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Abstract

The rapid advancement of artificial intelligence techniques, particularly deep learning, has transformed medical imaging.
This paper presents a comprehensive review of recent research that leverage vision transformer (ViT) models for medical
image classification across various disciplines. The medical fields of focus include breast cancer, skin lesions, magnetic
resonance imaging brain tumors, lung diseases, retinal and eye analysis, COVID-19, heart diseases, colon cancer, brain dis-
orders, diabetic retinopathy, skin diseases, kidney diseases, lymph node diseases, and bone analysis. Each work is critically
analyzed and interpreted with respect to its performance, data preprocessing methodologies, model architecture, transfer
learning techniques, model interpretability, and identified challenges. Our findings suggest that ViT shows promising results
in the medical imaging domain, often outperforming traditional convolutional neural networks (CNN). A comprehensive
overview is presented in the form of figures and tables summarizing the key findings from each field. This paper provides
critical insights into the current state of medical image classification using ViT and highlights potential future directions
for this rapidly evolving research area.

Keywords Vision transformers - Medical image analysis - Convolutional neural networks - Medical image classification -
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Introduction

In a world where medical imaging serves as the linchpin of
modern diagnostics, harnessing the full potential of each
pixel can be a matter of life and death. Convolutional neu-
ral networks, which are the main type of deep learning, have
already shown that they can change this field by getting to
levels of accuracy that have never been seen before, yet as
we stand on the brink of a new era, vision transformers are
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objects in them, CNNs work by convolving the input image
with filters to extract local features and then aggregating
these features through pooling layers, CNNs, on the other
hand, have flaws, like features that are only available in set
sizes and the failure to record world context information well
[4-8]. ViTs are a new type of deep neural networks that have
shown promise as an option to CNNss for picture-taking tasks;
ViTs are inspired by the transformer architecture originally
introduced for natural language processing (NLP) tasks. The
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transformer design is based on self-attention processes that let
the network decide on the fly how important each trait in the
input chain is and gather information about the overall context
[3, 9]. This makes ViTs well suited for image analysis tasks
where global context information is important [10]. Vision
transformers work by converting an input image into a set of
fixed-length feature representations, also known as tokens,
the image is divided into non-overlapping square patches, and
each patch is treated as an individual feature. The tokens are
then processed through multi-head self-attention mechanisms,
which dynamically weigh the importance of each token in
the input sequence. This allows the network to capture global
context information and focus on different parts of the image
based on the context [6, 10]. ViTs’ main parts are tokeniza-
tion, self-sttention mechanisms, feed-forward networks, and
pooling and classification layers [11]. Tokenization in vision
transformers is the process of breaking down a picture into
a set of fixed-length feature representations, also known as
tokens, which can be processed by a transformer-based model.
This is typically done by encoding the image into a multi-
dimensional feature map and then flattening this map into a
one-dimensional vector, this vector is then passed through a
linear layer to produce the final set of token representations.
Tokenization is a necessary preprocessing step in vision trans-
formers because it lets the model work with pictures. Self-
attention mechanisms are a key component in the architecture
of vision transformers, which are neural networks designed
to process visual information, in self-attention, each element
in a sequence (e.g., an image) attends to every other element
in that sequence, weighing its importance in the computa-
tion of the final representation. This allows the network to
dynamically focus on different parts of the image based on
context and capture long-range dependencies [12]. In vision
transformers, self-attention is applied over the spatial dimen-
sions of the image, rather than the temporal dimension as in
traditional transformer models. The result is a more power-
ful and efficient network that can handle large and complex
images and is well suited for a variety of computer vision
tasks, including image classification and object detection.
Feed-forward networks (FFNs) are another key component
in the architecture of vision transformers, which are neural
networks designed to process visual information. FFNs are
used to transform the intermediate representations produced
by the self-attention mechanisms into a final output. The FFN
consists of a series of linear transformations followed by non-
linear activation functions and can be thought of as a dense
layer in a traditional convolutional neural network. In vision
transformers, the FFN is typically used to map the high-
dimensional representations produced by the self-attention
layers to a lower-dimensional space, suitable for the final pre-
diction task (e.g., image classification). Vision transformers
can get more accurate results when they use both self-atten-
tion and FFN layers together. This is because they can take

in both global and local information in a picture. The pooling
layer and the classification layer are used for down sampling
and final prediction in vision transformers, the pooling layer
is typically applied after the transformer blocks to reduce the
spatial resolution of the feature maps, this helps to reduce
the computational complexity and increase the robustness of
the model to small translations, common pooling operations
include max-pooling and average pooling. The classification
layer is a fully connected layer with a SoftMax activation used
to make the final prediction, the inputs to the classification
layer are the flattened feature maps obtained after pooling, and
the outputs are the class probabilities, the number of outputs
is equal to the number of classes in the classification task.
Together, the pooling and classification layers make up the
last part of a vision transformer’s prediction process. They
take a picture as input and make a guess about the things that
are in it. CNNs and ViTs are two popular architectures for
computer vision tasks such as image classification. ViTs have
been applied to a wide array of computer vision tasks, dem-
onstrating their versatility and efficacy. They have achieved
state-of-the-art performance in image classification on bench-
mark datasets such as ImageNet. In object detection, they have
incorporated object-level attention mechanisms, effectively
transforming the challenge into a token-level classification
problem. Additionally, ViTs have made strides in image
segmentation by implementing segmentation-specific atten-
tion mechanisms, further showcasing their adaptability and
potential. The main difference between vision transformers
and CNNs lies in their architecture and how they process the
input image. CNNs extract local features through convolution
and pooling operations and are limited by their reliance on
fixed-sized local features. On the other hand, vision transform-
ers use self-attention mechanisms to dynamically weigh the
importance of each feature in the input sequence, allowing
them to effectively capture global context information [4, 6,
13, 14]. Another difference between ViTs and CNNs is the
way they handle large images, CNNs typically use pooling
layers to reduce the spatial dimension of the input, which can
result in the loss of essential information. Vision transformers,
on the other hand, use self-attention mechanisms to dynami-
cally focus on distinct parts of the image, making them well
suited for handling large images.

While several review papers have examined the role of
vision transformers in medical imaging, most existing sur-
veys focus on general architectural discussions or applica-
tions within a limited set of medical tasks, lacking a compre-
hensive disease-centric perspective. This paper distinguishes
itself by adopting a structured, application-driven approach,
categorizing studies based on specific medical conditions
such as breast cancer classification, skin lesion analysis,
MRI brain tumor analysis, lung diseases, and retinal disor-
ders. By systematically grouping research based on medical
application areas rather than a general technical perspective,
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this review provides a targeted and practical resource for
researchers and clinicians, allowing them to navigate
advancements relevant to their specific fields. Furthermore,
we analyze key aspects such as data preprocessing, model
architectures, performance comparisons, and the integration
of ViTs with other deep learning techniques. By offering
an intuitive synthesis of ViT advancements across multiple
clinical domains, this paper not only highlights their trans-
formative potential in medical imaging but also identifies
current challenges and future directions, serving as a critical
reference for the ongoing development and optimization of
ViT-based medical imaging solutions.

To ensure a rigorous and comprehensive review of vision
transformers in medical imaging, we established clear inclu-
sion and exclusion criteria for selecting the surveyed papers.
Our selection process considered peer-reviewed articles pub-
lished in reputed journals and conferences, focusing on stud-
ies that applied ViTs to medical image classification across
various disease domains. We prioritized works that reported
quantitative performance metrics, used publicly available or
clinically relevant datasets, and demonstrated methodological
innovations. Studies that lacked sufficient experimental vali-
dation, were primarily theoretical, or provided only a brief
mention of ViT applications without in-depth analysis were
excluded. Despite the broad scope of ViT research, we aimed
for a balanced and representative selection, acknowledging
that new publications continue to emerge rapidly in this field.

Vision Transformer
In the following section, we will dive deep into ViTs and

try to understand them from a mathematical standpoint, but
before we move ahead, let us understand the basics.

Fig. 1 The vision transforms
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Overview of Vision Transformers

Transformers were initially developed for natural language
processing tasks; however, they have proven highly efficient
in other domains like computer vision as well. A ViT is such
a model that applies the Transformer architecture to com-
puter vision tasks, treating images as sequences of pixels
akin to a sequence of words in a sentence. This gives it a
capability to model long-range dependencies between pixels
and learn from global context [15—17]. Figure 1 shows the
ViT architecture.

Detailed Exploration
Patch Embedding

ViT starts by splitting the input image into a fixed number
of patches, typically using non-overlapping patches. Math-
ematically, suppose we have an input image “x” € R¥*W
%O where H, W, and C are the height, width, and the num-
ber of channels of the image, respectively. This image is
divided into “(P1 x P2)” patches each of size “(Sx Sx C).”
Here, “P1=H/S” and “P2 = W/S” are the number of patches
along the height and width of the image respectively. Each
patch is then flattened and transformed to a D-dimensional
patch embedding using a learnable linear transformation.
This is equivalent to a fully connected layer, represented
as follows:

E € R™D) = patch matrix P € RVS2O) x W g REXCXD)

(1)

Here, N=P1 x P2 is the total number of patches, D is

the dimension of the embeddings, and W is the learnable
weight matrix.
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Positional Encoding

Given that transformers do not inherently understand the
sequential order of data, positional encoding is added to the
patch embeddings to retain positional information about the
patches. If PE € R™D) is the positional encoding matrix, the

final input to the transformer Z€ R™P) is given by:

Z=E+PE )

Transformer Encoder

The transformer encoder consists of multiple identical layers
with each layer having two sub-layers: a multi-head self-
attention mechanism and a position-wise fully connected
feed-forward network. There is a residual connection around
each of the two sub-layers followed by layer normalization.
Let us consider the i layer and let Z; denote the input to this
layer. The output Z;, ,, of this layer is calculated as follows:

1. Self-Attention: First, we compute three matrices: Query
(Q), Key (K), and Value (V) as follows:

Q=Zi><WQ 3)
K =7 xWg 4)
V=2ZxW, )

Here, Wao, Wk, and Wy, are learnable weight matrices. The
output of the attention mechanism A is given by:

A= softmax(Q—IC) XV (6)
VD

The division by sqrt(D) is done for scaling purposes.

2. Feed-forward network: It consists of two linear transfor-
mations with a ReLU activation in between:

FFN = ReLUAX W, + b)) X W, + b, 7

Here, W,, W,, b;, and b, are learnable parameters.

3. Add and Normalize: Finally, layer normalization is
applied on the sum of the input and the output of each

sub-layer:
Zv1y = LayerNorm(Z; + A) (8)
Z 41y = LayerNorm(Z;, x + FFN) ©

Classification Head

The first output token Z; is taken as the representation of
the whole image, and it is passed through a classification
head which is a simple linear layer followed by a softmax
activation function. If W, € RIPXMmclasses) are the Jearnable
weights of the linear layer, the final output probabilities p
ERnumfclasses is given by:

p = SoftMax(Zy, x W) 10)

This is a high-level overview of the vision transformer
model. Its ability to process non-local information in images
makes it a powerful model for medical image analysis where
the diagnosis often relies on global features.

Efficient Vision Transformers

The emergence of ViTs has proven to be a groundbreak-
ing development in the field of computer vision, while the
original ViT architecture offers substantial performance
advantages over its CNN counterparts, multiple variants
have since been developed to cater to specific needs, com-
putational constraints, and data limitations. The goal of this
part is to put light on these versions by breaking down their
designs, looking at how they vary from the original ViT, and
talking about hyperparameter fine-tuning techniques that can
be used to get the best performance.

DeiT (Data-Efficient Image Transformer)

Starting with the DeiT, one observes a focus on data effi-
ciency while largely adhering to the vanilla ViT architecture,
what sets the DeiT apart is its use of teacher-student distil-
lation, here, a larger teacher model assists a more compact
student model in learning. This method lets DeiT get great
results even when working with smaller labeled datasets.
The original ViT does not have this kind of data efficiency
because it usually needs a lot of data to work at its best.
When tuning hyperparameters, you may want to focus on
improving the knowledge distillation parameters to get the
most out of the DeiT architecture [18].

DeiT follows the standard Transformer-based architec-
ture for image classification as introduced in ViT. Given an
input image IER™W*C it is divided into N non-overlapping
patches of size P X P, forming a sequence of flattened patch
embeddings:

HxW

X e RVP N =
p2

Y

Each patch is linearly projected into an embedding space
of dimension D, producing X. The model further appends a
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learnable class token x,,, and employs positional encodings

E, to preserve spatial information:

Zy = [x4.X] + E

pos?

Z, € RV+DxD (12)

This sequence is processed through L transformer blocks,
where each block consists of Multi-Head Self-Attention
(MSA) and a feed-forward network (FFN):

Z' =MSA(LNZ._)) + Z_,

Z, = FEN(LN(Z)) + 7' (13)

where layer normalization (LN) is applied before each
sublayer.

Finally, the class token representation ZEZS is passed
through a linear classifier for prediction.

Knowledge Distillation in DeiT To improve training effi-
ciency, DeiT employs a novel distillation token Xy that
interacts with the patch and class tokens through self-atten-
tion. This mechanism replaces standard distillation, ensuring
the model learns from a teacher network (typically a CNN
like RegNet) using hard-label distillation:

1 1
Livaraistitl = ELCE(ps’y) + ELCE(ps’ \) (14)
where:
LCE is the cross-entropy loss,

Ps Softmax (Zzls)is the student prediction,
y is the ground-truth label,
yt arg maxc Zt(c) is the hard label from the teacher

Alternatively, soft-label distillation is also considered
using Kullback-Leibler (KL) divergence:

Leopisin = (1 = DLcp(Ps,y) + ADy @0F || pY) (15)

where pi=Softmax(Z/t) and p;=Softmax(Z/t), with tem-
perature T.

The final loss combines both class token and distillation
token outputs:

Liar = Lee(Z8, ) + Leg(Z™ y,) (16)
Training Efficiency and Regularization DeiT employs data
augmentation and regularization techniques such as Mixup,

CutMix, Random Erasing, and stochastic depth to enhance
performance without requiring large datasets. Training uses

@ Springer

AdamW optimization with weight decay A, and cosine learn-
ing rate scheduling:

t
0y = Hpax X 0.5(1 + cos(?n)) (17)

where 7, is the learning rate at epoch 7, and T is the total
number of epochs.

Swin Transformer

The Swin Transformer is another noteworthy variant that dis-
tinguishes itself through a hierarchical self-attention mecha-
nism, unlike the original ViT, which applies global self-atten-
tion across all patches, Swin Transformer uses window-based,
local self-attention. To get a better sense of the whole picture,
these small windows are moved around it. This window-based
method makes for a more computationally efficient model that
can still understand both local and global situations. To fine-
tune Swin, you would have to find the best window sizes and
moving mechanisms for each job [19].

Computational Complexity of Self-Attention Self-attention
in the traditional vision transformer has a quadratic com-
plexity with respect to the number of patches N:

O(N?.d) (18)

where d is the feature dimension.

In contrast, Swin Transformer partitions the image into
local windows of fixed size M X M. The self-attention is then
computed within each window instead of across the entire
image. The complexity is:

O(hwC? + M?hwC) (19)

where

h, w are the height and width of the image,

C is the channel dimension,
M is the window size.

Since M is fixed, Swin Transformer has linear complexity
relative to image size O(N), unlike ViT, which has quadratic
complexity.

Shifted Window Mechanism The shifted window approach
improves information exchange between neighboring win-
dows. The update rule for tokens in layer / and [+ 1 is:
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ZtD = SW — MSA(LN(z?)) + z? (20)
2*? = MLP(LN(z"*D)) + 2D 1)
where

SW-MSA is shifted window multi-head self-attention,

LN() is Layer Normalization,

MLP(+) is a feed-forward network.
This alternating window mechanism maintains efficiency
while allowing global interactions.

Relative Position Bias in Attention The attention mechanism
includes a relative positional bias matrix B, added to the
self-attention scores:

. OKT
Attention(Q, K, V) = Softmax \/_ +B |V (22)
d

This enhances spatial relationships while maintaining
efficiency.

Hierarchical Feature Representation Swin Transformer con-
structs a multi-scale representation through patch merging.
At each stage, feature maps are downsampled:

Hyy = 23)

?7
which increases the channel dimension while reducing spa-
tial resolution, allowing Swin Transformer to efficiently
model coarse-to-fine representations.

ConViT (Convolutional Vision Transformer)

ConViT offers a unique blend of convolutional and Trans-
former architectures, while the original ViT depends solely
on self-attention mechanisms to process image patches,
ConViT introduces convolutional layers in the initial stages
of the network. These layers are great at capturing local
features, which go well with the global feature capturing
abilities of the following Transformer layers. To fine-tune
ConViT, one could try increasing the kernel sizes of the
convolutional layers and the attention heads of the follow-
ing Transformer layers to better capture a wider range of
features [20].

Gated Positional Self-Attention (GPSA) The ConViT modi-
fies the standard self-attention formulation by incorporating
relative positional encodings to introduce soft convolutional
biases. The GPSA layer combines content-based and posi-
tion-based attention through a gating mechanism:

AJPA = (1 — 6(4h)). softmax(Q,K[) + 6(),). softmax(v, r;)

(24)
where
rij represents relative positional encodings based on the
spatial distance between patches i and j,
Vi is a trainable embedding that determines the atten-

tion span,
o(\,) is asigmoid gating function that interpolates between
content-based self-attention and positional attention.

By initializing GPSA layers with strong locality con-
straints (high o(Ah)), ConViT ensures that early layers
behave like convolutional layers. As training progresses,
the network gradually reduces o(Ah), allowing it to escape
locality constraints and transition into a fully flexible atten-
tion mechanism.

The Convolutional Bias ConViT’s attention heads can
approximate a convolutional kernel of size 1/N,x1/N,. The
initialization enforces locality via:

virs = —ah(l,—-2A,,-2A7.0,...,0) (25)

where

Ah=(A,, A7) defines the position of the receptive field for
head h,

ah is a locality strength parameter controlling

the attention spread.

This ensures that at initialization, attention heads act as
discrete convolutional filters, allowing ConViT to inherit
CNNs’ sample efficiency.

LeViT
LeViT aims to bring vision transformers closer to con-

volutional neural networks in terms of inference speed,
without sacrificing much in terms of performance, unlike
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the original ViT which solely relies on attention mecha-
nisms, LeViT incorporates convolutional layers in a
way that makes it more efficient for real-time inference
tasks. It is designed to offer a trade-off between compu-
tational efficiency and performance, making it suitable
for applications where both speed and accuracy are cru-
cial [21]. By understanding these architectural nuances
and fine-tuning strategies, practitioners can make more
informed choices about which vision transformer vari-
ant to employ, depending on their specific needs and
constraints.

Patch Embedding with Convolutional Reduction Instead
of using a fixed-size patch embedding as in ViT, LeViT
employs a series of 3 X3 convolutional layers with stride 2
to reduce the spatial resolution while increasing the number
of channels:

X, = fy(Image) (26)

where X,ERC, x Hy X W, is the resulting feature map.

Multi-head Self-Attention with Attention Bias Each LeViT
transformer block consists of a self-attention mechanism
with a learned per-head translation-invariant bias:

h _ T h
Ay = Qe Koy F Bleoyjy-y) @7n

where
0,K,and V are the query, key, and value matrices,

B|hx—x’| ly—y] is a learned spatial bias that replaces tradi-

tional positional embeddings.

The attention operation is computed as:

. OKT
Attention(Q, K, V) = Softmax +B |V (28)
dy

where d, is the dimensionality of the key vectors.
Pyramid Pooling for Resolution Reduction LeViT incor-

porates a multi-stage pyramid structure where resolution is
progressively reduced using attention-based downsampling:

X1 = Attn(Q,, K, V) (29)

X! = Downsample(X,, ) (30)

1+1

where the downsampling step reduces spatial dimensions
H;xW,—H,, ;X W, ,, typically halving the resolution.

@ Springer

Efficient MLP Blocks LeViT modifies the traditional MLP
head in transformers by reducing the expansion factor:

Y = o(W, - Hardswish(W, X)) 31)
where
W, and W, are the weight matrices of the MLP layers,

c is batch normalization,
Hardswish 1is used instead of GELU for computational
efficiency.

Classification Head Instead of using a class token, LeViT
applies global average pooling over the final feature map:

v = softmax(W,, - GAP(X})) (32)

where GAP is global average pooling.

Recent Advancements in Medical Image
Classification

In the section titled, we aim to present a comprehensive
review and analysis of the studied papers, focusing on the
innovative applications of vision transformer in the classifi-
cation of medical images across various fields, this section
has been systematically organized by the medical field to
offer a clearer view of the developments and achievements
within each specific area. The wide array of medical fields
addressed includes, but is not limited to, breast cancer clas-
sification, skin lesion analysis, MRI brain tumor analysis,
and coronavirus 2019 classification. Through this synthe-
sis of recent advancements, we aim to explore the latest in
medical image classification with ViT and the challenges
and solutions in each domain.

Breast Cancer Classification

Gheflati and Rivaz [22] propose a method for breast US
image classification based on transfer learning of pre-trained
ViT models. They use two different datasets of breast US
images and evaluate their results using the metrics of classi-
fication accuracy and AUC. The ViT architecture consists of
a Transformer encoder with self-attention modules, and the
authors also compare their results with CNN-based models.
Fine-tuning of the models is done using the Adam optimizer
for CNNs and SGD (Stochastic Gradient Descent) with a
weighted cross-entropy loss for ViTs. The experiment is
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conducted on 85% of the data for training and 15% for test-
ing, with fivefold cross-validation for final evaluation, and
they have achieved an accuracy of 86.7 on BUSI+ B dataset.

Tummala, Kim, et al. [23] investigated the ability of a
variant of vision transformer called SwinT to classify benign
and malignant breast cancer subtypes using histopathology
images. The researchers used an openly available dataset
of 7909 images taken at different zoom levels. The results
showed that an ensemble of SwinTs, including varied sizes,
had an average test accuracy of 96% for eight-class classifi-
cation and 99.6% for two-class classification, outperforming
previous works. This method could lead to relief for patholo-
gists. Future research could include the development of a
real-time decision-support system to assist pathologists in
making faster and more accurate diagnoses. Figure 2 shows
the proposed approach.

Abimouloud et al. [24] proposed a hybrid TokenMixer
architecture that integrates convolutional neural networks
and vision transformers to enhance breast cancer classifica-
tion using histopathology images. Their approach addresses
the high computational cost and complexity of ViTs by
reducing the number of input patches through convolu-
tional layers while leveraging transformer encoder layers
for fast and accurate classification. The BreakHis dataset
was used for evaluation, and their model achieved 97.02%
accuracy in binary classification and 93.29% accuracy in
multi-class classification across different magnification lev-
els (x40, x 100, x 200, x 400). Figure 3 shows the proposed
approach.

Wang et al. [25] propose a model for breast cancer
detection using two datasets: the breast ultrasound images
(BUSI) dataset and the Breast Cancer Histopathological

Image Classification (BreakHis) dataset. The BUSI dataset
was collected and annotated at the Baheya hospital, with a
total of 780 images after preprocessing, in grayscale with
a resolution of 1280 1024. The BreakHis dataset con-
tains 7909 microscopic images of breast tissue, including
2480 benign and 5429 malignant samples, with 4 magni-
fying factors, 700 X 460 pixels and stored in PNG format.
The method uses an Attention Transformer-ViT (ATS-ViT)
model, trained using supervised and consistency training,
with three types of losses combined to optimize the neural
network. The architecture of the ATS-ViT model is based
on the transformer architecture, which uses an attention
mechanism to capture semantic meanings and relationships
among the input tokens. The experimental results show that
they have achieved an accuracy of 98.12% compared to other
methods. Future directions include improving the accuracy
and generalization ability of the model. Limitations include
the need for more labeled data and the difficulty of interpret-
ing the model. Figure 4 shows the proposed approach.
Chen et al. [26] present a study that uses ViTs for breast
cancer detection in mammograms. The dataset contains
3796 mammograms from 949 patients, where some were
diagnosed as benign, and others were confirmed to have
malignant lesions. The mammograms are processed using
the multi-view vision transformer (MVT) model, which
includes two parts: local transformer blocks and global
transformer blocks. The local transformer blocks process
information from individual view images while the global
blocks process information from all view images together.
The model includes self-attention and multi-head attention
and is trained using patch and position embeddings. The
authors subsampled the original mammograms and reduced

B W H W H_w
SXT X —X—= X AW
8" 8 2C 16~ 16 4c 32 X % X 8C
Stage 2 Stage 3 Stage 4
Transformer Swin Swin R Swin
Block*2 Transformer Transformer Transformer
Block*2 Block*18 Block*2
D
(A)

Fig.2 Illustrating the hierarchical Swin Transformer architecture.
A Overview of the four-stage feature extraction process with patch
embedding and Swin Transformer blocks. B Detailed structure of the

Swin Transformer block with multi-layer perceptron (MLP), layer
normalization (LN), and window-based self-attention (W-MSA/SW-
MSA) mechanisms [23]
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represents the TokenMixer pipeline, integrating an attention map for
token selection, convolution-based feature extraction, and a trans-
former encoder block for classification [24]

Fig.3 Overview of the TokenMixer architecture for breast cancer
classification. The top diagram illustrates the ConvMixer model,
which processes embedded image patches through convolutional lay-
ers, batch normalization, and GELU activation. The bottom diagram

Supervised training Consistency training

ground truth labels, while consistency training generates pseudo-
labels for augmented unlabeled images, ensuring prediction consist-
ency [25]

Fig.4 The approach incorporates both supervised training with
labeled images and consistency training with unlabeled images.
Supervised training minimizes the loss between predictions and
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their sizes to improve computation time. This study achieved
a case classification performance with an area under ROC
(receiver operating characteristic curve of 0.818 +0.039,
which outperforms the state-of-the-art multi-view CNNs
(AUC=0.784+0.016) and two one-view-two-side mod-
els (AUC=0.724+0.013 and 0.769 + 0.036). Limitations
include the need for larger datasets and the difficulty of inter-
preting the model. Future directions include investigating the
use of different transformer architectures and exploring the
potential for transfer learning.

In the work of He et al. [27], a new Deconv-Transformer
(DecT) network is introduced that integrates color decon-
volution in the form of convolution layers and self-attention
mechanism. It combines information from RGB and HED
color space images and uses a residual connection to prevent
information loss. The model’s parameters are optimized in
two stages, and color jitter is used for data augmentation to
avoid overfitting. The DecT model shows an average accu-
racy of 93.02% and F1 score of 0.9389 on the BreakHis
dataset and an average accuracy of 79.06% and 81.36% on
the BACH and UC datasets. Limitations include the need for
more diverse datasets and the difficulty of interpretability.
Future directions include exploring the potential of using the
model for other types of cancer and optimizing the model’s
performance for different tasks.

Mehta et al. [28] introduce HATNet which unifies the
separate components of histopathological image analy-
sis into a single neural network and allows for end-to-end
training and inference. HATNet is based on the transformer
architecture and uses a bag-of-words approach with atten-
tion mechanisms to learn inter-word and inter-bag represen-
tations. The network comprises several modules including

L € RY
Bag-to-image| ¢, .
attention J© " 7

Image I |
Bags

Words wioWLwlw

Word-to-bag
attention

Fig.5 a The hierarchical multi-instance learning framework pro-
cesses whole-slide images (WSIs) using a CNN for feature extrac-
tion at the word level, followed by word-to-word, word-to-bag, and
bag-to-bag attention mechanisms. b Word-to-word attention module
enhances local feature interactions. ¢ Word-to-bag attention aggre-

word-to-word attention, word-to-bag attention, bag-to-bag
attention, bag-to-image attention, and image classification.
These modules enable HATNet to identify important words
and bags in images and produce pathologist-level perfor-
mance. Limitations include the need for more diverse data-
sets and the difficulty of interpretability. Future directions
include investigating the use of different transformer archi-
tectures and exploring the potential for transfer learning.
Figure 5 shows the proposed approach.

Kaczmarek et al. [29] propose an approach for classifying
cancer using patient-matched miRNA and mRNA data from
the TCGA. The patient data is preprocessed and mapped as a
bipartite graph with miRNA and mRNA expressions as node
features. The graph classification is performed through a net-
work structure of a linear layer, two Graph Transformer Lay-
ers (GTLs), and a Multilayer Perceptron (MLP). The GTLs
use self-attention mechanisms to update node features based
on the expressions of neighboring nodes and the final fea-
tures are input to the MLP for classification. The attention
of the trained GTL is then used to identify significant mole-
cules and pathways for different cancers. The GTN achieved
a 93.56% accuracy in classifying 12 types of cancers, out-
performing the graph convolutional network, random forest,
support vector machine, and multilayer perceptron. Limita-
tions include the need for more diverse datasets and the dif-
ficulty of interpretability. Future directions include exploring
the use of different types of multi-omics data and improving
the model’s performance on specific cancer types. Figure 6
shows the proposed approach.

He et al. [30] proposed a vision transformer network
enhanced with wavelet-based features for breast ultrasound
classification. The approach integrates the Discrete Wavelet

f o .l Multi-head l o .
Benign | B2 attention Bag-to-bag attention

Atypia g (d) B[,zb
DCIS i 3 i

H ) Multi-head Feed forward B
Invasive Bwa attention | > etwork (FFN) [ Db2b

Function o o
( 7 ]—V[ Linear H Sollmdx]

(© :
i o - =1
T | Dot-product Bw2b
Word-to-bag attention
Bi Multi-head Feed forward Bi
cnn attention network (FFN) w2w

(b)

Word-to-word attention

gates word features into bag representations. d Bag-to-bag attention
refines the final bag representations for classification. The final fea-
ture vector is used for clustering and classification into benign, atypia,
and DCIS categories [28]
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Transform (DWT) at the input stage to extract significant
frequency-domain features, improving the receptive field
of the transformer network. This enables better recognition
of intricate breast tissue characteristics and more accurate
classification of malignant and benign tumors. The study
focused on breast ultrasound images, utilizing two datasets:
780 cases from Baheya Hospital in Egypt and 267 cases
from the UDIAT Diagnostic Centre in Spain. Experimental
results demonstrated that the proposed model outperformed
conventional deep learning techniques, achieving an area
under the curve (AUC) of 0.984 and 0.968 on the two data-
sets, respectively.

Baroni et al. [31] proposed a self-attention vision trans-
former model optimized for classifying breast cancer in his-
topathology images. Their approach investigates the impact
of various training strategies, including pretraining, data
augmentation, color normalization, patch configurations,
and tile overlap on model performance. The primary modal-
ity used in this study is histopathology images of breast can-
cer, with experiments conducted on the BACH dataset and
additional evaluations on BRACS and AIDPATH datasets
to assess generalization. Their best-performing ViT model,
pretrained on ImageNet and fine-tuned on breast cancer
histology images with geometric and color augmentation,
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Fig.6 The process consists of three main stages: (1) graph creation,
where miRNA-mRNA interactions are modeled as a graph using
TargetScan predictions; (2) graph transformation, where the graph
undergoes transformation through multiple layers incorporating lin-
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achieved an accuracy of 0.91 on the BACH dataset, surpass-
ing previous BACH challenge winners (0.87). The model
also demonstrated 0.74 accuracy on BRACS and 0.92 accu-
racy in binary tumor classification on AIDPATH.

Table 1 shows a summary of the above approaches in
breast cancer classification.

Skin Lesion Analysis

Sarker and Moreno-Garcia [32] introduce a transformer-
based model for skin lesion classification. The model
employs a bidirectional encoder representation from der-
matoscopic images to classify lesions. Experiments using
the public HAM 10000 dataset yield promising results,
with accuracy, precision, recall, and F1 score of 90.22%,
99.54%, 94.05%, and 96.28% respectively. These results
suggest potential for further exploration of transformer-
based approaches in addressing challenges in medical
image classification, specifically generalization to diverse
samples. Limitations include the need for more diverse
datasets and the difficulty of interpretability. Future direc-
tions include exploring the use of additional data modali-
ties and improving the model’s performance on rare skin
lesions.
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ear layers and positional encoding; and (3) graph classification, where
the transformed graph is classified into different cancer types (e.g.,
BLCA and THCA) [29]
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Nie et al. [33] propose a hybrid neural network for classi-
fying skin lesions in medical diagnostics. The hybrid model
combines CNN with ViT components. The CNN compo-
nent uses ResNet-50 as the feature extractor and the ViT
component consists of an embedding layer, a transformer
encoder, and a multi-layer perceptron (MLP) head. The
transformer encoder uses multi-head attention (MHA) and
MLP blocks to process the results of the MHA. To handle
the class imbalance, cross-entropy, weighted cross-entropy,
and FL functions have been included. This paper conducted
6 experiments on dermoscopic images in the ISIC 2018
dataset and improved the classification accuracy from 74 to
89% using 6 models to classify skin cancer into 7 categories.
Figure 7 shows the proposed approach.

He et al. [34] propose an FTN, a Fully Transformer Net-
work, to analyze skin lesions by learning long-range con-
textual information. FTN is a hierarchical Transformer that
computes features using the Spatial Pyramid Transformer
(SPT). SPT has linear computational complexity and reduces
computation and memory usage through a spatial pyramid
pooling (SPP) module in the multi-head attention (MHA).
The effectiveness and efficiency of FTN are verified through
extensive skin lesion analysis experiments using the ISIC
2018 dataset. Results show that FTN surpasses other state-
of-the-art CNNs in terms of computational efficiency and the
number of tunable parameters, thanks to the efficient SPT
and hierarchical network structure. The authors discusses the
need for larger datasets and exploring ways to incorporate
clinical data.

Lima and Krohling [35] investigate 20 skin lesion clas-
sification models with 30 million parameters or less and
GPU (Graphics Processing Unit) memory requirements
less than 12 GB. The models are selected from the 20
best models in the TIMM pre-trained collection based
on ImageNet-Real, with a fresh set of labels intended to
improve on the original annotations. The input data con-
sists of a clinical image and clinical information, and
the clinical image features are extracted by a pre-trained
backbone model. A fusion block is used to add clinical
information to the reformatted image features, and four
alternatives to the fusion block are analyzed. The mod-
els are fine-tuned on a dataset of 2298 skin lesion sam-
ples with 6 types of skin lesions and 21 clinical features,
which was chosen because it deals with multimodal data
for skin lesion diagnosis. The study found that distillation
and transformer architectures (PiT, CoaT, and ViT) can
improve the performance in skin lesion diagnosis task on
PAD- UFES-20 dataset, with the average AUC of “pit_s_
distilled_224" and “coat_lite_small” models with Meta-
Block fusion achieving competitive results (0.941 +0.006
and 0.940 +0.002 respectively). The approach is limited
to skin lesions, potential to improve with larger datasets
and more advanced architectures.

@ Springer

Wau et al. [36] introduce a method called “Scale-Aware
Transformers” (ScATNet) for learning representations from
histopathological images at multiple scales in an end-to-end
manner. The method is based on the transformer architecture
which has two modules: self-attention and feed-forward. The
method involves three main steps: (1) patch-wise embed-
dings are learned using a CNN for each input scale, (2) patch
embeddings are fed to a transformer to learn inter-patch rela-
tionships, (3) contextualized scale embeddings are learned
across multiple input scales using transformers. The method
overcomes the limitations of patch-based CNNs by allowing
the system to learn both local and global representations.
The software will be made available. The experiments show
that this model achieved an accuracy of 64% on skin biopsy
dataset. This approach is limited to melanocytic lesions,
future work to explore the method’s generalizability to other
skin lesions. Figure 8 shows the proposed approach.

Zhao [37] proposes a method for skin cancer classification
consisting of data pre-processing and model construction.
Data pre-processing involves median frequency balancing
to handle class imbalance, cropping images to fit the model,
data augmentation, and normalization. The models used for
skin cancer classification include VGG16, ResNet18, ViT,
and DeepViT. VGG16 is a 16-layer CNN with five Max
pooling layers and three fully connected layers. ResNet18 is
a 72-layer architecture based on VGGNet with residual con-
nections to mitigate vanishing and bursting gradients. ViT
splits the input into tokens and pushes them into the trans-
former encoder. DeepViT replaces the self-attention layer
within the transformer block with a reattention module to
improve accuracy and it achieves an accuracy of 84% and
a loss of 67% on HAM10000 dataset. Limitations include
small dataset size and potential overfitting; future directions
include incorporating additional data sources and optimizing
hyperparameters.

Zhou et al. [38] present a neural network model for skin
lesion diagnosis that utilizes both images and textual infor-
mation. They extract fine-grained features from both data
types using pre-trained deep learning models and introduce a
Mutual Attention Transformer (MAT) approach to combine
the features. MAT incorporates self-attention blocks and
guided-attention blocks for concurrent interaction between
features from both modalities. A fusion mechanism inte-
grates the represented features before classification. Their
method outperforms existing state-of-the-art techniques
based on experimental results on the HAM10000 data-
set. Future directions include exploring multi-modal and
explainable Al approaches. The method is limited by dataset
bias and lack of interpretability.

Himel et al. [39] proposed a ViT-based approach for skin
cancer segmentation and classification using dermatoscopic
images. The study utilizes the HAM 10000 dataset, which
contains 10,015 skin lesion images categorized as benign
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«Fig.7 The diagram illustrates a hybrid deep learning framework
integrating a ResNet50 backbone for feature extraction and a vision
transformer for classification. The process involves patch embedding,
transformer encoders with multi-head self-attention mechanisms,
and an MLP head for final classification. The approach is designed
to classify skin lesions into multiple categories, including melanoma
(MEL), nevus (NV), basal cell carcinoma (BCC), and other skin con-
ditions [33]

or malignant. The approach incorporates the Segment Any-
thing Model (SAM) for precise segmentation of cancerous
regions, achieving an IOU of 96.01% and a Dice coefficient
of 98.14%. For classification, they experimented with mul-
tiple ViT-based models, including ViT-Google, ViT-MAE,
ViT-ResNet50, ViT-VAN, ViT-BEiT, and ViT-DiT. The
ViT-Google (patch-32) model demonstrated superior per-
formance, attaining 96.15% accuracy with a low false nega-
tive rate.

Xin et al. [40] proposed an improved vision transformer
ViTmodel named SkinTrans for skin cancer classification
using dermoscopic images. The approach enhances ViT with
multi-scale overlapping sliding windows for better feature
extraction and contrastive learning to improve classification
performance by making similar skin cancer data encode
similarly while maximizing differences between different
classes.The study focuses on dermoscopic images, utiliz-
ing the HAM10000 dataset and a clinical dataset collected
through dermoscopy. The SkinTrans model achieves 94.3%
accuracy on HAM10000 and 94.1% on the clinical dataset.

Table 2 shows a summary of the above approaches in skin
lesion classification.

MRI Brain Tumor Analysis

Tummala, et al. [41] propose a ViT architecture for clas-
sifying MRI images from a dataset of 3064 slices from 233
patients with meningiomas, gliomas, or pituitary tumors.
The dataset has images with different spatial resolutions in
sagittal, coronal, and axial directions. The ViT model works
by treating image patches as words and using a transformer
encoder to classify the image. Pretrained and fine-tuned
ViT base and large models were used on the ImageNet-21 k
and ImageNet-1 k datasets. The MRI images were resized
to meet the input requirements of the models. A learnable
embedding was concatenated to the sequence of patch
embeddings to produce the final output and achieving an
accuracy of 98.7% on a brain tumor dataset from figshare.
Lyu et al. [42] developed a deep-learning method for pre-
cise, non-invasive digital histology using whole-brain MRI
data. A total of 1582 contrast-enhanced T1-weighted and
fast spoiled gradient echo MRI exams were processed and
used in the deep-learning workflow for tumor segmenta-
tion, modality transfer, and primary site classification into
5 classes. Results showed an overall AUC of 0.878 (95%

@ Springer

CI: 0.873-0.883) through tenfold cross-validation, indicat-
ing that whole-brain imaging features are sufficient for accu-
rate diagnosis of primary malignancy sites. This end-to-end
deep radiomic approach has potential to classify metastatic
tumor types from whole-brain MRI images and may become
a valuable clinical tool for faster primary cancer site identifi-
cation and better treatment outcomes with further improve-
ment. Figure 9 shows the proposed approach.

Reddy et al. [43] proposed a fine-tuned vision transformer
(FTVT) approach for multi-class brain tumor classification
using MRI scans. The study introduced four FTVT mod-
els—FTVT-bl16, FTVT-b32, FTVT-116, and FTVT-132—
while comparing their performance against conventional
deep learning models such as ResNet-50, MobileNet-V2,
and EfficientNet-B0O. The dataset used contained 7,023
MRI images categorized into four classes: glioma, menin-
gioma, pituitary, and no tumor. The experimental results
demonstrated that the FTVT-116 model achieved the high-
est classification accuracy of 98.70%, outperforming other
FTVT variants (FTVT-b16: 98.09%, FTVT-b32: 96.87%,
and FTVT-132: 98.62%) as well as deep learning baselines
(ResNet-50: 96.5%, EfficientNet-B0: 95.1%, and MobileNet-
V2:94.9%).

Zhang et al. [44] proposed AugTransU-Net, a novel Aug-
mented Transformer U-Net for MRI brain tumor segmen-
tation. The approach addresses the limitations of existing
transformer-based U-Net models by incorporating Aug-
mented Shortcuts into transformer blocks at the bottleneck
to enhance feature diversity. Additionally, Paired Atten-
tion (PA) modules are introduced at both the encoder and
decoder stages to establish long-range spatial and channel
relationships.The method was evaluated on the BraTS2019-
2021 brain tumor segmentation datasets using MRI scans
as the imaging modality. The experimental results demon-
strated the effectiveness and competitiveness of AugTransU-
Net, achieving Dice similarity coefficients (DSC) of 89.7%,
78.2%, and 80.4% for whole tumor (WT), enhancing tumor
(ET), and tumor core (TC) segmentation, respectively, on
BraTS2019-2020 validation sets.

Table 3 shows a summary of the above approaches in
brain tumor classification.

Lung Cancer/Disease Classification

Sun and Pang [45] present a framework for recognizing
early lung cancer using the Swin Transformer. The Swin
Transformer framework consists of three phases: image
processing, attention blocking, and downstream operations.
Image processing involves converting RGB images into
non-overlapping patches, which are then transformed into
feature matrices. The attention blocking phase consists of
stacking several blocks of the Swin Transformer, which uses
shift window-based multi-head self-attention and multi-layer
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Fig.8 The approach integrates hierarchical feature extraction, scale-aware embeddings, and a classification module to enhance lesion classifica-

tion performance [36]

Table 2 Comparative overview of vision transformer studies in skin lesion classification

Sarker and ~ Nie et al. X.Heetal. Limaand Wu et al. Zhao [37]  Zhouetal. Himeletal. Xinetal. [35]
Moreno- [33] [34] Krohling [36] [38] [34]

Garcia [35]

[32]

Types of Skin lesions  Skin lesions ~ Skin lesions Malignant ~ Melanocytic Malignant ~ Benign and Benignand Malignant
diseases (benign and benign  lesions skin malignant ~ malignant  skin lesions
included and malig-  skin lesions tumors tumors

nant) tumors (mela-
noma and
non-mela-
noma)

Full archi-  Transformer- Deep CNN  Full archi-  Full archi-  Full archi- Compared  Full archi-  Full archi-  Full architec-
tectures based trans- tecture tectures tectures full tectures tectures tures
versus architec- former architec-
light- ture hybrid tures and a
weight model light-
models weight

model

perceptron to learn image features. The shifted window par-
titioning technique is used to connect adjacent non-overlap-
ping windows, which increases the perceptual field of view.
The model achieved a maximum accuracy of 82.3% on the
classification task and over 95% on the segmentation task
after pre-training. The authors suggest further investigation
on the use of the proposed method for other medical image
analysis tasks and the development of a more efficient algo-
rithm for real-time application. Figure 10 shows the pro-
posed approach.

Khademi et al. [46] propose a framework for lung nod-
ule classification called CAET-SWin. The framework uses
a self-attention mechanism, which is a key component of the
transformer architecture. The input data is first pre-processed
with a U-Net-based lung segmentation model. The extracted
lung areas are then passed into two parallel paths of the
CAET-SWin framework. The multi-head self-attention

mechanism computes weighted averages of the input
sequence’s instances and allows the model to jointly attend
to information from different representation subspaces.
The method achieved an accuracy of 82.65%, sensitivity of
83.66%, and specificity of 81.66% using tenfold cross-vali-
dation, improving the reliability of the invasiveness predic-
tion task. The authors suggest further investigation on the
use of the proposed method for other medical image analysis
tasks and the exploration of more efficient training strategies
for 3D + time medical image analysis. Figure 11 shows the
proposed approach.

Chen et al. [47] collected 347 images of lung washout
cells from 10 patients, which were labeled and counted by
pathologists resulting in 2473 lung cells, including 143
cancerous, 724 normal, and 1606 noisy cells. The paper
introduced NucleAlzer, a deep learning framework for cell
nucleus segmentation which was used to segment each lung

@ Springer
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Fig. 10 The model consists of three main stages: (1) patch extraction from Lung CT scan images, (2) feature extraction using Swin Transformer
blocks, and (3) dual-task classification and segmentation for disease diagnosis [45]
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Fig. 11 The model integrates U-Net lung segmentation, a convolutional autoencoder, a transformer encoder, and multi-layer perceptron (MLP)

classifiers to distinguish between benign and malignant cases [46]

The self-attention mechanism is divided into two 1D mecha-
nisms to improve efficiency, and a position code is added to
the query mechanism to make it more responsive to position
information. The model achieved an accuracy of 98.5% and
a sensitivity of 98.6% on CC-CCII dataset. Figure 13 shows
the proposed approach.

Wu et al. [49] propose a ViT model that classifies
emphysema subtypes using CT images. Large patches
are cropped and divided into smaller patches, which are
converted to patch embeddings and fed into a transformer
encoder for final representation. The pre-trained ViT
model on ImageNet has an average accuracy of 95.95% in
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Fig. 12 The model processes
input lung images through
hierarchical Swin Transformer
blocks, employing patch embed-
dings, merging layers, and self-
attention mechanisms to extract
multi-scale features [47]
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the lab’s own dataset, outperforming other models such
as AlexNet and ResNet50. The pre-trained ViT model
also outperforms the ViT model without pre-training and
has comparable accuracy to other methods for the public
dataset. The results show that the ViT model can accu-
rately classify emphysema subtypes, making it useful for
computer-aided diagnosis and other medical applications.
Future work needed to improve accuracy and generaliza-
tion to new datasets.

Bharati et al. [50] propose a new hybrid deep learning
framework called VDSNet which combines VGG (Visual
Geometry Group), data augmentation, and spatial trans-
former network with CNN. The implementation tools used
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are Jupyter Notebook, Tensorflow, and Keras. The model
is tested on the NIH chest X-ray image dataset from Kag-
gle and outperforms existing methods in terms of precision,
recall, FO.5 score, and validation accuracy. On the full data-
set, VDSNet has a validation accuracy of 73% compared to
other models. Figure 14 shows the proposed approach.

The study of Shamrat et al. [51] aims to determine the
most efficient transfer learning method for classification
by evaluating eight pre-trained models, including AlexNet,
GoogleNet, InceptionV3, ResNet50, MobileNetV2, Effi-
cientNetB7, DenseNet121, and VGG16. The highest accu-
racy was achieved by adding several layers to the VGG16
model, creating a customized fine-tuned transfer learning
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utilizing Compact Convolutional Transformers (CCT) for enhanced

feature extraction [48]
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Fig. 14 VDSNet framework for lung disease classification, integrating VGG16, spatial transformer networks to enhance classification perfor-

mance on chest X-ray images [50]

method. The various pre-trained models have different archi-
tectures and are pre-trained with various techniques, such
as using max pooling and convolutions in AlexNet, using
inception modules in GoogLeNet, using factorized convolu-
tions in InceptionV3, using a mixture of convolutional filters
in ResNet50, and using an inverting residual structure in
MobileNetV2. Figure 15 shows the proposed approach.
Ma and Lv [52] compare the performance of a model for
pneumonia identification in chest X-rays based on a trans-
former backbone network with models based on traditional
convolutional neural backbone networks. The experiments
were done on two publicly available chest X-ray datasets,
Chest X-ray dataset from National Institutes of health and
CXR images (pneumonia) data set from Guangzhou Women
and Children’s Medical Center. The model used in the exper-
iment was based on the Swin Transformer backbone network
and had steps for image enhancement, parameter optimiza-
tion, feature extraction, classification, and lesion area output.
The performance of the model was compared with models

based on AlexNet, Googl.eNet, VGGNet16, ResNet50,
DenseNet, and DenseNet121. The decision factors were
also extracted using Grad-CAM to perform discriminative
output of the lesion.

Jiang et al. [53] propose a new variant of the pyramid
vision transformer for multi-label chest X-ray image clas-
sification (MXT) to assist in the diagnosis of lung diseases
during the COVID-19 outbreak. MXT captures both short
and long-range visual information, reduces resource con-
sumption and encodes position information for effective
multi-label classification. The proposed method was evalu-
ated on two datasets and yielded a high mean AUC score of
83.0% and 94.6%. Ablation studies showed that the proposed
MLOP embedding and dynamic position feed forward per-
form better than the traditional methods. The comprehensive
experiments demonstrate the effectiveness of the proposed
MXT in assisting radiologists in diagnosing lung diseases
and reducing the work pressure of medical staff. Limited
to binary and multi-label classification, future work could
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Fig. 15 The process includes data collection from multiple databases,
data preprocessing with enhancement and augmentation techniques,
model selection where VGG16 showed the highest accuracy, and the
development of a proposed model, LungNet22. The model undergoes

investigate its performance on other medical image clas-
sification tasks.

Imran et al. [54] proposed a Transformer-Based Hierar-
chical Model for detecting and classifying Non-Small Cell
Lung Cancer (NSCLC) using histopathological images.
Their approach integrates CNNs and ViTs to capture both
local and long-range dependencies in medical images. The
model classifies NSCLC into three categories: normal, ade-
nocarcinoma, and squamous cell carcinoma. The study uti-
lized the LC25000 dataset, a benchmark dataset for NSCLC
histopathology classification. The model outperformed state-
of-the-art methods, achieving an accuracy of 0.988, F1 score
of 0.980, specificity of 0.991, recall of 0.982, and precision
of 0.980. Additionally, it demonstrated a low inference time
of 1.816 ms, making it suitable for real-world applications.

Table 4 shows a summary of the above approaches in
Lung Cancer classification.

@ Springer

Proposed Model: LungNet22

ablation studies to refine performance, followed by result analysis
using multiple evaluation metrics such as accuracy, precision, recall,
and GradCAM visualization [51]

Retinal and Eye Analysis

Playout et al. [55] evaluate the performance of ViTs for reti-
nal disease classification compared to traditional CNN mod-
els, taking into account multi-modality imaging and gener-
alization to external data. The study introduces a mechanism
called Focused Attention to produce high-resolution inter-
pretable predictions via attribution maps, and through a sur-
vey with retinal specialists, confirms the superior interpret-
ability of ViTs and the relevance of Focused Attention as a
lesion detector. Future work includes exploring the effective-
ness of the mechanism on other image classification tasks.
Rodriguez et al. [56] used a data preprocessing step to
extract useful information from the images in a dataset of
retinal diseases, the authors perform background removal to
reduce the size of the images and remove redundant informa-
tion, the classification model used is the C-Tran architecture,
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_ 6 which is a transformer encoder that takes both visual fea-
S & tures from a CNN and masked labels as input. The C-Tran
T:s: ;f " model consists of three parts: generating features, labels, and
g o % % state embeddings, modeling feature and label interactions
E E E g a using a transformer encoder, and prediction using a fully
— connected layer. The model also uses state embeddings to
) handle partially labeled data; the experiments show that the
Tf model achieved an AUC score of 0.962 compared to other
é{) E z A approaches. '
= @) < S Shen et al. [57] propose Structure-Oriented Transformer
= (SoT) framework for retinal disease grading, which aims
% = to improve the accuracy of vision loss prediction by better
ﬂ ; capturing the relationship between the local lesion and the
§ E E A whole retina, the SoT framework uses structure guidance as
= @) O S a model-oriented filter, a pre-trained vision transformer, and
) a Token vote classifier to obtain the final grading results, the
;‘j gb SoT framework is shown to outperform existing methods for
5 . g neovascular Age-related Macular Degeneration (nAMD)
_S;E" = %" E‘ A grading and to have' good generality .for different retinal dis-
e e x o eases. Future work includes expanding the method to other
diseases and datasets and exploring other transformer models.
Eé éb gﬂ Z. Ma et al. [58] used two retinal optical coherence
- é g tomography (OCT) datasets, the OCT2017 and the Srini-
_g = E E A vasan2(014, obtained from 4686 and 45 patients, respec-
Mmoo x N tively, the datasets consist of various retinal images divided
5 . into different classes such as normal, dry form of AMD, wet
g £y form of AMD, and diabetic macular edema, the proposed
E én E method in the study, HCTNet, improves retinal OCT clas-
- | B 3 3 2 sification by combining the advantages of vision transformer
% ) and CNN. The HCTNet takes a retinal OCT image as input
= and uses a low-level feature extraction module to generate
% § o low-level features, followed by two branches for global and
5 V% E 5 a local analysis using the Transformer and ConvNet respec-
§ = tively, the output of these two branches is then fused and a
o | © final retinal disease classification is performed using a fully
i Tj § connected layer. The proposed method achieves an accuracy
% % o g of 91.56%. Figure 16 shows the proposed approach.
ERES 3 s a Jiang et al. [59] used a dataset of OCT fundus images
§ ) collected by Duke University, which includes 1407 images
g :g . of normal retinal, 723 images of AMD, and 1101 images of
£ |2 £y % DME. The images are preprocessed by resizing and normali-
i S & E s zation before being input into a vision transformer, which
:% v § 3 5 2 is an image classification model based on the transformer
% structure used in NLP. The vision transformer consists of
5 %" . an encoder component made up of six identical encoders,
; o £y each consisting of a multi-head attention layer and a feed-
3 § _| & £ forward layer. The images are divided into patches and pro-
g 22| 3 3 q cessed through linear embedding, positional embedding,
% .9 = class embedding, and an MLP head structure before being
g -§‘ Qv ; g E 75 :? classified. The loss function used in this study is the sym-
3 o é 23 ;L,:f E é@ 2 § metric cross-entropy loss function, which reduces the impact
2 E 5 3 = | 88 S g g = of noise in the dataset on training and prevents overfitting.
= GOESgFES®MZS The model achieved a classification accuracy of 99.69%.
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Fig. 16 ViT-based model for Retinal and Eye Analysis, integrating
convolutional feature extraction (LLFE) with dual-branch processing:
a Transformer-based T-branch for spatial feature learning and a con-
volutional C-branch for hierarchical feature extraction [58]

Wang et al. [60] present MBSaNet, a custom neural
network for multilabel fundus disease recognition, which
combines the generalization ability of CNNs and the
global feature modeling ability of Transformer models.
The model consists of two parts: a feature extractor with
five stages and a multilabel classifier. The evaluation was
done on a dataset of 3,500 patients with fundus images,
and the results were evaluated using AUC, Kappa, and F1
score, achieving 0.89 0.44 0.88. Future directions include
exploring the use of larger datasets and incorporating more
advanced deep learning techniques. Figure 17 shows the
proposed approach.

Torki et al. [61] discuss fundus imaging in the medi-
cal field, specifically for diagnosing eye diseases such as
glaucoma. The article outlines various publicly available
and private datasets of fundus images, including the LAG
database, ODIR-5 K, ORIGA, REFUGE, DRISHTI-GS1,
HRF, ACRIMA, and RIM-one DL. The authors merged
some of these datasets to create a merged dataset for their
research, dividing the dataset into training, testing, and
validation splits while preserving the ratio of glaucoma
to non-glaucoma images. The authors also briefly discuss
the use of CNNs and ViTs in computer vision tasks and
their benefits and limitations. The model achieves 92.57%
in sensitivity, 96.94% in specificity, and 97.9% in AUC.
Future directions include exploring the use of larger data-
sets and investigating the effectiveness of other vision
transformer models.

Wang et al. [62] proposed a novel ViT-based archi-
tecture, retinal ViT, for multi-label classification of
retinal diseases. The study aims to demonstrate that
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Fig. 17 The model processes retinal fundus images through a series
of MobileNetV2 (MBConv) blocks, attention mechanisms, and fea-
ture extraction stages to classify eye conditions such as diabetic retin-
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opathy (DR), glaucoma, cataract, age-related macular degeneration
(AMD), high myopia (HR), and others [60]
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transformer-based models can achieve performance com-
parable to or better than CNN-based models by removing
convolutional modules entirely. The retinal ViT model
employs self-attention mechanisms and a feed-forward
multi-label classifier with a sigmoid activation function.
The proposed approach was tested on ODIR-2019, a pub-
licly available retinal fundus image dataset, which contains
images labeled with multiple retinal diseases, including
diabetic retinopathy, glaucoma, myopia, and cataract. The
model’s performance was compared with state-of-the-art
CNN architectures such as ResNet, VGG, DenseNet, and
MobileNet. Results demonstrated that the retinal ViT out-
performed CNN-based models in key evaluation metrics,
including Kappa coefficient 0.645, F1 score 0.919, and
AUC 0.938, highlighting the effectiveness of self-attention
in retinal disease classification.

He et al. [63] proposed an interpretable Swin-Poly
Transformer network for automatic classification of reti-
nal diseases using optical coherence tomography (OCT)
images. The model leverages a Swin Transformer archi-
tecture to extract multi-scale hierarchical features and
integrates PolyLoss to refine cross-entropy loss, optimiz-
ing classification performance. Additionally, it employs
Score-CAM visualization to generate confidence score
maps, enhancing interpretability by highlighting regions
critical for decision-making. The proposed approach was
evaluated on OCT2017 and OCT-C8 datasets. It outper-
formed both CNNs and conventional vision transformer
models, achieving 99.80% accuracy and an AUC of
99.99% on OCT2017.

Table 5 shows a summary of the above approaches in
retinal disease classification.

Coronavirus 2019 Classification

Fan et al. [64] propose a classification model for COVID-19
CT images based on the combination of the Transformer
module and CNN module. The COVID-19 CT image first
passes through the Transformer branch module to extract
global features, then through the CNN branch module to
extract local features. The two branches are then combined
using a bi-directional feature fusion structure to improve
the classification accuracy. The Transformer module is com-
posed of an encoder and uses the Self-Attention module,
which has a global receptive field. The CNN module uses
multiple convolution kernels to extract local features. The
final classification vectors from the two branches are fused,
and the model is adjusted through inverse gradient calcula-
tion. Future directions include investigating the effectiveness
of the method on different datasets and exploring the use of
more advanced deep learning techniques.

This study of Ascencio-Cabral and Reyes-Aldasoro
[65] evaluates the performance of 5 deep learning archi-
tectures in classifying COVID-19, the classifiers were built
on ResNet-50, ResNet-50r, DenseNet-121, MobileNet-v3,
and CaiT. 20 experiments were conducted and the metrics
of accuracy, balanced accuracy, F1, F2, Matthews correla-
tion coefficient, sensitivity, and specificity were obtained,
the results show that less complex architectures such as
ResNet-50, ResNet-50r, and DenseNet-121 performed
better with higher rankings for the Matthews correlation
coefficient, while MobileNet-v3 and CaiT had lower rank-
ings. Future directions include exploring the use of more
advanced deep learning techniques and incorporating other
modalities such as X-ray and ultrasound.

Table 5 Comparative overview of vision transformer studies in retinal disease classification

Playout et al. Rodriguez ~ Shenetal. Z.Maetal. Z.Jiang Wangetal. Torkietal. Wangetal. Heetal. [63]
[55] et al. [56] [57] [58] etal. [59] [60] [61] [62]

Specific Retinal Eye Retina Retina Retinopathy Retinal Eyes Retinal Retinal
body images in the eye images images images
organs the
method is
applied to

Level of Tissues Organs Organ Tissues Tissues Organs Organs Tissues Tissues
application

Types of Disease Disease Retinal Retinal Retinopathy Diabetic Glaucoma  Disease Disease
diseases diseases diseases retin-
included (multi- opathy,

label clas- glaucoma,
sification) and

Modality Retinal Fundus Medical OCT Optical Medical Medical Retinal fun- OCT
specificity images Images image Coherence  image image dus image
or medical analysis Tomogra- analysisin  analysis in
image of retinal phy (OCT)  general general
analysis in fundus
general images
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Mehboob et al. [66] propose a method for COVID-19
diagnosis using ViTs, a computationally efficient vision
model that is more domain agnostic compared to traditional
CNNs, the method works by dividing an input image into
fixed patches, flattening them, adding positional embed-
dings, and applying a transformer encoder to produce a
contextualized encoding, the model employs self-attention
mechanism, multi-layer perceptron, and layer normalization
with residual connections. Input image resolution, patch
size, number of layers, and number of epochs are varied to
optimize the model, data augmentation using image flip-
ping, resizing, and rotation is also performed, a multi-layer
perceptron head is used as the classification module to out-
put the number of classes. The accuracy of the model was
99.7% on the multi-class HUST-19 dataset and 98% on the
binary-class SARS-CoV-2 dataset. When evaluated across
corpora by training on the HUST-19 dataset and testing on
the Brazilian COVID dataset, the accuracy was found to be
93%. Limitations include the need for larger datasets and
further investigation into the effectiveness of the method
on different modalities and disease types, future directions
include exploring the use of more advanced deep learning
techniques and investigating the interpretability of the mod-
el’s predictions. Figure 18 shows the proposed approach.

Peng et al. [67] propose a DeepDSR model to classify
COVID-19 CT images using three available datasets from
Kaggle and Github. The datasets contain 7,398 pulmo-
nary CT images of COVID-19 infected, normal, and other

Covid/
Non-Covid,
Other

MLP
Head

Transformer Encoder

pneumonia patients. To boost the accuracy of DeepDSR, the
authors use an ensemble model that integrates three state-of-
the-art network architectures (DenseNet, Swin Transformer,
and RegNet). The weights of these networks are pre-trained
on the ImageNet dataset and then trained on the integrated
larger dataset of CT images. The final classification results
are obtained by integrating the results from these three mod-
els and using a soft voting approach. The authors explain
the pipeline of DeepDSR and the architecture of the three
models used in the ensemble model. The results indicate
that DeepDSR performed best in binary and three-class
classification problems. It achieved the highest precision
of 0.98, recall of 0.98, accuracy of 0.98, F1 score of 0.98,
AUC of 0.99, and AUPR of 0.99 in binary classification.
In three-classifications, DeepDSR had the best precision of
0.97, recall of 0.96, accuracy of 0.97, and F1 score of 0.96.
Limitations include lack of diversity in the dataset and the
need for more rigorous validation, future directions include
incorporating multi-modal data and applying the method to
other types of pneumonia. Figure 19 shows the proposed
approach.

Cao et al. [68] propose a network for automatic detection
of pneumonia in X-ray images has two main stages: data pro-
cessing and image classification. Data processing includes
data transformation, data augmentation, and adaptive nor-
malization. The data is transformed to a tensor of the same
resolution, and data augmentation involves image translation
and rotation to balance the dataset. Normalization is done
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Fig. 18 The model involves the projection of flattened patches and
position embeddings, followed by a transformer encoder, which
processes the input. The output is then passed through a multi-layer

@ Springer

perceptron (MLP) head for classification, distinguishing between
COVID and non-COVID cases [66]
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to adjust the dynamic range of medical images. The image
classification stage involves using CNN and a Transformer
network. CNN uses convolutional kernels to extract local
features of images, while Transformer uses self-attention
and MLP to extract global features of the image. The results
show that the accuracy, precision, recall, and F1 score of the
network implemented on benchmark datasets were 97.09%,
97.16%, 96.93%, and 97.04% respectively. Limitations
include limited dataset size and future directions include
incorporating multi-modal data and exploring different
model architectures..

Zhang and Wen [69] present a vision transformer clas-
sification network for COVID-19 diagnosis in chest CTs.
The network consists of two stages: lung segmentation as
pre-processing followed by the image classification using
Swin transformer. The Swin vision transformer is used as the

y

Classification Result

backbone for feature learning. It is a hierarchical transformer
built by replacing the standard Multi-head Self Attention with
the shifted window in the transformer block. The Swin trans-
former provides a better speed-accuracy trade-off compared
to the standard ViTs. The authors have compared the perfor-
mance of the Transformer architecture with a CNN-based
architecture. The method with a Swin transformer backbone
achieved the best F1 score of 0.935 on the validation dataset,
while the CNN-based EfficientNetV?2 backbone had the best
precision of 93.7%. The final prediction model with a Swin
transformer achieved an F1 score of 0.84 on the test dataset.
Limitations include dataset bias and future directions include
exploring multi-task learning and incorporating clinical data.

Shome et al. [70] present a COVID-19 detection pipe-
line using a ViT model for transfer learning. The ViT model
resembles the Transformer architecture and is trained on a
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dataset with a custom MLP block added. The input image is
reshaped into patches and added with positional embeddings
to form a sequence. The transformer encoder used has multi-
headed self-attention layers and multiple MLP blocks. The
authors used the ViT L-16 model with pre-trained weights
from ImageNet and fine-tuned it by removing the pre-trained
MLP prediction block and adding a custom MLP block con-
sisting of batch normalization and dense layers. The model
was trained with a NovoGrad optimizer and a categorical
or binary cross-entropy loss function with label smoothing.
Multiple metrics including accuracy and AUC score were
monitored during the training process. The proposed trans-
former model has a high accuracy of 98% in differentiating
COVID-19 from normal chest X-rays, with an AUC score
of 99% in binary classification. In multi-class classification
of COVID-19, normal and pneumonia patient’s X-rays, the
accuracy is 92% with an AUC score of 98%. Limitations
include lack of diversity in the dataset and future directions
include incorporating more clinical features and exploring
multi-task learning. Figure 20 shows the proposed approach.

Hongyan et al. [71] propose a Transformer (COVT) for
COVID-19 diagnosis from chest-X-ray images. The net-
work consists of a CNN block and a Transformer block.
The CNN block increases the receptive field of the input
image, extracts multi-scale and rich context information
through atrous convolution, and inputs the information into
the Transformer block. The Transformer block is based on
vision transformer and has an improved multi-layer percep-
tron (MLP) module. The improved MLP uses both local
information from the original MLP and global informa-
tion from average pooling, which makes up for the original
MLP’s insufficient attention to global information while hav-
ing a small computational cost. Limitations include lack of
diverse data and future directions include exploring other

Fig.20 An overview of the pro-

modalities and incorporating clinical information. Figure 21
shows the proposed approach.

Liu and Yin [72] used two datasets for COVID-19 X-ray
images, one with 3616 COVID-19 X-ray images and 3600
normal X-ray images (Dataset-1) and the other with 340
COVID-19 X-ray images and 340 normal X-ray images (Data-
set-2). The study uses the Vision Outlooker (VOLO) model,
which is based on a transformer and has a new attention
mechanism. The study uses a pre-trained version of VOLO on
ImageNet-1 K. The study uses VOLO-D3 because it outper-
forms D4 and D5 on the dataset used. The images are scaled
to 224 x 224 before being fed into the model and the training
is done on 8 Tesla V100 GPU with 32 GB memory each,
using the AdamW optimizer and a cosine learning rate sched-
uler with an initial learning rate of 1.6e-3 and a decay epoch
of 30. The total number of epochs is 300. The model achieved
a classification accuracy of 99.7%. Limitations include the
need for more diverse and balanced datasets and future direc-
tions include exploring multi-modal data and interpretability.

Heart Disease Classification

Randazzo et al. [73] proposed a vision transformer model for
predicting fatal arrhythmic events in patients with Brugada
Syndrome. The study utilized 12-lead electrocardiogram
(ECG) images as input data, training the ViT on a dataset of
278 ECGs from 210 diagnosed Brugada Syndrome patients.
The dataset was divided into two classes: “event” (94 ECGs
with documented ventricular tachycardia, ventricular fibril-
lation, or sudden cardiac death) and “no event” (184 ECGs
from patients without these conditions). The ViT model,
initially trained on a balanced dataset, achieved strong per-
formance with 89% accuracy, 94% specificity, 84% sensitiv-
ity, and an F1 score of 89%. Further optimization using an

posed ViT-based approach for Covid-19
COVID-19. The image is split L Custom
into patches, which are pro- Pneumonia MLP block Transformer Encoder
jected into a flattened represen-
tation with positional embed- Normal
dings. These embeddings are
then processed by a transformer
encoder, followed by a custom Projection of Flattened Patches
MLP block to classify the input
as COVID-19, pneumonia, or |
normal [70]
Positional Embedding| 0 | * 1 2 3 4
‘L Split into patches b * I ]
}
Chest X-ray Patches of the X-ray image
image
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Fig.21 The model extracts features from chest CT scan images
through convolutional layers, generating low-level feature represen-
tations. These features are then processed by a transformer encoder,

adjusted classification threshold improved prediction on an
unbalanced dataset, reaching 74% accuracy, 95% negative
predictive value, and 90% sensitivity.

Che et al. [74] propose a model for classifying ECG sig-
nals into 9 categories (one normal type and eight abnormal
types) based on their characteristics. The ECG data used
in the paper was collected from 11 hospitals and contains
6877 records from both men and women with a frequency
of 500 Hz. Pre-processing was done to improve the quality
of the signals and remove noise, including using difference
method and wavelet transform. The ECG signals were then
split into fixed-length segments and fed into a combination
of CNN and transformer networks to capture deep features
and output embedding vectors, which were finally fed into
a classification layer to obtain the class probability. The
model also used link constraints to improve the quality of
embedding features for downstream tasks. The results show
that the model achieved an F1 score of 78.6%. Future work
includes extending the proposed method to other arrhythmia
classification tasks and evaluating the method on large-scale
datasets. Figure 22 shows the proposed approach.

Reynaud et al. [75] propose a new transformer model
to interpret US videos. The model is end-to-end trainable
and comprises three modules: a dimensionality reduction
encoder, a BERT-based spatio-temporal reasoning mod-
ule, and two regressors for labeling end-systole and end-
diastole frames and estimating the left ventricular ejection
fraction (LVEF). The encoder uses ResNetAE to distill
US frames into a smaller dimensional embedding and
the BERT encoder acts as a spatiotemporal information
extractor. The resulting features are passed through two
regressors to predict the ES, ED frames, and the LVEF,
respectively. The LVEF prediction is done by averaging
the predictions over the frames to output a single predic-
tion per video. Figure 23 shows the proposed approach.

Rafi and Woong Ko [76] propose a new deep learn-
ing method called HeartNet for automatic ECG classifi-
cation in the medical field to assist medical profession-
als in detecting arrhythmias, which is a leading cause of

N Q Low level features FFN
5 D D E D —» | Transformer encoder |—»
1| FFN

class B

class C

% class D

which captures spatial dependencies and high-level representations.
Finally, a feedforward network (FFN) classifies the image into one of
four categories [71]

mortality. The method combines a multi-head attention-
based convolutional neural network and adopts a genera-
tive adversarial network to synthesize data and overcome
the issue of data-label deficiency and unbalanced class dis-
tribution. The results showed an improvement in accuracy
by 5-10% and a high accuracy of 99.67% +0.11 and preci-
sion of 99.27% +0.17 compared to other recent models.
The robustness and effectiveness of the proposed method
were validated by extensive experiments and comparisons
with other datasets. Although the proposed method shows
promising results, further research with new ML (machine
learning) techniques is recommended.

Jumphoo et al. [77] propose a transfer learning approach
for valvular heart disease (VHD) detection using the Data-
Efficient Image Transformer (DeiT) model, pre-trained on
image datasets. To enhance classification performance,
they introduce a hybrid Convolution-DeiT (Conv-DeiT)
model, which integrates a convolutional block with a
Squeeze-and-Excitation (SE) attention mechanism. This
combination refines channel and spatial information before
feeding it into the DeiT model.

The study uses the Heart Sound Murmur (HSM) data-
base, containing phonocardiogram (PCG) signals, as the
input modality. The extracted Mel-Frequency Cepstral
Coefficients (MFCCs) and their derivatives are trans-
formed into an image-like representation to be processed
by the transformer model.

Experimental results demonstrate that the DeiT-based
transfer learning method achieves an accuracy of 97.44%,
while the proposed Conv-DeiT model further improves
classification performance, achieving a 99.44% accuracy.

Table 6 shows a summary of the above approaches in
heart disease classification.

Colon Cancer Classification
Zeid et al. [78] applied Visito classify colorectal cancer his-

tology images into eight categories. The dataset consisted
of 5000 images, the results showed high accuracy, with the
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Fig.22 The model processes
input signals through multiple
convolutional layers, extract-
ing hierarchical features from
segmented time windows.
These feature embeddings are
then passed to a Transformer

Link Constraints

256
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module, incorporating link
constraints to enhance learning.

The final classification layer,
followed by a softmax function,
predicts heart disease conditions
based on the extracted features
[74]
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Fig.23 The framework integrates a ResNetAE-based feature extrac-
tor for video input processing, followed by multiple BERT encod-
ers for feature transformation. The model further branches into two

vision transformer achieving 93.3% and the Compact Con-
volutional Transformer achieving 95%. These results outper-
formed previous work on the same dataset and demonstrated
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regressors for systole-diastole ratio (SDR) and ejection fraction (EF)
prediction, facilitating comprehensive heart disease classification [75]

the potential for using Transformers in the histopathological
image domain, further investigation of interpretability and
visualization methods required.
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Table 6 Comparative overview of vision transformer studies in heart disease classification

Randazzo et al. [73]  Che et al. [74]

Reynaud et al. [75] Rafi and Woong Ko Jumphoo et al. [77]

[76]
Level of application Organs Cells/tissues Organs Organs Organs
Types of diseases Arrhythmia Arrhythmia Arrhythmia Arrhythmia Valvular heart disease
included
Modality specificity ECG ECG signal processing  Ultrasound ECG Phonocardiogram
or medical image
analysis in general
Dimensionality appli- 1D 1D Video 1D 1D

cability
Training approaches
discussed

Transfer learning Transfer learning

Pre-trained ViT mode Constrained Trans-
former Network

Full architectures
versus lightweight
models

Transfer learning ~ Adversarial data Transfer learning

synthesis
Ultrasound Video = HeartNet Full DeiT architectures
Transformers with a hybrid Conv-
DeiT model

Cai et al. [79] present a new approach for classifying
colorectal adenoma whole slide images (WSIs) for early
screening of colorectal cancer, the approach, called MIST,
uses a Swin Transformer-based network to extract features
and a dual-stream multiple instance learning network to pre-
dict the class of slides without manual annotation. The study
found that MIST’s accuracy was superior to existing meth-
ods and comparable to the accuracy of local pathologists,
MIST is a low-burden, interpretable, and effective approach
that may assist clinicians in the decision-making process
and potentially reduce the mortality of CRC patients, further
investigation of generalizability to other types of adenomas
required.

Sui et al. [80] present a novel dataset for colorectal
cancer MRI image analysis consisting of 375 cases with
289 negatives and 86 positives; the dataset is divided into
training, testing, and validation sets. The authors propose
a multitask framework for tumor region detection and
segmentation the framework consists of two pipelines,
the tumor region detector, and the tumor segmentation
pipeline. The detection pipeline uses an encoder-decoder
model, and the segmentation pipeline uses image patches
and a transformer. The loss function for the tumor detec-
tion part is optimized through the Hungarian algorithm.
The final output of the framework is a predicted tumor
bounding box and tumor/nontumor class labels. Figure 24
shows the proposed approach.

Chen et al. [81] proposed a framework called IL-
MCAM that consists of 5 steps: (1) dividing original
images into training, validation, and test sets, (2) aug-
menting the training set images, (3) training the MCAM
model using three parallel channels with different atten-
tion mechanisms, (4) iteratively retraining the model
with human-machine interaction on misclassified images
from the validation set, and (5) testing the final model
with the test set images. The MCAM model uses three

parallel channels with different attention mechanisms to
extract global and local information from the images. The
training process uses a transfer learning approach, and
the final model parameters are obtained through several
iterations of human—machine interaction on misclas-
sified images from the validation set. The framework
achieved an accuracy of 98.98% on HE-CRC-DS dataset
and 99.77% on HE-NCT-CRC-100 K dataset. The authors
discuss limitations and future directions related to the
proposed multi-channel attention mechanism and weakly
supervised learning approach. Figure 25 shows the pro-
posed approach.

Lv et al. [82] present a new approach for colorectal can-
cer survival analysis using a transformer-based model called
“TransSurv.” It integrates multiple sources of data, including
histopathological images, genomic data, and clinical infor-
mation, by using a multi-scale histopathological features
fusion transformer and a cross-modal fusion transformer
based on cross attention. The results of the study on the Can-
cer Genome Atlas (TCGA) colorectal cancer cohort show
that TransSurv outperforms existing methods and improves
prognosis prediction.

Khalid et al. [83] propose an efficient colorectal cancer
detection network (CCDNet) that integrates atrous convolu-
tion with a coordinate attention transformer to enhance his-
topathological image classification. Their approach employs
a Wiener-based Midpoint Weighted Non-Local Means filter
for denoising and preserving image features, followed by
a multiscale atrous convolution (MAConv) and a Cross-
shaped Window (CrSWin) transformer to capture both local
and global features. The model was evaluated on colorectal
histological images and the NCT-CRC-HE-100 K dataset,
achieving impressive accuracy rates of 98.61% and 98.96%,
respectively.

Table 7 shows a summary of the above approaches in
colon cancer classification.
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Fig.24 The approach consists of two main blocks: segmentation
block and detection block. The segmentation block extracts tumour
regions from the input image using patch embeddings and position
embeddings, producing a tumour mask. The detection block utilizes
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Fig.25 The approach consists of three main stages: a data pre-pro-
cessing, where training images undergo augmentation techniques
such as rotation and mirroring. b Training process, which involves
feeding the pre-processed images into the MCAM model, integrat-

Neurological Disease Diagnosis with ViTs

The study of Lyu et al. [84] focuses on cross-domain
transfer learning using a ViT as a backbone. The ViT was
initially trained on natural images using ImageNet-21 K
dataset, and then transferred to the brain imaging domain
with limited samples. The brain imaging data was col-
lected from 505 subjects, but 375 were used after quality
control. The T1-weighted MRI data was pre-processed
and resized into slices that were used to train the model.
The architecture of ViT consists of a stack of transformer
encoder layers, each with multi-head attention and multi-
layer perceptron sub-layers. The pipeline of ViT is for-
mulated by equations. The pretrained ViT was adapted to
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ing spatial and multi-scale information channels, followed by iterative
model updates and validation. ¢ Test process, where the final trained
model is evaluated on test data using metrics like precision, recall, F1
score, and accuracy [81]

brain imaging data by convolutional patch-wise embed-
ding. The model was trained for AD/CN classification
tasks. The approach is limited to Alzheimer’s disease (AD)
classification and needs further validation on other data-
sets. Future work may include incorporating multimodal
data and explainability. Figure 26 shows the proposed
approach.

Li et al. [85] propose a new architecture called Trans-
ResNet, which combines the strengths of convolutional
neural networks and transformers, for brain disease classifi-
cation from MRI data. This architecture outperforms state-
of-the-art CNN-based methods in Alzheimer’s disease pre-
diction by utilizing the attention mechanism of Transformers
and being pre-trained on a large-scale dataset for brain age
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Table 7 Comparative overview of vision transformer studies in colon cancer classification

Zeid et al. [78] Cai et al. [79]

Sui et al. [80]

Chenetal. [§1] Lvetal.[82] Khalid et al. [83]

Types of diseases Colorectal cancer Colorectal adenomas  Malignant Malignant Colorectal cancer Colorectal cancer
included
Modality specificity Histopathology =~ Whole slide imaging  Histopathology =~ Histopathology = Histopathology,  Histopathology

or medical image

analysis in general
Training approaches

discussed

Transfer learning Multiple instance
learning

Transfer learning Transfer learning Transfer learning

Genomic data
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Fig.26 The approach involves extracting image slices, applying con-
volutional patch embedding, and incorporating positional embeddings
before feeding the sequence into a transformer encoder. The encoder

estimation, the approach needs further validation on other
datasets and may benefit from incorporating multimodal data
and interpretability.

Sarraf et al. [86] propose an architecture for computer
vision tasks called optimized vision transformer (OViTAD);
this architecture is based on the transformer architecture for
natural language processing and uses multi-head self-atten-
tion (MHSA) layers as its core; the input dimension of the
transformer is set based on the data for the task of multiple-
class Alzheimer’s prediction; the number of heads in MHSA
is reduced to improve efficiency. A positional embedding
is used to feed arrays to the transformer and a multi-per-
ceptron layer is used to translate the features to a format
usable for the cross-entropy loss function. The paper also
uses two other ViTs, DeepViT and class-attention in image
transformers (CalT), as baselines for comparison; the 4D
fMRI data is decomposed into 2D images and preprocessed

consists of multiple blocks with multi-head self-attention, layer nor-
malization, and MLP layers [84]

before being split into training, validation, and testing sets;
the main objective is to perform multiclass prediction and
binary classifications. The model achieved an F1 score of
97% with a+0.0 margin of error and 99.55% with a+0.39
margin of error in the triple-class prediction experiments
using rs-fMRI and sMRI modalities, respectively. Addition-
ally, it accomplished these results with 30% fewer param-
eters compared to a basic transformer. The approach needs
further validation on other datasets, and future work may
include incorporating multimodal data and developing a
more explainable model.

Hu et al. [87] proposed a deep learning model called
VGG-TSwinformer for the short-term longitudinal study of
mild cognitive impairment (MCI) which is a transition state
between normal aging and Alzheimer’s disease. The model
is based on CNN and transformer and uses VGG-16-based
CNN to extract low-level spatial features of longitudinal
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sMRI images, sliding-window attention to fine-tune feature
representations and temporal attention to measure the evolu-
tion of features. The model was tested on the ADNI dataset
and outperformed other cross-sectional studies in terms of
accuracy, sensitivity, and AUC for the classification task of
stable MCI vs progressive MCI.

Schizophrenia (SZ) is a complex psychiatric disorder
requiring early and accurate diagnosis to improve patient
outcomes. Liu et al. [88] utilized vision transformers to
extract meaningful facial feature representations directly
from 921 facial diagnostic images, establishing a benchmark
with six comparison methods and four evaluation metrics.
The ViT model demonstrated a 3—10% increase in accuracy
over traditional SZ detection approaches, emphasizing its
ability to capture key facial regions relevant to the disor-
der. The study further employed attention rollout visualiza-
tion, highlighting that the eyes, mouth, forehead, cheeks,
and nose contribute to SZ diagnosis in descending order
of importance—findings that align with TCM diagnostic
observations.

By integrating self-attention mechanisms for deep seman-
tic feature learning, this method offers an efficient, interpret-
able, and non-invasive alternative to conventional SZ detec-
tion techniques. The results suggest that ViTs can facilitate
a clinically meaningful, automated approach for psychiatric
diagnosis, broadening the scope of Al-driven mental health
assessments.

Bedel et al. [89] proposed BolT (Blood-Oxygen-Level-
Dependent Transformer), a vision transformer-based model
designed for functional MRI (fMRI) time-series analysis,
addressing limitations in traditional deep learning models
that struggle with integrating contextual representations
across diverse time scales. BolT introduces a fused window
attention mechanism that hierarchically encodes local-to-
global representations by processing overlapping tempo-
ral windows, allowing for efficient and scalable fMRI data
analysis. The model was evaluated on large-scale public
datasets, including the Human Connectome Project (HCP)
and the Autism Brain Imaging Data Exchange (ABIDE),
where it demonstrated superior classification performance
in tasks such as gender detection, cognitive task classifica-
tion, and Autism Spectrum Disorder (ASD) diagnosis. By
incorporating cross-window attention and cross-window
regularization, BolT enhances feature alignment across time-
series windows, leading to improved classification accuracy
while maintaining computational efficiency. Furthermore, its
gradient-weighted attention visualization technique enables
the identification of critical time points and brain regions
contributing most significantly to predictions, corroborating
established neuroscientific findings.

Alharthi and Alzahrani [90] proposed a multi-slice gen-
eration approach for Autism Spectrum Disorder (ASD)
diagnosis using both structural MRI (sMRI) and functional
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MRI (fMRI) modalities. Their study leveraged four vision
transformers (ConvNeXt, MobileNet, Swin, and ViT) for
sMRI analysis and a 3D-CNN model for both sMRI and
fMRI classification. To improve ASD detection accuracy,
they explored various methods of extracting slices from 3D
sMRI and 4D fMRI along axial, coronal, and sagittal planes.
The ConvNeXt model achieved the highest performance
among ViT-based methods, particularly when using 50-mid-
dle slices from SMRI, while the 3D-CNN model on fMRI
data outperformed other approaches, obtaining a maximum
accuracy of 87.1% and an F1 score of 82.6%. Their find-
ings demonstrate the effectiveness of vision transformers
and 3D-CNN architectures in ASD diagnosis, particularly
when utilizing optimal slice selection techniques to enhance
classification accuracy.

Table 8 shows a summary of the above approaches in
neurological disease diagnosis.

Diabetic Retinopathy

Gu et al. [91] propose a network which is a classification
model that distinguishes 5 classes of diabetic retinopathy, the
model consists of two key components: the feature extraction
block (FEB) and the grading prediction block (GPB), the
FEB is used to extract features from the image by reshaping
the image into a sequence of flattened 2D patches and pass-
ing it through a transformer encoder. The GPB uses a class-
specific residual attention algorithm to generate class-specific
features for the input image extracted by the FEB, and then
uses average pooling to fuse the features, the model outputs 5
probability scores corresponding to the 5 classes of diabetic
retinopathy. Figure 27 shows the proposed approach.

Adak et al. [92] propose a solution architecture for pre-
dicting the severity stage of diabetic retinopathy (DR) in a
fundus photograph; the task is formulated as a multi-class
classification problem where features are extracted from
the input image and fed to a classifier; the solution uses
an ensemble of image transformers (ViT, BEiT, CaiT, and
DeiT) and preprocesses the raw fundus images with tech-
niques such as resizing, data augmentation, and CLAHE.
The individual image transformers are adapted for the task,
and the ViT model converts the input image into a series
of patches and extracts features through transformer layers.

Wau et al. [93] present a vision transformer-based method
for recognizing diabetic retinopathy using fundus images, the
images are divided into patches, converted into sequences,
and input into multi-head attention layers to generate a final
representation, which is then fed into a softmax classifica-
tion layer for recognition. The proposed method is compared
against current CNNs and extreme learning machines and
achieves an accuracy of 91.4% with high specificity, preci-
sion, sensitivity, quadratic weighted kappa score, and area
under the curve.
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Fig. 27 The model comprises a feature extraction block utilizing a transformer encoder and a grading prediction block leveraging residual atten-

tion mechanisms for severity classification [91]

Oulhadj et al. [94] proposed a novel deep learning-
based approach for diabetic retinopathy (DR) sever-
ity level classification using a hybrid model combining
a fine-tuned vision transformer and a modified Capsule
Network. Their methodology includes an enhanced pre-
processing pipeline that applies Power Law Transforma-
tion (PLT) and Contrast-Limited Adaptive Histogram
Equalization (CLAHE) to improve the quality of retinal
fundus images. The model was evaluated on four public
datasets—APTOS, EyePACS, Messidor-2, and DDR—
achieving test accuracies of 88.18%, 87.78%, 80.36%, and
78.64%, respectively.

The papers present different vision transformer models
for recognizing diabetic retinopathy in fundus images, all
four models divide the input image into patches, convert
them into sequences, and feed them into a transformer-based
architecture for feature extraction, the difference lies in the
architecture of the feature extraction block and the grading
prediction block. Gu et al. propose a feature extraction block
(FEB) that reshapes the image into a sequence of flattened
2D patches, followed by a transformer encoder, and a grad-
ing prediction block (GPB) that uses a class-specific resid-
ual attention algorithm. Mohan et al. use a single ViT for
representation, while Adak et al. use an ensemble of image
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transformers (ViT, BEiT, CaiT, and DeiT) and preprocess
the raw fundus images with techniques such as resizing and
data augmentation. Wu et al. use a single ViT for recog-
nition and achieve an accuracy of 91.4%. All four models
aim to recognize diabetic retinopathy in fundus images,
with slightly different approaches to feature extraction and
classification.

Skin Disease Classification

Cai et al. [95] present a model for multimodal fusion of
image and metadata features for skin disease classification.
The model consists of two encoders (Image Encoder and
Metadata Encoder) and a decoder. The Image Encoder uses
a ViT (NesT or ViT-L) model as the backbone for trans-
fer learning to extract image deep features. The Metadata
Encoder uses a Soft Label Encoder to embed metadata into
soft labels and extract metadata features. The decoder fuses
the multimodal features using a proposed Mutual Attention
block and outputs the result through a FFN and SoftMax
layer. The choice of ViT model as the backbone in Image
Encoder was based on comparison of different ViT and CNN
models on private and benchmark datasets (ISIC 2018).
The metadata consists of limited textual descriptions of the
patient’s clinical information and is encoded as a 13-dimen-
sional or 39-dimensional vector based on the dataset used.
The experiments show that the proposed model achieves an
accuracy of 0.9381 and an AUC of 0.99 on ISIC 2018 data-
set. Figure 28 shows the proposed approach.

Xin et al. [96] propose an end-to-end architecture for skin
cancer classification consisting of five steps: (1) acquisition
of dermoscopic skin cancer images using two datasets, (2)
data normalization, augmentation, and balanced sampling
to deal with insufficient data and imbalanced data, (3) fea-
ture extraction using a multi-scale vision transformer, (4)
contrastive learning to encode similar skin cancer data simi-
larly, and (5) validation of results. The authors used z-score

Fig. 28 The model consists

of an Image Encoder using a
transformer encoder to extract
image features and a Meta-
data Encoder that processes
auxiliary metadata using a Soft
Label Encoder. A Decoder with
Mutual Attention Mechanism

Image Encoder

normalization to normalize the data, data augmentation
to increase the amount of data, and balanced sampling to
alleviate the problem of data imbalance. The architecture is
designed to improve the accuracy of the model in clinical
data. The proposed model has shown accuracy of 94.3% on
the HAM 10000 dataset and 94.1% accuracy on the datasets.

Wau et al. [97] provide a comprehensive overview of the
latest deep learning algorithms for skin cancer classification.
It starts by introducing three types of dermatological images
used in diagnosis and lists publicly available datasets. Then,
it reviews the successful applications of typical convolu-
tional neural networks for skin cancer classification. The
paper also highlights several challenges in the skin cancer
classification task, such as data imbalance, data limitation,
and model efficiency, and provides corresponding solutions.
The general development direction of these approaches is
found to be structured, lightweight, and multimodal. The
paper concludes that while there are still many challenges
to overcome in the future, the growing popularity of deep
learning offers many opportunities.

Huang et al. [98] propose LSATrans, a ViT-based frame-
work tailored for severity scoring of skin diseases. Unlike
standard self-attention mechanisms, they introduce Lesion-
aware Self-Attention (LSA), which captures both lesion and
normal surrounding skin features while modeling their rela-
tionship. Additionally, they employ contrastive learning to
enhance the robustness of the learned representations. The
model is evaluated on three skin disease severity scoring
tasks—scar (VSS score), atopic dermatitis (EASI score),
and psoriasis (PASI score)—achieving mean absolute errors
(MAESs) of 0.5895, 0.5614, and 0.5416, respectively, outper-
forming existing CNN and ViT-based methods. LSATrans is
further validated on skin disease classification tasks, achiev-
ing AUCs of 0.9774 and 0.9801 for general and fine-grained
skin disease classification.

These papers discuss the use of deep learning algorithms
for skin disease classification. The first paper introduces a
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multimodal fusion model using a ViT model as the backbone
of the image encoder and a Soft Label Encoder for metadata
features. The second paper proposes the Swin-SimAM net-
work for melanoma detection using the Swin Transformer
for feature extraction and the SimAM attention module for
focusing on important parts of skin lesions. The third paper
presents an end-to-end architecture for skin cancer classi-
fication, including data normalization, augmentation, fea-
ture extraction using a multi-scale vision transformer, and
contrastive learning. The fourth paper is a comprehensive
overview of deep learning algorithms for skin cancer clas-
sification, including a review of CNNs and an analysis of
challenges and solutions in the field.

Kidney Disease Classification

Islam et al. [99] collected a dataset of kidney images for
the diagnosis of kidney stone, tumor, normal, and cyst. The
data was preprocessed using techniques such as data aug-
mentation and normalization and split into training and test-
ing sets. Six models were trained on the dataset including
three Visual Transformer variants, Inception v3, Vgg16, and
Resnet 50. The models were trained on Google Colab Pro
Edition with GPU and evaluated using previously unseen
data. The authors made the dataset publicly available on
Kaggle. The results show that the different diagnoses have
partially overlapping distributions, making it difficult to clas-
sify using only statistical features.

Zhang et al. [100] proposed a ViT model for classifying
renal pathology using whole-slide histopathology images
stained with HE, MASSON, PAS, and PASM. The study
involved 1861 WSIs from 635 patients, with images tiled
into 384 x 384 pixels and classified into 14 pathological
types. The ViT model, built using the Timm library, was
compared against ResNet50, demonstrating an accuracy
(0.96-0.99) across all staining methods. The study also
employed visualization techniques, including Deep Taylor
Decomposition and a random mask method, to interpret the
ViT’s focus on pathological features, revealing its ability to
capture significant renal structures better than CNNGs.

Lymph Node Disease Classification

Liu et al. [101] propose a new solution for cervical ultra-
sound lymph-node-level classification, which is important
for accurate diagnosis and surgical treatment of diseases.
Currently, this classification is subject to human error as
it relies on physician judgment. The proposed solution,
Depth-wise Separable Convolutional Swin Transformer,
combines deep-wise separable convolution and self-attention
mechanisms to capture global and local features, and a new
loss function is proposed to address data imbalance. The

model was tested on 1146 cases with an average accuracy of
80.65% and showed consistency with expert observations.

Jiang et al. [102] propose CSMVIT, a lightweight hybrid
Transformer-CNN model for diagnosing lymph node metas-
tases in pathological images. The model enhances Mobi-
leViT by integrating an improved Ghost module to reduce
parameters and improve efficiency, a Cross Scale Attention
(CSA) module for multi-scale feature fusion, and a modified
network backbone for improved feature extraction.

The study focuses on lymph node pathological images
from papillary thyroid carcinoma (PTC) patients. Experi-
mental results show CSMVIT achieving 99.42% accuracy,
99.4% F1 score, and 99.6% specificity, with an 8% improve-
ment in detection accuracy over the original MobileViT.
Additionally, the model achieves 72.19% fewer FLOPs, sig-
nificantly reducing computational complexity while main-
taining high classification performance.

Bone Analysis

Tanzi et al. [103] proposed a retrospective study of patients
with proximal femur fractures in a Level-I trauma center.
The study was approved by the Ethics Review Board and
included patients over 18 years old who were treated in the
Emergency Department between 2013 and 2020. Radio-
graphs and demographic data were collected and analyzed
using a computerized dataset. The images were labeled and
reviewed by a senior trauma surgeon and then divided into
different fracture types. The final dataset consisted of 4207
manually annotated images. The study used ViT (vision
transformer) architecture to classify the fractures, but due
to a limited number of images, a Compact Convolutional
Transformer was applied instead. The performance of the
proposed ViT architecture in the paper is good, with the
ViT correctly predicting 83% of the test images and having
a precision of 0.77, recall of 0.76, and F1 score of 0.77.

Wau et al. [104] proposed SVTNet, a ViT-based approach
for automatic bone age assessment (BAA) using Tanner-
Whitehouse 3 (TW3) methodology. The method processes
left-hand X-ray images and extracts 20 key regions (13 from
the radius-ulna-short (RUS) bones and 7 from the carpal (C)
bones). SVTNet first segments the hand region using a pre-
trained YOLO network, then localizes key points with a Spa-
tial Configuration Network (SCN), and finally classifies the
extracted patches using multiple ViT models. The study uti-
lized 3,871 pediatric hand X-rays from a tertiary hospital, and
results showed an average absolute error of 0.50 years for RUS
bones and 0.47 years for C bones, demonstrating an accuracy
comparable to expert orthopedic surgeons.

Table 9 shows a summary of the above approaches in
kidney disease classification, lymph node disease clas-
sification, and bone analysis.
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Limitations of Vision Transformers
in Medical Imaging

Vision transformers have significantly advanced medical
image analysis by enabling long-range contextual understand-
ing and achieving state-of-the-art results in disease classifica-
tion, segmentation, and reconstruction. However, despite their
impressive performance, ViTs exhibit several inherent limita-
tions that impact their applicability in medical imaging. These
challenges primarily involve high computational costs, data
efficiency concerns, local spatial precision, and model inter-
pretability. Consequently, researchers are exploring alterna-
tive architectures such as State-Space Models (SSMs), [105,
106], as complementary or alternative approaches to ViTs in
certain tasks. This section outlines the fundamental challenges
of ViTs and their impact on medical imaging applications.

Computational Complexity and Resource
Constraints

A major drawback of ViTs is their computational overhead,
primarily due to the self-attention mechanism. Unlike con-
volutional neural networks, which process images with local-
ized filters, ViTs utilize global self-attention, where each
image patch interacts with every other patch. This results in
quadratic complexity (O(N?)) concerning image resolution,
making ViTs inefficient for high-dimensional medical imag-
ing modalities such as MRI, CT, and histopathological slides.

e Memory Bottleneck: ViTs demand significant GPU
memory, which can be a limiting factor for deployment
in resource-constrained medical imaging environments.

e Slow Training and Inference: ViTs typically have hun-
dreds of millions of parameters, leading to prolonged

training times and slow inference speeds, which may
hinder real-time clinical applications.

e Scalability Issues: Processing high-resolution 3D medical
images (e.g., volumetric MRI or CT scans) is particularly
challenging due to the exponential increase in memory
and computation requirements compared to CNN-based
approaches.

Data Requirements and Annotation Challenges

ViTs are data-hungry models, requiring extensive labeled
datasets for effective training. Unlike CNNs, which leverage
inductive biases (e.g., spatial hierarchies), ViTs learn feature
representations from scratch, making them more dependent
on large-scale data to generalize effectively. However, obtain-
ing well-annotated medical datasets is challenging due to:

e Limited Access to Labeled Data: Medical datasets are
often small due to patient privacy regulations and ethical
concerns regarding data sharing.

e High Annotation Cost: Expert radiologists and patholo-
gists are required for precise annotation, which increases
the difficulty of obtaining large-scale labeled datasets.

e Class Imbalance in Medical Imaging: Many medical con-
ditions are rare, leading to severe class imbalance, which
can degrade ViT performance unless specific training
techniques such as self-supervised learning (SSL) and
knowledge distillation are employed.

Local Feature Representation and Spatial Precision
Medical images contain fine-grained anatomical structures

crucial for disease diagnosis and segmentation. Unlike
CNNs, which use localized receptive fields to maintain

Table 9 Comparative overview of vision transformer studies in kidney disease classification, lymph node disease classification, and bone analy-

S1S

Islam et al. [99]

Zhang et al. [94]

Liu et al. [101]

Jiang et al. [102]

Tanzi et al. [103]

Wuet al. [104]

Specific body organs  Kidney Kidney Neck Neck Lower extremities Hand bones
the method is
applied to

Level of application Organs Organs Organs Organs Tissues Organs

Types of diseases Tumor Tumor Tumor Tumor Fracture Growth disorders
included

Modality specificity CT-radiography  Histopathological Ultrasound Pathological Medical image X-ray analysis
or medical image analysis in
analysis in general general

Dimensionality appli- 3D 2D 2D 2D 2D 2D
cability

Training strategies Supervised Supervised Supervised Supervised Supervised Supervised

covered

Training approaches
discussed

Transfer learning Transfer learning

Transfer learning Lightweight archi-

tecture

Transfer learning

Full architecture
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spatial hierarchies, ViTs tokenize images into patches and
apply self-attention globally. While this allows for excellent
global context modeling, it may fail to capture fine spatial
details, leading to:

e Blurry segmentation boundaries, which impact tumor
detection and organ segmentation.

e Loss of microstructural details in high-resolution pathol-
ogy images.

e Reduced edge detection accuracy, critical for tasks like
retinal vessel segmentation or bone fracture detection.

Hybrid CNN-VIiT architectures have been explored to
combine local and global feature extraction, but these mod-
els introduce additional complexity and require extensive
fine-tuning.

Model Interpretability and Clinical Trustworthiness

Al models in healthcare must be interpretable and transpar-
ent, particularly for high-stakes applications such as cancer
detection, stroke diagnosis, and radiology. ViTs, being com-
plex architectures, pose challenges in explainability:

e Lack of intrinsic interpretability: Unlike CNNs, which
allow visualization through activation maps, ViTs do not
naturally produce saliency maps or feature importance
scores.

e Regulatory and Ethical Constraints: Many healthcare
regulations require Al models to provide explainable
justifications for medical decisions, a challenge for ViTs
due to their black-box nature.

e Potential for Bias and Spurious Correlations: Without
explicit local constraints, ViTs might learn non-medically
relevant biases, potentially leading to erroneous diagno-
ses.

Research efforts, including attention heatmaps and gradi-
ent-based explainability methods, aim to improve ViT inter-
pretability but remain an open challenge.

Emerging Alternatives: State-Space Models

Given these limitations, State-Space Models are being
investigated as an alternative or complementary approach
to ViTs in medical imaging. SSMs, such as Mamba-based
models (I2I-Mamba, MambaRoll), have demonstrated
promising results in tasks like medical image synthesis and
reconstruction.

While SSMs are not direct replacements for ViTs, they
offer a promising pathway to address computational and spa-
tial limitations, particularly in multi-modal medical image
synthesis and reconstruction.

Future Research Directions for ViTs in Medical
Imaging

Despite these challenges, ViTs remain a crucial compo-
nent of medical Al research. To enhance their utility, future
efforts should focus on:

Hybrid ViT-SSM Architectures: Combining ViTs with
SSM modules to optimize computational efficiency and
feature representation.

Self-Supervised and Transfer Learning: Reducing data
dependency by leveraging SSL and domain adaptation
techniques.

Efficient ViT Variants: Developing lightweight ViTs with
reduced parameters tailored for medical imaging applica-
tions.

Explainable ViTs: Enhancing model interpretability using
improved attention visualization techniques and post-hoc
explainability methods.

ViTs have played a transformative role in medical image anal-
ysis, achieving state-of-the-art results in disease classification,
segmentation, and reconstruction. However, their high compu-
tational costs, data inefficiency, and weak local feature modeling
present significant challenges. Emerging research suggests that
State-Space Models may provide more computationally effi-
cient and spatially precise alternatives, particularly for tasks like
medical image synthesis and reconstruction. Moving forward,
a hybrid approach integrating ViTs and SSMs may offer the
best balance between global context modeling, computational
efficiency, and spatial precision in medical imaging applications.

Discussion and Future Directions

Vision transformers have demonstrated significant potential in
medical imaging tasks, including classification, segmentation,
and disease detection. Their self-attention mechanism allows
for the effective capture of both local and global image fea-
tures, making them a compelling alternative to convolutional
neural networks (CNNs). However, despite their advantages,
ViTs still face several challenges and limitations that must be
addressed for their wider adoption in clinical practice. This sec-
tion discusses the primary issues associated with ViTs in medi-
cal imaging, including difficulties in training, computational
complexity, deployment in resource-constrained settings, gen-
eralization capabilities, and model interpretability [107-109].

Challenges in Training and Data Requirements

One of the most pressing challenges with ViTs is their
reliance on large amounts of labeled training data. Unlike
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CNNs, which are often effective with moderate-sized data-
sets, ViTs require extensive training datasets to learn mean-
ingful representations. This requirement is particularly prob-
lematic in medical imaging, where obtaining well-annotated
datasets is difficult due to privacy concerns, high annotation
costs, and the need for expert radiologists or pathologists for
accurate labeling.

A major consequence of limited labeled data is overfit-
ting, where ViTs perform well on training data but fail to
generalize to unseen medical images. Additionally, vari-
ations in imaging modalities, acquisition protocols, and
disease presentations introduce dataset heterogeneity, fur-
ther complicating model training. Addressing these issues
requires advanced techniques such as self-supervised learn-
ing, data augmentation, transfer learning, and domain adap-
tation. Developing large-scale, publicly available medical
imaging datasets tailored for ViT training could also be a
crucial step toward overcoming data limitations.

Computational Complexity and Resource
Constraints

ViTs are computationally intensive models that demand
significant processing power and memory resources, limit-
ing their accessibility, particularly in low-resource clinical
settings. Unlike CNNs, which leverage spatial locality and
weight sharing for computational efficiency, ViTs process
entire images as sequences of patches, requiring complex
matrix operations and self-attention computations that scale
quadratically with the input size.

The high computational cost makes it challenging to train
ViTs on standard hardware, necessitating specialized infra-
structure such as high-end GPUs or TPUs. Additionally,
deploying ViTs in real-time or mobile healthcare applications
remains a challenge due to their high memory footprint and
latency issues. To mitigate these limitations, researchers are
exploring techniques such as model pruning, quantization,
knowledge distillation, and efficient transformer architec-
tures like Swin Transformers, which introduce hierarchical
processing and localized self-attention to improve efficiency.

Generalization Across Medical Imaging Domains

Pre-training ViTs on large-scale datasets such as ImageNet
has been a common approach to leverage transfer learning.
However, medical images are vastly different from natural
images, leading to domain shift issues when applying pre-
trained ViTs to clinical imaging tasks. This domain gap can
result in suboptimal performance and reduced generaliza-
tion capabilities, especially when applied to new imaging
modalities or unseen disease conditions.

@ Springer

To address this, researchers are investigating domain-
specific pre-training strategies, including the use of large-
scale medical imaging datasets for self-supervised learning.
Additionally, fine-tuning strategies that incorporate medical-
specific priors, multi-modal learning approaches, and con-
trastive learning techniques could help ViTs adapt better to
the nuances of medical imaging data.

Challenges in Model Interpretability and Clinical
Trust

One of the critical barriers to the clinical adoption of ViTs
is their lack of interpretability and explainability. In high-
stakes medical applications, clinicians need to understand
and trust Al-generated predictions before integrating them
into decision-making workflows. However, ViTs operate as
complex black-box models, making it difficult to determine
the rationale behind their decisions.

Enhancing interpretability requires the development
of attention visualization techniques, feature attribution
methods, and explainable Al (XAI) frameworks that can
highlight key image regions contributing to model predic-
tions. Integrating human feedback mechanisms, interactive
Al systems, and multimodal interpretability approaches
(e.g., combining textual reports with image classification)
could further bridge the gap between Al models and clinical
decision-making.

Future Research Directions

To fully realize the potential of ViTs in medical imaging,
future research should focus on several key areas:

e Data-Efficient Training: Investigate semi-supervised,
weakly supervised, and self-supervised learning methods
to reduce dependency on large labeled datasets.

e Efficient Architectures: Develop lightweight and opti-
mized ViT architectures for deployment in real-world
medical applications, particularly in low-resource set-
tings.

e Domain-Specific Adaptations: Explore domain adapta-
tion techniques and create large-scale medical-specific
pre-training datasets to bridge the gap between natural
and medical image domains.

e Interpretable Al: Integrate explainability techniques to
ensure transparency, accountability, and clinical trust in
Al-assisted diagnostics.

e Multi-Modal Learning: Combine ViTs with other data
sources, such as electronic health records, genomic data,
and patient history, to improve diagnostic accuracy and
robustness.
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Despite their potential, vision transformers face several
challenges in medical imaging, ranging from computational
demands to data limitations and interpretability issues.
Addressing these challenges requires interdisciplinary
efforts in machine learning, medical imaging, and clinical
practice. By advancing data-efficient training techniques,
optimizing computational efficiency, enhancing model inter-
pretability, and improving generalization capabilities, ViTs
could become transformative tools in Al-powered health-
care diagnostics and decision support systems. Continued
research in this domain is essential to unlocking the full
potential of ViTs in improving patient outcomes and advanc-
ing medical image analysis.

Conclusion

This comprehensive review has synthesized findings from
research papers that explored the application of vision trans-
former models in medical image classification across a broad
spectrum of medical fields, through our systematic analysis,
we have demonstrated that ViT offers promising advance-
ments in the domain of medical image analysis, frequently
outperforming traditional convolutional neural networks.
The surveyed studies underscore the flexibility and power of
ViT in handling diverse medical imaging tasks, from breast
cancer classification and skin lesion analysis to COVID-19
classification and bone analysis. Notably, the success of ViT
is facilitated by careful data preprocessing, strategic model
architecture modifications, and effective training methodolo-
gies, including transfer learning techniques.

However, the interpretability of ViT remains a crucial
challenge, echoing the broader issue of model explainabil-
ity in the field of artificial intelligence, further research is
needed to enhance the transparency of these models, ensur-
ing their decisions are understandable to clinicians and foster
trust in their implementation.

In summary, this review affirms the potential of ViT in
revolutionizing medical image classification, the breadth and
depth of research in this rapidly evolving field anticipates
a future where the integration of Al and healthcare is not
just desirable, but essential. While challenges persist, the
prospects for future innovation and refinement in this space
are substantial, promising significant improvements in diag-
nostic accuracy and patient care.
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