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 A B S T R A C T

Background: Malaria remains a major global public health challenge, transmitted through the bites of infected 
female mosquitoes. Despite progress in prevention and treatment, the disease continues to cause significant 
morbidity and mortality, especially among children and pregnant women. Conventional diagnostic methods 
relying on microscopic examination are time-consuming, dependent on skilled personnel, and prone to human 
error. Existing deep learning models for malaria detection often show limited performance and overfitting.
Methods: A hybrid deep learning model was developed by combining EfficientNetB0 with a custom convo-
lutional neural network (CNN) enhanced by attention mechanisms to classify malaria-infected and uninfected 
red blood cell images. EfficientNetB0 provided pre-trained global feature extraction, while the custom CNN 
captured domain-specific features. The model was trained and evaluated using a publicly available malaria 
dataset.
Findings: The proposed hybrid model achieved a classification accuracy of 96.53%, precision of 94.80%, 
recall of 98.22%, F1-score of 95.95%, and an AUC of 99.12%. Attention maps offered interpretability by 
highlighting biologically relevant regions within cell images. Comparative experiments showed that the hybrid 
model outperformed standalone EfficientNetB0 and CNN architectures.
Interpretation: Integrating global and domain-specific feature representations significantly improves malaria 
image classification performance. The proposed hybrid model demonstrates strong potential for use in 
automated malaria diagnosis systems, supporting early detection and timely treatment.
. Introduction

Malaria is a life-threatening disease caused by plasmodium parasites 
nd transmitted to humans by certain infected mosquitoes, primarily 
revalent in tropical regions. It is both preventable and treatable.1
he latest World Malaria Report, according to the World Health Or-
anisation (WHO), highlights an increase in malaria cases, rising to 
63 million in 2023 from 252 million in 2022 across 83 countries. 
eanwhile, malaria-related deaths slightly declined to 597,000 in 2023 
rom 600,000 in 2022. Vulnerable groups, such as pregnant women 
nd children under five, face a higher risk of malaria, underscoring 
he need for prompt and precise diagnosis. A timely and accurate 
iagnosis is crucial to prevent complications and reduce transmission. 
alaria screening involves analysing blood slides under a microscope 
o identify infected red blood cells, a process that can be time-intensive 
nd laborious.2 In addition, these traditional diagnostic methods, such 
s microscopy and Rapid Diagnostic Tests (RDTs), often face limita-
ions like dependence on skilled personnel, susceptibility to human 
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error, and variable sensitivity, particularly in cases of low parasite-
density infections.3,4 Malaria-infected blood smears are often dense 
and complex, with overlapping cells.5 As the infection advances, cell 
textures evolve, complicating the distinction between healthy and in-
fected samples. This complexity can reduce the accuracy and efficiency 
of pathologists’ visual analysis of blood smears.6 Rapid Diagnostic 
Tests (RDTs) have emerged as alternatives, offering faster results and 
easier field deployment. However, RDTs also exhibit limitations, includ-
ing reduced sensitivity in low-transmission settings and potential for 
false-negative results, particularly with certain Plasmodium species.7

These challenges highlight the urgent need for innovative diag-
nostic methods that ensure accuracy, speed, and accessibility, partic-
ularly in resource-limited settings.8 Artificial Intelligence (AI) have 
demonstrated remarkable potential in addressing challenges in the 
healthcare industry.9 Early machine learning approaches in malaria 
detection relied on traditional methods such as rule-based systems 
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and conventional statistical techniques, which proved insufficient for 
handling the complexity and variability inherent in microscopic im-
age quality.10,11 Support Vector Machines (SVMs) and random forests 
brought improvements in classifying malaria-infected cells but strug-
gled with high-dimensional data and complex patterns typical of medi-
cal images.12 These traditional ML approaches faced significant limita-
tions in generalisation across diverse populations and varying imaging 
conditions13

The emergence of deep learning revolutionised medical imaging by 
providing end-to-end learning capabilities from extensive datasets.14
Deep neural networks, particularly CNNs, significantly enhanced
malaria detection accuracy through automatic feature extraction and 
adaptation to new data.15 However, deep learning techniques
present their own challenges, including requirements for large amounts 
of labelled training data and criticism regarding the lack of
interpretability.16,17

Due to this advancement, several researchers have used deep learn-
ing approaches to diagnose malaria. Shah et al.18 proposed a custom 
CNN for the classification of healthy and infected blood samples. The 
architecture comprises three convolutional layers followed by fully 
connected layers. The network employs a cascade of convolutional 
layers with multiple filters per layer. The model achieved 95% accu-
racy. Using the transfer learning approach, Vijayalakshmi and Rajesh 
Kanna19 utilised VGG for feature extraction and SVM to diagnose 
malaria infection in a malaria digital corpus. The model has an accu-
racy of 93.3%. Similarly, Gill et al.20 used VGG19 and achieved over 
90% accuracy. On the other hand, Prasher et al.1 evaluated custom 
CNN and three different pretrained models, including InceptionNet, 
ResNet, and VGG19. InceptionNet performed best with an accuracy of 
94.5%.

Kumar et al.21 explored the effectiveness of deep CNNs in malaria 
detection, highlighting the models’ ability to learn intricate charac-
teristics from image data that traditional methods often overlook. 
Oktovianus et al.22 conducted comprehensive benchmarking of CNN 
models specifically for malaria cell detection, providing crucial in-
sights into model selection and performance optimisation. Their results 
confirmed the superiority of deeper architectures, such as ResNet, in 
capturing complex visual patterns compared to simpler models. Ad-
ditionally, Kafaf et al.23 analysed the predictive capabilities of CNNs 
for malaria disease detection, further contributing to the evidence 
supporting deep learning methodologies in epidemiological contexts.

Attention mechanisms have emerged as fundamental components 
in deep learning, particularly for image-based tasks, offering signifi-
cant advantages in medical imaging and pattern recognition.24 These 
mechanisms enable models to prioritise specific features or regions 
within images, enhancing their ability to discern relevant information 
from complex datasets. The integration of attention mechanisms allows 
for more refined analysis results, essential for accurate evaluations in 
clinical contexts.25

Recent studies have demonstrated the transformative effects of at-
tention mechanisms in medical image analysis. Papanastasiou et al.26
examined the essential role of attention in medical image analysis, 
suggesting that while attention mechanisms are powerful, their effec-
tiveness varies according to context and specific tasks. Lin et al.27
discussed incorporating multiple attention mechanisms in convolu-
tional neural networks to enhance MRI classification, further affirming 
the versatility of this approach.

Hybrid deep learning architectures have gained prominence by com-
bining different types of neural networks to leverage their respective 
strengths, improving feature extraction and modelling capabilities.28
These architectures effectively process various data modalities, such 
as integrating medical data and radiographic images to develop ro-
bust disease classification frameworks.29,30 In respiratory disease con-
texts, hybrid models have offered innovative solutions, with CNN-GRU 
combinations showing particular promise for disease detection and 
classification.31
42 
Despite significant advancements in malaria diagnosis using deep 
learning, current models face several persistent limitations. Some stud-
ies are prone to overfitting and rely exclusively on either a pre-trained 
model (transfer learning) or a custom CNN, but rarely combine both. 
Most approaches lack interpretability, making it difficult for clini-
cians to trust or validate model decision-making processes. Addition-
ally, many models do not effectively leverage spatial and contextual 
relationships in cell images, limiting diagnostic accuracy

This study proposed a hybrid framework that balances the broad 
generalisation capabilities of a pre-trained model with the domain-
specific feature learning of a custom CNN. Moreover, an attention 
mechanism is integrated into the hybrid architecture to enhance the 
model’s ability to focus on malaria-infected regions, thereby capturing 
both global and malaria-specific features. The outcomes of this research 
will contribute to the development of practical, AI-driven diagnostic 
tools that can support early malaria detection and reduce the burden 
on healthcare systems in endemic regions. Its design aims to deliver 
superior classification performance compared to standard deep learning 
approaches.

This study addresses the following research question: How can a hy-
brid deep learning approach, enhanced with attention mechanisms, improve 
the classification accuracy and interpretability of malaria-infected versus 
uninfected red blood cell images? To answer this question, the study sets 
out to achieve the following objectives:

1. To develop a hybrid deep learning architecture combining Effi-
cientNetB0 and a custom CNN for improved feature representa-
tion.

2. To integrate an attention mechanism to enhance model inter-
pretability and focus on diagnostically relevant regions.

3. To evaluate the model’s performance using standard classifica-
tion metrics and compare it with baseline models.

4. To assess the model’s potential for deployment in resource-
limited settings through interpretability and efficiency analysis.

The remainder of the paper is structured as follows: Section 2 
describes the proposed hybrid model and attention mechanism. Sec-
tion 3 outlines the experimental setup and evaluation metrics. Section 4 
presents and discusses the results. Finally, Section 5 concludes the 
paper and suggests directions for future work.

2. Materials and methods

This study focuses on the automated diagnosis of malaria from 
cell images using a novel hybrid deep learning model that combines 
EfficientNetB0 and a custom CNN, augmented with an attention mech-
anism. This section presents the dataset used, the preprocessing steps, 
and the methodology employed in model design and training.

2.1. Dataset description and preprocessing

The dataset comprises Giemsa-stained thick blood smear slides from
Plasmodium vivax-infected patients and uninfected patients obtained 
from sourced from the U.S. National Library of Medicine (NLM).32
It contains 27,558 Red blood cells (RBCs) from Giemsa-stained thin 
blood slides of the image. It entails infected cells and an equal number 
of uninfected cell images, thereby providing a balanced and diverse 
dataset for model training and evaluation. It is important to note that 
While malaria infections can be caused by five different Plasmodium 
species with distinct clinical presentations and treatment requirements, 
the current dataset does not differentiate between species. To ensure 
uniformity and compatibility with the model’s input requirements, all 
images were resized to dimensions of 200 × 200 pixels. Pixel values 
were normalised to the [0,1] range through rescaling by dividing 
by 255. This improves training stability and convergence speed by 
ensuring that input features (pixel intensities) are within a range con-
ducive to gradient-based optimisation. The dataset was divided into 
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Fig. 1. The Hybrid Model Architecture for Malaria Diagnosis.
80% training and 20% testing to evaluate the model, as done by 
existing works.18,19 Stratified splitting was used to maintain equal class 
distribution across training, validation, and test sets, ensuring reliable 
performance metrics.

2.2. The developed attention-enhanced model

The developed model combines transfer learning with a custom-
designed feature extraction pathway specifically tailored for malaria 
parasite detection, as shown in Fig.  1. The architecture consists of 
two parallel branches: a pre-trained EfficientNetB0 base model that 
leverages general visual features learned from the ImageNet dataset, 
and a custom CNN branch designed to capture malaria-specific features. 
The first branch (Branch A) of the architecture incorporates Efficient-
NetB0 pre-trained on ImageNet, as shown in Fig.  1. All weights in the 
branch were frozen to prevent large gradient updates that could destroy 
the useful representations already learned. Features extracted from the 
EfficientNetB0 model were processed through a global average pooling 
layer to reduce dimensionality while preserving spatial information. 
EfficientNetB0 was chosen due to its superior parameter efficiency 
(fewer parameters for comparable performance), compound scaling 
method that balances network depth, width, and resolution and lower 
computational cost.33

The second branch (Branch B) consists of a specialised CNN de-
signed to detect features unique to malaria parasites. The branch 
includes three convolutional blocks, each containing a 2D convolu-
tional layer with increasing filter sizes (32, 64, and 128) and Max 
pooling for down-sampling. An attention mechanism was incorporated 
after the final convolutional block to help the model focus on regions 
of interest that are most relevant to parasite detection.34 The model 
training entails a two-phase approach: In the first phase, only the 
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custom CNN branch was trained and the classification head, while 
keeping the EfficientNetB0 weights frozen. This allowed the model 
to learn malaria-specific features without disrupting the pre-trained 
general features. In the second phase, we unfreeze the EfficientNetB0 
base model. In addition, it allowed for minor adjustments to the pre-
trained weights, adapting them to the specific characteristics of malaria 
cell images. Mathematically, the proposed model is formulated as:

2.2.1. Mathematical formulation of the proposed model
Let 𝐷 = 𝑥𝑖, 𝑦𝑖

𝑁
𝑖=1  denote the dataset, where each 𝑥𝑖𝜖R{𝐻×𝑊 ×𝐶}

represents a microscopic image of a red blood cell with height, width, 
and colour channels (RGB). The corresponding label 𝑦𝑖𝜖{0, 1} indicates 
whether the cell is uninfected (0) or infected with malaria parasites (1).

The goal is to learn a function 𝑓 ∶ R{𝐻×𝑊 ×𝐶} → [0, 1] that maps 
each input image to a probability score, indicating the likelihood of 
infection.

The proposed model consists of two parallel feature extractors:

1. EfficientNetB0 Backbone: A pre-trained EfficientNetB0 model 
extracts high-level semantic features from the input image. This 
produces a feature vector 𝑧(𝑒)𝜖R{𝑑𝑒}.

2. Custom CNN Module: A lightweight CNN, designed specifically 
for this task, is used to extract localised and domain-specific 
features from the same input image. This yields a second feature 
vector 𝑧(𝑐)𝜖R{𝑑𝑐}.

The two feature vectors are concatenated to form a unified feature 
representation: 

𝑧 = [𝑧𝑒, 𝑧𝑐 ]𝜖R𝑑 (1)
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Fig. 2. The training and testing loss and accuracy of the model.
, where 𝑑 = 𝑑𝑒 + 𝑑𝑐 An attention mechanism is applied to the concate-
nated vector to enhance the model’s focus on diagnostically relevant 
features. Let 𝛼𝜖R𝑑 denote the attention weight vector, computed as 
𝛼 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑊𝑎) ⋅ 𝑡𝑎𝑛ℎ(𝑊𝑧𝑧 + 𝑏𝑧) (2)

where 𝑊𝑧, 𝑊𝑎 and 𝑏𝑧 are trainable parameters. The element-wise prod-
uct between 𝛼 and z produces the attention-weighted feature vector:
𝑧̂ = 𝛼 ⊙ 𝑧 (3)

The resulting vector 𝑧̂ from Eq.  (3) is passed through a fully connected 
layer with a sigmoid activation to obtain the final prediction: 
𝑦̂ = 𝜎(𝑊𝑜𝑧̂ + 𝑏𝑜) (4)

Where 𝑊𝑜 and 𝑏𝑜 are trainable weights and biases, and denotes 
the sigmoid function, ensuring 𝑦̂𝜖[0, 1]. The model is trained using the 
binary cross-entropy loss function: 

𝐿 = − 1
𝑁

𝑁
∑

𝑖=1
[𝑦𝑖𝑙𝑜𝑔(𝑦̂𝑖) + (1 − 𝑦𝑖)𝑙𝑜𝑔(1 − 𝑦̂𝑖)] (5)

The objective is to optimise all model parameters 𝜃, including those 
of EfficientNetB0, the custom CNN, and the attention module, by 
minimising the loss: 
𝜃 ∗= 𝑎𝑟𝑔𝑚𝑖𝑛𝐿(𝜃) (6)

This formulation enables the model to learn a robust combination 
of global and local features while using attention to enhance inter-
pretability and focus on critical image regions for accurate malaria 
diagnosis.

2.3. Model explainability and interpretability

Here, visual explanation mechanisms addressed the critical need 
for transparency in medical AI systems. Interpretability is particularly 
important in malaria diagnosis, where clinicians must understand the 
basis for model predictions to establish trust and enable integration 
into clinical workflows. Gradient-weighted Class Activation Mapping 
(Grad-CAM) was implemented to visualise the regions of input images 
that most influenced the model’s classification decisions. This technique 
generates heatmaps highlighting areas that strongly activate the net-
work when making specific predictions, providing critical insight into 
the model’s decision-making process.35 The integration of attention 
mechanisms enhances the proposed model’s diagnostic performance 
and improves transparency by highlighting clinically relevant regions 
within cell images. The effectiveness of this approach is evaluated 
through extensive experiments, as detailed in the following section.

3. Results

This section presents the performance evaluation of the proposed 
hybrid deep learning model for malaria diagnosis in cell images. The 
44 
Table 1
Summary of the model performance.
 Metrics Hybrid EfficientNet EfficientNet Custom Custom 
 Model Two-phase Single-phase CNN+ATT CNN  
 Accuracy (%) 96.53 96.08 60.33 96.42 96.01  
 Precision (%) 94.80 94.55 71.41 94.34 94.34  
 Recall (%) 98.22 97.52 30.08 98.50 97.61  
 F1-Score (%) 95.95 96.01 42.33 96.38 95.95  
 AUC (%) 99.12 99.19 68.63 99.24 99.23  

training dataset was allocated for model training, while the testing 
set was utilised for validation. The model’s performance was assessed 
using accuracy, precision, recall, and area under the receiver operating 
characteristic curve (AUC) as evaluation metrics. Adam optimiser with 
an initial learning rate of 0.001 was used. The hybrid model demon-
strated superior classification performance across all evaluation metrics 
compared to baseline models. Table  1 summarises the results on the test 
dataset.

The proposed hybrid model achieved the highest overall classi-
fication performance with an accuracy of 96.53%, a high recall of 
98.22%, and a robust AUC of 99.12%, indicating its ability to reliably 
distinguish between infected and uninfected cell images. Although 
the EfficientNetB0 with two-phase training demonstrated comparable 
performance, it slightly lagged in recall and accuracy. Conversely, 
the EfficientNetB0 single-phase training model significantly underper-
formed, with an accuracy of only 60.33% and a recall of 30.08%, 
highlighting the importance of gradual fine-tuning in transfer learning. 
The custom CNN model with attention achieved performance close 
to the hybrid model, indicating the value of attention mechanisms. 
However, the hybrid approach’s ability to balance global and domain-
specific feature learning led to marginally better outcomes. The hybrid 
model demonstrated strong diagnostic performance; its high recall is 
clinically critical as it minimises false negatives. Moreover, these results 
show promise for meeting WHO standards for malaria diagnostics, 
where a sensitivity of >95% is recommended, though clinical validation 
is required to confirm real-world performance.

The learning curve of the model is shown in Fig.  2. Demonstrates 
stable convergence over the 20 epochs. The loss curves indicate a rapid 
reduction in error within the initial epochs, suggesting effective feature 
learning. Occasional spikes in validation loss are smoothed out in later 
epochs, affirming the robustness of the model.

Fig.  3. showcases the confusion matrix which further affirms the 
model’s strong classification performance.

Based on the confusion matrix, the model exhibits minimal misclas-
sification errors indicating high reliability for malaria parasite detec-
tion in cell images. The effectiveness of the hybrid model is further 
validated using Grad-CAM as shown in Fig.  4. These Grad-CAM visu-
alisations highlight biologically relevant areas in the uninfected cell 
images, providing insight into the model’s decision-making process. The 
heatmaps demonstrate that the model consistently focuses on critical 
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Fig. 3. Confusion Matrix Visualisation of the model on the testing set.
Fig. 4. Grad-CAM heatmap visualisations for infected and uninfected malaria cell image samples.
Table 2
Comparison of the proposed model with existing state-of-the-art studies.
 Reference Method Accuracy F1-Score Precision Recall 
 Delgado-Ortet et al.36 CNN 93.72 – – –  
 Irmak37 CNN 95.28 – 95.1 95.5  
 Negi et al.38 CNN 95.70 96 96 96  
 Vijayalakshmi and Rajesh Kanna19 VGG19+SVM 93.1 91.66 89.95 93.44  
 Prasher et al.1 Inception 94.5 – – –  
 This study Hybrid 96.53 94.80 98.22 95.95  
cellular structures associated with infection status, thereby enhancing 
interpretability and trustworthiness. This ability to localise meaningful 
features without explicit pixel-level annotations underscores the advan-
tage of incorporating Grad-CAM for explainability in medical image 
classification tasks.

Based on the visualisation pattern in Fig.  4, for infected cells, there 
is high attention at the cell periphery where parasites can be located 
and for uninfected cells, the attention is more distributed or focused on 
specific internal features.

The results of the proposed approach are compared with those of 
previously published studies on malaria detection that utilised the same 
dataset. Table  2. Showcases the results of the comparison.
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4. Discussion

Malaria remains a critical global health threat, with severe compli-
cations arising from delayed or inaccurate diagnosis. If left untreated, 
it can result in severe complications, including organ failure, anaemia, 
hypoglycaemia, respiratory distress, coma, and potentially death.39
This study introduced a hybrid deep learning model integrating Effi-
cientNetB0 and a custom CNN architecture, enhanced with an attention 
mechanism, to address the challenges of malaria detection from mi-
croscopic cell images. The proposed model achieved an accuracy of 
96.53%, outperforming individual baseline models and demonstrating 
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the benefits of two-phase fine-tuning in transfer learning. Attention-
based visualisation using Grad-CAM confirmed the model’s ability to 
highlight biologically meaningful regions without manual annotation, 
thus improving both interpretability and trustworthiness. Compared to 
existing models, the proposed approach achieves higher diagnostic ac-
curacy with greater computational efficiency, meeting WHO diagnostic 
standards and making it suitable for low-resource environments. Nev-
ertheless, while the results are promising, real-world clinical validation 
remains necessary to fully assess the model’s deployment feasibility.

4.1. Theoretical contributions

This study advances the theoretical understanding of how hybrid 
deep learning architectures, integrating both pre-trained global feature 
extractors and custom domain-specific models, can enhance malaria 
diagnosis in microscopic imaging. By demonstrating that attention 
mechanisms can be effectively employed to highlight biologically rel-
evant regions without explicit annotations, the findings support the 
growing theoretical emphasis on interpretable AI in medical imaging. 
The results also contribute to the theory that lightweight, efficient 
models can achieve state-of-the-art performance without requiring pro-
hibitively large computational resources, thereby challenging the tradi-
tional reliance on excessively deep or complex architectures for medical 
diagnostics.

4.2. Methodological contributions

Methodologically, this study introduces a hybrid attention-enhanced 
deep learning pipeline that strategically combines EfficientNetB0’s 
global feature extraction capabilities with a lightweight, task-specific 
CNN. The two-phase fine-tuning approach ensures better model adapta-
tion to the malaria domain compared to single-phase transfer learning, 
which underperformed significantly. In addition, the integration of 
Grad-CAM for attention validation provides a novel way to quan-
titatively and qualitatively assess model interpretability, offering an 
important methodological contribution for future AI-based diagnostic 
research.

4.3. Managerial and practical implications

From a practical perspective, the hybrid model’s high sensitivity 
and computational efficiency suggest it is well-suited for deployment 
in resource-constrained healthcare settings, where access to expert 
microscopists is limited. The ability to achieve WHO-compliant di-
agnostic performance while requiring lower hardware specifications 
opens opportunities for integration into automated microscopy systems, 
mobile health units, and point-of-care diagnostic tools. In addition, 
the enhanced interpretability facilitated by attention mechanisms and 
Grad-CAM visualisations can foster greater trust among healthcare 
providers, potentially accelerating the adoption of AI-based diagnostics 
in clinical practice.

4.4. Limitations, future directions and implementation considerations

Despite the promising results, the study has certain limitations. The 
model has not yet been validated using prospective clinical data, and 
its performance has only been assessed on publicly available datasets. 
Future work will focus on prospective clinical trials to validate the 
model’s performance in live diagnostic settings. Furthermore, extending 
the current binary classification framework to a multi-class system ca-
pable of distinguishing between different malaria stages could provide 
more granular diagnostic support, aiding targeted treatment strategies. 
Additionally, the proposed model addresses the fundamental challenge 
of detecting malaria infection presence but does not differentiate be-
tween Plasmodium species. In clinical practice, species identification is 
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critical as P. falciparum infections require urgent treatment due to po-
tential for severe complications, while P. vivax infections may require 
different treatment protocols including liver-stage elimination therapy. 
The future study will look into species infection classification. As AI 
technologies become increasingly integrated into healthcare diagnos-
tics, ethical considerations must be addressed. Ensuring transparency, 
minimising algorithmic bias, and maintaining clinician oversight are 
essential for responsible deployment. Also, protecting patient data pri-
vacy and maintaining equitable access to diagnostic technologies are 
critical challenges that must be addressed in future deployment efforts.

5. Conclusions

This study introduced a hybrid deep learning model combining Effi-
cientNetB0 and a custom CNN, augmented with attention mechanisms, 
for automated malaria diagnosis. The two-phase transfer learning strat-
egy enabled effective adaptation of pre-trained features to the malaria 
imaging domain, resulting in consistent performance improvements 
over individual baseline models. The proposed hybrid architecture 
achieved superior accuracy, recall, and AUC while maintaining model 
interpretability through attention-based visualisations, thereby rein-
forcing the value of combining pre-trained networks with domain-
specific feature extractors. Nevertheless, the study has certain limita-
tions. Validation was performed exclusively on retrospective data, and 
prospective clinical evaluation is required to fully assess the model’s 
real-world applicability. Furthermore, the binary classification frame-
work limits clinical utility compared to multi-class approaches capable 
of staging infections or differentiating between parasite species. De-
spite these limitations, the proposed system demonstrates potential 
for deployment in resource-constrained healthcare environments where 
rapid and accurate malaria diagnosis is critical. Future research will 
aim to extend the model to multi-class classification tasks, conduct 
clinical trials in operational settings, and explore lightweight, mobile-
compatible implementations integrated with clinical decision support 
systems to enhance accessibility and impact.
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