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Since the outbreak of COVID-19, hundreds of millions of people have been
infected, causing millions of deaths, and resulting in a heavy impact on
the daily life of countless people. Accurately identifying patients and taking
timely isolation measures are necessary ways to stop the spread of COVID-
19. Besides the nucleic acid test, lung CT image detection is also a path to
quickly identify COVID-19 patients. In this context, deep learning technology
can help radiologists identify COVID-19 patients from CT images rapidly. In
this paper, we propose a deep learning ensemble framework called VitCNX
which combines Vision Transformer and ConvNeXt for COVID-19 CT image
identification. We compared our proposed model VitCNX with EfficientNetV2,
DenseNet, ResNet-50, and Swin-Transformer which are state-of-the-art deep
learning models in the field of image classification, and two individual models
which we used for the ensemble (Vision Transformer and ConvNeXt) in binary
and three-classification experiments. In the binary classification experiment,
VitCNX achieves the best recall of 0.9907, accuracy of 0.9821, Fl-score of
0.9855, AUC of 0.9985, and AUPR of 0.9991, which outperforms the other
six models. Equally, in the three-classification experiment, VitCNX computes
the best precision of 0.9668, an accuracy of 0.9696, and an Fl-score of
0.9631, further demonstrating its excellent image classification capability. We
hope our proposed VitCNX model could contribute to the recognition of
COVID-19 patients.

KEYWORDS

COVID-19, CT scan image, deep ensemble, Vision Transformer, ConvNeXt

01 frontiersin.org


https://www.frontiersin.org/journals/microbiology
https://www.frontiersin.org/journals/microbiology#editorial-board
https://www.frontiersin.org/journals/microbiology#editorial-board
https://www.frontiersin.org/journals/microbiology#editorial-board
https://www.frontiersin.org/journals/microbiology#editorial-board
https://doi.org/10.3389/fmicb.2022.1024104
http://crossmark.crossref.org/dialog/?doi=10.3389/fmicb.2022.1024104&domain=pdf&date_stamp=2022-11-04
mailto:lzjfox@hnit.edu.cn
mailto:lionver@hut.edu.cn
mailto:plhhnu@163.com
https://doi.org/10.3389/fmicb.2022.1024104
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/articles/10.3389/fmicb.2022.1024104/full
https://www.frontiersin.org/journals/microbiology
https://www.frontiersin.org

Tian et al.

Introduction

In March 2020, the World Health Organization declared
COVID-19 as an international pandemic disease due to its
rapid and strong transmission (Cascella et al., 2022). Until
22 April 2022, the pandemic has caused about 6.213 million
deaths worldwide, over 505.8 million people have been infected
with this virus, and there are up to ~700 thousand new cases
within 24 h of that time (Geneva: World Health Organization,
2020; Wang et al, 2021). Different from SARS, the new
coronavirus did not disappear quickly or cause limited losses
(Stadler et al., 2003). On the contrary, its Delta and Omicron
variants induced new pandemics worldwide after multiple
mutations (Vasireddy et al., 2021; V’kovski et al., 2021; Yu
et al., 2021; Del Rio et al., 2022). It has also caused a sustained
impact on the global economy. Long-term shutdowns left many
people unemployed. Many countries enforced lockdowns during
periodical outbreaks, which resulted in a global economic
recession (Alshater et al., 2021; Padhan and Prabheesh, 2021).
Although vaccines have been researched and developed to
prevent COVID-19 transmission to a certain extent, there is still
a need to adopt various methods to detect the virus and prevent
its spread.

As a highly contagious respiratory disease, the clinical
symptoms of COVID-19 are similar to the common flu and
common pneumonia, for instance, coughing, dyspnea, dizziness,
and some mild symptoms (Zhang et al., 2020). But the patient
infected by the novel coronavirus may deteriorate into fatal acute
respiratory distress syndrome in a very short period of time
(Guan, 2020). As a result, it greatly increases the difficulty of
its early detection and places higher demands on the healthcare
system for its treatment. Therefore, the efficient and accurate
identification of COVID-19 in patients has become a key to
preventing its spread. The nucleic acid test is currently the most
widely used due to its high accuracy, simple operation, and low
cost (Tahamtan and Ardebili, 2020). But the paucity of standard
laboratory environments with specially trained staft has limited
the entire testing process.

As an alternative, the non-invasive detection technology,
Computed Tomography (CT) provides a new rapid detection
method for detecting COVID-19. After the patient has
undergone a lung CT scan, experienced radiologists can quickly
find typical lesions in the patients lungs, such as ground-glass
opacity, consolidation, and interlobular interstitial thickening by
reading the CT images (Chung et al., 2020; Xu et al., 2020). We
can also detect COVID-19 in a short time by combining patients’
clinical symptoms and investigating recent social situations
using epidemiological survey methods. It can help medical
workers and epidemic management departments to quickly deal
with patients and deploy new prevention and control strategies,
and thus intervene in the treatment of patients as early as
possible to control its contagion.
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However, during the initial stage of the epidemic outbreak,
the massive influx of patients often means medical staff and
healthcare professionals have to work 24 h a day, which has a bad
effect on the physical and mental health of doctors and affects
the accuracy and efficiency of the medical diagnosis (Zhan
et al., 2021). Alternatively, artificial intelligence technology
is a quite efficient strategy and obtains wide application in
varjous fields (Chen et al., 2019; Liu et al., 2021a, 2022a,b; Tang
et al,, 2021; Wang et al., 2021; Zhang et al., 2021; Liang et al,,
20225 Sun et al,, 2022; Yang et al., 2022), and can be used to
complement the work of radiologists. It can efficiently assist
medical staff in judging symptoms, for example, pre-classifying
pathological images or predicting sampling results, and thus
can greatly reduce their working intensity. Particularly, deep
learning has achieved optimal performance in medical image
processing (Munir et al., 2019). For instance, Sohail et al.
(2021) used a modified deep residual neural network to detect
pathological tissue images of breast cancer and implemented
automated tumor grading by detecting cell mitosis. Similarly,
Codella et al. (2017) introduced a deep ensemble model
for pathological image segmentation of skin cancer and the
detection of melanoma to improve the detection efficiency of
skin cancer. Dou et al. (2016) established a three-dimensional
multi-layer convolution model to detect pulmonary nodules in
lung stereoscopic CT images, thereby reducing the false positive
rate of automated pulmonary nodule detection. Farooq and
Hafeez (2020) proposed a ResNet-based COVID-19 screening
system to assist radiologists to diagnose. Aslan et al. (2021)
developed a new type of COVID-19 infection detection system
based on convolutional neural networks (CNN) by combining
the long short-term memory (LSTM) network model. These
methods effectively improved the identification performance of
COVID-19-related CT images. In this paper, we propose a deep-
learning ensemble model by integrating Vision Transformer
(Dou et al,, 2016) and ConvNeXt (Liu et al., 2022¢) to effectively
the
CT images.

improve prediction accuracy of COVID-19-related

Materials and methods

Materials

We constructed a comprehensive dataset by integrating and
screening data from three lung CT datasets (Soares et al., 2020;
Yang et al., 2020). Dataset 1 contained a total of 4,171 images,
where 2,167 images were from COVID-19 patients, 757 were
from healthy people, and 1,247 were from other pneumonia
patients. Dataset 2 contained a total of 2,481 images, where
1,252 images were from COVID-19 patients, and 1,229 were
from healthy people; both datasets 1 and 2 were from Sao Paulo,
Brazil. Dataset 3 was from Wuhan, China, and included 746 CT
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images, of which 349 were from COVID-19 patients and 397
were from healthy people. Using these datasets we constructed
an integrated dataset with a total of 7,398 CT images, which
had 3,768 CT images of COVID-19 patients, 2,383 healthy CT
images, and 1,247 CT images of other pneumonia patients.

Methods

We investigated various CNN and transformer models and
chose Vision Transformer and ConvNeXt as the basic classifier
of the ensemble model.

Vision transformer

Transformers have been widely used in the natural language
processing field since it was proposed in 2017 (Vaswani et al,
2017). It constructs basic decoder units by connecting the
feed-forward neural network and the self-attention mechanism
(Bahdanau et al, 2014), as well as adding an encoder-
decoder self-attention layer between the two network structures.
It creates a brand-new structure that differs from CNN
while obtaining relatively high accuracy. The self-attention
mechanism used in the transformer first converts the input text
into an embedding vector based on word embedding progress.
Next, the obtained embedding vectors are used as inputs (named
Queries, Keys, and Values) of the self-attention mechanism by a
series of multiplication operations. Finally, the output of the self-
attention layer is computed using Equation (1) and is fed to the
next fully connected layer.

KT
Attention (Q, K, V) = softmax <Q) \% (1)

i

di, = dim (K)

In 2020, Dosovitskiy et al. built Vision Transformer for
image classification. It achieved powerful classification ability
comparable to the top CNN models on multiple datasets
(CIFAR-100, ImageNet, etc.) (Dosovitskiy et al., 2020).

As shown in Figure 1, the main architecture of the Vision
Transformer model is mainly composed of three parts: First is
the embedding layer which is used to convert an image into
a vector that the transformer encoder can recognize. It also
plays a role in embedding position information. The second
is the transformer encoder layer which is used to extract
features. Finally, a multi-layer perceptron head is used to feature
dimension reduction and classify images.

The embedding layer

We used Vision Transformer-B/16-224 to classify COVID-
19-related images. The procedure for embedding the layer
is shown in Figure 2. First, an original image is resized to
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the following dimensions: 224*224*3. Second, the image is
segmented into blocks of 16*16*3 according to the VIT-B/16-
224 configuration, thereby generating 1414 = 196 (224/16 =
14) blocks. Third, each block is mapped on a 768-dimensional
vector through linear mapping. Finally, a matrix of 196%768 size
is obtained as the basic input token.

In the original transformer model, all vectors need to embed
position vectors to represent the spatiotemporal information
of the original input. Similarly, Vision Transformer takes the
location information as a trainable parameter and adds it to
the token after the image is converted into a vector. The token
is extended by one dimension, and a trainable parameter that
represents the class or label is added to this new dimension to
represent the original class or label of the token for training. The
obtained final vector is input into the Transformer Encoder as
a token.

Transformer encoder layer

As shown in Figure 3, the encoder layer mainly includes
layer normalization (LN), multi-head attention (MHA) block,
dropout, and multi-layer perceptron (MLP) block. The core of
this structure is the parallel attention mechanism processing
layer called multi-head attention. First, the input token matrix is
normalized through layer normalization. Second, three matrices
Q, K, and V are obtained by multiplying W2and WX, which
are the same as the self-attention module. Third, Q, K, and
V are divided into a matrix equal to the number of heads h
by multiples of WiQ, WiK, WiV. The corresponding Q;, Kj, V;
matrix of each head is then used to compute the respective
attention score using Equation (2):

head; = Attention (QWI.Q,KWI,K , VWiV) 2)

WIQ (S Rdmod‘?leq) WIK c Rdmodchdk’ Wiv c Rdmodele",
dq = dg = dy = dyogei/h
Finally, the output of the MHA layer is obtained by

concatenating all heads and multiplying a matrix-like full
connection using Equation (3):

MultiHead(Q, K, V) = Concat (headl, .. ,headh) we°
WO c thv deodel

(©)

The output of the entire transformer encoder layer can be
obtained through a residual connection both before and after the
MHA and MLP layers. And the encoder layer of the entire model
is usually formed by stacking multiple transformer encoders.

MLP head
The main role of the MLP head is to obtain the high-
dimensional features and obtain the final classification result.
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Concise structure of Vision Transformer.

s

are ¥

\

‘.‘ Extend
Flatten class token
— “rete —

AY IR

&2

A LB ] 4

Embedding Layer \

Position
Embeding
cese — o

Aare ¥

J

FIGURE 2

spatiotemporal information of the image.

Structure of embedding layer in Vision Transformer. The darker green wider rectangles represent the flattened feature vector of each block of an
image, while the pink wider rectangles represent the feature vectors corresponding to classes, and the brown narrower rectangle represents the

The outputs of the transformer encoder layer (197*768 in VIT
B16/224) are used to compute the classification probability of an
image. That is, the output of the transformer encoder layer is
a 197*768 matrix, whose sizes are the same as the input of the
transformer encoder layer. Finally, only one 768-dimensional
vector is used as the input for the MLP head to obtain the
classification result of an image corresponding to the matrix.

ConvNeXt

CNN is a classic neural network structure. Lenet was used
for handwritten digit recognition as the earliest convolutional
neural network model (LeCun et al., 1989). Due to the
limitation of the lack of computer performance and the
difficulty of collecting large-scale datasets in the 1990s, CNN
did not achieve outstanding results in the 20 years that followed.
In 2012, Krizhevsky et al. (2012) proposed the AlexNet CNN
model, which defeated all image classification models at the
ILSVRC2012 competition (Russakovsky et al, 2015). The
following CNN models, for instance, VGGNet (Simonyan
and Zisserman, 2014) and GoogleNet (Szegedy, 2015),
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have become prevalent in many AI application fields. The
concept of residual and bottleneck layer proposed by the
ResNet (He et al., 2016) model in 2015 again improved the
performance of CNN. It effectively avoids the gradient problem
caused by deeper layers. The generative adversarial network
(GAN) proposed by Goodfellow et al. (2014) divided the
network into two parts including generation and discriminator
based on game theory to achieve better performance through
iterative evolutions.

Since the transformer structure came into being in 2020,
CNN has not become obsolete. On the contrary, the ConvNeXt
network was introduced. ConvNeXt absorbs the advantages
of multiple transformer structures in the network structure
setting and parameter selection. It outperformed the most
powerful transformer model named swin-transformer (Liu
et al., 2021a,b) on the ImageNet-1K dataset by adjusting
training parameter settings, optimizer, and convolution
kernel sizes.

As shown in Figure 4, ConvNeXt has a pretty concise
structure. Its performance is greatly improved to the original

ResNet although it is quite similar to ResNet. Moreover, it not
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Concise structure of ConvNeXt

only demonstrates better performance than many classic CNN
models but also outperforms many transformer models.

First, ConvNeXt starts training ResNet-50 using techniques
similar to training transformer models, such as better
optimizers, more efficient hyper-parameter settings, and
new data augmentation methods. Second, various new

Frontiers in Microbiology

optimization strategies are gradually applied to optimize the
model, for instance, setting new layer numbers and larger
convolution kernels. And eventually, ConvNeXt outperforms
the transformer model on the ImageNet-1K dataset.

The overall structure of ConvNeXt is very similar to ResNet-
50. It includes the feature extraction layer of the head, the
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middle layer where the bottleneck structure of four different
dimensions is separately stacked, and the final high-dimensional
feature classification layer. However, the strategy of stacking
and the interior of each layer has undergone several changes.
The changes include: (i) In each stage of the original ResNet-
50, the stacking number of each block is 3:4:6:3; in ConvNeXt
this has been revised to 3:3:9:3, which is similar to the block
stacking of the transformer model. (ii) In the block of ResNet-
50, the bottleneck design is to reduce the dimension first, then
feature extraction, and finally increase the dimension. However,
as shown in Figure 5, the bottleneck in ConvNeXt is designed
to run feature extraction first, then reduce the dimension, and
finally increase the dimension. (iii) It has modified the size of
the convolution kernel to 7*7 from the ResNet 3*3. (iv) Its
activation function has also been replaced from ReLU to GELU,
and cut back the usage count of activation functions. (v) Its
normalization has changed to layer normalization from batch

10.3389/fmicb.2022.1024104

normalization as well as reduced usage count of normalization.
The performance of ConvNeXt has gradually improved and
even outperforms the VIT through the above five strategies
and a few other settings including new parameters, structures,
and functions.

Ensemble

As shown in the pipeline in Figure 6, we can obtain the
final classification results by integrating the results of the
Vision Transformer and ConvNeXt based on the soft voting
mechanism using Equation (4):

Sf =aS,+ (1 —a)S; (4)

Where S , and S . denote the classification scores from
Vision Transformer and ConvNeXt for all images, respectively.

4 )
ConvNeXt Block ResNet Block
DepthWise Conv2D ( Conv2D ]
kernel size = 7*7 kernel size = 1*1
C RELU )
Conv2D Conv2D
kernel size = 1*1 kernel size = 3*3
C GELU ) hNorm )
V C RELU )
v
Conv2D ) —
ok = 1% COanD
= el kernel size = 11 )
—®
\ J
FIGURE 5
Differences between ConvNeXt and ResNet in bottleneck.
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Results

Experimental evaluation and parameter
settings

We used six metrics to evaluate the performance of all
classification models, that is, precision, recall, accuracy, F1-
score, AUC, and AUPR. These six evaluation metrics are defined

as follows:
.. TP
Precision = ——— (5)
TP + FP
TP
Recall = ——— (6)
TP + EN
TP + TN
Accuracy = + (7)
TP 4+ TN + FP 4+ FN
2*Precision*Recall
Fl — Score= —————— (8)
Precision + Recall
. TP
TPR (Ture Positive Rate) = ———— 9)
TP + EN
L FP
FPR (False Positive Rate) = — (10)
TN + FP

AUC is the area under the TPR-FPR curve. AUPR is the
area under the precision-recall curve. For COVID-19-related
image binary classification, precision means the proportion
of images that are COVID-19-related images in the dataset
and are predicted to be COVID-19-related among all the
predicted COVID-19 images. Recall represents the proportion
of images that are COVID-19-related images in the dataset
and are predicted to be COVID-19-related among all COVID-
19-related images in the dataset. Accuracy represents the
proportion that is correctly predicted. F1-Score, AUC, and
AUPR are comprehensive metrics that consider precision,
recall, and FPR.

To investigate the performance of our proposed ViTCNX
model in different classification situations, we conducted
experiments under binary classification and three-class
In the VITCNX, the
was randomly initialized with seed = 8. ConvNeXt uses
ConvNeXt_tiny to
and its initial learning rate was set to 5e-4, and the initial
weight adopted the convnext_tiny_lk_224 ema. The Vision

classification, respectively. dataset

construct and initialize parameters,

Transformer uses vit_base_patchl6 to construct and initialize
parameters, and its initial learning rate was set to le-3. It
adopted the initial weight vit_base_patchl6_224 in21k. In
all image classification algorithms, the training epoch and
the batch size were set to 100 and 8, respectively. DenseNet,
and EfficinetNetV2 used
densenet121, resnet50-pre, swin_tiny_patch4_window7_224,

ResNet-50, Swin Transformer,

and pre_efficientnetv2-s to initialize their weight parameters,
respectively. The corresponding learning rates were le-3, le-4,
le-4, and 1le-3, respectively. VITCNX used the same parameter
settings as individual Vision Transformer and ConvNeXt.
After comparing the image classification ability under different
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TABLE 1 Performance of VITCNX and the other six models under the
binary classification.

Metrics Precision Recall Accuracy F1-score AUC AUPR
EfficientNetV2 0.9920 03293  0.5875 04945  0.9609 0.9738
ConvNeXt 09650  0.9894  0.9715 09770  0.9952 0.9968
DenseNet 09788  0.9814  0.9756 09801  0.9973 0.9983
Swin 09587  0.9548  0.9471 09568  0.9911 0.9945
Transformer

ResNet-50 09892 09695  0.9748 09792 0.9970 0.9979
Vision 09815 09854  0.9797 0.9834  0.9985 0.9990
Transformer

ViTCNX 09803  0.9907  0.9821 0.9855  0.9985 0.9991

Bold values means the highest score under this metric.

values of a, we set o = 0.6 where VITCNX computed the

best performance.

Binary classification for CT images

Under the binary classification of images, there were a total
of 6,151 CT images, including 3,768 CT images from COVID-
19 patients and 2,383 CT images from healthy individuals. The
6,151 images were divided into a ratio of 0.8:0.2. Consequently,
4,922 images were used as the training set, including 3,015
COVID-19-related images and 1,907 CT images from healthy
individuals. The remaining 1,229 images were used as the
test set, including 753 COVID-19-related CT images and 476
healthy images. We compared our proposed VITCNX model
with four state-of-the-art image classification algorithms, that is,
DenseNet (Huang et al., 2017), ResNet-50, Swin Transformer,
and EfficinetNetV2 (Tan and Le, 2021). In addition, VITCNX
was also compared with the two individual models it was
comprised of, that is, Vision Transformer and ConvNeXt. The
results are shown in Table 1. The bold font in each column
represents the best performance computed by the corresponding
method among the above seven methods. Table 1 and Figure 7
show the precision, recall, accuracy, F1-score, AUC, and AUPR
values and curves of these models.

From Table 1 and Figure 7, we can find that ViTCNX
obtained the best recall, AUC,
AUPR, significantly outperforming the other six methods.

accuracy, Fl-score, and
EfficientNetV2 achieved the best score of precision. This
result is consistent with the prediction results on the
confusion matrix. In the experiments, EfficientNetV2 computed
higher precision than ViTCNX. The reasons may be that
different models perform very differently on different parameter
settings, different datasets, and different sizes, which have a
significant impact on the classification performance of the
model. In particular, VITCNX outperforms its two individual
models, Vision Transformer and ConvNeXt, demonstrating
that an ensemble of single classification models can improve
image identification performance. Figures 7B,C show the AUC
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(A) The performance comparison of VitCNX and six other models for COVID-19 in binary classification problems; (B,C) The AUC and AUPR
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and AUPR values obtained by the seven models. VITCNX
outperforms the other six models, elucidating that it can
effectively classify related CT images as COVID-19-related
or not.

Three-classification for CT images

To further investigate the performance of the seven models
under the three-classification challenge, we considered a total
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of 7,398 CT images, including 3,768 images from COVID-
19 patients, 2,383 from healthy individuals, and 1,247 from
other pneumonia patients. The 7,398 images were divided in
a ratio of 0.8:0.2, resulting in 5,920 images in the training
set and 1,478 images in the test set. The 5,920 images in the
training set consisted of 3,015, 1,907, and 998 images from
COVID-19 patients, healthy individuals, and other pneumonia
patients, respectively. The 1,478 images in the test set consisted
of 753, 476, and 249 images from COVID-19 patients, healthy
individuals, and other pneumonia patients, respectively. We
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trained VITCNX and the other comparable models using the
training set and then evaluated their performance using the test
set. Table 2 and Figure 8 show the precision, recall, accuracy, and
Fl-score values of VITCNX and the other six models for the
three-classification situation.

From Table 2 and Figure 8, we can observe that VITCNX
computed the best precision, accuracy, and Fl-score,
greatly outperforming the other six models. Although it
calculated a relatively lower recall of 0.9597 than Vision
Transformer with a recall of 0.9599, the difference is very
minor. Particularly, compared with Vision Transformer,
ConvNeXt, DenseNet, ResNet-50, Swin Transformer, and
EfficientNetV2, VITCNX computed a Fl-score of 0.9631,
better by 0.04, 1.58, 1.89, 532, 6.74, and 64.11% than
the six models, respectively. These results demonstrate
that VITCNX can more accurately classify CT images
from COVID-19, from other pneumonia cases, and
healthy individuals.

TABLE 2 Performance of VITCNX and the other six models under
three classification.

10.3389/fmicb.2022.1024104

The confusion matrix analysis

We further evaluated the number of true positives (TP), true
negatives (TN), false positives (FP), and false negatives (FN)
obtained by Vision Transformer, ConvNeXt, DenseNet, ResNet-
50, Swin Transformer, EfficientNetV2, and ViTCNX under
binary classification. Table 3 and Figure 9 present the statistical
data of TP, TN, FP, and FN from the above seven models for
binary classification. The importance of these four evaluation
metrics is not equal. For COVID-19 image recognition, TP
denotes the number of images that are COVID-19 images in
the dataset and are predicted to be COVID-19-related. FN
denotes the number of images that are COVID-19 images but
are predicted to be non-COVID-19-related. FN denotes that
there are undetected COVID-19 patients, which may cause the
spread of the pandemic. TP and FN are more important than the
other two metrics. Higher TP and lower FN represent the better
performance of VITCNX.

TABLE 3 Statistics of VITCNX and other six models for binary
classification.

Metrics Precision Recall Accuracy FI1-Score Metrics TP TN FP FN
EfficientNetV2 0.7783 0.4188 0.4526 0.3221 EfficientNetV2 248 474 2 505
ConvNeXt 0.9562 0.9397 0.9574 0.9473 ConvNeXt 745 449 27 8

DenseNet 0.9487 0.9402 0.9560 0.9442 DenseNet 739 460 16 14
Swin Transformer 0.9259 0.8754 0.9127 0.8957 Swin Transformer 719 445 31 34
ResNet-50 0.9369 0.8936 0.9317 0.9100 ResNet-50 730 468 8 23
Vision Transformer 0.9657 0.9599 0.9689 0.9627 Vision Transformer 742 462 14 11
VIiTCNX 0.9668 0.9597 0.9696 0.9631 ViTCNX 746 461 15 7

Bold values means the highest score under this metric.

Bold values means the highest score under this metric.
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FIGURE 8
The performance of VitCNX and six other models for three-classification problem.
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From Table 3 and Figure 9, we can observe that our proposed
ViTCNX model screens the most TP, and the least FN compared
to the other six models. Our proposed VITCNX model computes
the highest TP of 746 and the lowest FN of 7 among 1,229 test
samples, demonstrating that it can most efficiently recognize
COVID-19-related images of COVID-19 patients.

Discussion and conclusion

With the rapid development of AI technology and high-
performance computing platforms, using deep learning models
to detect COVID-19 through lung CT images has become
a research hotspot. Not only because this method has a
higher performance and faster speed, but also lower time and
economic cost. In this paper, we proposed an ensemble deep
learning model (ViTCNX) to recognize COVID-19-related CT
images by combining Vision Transformer and ConvNeXt. We
compared ViTCNX with six other state-of-the-art deep learning
models (Vision Transformer, ConvNeXt, DenseNet, ResNet-
50, Swin Transformer, and EfficientNetV2). We conducted a
series of comparative experiments to evaluate the performance
of VITCNX. The results show that VITCNX computed the
best recall, accuracy, F1-score, AUC, and AUPR under binary
classification and the best precision, accuracy, and Fl-score
under three-classification tests. Moreover, ViTCNX obtained
the highest TP and the lowest FN in binary classification. The
results show that our proposed VITCNX model has powerful
COVID-19-related image recognition ability.

We adopted several techniques to reduce over-fitting. First,
we used three different datasets of COVID-19 to evaluate the
performance of VITCNX. The three datasets were collected from
two different places (Wuhan, China, and Sao Paulo, Brazil).
We integrated the three different datasets into one dataset
to increase the differences in datasets and further enhance
the generalization performance of VITCNX. Additionally, we
used techniques including layer normalization and dropout
to prevent over-fitting. The ensemble learning strategies also
helped to improve the model’s generalization ability and
reduce over-fitting.

There are two advantages of the proposed VITCNX model:
First, the variance is reduced through the ensemble of multiple
models, thereby improving the robustness and generalization
ability of the model. Second, Vision Transformer and ConvNeXt
are greatly different in structure. An ensemble of them can
lower their correlation and further reduce the classification
error. Although ViTCNX obtains better performance, it does
increase a large number of training parameters, which increases
the training and testing time of the model and requires higher
computational resources.

In the future, we will continuously update data to build
larger COVID-19 datasets to enhance the generalization ability
of VITCNX. We will also design a new deep learning
framework, adopt efficient training methods, and optimize
parameter settings to improve the prediction ability of the
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model. Additionally, we will establish an automatic annotation
model to autonomously label hot spots. We anticipate that our
proposed VITCNX model can contribute to the clinical detection
of COVID-19.

Data availability statement

The original contributions presented in the study are
included in the article/supplementary material, further inquiries
can be directed to the corresponding author/s.

Author contributions

GT, LP, ZW, XL, and ZL: conceptualization. GT, LP, ZW,
CW, and ZL: methodology. ZW, GL, CW, ZH, YZ, and JC:
software. GT, LP, ZW, YL, HX, ZH, YZ, and GL: validation. GT,
LP, XL, JC, and ZL: investigation. ZW, CW, GL, and HX: data
curation. LP and ZW: writing-original draft preparation and
project administration. GT and LP: writing-review and editing.
GT, LP, and ZL: supervision and funding acquisition. All authors
have read and agreed to the published version of the manuscript.

Funding

ZL was supported by the National Natural Science
Foundation of China under Grant No. 62172158. LP was
supported by the National Natural Science Foundation of China
under Grant No. 61803151. GL and YL were supported by the
Innovation and Entrepreneurship Training Program for College
Students of Hunan Province under Grant No. $S202111535031
and the Innovation and Entrepreneurship Training Program for
College Students of the Hunan University of Technology under
Grant No. 20408610119.

Conflict of interest

Author GT was employed by the company Geneis (Beijing)
Co., Ltd. Author JC was employed by Hunan Storm Information
Technology Co., Ltd.

The remaining authors declare that the research was
conducted in the absence of any commercial or financial
relationships that could be constructed as a potential conflict
of interest.

Publisher’s note

All claims expressed in this article are solely those of the
authors and do not necessarily represent those of their affiliated
organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or
claim that may be made by its manufacturer, is not guaranteed
or endorsed by the publisher.

frontiersin.org


https://doi.org/10.3389/fmicb.2022.1024104
https://www.frontiersin.org/journals/microbiology
https://www.frontiersin.org

Tian et al.

References

Alshater, M.M., Atayah, O.F., and Khan, A. (2021). What do we know about
business and economics research during COVID-19: a bibliometric review. Econ.
Res. 35, 1-29. doi: 10.1080/1331677X.2021.1927786

Aslan, MLF., Unlersen, M.F., Sabanci, K., and Durdu, A. (2021). CNN-
based transfer learning-BiLSTM network: A novel approach for COVID-19
infection detection. Appl. Soft Comput. 98, 106912. doi: 10.1016/j.as0c.2020.10
6912

Bahdanau, D., Cho, K., and Bengio, Y. (2014). Neural machine translation by
jointly learning to align and translate. arXiv [Preprint]. arXiv: 1409.0473. Available
online at: https://arxiv.org/pdf/1409.0473.pdf

Cascella, M., Rajnik, M., Aleem, A., Dulebohn, S.C., and Di Napoli,
R. (2022). Features, Evaluation, and Treatment of Coronavirus (COVID-19).
Statpearls.

Chen, X., Xie, D., Zhao, Q., and You, Z.H. (2019). MicroRNAs and complex
diseases: from experimental results to computational models. Brief. Bioinform. 20,
515-539. doi: 10.1093/bib/bbx130

Chung, M., Bernheim, A., Mei, X., Zhang, N., Huang, M., Zeng, X., et al. (2020).
CT imaging features of 2019 novel coronavirus (2019-nCoV). Radiology. 295,
202-207. doi: 10.1148/radiol.2020200230

Codella, N.C., Nguyen, Q.B., Pankanti, S., Gutman, D.A., Helba, B., Halpern,
A.C, et al. (2017). Deep learning ensembles for melanoma recognition
in dermoscopy images. IBM ]. Res. Dev. 61, 5. doi: 10.1147/JRD.2017.270
8299

Del Rio, C., Omer, S.B., and Malani, P.N. (2022). Winter of Omicron—the
evolving COVID-19 pandemic. JAMA 327, 319-320. doi: 10.1001/jama.2021.
24315

Dosovitskiy, A., Beyer, L., Kolesnikov, A., Weissenborn, D., Zhai, X., Unterthiner,
T., et al. (2020). An image is worth 16x16 words: Transformers for image
recognition at scale. arXiv [Preprint]. arXiv: 2010.11929. Available online at:
https://arxiv.org/pdf/2010.11929.pdf

Dou, Q., Chen, H, Yu, L, Qin, J, and Heng, P.A. (2016). Multilevel
contextual 3-D CNN:s for false positive reduction in pulmonary nodule detection.
IEEE Transact. Biomed. Eng. 64, 1558-1567. doi: 10.1109/TBME.2016.261
3502

Faroog, M., and Hafeez, A. (2020). Covid-resnet: a deep learning framework
for screening of covid19 from radiographs. arXiv [Preprint]. arXiv: 2003.14395.
Available online at: https://arxiv.org/pdf/2003.14395.pdf

Goodfellow, L., Pouget-Abadie, J., Mirza, M., Xu, B., Warde-Farley, D., Ozair, S.,
etal. (2014). Generative adversarial nets. Adv. Neural Inf. Process. Syst. 63, 139-144.
doi: 10.1145/3422622

Guan, W.J.,Ni, Z.Y., Hu, Y., Liang, W.H., Ou, C.Q., He, ].X,, et al. (2020). Clinical
characteristics of 2019 novel coronavirus infection in China. MedRxiv [Preprint].
doi: 10.1101/2020.02.06.20020974

He, K., Zhang, X,, Ren, S., and Sun, J. (2016). “Deep residual learning for image
recognition,” in Proceedings of the IEEE Conference on Computer Vision and Pattern
Recognition (Las Vegas), 770-778.

Huang, G., Liu, Z., Van Der Maaten, L., and Weinberger, K.Q. (2017). “Densely
connected convolutional networks,” in Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition (Honolulu), 4700-4708.

Krizhevsky, A., Sutskever, I., and Hinton, G.E. (2012). Imagenet classification
with deep convolutional neural networks. Adv. Neural Inf. Process. Syst. 60, 84-90.
doi: 10.1145/3065386

LeCun, Y., Boser, B., Denker, J., Henderson, D., Howard, R., Hubbard, W.,
et al. (1989). Handwritten digit recognition with a back-propagation network. Adv.
Neural Inf. Process. Syst. 2, 396-404.

Liang, Y., Zhang, Z.Q., Liu, N.N,, Wu, Y.N,, Gu, C.L,, and Wang, Y.L. (2022).
MAGCNSE: predicting IncRNA-disease associations using multi-view attention
graph convolutional network and stacking ensemble model. BMC Bioinform. 23,
1-22. doi: 10.1186/s12859-022-04715-w

Liu, H,, Qiu, C., Wang, B, Bing, P., Tian, G., Zhang, X,, et al. (2021a).
Evaluating DNA methylation, gene expression, somatic mutation, and their
combinations in inferring tumor tissue-of-origin. Front. Cell Dev. Biol. 9, 619330.
doi: 10.3389/fcell.2021.619330

Liu, W, Jiang, Y., Peng, L., Sun, X,, Gan, W., Zhao, Q., et al. (2022a).
Inferring gene regulatory networks using the improved Markov blanket discovery
algorithm. Interdiscipl. Sci. Comp. Life Sci. 14, 168-181. doi: 10.1007/s12539-021-
00478-9

Frontiers in Microbiology

10.3389/fmicb.2022.1024104

Liu, W,, Lin, H.,, Huang, L., Peng, L., Tang, T., Zhao, Q., et al. (2022b).
Identification of miRNA-disease associations via deep forest ensemble learning
based on autoencoder. Brief. Bioinformat. 23, bbacl04. doi: 10.1093/bib/bba
cl104

Liu, Z., Lin, Y., Cao, Y., Hu, H, Wei, Y., Zhang, Z, et al. (2021b).
“Swin transformer: Hierarchical vision transformer using shifted windows,” in
Proceedings of the IEEE/CVF International Conference on Computer Vision,
10012-10022.

Liu, Z., Mao, H., Wu, C.Y., Feichtenhofer, C., Darrell, T., and Xie, S. (2022¢). “A
convnet for the 2020s,” in Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition (New Orleans), 11976-11986.

Munir, K., Elahi, H., Ayub, A., Frezza, F., and Rizzi, A. (2019). Cancer
diagnosis using deep learning: a bibliographic review. Cancers 11, 235.
doi: 10.3390/cancers11091235

Padhan, R., and Prabheesh, K.P. (2021). The economics of COVID-19
pandemic: a survey. Econ. Anal. Policy 70, 220-237. doi: 10.1016/j.eap.2021.
02.012

Russakovsky, O., Deng, J., Su, H., Krause, J., Satheesh, S., Ma, S., et al. (2015).
Imagenet large scale visual recognition challenge. Int. J. Comput. Vis. 115, 211-252.
doi: 10.1007/s11263-015-0816-y

Simonyan, K., and Zisserman, A. (2014). Very deep convolutional networks for
large-scale image recognition. arXiv [Preprint]. arXiv: 1409.1556. Available online
at: https://arxiv.org/pdf/1409.1556.pdf

Soares, E., Angelov, P., Biaso, S., Froes, M. H., and Abe, D. K. (2020).
SARSCoV-2 CT-scan dataset: a large dataset of real patients CT scans for
SARS-CoV-2 identification. MedRxiv [Preprint]. doi: 10.1101/2020.04.24.2007
8584

Sohail, A., Khan, A., Wahab, N., Zameer, A., and Khan, S. (2021).
A multi-phase deep CNN based mitosis detection framework for breast
cancer histopathological images. Sci. Rep. 11, 1-18. doi: 10.1038/s41598-021-
85652-1

Stadler, K., Masignani, V., Eickmann, M., Becker, S., Abrignani, S., Klenk, H.D.,
et al. (2003). SARS—beginning to understand a new virus. Nat. Rev. Microbiol. 1,
209-218. doi: 10.1038/nrmicro775

Sun, F., Sun, J., and Zhao, Q. (2022). A deep learning method for predicting
metabolite-disease associations via graph neural network. Brief. Bioinform. 23,
bbac266. doi: 10.1093/bib/bbac266

Szegedy, C., Liu, W,, Jia, Y., Sermanet, P., Reed, S., Anguelov, D., et al. (2015).
“Going deeper with convolutions,” in Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition (Boston, MA), 1-9.

Tahamtan, A., and Ardebili, A. (2020). Real-time RT-PCR in COVID-19
detection: issues affecting the results. Expert Rev. Mol. Diagn. 20, 453-454.
doi: 10.1080/14737159.2020.1757437

Tan, M., and Le, Q. (2021). “Efficientnetv2: smaller models and faster training,”
in International Conference on Machine Learning (PMLR), 10096-10106.

Tang, X., Cai, L., Meng, Y., Xu, J.,, Lu, C,, and Yang, J. (2021). Indicator
regularized non-negative matrix factorization method-based drug repurposing
for COVID-19. Front. Immunol. 11, 603615. doi: 10.3389/fimmu.2020.60
3615

Vasireddy, D., Vanaparthy, R., Mohan, G., Malayala, S.V., and Atluri, P. (2021).
Review of COVID-19 variants and COVID-19 vaccine efficacy: what the clinician
should know?. J. Clin. Med. Res. 13, 317. doi: 10.14740/jocmr4518

Vaswani, A., Shazeer, N., Parmar, N., Uszkoreit, J., Jones, L., Gomez, A.N., et al.
(2017). Attention is all you need. Adv. Neural Inf. Process. Syst. 30.

V’kovski, P., Kratzel, A., Steiner, S., Stalder, H., and Thiel, V. (2021). Coronavirus
biology and replication: implications for SARS-CoV-2. Nat. Rev. Microbiol. 19,
155-170. doi: 10.1038/s41579-020-00468-6

Wang, C.C.,, Han, C.D., Zhao, Q., and Chen, X. (2021). Circular RNAs and
complex diseases: from experimental results to computational models. Brief.
Bioinform. 22, bbab286. doi: 10.1093/bib/bbab286

World Health Organization (2020). WHO COVID-19 Dashboard. Geneva:
World Health Organization. Available online at: covid19.who.int (accessed April
25,2022).

Xu, X, Yu, C, Qu, J, Zhang, L., Jiang, S., Huang, D., et al. (2020).
Imaging and clinical features of patients with 2019 novel coronavirus SARS-
CoV-2. Eur. J. Nucl. Med. Mol. Imaging 47, 1275-1280. doi: 10.1007/500259-020-
04735-9

frontiersin.org


https://doi.org/10.3389/fmicb.2022.1024104
https://doi.org/10.1080/1331677X.2021.1927786
https://doi.org/10.1016/j.asoc.2020.106912
https://arxiv.org/pdf/1409.0473.pdf
https://doi.org/10.1093/bib/bbx130
https://doi.org/10.1148/radiol.2020200230
https://doi.org/10.1147/JRD.2017.2708299
https://doi.org/10.1001/jama.2021.24315
https://arxiv.org/pdf/2010.11929.pdf
https://doi.org/10.1109/TBME.2016.2613502
https://arxiv.org/pdf/2003.14395.pdf
https://doi.org/10.1145/3422622
https://doi.org/10.1101/2020.02.06.20020974
https://doi.org/10.1145/3065386
https://doi.org/10.1186/s12859-022-04715-w
https://doi.org/10.3389/fcell.2021.619330
https://doi.org/10.1007/s12539-021-00478-9
https://doi.org/10.1093/bib/bbac104
https://doi.org/10.3390/cancers11091235
https://doi.org/10.1016/j.eap.2021.02.012
https://doi.org/10.1007/s11263-015-0816-y
https://arxiv.org/pdf/1409.1556.pdf
https://doi.org/10.1101/2020.04.24.20078584
https://doi.org/10.1038/s41598-021-85652-1
https://doi.org/10.1038/nrmicro775
https://doi.org/10.1093/bib/bbac266
https://doi.org/10.1080/14737159.2020.1757437
https://doi.org/10.3389/fimmu.2020.603615
https://doi.org/10.14740/jocmr4518
https://doi.org/10.1038/s41579-020-00468-6
https://doi.org/10.1093/bib/bbab286
https://covid19.who.int
https://doi.org/10.1007/s00259-020-04735-9
https://www.frontiersin.org/journals/microbiology
https://www.frontiersin.org

Tian et al.

Yang, J., Ju, J., Guo, L., Ji, B,, Shi, S., Yang, Z., et al. (2022). Prediction of HER2-
positive breast cancer recurrence and metastasis risk from histopathological images
and clinical information via multimodal deep learning. Comput. Struct. Biotechnol.
J. 20, 333-342. doi: 10.1016/j.csbj.2021.12.028

Yang, X., He, X., Zhao, J., Zhang, Y., Zhang, S., and Xie, P. (2020). COVID-CT
dataset: a CT scan dataset about COVID-19. arXiv [Preprint]. arXiv: 2003.13865.
Available online at: https://arxiv.org/pdf/2003.13865.pdf

Yu, F, Lau, L.T,, Fok, M., Lau, ].Y.N,, and Zhang, K. (2021). COVID-19 Delta
variants—Current status and implications as of August 2021. Precis. Clin. Med. 4,
287-292. doi: 10.1093/pcmedi/pbab024

Frontiers in Microbiology

14

10.3389/fmicb.2022.1024104

Zhan, H., Schartz, K., Zygmont, M.E., Johnson, J.O., and Krupinski, E.A. (2021).
The impact of fatigue on complex CT case interpretation by radiology residents.
Acad. Radiol. 28, 424-432. doi: 10.1016/j.acra.2020.06.005

Zhang, K., Liu, X,, Shen, J., Li, Z., Sang, Y., Wu, X,, et al. (2020). Clinically
applicable AI system for accurate diagnosis, quantitative measurements, and
prognosis of COVID-19 pneumonia using computed tomography. Cell 181,
1423-1433. doi: 10.1016/j.cell.2020.04.045

Zhang, L., Yang, P., Feng, H., Zhao, Q., and Liu, H. (2021). Using network

distance analysis to predict IncRNA-miRNA interactions. Interdiscipl. Sci. 13,
535-545. doi: 10.1007/s12539-021-00458-z

frontiersin.org


https://doi.org/10.3389/fmicb.2022.1024104
https://doi.org/10.1016/j.csbj.2021.12.028
https://arxiv.org/pdf/2003.13865.pdf
https://doi.org/10.1093/pcmedi/pbab024
https://doi.org/10.1016/j.acra.2020.06.005
https://doi.org/10.1016/j.cell.2020.04.045
https://doi.org/10.1007/s12539-021-00458-z
https://www.frontiersin.org/journals/microbiology
https://www.frontiersin.org

	A deep ensemble learning-based automated detection of COVID-19 using lung CT images and Vision Transformer and ConvNeXt
	Introduction
	Materials and methods
	Materials
	Methods
	Vision transformer
	The embedding layer
	Transformer encoder layer
	MLP head
	ConvNeXt
	Ensemble


	Results
	Experimental evaluation and parameter settings
	Binary classification for CT images
	Three-classification for CT images
	The confusion matrix analysis

	Discussion and conclusion
	Data availability statement
	Author contributions
	Funding
	Conflict of interest
	Publisher's note
	References


