4', International Journal of Science and Research Archive
&)

eISSN: 2582-8185
Cross Ref DOI: 10.30574/ijsra

IJ S R A Journal homepage: https://ijsra.net/ B

(REVIEW ARTICLE) W) Check for updates

Enhancing meningitis diagnosis accuracy through the integration of fuzzy logic and
random forest: A conceptual framework

Margaret Dumebi Okpor !, Godwin Osakwe 1, Sanctus Okpala Emekume 2, Okpomo Eterigho Okpu 1, Chris
Obaro Obruche ! and David Ovie Okpor 3

1 Department of Cyber Security, Southern Delta University, Ozoro, Nigeria.
2 Department. of Computer Science, Southern Delta University, Ozoro Nigeria.
3 Department of Computer Science and Informatics, Federal University Otuoke, Nigeria.

International Journal of Science and Research Archive, 2025, 15(01), 222-232
Publication history: Received on 19 February 2025; revised on 31 March 2025; accepted on 03 April 2025

Article DOI: https://doi.org/10.30574/ijsra.2025.15.1.0893

Abstract

Meningitis, an inflammation of the meninges surrounding the brain and spinal cord, presents a significant challenge in
clinical diagnosis due to its diverse etiology and varied symptom presentation. It remains a significant health concern
globally, particularly in Africa, where it claims the lives of hundreds of thousands annually. This paper proposes a hybrid
approach to enhance diagnostic accuracy by integrating a fuzzy classifier with the Random Forest algorithm. Fuzzy logic
is well-suited for handling uncertainty and imprecision inherent in medical data, while random forest offers robustness
in handling high-dimensional datasets and ensemble learning benefits. This integration not only holds promise for
heightened diagnostic accuracy but also facilitates interpretability and explainability of outcomes crucial for clinical
decision-making. By addressing a critical healthcare challenge, this conceptual framework offers the synergistic fusion
of fuzzy classifier and Random Forest techniques, with the aim of advancing meningitis diagnosis accuracy and laying
the groundwork for further innovation in medical diagnostics.
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1. Introduction

Meningitis poses a significant health threat. Meningitis is an overwhelming disease with a significant lethality ratio and
the risk of long-lasting detrimental consequences. Meningitis outbreaks occur worldwide, with the most significant
health impact observed in the "African Meningitis Belt", a region that includes 26 countries across sub-Saharan Africa,
where meningococcal and pneumococcal meningitis epidemics are most prevalent, posing a substantial menace to
public health (WHO, 2023). Over a million individual are usually infected with one shape of meningitis with the death
toll streaming up to 200, 000 every year. It is a mental health issue affecting the brain (Healthline, 2023).

Meningitis is an inflammation of the meninges. The meninges are the three membranes that cover the brain and spinal
cord. Meningitis can happen when fluid surrounding the meninges becomes infected. A range of bacteria species be
responsible for Meningitis as well as viruses, fungi and parasites. Most infections can be transmitted from person to
person. Injuries, cancers, chemical disturbance, parasites, sedate sensitivities and a small percentage of cases are linked
to medications (WHO, 2023 and Healthline, 2023.)

Bacterial meningitis is the most severe and life-threatening form of meningitis, requiring prompt medical attention as
it can progress rapidly and potentially lead to fatal consequences within a mere 24 hours if left untreated. Acute bacterial
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meningitis has four primary causes: Neisseria meningitides, Streptococcus pneumoniae, Haemophilus influenzae, and
Streptococcus agalactiae.

These bacteria account for over half of global meningitis-related deaths and can also lead to severe conditions like sepsis
and pneumonia (Seddon et al, 2018) Other pathogens, including Mycobacterium tuberculosis, Salmonella, Listeria,
Streptococcus, Staphylococcus, enteroviruses, mumps virus, Cryptococcus, and Amoeba, can also cause meningitis.

Globally, anyone can be affected, but the Meningitis-endemic region in sub-Saharan Africa carries the highest disease
burden, with a heightened risk of meningococcal and pneumococcal meningitis epidemics.

Viral and bacterial meningitis are infectious. They can be transmitted by coughing, wheezing, or near contact. viral and
bacterial contaminations are the foremost common causes of meningitis. Viral meningitis, in specific, could be a
predominant shape of the illness, requiring exact and convenient conclusion for compelling administration. There are a
few other forms of meningitis. An example is cryptococcal, which is caused by a parasitic disease, and carcinomatous,
which is cancer-related. These sorts are uncommon. (Healthline, 2023).

Many studies have been conducted on meningitis diagnosis, exploring various machine learning and computational
intelligence techniques to enhance accuracy and efficiency. Prior research has developed models capable of performing
non-invasive diagnosis of meningitis based solely on observable symptoms (Lélis et al., 2017) However, none of these
studies have fully addressed the challenge of developing a highly interpretable model that can also provide an
assessment of the severity level of the infection, which is crucial for timely and appropriate medical intervention

In this paper, we propose a hybrid approach to enhance meningitis diagnosis by combining fuzzy logic with the Random
Forest algorithm. By maximizing the effectiveness of both techniques, we aim to provide a reliable, interpretable and
standardized framework for meningitis detection, addressing the challenges posed by uncertainty and variability in
symptoms.

2. Literature Review:

2.1. Fuzzy Classifier

A fuzzy classifier is a technique that categorizes objects in accordance with their characteristics. It designates a class
label to an object by analyzing its features, which are represented as a vector of values (Du et al (2016). The classifier is
typically trained on a dataset to learn the patterns and relationships between the features and class labels (Cordon et
al,, 2003; Roubos et al,, 2003). However, in the absence of training data, the classifier can be developed with expert
knowledge and experience. Upon completion of training, the fuzzy classifier is able to classify new, unseen objects with
confidence (Zhou et al., 2000).

Classification is a fundamental task in the broader fields of pattern recognition and machine learning (Zhang et all,
2020), which encompass a range of techniques aimed at identifying and extracting valuable insights from data,
including:

e Soft labelling - In pattern recognition, classes are typically considered mutually exclusive, and traditional
classifiers assign a single, definite label. However, fuzzy classifiers offer a more refined approach by assigning
soft labels, which represent degrees of membership across multiple classes (de Campos. Et all, 2024). This can
be interpreted as a function approximation, where the classifier maps object features to a probability
distribution across all classes, represented as D: F = [0,1]c. While this approach may seem complex, fuzzy
classifiers provide an intuitive and practical solution for handling ambiguous or overlapping class boundaries
(Das, 2018).

e Interpretability - Automatic categorization in critical fields such as medical diagnosis has been put on-hold
due to ethical, political or legal implications, mainly owning to the lack of transparency inherent in classical
pattern recognition (Lindgren, 2023). Fuzzy classifiers are typically structured for interpretability, i.e., the rules
and steps guiding class prediction can be easily followed and understood. (Zhou et al., 2000).

In situations where data is scarce and expert knowledge is limited, fuzzy classifiers offer a valuable solution. This is
particularly relevant in domains like rare disease diagnosis, oil exploration, terrorism detection, and natural disaster
prediction, where data is often sparse or uncertain. Fuzzy classifiers can effectively leverage both expert opinion and
available data to make predictions and classifications, even in the face of uncertainty (Talpur, et al, 2023)
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2.1.1. Fuzzy Rule-Based Classifier System (FRBCS)

The simplest form of a fuzzy classification method is built upon a simple if-then system, similar to those used in fuzzy
control systems (Ishibuchi et al, 2001). For instance, imagine a two-dimensional scenario with three classes. For this
scenario, a fuzzy classifier can be developed by defining rules that specify how to classify objects, such as:

IF X1 is medium and X2 is small Then Class is 1
IF X1 is Medium and X2 is large Then Class is 2
IF X1 is large and X2 is small Then Class is 2

IF X1 is Large and X2 is small Then class is 3

If X1 is small and X2 is large Then Class is 3

Even though x1 and x2 are numeric, the rules use descriptive terms (linguistic values) instead of numbers. If there are
M possible descriptive terms for each of the n features, the overall count of potential if-then rules are M raised to the
power of n (Mn) (Krej¢i, 2018). While a fuzzy classifier with all possible rules might seem like a simple lookup table, it
can actually generate outputs for unseen combinations of descriptive terms. This is because each descriptive term is
associated with a membership function, which allows the classifier to interpolate and make predictions for new inputs
(Zhou et al., 2000).

2.2. Random Forest

Random Forest is a machine learning algorithm that utilizes an ensemble decision trees for classification or regression
tasks. It is a powerful ensemble learning method used for both classification and regression tasks (Mienye, 2022). It
functions by generating multiple decision trees during training and determining the final output based on the minority
class (for classification) or the average prediction (for regression). Put simply, random forest builds multiple decision
trees and merges them together to get a more accurate and stable prediction (Sagi et al, 2020).

2.2.1. Random Forest Training Algorithm

In real-world applications, random forests are commonly regarded as highly accurate learning models to date (Genuer
et al, 2017). The pseudocode for training the Random Forest algorithm is illustrated in Algorithm listing 1 (Lin et al,
2017). The algorithm involves training multiple decision trees on random subsets of the training data and combining
their predictions to improve accuracy and robustness.

Algorithm 1: Random Forest Training Algorithm

Precondition: A training set 5= [xl.v1], ... | [Fm, ¥m). features F, and number of trees in forest B.
funetion RandemPorest(5 . F)
H—p
for{€ l.....B do
5 (1) = A bootstrap sample from 5
hl « BandgmilzadTreeleamis (0. F)
H «— H U {hi}
end for
return H
end funetion
function RandomizedTeeeleanls . F)
At each node:
f o+ wvery small aubset of F
Split on beat feature in f
return The learned tree

end function

The algorithm warks as follows:
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For each tree in the forest, we create a bootstrap sample from the training data. Then, we train a decision tree using a
modified algorithm that reduces the computational cost of feature selection. Instead of examining all possible feature
splits at each node, we randomly select a small subset of features (f) from the total feature set (F). The node then splits
on the best feature in this smaller subset (f), rather than searching through all features (F). By limiting the feature search
space, we significantly accelerate the decision tree learning process.

2.3. Integration of Fuzzy Logic with Machine Learning for Medical diagnosis

Fuzzy classifiers offer a flexible framework for handling uncertainty in classification tasks (Penafiel et al, 2020), while
Random Forest algorithm excels in ensemble learning and handling complex data (Mafarja et al, 2023). Combining these
approaches can lead to improved diagnostic accuracy and robustness.

Previous research has demonstrated the effectiveness of fuzzy logic in medical diagnosis (Reddy et al, 2020) , while
ensemble methods, of which Random Forest is an example have shown promising results in various classification tasks.

The paper by Lelis V. M. et al (2019) discusses the development of a Clinical Decision Support System using Decision
Trees, aimed at aiding physicians in diagnosing meningitis, particularly in less developed countries where resources are
limited. The system integrates three intelligent components built on transparent and explainable tree-based machine
learning models, combined with knowledge engineering techniques that leverage human expertise and domain
knowledge to deliver insightful and interpretable results. Using a dataset of 26,228 records from patients diagnosed
with meningitis in Brazil, the system achieved a classification accuracy of 94.3% for MD meningitis.

In their paper, Alile E. E. et al (2020) proposes and simulates a model for predicting meningococcal meningitis and its
serogroup types using a Bayesian Belief Network, an Al technique. This model aims to address the challenges of
diagnosing meningococcal meningitis accurately due to overlapping symptoms and serogroup types. The model,
developed using Bayes Server and tested with data from a meningitis medical repository, achieved a high prediction
accuracy of 99.99%.

A paper by Arji G. et al (2019) conducts a systematic review and classification of fuzzy logic applications in infectious
diseases. It evaluates 40 papers published between 2005 and 2019 related to human infectious diseases, focusing on
diseases like dengue fever, hepatitis, and tuberculosis. The study identifies key fuzzy logic methods used, including fuzzy
inference systems, rule-based fuzzy logic, Adaptive Neuro-Fuzzy Inference System (ANFIS), and fuzzy cognitive maps

Guzman-de-los-Riscos E.F. et al (2022) in their paper investigates methods for swiftly and accurately diagnosing the
cause of meningitis, specifically differentiating between viral and bacterial origins. It utilizes a dataset of over 26,000
patients with 19 key attributes, primarily focusing on symptoms and cerebrospinal fluid analysis results. Through
experimentation with 27 classification models, including ensemble methods and decision trees, the research concludes
that combining ensemble methods with decision trees produces the most effective classifiers for meningitis etiology.

Fuzzy logic enhances accuracy by improving the precision of the diagnostic process. It increases interpretability, making
diagnostic outcomes more understandable and transparent for healthcare providers (Cao et al, 2024). Additionally,
fuzzy logic boosts adaptability, allowing diagnostic models to evolve with new medical knowledge and emerging
symptoms. These characteristics enable healthcare professionals to make more informed decisions, ultimately leading
to better diagnosis, management, and improved patient care.

Random Forest is a robust algorithm for medical diagnosis, aggregating predictions from multiple decision trees,
efficiently handling high-dimensional data, and modeling complex, nonlinear relationships between symptoms and
diagnoses (Kaur et al, 2019), while retaining interpretability and performing reliably across diverse clinical settings
through effective generalization, making it a valuable tool for healthcare providers to make informed decisions and
improve patient care.

This research focuses on integrating fuzzy logic with Random Forest to design a framework that addresses the
challenges associated with meningitis diagnosis, including the variability of symptoms and the need for standardized
diagnostic approaches.

3. Methodology

The integrated approach offers a robust framework for meningitis diagnosis by drawing on both the interpretability of
fuzzy logic and the predictive power of Random Forest to enhance the classification of meningitis based on
symptomatology. The methodology is divided into two parts:
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e The integration process of fuzzy logic and Random Forest,
e Meningitis Diagnosis Framework.

3.1. Integration Process of Fuzzy Logic and Random Forest

This part describes how fuzzy logic principles are combined with the Random Forest algorithm to enhance the
classification of meningitis based on symptomatology. Fuzzy set theory is utilized to represent linguistic variables
associated with meningitis symptoms, integrating them with the ensemble learning capabilities of Random Forest. The
steps involved in the integration are:

e  Fuzzy Rule Specification
We begin by specifying fuzzy rules based on the linguistic variables associated with meningitis symptoms. Each
symptom, such as headaches, fever, stiff neck, seizures, sleepiness, lethargy, nausea and decreased appetite, is assigned

linguistic labels (High, Moderate, Minor, Low) to capture the uncertainty inherent in symptom manifestation.

The fuzzy rules are specified as follows:

a. If a patient exhibits symptoms < 3, THEN Meningitis Absent
b. If a patient exhibits symptoms = 4, THEN Modest Meningitis
c. If a patient exhibits symptoms = 5, THEN Meningitis Diagnosed

e Integrate Fuzzy Logic with Random Forest
The next step involves integrating fuzzy logic with the Random Forest algorithm. Fuzzy rules generated earlier serve as
decision criteria within each tree of the Random Forest ensemble. Each decision tree in the ensemble is trained on a

subset of the dataset, and at each node, a random subset of features and linguistic variables is considered for splitting.

Algorithm 1 is modified to show the integration of fuzzy logic with the Random Forest algorithm, as shown in Algorithm
2. The integrated system can be trained to perform meningitis diagnosis.
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Algorithm 2: Random forest Integrated with Fuzzy Logic for Meningitis Diagnosis

He0
forjel....Bdo
§ (i) — A bootstrap sample from S
ExaluateEnzzyBulss(S (3)) # Evaluate fuzzy rules for each instance
hi — ModifedBondomizedTreelearn(S(D)
H — H U {hi}
end for
return H

end function

function ModifiedRandemizsgdlrechsam(s . F)
At each node:
Select relevant lingulstic varlables based on fuzzy rule evaluation
Determine splitting criteria based on membership degrees of selected variables
Split on best feature
return The learned tree

end function

The fuzzy rules guide the decision-making process within each tree, incorporating linguistic uncertainty into the
classification process.

3.1.1. Representation of Fuzzy Set Rules within Random Forest

To illustrate the integration of fuzzy logic with Random Forest, we represent the fuzzy set rules within the decision trees
of the ensemble as follows:

RO: R U @ (Initial Rule)

R1: {@ U headache} = Meningitis Absent

R2: {@ U headache} U fever = Meningitis Absent

R3: {@ U headache U fever} U stiff neck = Meningitis Absent

R4: {® U headache U fever U stiff neck} U seizure = Modest Meningitis

R5: {® U headache U fever U stiff neck U seizure} U sleepiness = Diagnosed Meningitis

R6: {® U headache U fever U stiff neck U seizure U sleepiness} U lethargy = Diagnosed Meningitis

R7: {@ U headache U fever U stiff neck U seizure U sleepiness U lethargy} U nausea = Diagnosed Meningitis

R8: {@ U headache U fever U stiff neck U seizure U sleepiness U lethargy U nausea} U decreased appetite =
Diagnosed Meningitis

The final classification decision is made by aggregating the predictions of all trees in the ensemble.

3.2. Meningitis Diagnosis Framework

3.2.1. High-Level Architecture Diagram

Figure 1 provides a high-level architecture of the proposed framework that integrates fuzzy logic with Random Forest to
improve meningitis diagnosis. It outlines the key components and their interactions within the system. The components are
Patient Data Collection layer, Fuzzy Logic System, Fuzzy-enhanced Random Forest layer, Decision Aggregation and
Classification layer and Diagnostic Output layer.
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Meningitis Diagnhosis Framework
Integrated Fuzzy Logic and Random Forest Approach

-Clinical Symptom (Headache = Fever « 5tiff Ieck = Seizures = Sleepiness = Lethargy = Mansea =
Diecreased Appetite)

Patient Data Collection
-hiediczl Histary, Laboratory Besult

Fuzzy Logic System
-Linguistic Variable Definition (High, Modarate, himor, Low)

-Fuzzy Eule Specification (R0-EEB)
-Membership Function Generation

Fuzzy-Enhanced Random Forest

-Modified Random Forest Alzorithm
-Bootstrap Sampling
-Fuzzy Fule Evaluation, Linguistic Variabla Salaction, Intellizant Splitting criteria

F|quEsUS aa1) wasieag

Decision Aggregation & Classification
-Combine Traa Predictions, Final Diagnosiz Ganeration
-Rule-Baszed Cla=sification (=3 symptoms: Absent, 4 symptoms: Modest, =5 symptoms: Dizgnosed)

Figure 1 High-Level Architecture of the Meningitis diagnosis framework

By combining the interpretability of fuzzy logic with the predictive power of Random Forest, our approach offers a
robust and reliable framework for meningitis diagnosis.

4., Discussion

The integration of fuzzy classifier with Random Forest for advancing meningitis diagnosis accuracy offers several
promising outcomes:

e Improved Diagnostic Accuracy: The hybrid approach combines the strengths of fuzzy logic in handling
uncertainty and imprecision with the robustness of Random Forest in handling high-dimensional data. This
synergistic combination is anticipated to enhance diagnostic accuracy by providing more nuanced and reliable
diagnoses.

e Enhanced Interpretability: By integrating fuzzy logic with Random Forest, the diagnostic outcomes become
more interpretable. Healthcare professionals can trace and understand how symptoms contribute to the
diagnosis, fostering transparency and trust in the diagnostic process.

e Adaptability to Evolving Conditions: The integrated approach allows for the adaptation of diagnostic rules
based on new medical knowledge or emerging symptoms. This adaptability ensures that the diagnostic model
remains effective over time, aligning with evolving medical understanding and diagnostic criteria.

o Potential for Standardization: The hybrid approach offers a standardized framework for meningitis
diagnosis, addressing the variability in symptom presentation and diagnostic practices. This standardization
can lead to more consistent and reliable diagnoses across different healthcare settings.

4.1. Recommendation for Future Research on the Integration Approach

Future research should focus on validating the proposed integration approach through empirical evaluation using
clinical datasets. Performance metrics such as accuracy, sensitivity, specificity, and area under the receiver operating
characteristic curve (AUC-ROC) could be used to assess the effectiveness of the hybrid approach compared to existing
diagnostic methods. Additionally, research efforts should explore techniques for simplifying and explaining the
diagnostic rules generated by the integrated model to facilitate adoption and interpretation by healthcare professionals.

5. Conclusion

This framework that integrated fuzzy classifier with Random Forest algorithm offers a promising avenue for advancing
meningitis diagnosis accuracy, effectively capturing the uncertainty and variability in symptomatology. This integrated
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approach offers a robust and reliable framework for accurate meningitis detection. By keying into the complementary
strengths of fuzzy logic and ensemble learning, we can develop more reliable and interpretable diagnostic models,
ultimately improving patient outcomes in clinical practice.
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