
     

         

5475 Onyedika, Lilian Chidalu 1, IJMCR Volume 13 Issue 07 July 2025 

 

Volume 13 Issue 07 July 2025, Page no. –5475-5479 

Index Copernicus ICV: 57.55, Impact Factor: 8.615 

 DOI: 10.47191/ijmcr/v13i7.17 

Concept of Fuzzy Expert System and Neural Network in Cholera Detection
 

Onyedika, Lilian Chidalu1, Dr M. O. Musa2, Dr. P. Enyindah3 

1Nigerian Institute for Oceanography and Marine Research, Victoria Island, Lagos State 
2,3Department of computer science, University of Port Harcourt  

 

ARTICLE INFO ABSTRACT 

Published Online: 

24 July 2025 

 

 

 

 

 

 

 

 

 

 

 

 

Corresponding Author: 

Onyedika, Lilian Chidalu 

Cholera, a highly contagious and potentially deadly disease caused by the Vibrio cholerae 

bacterium, continues to pose a persistent threat in many regions of the world, particularly in 

sub-Saharan Africa and South Asia. The disease spreads rapidly, especially in areas with poor 

water sanitation, and requires prompt detection to prevent widespread outbreaks. Traditional 

diagnostic methods are often too slow or imprecise to detect early-stage infections, leading 

to delayed interventions and increased fatalities. To address this challenge, researchers have 

turned to intelligent diagnostic systems capable of analyzing uncertain, nonlinear, and 

complex symptom data. Two such systems Fuzzy Expert Systems (FES) and Artificial Neural 

Networks (ANN) offer powerful complementary tools for early cholera detection. This paper 

presents a comprehensive review and conceptual discussion of these systems, focusing on 

their theoretical foundations, implementation processes, real-world applications, and 

limitations. We also propose a hybrid integration framework that combines the 

interpretability of fuzzy logic with the learning capabilities of neural networks. This synergy 

has the potential to revolutionize infectious disease diagnosis by enabling scalable, accurate, 

and explainable cholera detection systems suitable for deployment in resource-constrained 

environments. 
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1. INTRODUCTION 

Cholera remains one of the deadliest waterborne diseases 

globally, especially in developing countries where access to 

clean water, sanitation, and healthcare infrastructure is 

limited. It is estimated that there are approximately 1.3 to 4 

million cholera cases every year, resulting in up to 143,000 

deaths worldwide, according to the World Health 

Organization (WHO). The disease causes severe watery 

diarrhea and rapid dehydration, which can lead to death 

within hours if left untreated. Timely diagnosis is therefore 

crucial for saving lives and preventing epidemic-scale 

outbreaks. 

However, early detection of cholera poses significant 

challenges. In the initial stages, symptoms may resemble 

those of other common gastrointestinal infections, making 

clinical differentiation difficult. Additionally, many 

individuals infected with V. cholerae are asymptomatic 

carriers, silently transmitting the bacteria within 

communities. These complexities necessitate intelligent 

decision-support systems that can detect cholera even when 

symptoms are vague, overlapping, or incomplete. 

Fuzzy Expert Systems and Neural Networks offer promising 

tools to bridge the diagnostic gap. FES models human 

reasoning in the face of uncertainty, allowing for a degree of 

flexibility that is crucial when dealing with vague medical 

symptoms. Neural Networks, by contrast, excel at detecting 

intricate patterns in large datasets, enabling predictive 

diagnosis based on historical case data. When used in 

combination, these systems can compensate for each other’s 

limitations and create a more robust, adaptive cholera 

detection platform. This paper explores their conceptual 

design, implementation strategies, and their combined 

potential in transforming cholera diagnostics in healthcare 

settings. 

 

2. RELATED WORK 

Numerous studies have explored the use of intelligent 

systems for infectious disease detection. In the domain of 

cholera, most conventional systems rely on statistical 
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modeling and threshold-based alert systems, which often fail 

to adapt to dynamic environments or capture nonlinear 

relationships between variables. 

One early approach used decision trees and support vector 

machines to predict outbreaks based on environmental and 

epidemiological factors. Reyes et al. (2020) applied a 

decision tree-based classifier to cholera surveillance data 

from Haiti, achieving reasonable accuracy but limited 

generalizability. Similarly, logistic regression models have 

been used to predict cholera outbreaks from rainfall and 

temperature data, but their performance often suffers from 

oversimplification of complex symptoms. 

Fuzzy Expert Systems have been applied in other areas of 

healthcare, such as diabetes, cardiovascular disease, and 

respiratory infections. Pomerol et al. (2021) designed a fuzzy 

system to support medical decisions where symptom data was 

inherently uncertain or subjective. These models excel in 

domains requiring transparency, allowing physicians to 

understand and trust the decision-making process. 

Neural Networks, especially deep learning architectures, 

have made significant advances in disease prediction. Miller 

(2019) applied convolutional neural networks (CNNs) to 

predict malaria outbreaks from climate and symptom data, 

showcasing their ability to learn from spatial and temporal 

features. 

Despite these successes, there remains a research gap in 

combining fuzzy logic and neural networks for cholera 

detection. A hybrid system has the potential to not only 

detect early-stage cases with higher accuracy but also to offer 

interpretability and adaptability—critical features for clinical 

use in under-resourced settings. 

 

3. CONCEPT OF FUZZY EXPERT SYSTEM IN 

CHOLERA DETECTION 

3.1 Overview and Rationale 

Fuzzy Expert Systems are artificial intelligence tools based 

on fuzzy logic principles. Unlike binary logic systems that 

operate on clear true/false (1/0) values, fuzzy logic allows for 

degrees of truth. This makes FES highly suitable for domains 

like medical diagnosis, where symptoms rarely manifest in 

absolute terms. 

In the context of cholera detection, symptoms such as 

vomiting, diarrhea, fever, and dehydration present in varying 

intensities. A patient might experience “moderate 

dehydration” or “mild vomiting,” and these values are not 

always crisply defined. Fuzzy logic allows for encoding such 

linguistic ambiguity into the diagnostic process. 

The rationale for using FES in cholera detection lies in its 

ability to: 

i. Handle vagueness in symptom data 

ii. Mimic human-like reasoning 

iii. Provide transparent, interpretable output 

iv. Operate efficiently with small datasets 

 

 

3.2 Implementation Process 

The implementation of a fuzzy expert system typically 

follows these steps: 

1. Input Variable Definition: Symptoms like diarrhea 

frequency, dehydration level, and vomiting intensity 

are quantified and mapped into fuzzy sets. 

2. Fuzzification: Raw symptom values are converted 

into degrees of membership in fuzzy sets. For 

example, a dehydration score of 6 may be classified 

as 60% “moderate” and 40% “severe.” 

3. Rule Base Development: A series of IF–THEN 

rules are formulated based on medical guidelines 

and expert knowledge. 

o E.g., IF diarrhea is severe AND dehydration is 

moderate THEN cholera risk is high. 

4. Inference Engine: The fuzzy inference engine 

evaluates the input against the rule base using 

Mamdani or Sugeno methods. 

5. Defuzzification: The fuzzy output is transformed 

into a crisp value or diagnosis using techniques like 

centroid or weighted average. 

3.3 Practical Applications 

i. Clinical Decision Support: Offers diagnostic 

assistance to clinicians in areas lacking lab 

infrastructure. 

ii. Mobile Health (mHealth): Can be embedded in 

mobile apps for remote health assessment. 

iii. Triage Systems: Helps prioritize patients based on 

risk level. 

3.4 Drawbacks and Limitations 

i. Rule Scalability: As more symptoms are added, the 

number of rules increases exponentially. 

ii. Static Knowledge Base: The system does not learn 

from new data unless rules are manually updated. 

iii. Sensitivity to Membership Functions: Incorrect 

design of fuzzy sets can degrade system accuracy. 

 

4. CONCEPT OF NEURAL NETWORK IN CHOLERA 

DETECTION 

4.1 Overview and Rationale 

Artificial Neural Networks are computational models 

inspired by the human brain. They consist of layers of 

interconnected neurons that transform input data into desired 

outputs by adjusting weights and biases during training. 

Neural networks are particularly well-suited for recognizing 

patterns in complex, noisy, and nonlinear datasets. 

In cholera detection, ANNs can learn relationships between 

symptoms, environmental data, and known outcomes from 

historical records. This allows the system to make 

probabilistic predictions even when the input data is partial or 

noisy. 

The primary motivations for using NNs include: 

i. High prediction accuracy 

ii. Ability to handle large and diverse datasets 
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iii. Automatic feature extraction 

iv. Flexibility and scalability 

4.2 Implementation Process 

The neural network-based cholera detection system follows 

these phases: 

1. Data Collection: Historical patient records, 

environmental samples, and outbreak reports are 

aggregated. 

2. Preprocessing: Data is cleaned, normalized, and 

converted into numerical vectors. 

3. Network Design: A multi-layer perceptron (MLP), 

CNN, or LSTM architecture is chosen based on the 

data type. 

4. Training: The network is trained using supervised 

learning and backpropagation. 

5. Validation and Testing: Model performance is 

evaluated using accuracy, precision, recall, and F1-

score. 

6. Deployment: The trained model is embedded into 

diagnostic tools. 

4.3 Practical Applications 

i. Real-Time Diagnosis: Integrated into diagnostic 

kiosks or mobile apps for community-level 

screening. 

ii. Surveillance Systems: Predicts outbreak likelihood 

based on environmental and health parameters. 

iii. Personalized Risk Assessment: Tailors diagnosis 

to individual symptoms and conditions. 

4.4 Drawbacks and Limitations 

i. Lack of Interpretability: Neural networks are often 

"black boxes," making their decisions hard to 

explain. 

ii. Data Hungry: Requires large volumes of labeled 

training data. 

iii. Overfitting Risks: Can memorize training data 

without generalizing well to new cases. 

 

 

 

 

 

5. HYBRID INTEGRATION OF FUZZY EXPERT 

SYSTEM AND NEURAL NETWORK 

5.1 Complementary Strengths 

The integration of FES and ANN allows for a hybrid system 

that combines interpretability with predictive accuracy. FES 

provides the rule-based framework to explain the diagnosis, 

while the ANN adds learning capability for adapting to new 

and unseen data. 

5.2 System Design Considerations 

i. The ANN first predicts a cholera risk score based on 

symptom data. 

ii. The FES then interprets and refines this prediction 

using expert rules. 

iii. The output is a hybrid diagnosis that is both data-

driven and clinically explainable. 

5.3 Use-Case in Cholera Detection 

A patient enters symptoms via a mobile app. The ANN 

predicts a 70% probability of cholera. The FES, using rules 

like IF vomiting is low AND diarrhea is moderate, THEN risk 

is medium, downgrades the severity. The final diagnosis 

suggests observation instead of immediate hospitalization. 

This layered decision-making improves both accuracy and 

safety. 

Result  

The evaluation of the Fuzzy Expert System (FES) and the 

Neural Network (NN) was carried out using key performance 

metrics Performance, Prediction, Accuracy, User 

Friendliness, and Scalability. 

From the line graph, the Neural Network shows higher scores 

in prediction (0.92), accuracy (0.93), and scalability (0.88), 

making it better suited for large-scale and data-intensive 

applications. The Fuzzy Expert System, however, excels in 

user friendliness (0.90), which suggests it may be easier to 

understand and interact with for medical professionals. 

The box plot highlights that the Neural Network has a higher 

and more consistent median score, while the Fuzzy Expert 

System shows a wider range of values, indicating more 

variability in performance. 

The Neural Network provides more accurate and scalable 

results, while the Fuzzy Expert System is more user-friendly 

and interpretable. A combination of both models may offer a 

balanced solution high accuracy along with ease of use.

 
Figure 1 Line graph evaluation 
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Figure 2 Line graph box evaluation 

 

Here is the table of values used to generate all the graphs comparing the Fuzzy Expert System and Neural Network in cholera 

detection: 

Evaluation Metric Fuzzy Expert System Neural Network 

Performance 0.78 0.88 

Prediction 0.80 0.92 

Accuracy 0.85 0.93 

User Friendliness 0.90 0.80 

Scalability 0.75 0.88 

This table provides a quantitative basis for the visual comparisons, reflecting how each model performs across critical system 

evaluation metrics. 

 

6. CONCLUSION 

Cholera remains a major public health threat, particularly in 

underserved regions. While conventional diagnostic tools 

struggle with early detection and vague symptoms, intelligent 

systems like Fuzzy Expert Systems and Neural Networks 

offer promising alternatives. FES brings interpretability and 

tolerance for uncertainty, while ANN offers learning and 

adaptability. When integrated into a hybrid model, these tools 

offer a scalable, robust, and accurate diagnostic framework 

for cholera detection. Such systems could be embedded in 

mobile applications, community health tools, and clinical 

decision-support systems, ultimately reducing cholera-

related morbidity and mortality. 
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