reflecting their large populations and significant public health
challenges. These states also have diverse populations with varying access to healthcare, socioeconomic statuses, and
environmental exposures, all of which contribute to mortality rates. For example, urban areas in these states may face
higher rates of air pollution and traffic accidents. In comparison, rural areas may struggle with limited access to healthcare
services and higher rates of chronic diseases. The visualization emphasizes the need for targeted health interventions in
these states to address the underlying causes of high mortality, such as chronic diseases, accidents, and healthcare
disparities. Policymakers can design more effective strategies to reduce mortality rates and improve population health
outcomes by focusing resources on these high-burden areas.

Feature Importance in Heart Failure Prediction
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Figure 6: Feature Importance in Heart Failure Prediction

This bar chart (Figure 6) displays the relative importance of key features in predicting heart failure survival. Age,
maximum heart rate (MaxHR), and ST depression (Oldpeak) are the most significant predictors, with importance scores of
0.85,0.75, and 0.70, respectively. Cholesterol and resting blood pressure (RestingBP) also contribute but to a lesser extent.
The high importance of age reflects the increased risk of heart failure in older adults due to physiological changes and the
accumulation of comorbidities. Maximum heart rate is a critical indicator of cardiovascular fitness, with lower values often
associated with poor cardiac function. ST depression, a marker of myocardial ischemia, is a strong predictor of heart failure
as it indicates reduced blood flow to the heart muscle. While significant, cholesterol and resting blood pressure are less
predictive in this context, possibly because they are influenced by medications and lifestyle factors that vary widely among
patients. The visualization underscores the critical role of these clinical and demographic factors in heart failure outcomes,
providing valuable insights for clinicians to focus on during patient assessments. By prioritizing these features, healthcare
providers can develop more targeted and effective treatment plans.

CONCLUSION

This study highlights the efficacy of machine learning (ML) in predicting mortality trends, heart failure survival,
and hospital readmissions. The findings emphasize the transformative potential of Al-driven healthcare systems in reducing
mortality rates, enhancing clinical efficiency, and optimizing patient care. By leveraging advanced ML algorithms, this
research demonstrates the ability to identify high-risk patients, predict adverse outcomes, and inform targeted interventions,
ultimately improving healthcare delivery and patient outcomes. The predictive models developed in this study, particularly
those using gradient boosting and support vector machines, consistently outperformed traditional statistical methods
regarding accuracy, precision, recall, and ROC-AUC scores. These models provide valuable insights into the key
determinants of mortality, heart failure survival, and hospital readmissions, such as age, comorbidities, socioeconomic
factors, and clinical indicators. By integrating diverse data sources, including electronic health records, demographic
information, and social determinants of health, ML models offer a more comprehensive and nuanced understanding of
patient risk profiles.

The implications of this research extend beyond predictive accuracy. For example, the ability to forecast hospital
readmissions enables healthcare providers to implement proactive measures, such as enhanced follow-up care, patient
education, and community support services, to reduce readmission rates and improve patient outcomes. Similarly, the
identification of high-risk populations for heart failure and mortality allows for the development of personalized care
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strategies, early interventions, and optimized resource allocation. These advancements have the potential to significantly
reduce healthcare costs and improve the overall quality of care. However, successfully integrating ML into healthcare
systems requires addressing several challenges. Ethical considerations, such as data privacy, algorithmic bias, and model
interpretability, must be carefully managed to ensure the responsible use of Al in clinical settings. Additionally,
implementing ML models necessitates robust data infrastructure, interdisciplinary collaboration, and workforce training to
overcome data quality, interoperability, and adoption barriers.

Future research should focus on several key areas to further advance the application of ML in healthcare. First,
integrating real-time patient monitoring data, such as wearable health technologies and telehealth platforms, can enhance
the predictive power of ML models by providing continuous, dynamic insights into patient health. Second, refining
predictive models with more significant, diverse datasets will improve their generalizability and accuracy across patient
populations and healthcare settings. Third, exploring multi-modal data sources, including genomics, imaging, and
environmental factors, can provide a more holistic understanding of patient risk profiles and enable personalized treatment
approaches. Focusing on these areas allows machine learning to enhance personalized medicine and improve healthcare
outcomes worldwide. Developing interpretable, scalable, and ethically sound ML models will empower healthcare
providers to make data-driven decisions, optimize resource allocation, and deliver more effective, patient-centered care.
As the healthcare landscape continues to evolve, integrating ML into clinical practice holds immense promise for
transforming healthcare delivery, reducing disparities, and improving populations' overall health and well-being
worldwide.
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