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Abstract. The increase in the volume of X-rays and computed tomography (CT)
images has drastically increased the workload on radiologists. As a result, a
computer-aided solution with the capability to classify CT scans is needed to
reduce this workload. In this paper, a vision-transformer (ViT) based model for
multi-disease, ensemble-based classification is proposed. ViT, Data2Vec, and
SegFormer models were fine-tuned to carry out the classification of selected
diseases, namely, effusion, pneumonia, and pneumothorax. Normal cases of the
selected diseases were included in the dataset. The datasets were obtained from
two sources: the chest X-ray dataset from the Nigerian Institute of Health Chest
Clinic and the optical coherence tomography (OCT) images dataset containing
6,621 images from University of California, San Diego. The images were
preprocessed using random cropping, horizontal flipping, and normalization. The
dataset was partitioned into training, validation, and testing sets. Model training
was done in 10 epochs. The evaluation metrics showed a better performance from
ensemble learning compared to other individual transformer models. The weighted
average performance for all metrics was 90.56% precision, 90.58% recall, and
90.48% F1 score. The model is useful for classification of multiple diseases and
can be used by radiologists.

Keywords: C-T scans; classification; deep learning; normalization; vision transformer;
stacked ensemble.

1 Introduction

The domain of classifying chest diseases is an important area of study in medical
diagnostics. This is due to restricted access to the chest region. The utilization of
advanced technologies in the analysis of chest radiographs (CR) for the purpose
of classification of chest radiographs has become imperative. Some of these
advanced technologies include the use of computed tomography (CT) scans, and
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magnetic resonance imaging (MRI), which has proved useful in analytics of the
chest region. A major challenge associated with the use of chest radiographs in
disease classification is the variability associated with clinicians’ interpretation
of these radiographs. These variabilities could be due to differential visual
perception of the images or the fact that some anatomical structures in the chest
region are closely linked to the existence of chest diseases in the body.
Radiologists use radiographs to confirm the presence or absence of chest diseases
in MRI or CT scans. The diagnostic process that radiologists use requires intricate
and meticulous procedures, which could be achieved more precisely with the
assistance of software models that have the ability to detect the presence of
disease in chest radiographs.

Various chest diseases have closely related symptoms, for example, tuberculosis,
sore throat, and cough. This similarity in symptoms could lead radiologists to
incorrect conclusions during the classification of chest diseases [1]. The
availability of high-speed computers for use in computer-aided-diagnostics has
aided scientists in the design of low-cost systems that could be deployed for
achieving accurate and fast diagnostics outcomes [2]. Machine learning (ML) has
made model development for classification of chest diseases easier. Meanwhile,
advances in research have led to the emergence of deep learning (DL), which has
made the development of models for disease classification more easy and feasible
[3]. It is a known fact that most of the proposed works in the area of disease
diagnosis using CR, MRI, and CT scans predominantly rely on convolutional
neural networks (CNN), which have produced good results in this area.
Nevertheless, there exist other learning techniques with several advantages over
existing technologies, which are able to capture long-term dependencies in
images [4] and therefore capture relevant features in data that could be used for
classification purposes.

As a tool for ML, artificial neural networks (ANN) have achieved great feats in
the domain of artificial intelligence, for example in facial recognition, healthcare,
aerospace engineering, stock market prediction, signature verification,
recognition of speech, and in processing of natural language (NLP), due to its
non-linearity. In Jack et al. [5] it is reported that one of the obvious advantages
of ANN is that less statistical training is required to solve a problem. Despite the
successes, there are obvious disadvantages of using ANN that limit their
application. These limitations include their black box nature, which makes it
difficult to know why a certain unexpectedly predicted outcome is possible, as in
the prediction of a car where “tiger” is the input. Furthermore, a large amount of
data is required for the training of most ANN models, even though some exist
that require little data. Moreover, ANN are computationally expensive due to data
size, data depth, and the complexity of the networks [6]. With CNN, a more
powerful and precise method of solving classification problems is available,
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because data is available for training the network. Once trained on an image
dataset, the knowledge acquired can be used for problem solving in other related
areas of image processing [7]. As deep learning (DL) algorithms, CNN can
analyze huge amounts of data by learning features that correctly define the data.

Transformers were initially introduced for natural language processing tasks [8]
but later also applied to computer vision tasks as vision transformers (ViTs) [9].
In ViTs, an image is divided into patches and the attention mechanism allows
every patch to decide the importance of other patches in the image to the task at
hand. This enables ViTs to understand the global structure and the relationship
between image patches. The key components of the self-attention mechanism
maps the input into query (Q), key (K), and value (V) matrices, which are utilized
in the computation of the self-attention features, as presented in Eq. (1):

Q=X xwd (D
K=X x Wk
V=X x WV

where W9, WX, and WY are the corresponding linear projections from input image
to the matrices. The correlation and similarity between Q and K are normalized,
thereby getting the attention distribution A in Eq. (2):

A(Q,K) = softmax (Q g ) ©)

Where d is the dimension of the input image. The self-attention feature map is
computed as presented in Eq. (3):

Z=SA(QK/V) =A(QK) xV. 3)

The ViT architecture is presented in Figure 1.
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Figure 1  Vision transformer architecture.
Source: https://cameronrwolfe.substack.com/p/vision-transformers
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A block figure of the self-attention mechanism is presented in Figure 2.
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Figure 2  Self-attention mechanism of ViTs.

ViTs have been utilized in the classification of brain stroke classification on CT
images, aerial image classification, and melanoma detection [10-12].
Furthermore, vision transformers have proved the ability to capture long-term
dependencies that exist between input sequences, and to enable parallel
processing [13]. Some benchmarks have revealed that models based on
transformers outperform CNN and recurrent neural networks (RNN) due to their
high performance in the absence of vision-specific inductive bias. ViTs have been
applied in image classification tasks with state-of-the-art performance [15] and
have been receiving attention in computer vision applications. In this proposed
work, it is acknowledged that chest diseases represent a critical research area in
medical diagnostics, and the utilization of advanced technologies for their
identification and classification from CR images has become imperative. The first
application of transformers was in NLP for tasks in machine translation with
capability to track relationships between input sequences by the use of
mathematical representation.

This capability, as a result of the work done by Vaswani, et al., enhances the
ability of transformers to handle long-range dependencies in given textual
information that an ordinary ANN cannot handle in language translation. A
transformer was first applied by Vaswani, et al. [16] as a framework that is based
mainly on the use of attention mechanisms. Their application deviates from the
use of recurrence networks and convolutions that are prevalent in most machine
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translation tasks. The results obtained on two machine learning language
translations showed that the models performed better with little time required for
the training dataset as compared to traditional CNNs.

In Singh, et al. [17], it is stated that transformer models are the most advanced
tool in language translation, a research area in NLP. Furthermore, they have been
applied in several machine vision tasks with more efficiency and accuracy
compared to CNNs and RNNs. One special feature of this type of model is the
ability of self-attention, which equips it with the ability to model dependencies
that exist between words in a text sequence. Since the breakthrough application
of transformers in language translation, they have further been applied in the area
of image processing and recognition. This is known as vision transformers
(ViTs), which have been applied in the classification of chest diseases in the
proposed method of Singh, et al. [17]

Transformer models are models that are based on traditional neural networks with
the ability to learn context that exists in sequential data and then generate a new
set of data from the existing data. The transformer architecture consists of the
tokenization part, the embedding part, the positional encoding part, the
transformer block, and the SoftMax part. Vision transformers are derivatives of
the generic transformer architecture, where self-attention is replaced with spatial
attention [18]. They were purposely designed for processing images in a 2D grid-
structure. With this, vision transformers can carry out analysis and understand
spatial relationships that exist in different parts of images. This architecture is
useful for image classification and in computer vision tasks. ViTs works based
on self-attention, exploring the global and local features of an image by focusing
on different parts in it. Self-attention is used by ViTs to learn relationships
between the various regions of an image while feeding the output representation
of the relationships into a feedforward neural network for prediction of the
outcome. As reported in the literature, ViTs have the ability to handle images
with varying sizes and can train on large image datasets, like high-resolution
images, without the need for downsampling or image cropping [17]. A ViT model
for image recognition was introduced in a paper titled ‘An Image is Worth 16x16
Words: Transformers for Image Recognition at Scale’ by Dosovitskiy et al. [19],
published in 2021. In this work, it was disclosed that ViTs have the ability to
measure relationships between input images by using an attention mechanism.
With this attention mechanism, ViT accentuates some portions of a given input
image while diminishing other parts of the input image by cognitive attention.
The aim of doing this is to learn the important features of the input image.
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2 Related Works

Berendikt, et al. [20] have proposed a ViT model for multi-label disease
classification using CR. The objective was the generic application of vision
transformers to disease classification for value addition to clinical intervention.
The performance of ViT and CNN models was compared for different data sizes.
It was found that ViTs models outperformed CNN when huge data is available
for training. A drawback is that the performance metrics of the models varied
between 62.79% and 64.93%. Despite revealing many advantages of ViTs over
CNN, the proposed work could be improved in terms of performance metrics,
while other metrics like specificity and AOC could also be included. Ensemble
learning may further increase the performance metrics of the developed model.

Huang, et al. [21] have proposed a vision transformer-based multi-disease
diagnosis tool using CR. The researchers aimed to explore the advantages of ViT
over CNN in disease classification in order to improve the predictive capability
of models for chest diseases. The authors introduced an attention module in the
encoder layer to improve the models’ ability to concentrate on important regions
in the image. CNN was used to extract features from the images. It was
discovered that the images used in the dataset were not preprocessed and this was
most likely responsible for the low classification results of the developed model.
Moreover, the advantages offered by the use of meta-learning were also not
explored, as this has the most likelihood of improving upon the performance
metrics of the model. As the metrics showed, the sensitivity was 0.863, the
specificity was 0.821, while the model had an accuracy of 0.834 (83.4%). All
these outcomes could be improved with better preprocessing and the introduction
of ensemble learning.

Ashraf, et al. [22] have proposed a combination of CNN, ViT, and hybrid models
for the purpose of classification of multi-label chest X-ray images. They aimed
to develop a model capable of diagnosing thoracic diseases, which is challenging
due to the lack of detailed information about the abnormalities associated with
the diagnosis of chest diseases. In order to address this challenge, a deep learning
technique was used in the identification of patterns in chest X-rays from their
dataset that corresponded to different diseases. Pre-trained CNNs, vision
transformer, and hybrid CNN plus transformer models were used in the
experiment. The best single model achieved an AUROC of 84.2%, while the
ensemble model achieved an improved AUROC value of 85.4%, outperforming
other methods, as suggested by the authors. Despite achieving good results, other
performance metrics that show the classification ability of the ensemble model,
such as precision, accuracy, recall, and F1 score, were not used.



A ViT based Ensemble Model for Multi-label Disease Class. 133

3 Research Method

This paper aimed to develop a ViT-based ensemble model for multi-disease
classification on CR. The research methodology implemented the stacking
ensemble approach with ViTs as the base of the ensemble model, because they
are accurate and thus make different errors than CNNs. Variance and error rates
are mostly reduced by ensemble models, while models that are individually
strong but disagree on the wrong predictions made were used as base models.
Furthermore, ViTs show different inductive bias than CNNs and perform stronger
on large-scale data. The ensemble combined the strengths of three transformer
models: VisionTransformer, Data2Vec, and SegFormer. Each transformer model
underwent fine-tuning on training data to adapt to the specific classification. The
ensemble was further fortified through meta-learning using a decision tree, which
integrates the predictions from individual transformers to enhance the overall
classification result.

The dataset was obtained from two sources: National Institute of Health Clinical
Center (NIHCC) CR dataset. The NIHCC CR dataset is a rich compilation of CR
images data obtained from the NIHCC [23]. For this study, four classes were
selected, namely, effusion, pneumonia, pneumothorax, and normal cases,. The
inclusion of a normal class ensured a balanced representation, crucial for the
ability of the model to discern pathological features that are present in an
otherwise healthy anatomy.

The second dataset from the OCT and CR dataset [24] contained over 5,800 CR
images of both viral and bacterial pneumonia, and normal anatomy collected from
University of California San Diego. A total of 6,625 images were extracted from
the two datasets. The extracted images belonged to four classes: effusion,
pneumonia, pneumothorax, and normal (X-rays representing a healthy state
without apparent chest abnormalities). Samples from the dataset are presented in

Figure 3.
F:'.‘ .

Figure 3  Samples from the dataset used in the experiment.
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Data preprocessing techniques, i.e., random resize crop, random horizontal flip,
and normalization, were performed on the dataset. The dataset was partitioned as
presented in Table 1.

Table 1 Data splitting.

Classes Training Validation Test
Effusion 1,088 158 311
Pneumonia 1,696 106 391
Pneumothorax 628 92 180
Normal 1,350 390 235

The model architecture used in the experiment is presented in Figure 4. The input
were the various samples from the four classes of effusion, pneumonia,
pneumothorax, and normal cases. The model was expected to classify the X-ray
images into any of the four aforementioned classes.
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Figure 4  Model architecture.

From the architecture, each input image is augmented and normalized before
being fed into the pretrained models. The models are fine-tuned by adapting them
to the task and data in this work to make predictions. A decision tree meta-learner
is used to combine the predictions in order to make the final prediction, after
which the model performance is evaluated. The methodology consists of a model
architecture that amalgamates the strengths of transformer models in an ensemble
framework. Three transformer models, VisionTransformer, Data2Vec, and
SegFormer, are used. In the architecture of the ViT, the input image is of the type
RIXWXC "with H, W, and C, representing the height, width, and the channel
(RGB). The image is then split into patches of the type RP*FP*C where P is the

patch. This produces N patches, where N = % patch numbers. Next, it is
P
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flattened into the vector Xg, having length P? X C, where ourn = 1,2,...N. The
sequence of embedded image patches is later derived through mapping the
flattened patches into D dimensions, having linear projection E, which is
trainable. Then the learnable class with embedding X.;,¢¢ is prepended to the
embedded number of image patches, where X,,ss denotes the output
classification Y. The patch embedding is then augmented with a single dimension
positional embedding represented as Ey,s, which adds positional information to
the output. The output is then learned during the model training, which results in

Eq. (4):
Zy = [Xclass;X;E; . -;X{)VE] + Epos “4)

The classification is done by feeding Z, into the transformer input encoder that
contains a stack of L similar layers. The X,;,s; value at the L-th layer of the
encoder is taken and fed into the classification head. Feature extraction is done
with Data2Vec, which introduces a masking strategy where certain patches are
randomly replaced with a special token or other patch. The transformer encoder
predicts the masked patches based on the unmasked ones and refines these
predictions to generate the final latent representations of the input image.
Similarly, as was done to ViT, Data2Vec underwent fine-tuning to adapt its
parameters to the nuances of the CR images.

For semantic segmentation of the images, the SegFormer B4 model was used,
which was designated for labelling the pixels in each image patch. It captures
both local and global information or features that accommodate various
resolutions without positional encoding. The SegFormer B4 model was fine-
tuned on the training data, focusing on enhancing its ability to identify specific
features relevant to chest disease classification. The heart of the methodology lies
in the ensemble approach using decision tree, combining the strengths of three
transformer models: ViT, Data2Vec, and SegFormer. Each transformer model
underwent fine-tuning on training data to adapt to the specifics of the
classification. The ensemble was further fortified through meta-learning using a
decision tree, which integrated the predictions from individual transformers to
enhance the overall classification performance. The decision tree’s evaluation
metrics was based on accuracy, precision, recall, and F1 score. The performance
metrics of the individual models are presented, followed by the performance of
the ensemble model. The Vision Transformer, after being fine-tuned on the
training data, exhibited 88.14% accuracy in classifying the chest diseases. The
training was carried out for 10 epochs. Each epoch lasted for 324 seconds. Figure
5 shows the evaluation of the losses on the training set and the evaluation set
during training.
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Figure S  Training loss of the ViT model.

The ViT model’s confusion matrix is presented in Figure 6, which represents the
model’s performance.
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Figure 6 Confusion matrix of ViT model.

Arising from Figure 6, the evaluation metrics derived are presented in Table 2.
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Table 2 ViT metrics.

Classes Precision (%) Recall (%)  F-1Score (%)
Effusion 82.98 88.06 85.45
Normal 97.49 82.91 89.61
Pneumonia 92.55 98.72 95.53
Pneumothorax 76.33 72.07 74.14
Macro average 87.34 85.44 86.18
Weighted average 88.31 88.14 88.04

The Data2Vec model, after fine-tuning on the training data, exhibited 88.05%
accuracy in classifying the chest diseases. The training was carried out for 10
epochs. Each epoch lasted for 324 seconds. Figure 7 shows the evaluation of the
losses on the training and evaluation data during the training phase.
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Figure 7 D2VEC training loss.
Table 3 provides a detailed insight into the model’s capabilities.

Table 3 D2VEC metrics.

Classes Precision (%) Recall (%)  F-1Score (%)
Effusion 82.86 84.19 83.52
Normal 96.36 90.60 93.39
Pneumonia 95.01 97.69 96.33
Pneumothorax 71.19 70.39 70.79
Macro average 86.35 85.72 86.01

Weighted average 88.08 88.05 88.04
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The confusion matrix of the
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Data2Vec model is shown in Figure 8.
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The SegFormer model, after fine-tuning on the training data, exhibited 82.75%
accuracy in classifying the chest diseases. The training was carried out for 10
epochs. Each epoch lasted for 367 seconds. Figure 9 shows the evaluation of the
loss on the training data and the evaluation data during the training phase. The
evaluation loss of this model was less stable than that of the other two, indicating

low generalization ability.
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SFM training loss.
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The confusion matrix of SegFormer model is shown in Figure 10, which shows
the various components of the evaluation metrics.
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Figure 10 SegFormer confusion matrix.

Detailed insight into the model’s capabilities is presented in Table 4.

Table 4 SFM metrics.

Classes Precision (%) Recall (%)  F-1Score (%)
Effusion 78.06 88.39 82.90
Normal 93.71 70.09 80.20
Pneumonia 86.93 97.18 91.77
Pneumothorax 68.87 58.10 63.03
Macro average 81.89 78.44 79.47
Weighted average 82.98 82.75 82.24

The ensemble model was implemented using the stacking approach. The decision
tree model, after training on the output of the transformer models, exhibited
90.58% accuracy in classifying the chest diseases. The decision tree model’s
confusion matrix is presented in Figure 11, while the model capabilities are

presented in Table 5.
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Figure 11 Decision tree confusion matrix.

Table 5 Decision tree metrics.

Classes Precision (%) Recall (%)  F-1Score (%)
Effusion 83.87 91.23 87.39
Normal 94.55 92.86 93.69
Pneumonia 96.30 96.30 96.30
Pneumothorax 80.00 68.97 74.07
Macro average 88.68 87.34 87.86
Weighted average 90.56 90.58 90.48
4 Comparison with Baseline Models

The results obtained from the stacking ensemble surpassed those achieved by the
individual transformer models and provided a notable improvement over the
baseline models. This substantiates the efficacy of the ensemble approach,
showcasing its potential for advancing mordern chest disease classification. The
difference between the metrics of the decision tree meta-learner and the baseline
transformers are presented in Figure 12.
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Figure 12 Comparison of the models.

The performance of decision tree was evaluated based on accuracy, precision,
recall, and F1 score. The results of the ensemble model for classification achieved
83.87% precision, 91.23% for recall, 87.39% for F1 score in Effusion. It also
achieved 94.55% precision, 92.86% for recall, 93.69% for F1 score in Normal
CR. The classification achieved 96.3% precision, recall, and F1 score in
pneumonia classification. Classification result achieved 80% precision, 68.97%
for recall, and 70.07% for F1 score in pneumothorax classification. The weighted
average performance of decision tree for all the metrics shows 90.56% precision,
90.58% for recall, and 90.48% for F1 score. The results obtained from the
stacking ensemble surpassed those achieved by the individual transformer models
and provided a notable improvement over the baseline models. This substantiates
the efficacy of the ensemble approach, showcasing its potential for advancing
recent chest disease classification.

5 Discussion

The results from the individual transformer models provide a nuanced
understanding of their capabilities in classifying chest diseases from X-ray
images. The VisionTransformer model demonstrated a high level of precision,
indicating its proficiency in minimizing false positives. This characteristic is
particularly valuable in medical diagnostics where the consequences of false
positive predictions can be critical. The balanced F1 score further underscores the
model’s ability to maintain precision and recall equilibrium. The Data2Vec
model showcased a well-rounded performance with a good balance between
precision and recall. The accuracy and F1 score suggest its effectiveness in
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capturing both positive and negative instances. The model’s stability in achieving
consistent results across multiple metrics positions it as a robust contributor to
the ensemble.

While slightly lagging in accuracy and precision when compared to other models,
Segfomer demonstrated commendable performance. The model’s ability to
capture true positive instances, as indicated by the recall score, ensures that it
contributes valuable predictive power to the ensemble. The stacking ensemble
produced notable improvements in performance metrics. Decision tree, trained
on predictions from the individual transformer models, exhibited enhanced
accuracy, precision, recall, and F1 score, reaching 90% across all metrics when
considering the weighted average.

The drawback on the performance metrics of the models in the work of Berendikt
et al., which varied between 62.79% and 64.9%, was improved in this work,
showing performance metrics between 76% and 97% for the various models. This
is a sharp improvement on the previous work. Also, the work of Huang et a/. had
the shortcoming of not having image preprocessing and meta-learning, which
were introduced in this work. The performance metrics were also improved upon
because the sensitivity of our model varied between 82% and 97%.

An essential aspect of the performance of the model is its robustness and
generalization to new and unseen data. The ensemble’s performance on the test
set and its ability to consistently achieve high metrics across different chest
diseases from multiple datasets indicate its potential for real-world applicability.
This paper therefore developed a single ensemble module for multi-disease
classification. It also developed a model that ensures that chest X-rays images
can be classified with little or no intervention from a radiologist. Furthermore,
the model developed provides a better approach for disease classification not
based on a traditional convoluted neural network architecture. Lastly, the model
provides a tool for generating predictive outcomes of X-rays that could be used
by clinicians.

6 Conclusion

The proposed ensemble model may be deployed for clinical use after due
consideration for testing with private data instad of data from publicly available
sources. Moreover, cross-validation needs to be done in order to monitor how
well the models generalize to new and unseen data. This will help in getting a
better estimate of the real-world performance of the model, detect over-fitting,
reduce variance in performance estimates and ensure a more efficient use of data.
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