Journal of Nanotechnology and Innovative Materials

Research Article

Explainable Vision Transformer-Based Automated Malaria
Detection from Blood Smear Images: Toward Intelligent
Nanotechnology-Enabled Diagnostic Systems

Sabina M. Nobari! ="/, Sabina R. Azizova! =/, and Shokrollah A. Ghadyani®> =

"Department of Information Technologies, School of Advanced Technologies and Innovation Engineering, Western
Caspian University, Ahmad Rajabli 17A, III Parallel, AZ1001 Baku, Azerbaijan
2Tekdata Co., No. 12, Marzbannameh Alley, Mofatteh Street, Tehran, Iran

Received: 23.06.2026 Accepted: 28.06.2026 Published: 31.07.2026
https://doi.org/10.54414/LCGJ5320

Copyright: © 2026 by the authors. Licensee: Journal of Nanotechnology and Innovative Materials, Western Caspian
University, Baku, Azerbaijan. This article is an open-access article distributed under the terms and conditions of the
Creative Commons Attribution 4.0 International License (CC BY 4.0).

Abstract

Malaria remains one of the world's most significant parasitic diseases, requiring rapid and accurate diagnosis to reduce
mortality. Recent advances in digital microscopy, artificial intelligence, and nanotechnology-enabled diagnostic platforms
have created new opportunities for automated malaria detection. In particular, nano-enabled biosensors and lab-on-chip
technologies increasingly rely on intelligent image analysis algorithms to improve diagnostic performance. In this study,
convolutional neural network architectures (ResNet50, EfficientNetB0, InceptionResNetV2, and Xception) and Vision
Transformer models (ViT-Base, Swin Transformer, DeiT, and Pyramid Vision Transformer) were evaluated for
multiclass malaria detection using microscopic blood smear images. A five-fold cross-validation strategy was employed,
and model interpretability was enhanced using Gradient-weighted Class Activation Mapping (Grad-CAM). Among the
CNN models, Xception achieved an accuracy of 98.10%, while the Swin Transformer demonstrated comparable
performance among transformer-based architectures. The results indicate that combining explainable artificial
intelligence with transformer-based models improves both classification accuracy and model transparency, supporting
their future integration into nano-enabled diagnostic systems, intelligent digital microscopy, and point-of-care biomedical
devices.

Keywords: malaria diagnosis, deep learning, vision transformer, explainable artificial intelligence, nanotechnology,
nanobiosensors, medical image analysis, digital microscopy

1. Introduction

Malaria remains one of the most significant parasitic infectious diseases worldwide and continues to pose
a major public health challenge, particularly in tropical and subtropical regions. Millions of people get this
disease every year. According to the World Health Organization (WHO, 2024), in 2023 there were 263 million
malaria cases worldwide and about 597 thousand deaths worldwide. The main cause of the disease is various
types of Plasmodium parasites (most commonly P. falciparum and P. vivax). Malaria is transmitted to humans
through the bite of infected female Anopheles mosquitoes [1]. Effective treatment of malaria in full and on
time and the diagnosis of the infection are of absolute importance. Since the beginning of the traditional
microscopic diagnostic method of the 20th century, the "gold standard" has been established; this method is
open to allowing morphological changes in Plasmodium infection as a result of Erythrocytes (red blood cells-
RBC). In this method, stained blood is checked under a microscope; then, whichever parasite number in
erythrocytes is considered high accuracy. This method is a process that is labor-intensive and operator-
dependent process, although it requires a significant amount of time. Sources say that human errors in clinics
can affect the results, and serious effects can be demonstrated [1], [2].

Molecular methods such as polymerase chain reaction (PCR) and rapid diagnostic tests (RDT) also
improve, but these methods require high-level laboratory equipment and are expensive, so both areas need
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large-scale and appropriate-level implementation. Therefore, increases in systems that require rapid results,
automated, accurate, and cost-effective malaria detection [3], [4]. In recent years, Computer Vision (CV) and
Deep Learning (DL) have significantly advanced the automated analysis of microscopic blood smear images.
Various deep learning architectures, including Convolutional Neural Networks (CNNs), Faster R-CNN,
YOLO, and Mask R-CNN, have been successfully applied to automated malaria detection [5]. These models
automatically extract discriminative image features from microscopic blood smear images, enabling accurate
classification of malaria parasites. Many CNN-based research systems have reported that malaria detection is
between 95% and 99% accurate [6], [7]. However, CNN models have limitations in capturing long-range
dependencies and understanding global contextual relationships between distant pixels and image regions.
These limitations restrict their ability to effectively model complex spatial relationships within images.

To overcome these limitations, a new generation of models inspired by Transformer architectures has been
introduced. Originally developed for natural language processing (NLP), these models have demonstrated
remarkable performance in computer vision tasks. These models show an image of various parts between long-
distance dependencies and global attention, the open relationships [8].

The promising results of the images in the analysis, including the architecture of Vision Transformer (ViT),
Data Efficient Image Transformer (DeiT), Pyramid Vision Transformer (PVT), and Swin Transformer (malaria
parasites in the testpit) [9], [10].

One of the major limitations of Al in medical diagnosis is the lack of interpretability (or explainability).
Clinical specialists need not only a complete, but also a visualized explanation of the decision-making process.
To this end, Gradient is mainly used in Class Activation Mapping (Grad-CAM) methods, but also helps decide
on the most impactful areas highlighted by the model. This is both an increase in the trust of doctors in Al
systems, as well as facilitating error analysis and improvement of algorithms [11].

Moreover, in recent years, nanotechnology has significantly contributed to the development of rapid
malaria diagnostic systems through nanoparticle-based biosensors, plasmonic sensing platforms, microfluidic
lab-on-chip devices, and portable nano-enabled imaging technologies [12]. These emerging diagnostic tools
generate high-resolution microscopic data that require intelligent computational algorithms for accurate
interpretation. Consequently, artificial intelligence and deep learning have become essential complementary
technologies for improving the diagnostic performance of nanotechnology-based medical devices.

1.1. Research Gap

In the last decade, a large number of CNN-based research conducted for the discovery of automated
malaria detection is also directed, the majority of these studies have focused only on binary classification of
infected and uninfected cells, and the examination of multiple analytic time patterns that were revealed to be
far deeper than analytic methods that could be construed.

CNN models perform very well in situations where global additions and ink tissue are fully exposed to
learning challenges. This leads to a reduction in accuracy, especially when the images are noisy or there are
lighting differences. This factor is also limited in the number yet applied by the researchers. The development
of explainable Artificial Intelligence (Explainable Al, XAI) approaches, by making the decision-making
processes of artificial intelligence models more transparent and understandable, increases the trust of medical
professionals in these systems and makes a significant contribution to the effective use of artificial intelligence
in clinical applications. The objective of this study is to develop and evaluate an explainable artificial
intelligence framework for automated malaria detection by comparing CNN- and Vision Transformer-based
architectures on microscopic blood smear images. The article describes classic CNN architectures, advanced
Transformer-based approaches, and techniques such as Grad-CAM to identify future development aspects for
significant malaria diagnostics through artificial intelligence research. Although recent studies have
demonstrated the effectiveness of CNN and Vision Transformer architectures for malaria detection,
comparative evaluations incorporating explainable artificial intelligence remain limited.

Furthermore, few studies have discussed how these Al models can complement emerging nanotechnology-
based diagnostic platforms, including nano-enabled biosensors and lab-on-chip systems. Therefore, this study
evaluates multiple deep learning architectures while emphasizing their potential integration into future
intelligent nanodiagnostic devices.
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1.2. Background

In recent years, significant improvements in Computer Vision (CV) and Deep Learning (DL) have changed
the landscape by using microscopic blood descriptions to automatically diagnose malaria. Both open-source
information databases (e.g., NIH Malaria thin smear dataset) and a large number of studies, both local to the
given use, were able to pinpoint the CNN-based model Plasmodium hybrid with the Convolutional Neural
Networks (CNN) and infected red blood cells.

For example, the first research for classic CNN architectures and transfer learning methods achieved high
accuracy in separating 95% more than infected and healthy cells by more than 95% with the ResNet50 model
[13]. At the same time [14], accuracy was achieved with 97.57% detection using the EfficientNet k-fold cross-
validation method. Subsequently, CNN models combine learning methods, achieving more than 98% accuracy
in the resulting high-performance datasets [15], [16], [17].

Despite these successes, CNN models are still restricted in a row. They often face differences in staining
due to characteristics and image information; devices sensitive to data imbalance apply to these real clinical
models. Performance decreases when models are applied to new datasets (domain/field shift), and researchers
have proposed two main approaches to address this issue.

1. Resources are limited, which health services around them use for light, quantity, and mobility to suit model
preparation devices.
2. Image pixels between global dependencies-based architectures application for Model Transformer.

Medical visualization Vision Transformer (ViT) and its/derivatives Data-efficient Image Transformer
(DeiT), Pyramid Vision Transformer (PVT), and Swin Transformer, pay close attention to the center. These
models employ self-attention mechanisms to capture long-range dependencies and global contextual
information, enabling more effective image feature extraction than conventional convolutional neural
networks. Extensive studies have shown that Vision Transformer models achieve strong results on tasks such
as classification, segmentation, and cell identification in medical imaging [18], [19]. Recent studies have
further demonstrated the effectiveness of Vision Transformer architectures for 2D biomedical image
classification, confirming their applicability to medical imaging tasks [20]. From this supplement, the attention
mechanism more prominently combines parasite structures in the early stages of infection with CNN [7]. At
the same time, multi-stage malaria detection was prepared for the hybrid CNN—ViT model, and 99% accuracy
was achieved. This result is due to combining the performance of CNN and ViT, which is important to the
extent that CNNs and ViT's ability to remove local properties with a global attention mechanism [21]. In
addition to the other benefits of accuracy, intelligence (Al) is the main application of artificial medicine,
explaining and clinical reliability. Despite the high diagnostic accuracy of deep learning models, their decision-
making process is often considered a "black box," limiting their acceptance in clinical practice. Healthcare
professionals require not only accurate predictions but also interpretable explanations of how these predictions
are generated. To address this challenge, Explainable Artificial Intelligence (XAI) techniques, particularly
Gradient-weighted Class Activation Mapping (Grad-CAM), have been widely adopted to visualize the image
regions that contribute most to a model's predictions. Improved variants, such as Grad-CAM++ and DropKey
Grad-CAM, further enhance localization accuracy and visualization quality. Recent studies have demonstrated
that integrating Grad-CAM with both Convolutional Neural Networks (CNNs) and Vision Transformer (ViT)
architectures significantly improves model interpretability and diagnostic transparency, enabling clinicians to
better understand, validate, and trust Al-assisted medical diagnoses [22], [23].

1.3. Role of Nanotechnology in Malaria Diagnosis

Nanotechnology has emerged as a promising approach for improving malaria diagnosis by enabling rapid,
sensitive, and portable diagnostic platforms [24]. Gold nanoparticles, magnetic nanoparticles, quantum dots,
and nanostructured biosensors have been extensively investigated for detecting Plasmodium antigens, DNA,
and hemozoin biomarkers. In addition, lab-on-chip and microfluidic systems integrated with nanoscale
materials facilitate point-of-care diagnosis in resource-limited settings. Although these technologies
significantly improve sample preparation and signal detection, automated interpretation of microscopic and
biosensor-generated images remains challenging. Therefore, explainable deep learning models, such as Vision
Transformers combined with Grad-CAM, provide valuable computational support for next-generation
nanotechnology-enabled malaria diagnostic systems.
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2. Materials and Methods
2.1. Dataset

In this study, a publicly available malaria dataset obtained from the literature [25] was used to classify
different Plasmodium species. The dataset consists of microscopic images of peripheral blood smear samples
acquired using a light microscope. The dataset consists of four different types of malaria parasites: P.
falciparum, P. malariae, P. ovale, and P. vivax, and a total of 210 images. The images are 2598x1944 pixels
and have a TIFF extension. Images in the dataset are shown in Figure 1.
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Falciparum Malariae Ovale Vivax
Figure 1. Sample images in the dataset.

2.2. Convolutional Neural Network

Transfer learning has been widely adopted in medical image analysis because it enables convolutional
neural networks to achieve high classification accuracy even when only limited annotated datasets are available
[26]. This strategy utilizes four distinct convolutional neural network architectures, ResNet50, EfficientNetB0,
InceptionResNetV2, and Xception, to enhance the model's generalization capability and classification
accuracy on limited medical datasets. By reusing learned feature representations, transfer learning enables
models pre-trained on large-scale datasets like ImageNet to effectively adapt to domain-specific tasks, thereby
reducing training time and the risk of overfitting.

ResNet50 provides redundant shortcut connections to overcome gradient problems lost in deep networks,
and ensures stable training of very deep architectures [27]. EfficientNetBO uses a compound scaling method
that evenly balances network depth, width, and resolution to achieve high performance with optimal computing
efficiency [28]. InceptionResNetV2 now combines Inception modules with links, offering both multi-scale
feature extraction and improved convergence stability [29]. Meanwhile, Xception extends the Inception
concept using deep detachable folds that improve computational efficiency and can disentangle channels [30].
Recent studies have also demonstrated that modern convolutional architectures, such as ConvNeXt, achieve
competitive performance while narrowing the gap between CNNs and Vision Transformers in image
classification tasks [31].

2.3. Vision Transformer

Natural language processing, created primarily from the Transformer architecture, inspired ViT,
revolutionized computer vision. The evolution of Vision Transformer (ViT) from the use of layers; instead,
the introduction breaks the description into small pieces (patches), each part converts to a vector, and these
vectors make the global and local dependencies by means of transformer encoder modeling processing.

2.4. Self-Attention Mechanism

One of the fundamental differences between Vision Transformers (ViTs) and Convolutional Neural
Networks (CNNs) is the use of the self-attention mechanism instead of convolutional filters for feature
extraction. Self-attention enables ViTs to capture both local and long-range dependencies by modeling
relationships among image patches across the entire image. Consequently, ViTs can effectively learn global
contextual information, overcoming the limited receptive field of conventional CNNs. This capability has led
to superior performance in many computer vision tasks, particularly when large training datasets are available.
However, some studies have reported that CNNs may still outperform ViTs in capturing subtle local features
when training data are limited or fine-grained image details are critical [32].
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Attention within the ViT architecture is calculated as in Equation 1:

Attention(Q,K,V) = softmax (%) %4 (1)

In Equation 1, Q, K, and V are the Query, Key, and Value matrices. Here, K is the key vector size; the
Softmax function sets a weight for each part of the image and shows how much this weight is compared to the
other parts.

Vision Transformers are particularly effective for medical image analysis because they capture both local
image features and long-range spatial relationships through self-attention mechanisms. This capability enables
accurate identification of subtle morphological changes associated with malaria-infected erythrocytes. The
general diagram of the vision transformer model is given in Figure 2.
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Figure 2. The base vision transformer model [32].

2.5. Base Vision Transformer (BaseViT)

ViT architecture is one of the standard applications for image representations intended to learn images
from large-volume datasets. The encoder of the ViT-Base model consists of 12 Transformer layers, each
containing 12 self-attention heads, with an embedding dimension of 768. Unlike convolutional neural networks
(CNNs), ViIT does not rely on convolutional operations for feature extraction; instead, it employs a
Transformer-based architecture to capture both local and global dependencies among image regions. The
overall structure of the ViT-Base architecture can be described as follows: the input image is first divided into
a sequence of fixed-size patches. Each image patch is linearly projected into an embedding vector, and
learnable positional embeddings are added to preserve spatial information. These patch embeddings are then
fed into the Transformer encoder. Each encoder block consists of a multi-head self-attention (MSA) module
and a multilayer perceptron (MLP) block, with layer normalization and residual connections applied to
improve training stability and information flow [1], [32]. These components combine to model your image,
both local and global connections to learn the presence of malaria, in their definition, infected cells, observing
color and texture in terms of subtle differences. The observation made by the BaseViT model can distinguish
these cells from healthy cells in a healthy, sensitive way.

2.6. Data-Efficient Image Transformer (DeiT)

The DeiT model, proposed by Touvron and others, is designed for presentation and limited to data vision
transformer models taught for an innovative approach offered [33]. The main distinguishing feature of DeiT
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is the introduction of a distillation token, which is a learnable token designed to facilitate knowledge transfer
between a teacher model and a student model. This token is appended to the sequence of patch embeddings
along with the class token and is used to transfer information from the teacher network to the student network
during training. Unlike conventional Vision Transformers that require large-scale datasets, DeiT employs a
knowledge distillation framework that enables the student model to effectively learn from a teacher model,
reducing the dependency on extensive training data [34]. Through this approach, DeiT achieves competitive
performance while requiring fewer computational resources and smaller datasets. In addition, DeiT
incorporates advanced data augmentation strategies during training, which improve model generalization and
enhance its ability to extract robust visual representations under different conditions.

2.7. Pyramid Vision Transformer (PVT)

PVT is a hierarchical transformer architecture for multi-dimensional properties to be driven (e.g., object
detection and semantic segmentation) predictive tasks. This model has as many stages as the input description
size, collecting a variety of rich and high-quality features collector pyramid type hierarchical feature map form.
If this structure shows similarities to multi-level Convolutional Neural Networks (CNNs), convolution
operations were built without it [35]. Instead, Transformer's focus attention mechanism and various
explanations between resolutions place their dependencies on the model for use. The PVT model brings
intensive forecasting tasks [36] for both efficient and powerful backbones in image segmentation, such as
object detection and tight prediction. The overall diagram of the PVT model is given in Figure 3.
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Figure 3. The general diagra-n-l_of the PVT model [36].

2.8. Swin Transformer

The Swin Transformer model enables a vision transformer architecture to whom it offers, by making
sliding windows (shifted windows), balancing efficiency with model complexity, the concept presentation
[37]. In this architecture, self-care is not only small and includes other windows located on top of each other,
this also reduces significantly, which is calculated to be a computational complexity. The number of
neighbouring windows between the exchange of information increases. This mechanism involves neighboring
window border markers on windows; they need to be mutually touched in order to create conditions and
ultimately provide cross-window communication [38].

2.9. Gradient-Weight Class Activation Mapping (Grad-CAM)

Deep learning models are mainly affected by problems, including a lack of transparency in the process.
The Grad-CAM (Gradient-weighted Class Activation Mapping) method is a powerful tool for understanding
how to model their decisions. This method emphasizes evolution and layers of attention with related gradients,
mapping the model to speech, highlighting the most impact depicting their region. Grad-CAM can also be used

11
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for model debugging and reliability evaluation (trust calibration) to be effective in the way of use. This can
help researchers and doctors model the predictions behind what is logically better finished. The Grad-CAM
heat map is a weighted combination of feature maps followed by a ReLU. Its mathematical formula is given
in Equation 2 [39].

L§rea=CAM = ReLU <Z akA;‘j) (2)

k

Weight Calculation of coefficients (o) formula is like:

122” 3)
Ay == —
k=7 - 0AY;

3. Results and Discussion
3.1. Performance Metrics

Metrics derived from the confusion matrix were used to determine the performance of deep learning
models in the detection of malaria-infected cells. These are Accuracy, Sensitivity/Remembering, Specificity,
Precise indicator (Precision, and F1 score (F1-Score). These metrics include four possible predicted models to
the essentially calculated result: True Positive (TP), True Negative (TN), False Positive (FP), and False
Negative (FN) [40]. The formulas (balances 4-8) of the metrics derived from the Confusion matrix and their
descriptions are given below.

TP+TN

Accuracy = —— 4
ccuracy TP+TN+FP+FN ( )

Here:

TP (True Positive): Correct some positive samples made number (accurate, as open infected cells)

Data TN (True Negative): The number of correctly classified specific negative samples (true), made of clear
healthy cells)

DBFP (False Positive): Negative examples with positive error, such as classified cases

DB FN (False Negative): Positive examples with negative error, such as classified cases

Sensitivity (Repeat): Model positive samples (infected cells) to make accurate capability measures precise:

TP
TP+FN (5)

Sensitivity =

Specificity: Model negative samples (healthy cells) correctly certain to do ability measuring is an indicator:

TN
TN+FP (6)

Specificity =

Precision: correct predicted positive examples general positive predictions to the number which ratio shows:

TP
TP+FP (7)

Precision =

F1 score (F1-Score) Precision and Sensitivity (Recall) harmonic middle like certain is being and this two
indicator between balance creates:

F];:Z)(Mn><Recall (8)

Precision+Recall

12
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Five layers of Cross Verification method was used to perform experimental studies with neural networks.
It is a model validation method in which the dataset is divided into five equal parts, one part used for testing
and the remaining four for training, and this process is repeated five times to calculate the average performance.

3.2. Experimental Test Results

This study employs eight different deep learning models to detect malaria using peripheral blood images.
The performance of four CNN (Convolutional Neural Network) models and four ViT (Vision Transformer)
models was evaluated using 5-fold cross-validation. First, the dataset was analyzed using CNN models; the
architectures employed included ResNet50, EfficientNet-B0, InceptionResNetV2, and Xception. To achieve
optimal results, the training parameters were set as follows: 16 epochs, a mini-batch size of 16, and a learning
rate of 1x107*; these settings were chosen to maximize overall model performance. Experimental results
indicate that Xception achieved the best performance among the CNN models, reaching an accuracy of
98.10%. The performance results (confusion matrices) for the CNN models are presented in Table 1 and Figure
4, while the training/validation processes and loss curves are illustrated in Figure 5.

Table 1. Performance results of CNN models.

CNN Models Accuracy Sensitivity Specificity Precision F1-Scor
ResNet50 86.19 79.48 95.32 93.18 89.47
EfficientNetb( 94.76 94.79 98.04 94.77 94.48
InceptionResNetV2 96.19 95.22 98.39 97.26 96.07
Xception 98.10 98.02 99.23 98.11 98.01
resnet50 - Total Confusion Matrix (5-Fold) efficientnet_b0 - Total Confusion Matrix (5-Fold)

Falciparum

Rloparnm

v
-
5 7 19 ( 1 5 ‘i 1n
3 2
= b
. v
> v
3 J 19 = b ]
S =
x %
1 ! ( ] 2 1 1)
s >
Falciparurr Malanae Ovale Wivax Falciparum Malanae Ovale Vivax
fredxted Preducted
inception_resnet_v2 - Total Confusion Matrix (5-Fold) xception - Total Confusion Matrix (5-Fold)

Fakiparum

v

Malanae
"

ue
Ovale Malat
~
3
True
Ovale »
5

Wyax
Vivax

Falcgarum Malanas Oviale Wivax Faloparum Malanse Ovale Vivax

fredicted Predicted
Figure 4. Confusion matrix of CNN algorithms.
13



Journal of Nanotechnology and Innovative Materials

14

resnet50 - Avg Loss (5-Fold)

134

124

11

10

Loss

091

os

07

06

3 ~&- Train Loss (avg)
\ ~#= Val Loss lavg)

efficientnet_b0 - Avg Loss (5-Fold)

—&~ Train Loss {avg)
—&— Val Loss (avg)

Epoch

inception_resnet_v2 - Avg Loss (5-Fold)

g4 —® Tain Loss (avg) T
—o Val Loss (avg) f\
'Y A
s
1/
¢ °
w rd
§4 v
/
/ \
/ .
2 o \
r/ yI\
/ \
/ \
. L
4 6 8 10 12 14 16
Epoch
xception - Avg Loss (5-Fold)
12 =& Train Loss (avg)

=& Val Loss (avg)

Epoch

resnetS0 - Avg Accuracy (5-Fold)

0.9 4 —® Tain Acc (avg)
& Val Acc (avg)

o8

0s

0.

04

100

095

080

1.00

0.9%

090

4

2 4 6 8 10 12 14 16
Epoch

efficientnet_b0 - Avg Accuracy (5-Fold)

=&~ Train Acc (avg)
~®- Val Acc (avg)

2 4 & 8 10 12 14 16
Epoch

inception_resnet_v2 - Avg Accuracy (5-Fold)

=&~ Train Acc (avg)
~#~ Val Acc (avg)

2 + 6 8 10 12 14 16
Epoch

xception - Avg Accuracy (5-Foid)

~&~ Train Acc (avg)

~®- Val Acc (avg)

2 4 6 ] 10 2 416
Epoch

Figure S. Training and validation accuracy and loss curves.

14




Vol 2, Ne 1, 2026

In the second phase of the experimental work, the dataset was tested using the ViT base model, Swin
Transformer, DeiT, and Pyramid Vision Transformer algorithms. The 5-layer cross-validation method was
chosen as the training and test partitioning method for the working dataset. The epoch, mini-batch size, and
learning rate for the four ViT models were set to 16, 16, and 1x107*, respectively, to match those of the CNN
models. The optimizer was set to the Adam algorithm, and the loss function was set to cross-entropy loss for
hyperparameters. The experimental work resulted in the best performance values with the Swim transformer
algorithm and achieved an accuracy rate of 98.10%. Performance results obtained with ViT algorithms are
given in Table 2. Confusion matrices are given in Figure 6, and the training of algorithms and the loss graphs
are given in Figure 7.

Table 2. Performance results of ViT algorithms.

ViT Models Accuracy Sensitivity Specificity Precision F1-Scor
ViT base 96.72 97.31 99.09 97.56 97.42
Swim 98.10 97.73 99.15 98.58 98.13
Deit 96.19 94.89 98.30 97.00 95.86
Pyramid Vit 95.71 93.98 98.18 96.42 94.85
Confusion Matrix (VIT Transformer) Confusion Matrix (Swin Transformer)
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At the last stage, images were produced using the GRAD-CAM algorithm, an explainable artificial
intelligence method that gives the best performance results with the Swin Transformer algorithm. Models can
be interpreted with GRAD-CAM images, allowing clinicians to interpret images more easily. Random images
generated by the GRAD-CAM algorithm are shown in Figure 8. When examining the images, red lesion areas
represent the region that is particularly effective in the decision-making processes of the models. Here, it can
be seen that the cells are red in color.

Figure 8. GRAD-CAM images produced with the Swin Transformer.

3.3. Implications for Nanotechnology

Although this study focused on microscopic blood smear image analysis, the proposed explainable Al
framework has considerable potential for integration with emerging nanotechnology-enabled diagnostic
platforms. Modern malaria diagnostic technologies increasingly employ nanoparticle-based biosensors,
microfluidic devices, and portable lab-on-chip systems that generate digital imaging data requiring automated
interpretation. Vision Transformer architectures combined with explainable artificial intelligence can provide
reliable decision support for these systems by improving classification accuracy while simultaneously
increasing clinical interpretability. Therefore, integrating advanced Al algorithms with nanotechnology-based
diagnostic platforms represents a promising direction for future malaria diagnostics.

4. Conclusion

Malaria remains a serious health problem, especially for communities living in developing countries, and
is one of the most important parasitic infections that threaten public health globally. Diagnostic methods using
microscopes, still considered the gold standard nowadays, have certain limitations due to the need for specialist
staff, the time required, and the associated labor intensity. This study is aimed at improving the accuracy of
malaria detection and automating the process. For this purpose, up-to-date deep learning techniques such as
convolutional neural network architectures (ResNet50, EfficientNetBO, InceptionResNetV2, and Xception)
and Vision Transformer-based approaches (ViT-Base, Swin Transformer, DeiT, and PVT) were used. This
study employed 5-fold cross-validation to train and evaluate models using a dataset of microscopic blood
images covering four different types of malaria. Among the convolutional neural network models, Xception
achieved the best performance with an accuracy of 98.10%, while the Swin Transformer demonstrated equally
excellent performance among the Transformer-based models. Furthermore, the study utilized Gradient-
weighted Class Activation Mapping (Grad-CAM) to elucidate the models' decision-making mechanisms,
thereby enhancing their reliability for clinical application. This technique enabled researchers to visually
demonstrate the specific image regions the models focused on when making diagnostic decisions. The research
results reveal that using Transformer-based deep learning architectures in conjunction with explainable
artificial intelligence methods significantly improves both classification success and model transparency.
These developments enable automated malaria diagnostic systems to be used more reliably in clinical settings
and integrated into real-life applications.

At the same time, nanotechnology represents an innovative approach with significant potential for
improving the diagnosis and treatment of malaria. Nanomaterial-based delivery systems can enhance the
targeted transport of antimalarial drugs to infected cells, improve drug bioavailability, reduce systemic side
effects, and increase therapeutic efficacy. In addition, nanotechnology-based platforms contribute to the
development of early diagnostic tools and next-generation vaccine strategies. Although many of these
technologies remain at the preclinical or clinical research stages, they hold promise for future applications in
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malaria prevention and treatment. In particular, targeted drug delivery systems based on liposomes, polymeric
nanoparticles, and lipid-based nanocarriers enable more efficient delivery of antimalarial agents to infected
hepatocytes and erythrocytes. By improving drug accumulation at infection sites while minimizing toxicity to
healthy tissues, these nanocarrier systems represent a promising strategy for enhancing malaria therapy.

Future research should investigate the integration of explainable Vision Transformer architectures with
nanotechnology-enabled diagnostic systems, including nano-biosensors, plasmonic sensing platforms,
microfluidic lab-on-chip devices, and portable digital microscopy. Such multidisciplinary approaches have the
potential to improve point-of-care malaria diagnosis by increasing diagnostic accuracy, interpretability, and
clinical reliability while facilitating the deployment of intelligent nanodiagnostic technologies in resource-
limited settings.
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