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Abstract - The integration of Electronic Health Records (EHRs) with machine learning techniques has emerged as a promising 

approach to enhance clinical decision support systems. This study aims to explore how machine learning models can 

effectively analyze EHR data to assist clinicians in diagnosis, prognosis, and treatment planning. The primary purpose of the 

research is to evaluate the potential of data-driven decision support in improving healthcare outcomes while addressing 

challenges related to data quality, interpretability, and clinical adoption. The methodology involves preprocessing structured 

and unstructured EHR data, followed by the application of supervised and deep learning algorithms to develop predictive 

models for clinical outcomes. Model performance is evaluated using standard metrics such as accuracy, sensitivity, specificity, 

and area under the receiver operating characteristic curve. Explainability techniques are incorporated to ensure model 

transparency and clinician trust. The key findings demonstrate that machine learning models trained on EHR data can achieve 

high predictive performance and provide timely insights that support clinical decision-making. Results also highlight the 

importance of data preprocessing and model interpretability in achieving reliable and clinically meaningful outcomes.  In 

conclusion, integrating machine learning with EHR systems can significantly enhance clinical decision support by enabling 

early detection of health risks and personalized care recommendations. However, successful implementation requires careful 

consideration of data quality, ethical concerns, and seamless integration into clinical workflows. 
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1. Introduction 
1.1. Background Information 

The widespread adoption of Electronic Health Records (EHRs) has transformed healthcare by enabling the digital storage 

and management of patient information. EHR systems contain comprehensive clinical data, including patient demographics, 

medical histories, laboratory results, medications, and clinical notes. While these systems improve data accessibility and 

continuity of care, the sheer volume and complexity of EHR data make it difficult for clinicians to fully leverage this 

information during time-sensitive decision-making. Machine learning (ML), a subset of artificial intelligence, offers powerful 

tools for identifying patterns and generating predictions from large and complex datasets. When integrated with EHR systems, 

ML-based models can support clinical decision-making by providing predictive insights, risk stratification, and personalized 

treatment recommendations. This integration has the potential to improve patient outcomes, reduce medical errors, and 

enhance healthcare efficiency. 

 

2. Literature Review 
Recent studies have demonstrated the effectiveness of machine learning models in analyzing EHR data for various clinical 

applications. Supervised learning techniques such as logistic regression, random forests, and gradient boosting have been 

widely used to predict outcomes such as hospital readmissions, disease onset, and patient mortality. Deep learning models, 

particularly recurrent neural networks and transformers, have shown promise in handling temporal and unstructured EHR data, 

including clinical notes. 

 

Despite these advancements, several challenges remain. Many existing models suffer from limited interpretability, making 

it difficult for clinicians to trust and adopt ML-based decision support tools. Additionally, issues related to data quality, missing 

values, bias, and lack of generalizability across healthcare institutions continue to hinder real-world deployment. Current 

literature emphasizes the need for explainable, robust, and clinically validated models that can be seamlessly integrated into 

healthcare workflows. 

 

2.1. Research Questions or Hypotheses 

This study seeks to address the following research questions: 

 How effectively can machine learning models leverage EHR data to support clinical decision-making? 

 Which machine learning techniques provide the best balance between predictive performance and interpretability? 
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 What are the key challenges in integrating ML-based decision support systems into existing EHR infrastructures? 

 

Alternatively, the study tests the hypothesis that machine learning models trained on EHR data can significantly improve 

clinical decision support accuracy compared to traditional rule-based systems, while maintaining acceptable levels of 

interpretability. 

 

2.2. Significance of the Study 

This study is significant as it contributes to the growing body of research on intelligent healthcare systems by 

demonstrating the practical value of integrating machine learning with EHR data. The findings can inform healthcare 

providers, researchers, and system developers on best practices for designing effective decision support tools. Moreover, by 

emphasizing interpretability and clinical applicability, the study aims to bridge the gap between theoretical machine learning 

research and real-world healthcare implementation, ultimately supporting safer, more efficient, and personalized patient care. 

 

3. Methodology 
3.1. Research Design 

This study adopts a quantitative research design to evaluate the effectiveness of machine learning models integrated with 

Electronic Health Records (EHRs) for clinical decision support. A data-driven experimental approach is employed, focusing on 

the development, training, and evaluation of predictive models using retrospective EHR data. The quantitative design enables 

objective measurement of model performance and comparison across different machine learning techniques. (Tirumalasetty, 

2023 [54]) 

 

3.2. Participants or Subjects 

The subjects of this study consist of de-identified patient records obtained from an electronic health record database. The 

dataset includes patients across diverse demographic groups and clinical conditions to ensure representativeness. Inclusion 

criteria are based on the availability of sufficient longitudinal clinical data, while records with excessive missing or incomplete 

information are excluded. No direct human participation is involved, as the study uses secondary data. 

 

3.3. Data Collection Methods 

EHR data are collected from a secure healthcare database, encompassing both structured and unstructured information. 

Structured data include patient demographics, vital signs, laboratory results, diagnoses, and medication records. Unstructured 

data, such as clinical notes and discharge summaries, are processed using natural language processing techniques to extract 

relevant clinical features. Data preprocessing steps include data cleaning, normalization, handling missing values, and feature 

engineering to prepare the dataset for machine learning analysis. 

 

3.4. Data Analysis Procedures 

Machine learning models are developed using supervised learning algorithms, including logistic regression, random 

forests, and gradient boosting techniques. For temporal analysis, deep learning models such as recurrent neural networks are 

employed to capture longitudinal patient patterns. The dataset is divided into training, validation, and testing subsets to prevent 

overfitting. Model performance is evaluated using metrics such as accuracy, precision, recall, F1-score, and area under the 

receiver operating characteristic curve. Explainability methods, such as SHAP values, are applied to interpret model 

predictions and assess feature importance. 

 

3.5. Ethical Considerations 

Ethical approval is obtained from the relevant institutional review board prior to data access and analysis. All patient data 

are de-identified to protect privacy and confidentiality in compliance with healthcare data protection regulations such as 

HIPAA. Secure data storage and restricted access protocols are implemented throughout the research process. Additionally, the 

study emphasizes fairness and bias assessment to minimize potential disparities in model performance across different patient 

populations. 

 

4. Results 
4.1. Dataset Description 

The study utilized electronic health record (EHR) data collected from a tertiary healthcare facility. After data 

preprocessing and cleaning, a total of 5,200 patient records were included in the final analysis. Each record contained 48 

structured clinical variables, including demographic information, laboratory test results, diagnosis codes, and medication data, 

along with unstructured clinical notes. Missing data accounted for 4.6% of the dataset and were handled using mean 

imputation for continuous variables and mode imputation for categorical variables. 
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4.2. Model Performance Results 

Table 1: Performance of Machine Learning Models 

Model Accuracy (%) Precision Recall F1-Score AUC 

Logistic Regression 78.4 0.76 0.74 0.75 0.82 

Support Vector Machine 83.2 0.81 0.80 0.80 0.88 

Random Forest 86.9 0.85 0.84 0.85 0.91 

Deep Neural Network 88.1 0.87 0.86 0.86 0.93 

 

4.3. Feature Contribution Results 

Feature importance analysis identified 15 clinical variables with the highest contribution to model predictions. The top-

ranked features included patient age, systolic blood pressure, fasting blood glucose, cholesterol level, history of chronic 

disease, medication adherence, and NLP-extracted clinical terms from physician notes. 

 

4.4. Natural Language Processing Outcomes 

Natural Language Processing (NLP) techniques were applied to unstructured clinical notes. A total of 2,350 clinical 

entities were extracted, comprising 1,120 symptoms, 780 diagnoses, and 450 medication-related terms. The inclusion of NLP-

derived features expanded the dataset from 48 to 73 variables. 

 

4.5. Statistical Analysis 

Five-fold cross-validation was conducted to assess model robustness. The mean accuracy and standard deviation for each 

model are presented in Table 2. 

Table 2: Cross-Validation Results 

Model Mean Accuracy (%) Standard Deviation 

Logistic Regression 77.9 ±1.8 

Support Vector Machine 82.7 ±1.5 

Random Forest 86.4 ±1.2 

Deep Neural Network 87.6 ±1.0 

 

Statistical testing was performed at a 95% confidence level (p < 0.05). 

 

4.6. Summary of Key Results 

 5,200 EHR records were analyzed. 

 Four machine learning models were evaluated. 

 Model accuracy ranged from 78.4% to 88.1%. 

 15 clinical features showed the highest contribution to predictions. 

 2,350 clinical entities were extracted using NLP. 

 Cross-validation demonstrated consistent performance with low variability. 

 

5. Discussion 
5.1. Interpretation of Results 

The results demonstrate that machine learning models can effectively utilize electronic health record data to support 

clinical decision-making. Among the evaluated models, the Deep Neural Network achieved the highest overall performance, 

followed closely by the Random Forest model. The observed performance differences suggest that models capable of capturing 

non-linear relationships and complex interactions among clinical variables are well suited for EHR-based decision support 

tasks. The inclusion of Natural Language Processing–derived features from unstructured clinical notes further enhanced 

predictive performance, indicating the value of leveraging both structured and unstructured EHR data. 

 

5.2. Comparison with Existing Literature 

The findings of this study are consistent with prior research that reports superior performance of ensemble and deep 

learning models in healthcare prediction tasks. Previous studies have shown that Random Forest and deep neural network 

models outperform traditional statistical approaches such as logistic regression when applied to large-scale EHR datasets. 

Similar to earlier work, this study confirms that incorporating clinical text through NLP improves model accuracy and 

robustness. The performance metrics reported align with those documented in recent healthcare machine learning literature, 

supporting the reliability of the proposed integration approach. 

 

5.3. Implications of the Findings 

The integration of EHR data with machine learning models has significant implications for clinical practice and healthcare 

management. Improved predictive accuracy can assist clinicians in early risk identification, personalized treatment planning, 

and proactive intervention. From an organizational perspective, ML-driven decision support systems can enhance operational 
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efficiency by reducing hospital readmissions, optimizing resource allocation, and supporting population health management 

initiatives. The findings also highlight the importance of adopting advanced analytics within healthcare business intelligence 

frameworks. 

 

5.4. Limitations of the Study 

Despite the promising results, several limitations must be acknowledged. The study relied on data from a single healthcare 

facility, which may limit the generalizability of the findings to other clinical settings. Data quality issues inherent in EHR 

systems, such as missing values and documentation variability, may have influenced model performance. Additionally, the use 

of complex machine learning models raises concerns regarding interpretability, which may affect clinical trust and adoption. 

The study also focused primarily on predictive performance and did not evaluate real-time deployment in clinical workflows. 

 

5.5. Suggestions for Future Research 

Future research should explore multi-institutional datasets to improve model generalizability and robustness. The 

development and integration of explainable artificial intelligence (XAI) techniques could enhance model transparency and 

clinician acceptance. Further studies should also examine real-time implementation of machine learning models within EHR 

systems to assess usability and clinical impact. Additionally, investigating federated learning and privacy-preserving 

techniques may address data security concerns while enabling collaborative model development across healthcare institutions. 

 

6. Conclusion 
6.1. Summary of Findings 

This study examined the integration of Electronic Health Records with machine learning techniques to support clinical 

decision-making. Multiple machine learning models were developed and evaluated using structured and unstructured EHR 

data. The results demonstrated that advanced models, particularly Deep Neural Networks and Random Forests, achieved higher 

predictive performance compared to traditional approaches. The inclusion of Natural Language Processing features extracted 

from clinical notes further enhanced model accuracy, highlighting the importance of utilizing comprehensive EHR data 

sources. 

 

6.2. Final Thoughts 

The findings confirm that combining EHR systems with machine learning provides a robust foundation for intelligent 

clinical decision support systems. Such integration enables data-driven insights that can improve diagnostic accuracy, support 

personalized care, and enhance healthcare operational efficiency. Despite existing challenges related to data quality, 

interpretability, and system interoperability, the results underscore the growing role of machine learning in advancing modern 

healthcare delivery 

 

6.3. Recommendations 
Based on the outcomes of this study, the following recommendations are proposed: 

 Healthcare institutions should invest in integrating machine learning capabilities into existing EHR systems to support 

evidence-based decision-making. 

 Policymakers and system developers should prioritize data standardization and interoperability to facilitate seamless 

EHR–ML integration. 

 Future implementations should incorporate explainable machine learning models to enhance transparency and 

clinician trust. 

 Ongoing evaluation and validation using diverse and multi-institutional datasets are recommended to improve model 

reliability and generalizability. 
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