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Abstract—Amoebic brain infections such as Primary Amoebic 
Meningoencephalitis (PAM) caused by Naegleria fowleri are rare 
but rapidly fatal central nervous system disorders that demand 
early and accurate diagnosis for patient survival [6]. However, 
their radiological and clinical manifestations closely resemble 
other forms of encephalitis, leading to frequent misdiagnosis 
and delayed treatment [6], [8]. Existing artificial intelligence (AI) 
approaches for neurological disease detection are largely 
unimodal, data-hungry, and lack explainability and uncertainty 
awareness, limiting their reliability in critical clinical settings [1], 
[7]. 

To address these challenges, this paper proposes an 
uncertainty-aware explainable multimodal deep learning frame- 
work that integrates radiological imaging (MRI/CT) with clinical 
metadata such as cerebrospinal fluid (CSF) parameters and 
symptom severity [1], [5]. A hybrid CNN–Vision Transformer 
architecture is employed to extract both local and global imaging 
features [3], while a BiLSTM network encodes temporal clinical 
data [5]. Multimodal feature fusion is achieved using a multi-head 
attention mechanism [5], [9]. Predictive uncertainty is quantified 
using Monte Carlo dropout [9], and model interpretability 
is enhanced through Grad-CAM for imaging explanations [2] and 
SHAP for clinical feature attribution [4]. Experimental results 
demonstrate improved diagnostic accuracy, robustness, and 
clinically meaningful explanations compared to unimodal 
baselines, highlighting the framework’s potential for trustworthy 
AI-assisted triage of brain encephalitis cases [6], [7]. 

Index Terms—Brain Encephalitis, Multimodal Deep Learning, 
Explainable AI, Uncertainty Estimation 

 
I. INTRODUCTION 

Brain encephalitis is a severe inflammatory condition of the 
central nervous system (CNS) caused by a variety of infectious 
agents, including viruses, bacteria, and parasites. Among these, 
Primary Amoebic Meningoencephalitis (PAM) caused by 
Naegleria fowleri is one of the rarest yet most lethal forms, with 
a reported mortality rate exceeding 95% [6]. The disease 
progresses rapidly, often leading to death within days of 
symptom onset, making early and accurate diagnosis critical for 
patient survival [6]. 

Despite advances in neuroimaging and clinical diagnostics, 
the early identification of amoebic encephalitis remains ex- 
tremely challenging. The radiological appearance of PAM on 
MRI or CT scans frequently overlaps with other forms of en- 
cephalitis, such as viral or bacterial encephalitis, while clinical 
symptoms including fever, headache, altered mental status, and 
neck stiffness are largely non-specific [6], [8]. As a result, 
misdiagnosis and delayed treatment are common, significantly 

reducing the chances of survival. Furthermore, the rarity of 
PAM leads to a scarcity of large, annotated datasets, limiting 
the development of robust automated diagnostic systems [1], 
[9]. 

 
In recent years, deep learning (DL) techniques have demon- 

strated remarkable success in medical image analysis, in- 
cluding brain tumor detection, stroke classification, and neu- 
rodegenerative disease diagnosis [1], [5], [8]. However, most 
existing AI-based diagnostic frameworks rely on unimodal 
imaging data and require large-scale labeled datasets, making 
them unsuitable for rare and rapidly progressing diseases such 
as PAM. Additionally, many DL models function as “black 
boxes,” offering little insight into their decision-making 
process, which poses a major barrier to clinical adoption in 
high-risk medical settings [2], [4], [7]. 

 
To overcome these limitations, multimodal learning ap- 

proaches that integrate radiological imaging with clinical and 
laboratory data have gained increasing attention [1], [5]. By 
combining complementary information from multiple sources, 
multimodal systems can improve diagnostic accuracy and 
robustness. However, most existing multimodal approaches do 
not explicitly quantify predictive uncertainty, an essential 
requirement for safety-critical applications such as emergency 
neurological triage [9]. Moreover, the lack of explainability in 
these systems reduces clinician trust and limits their practical 
usability [7], [10]. 

 
In this work, we propose an uncertainty-aware explain- able 

multimodal deep learning framework for the differen- tial 
diagnosis and triage of brain encephalitis. The proposed system 
integrates MRI/CT imaging with structured clinical parameters, 
including cerebrospinal fluid (CSF) protein and glucose levels 
and symptom severity scores [5], [6]. A hybrid CNN–Vision 
Transformer (ViT) architecture is employed to capture both 
local and global imaging features [3], while a BiLSTM network 
models temporal clinical data. A multi-head attention 
mechanism enables effective fusion of heterogeneous 
modalities [5]. Predictive uncertainty is estimated using Monte 
Carlo dropout [9], and interpretability is achieved through 
Grad-CAM visualizations for imaging data [2] and SHAP- 
based feature attribution for clinical inputs [4]. 
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II. LITERATURE SURVEY 

A. Deep Learning and Multimodal Approaches in Neurologi- 
cal Diagnosis 

Recent advances in deep learning have significantly im- 
proved automated analysis of neurological disorders using 
medical imaging. Convolutional Neural Networks (CNNs) 
have been widely applied to brain MRI and CT scans for tasks 
such as tumor classification, stroke detection, and lesion 
segmentation, achieving high diagnostic accuracy [1], [8]. 
However, these models primarily rely on unimodal imag- 
ing data and require large annotated datasets, which limits their 
applicability to rare diseases such as Primary Amoebic 
Meningoencephalitis (PAM) [6], [9]. To address these limita- 
tions, multimodal learning approaches that combine imaging 
data with clinical and laboratory parameters have been pro- 
posed [1], [5]. Studies have shown that integrating radiological 
features with clinical metadata such as cerebrospinal fluid 
(CSF) values and symptom profiles improves robustness and 
diagnostic performance, particularly in complex neurological 
conditions with overlapping manifestations [5], [10]. Despite 
these advances, most existing multimodal systems focus on 
common neurological disorders and do not explicitly address 
rare encephalitic infections. 

B.  Explainable and Uncertainty-Aware AI in Medical Imaging 
The lack of transparency in deep learning models has raised 

significant concerns regarding their adoption in clinical 
practice. Explainable AI (XAI) techniques such as Gradient- 
weighted Class Activation Mapping (Grad-CAM) and SHapley 
Additive exPlanations (SHAP) have been introduced to pro- 
vide visual and feature-level explanations for model predic- 
tions [2], [4]. These methods help clinicians understand which 
anatomical regions or clinical features influence diagnostic de- 
cisions, thereby increasing trust [7]. Additionally, uncertainty 
estimation techniques such as Monte Carlo Dropout have 
gained attention for quantifying predictive confidence in deep 
neural networks, which is critical in safety-critical medical 
applications [9]. However, only limited work has explored the 
joint integration of multimodal learning, explainability, and 
uncertainty estimation within a single framework for brain 
encephalitis diagnosis [7], [10]. This gap motivates the de- 
velopment of an uncertainty-aware explainable multimodal AI 
system tailored for rare and life-threatening brain infections. 

C. AI-Based Encephalitis and CNS Infection Diagnosis 
Recent studies have explored artificial intelligence tech- 

niques for diagnosing central nervous system (CNS) infections 
using neuroimaging data. Convolutional Neural Networks 
(CNNs) have demonstrated promising results in detecting brain 
abnormalities from MRI and CT scans; however, most 
approaches focus on common neurological conditions such as 
tumors, hemorrhage, or stroke. These models often lack 
generalization when applied to rare encephalitic infections due 
to limited training samples and high inter-class similarity in 
imaging patterns . 

D. Multimodal Learning in Medical Diagnosis 
Multimodal deep learning frameworks that integrate imag- 

ing with clinical and laboratory data have shown superior di- 
agnostic performance compared to unimodal systems. Studies 
combining MRI features with cerebrospinal fluid (CSF) anal- 
ysis, vital signs, and symptom duration report improved sensi- 
tivity and robustness in neurological disease classification. 
Nevertheless, these systems are primarily designed for high-
prevalence diseases and rarely address diagnostic uncer- tainty 
or rare infection scenarios. 

E. Explainable AI in Clinical Decision Support 
Explainable Artificial Intelligence (XAI) techniques such as 

Grad-CAM and SHAP have been increasingly adopted to 
improve transparency in deep learning models used for 
healthcare. Grad-CAM enables spatial localization of salient 
regions in medical images, while SHAP provides feature-level 
explanations for tabular clinical data. Despite their 
effectiveness, most existing works apply XAI only to unimodal 
models, limiting their interpretability in complex multimodal 
diagnostic pipelines. 

F. Uncertainty-Aware Deep Learning Models 
Uncertainty estimation has gained attention as a critical 

requirement for safety-sensitive applications like medical di- 
agnosis. Bayesian neural networks, Monte Carlo dropout, 
and ensemble learning methods have been used to quantify 
predictive uncertainty in imaging-based diagnosis. However, 
few studies incorporate uncertainty modeling into multimodal 
frameworks, and even fewer apply it to rare and fast-
progressing infections such as amoebic encephalitis, where 
early and confident triage is essential. 

G. Research Gaps Identified 
From the existing literature, it is evident that (i) most AI- 

based encephalitis diagnosis systems are unimodal, (ii) rare 
infections like amoebic encephalitis remain underexplored due 
to data scarcity, (iii) diagnostic uncertainty is rarely quantified, 
and (iv) explainability is not jointly applied across imaging and 
clinical modalities. These limitations motivate the development 
of an uncertainty- aware, explainable multimodal AI 
framework capable of sup- porting reliable and transparent 
clinical decision-making for rare brain infections. 

III. PROPOSED SYSTEM ARCHITECTURE 
A. Architecture I: Multimodal Attention-Based Diagnostic 
Framework 

The proposed architecture integrates radiological imaging 
(MRI/CT) and structured clinical data to enable accurate di- 
agnosis of brain encephalitis. Brain images are processed using 
a hybrid CNN–Vision Transformer (ViT) encoder to capture 
both local texture features and global contextual representa- 
tions [3]. Clinical parameters such as cerebrospinal fluid (CSF) 
protein, CSF glucose, and symptom severity are encoded using 
a BiLSTM network to model temporal dependencies [5]. A 
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Fig. 1. The proposed Uncertainty-Aware Explainable Multimodal Deep 
Learning Framework, showing the integration of MRI/CT features with 
clinical data. 

 
 

multi-head attention mechanism is employed to fuse het- 
erogeneous feature representations by emphasizing the most 
diagnostically relevant information from each modality [5], [9]. 
The fused features are passed to a classification head to 
generate encephalitis predictions, while Grad-CAM and SHAP 
are used to provide imaging and clinical explanations 
respectively [2], [4]. 

B. Architecture II: Uncertainty-Aware Explainable Multi- 
modal AI System 

This architecture is designed to support reliable clinical 
decision-making by explicitly modeling prediction uncertainty. 
MRI/CT images are processed through a CNN–ViT backbone 
for robust feature extraction [3], while clinical and laboratory 
features are encoded using a BiLSTM network [5]. Feature- 
level fusion is achieved using an attention-based mechanism to 
integrate multimodal representations [1], [5]. Monte Carlo 
Dropout is applied during inference to estimate predictive 
uncertainty, enabling the system to provide confidence scores 
along with diagnostic predictions [9]. To enhance interpretabil- 
ity, Grad-CAM highlights relevant anatomical regions in brain 
images [2], and SHAP identifies the contribution of individual 
clinical features [4]. This uncertainty-aware design improves 
trust and safety in emergency encephalitis triage [7], [10]. 

C. Architecture III: Explainable Multimodal AI-Driven Triage 
Framework 

The proposed triage framework accepts multimodal in- puts 
comprising brain MRI/CT scans and structured clinical 
metadata. Imaging data are processed using a hybrid CNN– 
ViT model to extract discriminative spatial and contextual 
features [3], while clinical parameters are encoded using a 
BiLSTM network [5]. A multi-head attention-based fusion 
layer integrates heterogeneous features into a unified diag- 
nostic representation [1], [9]. The system outputs multi-class 
encephalitis predictions along with confidence estimates. Ex- 
plainability is incorporated through Grad-CAM visualizations 

for imaging data and SHAP-based feature attribution for clini- 
cal inputs, enabling clinicians to validate model decisions [2], 
[4], [7]. This architecture is well suited for early triage of rare 
and life-threatening brain infections [6], [10]. 

IV. METHODOLOGY 
A. Data Collection and Preprocessing 

The proposed framework utilizes a multimodal dataset con- 
sisting of radiological brain images (MRI/CT) and structured 
clinical data. Imaging data are preprocessed through skull 
stripping, intensity normalization, and resizing to a fixed 
resolution to ensure uniformity across samples [1], [8]. Clin- 
ical parameters, including cerebrospinal fluid (CSF) protein 
levels, CSF glucose levels, and symptom severity scores, are 
normalized using min–max scaling. Missing clinical values are 
handled using statistical imputation to maintain data con- 
sistency [5], [10]. This preprocessing pipeline ensures reliable 
feature extraction and stable model training. 

B. Imaging Feature Extraction Using CNN–Vision Trans- 
former 

For radiological feature extraction, a hybrid Convolutional 
Neural Network (CNN) and Vision Transformer (ViT) archi- 
tecture is employed. The CNN component captures low-level 
spatial features such as textures and edges, while the ViT 
module models long-range global dependencies within brain 
images [3]. This combination enables robust representation 
learning, particularly in cases where imaging patterns overlap 
across different encephalitis types. The extracted imaging 
features form a high-dimensional embedding that is passed 
to the multimodal fusion module [1], [3]. 

C. Clinical Feature Encoding and Multimodal Fusion 
Structured clinical data are encoded using a Bidirectional 

Long Short-Term Memory (BiLSTM) network to capture 
temporal and sequential dependencies among clinical indica- 
tors [5]. The imaging and clinical feature embeddings are then 
fused using a multi-head attention mechanism, which 
dynamically assigns importance weights to each modality 
based on their diagnostic relevance [1], [9]. This attention- 
based fusion allows the model to focus on the most informative 
features across modalities, improving diagnostic accuracy for 
complex and rare encephalitic conditions [5], [10]. 

D. Uncertainty Estimation and Explainability 
To enhance reliability in clinical decision-making, predictive 

uncertainty is quantified using Monte Carlo Dropout during 
inference [9]. This approach enables the model to generate 
confidence estimates alongside class predictions. Explainabil- 
ity is incorporated at both modality levels: Grad-CAM is 
applied to visualize salient regions in brain images that in- 
fluence predictions [2], while SHapley Additive exPlanations 
(SHAP) are used to quantify the contribution of individual 
clinical features [4]. This dual explainability framework im- 
proves transparency and supports clinician trust in AI-assisted 
encephalitis diagnosis [7], [10]. 
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V. RESULTS AND DISCUSSION 
A. Experimental Setup and Evaluation Metrics 

The proposed uncertainty-aware multimodal framework was 
evaluated using a curated dataset consisting of brain MRI/CT 
images and corresponding clinical parameters. Model per- 
formance was assessed using standard classification metrics, 
including accuracy, precision, recall, F1-score, and area under 
the ROC curve (AUC), which are widely used in medical image 
analysis studies [1], [8]. These metrics provide a 
comprehensive evaluation of diagnostic reliability, particularly 
for imbalanced and rare disease datasets [6], [9]. 

B. Performance Comparison with Unimodal Baselines 
To validate the effectiveness of multimodal learning, the 

proposed system was compared against unimodal baselines 
using imaging-only and clinical-only inputs. Experimental re- 
sults demonstrate that the multimodal framework consistently 
outperforms unimodal models across all evaluation metrics. 
The integration of clinical data with radiological imaging 
significantly improves diagnostic accuracy and robustness, 
confirming findings from prior multimodal studies [1], [5], 
[10]. This improvement is especially evident in cases with 
ambiguous imaging patterns, where clinical context provides 
critical complementary information. 

C. Impact of Attention-Based Fusion 
The use of a multi-head attention mechanism for feature 

fusion enables the model to dynamically prioritize relevant 
imaging and clinical features. Compared to simple feature 
concatenation, attention-based fusion results in higher classifi- 
cation accuracy and improved generalization performance [5], 
[9]. This demonstrates that attention mechanisms effectively 
capture inter-modal relationships and enhance the model’s 
ability to handle heterogeneous medical data, as also reported 
in related multimodal diagnostic systems [1], [10]. 

D. Uncertainty Estimation Analysis 
Predictive uncertainty was quantified using Monte Carlo 

Dropout during inference, allowing the system to provide con- 
fidence estimates alongside diagnostic predictions [9]. Results 
show that samples with high uncertainty often correspond 
to ambiguous or borderline cases, which aligns with clinical 
expectations. This uncertainty awareness is crucial for safety- 
critical applications such as encephalitis diagnosis, where un- 
certain predictions can be flagged for further expert review [7], 
[10]. The incorporation of uncertainty estimation enhances the 
reliability and clinical usability of the proposed framework. 

E. Explainability and Clinical Interpretation 
Explainability results generated using Grad-CAM and SHAP 

provide meaningful insights into the model’s decision- making 
process. Grad-CAM visualizations highlight anatom- ically 
relevant regions in brain images associated with en- cephalitic 
abnormalities, while SHAP analysis identifies key clinical 
features such as CSF protein and glucose levels influencing 
predictions [2], [4]. These explanations align well 

with established medical knowledge and improve clinician trust 
in AI-assisted diagnosis, addressing a major limitation of 
traditional black-box deep learning models [7], [10]. 

VI. CONCLUSION AND FUTURE WORK 
This paper presented an uncertainty-aware, explainable mul- 

timodal AI framework for the early diagnosis and triaging of 
rare brain encephalitis, with a focus on amoebic infections such 
as Naegleria fowleri. By integrating radiological imaging data 
(MRI/CT) with structured clinical metadata including 
cerebrospinal fluid (CSF) parameters and symptom severity, 
the proposed system addresses the limitations of unimodal and 
data-hungry diagnostic approaches [1], [3], [6]. The hybrid 
CNN–Vision Transformer encoder effectively captured both 
local and global imaging features, while the BiLSTM-based 
clinical encoder modeled temporal dependencies in patient data 
[5], [7], [9]. 

The experimental results demonstrated that the multimodal 
fusion strategy consistently outperformed unimodal baselines 
in terms of diagnostic accuracy, robustness, and reliability, 
especially under limited data conditions [2], [4], [8]. Further- 
more, the incorporation of explainable AI techniques—Grad- 
CAM for imaging interpretation and SHAP for clinical feature 
attribution—enhanced transparency and clinical trust by pro- 
viding meaningful insights aligned with medical reasoning [2], 
[4], [10]. These results highlight the potential of the proposed 
framework as a clinically assistive tool for supporting early in- 
tervention in rare and life-threatening encephalitic conditions. 

      

     

 
Fig. 2. The proposed Uncertainty-Aware Explainable Multimodal Deep 
Learning Framework, showing the integration of MRI/CT features with 
clinical data. 

 
Despite its promising performance, this study has certain 

limitations. The evaluation was conducted on relatively small 
and partially curated datasets, which may limit generalizability 
across diverse populations and imaging protocols [6], [9]. 
Future work will focus on validating the framework on larger, 
multi-center datasets and extending it to additional forms of 
infectious and autoimmune encephalitis. Incorporating un- 
certainty quantification techniques, such as Bayesian deep 
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learning, can further improve model reliability in high-risk 
clinical scenarios [8], [10]. Additionally, deploying the system 
in real-time clinical environments and integrating clinician 
feedback will be critical steps toward translating this research 
into practical healthcare applications. 
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