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Abstract

Coronavirus disease 2019 (COVID‐19) has quickly turned into a global health

problem. Computed tomography (CT) findings of COVID‐19 pneumonia and

community‐acquired pneumonia (CAP) may be similar. Artificial intelligence (AI) is

a popular topic among medical imaging techniques and has caused significant

developments in diagnostic techniques. This retrospective study aims to analyze the

contribution of AI to the diagnostic performance of pulmonologists in distinguishing

COVID‐19 pneumonia from CAP using CT scans. A deep learning‐based AI model

was created to be utilized in the detection of COVID‐19, which extracted visual data

from volumetric CT scans. The final data set covered a total of 2496 scans (887

patients), which included 1428 (57.2%) from the COVID‐19 group and 1068 (42.8%)

from the CAP group. CT slices were classified into training, validation, and test

datasets in an 8:1:1. The independent test data set was analyzed by comparing the

performance of four pulmonologists in differentiating COVID‐19 pneumonia both

with and without the help of the AI. The accuracy, sensitivity, and specificity values

of the proposed AI model for determining COVID‐19 in the independent test data

set were 93.2%, 85.8%, and 99.3%, respectively, with the area under the receiver

operating characteristic curve of 0.984. With the assistance of the AI, the

pulmonologists accomplished a higher mean accuracy (88.9% vs. 79.9%, p < 0.001),

sensitivity (79.1% vs. 70%, p < 0.001), and specificity (96.5% vs. 87.5%, p < 0.001).

AI support significantly increases the diagnostic efficiency of pulmonologists in the

diagnosis of COVID‐19 via CT. Studies in the future should focus on real‐time

applications of AI to fight the COVID‐19 infection.
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1 | INTRODUCTION

The pandemic caused by the coronavirus disease 2019 (COVID‐19)

resulted in severe acute respiratory syndrome coronavirus 2

(SARS‐CoV‐2), a new type of human coronavirus, has become the

focus of worldwide attention. Since its first report in Wuhan, China, at

the end of December 2019, COVID‐19 has spread aggressively around

the world, significantly affecting people's health and daily life.1,2 As of

March 24, 2022, a total of over 477 million cases of COVID‐19 were

recorded and the worldwide death rate was more than 6.1 million.3

Community‐acquired pneumonia (CAP) covers the infection of the

pulmonary parenchyma, which is acquired outside of the healthcare

setting. CAP is also one of the primary causes of morbidity and

mortality worldwide. Although bacterial infections are responsible for

the majority of CAP, viral infections are also common.4,5 In terms of the

clinical symptoms, CAP and COVID‐19‐associated pneumonia share

common characteristics.6 The gold standard method for diagnosing

COVID‐19 is reverse transcriptase‐polymerase chain reaction

(RT‐PCR), which aims to reveal the RNA of the virus in respiratory

samples such as bronchial aspirates or nasopharyngeal swabs.

However, in cases where the amount of viral genome is not sufficient

or the correct time window of viral replication is missed, this test may

lead to false‐negative results. In addition, the RT‐PCR is a time‐

consuming process and there may be shortages of assay kits, especially

in periods when the infection is very common.7–9 Equipment for

computed tomography (CT) is rather common around the world and

readily available in many hospitals. Also, the screening process is

relatively simple and fast, which can enable suspected patients to be

quickly screened for COVID‐19. Thorax CT has been shown to have a

higher sensitivity than RT‐PCR samples in the diagnosis of COVID‐19.

Thus, thorax CT becomes a major factor in the early detection and

treatment processes of COVID‐19 pneumonia.10–12

The concept of artificial intelligence (AI) is a popular topic in

medical imaging. It certainly revolutionized the present diagnostic

systems, especially those involved in imaging. Furthermore, the

advancements in deep learning methods, specifically in the utilization

of convolutional neural networks (CNNs), have enabled notable

performance developments compared to the standard machine learning

techniques. Currently, the utilization of AI in thoracic imaging facilitates

diagnostic practices, such as the evolution of pulmonary nodules,

detection of interstitial lung diseases, and diagnoses of tuberculosis and

pneumonia.13 Recently, certain studies investigated the efficiency of AI

in the diagnostic processes for COVID‐19 pneumonia and reported

high diagnostic outputs in the related applications.14–17 It has also been

shown that an AI‐based quantitative CT analysis can be an objective

tool in demonstrating the severity of the disease.18 In two recent

studies on thorax CT images, it was found that AI support increased the

radiologist's performance in differentiating COVID‐19 pneumonia and

contributed to the diagnostic process.19,20 However, COVID‐19 is

mainly a respiratory disease, and patients often present to the hospital

with pulmonary symptoms. The contribution of AI to pulmonologists in

the diagnosis of COVID‐19 has not been analyzed so far. To detect and

properly manage all cases of COVID‐19 pneumonia, it is vital to create

test methods to distinguish the disease from the other causes of

pneumonia detected on CT. In this context, AI applications can make

a significant contribution to pulmonologists in the diagnosis of

COVID‐19.

This retrospective study aims to evaluate the effectiveness of AI

application in differentiating COVID‐19 pneumonia from other

pneumonia using thorax CT images and to analyze the contribution

of this system to the diagnostic performance of pulmonologists.

2 | MATERIALS AND METHODS

2.1 | Patient cohorts

Patients who applied to the pandemic or chest diseases outpatient

clinics of our hospital between the specified dates and met the study

criteria were included in this retrospective study. Patients older than

18 were included in the study and no gender difference was regarded

between the patients. Patients were analyzed retrospectively using

the hospital electronic record system. The current study was

conducted in a tertiary university hospital. The hospital serves as

the primary referral center in the region for COVID‐19 patients.

Additionally, the study was conducted according to the Declaration

of Helsinki along with the approval of the local ethics committee

(ethics committee number: 97132852‐416901).

For the COVID‐19 group, patients who applied to the pandemic

outpatient clinic from September 1, 2020 to March 1, 2021 and

whose SARS‐COV‐2 PCR tests were positive were analyzed

retrospectively. Patients with no or normal chest CT and nonpneu-

monic disease findings on CT were excluded from the study. 553

COVID‐19 pneumonia patients, who had confirmed positive RT‐PCR

results for SARS‐COV‐2, and CT images, which were consistent with

COVID‐19 pneumonia, were included in the study.

For the CAP group, patients who were admitted to the

pulmonology outpatient clinic between September 1, 2018 and

September 1, 2019 and were diagnosed with pneumonia were

analyzed retrospectively. Accordingly, in the study, 334 CAP patients

were included following the exclusion of patients without thoracic CT

and those with signs of disease other than pneumonia on CT.

Finally, the study investigated 553 COVID‐19 and 334 CAP

patients. 2496 thorax CT scans were obtained from 887 patients. Of

the 2496 scans in the final data set, 1428 (57.2%) were obtained

from the COVID‐19 group and 1068 (42.8%) from the CAP group.

The diagram containing the design from the study is given in Figure 1.

2.2 | CT protocol

All the scans in the study were obtained via a 16‐slice multidetector

scanner (Philips Medical Systems), covering the following parameters:

120 kV, 250mA, reconstruction matrix of 512 × 512, slice thickness

of 0.625mm, and high spatial resolution algorithm. The axial CT

images were obtained craniocaudally at full inspiration with the
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patient in the supine position and covered the body parts from the

thoracic inlet to the diaphragm. All images were viewed on lung

setting (width, 1500 HU; level, −700 HU).

2.3 | CT analysis

Thorax CT images of the study were evaluated independently by four

pulmonologists, who had thoracic imaging experiences for at least 8

years. In thorax CT scans, to exclude the extrapulmonary sites, the lung

was manually segmented. Then, the whole data set was subjected to

preliminary processing by adjusting the width of the CT window and

the level of the lung window. Furthermore, the lesion sections in

COVID‐19 or CAP patients were labeled manually and utilized as

references for the training of the deep neural network of the AI.

2.4 | The proposed decision support architecture

The design and assessment of the proposed decision support

architecture for detecting COVID‐19 pneumonia include the follow-

ing stages; data preparation, image enhancement in the frequency

domain, preprocessing of the data, developing the CNN model,

training and validation process, external test process, and calculation

of the test metrics. During data preparation, CT slices of patients with

CAP and COVID‐19 pneumonia were labeled by pulmonologists,

resulting in 80% of the training set, 10% of the validation set, and

10% of the test set.

To increase the performance of the CNN‐based decision‐making

mechanism, image enhancement methods have been used. For the

validity of the filtering process to be significant, it was applied to both

COVID‐19 and CAP images. Before training the CNN module, all images

in the data set are enhanced in the frequency domain using a two‐

dimensional Discrete Fourier Transform (DFT) and a low‐pass filter.

The rate of change of gray levels in an image provides

information about its frequency components. Rapid changes in

brightness values in the image represent high‐frequency terms, while

slow changes represent low‐frequency changes. The Fourier trans-

form is a preferred mathematical tool to analyze the spectral

components of the image in the frequency domain. It aims to

enhance the image by selecting a suitable filter function for filtering

in the frequency domain and changing its DFT.

In particular, CT sections of COVID‐19 patients often contain

hazy opacities in their structure. The low‐frequency components in

the DFT spectrum corresponding to the hazy and smooth areas in the

images are further clarified using a low‐pass filter. Thus, CT sections

with more selectable hazy regions were obtained by eliminating edge

and noisy regions.

In the study, the input images, which were enhanced, were

resized to 227 × 227 resolutions to suit the AlexNet model. Then, the

data were enlarged by utilizing online image augmentation methods

during the learning process. After the preparation of the data, a CNN

model, which was based on AlexNet, was trained for extraction

features from the fully connected‐7 layer of classification segment.

Then, the feature sets were normalized based on the zero‐mean

method. The support vector machine classifier (SVMC) was utilized in

the classification process with certain data partitions, 70% for

training and 30% for validation. Finally, the trained SVMC model

was tested with the external test set. Based on the output of the

classification model, the effects of the proposed method on its

accuracy and evaluation metrics were calculated. In the study, the

experiments were conducted in the MATLAB environment, run on a

computer equipped with AMD Ryzen 5 2600 3.4 GHz CPU, 64 GB

memory, and 12GB NVIDIA GeForce RTX 2080 TI GPU. The

workflow diagram was presented in Figure 2.

2.5 | Pulmonologist interpretation

Four pulmonologists analyzed the test set of 251 CT images, scoring

each image as COVID‐19 or CAP. Each CT image was scored by

pulmonologists, with “0” representing CAP and “1” representing

F IGURE 1 Schematic view of study design.
COVID‐19, coronavirus disease 2019; CT,
computed tomography; SARS‐CoV‐2, severe
acute respiratory syndrome coronavirus 2
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COVID‐19. The pulmonologists were not given any information

about the patients and all the identification information was

extracted from the CT images. All pulmonologists, then, knowing

the prediction result from the AI, analyzed the test set again and

presented their scores for each patient. The pulmonologists were

not given any feedback on their performance after the first session.

The second session was held at least one day after the first session.

The order of the CT images in the test set was changed in the second

session.

2.6 | Statistical analysis

In this study, a confusion matrix is used to visualize the performance

of the proposed method and pulmonologists for the statistical

classification problem. Additionally, we evaluated the models'

accuracy and robustness using metrics such as sensitivity, specificity,

precision, F1 score, and Matthew Correlation Coefficient (MCC).

Furthermore, receiver operating characteristic (ROC) curves, a very

powerful tool for assessing statistical performance, were used to

determine true positive rates versus false‐positive rates at various

threshold values. All calculations and drawing operations were

performed using the MATLAB package program's additional

toolboxes.

3 | RESULTS

3.1 | Patient characteristics

Total of 553 COVID‐19 and 334 CAP patients were enrolled in the

study. The mean age of COVID‐19 patients was 66.3 ± 14.9 years,

while the mean age of CAP patients was 67.9 ± 16.8 years. There was

no statistically significant difference in age and gender between the

two groups (p > 0.05 for both) (Table 1).

3.2 | System performance

Figure 3 presents the multiclass confusion matrix of the SVMC that

was trained by the feature set of the AlexNet fc7 layer. According to

the confusion matrix, there were 17 misclassified samples out of

251 test samples. In the data set, the most frequently misclassified

samples were in the CAP class, which included 16 samples. For the

test data set from the selected layers, detailed classification results of

the proposed method were presented in Table 2.

The model with the selected features from the fc7 layer achieved

a total accuracy of 93.2% for the test data set. For the rest of the

total performance metrics, the sensitivity, specificity, precision, F1

F IGURE 2 Workflow diagram the artificial intelligence model
used to distinguish coronavirus disease 2019 (COVID‐19) from
community‐acquired pneumonia (CAP).

TABLE 1 Demographic characteristics of the two groups.

COVID‐19 CAP p

Patients, n (%) 553 (62.3) 334 (37.7)

Exams, n (%) 1428 (57.2) 1068 (42.8)

Age, years

Mean 66.3 ± 14.9 67.9 ± 16.8 >0.05

<40 34 (6.15) 28 (8.38)

40–65 197 (35.62) 92 (27.54)

>65 322 (58.23) 214 (64.07)

Sex, male/female 318/235 200/134 >0.05

Abbreviations: CAP, community‐acquired pneumonia; COVID‐19,
coronavirus disease 2019.

F IGURE 3 The multiclass confusion matrix of the support vector
machine classifier (SVMC) with fc7 features for test data. CAP,
community‐acquired pneumonia; COVID‐19, coronavirus
disease 2019
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score, and MCC scores were 85.8%, 99.3%, 99%, 91.9%, and 86.8%,

respectively.

The ROC curve area of the AI model was obtained as

0.984 for COVID‐19. The ROC curve of the model was presented

in Figure 4.

3.3 | Performance comparison of pulmonologists
with or without the assistance of AI

ROC curves obtained for each pulmonologist with and without AI

support are given in Figure 4. The results of the first stage

demonstrated a maximum test area under the curve (AUC) of 0.975

for the Pulmonologist‐2 while the Pulmonologist‐1 has the lowest

value. It is clear from Figure 4 that there is a positive increase in all

AUC values when AI assistance was involved in the second phase for

the pulmonologists.

The detailed classification results of the pulmonologist for the

test set with and without AI assistance are given in Table 3. For blind

review on the test set without AI prediction, four pulmonologists had

a mean accuracy of 79.9%, mean sensitivity of 70%, and a mean

specificity of 87.5%. Thanks to the AI assistance, the pulmonologists

achieved a higher average accuracy (88.9% vs. 79.9%), sensitivity

(79.1% vs. 70%), and specificity (96.5% vs. 87.5%). The radar charts in

Figure 5 demonstrate the comparison of the performance parameters

of the proposed method on pulmonologists.

TABLE 2 The classification scores of
the proposed method for external
test data.

Evaluation metrics
Accuracy Sensitivity Specificity Precision F1 MCC

Artificial intelligence 0.932 0.858 0.993 0.990 0.919 0.868

Abbreviation: MCC, Matthew Correlation Coefficient.

F IGURE 4 Receiver operating characteristic (ROC) curves of pulmonologists without and with artificial intelligence assistance on the test set.
AUC, area under the curve; COVID‐19, coronavirus disease 2019

TABLE 3 Results of four pulmonologists without and with AI assistance on test set in distinguishing COVID‐19 from community‐acquired
pneumonia.

Evaluation metrics Binomial distribution
(McNemar)Accuracy Sensitivity Specificity

Without AI With AI Delta Without AI With AI Delta Without AI With AI Delta p

Pulmonologist‐1 0.825 0.916 0.091 0.826 0.853 0.027 0.824 0.965 0.141 <0.001

Pulmonologist‐2 0.793 0.904 0.111 0.587 0.798 0.211 0.951 0.986 0.035 0.031

Pulmonologist‐3 0.781 0.880 0.099 0.716 0.807 0.091 0.831 0.937 0.106 0.006

Pulmonologist‐4 0.797 0.857 0.060 0.670 0.706 0.036 0.894 0.972 0.078 0.007

Pulmonologists
average

0.799 0.889 0.090 0.700 0.791 0.091 0.875 0.965 0.090 <0.001

Abbreviations: AI, artificial intelligence; COVID‐19, coronavirus disease 2019.
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4 | DISCUSSION

In this study, we first designed a three‐dimensional deep learning

model to detect COVID‐19 pneumonia using CT images of the thorax

over our data set. Next, we evaluated the contribution of this model

to pulmonologist performance in the diagnosis of COVID‐19. Based

on an independent test data set, we found that this model showed

high diagnostic performance in differentiating COVID‐19 pneumonia

from CAP (diagnostic yield: 93.2%, sensitivity: 85.8%, and specificity:

99.3%). We also observed that AI support significantly contributed to

the diagnostic performance of pulmonologists by increasing the

average diagnostic accuracy of four pulmonologists by 9%.

All around the world, the number of COVID‐19 cases and disease

mortality rates are increasing rapidly despite the measures (3).

COVID‐19 disease frequently affects the lower respiratory tract and

results in pneumonia. Typical CT findings of COVID‐19 pneumonia

include bilateral, peripheral, scattered ground‐glass opacities and

consolidations. However, with further analysis of increasing cases, it

was seen that various interesting CT images such as reticular pattern,

crazy paving pattern, airway changes, reversed halo sign, and pleural

changes can be found in this disease.21 Many of these images

may also present in CAP patients. Although pulmonologists have

comprehensive knowledge of the typical COVID‐19 radiological

pattern, clinical and radiological manifestations of CAP and

COVID‐19‐associated pneumonia can be confused. Nevertheless,

under the current pandemic conditions, it is very important to

distinguish COVID‐19 pneumonia from CAP and isolate these patients

as it can lead to important public health problems. Furthermore,

considering different treatment approaches and high mortality rates,

early recognition and detection of COVID‐19 patients and hospitaliza-

tion of severe forms are rather important.6,22 RT‐PCR is accepted as

the reference standard in the diagnosis of COVID‐19.7,8 However,

recent studies have emphasized the importance of CT examination

in COVID‐19 patients with false‐negative RT‐PCR results, and it has

been reported that CT can be used as a reliable and rapid approach in

COVID‐19 screening.23–25 Considering the significant role of thoracic

CT in the diagnosis of COVID‐19, clinicians need to be familiar with the

typical CT characteristics related to this new infection and the imaging

criteria for an alternative diagnosis. Nonetheless, one of the most

significant problems in the pandemic is the lack of sufficient numbers of

pulmonologists to handle the heavy patient load. Under pandemic

conditions, where a limited number of pulmonologists cannot handle

the current patient load, AI support will become vital for the diagnosis

of COVID‐19 in the future to expedite the diagnosis of the disease,

F IGURE 5 The comparison of four pulmonologists without and with artificial intelligence assistance on the test set.
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support the clinicians and minimize the errors caused by the heavy

workload.

According to our literature research; it has been observed that

the contribution of AI applications to pulmonologists in the diagnosis

of COVID‐19 has not been analyzed before. However, in two recent

studies, the contribution of AI applications to the diagnostic

performance of radiologists was analyzed. In the first study, in which

CT data of 1186 patients, 521 of whom were COVID‐19 and 665

were non‐COVID‐19 pneumonia, were analyzed, the diagnostic

performance of 6 radiologists was analyzed with and without AI

support. While the average diagnostic efficiency, sensitivity, and

specificity of radiologists were 85%, 79%, and 88%, respectively,

without AI support, these rates increased to 90%, 88%, and 91%,

respectively, with AI support.19 In the second study, CT data of 118

patients with COVID‐19 pneumonia and of 576 patients with other

pulmonary infections (tuberculosis and non‐COVID‐19 pneumonia)

were analyzed. In this study, the average diagnostic efficiency of

three radiologists of AI support was increased from 94.1% to 95.1%;

it was found that the mean sensitivity was increased from 89.5% to

94.2% and this difference was statistically significant.20 In our study,

our test data set consisting of 251 images was analyzed by four

pulmonologists without having any other information about the

patients. In the diagnosis of COVID‐19 pneumonia by CT, the mean

diagnostic yield of four pulmonologists was detected as 79.9%, the

sensitivity as 70%, and the specificity as 87.5%. When they re‐scored

for each image in the test set knowing the prediction result from the

AI, the average diagnostic yield, specificity, and sensitivity of

pulmonologists increased to 88.9%, 79.1%, and 96.5%, respectively.

Similar to the two studies conducted with radiologists, in our study, it

was seen that AI significantly increased the performance of doctors.

Atypical involvements in COVID‐19 pneumonia are not uncommon,

and as seen in our study, even pulmonologists experienced in the

diagnosis of COVID‐19 disease can be mistaken in some patients. AI

support can minimize these errors and make important contributions

to clinicians in the diagnostic process.

4.1 | Limitations of the study

The first limitation of our study is the lack of microbiological analysis

results in CAP patients. Since most of the CAP patients included in

the study were treated as outpatients, during file scans it was

observed that no additional microbiological analysis was performed

on these patients. It is estimated that a significant portion of the

patients with whom pulmonologists have diagnostic problems are

patients with atypical pneumonia. We think that the number of

patients with atypical pneumonia was high in our study and that this

reduced the diagnostic success of pulmonologists. If the patients had

microbiological analysis results, a subanalysis could be performed

between patients with atypical pneumonia and COVID‐19. Second,

despite scrutiny of CT scans and patient files, a small proportion of

patients recorded as CAP may have diffuse parenchymal lung

diseases such as organizing pneumonia or nonspecific interstitial

pneumonia. Third, the time interval between symptom onset and CT

scan was heterogeneous in our patients. The most difficult distinction

between COVID‐19 and CAP is assumed to be in the early stage of

the disease. The small sample size of the patients who underwent

early CT prevented us from performing a subanalysis.

5 | CONCLUSION

In conclusion, in this study, the results revelated that AI support

significantly increased the diagnostic yield of pulmonologists in

differentiating COVID‐19 pneumonia from CAP. AI applications and

related implementations can provide vital contributions in the fight

against COVID‐19, especially by reducing the workload and improving

the diagnostic performance of front‐line physicians such as pulmonolo-

gists. Near future studies should focus on real‐time applications of AI to

assist doctors in combating the COVID‐19 infection.
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