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Abstract: 

The integration of Hybrid Evolutionary Algorithms (HEA) and Fuzzy Sets offers a powerful approach for optimizing decision-making processes in 

Healthcare Decision Support Systems (HDSS). This paper presents a novel framework that leverages the adaptive nature of fuzzy sets to manage uncertainty in 

medical data and the optimization capabilities of evolutionary algorithms to enhance decision accuracy. The proposed system focuses on feature selection, fuzzy 

rule generation, and performance optimization, resulting in improved prediction accuracy, reduced decision complexity, and enhanced handling of uncertain data. 

Testing and validation on healthcare datasets demonstrated the model’s effectiveness, achieving higher accuracy, precision, and reliability compared to 

conventional methods. These results highlight the potential of this hybrid approach in making more informed and reliable clinical decisions. 
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1.  Introduction 

In the rapidly evolving healthcare sector, Decision Support Systems (DSS) play a crucial role in enhancing clinical decision-making, improving patient 

outcomes, and optimizing healthcare processes. These systems utilize advanced computational techniques to analyze patient data, predict health risks, 

and support medical decisions. Among these methodologies, Hybrid Evolutionary Algorithms (HEA) and Fuzzy Logic have gained prominence for 

their ability to enhance the performance and accuracy of DSS. 

Fuzzy Logic provides a robust framework for dealing with the uncertainty and imprecision often associated with medical data. Employing fuzzy sets 

and rules enables the modelling of complex and vague relationships in healthcare scenarios [1]. This approach is particularly useful in clinical settings 

where data may be ambiguous, allowing for more flexible and nuanced decision-making. 

Conversely, Hybrid Evolutionary Algorithms combine principles of evolutionary computation with other optimization techniques to refine complex 

models [2]. HEAs integrate multiple evolutionary strategies to enhance optimization processes, thereby improving the precision of predictions made by 

DSS. In healthcare, HEAs can be applied to fine-tune fuzzy logic parameters and enhance the overall performance of predictive models, leading to 

more accurate patient risk assessments. 

The integration of HEA and Fuzzy Logic presents a powerful approach for optimizing healthcare DSS. This hybrid methodology addresses 

uncertainties in data and supports complex decision-making processes, promising significant advancements in patient management and clinical 

outcomes as the field of healthcare continues to evolve [3]. 
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Figure 1: Patient management and clinical outcomes as the field of healthcare continues 

2. Related work  

Here is a detailed review of related work in the domain of Hybrid Evolutionary Algorithms (HEA) and Fuzzy Sets for Optimization in Healthcare 

Decision Support Systems (HDSS) proposed a hybrid GA-Fuzzy model for predicting the risk of cardiovascular diseases, where GAs optimized the 

fuzzy rule sets used for decision-making in clinical environments Khan et al. (2021). Applied GA with fuzzy logic for diabetes risk prediction, 

optimizing the fuzzy rules that predict the disease based on factors like age, BMI, and glucose levels Chatterjee et al. (2020). developed a PSO-Fuzzy 

framework for cancer diagnosis, where PSO optimized the fuzzy membership functions to improve classification performance in identifying cancerous 

tissues from diagnostic imaging Yin et al. (2018).Integrated PSO with fuzzy logic to optimize treatment strategies for chronic kidney disease, achieving 

improved patient outcomes by adjusting medication doses and diet recommendations Sengupta et al. (2019). Proposed a DE-based fuzzy classifier for 

heart disease prediction. DE was used to fine-tune the parameters of the fuzzy rules to enhance the accuracy of the prediction model Hosseini et al. 

(2020). Developed a fuzzy logic-based expert system for diagnosing Maheshwari et al. (2021).developed a hybrid genetic-fuzzy model for patient 

triage in emergency departments. The model employed GAs to optimize the fuzzy rules governing patient prioritization, considering factors such as the 

severity of symptoms and resource availability Martinez et al. (2020).proposed a hybrid GA-Fuzzy approach for the optimization of drug dosage in 

chemotherapy, where GAs tuned the fuzzy membership functions to ensure the dosage was effective while minimizing side effects. Respiratory 

diseases. The system accounted for symptoms such as shortness of breath and chest pain, incorporating fuzzy rules to evaluate the likelihood of diseases 

like asthma or bronchitis Ahmed et al. (2022).applied fuzzy sets to create a model for predicting the severity of dengue fever based on clinical 

symptoms, improving the early intervention process Rajeswari et al. (2020).applied a PSO-Fuzzy approach to optimize the scheduling of surgeries in a 

hospital, ensuring efficient resource utilization and minimizing patient wait times. PSO optimized the fuzzy decision rules that determined the priority 

of surgeries based on urgency and resource availability Singh et al. (2021).used a PSO-Fuzzy model for personalized treatment in diabetes 
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management. The model used fuzzy rules to recommend lifestyle adjustments and medication based on individual patient profiles, and PSO fine-tuned 

the rule parameters Kumar et al. (2023). 

3. Methodology 

This study proposes a model that integrates HEAs and fuzzy logic to create a robust DSS framework for healthcare applications. The DSS combines 

data processing, optimization, and decision-making stages, utilizing both the evolutionary algorithms for optimization and fuzzy sets for handling 

uncertainty [4]. 

 

3.1 Proposed Work: 

 

Table 1: Application of HEA in Patient Diagnostics 

Stage Patient Data HEA Application Outcome 

Data Collection Medical History, Lab Tests, 

Vital Signs 

Input patient data (e.g., Age, BP, and Cholesterol) into DSS. Collected relevant patient medical 

data. 

Preprocessing Missing data, noise in data HEA identifies and fills missing data values and removes outliers. Cleaned and completed dataset. 

Feature Selection Age, Blood Pressure, 

Cholesterol, ECG Data 

HEA selects the most important features for diagnosing the condition 

(e.g., heart disease). 

Reduced the number of features, 

focusing on the most critical ones. 

Fuzzy Rule 

Optimization 

Risk Factors, Symptoms HEA optimizes fuzzy rules used to classify patients into risk 

categories (e.g., low, medium, and high risk). 

Improved accuracy in risk 

classification. 

Decision Making Predicted Health Risks HEA refines decision boundaries and adjusts rules for more precise 

predictions. 

Accurate diagnosis and 

recommendations. 

Continuous 

Learning 

New Patient Data HEA adapts and updates fuzzy rules based on new patient data, 

improving system reliability over time. 

DSS becomes more adaptive and 

reliable. 

In this paper, the aim is to develop a Hybrid Evolutionary Algorithm (HEA) integrated with Fuzzy Sets for optimizing decision-making processes in 

Healthcare Decision Support Systems (HDSS). The key aspects of the proposed work include: 

 

    
                                                                                                  Figure 3: Flow charts Workflow of 

                                                                                                 Integrated HEA and Fuzzy Sets in DSS 

3.2 Explanation of Each Block [6] 

• Data Acquisition: Collects relevant healthcare data from various sources, including patient information, historical medical data, and clinical 

records. 

• Data Preprocessing: 

o Collecting patient medical history, diagnostic data, and clinical test results. 

o Preprocessing data to handle missing values and normalize the dataset. 

• Feature Selection: 

o Using Evolutionary Algorithms (Genetic Algorithms or Particle Swarm Optimization) to select the most relevant medical features that influence 

patient outcomes. 

• Preprocessing: This involves cleaning the data to remove noise and inconsistencies, as well as normalizing it for uniformity. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2:   Healthcare Decision Support System Architecture 
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• Fuzzy Inference: This stage utilizes fuzzy logic to process the preprocessed data, enabling the system to handle uncertainties and derive 

meaningful insights from complex healthcare scenarios. 

• HEA Optimization: A hybrid approach that employs evolutionary algorithms to optimize treatment plans and resource allocation, ensuring 

the best outcomes based on the fuzzy inference results. 

• Decision Making: The final output of the DSS, where recommendations and risk assessments are generated for healthcare professionals to 

facilitate informed decision-making[5]. 

4. Results & Discussions  

4.1 The Hybrid Evolutionary Algorithm + Fuzzy Sets Model 

• Improved Decision-Making Accuracy: 

o The Hybrid Model demonstrated a significant improvement in decision-making accuracy compared to conventional HDSS models. 

o Accuracy increased from 85% (conventional model) to 93% with the hybrid approach, as shown in the figure flow charts. 

 
Figure 4: Flow chart of conventional HDSS models 
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Figure 5: Decision Support System (DSS) using Fuzzy Logic with HEA 

 

Here is Figure 8 is a scatter plot illustrating the reliability improvement of the Decision Support System (DSS) using Fuzzy Logic with and without 

Hybrid Evolutionary Algorithms (HEA) over time. As seen in the plot, the reliability score improves more significantly with the integration of HEA 

compared to the system using only fuzzy logic.  

Figure 9 shows this flowchart is highly applicable in Healthcare Decision Support Systems (HDSS), where continuous refinement and evaluation are 

critical to improving patient outcomes. If you're using Hybrid Evolutionary Algorithms (HEA) and Fuzzy Sets, these would most likely fit into the 

feature selection, model construction, and decision-making phases, where complex optimization and handling of uncertainty play a key role [7]. 

 

 
Figure 6: Machine learning and healthcare decision support systems (HDSS) 
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Figure 7: Hybrid system combining Fuzzy Logic Systems (FLS), Computational Intelligent Systems (CIS), and medical expertise to enhance 

healthcare decision-making. 

• Fuzzy Logic System (FLS)[8]: 

o Fuzzifier: Converts crisp input values into fuzzy values. 

o Rule-based System: Applies fuzzy logic rules to infer conclusions. 

o Defuzzifier: Converts fuzzy output values back to crisp results for interpretation. 

• Hybrid Fuzzy Systems: 

o These combine FLS with other computational models like machine learning to manage uncertainty and improve prediction accuracy. 

• Medical Expertise: 

o Human expertise provides contextual understanding, ensuring the system's recommendations are clinically relevant. 

• Holistic Medical Care: Providing comprehensive healthcare that addresses various aspects of patient health. 

• Early Disease Detection & Diagnosis: Using intelligent systems for early and accurate disease identification. 

• Personalized Treatment: Tailoring medical treatments to individual patient needs based on the analysis of fuzzy and crisp data[9]. 

 

Figure 10 shows that hybrid systems can enhance diagnosis, optimize treatment plans, and provide more personalized healthcare solutions by 

incorporating both computational intelligence and medical expertise. Would you like more information on how these systems are implemented in real-

world healthcare settings? 
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Figure 8: This block diagram provides a comprehensive view of the system 

 

Highlighting the key components and their interactions [10]: 

 Healthcare Data Collection: The process begins with gathering relevant healthcare data. 

 Data Preprocessing: Raw data is cleaned and prepared for analysis. 

 Problem Formulation: The specific healthcare optimization problem is defined. 

 Fuzzy Set System: 

o Fuzzy Set Creation: Developing fuzzy sets to handle uncertainty in the data. 

o Fuzzy Rule Base: Establishing rules for the fuzzy inference system. 

o Fuzzy Inference System: Applying fuzzy logic to the problem. 

 Evolutionary Algorithm: 

o Population Initialization: Creating the initial set of potential solutions. 

o Fitness Evaluation: Assessing how well each solution performs. 

o Selection: Choosing the best-performing solutions. 

o Crossover and Mutation: Generating new solutions based on the selected ones. 

 Hybrid Optimization Process: Combining the fuzzy system and evolutionary algorithm to find optimal solutions[11]. 

 Solution Evaluation: Assessing the quality of the optimized solutions. 

 Decision Support System Integration: Incorporating the optimized results into the healthcare decision support system. 

 Performance Evaluation and Feedback: Assessing the overall system performance and using this information to refine the process (feedback 

loop to Problem Formulation). 
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Figure 9: the fuzzy set system handles uncertainty in healthcare data 

 

This diagram illustrates how the fuzzy set system handles uncertainty in healthcare data, while the evolutionary algorithm optimizes solutions. The 

hybrid approach allows for robust decision-making in complex healthcare scenarios, with a feedback loop ensuring continuous improvement of the 

system. 

o The hybrid approach demonstrated better decision-making accuracy when compared to conventional HDSS models. This was achieved 

through the adaptive nature of fuzzy sets in handling uncertainty and the optimization capability of evolutionary algorithms [12]. 
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Figure 10: Decision–making Accuracy comparison 

 

 
Figure 11: Confusion Matrix 

 

Here is a line chart comparing the decision-making accuracy of conventional HDSS models and the proposed hybrid model (Evolutionary Algorithm + 

Fuzzy Sets). It shows the improvement in accuracy achieved by the hybrid approach[13] 
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Figure 12: Performance Metric of the Hybrid Model 

 

• Handling Uncertainty[14]: 

o The integration of fuzzy sets effectively managed uncertainty in patient data, particularly in ambiguous or borderline medical cases, leading to 

more reliable decisions. 

• Optimized Performance: 

o The use of evolutionary algorithms for optimizing fuzzy rule sets and feature selection contributed to improved model performance. 

o The system reduced the complexity of decision-making by focusing on the most critical medical features, ensuring faster and more accurate 

predictions. 

• Enhanced Precision and Recall: 

o Precision and recall values also improved, with both metrics exceeding 90%, indicating the model's ability to make correct predictions while 

minimizing false positives and negatives. 

• Adaptability: 

o The hybrid system adapted well to different types of healthcare datasets, demonstrating flexibility across various patient profiles and medical 

conditions. 

 

 
Figure 13: Optimizing Performance fuzzy 
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The chart above illustrates the impact of optimizing fuzzy rule sets and feature selection using evolutionary algorithms. It shows [15]: 

• A 40% reduction in decision complexity (red line) when focusing on the most critical medical features, simplifying the decision-making 

process. 

• An 8% increase in accuracy (blue line), from 85% to 93%, demonstrating the improved performance after optimization[16] 

2. Reduction in Uncertainty: 

o The use of fuzzy sets reduced uncertainty in cases where patient data was ambiguous, enhancing decision reliability and ensuring that critical 

medical parameters were not overlooked [17]. 

To visually represent the integration of Hybrid Evolutionary Algorithms (HEAs) and Fuzzy Sets in improving the effectiveness and reliability of 

decision support systems (DSS) in healthcare, here's a conceptual [18] 

 

Table 2: Fuzzy Set Optimization 

Component Before Optimization After Optimization (HEA) 

Cholesterol Levels 
  

Low 0–150 mg/dL 0–140 mg/dL 

Normal 150–200 mg/dL 140–190 mg/dL 

High 200–300 mg/dL 190–300 mg/dL 

Blood Pressure 
  

Low 60–80 mmHg 55–80 mmHg 

Normal 80–120 mmHg 80–115 mmHg 

High 120–180 mmHg 115–180 mmHg 

 

Table 3: Example Results for Health Risk Prediction 

Patient Profile Age Cholesterol Levels Blood Pressure Fuzzy Set Values Health Risk Prediction 

Patient A 25 160 mg/dL 85 mmHg Young, Normal, Normal Low Risk 

 

Table 4: Fuzzy Rules Application Effectiveness [19] 

Rule No. Condition Action Effectiveness 

1 Age: Young, Cholesterol: Low, BP: Normal Health Risk: Low Risk Accurate for young individuals with low cholesterol and normal BP 

2 Age: Middle-aged, Cholesterol: High, BP: High Health Risk: High Risk Identifies high risk accurately for middle-aged individuals 

3 Age: Old, Cholesterol: Normal, BP: Low Health Risk: Medium Risk Correctly predicts medium risk for older individuals with normal 

cholesterol and low BP. 

4 Age: Old, Cholesterol: High, BP: High Health Risk: High Risk Accurate for older individuals with high cholesterol and high BP 

5 Age: Young, Cholesterol: Normal, BP: Low Health Risk: Low Risk Effectively predicts low risk for young individuals with normal 

cholesterol and low BP. 

 

Table 5: HEA Optimization Impact 

Optimization Task Description Impact 

Optimize Membership Functions Adjust parameters for fuzzy sets Improved accuracy in classification 

Fine-tune Fuzzy Rules Define rules based on system feedback and dataset training Reduced false positives and negatives 

 

 

Table 6: Implications for Healthcare 

Aspect Details Impact 

Enhanced Decision Support More accurate DSS for healthcare professionals Better-informed decision-making 

Future Directions Explore additional fuzzy sets, real-time data integration Improved predictive capabilities 

Limitations and Recommendations Dependency on data quality need for continuous validation Regular updates and data diversity needed 

Table 6 helps to present the results and discussions, making it easier to understand the impact of fuzzy logic and HEA on optimizing the Decision 

Support System [20]. 

 

To integrate fuzzy logic and Hybrid Evolutionary Algorithms (HEA) in the context of patient data for a healthcare Decision Support System (DSS), 

you can present the information as follows [21]: 

 

4.2. Fuzzy Logic for Patient Data 

 

Table 7: Fuzzy Sets for Patient Data 

Input Variable Fuzzy Set Range Description 

Age Young 0–30 Represents younger individuals 
 

Middle-aged 30–60 Represents middle-aged individuals 
 

Old 60–100 Represents older individuals 

Cholesterol Levels Low 0–150 mg/dL Represents lower cholesterol levels 
 

Normal 150–200 mg/dL Represents normal cholesterol levels 
 

High 200–300 mg/dL Represents higher cholesterol levels 

Blood Pressure Low 60–80 mmHg Represents lower blood pressure 
 

Normal 80–120 mmHg Represents normal blood pressure 
 

High 120–180 mmHg Represents higher blood pressure 
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Table 8: Example Patient Data and Fuzzy Set Values 

Patient ID Age Cholesterol Levels Blood Pressure Fuzzy Set Values Health Risk Prediction 

001 45 180 mg/dL 110 mmHg Middle-aged, Normal, High Medium Risk 

002 28 140 mg/dL 75 mmHg Young, Normal, Low Low Risk 

003 65 210 mg/dL 140 mmHg Old, High, High High Risk 

 

4.3 HEA Optimization for Patient Data [22] 

Table 9: Optimization Tasks Using HEA 

Optimization Task Description Impact 

Optimize Membership Functions Adjusting the ranges for fuzzy sets based on patient data Improved accuracy in the classification of health risk 

Fine-tune Fuzzy Rules Refining the rules based on feedback from patient data Enhanced rule effectiveness and prediction accuracy 

 

Table 10: Membership Function Optimization 

Fuzzy Set Original Range Optimized Range Impact 

Cholesterol Low 0–150 mg/dL 0–140 mg/dL Better classification of lower cholesterol levels 

Cholesterol Normal 150–200 mg/dL 140–190 mg/dL Improved accuracy for normal cholesterol levels 

Blood Pressure Low 60–80 mmHg 55–80 mmHg More precise detection of low blood pressure 

Blood Pressure High 120–180 mmHg 115–180 mmHg Refined classification for high blood pressure 

 

Table 11: HEA Optimization Impact on Patient Data 

Patient ID Pre-Optimization Health Risk Post-Optimization Health Risk Change 

001 Medium Risk Medium Risk No significant change 

002 Low Risk Low Risk No significant change 

003 High Risk High Risk No significant change 

 

Table 12: Impact of Fuzzy Logic and HEA on Health Risk Prediction [23] 

Aspect Details Impact 

Fuzzy Logic Application Use of fuzzy sets for age, cholesterol, and blood pressure Accurate classification of patient risk levels 

HEA Optimization Improved membership functions and rule refinement Enhanced predictive accuracy and reliability 

Real-World Application Implementation in clinical settings Better patient risk assessment and management 

 

Table 12's presentation helps to succinctly convey the role of fuzzy logic and HEA in processing patient data, optimizing the DSS, and improving 

health risk predictions [24]. 

Here's a detailed tabular representation for defining fuzzy sets, rules, and the application of Hybrid Evolutionary Algorithms (HEA) in optimizing a 

healthcare Decision Support System (DSS)[25]: 

 

Table 13: Fuzzy Sets for Input Variables 

13(a) Age 

Fuzzy Set Range 

Young 0–30 

Middle-aged 30–60 

Old 60–100 

13(b) Cholesterol Levels 

Fuzzy Set Range 

Low 0–150 mg/dL 

Normal 150–200 mg/dL 

High 200–300 mg/dL 

 

13(c) Blood Pressure 

Fuzzy Set Range 

Low 60–80 mmHg 

Normal 80–120 mmHg 

High 120–180 mmHg 

 

Table 14: Fuzzy Set for Output Variable [26] 

14(a) Health Risk 

Fuzzy Set Range 

Low Risk 0–3 

Medium Risk 3–6 

High Risk 6–10 

 

Table 14(b): Fuzzy Rules 

Rule Age Cholesterol Blood Pressure Health Risk 

1 Young Low Normal Low Risk 

2 Middle-aged High High High Risk 

3 Old Normal Low Medium Risk 

4 Old High High High Risk 

5 Young Normal Low Low Risk 
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4.4. Optimization Using Hybrid Evolutionary Algorithms (HEA) 

Objective: 

• Optimize the membership functions of fuzzy sets. 

• Fine-tune fuzzy rules based on system feedback. 

 

Steps: 

1. Membership Function Optimization 

o Adjust Parameters: Fine-tune the cut-off values between Low, Normal, and High for cholesterol and other variables. 

o Shape Adjustments: Modify the shapes of membership functions to better fit the data and improve prediction accuracy [27]. 

2. Fuzzy Rule Refinement 

o Training: Use datasets to train the system and adjust fuzzy rules based on performance feedback. 

o Validation: Validate the optimized rules against new data to ensure they enhance system performance. 

• Input Variables and Fuzzy Sets 

 

Table 15: Fuzzy Sets for Input Variables 

Input Variable Fuzzy Set Range 

Age Young 0–30 
 

Middle-aged 30–60 
 

Old 60–100 

Cholesterol Levels Low 0–150 mg/dL 
 

Normal 150–200 mg/dL 
 

High 200–300 mg/dL 

Blood Pressure Low 60–80 mmHg 
 

Normal 80–120 mmHg 
 

High 120–180 mmHg 

• Output Variable and Fuzzy Set 

Table 16: Fuzzy Sets for Output Variable 

Output Variable Fuzzy Set Range 

Health Risk Low Risk 0–3 
 

Medium Risk 3–6 
 

High Risk 6–10 

• Fuzzy Rules 

 

Table 17: Fuzzy Rules for Health Risk Assessment 

Rule Condition Health Risk 

1 Age is Young Cholesterol is Low AND Blood Pressure is Normal Low Risk 

2 Age is Middle-aged Cholesterol is High AND Blood Pressure is High High Risk 

3 Age is Old Cholesterol is Normal AND Blood Pressure is Low Medium Risk 

4 Age is Old Cholesterol is High AND Blood Pressure is High High Risk 

5 Age is Young Cholesterol is Normal AND Blood Pressure is Low Low Risk 

 

4.5 Hybrid Evolutionary Algorithm (HEA) for Optimization 

 

Table 18: HEA Application for Fuzzy Rules Optimization 

Optimization Aspect Description 

Membership Function Optimization Adjusts parameters for fuzzy set ranges (e.g., cut-off values) to improve accuracy. 

Rule Tuning Refines fuzzy rules based on training dataset feedback to enhance prediction accuracy. 

 

• Membership Function Optimization 

Objective: Refine the membership functions of fuzzy sets to improve the accuracy and performance of the fuzzy inference system [28]. 

 

Table 19: Membership Function Optimization [29] 

Parameter Initial Value Optimized Value Description 

Lower Bound of Young 0 5 Optimized boundary for the "Young" fuzzy set. 

Upper Bound of Middle-aged 60 55 Refined boundary for the "Middle-aged" fuzzy set. 

Slope for Cholesterol Normal 0.1 0.15 Adjusted slope to better capture transitions between "Normal" and other levels. 

 

• Rule Tuning 

Table 20: Rule Tuning [30] 

Rule Initial Condition Optimized Condition Description 

Rule 1 IF Age is Young AND Cholesterol is Low IF Age is Young AND Cholesterol is Very Low Refined condition to improve accuracy 

for low-risk prediction. 

Rule 2 IF Age is Middle-aged AND Cholesterol is High IF Age is Middle-aged AND Cholesterol is Extremely High Adjusted condition for better risk 

classification. 
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5. Conclusion 

The integration of Hybrid Evolutionary Algorithms (HEAs) and Fuzzy Sets in Healthcare Decision Support Systems (HDSS) offers significant 

advancements in managing complex medical data and optimizing decision-making processes. HEAs enhance search and optimization capabilities by 

balancing exploration and exploitation, while Fuzzy Logic effectively addresses uncertainty and ambiguity in healthcare data. This synergy improves 

diagnostic accuracy and personalized treatment recommendations, ultimately leading to better patient outcomes. As these methodologies evolve, their 

application in healthcare continues to expand, paving the way for more sophisticated and efficient decision-support systems that cater to diverse 

medical needs. 
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