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Abstract: Meningitis is a serious disease with high morbidity and mortality rates, making rapid and accurate diagnosis is significant
for effectual treatment. Traditional diagnostic approaches can be both time-consuming and intrusive. This paper surveys the
application of Artificial Intelligence techniques for meningitis diagnosis using both clinical data and biosensor data. We explore
various Al algorithms, including machine learning and deep learning, and their effectiveness in classifying and predicting
meningitis. The survey also examines the challenges and opportunities associated with using Al for meningitis diagnosis, such as
data availability, model interpretability, and integration with clinical workflows. Finally, we discuss future research directions in
this field, including the potential of Al-powered point-of-care diagnostic tools for improved patient outcomes.
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Introduction

Meningitis is a medical syndrome that results from inflammation of membranes that protect the brain and spinal cord. It is a
serious condition that may lead to death. Meningitis can be triggered by a variety of pathogens such as bacteria, viruses, fungi,
and parasites. Among these, bacterial meningitis is the most serious one, often requiring immediate medical attention to avert
complications that can range from brain injury, deafness, or even death [1]. Even with the progress of medical diagnostics,
conventional means of detecting meningitis still take a long time and are at times inaccurate, thus causing delays in treatment
that can be detrimental to the patient's condition. Currently available diagnostic methods are lumbar puncture for cerebrospinal
fluid (CSF) collection, polymerase chain reaction (PCR) analysis, blood cultures, and imaging modalities including MRI and CT.
Although these techniques provide useful diagnostic information, they often consume a lot of time and effort, especially in low-
resource countries where cases need to be diagnosed promptly and accurately [2].

The last few years have witnessed advanced developments in the incorporation of artificial intelligence (Al) into health
diagnostics, especially regarding detecting meningitis. These systems utilize standard clinical datasets, biosensor systems, and
high-resolution imaging systems to provide more accurate and efficient diagnoses Al-based algorithms, including supervised
learning algorithms like support vector machines and deep neural networks, are increasingly applied to differentiate between
the various types of meningitis and make a diagnosis using patient history and laboratory examinations [3]. In addition, there is
ongoing development of Al-enabled biosensors that aim to improve pathogen detection by quickly analyzing specific biomarkers
in CSF and blood sample. Such biosensors apply Al mechanisms to molecular and biochemical signals that mark inflammation so
that the agents of meningitis can be identified with optimal speed and accuracy [4].

Yet another promising application of Al in meningitis diagnosis is the analysis of medical images. Deep learning algorithms have
been developed to interpret MRI and CT scans by identifying meningeal enhancement, cerebral edema, and other features of
meningitis with great precision. These Al imaging techniques have the potential to supplant routine radiological evaluations,
making the process of detecting disease features more automated and objective [5]. Moreover, the Al predictive analytics can
evaluate clinical risk factors and history of the patient’s illness for timely diagnosis and tailored treatment suggestions.

Although strides have been made, the adoption of Al based diagnostic tools for meningitis remains complicated by a multitude
of barriers. One of the primary obstacles is the accessibility and nature of medical datasets. A large proportion of models struggle
to reach a high degree of accuracy due to a lack of diverse training data, which can hinder regions with limited access to well-
annotated datasets for model development and validation. On top of that, the primary concern of many practitioners is to what
extent the Al model is interpretable, as many deep learning algorithms are essentially “black boxes” and do not allow clinicians
to see how Al derived diagnosis was reached. Another challenge lies in the incorporation of Al based diagnostic tools into the
pre-existing clinical workflows because this would require Al developers, healthcare professionals, and government authorities
to cooperate toward effective integration and compliance.

To effectively utilize Al for meningitis detection, future work should focus on improving model explainability, increasing dataset
heterogeneity, and creating effective diagnostic solutions powered by Al. The combination of Al with point-of-care devices and
mobile health applications would enhance diagnosis in remote areas that lack resources and require subsequent action on the Al
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diagnosis. The cooperation of the healthcare sector and the Al industry will be crucial in meeting these needs and perfecting the
real-life applicability of Al-assisted diagnostics. Besides, with the increasing sophistication of Al, Al-powered biomedical
technologies are bound to improve meningitis detection by making diagnosis faster, easier, and more accurate, thereby saving
lives in the process.

Related work

1. Machine Learning Approaches in Meningitis Detection
The use of machine learning technology in the detection of meningitis is of great importance due to how much medical data it
can process and how precise it can be in diagnosis. Different models of ML, like supervised or unsupervised learning models, have
been used to try to classify bacterial, viral, fungal and parasitic meningitis, as well as projection of the disease and early
intervention assistance. Some of these methods include Support Vector Machines (SVM), Decision Trees (DT), Random Forest
(RF), and k-Nearest Neighbors (k-NN) which have been applied extensively in classification, predictive modeling, and pattern
recognition.

1.1.1.  Support Vector Machines (SVM) for Classification
Due to the ability to manage complex datasets and carry out binary as well as multiclass classification, SVM are often used in
medical diagnostics. SYM models have been trained on clinical datasets analyzing cerebrospinal fluid (CSF) for symptoms and
laboratory biomarkers for accurate differentiation between bacterial and viral meningitis.
An SVM algorithm defines a hyperplane to distinguish between different categories and classes in an N-dimensional space.
Regarding the classification of meningitis, the SYM model can easily be trained on the white blood cell count, glucose level, and
protein concentration in the CSF of patients. The patient’s data is then classified into one of the two groups, bacterial or viral,
based on the test results. SVM techniques combined with kernel functions such as RBF or polynomial are known to solve
classification problems more accurately than older statistical techniques [6].
One of the advantages of SVM is its ability to handle small datasets effectively, making it useful in medical scenarios where data
collection may be limited. However, a major limitation of SVM is its computational cost, especially when dealing with large
datasets, and the challenge of selecting the right kernel function for optimal performance. To address these issues, hybrid SVM
models that integrate feature selection techniques have been proposed to enhance efficiency in meningitis diagnosis.

1.1.2. Random Forest (RF) and Decision Trees (DT) for Predictive Modeling
Random Forest (RF) and Decision Trees (DT) are powerful ML algorithms used for predictive modeling in medical diagnostics.
These methods have been extensively applied in meningitis diagnosis and prognosis prediction due to their ability to handle
complex interactions between multiple clinical variables.
A Decision Tree (DT) is a hierarchical model that classifies data based on a series of decision rules. For meningitis detection, DT
models analyze clinical parameters such as patient age, fever, headache severity, and laboratory test results to determine the
likelihood of meningitis. The decision tree structure makes it easy to interpret, allowing clinicians to understand the reasoning
behind a given diagnosis. However, DT models are prone to overfitting, especially when dealing with noisy medical data.
To mitigate overfitting, Random Forest (RF), an ensemble learning technique, is often employed. RF constructs multiple decision
trees and aggregates their outputs to improve prediction accuracy and generalization. This technique is particularly effective in
predicting disease severity and outcomes in meningitis patients [7]. Studies have shown that RF models trained on large
meningitis datasets outperform traditional statistical models in predicting patient prognosis, including the likelihood of
complications such as seizures, hydrocephalus, or neurological deficits.
Moreover, RF models can rank the importance of clinical features, helping clinicians identify key biomarkers associated with
different forms of meningitis. For example, an RF model trained on electronic health records (EHRs) has successfully highlighted
CSF glucose levels and neutrophil counts as strong predictors of bacterial meningitis, supporting clinical decision-making. Despite
their advantages, RF models require a substantial quantity of labelled data for training, which might be a challenge in rare disease
cases or resource-limited settings.

1.1.3. k-Nearest Neighbors (k-NN) for Pattern Recognition
k-Nearest Neighbors (k-NN) is a simple, yet effective machine learning algorithm used for pattern recognition in meningitis
diagnosis. k-NN is a non-parametric, instance-based learning technique that classifies a new data point based on the majority
class among its "k" closest neighbors in a feature space.
In the context of meningitis detection, k-NN has been used to analyze patient symptom patterns, laboratory test results, and
imaging data to classify meningitis cases into bacterial, viral, or other categories. One of the key advantages of k-NN is its flexibility
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and ability to adapt to new data without requiring extensive model retraining. This makes it particularly useful in dynamic medical
environments where new diagnostic parameters may emerge over time.
However, k-NN has several limitations. Its performance is strongly influenced by the parameter "k" and the distance metric used
for classification. Additionally, k-NN models can be computationally expensive when dealing with large datasets, as every new
prediction requires scanning the entire training dataset. To address these challenges, optimized k-NN approaches incorporating
dimensionality reduction techniques, such as Principal Component Analysis (PCA), have been proposed to improve efficiency and
accuracy in meningitis classification [8].

2. Deep Learning Techniques in Meningitis Diagnosis
Deep learning has emerged as a powerful tool for meningitis detection and diagnosis, offering highly accurate and automated
analysis of complex medical data. Unlike traditional machine learning techniques, deep learning models can analyze vast volumes
of unstructured data, including medical images, patient records, and sequential data, to identify patterns and correlations that
may be challenging for human interpretation. In recent years, several deep learning approaches have been applied to meningitis
diagnosis, including Convolutional Neural Networks (CNN) for image-based diagnostics, Recurrent Neural Networks (RNN) and
Long Short-Term Memory Networks (LSTMs) for sequential data analysis, and hybrid Al models that integrate multiple
methodologies for enhanced predictive capabilities.

2.1. Convolutional Neural Networks (CNN) for Image-Based Diagnosis
Convolutional Neural Networks (CNN) have revolutionized medical imaging by providing highly accurate diagnostic capabilities in
various fields, including neurology and infectious diseases. In meningitis diagnosis, CNN models have been applied to analyze MRI
and CT scans, identifying key indicators such as meningeal enhancement, brain swelling, and hydrocephalus [9].
CNNs function by automatically extracting spatial features from medical images through a series of convolutional layers. These
layers detect edges, textures, and complex structures, allowing the model to differentiate between normal and abnormal brain
scans. In a study by Williams et al. (2021), a CNN-based model trained on a dataset of MRI scans achieved an accuracy of over
92% in detecting bacterial and viral meningitis. The model outperformed traditional radiological assessments by providing rapid
and consistent results, reducing the reliance on manual interpretation.
One of the key advantages of CNNs is their ability to learn hierarchical representations, meaning they can detect both low-level
features (such as contrast variations) and high-level pathological markers. Additionally, CNNs can be integrated into automated
diagnostic systems, enabling real-time image analysis in clinical settings. However, challenges such as the need for large,
annotated datasets, computational complexity, and potential overfitting remain significant hurdles in their implementation.
To address these challenges, researchers have explored the use of transfer learning, where pre-trained CNN models are fine-
tuned on meningitis-specific datasets. This approach reduces training time and enhances model performance, particularly in
scenarios where labeled medical images are limited.

2.2. Recurrent Neural Networks (RNN) and LSTMs for Sequential Data Analysis
Recurrent Neural Networks (RNNs) and their advanced variant, Long Short-Term Memory Networks (LSTMs), are particularly well-
suited for analyzing sequential medical data, such as patient records, symptom progression, and time-series biomarker
measurements. In the context of meningitis diagnosis, these models have been employed to track disease progression and predict
patient outcomes based on historical clinical data [10].
Unlike traditional neural networks, RNNs have the ability to retain contextual information from previous time steps, making them
highly effective for processing longitudinal medical data. However, standard RNNs suffer from the vanishing gradient problem,
which limits their ability to retain long-term dependencies. To overcome this, LSTMs incorporate specialized memory cells that
selectively store and retrieve information over extended time periods.
A study demonstrated the effectiveness of LSTMs in predicting meningitis prognosis based on a dataset of 10,000 patient records.
The model analyzed sequential clinical parameters such as fever duration, white blood cell count, and CSF analysis results to
predict the likelihood of severe complications. Compared to traditional statistical models, the LSTM-based approach achieved a
higher predictive accuracy and provided valuable insights into disease progression.
The integration of RNNs and LSTMs into electronic health record (EHR) systems has further enhanced their utility, allowing for
real-time patient monitoring and early warning systems. Despite their advantages, RNNs and LSTMs require extensive
computational resources and large, well-structured datasets for training. Efforts are being made to refine these models through
attention mechanisms and bidirectional architectures, improving their ability to capture complex relationships in medical data.

2.3. Hybrid Al Models Integrating Multiple Methodologies
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Hybrid Al models combine multiple machine learning and deep learning techniques to enhance diagnostic accuracy and
robustness. These models integrate CNNs, RNNs, and other methodologies to leverage the strengths of each approach while
mitigating their individual limitations [11].
For example, a hybrid model may use CNN to analyze MRI scans and detect structural abnormalities, while an LSTM network
simultaneously processes patient history and laboratory results to provide a comprehensive diagnosis. Such an approach enables
a more holistic assessment of meningitis cases, reducing the risk of misclassification and improving treatment planning.
A study introduced a hybrid Al model that combined CNNs for image analysis, RF for clinical parameter classification, and LSTMs
for time-series prediction. The model demonstrated superior performance in differentiating bacterial and viral meningitis,
achieving an accuracy of 95% when tested on a multi-hospital dataset. Additionally, the hybrid approach allowed explainable Al
outputs, providing clinicians with interpretable diagnostic insights.
Hybrid Al models also play a crucial role in the development of automated decision support systems, where different Al
components work together to assist healthcare professionals in diagnosing and managing meningitis cases. However, challenges
such as increased model complexity, data integration issues, and computational demands must be addressed to facilitate their
clinical implementation.

3. Explainability and Model Interpretability in Al-Driven Meningitis Diagnosis
The increasing use of artificial intelligence (Al) in medical diagnostics, including meningitis detection, has raised concerns about
the interpretability and trustworthiness of Al models. While deep learning and machine learning models offer high accuracy, their
"black-box" nature makes it difficult for clinicians to understand how decisions are made. To ensure transparency and facilitate
clinical adoption, explainability techniques such as SHAP (Shapley Additive Explanations) and LIME (Local Interpretable Model-
Agnostic Explanations) have been introduced. These methods provide insights into Al decision-making, enhancing trust and
reliability in Al-driven diagnostics.
SHAP (Shapley Additive Explanations) and LIME (Local Interpretable Model-Agnostic Explanations) in Medical Al [12]. A study
demonstrated that applying SHAP to an Al model predicting bacterial vs. viral meningitis helped clinicians validate the importance
of key biomarkers, reinforcing the model’s reliability. LIME (Local Interpretable Model-Agnostic Explanations) LIME focuses on
providing interpretability at a local level by approximating the predictions of complex Al models using simpler, interpretable
models such as linear regression. It generates perturbations in the input data and observes how the model’s predictions change
to determine feature importance.
In meningitis detection, LIME has been used to explain individual Al-generated diagnoses by highlighting which patient features
contributed most to a particular prediction. For instance, if an Al model classifies a case as bacterial meningitis, LIME can identify
whether high CSF white blood cell count, or fever duration played a crucial role in the decision. By incorporating SHAP and LIME,
Al-driven diagnostic systems for meningitis can become more transparent and trustworthy, allowing clinicians to verify and
interpret predictions with greater confidence.

3.1. Trust and Reliability in Al-Driven Diagnostics
The adoption of Al in medical decision-making depends heavily on trust and reliability. Without explainability, clinicians and
patients may hesitate to rely on Al models, particularly in high-stakes scenarios like meningitis diagnosis, where rapid and
accurate decisions are critical [13]. This study found that when clinicians received Al-generated meningitis diagnoses alongside
SHAP-based explanations, diagnostic accuracy improved by 12%, and clinician trust in Al recommendations significantly
increased. This highlights the importance of combining Al with explainability techniques to enhance confidence in automated
medical decision-making.

4. Clinical and Biosensor Data Utilization in Al-Driven Meningitis Diagnosis
The integration of clinical and biosensor data has significantly enhanced the accuracy and efficiency of Al-driven meningitis
diagnosis. By leveraging a combination of patient demographics, laboratory findings, medical imaging, and real-time biosensor
outputs, Al models can provide more comprehensive and precise diagnostic assessments. This section explores how clinical data,
biosensor technology, and data fusion methods contribute to Al-based meningitis detection and monitoring.

4.1. Clinical Data Utilization
Clinical data serves as the foundation for Al-based meningitis diagnosis. Various patient parameters, including demographics,
symptoms, cerebrospinal fluid (CSF) analysis, and medical imaging, are critical for identifying the presence and type of meningitis
[14]. This study demonstrated that Al models incorporating structured clinical data and imaging achieved a diagnostic accuracy
of 94%, significantly improving early detection and reducing misdiagnosis [15].

A. Patient Demographics & Symptoms

. Age, gender, and medical history significantly impact meningitis risk and progression.
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. Common symptoms such as fever, headache, neck stiffness, and altered mental status are key indicators used in
Al diagnostic models.
B. Cerebrospinal Fluid (CSF) Analysis

. CSF glucose, protein levels, white blood cell count, and lactate concentration are crucial biomarkers for
distinguishing bacterial, viral, and fungal meningitis.

. Al models use these laboratory results to make probabilistic diagnoses based on learned patterns.

C. Medical Imaging (MRI/CT scans)

. MRI and CT scans help identify meningeal inflammation, hydrocephalus, and brain abscesses.

. Convolutional Neural Networks (CNNs) process imaging data to detect abnormalities with high accuracy.

4.2. Biosensor Technology for Real-Time Monitoring
Biosensor technology provides continuous and non-invasive monitoring of meningitis-related biomarkers, enabling real-time
disease detection and progression tracking [16]. This study highlighted the potential of biosensors in remote and resource-limited
settings, where traditional laboratory diagnostics are not readily available. Key biosensor innovations include:

A. Wearable Sensors

. Devices that measure body temperature, heart rate variability, and other physiological indicators of infection.
. Al algorithms analyze sensor data streams to identify abnormal patterns indicative of meningitis onset.

B. Electrochemical Biosensors

. Detect meningitis-specific biomarkers (e.g., procalcitonin, cytokines) in blood or saliva samples.

. Provide rapid diagnostic results, reducing reliance on time-consuming laboratory tests.

C. Microfluidic Platforms

. Lab-on-a-chip devices for analyzing CSF and blood samples at the point of care.

. Al-enhanced microfluidic systems improve detection sensitivity and specificity.

4.3. Data Fusion Methods for Enhanced Al Accuracy
The integration of heterogeneous data sources—clinical, imaging, and biosensor data—improves Al model accuracy and
robustness [17]. Data fusion techniques enable Al systems to derive insights from multiple modalities, leading to more reliable
diagnoses. The study demonstrated that multimodal Al models using data fusion techniques achieved up to 97% accuracy,
outperforming single-modality models [18].

A. Early Fusion

. Combines raw data from different sources at the input stage.

. Useful for Al models processing structured clinical and biosensor data simultaneously.

B. Feature-Level Fusion

. Extracts features from different modalities before combining them for Al model training.

. Enhance interpretability by highlighting the most influential diagnostic factors.

C. Decision-Level Fusion

. Aggregates predictions from multiple Al models (e.g., CNN for imaging, LSTM for time-series data).
. Increases confidence in final diagnostic decisions.

5. Al Model Architecture for Meningitis Diagnosis
The Al model for meningitis diagnosis integrates clinical and biosensor data, applying machine learning and deep learning
techniques for accurate and rapid detection. Below is an overview of the model architecture as represented in Figure 1. By
combining clinical data, biosensor technology, and Al-driven models, the system provides faster, more reliable, and interpretable
diagnostics for meningitis, ultimately improving patient outcomes and early detection efficiency.

; Data
Data Collection Y preprocessing | Al M?del Model
Clinical [ Biosensor & Feature Selec't|?n & Explainability
Data Data Engineering Training *
Al Model
Deployment&  [€™] Data Fusion
Monitoring

SGS Engineering & Sciences, VOL. 1 NO .1 (2025): LGPR
https://spast.org/index.php/techrep/index



https://spast.org/index.php/techrep/index

Figure 1:Al Model Architecture
6. Comparison of Al Models in Meningitis Diagnosis
The effectiveness of Al-driven diagnostic models for meningitis is assessed using various performance metrics and comparative
analyses between machine learning (ML) and deep learning (DL) approaches. This section evaluates these models based on
accuracy, sensitivity, specificity, and AUC-ROC scores while incorporating insights from case studies [19].
Performance Metrics for Al Models
To evaluate Al models, key performance metrics include:

. Accuracy: Measures the overall correctness of the model's predictions.

. Sensitivity (Recall): The ability of the model to correctly identify positive meningitis cases.

o Specificity: The ability to correctly identify non-meningitis cases.

. AUC-ROC Score: Assesses the model’s discriminatory power by measuring the area under the receiver operating

characteristic curve.
The study found that deep learning models, particularly CNNs and hybrid architectures, achieved AUC-ROC scores above 0.95,
outperforming traditional machine learning approaches.

6.1. Comparative Analysis of ML and DL-Based Models
A comparative study highlighted the differences between ML and DL approaches in meningitis diagnosis [20]. Also emphasized
that deep learning methods, especially CNNs and hybrid models, outperformed traditional ML methods due to their superior
feature extraction capabilities in imaging data.

Table 1. Comparative Analysis of ML and DL-Based Models

Al Model Advantages Challenges

SVM & Random Forest Good for structured clinical data Limited feature extraction for imaging
k-NN & Decision Trees Simple, interpretable models Struggles with large datasets

CNN (Deep Learning) Effective for MRI/CT image analysis Requires large, labeled datasets

LSTM & RNN Analyzes sequential data (e.g., biosensors) Computationally expensive

Challenges and Future Directions in Al-Driven Meningitis Diagnosis

Al-driven approaches in meningitis diagnosis hold significant promise but face several challenges that hinder their widespread
adoption. One major issue is data scarcity and imbalance in medical datasets, as meningitis cases are relatively rare compared to
other neurological disorders. This leads to biased Al models that may struggle to accurately identify rare conditions [21].
Techniques like data augmentation, synthetic data generation, and transfer learning can help address these limitations. Ethical
concerns also play a critical role, as Al models can inherit biases from training data, potentially leading to disparities in diagnosis
across different patient demographics. Issues related to data privacy, patient consent, and the risk of Al-driven misdiagnoses
further complicate the integration of Al into healthcare. Regulatory frameworks and explainable Al (XAl) methods, such as SHAP
and LIME, are essential to enhance transparency and accountability [22]. Real-time implementation of Al in clinical settings poses
another challenge, as models must integrate seamlessly with electronic health records (EHRs) and existing diagnostic workflows.
Computational efficiency and model interpretability remain key concerns, and extensive clinical trials are necessary before Al
tools can be widely adopted [23].

Looking ahead, future directions in Al for meningitis diagnosis include federated learning, which enables collaborative Al
development across institutions without sharing sensitive patient data, thus improving privacy and generalizability [24].
Personalized diagnostics, driven by Al, will allow for tailored therapeutic approaches according to an individual genetic,
demographic, and clinical profiles, while the integration of genomics and biomarker data could enhance risk prediction and
treatment planning. Additionally, combining Al with IoT and wearable technologies can facilitate real-time monitoring of
meningitis-related biomarkers, offering early warnings and improved patient outcomes, particularly in low-resource settings.
Lastly, advancements in explainable Al will improve model transparency, foster trust among clinicians and enhancing human-Al
collaboration in medical decision-making.

Conclusions
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Al-based techniques have demonstrated significant potential in advancing early meningitis diagnosis by leveraging clinical data,
medical imaging, and biosensor technology. Machine learning and deep learning models, particularly hybrid Al frameworks, have
enhanced diagnostic accuracy, enabling faster and more reliable identification of meningitis cases. The integration of real-time
biosensors and multimodal Al-driven systems has further improved early detection and patient monitoring, especially in resource-
limited settings. Despite these advancements, several challenges remain, including model generalizability, data scarcity, and
ethical concerns related to Al bias and transparency. The real-world deployment of Al-based diagnostic tools requires overcoming
technical barriers, ensuring seamless integration with clinical workflows, and adhering to strict regulatory guidelines. Future
research should focus on developing robust Al models that integrate diverse data sources while maintaining interpretability and
trustworthiness. Advancements in federated learning, personalized diagnostics, and explainable Al will be crucial in enhancing
the reliability and adoption of Al-driven solutions in clinical practice. With continued innovation and collaboration between
medical professionals and Al researchers, Al has the potential to transform meningitis diagnosis, ultimately leading to improved
patient outcomes and reduced diagnostic delays.
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