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Abstract— Healthcare systems worldwide face mounting 

pressure to improve patient outcomes while containing 

costs. Predictive data analytics powered by machine 

learning (ML) has emerged as a high-impact approach to 

address this challenge. This paper presents a novel multi-

algorithm comparison framework applied to clinical 

disease risk prediction with three original contributions: 

(1) a structured hyperparameter tuning protocol using 

GridSearchCV with 10-fold stratified cross-validation; (2) 

a SHAP-based explainability layer that maps model 

predictions to clinically interpretable feature 

contributions; and (3) a deployment architecture aligned 

with HL7 FHIR for integration with Electronic Health 

Record (EHR) systems. A simulated clinical dataset of 

10,000 patient records is used to evaluate five ML 

algorithms: Logistic Regression, Decision Tree, Random 

Forest, Support Vector Machine, and a Feedforward 

Neural Network. The proposed soft-voting ensemble 

model achieves 95.1% accuracy, 94.6% precision, 95.4% 

recall, an F1-score of 95.0%, and a ROC-AUC of 0.974 

under 10-fold cross-validation. SHAP analysis identifies 

fasting blood glucose, HbA1c, and BMI as the three 

highest-impact predictors, aligning with established 

clinical guidelines. 
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I.  INTRODUCTION 

 

Healthcare is one of the most data-intensive sectors 

globally. Hospitals and clinics generate vast volumes 

of data daily — patient histories, lab results, imaging, 

and treatment outcomes. Yet much of this data 

remains unused for proactive clinical decision-

making. Predictive analytics transforms raw clinical 

data into actionable, evidence-based insights that can 

improve patient outcomes and reduce avoidable 

costs. 

Machine learning (ML) provides computational 

models that learn complex patterns from past patient 

data and generate predictions about future health. In 

clinical practice, this means systems capable of 

predicting chronic disease onset, hospital 

readmission risk, and treatment response with 

quantifiable confidence. 

 

A.  Background 

Conventional clinical decision-making relies on 

physician expertise and established guidelines. While 

reliable, this approach is constrained by the cognitive 

limits of human pattern recognition when hundreds 

of interacting variables are involved. Predictive 

analytics supplements clinical judgment by 

processing large datasets with many features 

consistently and at scale. The global adoption of 

Electronic Health Records (EHRs) — exceeding 85% 

in high-income countries — has created the 

infrastructure that makes ML-driven analytics viable 

at population scale. 

 

B.  Problem Statement 

Despite demonstrated promise, several challenges 

impede clinical adoption of ML-based prediction 

systems: (a) clinical datasets frequently contain 

missing values that degrade model quality; (b) class 

imbalance introduces systematic prediction bias 

toward the majority class; (c) high-accuracy models 

such as ensemble methods operate as "black boxes", 

reducing clinician trust; and (d) the absence of 

standardized evaluation protocols makes cross-study 

comparison unreliable. This study directly addresses 

all four challenges. 

 

C.  Research Objectives 

• Compare five ML algorithms under 

identical, controlled preprocessing 

conditions. 

• Implement SMOTE-based oversampling to 

correct class imbalance. 

• Conduct systematic hyperparameter tuning 

using GridSearchCV with 10-fold cross-

validation. 

• Apply SHAP for clinically interpretable 

feature importance analysis. 

• Outline a deployment architecture for real-

world EHR integration using HL7 FHIR. 
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II.  NOVEL CONTRIBUTIONS 

 

Contribution 1: Structured Hyperparameter 

Optimization 

Unlike most prior studies that report performance 

using default model parameters — which 

systematically underestimates model capability — 

this study implements a formal GridSearchCV 

hyperparameter optimization protocol across all five 

algorithms, using 10-fold stratified cross-validation. 

This makes inter-model comparisons genuinely fair 

and reproducible. 

 

Contribution 2: SHAP-Based Clinical Explainability 

Existing benchmark studies typically report feature 

importance as raw numerical scores without 

contextualizing those scores against clinical 

evidence. This study introduces a SHAP-based 

explainability analysis that translates model output 

into clinically interpretable findings, explicitly cross-

referenced against ADA 2023 and ACC/AHA 2023 

guidelines. 

 

Contribution 3: EHR Deployment Architecture 

Most prior ML healthcare studies conclude at model 

evaluation, without addressing the practical pathway 

to clinical deployment. This study provides a 

concrete, standards-compliant deployment 

architecture that specifies the integration mechanism 

with hospital EHR systems via HL7 FHIR R4 API 

endpoints. 

 

III.  LITERATURE REVIEW 

 

Rajpurkar et al. [4] demonstrated that deep CNNs can 

match radiologist-level pneumonia detection on chest 

X-rays (F1=0.435 vs. radiologist mean 0.387). 

Obermeyer and Emanuel [5] highlighted that 

algorithmic bias — particularly racial bias in training 

data — represents a systemic risk in clinical ML 

deployment. Choi et al. [6] proposed Doctor AI, an 

RNN for predicting future diagnoses from EHR event 

sequences. 

 

Ahmad et al. [7] compared Logistic Regression, 

Naive Bayes, and Random Forest on the Cleveland 

Heart Disease dataset, with Random Forest achieving 

88.7% accuracy. Kourou et al. [8] reviewed 28 ML 

studies in cancer prognosis, finding SVMs and 

Neural Networks most frequently used. More 

recently, Shailaja et al. [13] achieved 76.3% accuracy 

on Pima Diabetes data without addressing class 

imbalance. Singh et al. [14] showed XGBoost 

outperforms conventional classifiers (91.2%) on 

cardiovascular risk data. Li et al. [15] applied 

federated learning to EHR data for sepsis prediction 

(AUC=0.89) while preserving patient privacy. 

 

A critical analysis reveals four persistent gaps: (1) 

most studies evaluate only one or two models; (2) 

hyperparameter tuning is rarely formalized; (3) 

explainability is absent or limited; (4) deployment 

pathways from research to clinical system are rarely 

specified. This study closes all four gaps within a 

single integrated framework. 

 

IV.  METHODOLOGY 

 

A.  Dataset Description 

A simulated clinical dataset of 10,000 patient records 

was constructed using validated statistical 

distributions derived from the Pima Indians Diabetes 

Database and the UCI Heart Disease Dataset. The 

class imbalance ratio of 30:70 (high-risk:low-risk) 

reflects population-level chronic disease prevalence. 

The dataset contains 12 clinically relevant features: 

Age, Gender, BMI, Systolic Blood Pressure, 

Diastolic Blood Pressure, Fasting Blood Glucose, 

HbA1c, LDL Cholesterol, HDL Cholesterol, 

Smoking History, Physical Activity Level, and 

Family History of Disease. The binary target 

indicates high chronic disease risk (1) or low risk (0) 

within a 5-year prediction horizon. 

TABLE I: Simulated vs. Real Hospital Data — Comparison 

Dimension Simulated Dataset Real Hospital EHR 

Privacy Risk Zero patient privacy risk HIPAA/GDPR compliance required 

Reproducibility Fully reproducible; seed-controlled Dataset-specific; may not generalize 

Class Distribution Controlled 30:70 ratio Varies; often more severely imbalanced 

Benchmark Value Clean algorithmic baseline Clinical generalizability 
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B.  Data Preprocessing 

The following preprocessing steps were applied in 

sequence: 

• Missing Value Imputation: Approximately 

4.2% of numerical entries were imputed 

using column median. Categorical missing 

values used column mode. 

• Feature Scaling: All continuous features 

were normalized to [0, 1] using Min-Max 

scaling. 

• Class Imbalance Correction: SMOTE was 

applied exclusively to the training set to 

achieve a balanced 50:50 training 

distribution. 

• Train-Test Split: An 80:20 stratified split 

was applied (8,000 training, 2,000 test 

records). 

 

C.  Hyperparameter Tuning 

All five models underwent systematic 

hyperparameter optimization using GridSearchCV 

with 10-fold stratified cross-validation and F1-score 

as the optimization criterion. 

 

TABLE II: Optimal Hyperparameter Values per Model 

Model Optimal Parameters 

Logistic Regression C=1.0, solver=lbfgs, max_iter=500 

Decision Tree max_depth=10, min_samples_split=5, criterion=entropy 

Random Forest n_estimators=200, max_depth=20, max_features=sqrt 

SVM (RBF) C=10, gamma=0.01, kernel=rbf 

Feedforward NN layers=(128,64,32), dropout=0.3, lr=0.001, batch=32 

 

D.  Machine Learning Algorithms 

• Logistic Regression (LR): Linear 

probabilistic classifier serving as the 

interpretable baseline. 

• Decision Tree (DT): Non-parametric 

recursive partitioning model, controlled via 

max_depth. 

• Random Forest (RF): Ensemble of decision 

trees that reduces variance through 

averaging. 

• SVM (RBF Kernel): Margin-maximizing 

classifier using RBF kernel for curved 

decision boundaries. 

• Feedforward Neural Network (FNN): 

Three-hidden-layer architecture with ReLU 

activations, Dropout regularization, and 

Adam optimizer. 

 

E.  Soft Voting Ensemble 

The top three models by cross-validation F1-score — 

Random Forest, SVM, and FNN — were combined 

into a soft voting ensemble. Soft voting averages the 

predicted class probabilities from each model before 

applying a 0.5 classification threshold. This approach 

reduces variance of individual model errors and 

consistently outperforms hard majority voting. 

 

V.  PROPOSED SYSTEM ARCHITECTURE 

 

The proposed predictive system follows a five-stage 

pipeline, from data ingestion to SHAP-based clinical 

explanation. 

 
Fig. 1.  System Pipeline Architecture 

 

• Stage 1 — Data Ingestion: Patient data is 

ingested from hospital EHR databases via HL7 

FHIR R4 API endpoints or CSV uploads. 

• Stage 2 — Preprocessing Module: Sequential 

application of imputation, Min-Max scaling, and 

SMOTE oversampling (training only). 
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• Stage 3 — Tuned Model Training: All five 

models are trained using GridSearchCV-

optimized hyperparameters. 

• Stage 4 — Soft Voting Ensemble: The three 

best-performing models (RF, SVM, FNN) 

produce probability outputs that are averaged for 

the final risk score. 

• Stage 5 — Output and SHAP Explanation: The 

pipeline outputs a continuous risk score (0–1), a 

binary classification label, and a SHAP-based 

feature contribution breakdown for the treating 

clinician. 

 

VI.  RESULTS AND DISCUSSION 

 

A.  Quantitative Performance Evaluation 

Table III reports per-model performance on the held-

out test set (2,000 records) and the mean ± standard 

deviation of F1-scores across 10-fold cross-

validation. 

 

TABLE III: Comprehensive Model Performance Comparison 

Model Acc. (%) Prec. (%) Rec. (%) F1 (%) ROC-AUC CV F1 ± SD 

Logistic Regression 82.4 81.0 83.2 82.1 0.891 81.8 ± 1.4 

Decision Tree 85.7 84.3 86.5 85.4 0.903 84.9 ± 2.1 

Random Forest 94.3 93.1 94.7 93.9 0.968 93.5 ± 0.6 

SVM (RBF) 91.6 90.8 92.3 91.5 0.951 91.1 ± 0.9 

Feedforward NN 92.8 91.9 93.4 92.6 0.958 92.2 ± 1.1 

Proposed Ensemble 95.1 94.6 95.4 95.0 0.974 94.7 ± 0.5 

 

 
Fig. 2.  Model Performance Comparison (Accuracy, Precision, Recall, F1) 

 

 
Fig. 3.  10-Fold Cross-Validation F1-Score Distribution (Error bars = ±1 SD) 

 



© April 2026 | IJIRT | Volume 12 Issue 11 | ISSN: 2349-6002 

IJIRT 199279            INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY  15158 

 
Fig. 4.  ROC Curves for All Models and Soft Voting Ensemble 

 

 
Fig. 5.  Ensemble Model Confusion Matrix (Test Set: 2,000 samples) 

 

The performance hierarchy is consistent with 

theoretical expectations. Logistic Regression, 

constrained to linear decision boundaries, achieves 

the lowest accuracy (82.4%), reflecting the non-

linear nature of multi-factor chronic disease risk. 

Decision Trees improve on this but show higher 

cross-validation variance (SD=2.1), indicating 

residual overfitting despite pruning. The Random 

Forest achieves 94.3% accuracy and the lowest CV 

standard deviation among individual models 

(SD=0.6). The proposed ensemble achieves the 

highest performance across all metrics, with a ROC-

AUC of 0.974 and the lowest CV variance (SD=0.5), 

indicating both peak performance and high stability. 

 

B.  Comparison with Recent Studies (2022–2025) 

 

TABLE IV: Benchmarking Against Recent Literature 

Study Year Best Model Acc. (%) ROC-AUC XAI? 

Shailaja et al. [13] 2022 Random Forest 76.3 0.81 No 

Singh et al. [14] 2023 XGBoost 91.2 0.93 No 
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Study Year Best Model Acc. (%) ROC-AUC XAI? 

Li et al. [15] 2024 FL-Neural Net 89.1 0.89 No 

Hassan et al. [17] 2024 SVM 93.4 0.94 Partial 

Proposed Study 2025 
Soft Voting 

Ensemble 
95.1 0.974 Yes (SHAP) 

The proposed ensemble outperforms all five 

comparison studies on both accuracy and ROC-AUC. 

Critically, it is the only study in this comparison 

group to incorporate formal XAI through SHAP 

analysis. 

 

C.  SHAP-Based Explainability Analysis 

SHAP (SHapley Additive exPlanations) values were 

computed for the Random Forest component of the 

ensemble. SHAP values quantify the marginal 

contribution of each feature to each individual 

prediction, providing both global importance 

rankings and local prediction explanations. 

 

TABLE V: SHAP Feature Importance with Clinical Interpretation 

Rank Feature 
Mean 

|SHAP| 
Clinical Significance 

1 
Fasting Blood 

Glucose 
0.187 

Primary ADA diagnostic criterion for diabetes (FBG ≥ 126 

mg/dL) 

2 HbA1c Level 0.163 3-month glycemic control indicator; ADA threshold ≥ 6.5% 

3 BMI 0.141 
Established risk factor for T2D and CVD; WHO threshold ≥ 30 

kg/m² 

4 LDL Cholesterol 0.118 
ACC/AHA guideline-defined CVD risk factor; target <100 

mg/dL 

5 Age 0.097 Chronic disease risk increases non-linearly after age 45 

6 Systolic BP 0.089 Hypertension (SBP ≥ 130 mmHg) is a primary CVD risk factor 

9 HDL Cholesterol 0.047 
Protective factor; higher HDL reduces CVD risk (inverse 

relationship) 

11 Physical Activity 0.031 Protective; higher activity reduces metabolic risk 

 

 
Fig. 6.  SHAP Feature Importance Ranking (Mean absolute SHAP values) 
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The SHAP rankings are clinically coherent. The top 

three predictors — fasting blood glucose, HbA1c, 

and BMI — are precisely the features that the 

American Diabetes Association (ADA 2023) and the 

American College of Cardiology (ACC/AHA 2023) 

identify as the primary diagnostic and risk 

stratification criteria for the chronic conditions in 

scope. HDL cholesterol and physical activity 

appropriately receive negative SHAP values, 

reflecting their protective clinical roles. 

 

D.  Key Findings 

• Ensemble methods consistently outperform 

single classifiers on clinical tabular data. 

• Formal hyperparameter tuning materially 

improves performance — Random Forest 

accuracy increased from ~91% to 94.3% 

after tuning. 

• SMOTE oversampling is essential for recall 

maximization in imbalanced clinical 

datasets; without it, high-risk patients are 

systematically under-predicted. 

• SHAP analysis provides a clinically 

grounded explanation layer that aligns 

model-derived rankings with established 

medical guidelines. 

 

VII.  REAL-WORLD DEPLOYMENT AND EHR 

INTEGRATION 

 

A.  Deployment Architecture 

Translating the proposed model from a research 

prototype to a functional clinical tool requires: (1) 

standards compliance for interoperability with 

existing hospital IT infrastructure; (2) near-real-time 

prediction latency (<2 seconds per patient); and (3) 

model versioning and drift monitoring to maintain 

prediction quality over time. 

• Model Serving Layer: The trained ensemble 

is serialized and exposed as a RESTful 

prediction microservice using FastAPI. 

• HL7 FHIR R4 Integration: Patient data is 

retrieved from the hospital EHR via HL7 

FHIR R4 API calls using standardized 

resource types. 

• Clinical Dashboard: A lightweight React.js 

web interface displays the risk score and 

SHAP feature contributions. High-risk 

predictions (score >0.7) trigger an 

automated alert within the EHR workflow. 

• Model Monitoring: Prediction distributions 

are monitored weekly using the Population 

Stability Index (PSI). PSI >0.2 triggers a 

model retraining workflow. 

 

B.  Expected Performance on Real Hospital Data 

Based on empirical evidence from comparable 

deployment studies, the proposed model is expected 

to achieve 88–92% accuracy on real hospital data 

after recalibration. Primary sources of expected 

degradation are: (1) increased missingness (10–30% 

vs. controlled 4.2%); (2) population-specific 

distribution shifts; (3) inconsistent EHR coding 

practices. 

 

C.  Ethical and Regulatory Considerations 

Clinical deployment of ML prediction systems raises 

three ethical obligations: (1) model fairness must be 

assessed across demographic subgroups using 

metrics such as equalized odds; (2) the system must 

comply with HIPAA (US) or GDPR (EU) data 

protection regulations; (3) the system must be 

positioned as a clinical decision support tool that 

augments, not replaces, physician judgment. All 

predictions must include confidence intervals and a 

mandatory clinician override mechanism. 

 

VIII.  ADVANTAGES AND LIMITATIONS 

 

A.  Advantages 

• Systematic multi-model comparison under 

identical preprocessing ensures 

reproducibility and fair benchmarking. 

• Formal hyperparameter tuning with 10-fold 

CV produces performance estimates that 

reflect each model at its genuine optimum. 

• SMOTE applied exclusively to the training 

set corrects class imbalance without 

introducing data leakage. 

• The HL7 FHIR deployment architecture 

provides a concrete and standards-

compliant pathway from research to clinical 

utility. 

 

B.  Limitations 

• The dataset is simulated. Prospective 

validation on real clinical data is required 

before deployment. 

• The study addresses binary classification 

only. Multi-class risk stratification would 

provide finer-grained clinical guidance. 

• SHAP values were computed for the 

Random Forest component only. Ensemble-
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level SHAP decomposition was not 

implemented. 

• Fairness analysis across demographic 

subgroups was not conducted and must be 

performed before clinical deployment. 

 

IX.  CONCLUSION 

 

This paper presented a comprehensive, multi-

algorithm ML framework for chronic disease risk 

prediction in healthcare. The study introduced three 

original contributions absent in prior work: a formal 

GridSearchCV hyperparameter tuning protocol; a 

SHAP-based explainability layer that maps model 

predictions to clinically validated feature 

contributions; and a HL7 FHIR-aligned deployment 

architecture for EHR integration. 

 

Applied to a 10,000-record simulated clinical dataset, 

the proposed soft voting ensemble achieved 95.1% 

accuracy, 95.0% F1-score, and a ROC-AUC of 0.974 

— outperforming all five benchmark studies from 

2022–2025. SHAP analysis confirmed that the 

model's primary predictors (fasting blood glucose, 

HbA1c, BMI) align precisely with ADA and 

ACC/AHA clinical guidelines, providing the 

clinically grounded explainability required for 

trustworthy deployment. 

 

Future work includes prospective validation on real 

hospital EHR data, extension to multimodal data 

incorporating clinical notes via BioClinicalBERT, 

federated learning implementation, fairness auditing 

across demographic subgroups, and extension to 

multi-class risk stratification and time-to-event 

prediction using survival analysis models. 
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