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Abstract.
BACKGROUND: Accurate and rapid diagnosis of coronavirus disease (COVID-19) is crucial for timely quarantine and
treatment.
PURPOSE: In this study, a deep learning algorithm-based AI model using ResUNet network was developed to evaluate the
performance of radiologists with and without AI assistance in distinguishing COVID-19 infected pneumonia patients from
other pulmonary infections on CT scans.
METHODS: For model development and validation, a total number of 694 cases with 111,066 CT slides were retrospectively
collected as training data and independent test data in the study. Among them, 118 are confirmed COVID-19 infected
pneumonia cases and 576 are other pulmonary infection cases (e.g. tuberculosis cases, common pneumonia cases and non-
COVID-19 viral pneumonia cases). The cases were divided into training and testing datasets. The independent test was
performed by evaluating and comparing the performance of three radiologists with different years of practice experience in
distinguishing COVID-19 infected pneumonia cases with and without the AI assistance.
RESULTS: Our final model achieved an overall test accuracy of 0.914 with an area of the receiver operating characteristic
(ROC) curve (AUC) of 0.903 in which the sensitivity and specificity are 0.918 and 0.909, respectively. The deep learning-
based model then achieved a comparable performance by improving the radiologists’ performance in distinguish COVOD-19
from other pulmonary infections, yielding better average accuracy and sensitivity, from 0.941 to 0.951 and from 0.895 to
0.942, respectively, when compared to radiologists without using AI assistance.
CONCLUSION: A deep learning algorithm-based AI model developed in this study successfully improved radiologists’
performance in distinguishing COVID-19 from other pulmonary infections using chest CT images.
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1. Introduction

The coronavirus disease (COVID-19) is now a pandemic worldwide [1]. In the face of such high
risk of contagion for COVID-19, timely diagnosis is one of the key factors to prevent further spread
and the rising trend of confirmed cases. The sudden increased workload put medical workers in the
endemic area under unprecedented pressure, and lack of experience results in missed cases [2, 3]. In
addition, a lack of nucleic acid diagnostic kits in some areas became a barrier for accurate and fast
diagnosis [4]. In the 6th version of the Diagnosis and Treatment Protocols of COVID-19 Infection
issued by the National Health Commission of the People’s Republic of China [5], the radiographic
characteristic of pneumonia was considered as one of the diagnostic standards, which highlighted the
importance of computed tomography (CT). Chest X-ray is the most convenient imaging method to
quickly diagnose COVID-19 at the beginning of the outbreak, however, current evidence suggests
that X-ray images are not specific enough to either diagnose or rule out COVID-19 due to their low-
resolution and overlapping projection [6, 7]. Therefore, CT scans are recommended for the screening
of COVID-19 to detect possible imaging features in suspicious patients.

As one of the most effective and available methods, CT scan has been widely used for COVID-19
suspicious patients to guide the follow-up therapies with improved outcomes, and furthermore, to
help control the rapid spread of disease [8]. However, imaging features of COVID-19 are difficult
to distinguish from other pulmonary infection and/or non-infectious diseases due to its overlapping
features, particularly for radiologists with little experience [9, 10]. In many outbreak areas, there is an
urgent shortage of experienced radiologists, and artificial intelligence (AI) has been considered as a
potentially powerful tool to fight COVID-19.

In recent years, AI has shown great success in medical applications that require complex image-
processing [11, 12], even in this COVID-19 epidemic [13]. Current literature has revealed that it
is possible for AI to identify COVID-19 from other pneumonia with good accuracy [14]. However,
published studies have limitations such as lack of external validation [15], and there was little research
being conducted to compare the performance of radiologists in distinguishing COVID-19 from other
pulmonary infectious diseases with or without the assistance of AI. In this study, a deep learning-based
automatic detection algorithm was developed, including an evaluation of its impact on the performance
of radiologists to distinguish CT scans of confirmed COVID-19 pneumonia patients from controls.

2. Materials and methods

2.1. Image data

Due to the suddenness of the outbreak of COVID-19 and time urgency, 32 patients with confirmed
positive COVID-19 by Nucleic acid amplification testing and CT imaging were collected from January
6th, 2020 to April 14th, 2020, to develop the training model. Considering the similarity of CT with
lung disease in low-dimensional features, based on our previous research on tuberculosis, pneumonia
and other pulmonary infections, 337 cases with tuberculosis, 83 cases with common pneumonia, 57
cases with non-COVID-19 viral pneumonia and 32 cases with COVID-19 pneumonia were used as
training data set. Among them, COVID-19 cases were collected from Guangzhou Eighth People’s
Hospital of China. The others were from the Affiliated Hospital of Hebei University of China and the
First Affiliated Hospital of Guangzhou Medical University of China. Information about training data
is shown in Table 1; 13,853 normal slices were added to training set.

The independent test data set included 86 cases with positive COVID-19 and 99 negative cases, 185
cases in total, from Guangzhou Eighth People’s Hospital of China from January 6th, 2020, to April
14th, 2020. The age distribution of the two classes are shown in Table 2 and Fig. 1. The positive cases
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Table 1
Distribution of training dataset

Category Total Sex Average± Maximum Minimum Number of

(case) Male Female standard age age CT slices
deviation age with lesions

Tuberculosis 337 237 100 44 ± 20 89 12 7728
Common pneumonia 83 49 34 64 ± 16 89 14 4552
Non-COVID-19 viral pneumonia 57 29 28 60 ± 18 91 18
COVID-19 pneumonia 32 20 12 50 ± 14 68 26 1566

Table 2
Distribution of testing dataset

Category Total Sex Average ± Maximum Minimum Total number
(case) Male Female standard age age of CT slices

deviation age with lesions

COVID-19 Positive 86 41 45 51 ± 15 82 15 38211
COVID-19 Negative 99 73 26 44 ± 16 87 12 45156

Fig. 1. Age distribution of patients in the testing dataset.

are divided into mild, moderate, severe and critical types, of which the majority are moderate cases,
based on the 6th version of the Diagnosis and Treatment Protocols of COVID-19 Infection issued by
the National Health Commission of the People’s Republic of China [5]. The distribution of the severity
of positive cases is shown in Fig. 2.

All confirmed cases of COVID-19 were defined as patients who tested positive by nucleic acid
diagnostic kits for nasal and pharyngeal swab specimens and finally confirmed by clinicians. Other
related information, including the report of CT image diagnosis and underlying diseases were also
acquired from the institution.
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Fig. 2. Distribution of the severity of positive cases in the testing dataset.

2.2. Artificial intelligence (AI) based detection system

The development and evaluation of the AI model for detecting COVID19 pneumonia included data
preparation, model establishment, probability calculation and comparison of results, which is displayed
in Fig. 3. In the stage of data preparation, CT slices of patients with tuberculosis, common pneumonia,
non-COVID-19 viral pneumonia and COVID-19 pneumonia were labeled by radiologists, and then
used as training set and validation set. Test set are all CT slices of COVID-19 pneumonia, which are
also labeled by radiologists. After data preparation, a segmentation model based on ResUNet was built
for detection of lesion location, from which lesion continuity judgment and lesion class prediction were
obtained. Utilizing the output of the segmentation model, we calculated AI probability by weighted
combination of lesion classes, proportion of lesion to the lung, bilateral lungs and lung periphery.

More specifically, after image segmentation, there are still two post-processing steps. The first step
is classification of lesions. In this step, our AI model will detect every single slice of each case and
determine what kind of lesion they are, then the AI model will make the final determination according
to the majority rule, that is, if the majority of slices are defined as COVID-19 pneumonia, then this case
will be classified as COVID-19. The second step is to determine the continuity of the lesion region
by the value of Intersection over Union (IOU). In this step, the isolated and disconnected lesions
(IOU = 0) will be deleted, and the volume ratio of the lesions in the left or right lung is quantified, then
a weighted approach is used to get the possibility about whether it is COVID-19. Finally, if the COVID-
19 probability is higher than a threshold (0.5) the case will be defined as COVID-19 positive, otherwise,
it is negative. In conclusion, we compared and evaluated the prediction result among radiologists with
the help of AI. The following is the main procedure of this method.
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Fig. 3. Workflow diagram for the development and evaluation of the AI model for detecting COVID19 pneumonia.

2.2.1. Preprocessing
The whole dataset was preprocessed by setting the CT window width and level to the lung window

(WL: –490; WW: 1600). The slices with lesions (COVID-19 or pneumonia) were manually labeled
by three radiologists and used as gold standard for training the deep neural network for identifying
slices with abnormal lung findings. The details of radiologist interpretation are described in Section
2.3. Images were padded, if necessary, to equal height and width and rescaled to 512 × 512 pixels.
Lung windowing was applied to the Hounsfield units to generate an 8-bit image for each individual
2D axial slice in a CT scan. Images were preprocessed by first normalizing pixel values from the range
[0, 255] to [0, 1], then augmented by random transformation of bright, contrast and saturation.

2.2.2. Model—ResUNet
In this study, we use an up-to-date network—ResUNet, which uses a UNet encoder/decoder back-

bone, in combination with residual blocks [16]. In ResUNet, each sub-module of UNet is replaced
with a form of residual connection. Therefore, the network can take advantage of UNet to learn low-
dimensional and high-dimensional features simultaneously, avoiding the disappearance of gradients
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Fig. 4. Main framework of AI detection system.

when deepening the network and improving the optimization efficiency [17]. It can also take advan-
tage of residual blocks to make feedforward and backpropagation smooth, making it easier to optimize
deeper models [18]. The framework of our AI system is shown in Fig. 4.

In the training process, we first train a segmentation model based on ResUNet with original CT images
and corresponding segmented masks labeled by radiologists. Then, we train a Resnet-50 classifier with
the lesion masks, and four classes including tuberculosis, common pneumonia, non-COVID-19 viral
pneumonia and COVID-19 pneumonia. In the testing process, we first obtain segmentation results and
class prediction from segmentation and classification nets. To acquire the final probability, we define
a ‘confidence’ in terms of four parameters— ‘class prediction’, ‘proportion’, ‘double lung’ and ‘lung
periphery’. The first parameter ‘class prediction’ can be acquired directly by the segmentation and
classification nets. ‘Proportion’ is the radio of lesion occupying the entire lung area, and ‘double lung’
represents whether there exist lesions on both 2 sides of the lung. ‘Lung periphery’ represents whether
the lesion is located against the edge of the lung.

2.2.3. Confidence
We define Confidence, scoring of the images, to evaluate the performance of the model. The

Confidence is calculated using the following equation, and P, Q, S, T are the respective weights.
Confidence = P×class prediction+Q×proportion+S×double lung+T×lung periphery

2.3. Radiologist interpretation

Three radiologists with over 20 years (Radiologist A), nearly 20 years (Radiologist B) and 5∼10
years (Radiologist C) of chest CT experience reviewed the test set consisting of 185 chest CT images
and scored each case as COVID-19 from 0 to 5 (i.e. 0,1,2,3,4,5). In the first session, the radiologists
scored each case based on their own experience without using the AI system, and no feedback on their
performance was given back. In the second session, all radiologists reviewed the test set again and
scored each case. More specifically, the radiologists viewed the prediction result from the developed
AI system of each case first, and then scored each case from the CT images.
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Table 3
Clinical Characteristics of COVID-19 and non-COVID-19 pneumonia patient cohorts

COVID-19 non-COVID-19
(n = 86) (n = 99)

Age
mean 51.37 ± 15.38 43.81 ± 16.82
<20 2 3
20–39 21 45
40–59 31 31
>=60 32 20
Sex
Male 41 73
Female 45 26
Underlying Diseases

None (22) Aids (56)
Proteinemia (12) None (21)

Lipemia (10) Liver disease (21)
Hypokalemia (10)

CT findings
Patch Bronchovascular Bundle

thickening and increasing
Ground-glass opacity (GGO) Nodules

Patch
Severity

Mild type (6)
Moderate type (65)

Severe type (10)
Critical type (5)

2.4. Statistical data analysis

The classification results were evaluated based on the area-under-curve (AUC) criterion of the
receiver operating characteristic curve (ROC), sensitivity, specificity, accuracy, positive predictive
value (PPV), and negative predictive value (NPV). Given a threshold, samples that scored below this
threshold were defined as negative samples, while samples that scored above this threshold were defined
as positive samples. After calculating the true positive rate (y-axis) and false positive rate (x-axis) for
each threshold, the ROC curve was produced. Radiologist performance without AI assistance was
compared with that with AI assistance. The p-values were calculated using the permutation method.

3. Results

3.1. Patient characteristics

According to the severity of disease, COVID-19 patients were divided into four sets which are mild
type, moderate type, severe type and critical type. The analysis of their CT features is shown in Table 3.

In the CT reports of moderate type patients, patchy and ground-glass opacity (GGO) are the two
most common symptoms with 78.5% and 63.1% frequency respectively. Following these two most
common symptoms are Bronchovascular bundle thickening and fibrous stripe, which occur in almost
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Fig. 5. ROC curve of COVID-19 vs notCOVID-19.

Table 4
Evaluation indicators of AI detection software for the test data diagnosis results

Evaluation index AUC Accuracy SS SP PPV NPV

Result 0.903 0.914 0.918 0.909 0.898 0.928

Notation: AUC = area under curve; SS = sensitivity; SP = specificity; PPV = positive predictive value; NPV = negative predic-
tive value.

37% of moderate type patients. Similarly, GGO and patchy are the top two symptoms in severe type
patients which could be observed in 90% and 80% of the patients, respectively. It seems that, with
COVID-19 spreading, GGO and patchy are becoming more common in CT reports. Compared with
COVID-19 patients, 60% of people with lung infections and pulmonary tuberculosis show thickening
and increasing bronchovascular bundle. In addition, nodules and patches could be found in these
patients’ CT symptoms as well.

3.2. Evaluation of developed AI system

The output that the AI predicts is Confidence, and the gold standard is the final diagnosis decision
from the hospital. Figure 5 shows the ROC curve of the AI system. The AUC is 0.903; accuracy of the
model is 0.914 and sensitivity is 0.918. Other testing results are shown in Table 4.
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Table 5
COVID-19 suspicion

Diagnosis AI prediction-COVID-19 suspicion
conclusion

COVID-19 Positive Average 0.683
Standard deviation 0.207

95% CI [0.639, 0.727]
Negative Average 0.170

Standard deviation 0.192
95% CI [0.132, 0.208]

Fig. 6. COVID-19 and non-COVID-19 suspicion by using AI.

Table 5 and Fig. 6 show the statistics of AI-predicted COVID-19 and non-COVID-19 suspicion. The
value 0.5 is chosen as the threshold value to distinguish whether the patient was COVID-19 positive
or not. The averaged AI-predicted confidence for COVID-19 is 0.683 ± 0.207 (95% CI: 0.639–0.727),
and for non-COVID-19 is 0.170 ± 0.192 (95% CI: 0.132–0.208).

3.3. Comparison between the performance of radiologists with or without the assistance of AI

First, the radiologists read CT scan images from the independent test set without AI assistance. The
given scores for each case by the radiologists were converted into 0 to 1 (i.e. 0 to 0, 1 to 0.2, 3 to 0.6,
4 to 0.8 and 5 to 1) and the average for each case was computed, followed by generating the ROC
curve shown in Fig. 7 on the left. For the second session with AI assistance, similar procedures were
conducted to generate the ROC curve shown in Fig. 7 right. The results of the first session resulted a
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Fig. 7. ROC curves of radiologist average on the test set without AI assistance (left) and with (right) AI assistance.

test AUC of 0.963, and it was slightly increased to 0.966 when AI assistance was involved in the second
session for the radiologists, indicating that the deep-learning model could improve the radiologists’
confidence in making a diagnosis.

The radiologists’ performance on the test set is demonstrated in Table 6. For the blind review without
AI assistance, the three radiologists had an average accuracy of 0.941 and sensitivity of 0.895. The
average accuracy was not simply computed by averaging the accuracy of each radiologist (i.e. 0.914,
0.832 and 0.886), but by averaging the scores of the three radiologists for each case, and choosing
2.5 as the threshold value to distinguish whether the patient was infected or not. Assisted by the AI
prediction, the radiologists achieved a higher average accuracy (0.951 vs. 0.941, � = 0.010) and sensi-
tivity (0.942 vs. 0.895, � = 0.047). Despite the different levels of experience of the three radiologists,
the accuracy and sensitivity for each radiologist were improved or at least remained unchanged (i.e.
the sensitivity of Radiologist C remained 0.953, no matter without or with AI assistance). Table 6 and
Fig. 8 summarize and display the comparison of the radiologists’ performance without and with AI
assistance in differentiating between COVID-19 and non-COVID-19.

With the data consisting of 185 patients indexed from 1 to 185, all COVID-19 patients are distributed
within index 1 to 100. As shown in Fig. 9, horizontal and vertical axes represent patient index and
score of COVID-19 Suspicion. Based on the assumption that patients with larger scores are more likely
infected with COVID-19, 2.5 is chosen as the threshold value to distinguish whether the patient was
infected or not.

In order to evaluate whether the AI system is helpful in making a clinical diagnosis, the three
radiologists (named A, B and C) participated in the experiment and collaborated with the AI system.
Figure 10 shows their results for 185 patients before and after using the AI assistant system.

Radiologists’ judgments are reliable because radiologist A and B have around 20 years working
experience, and Radiologist C, who is younger, has more than 5 years working experience. According
to the comparison of the radiologists’ results, with and without assistance of AI algorithms, radiologists
adopt suggestions from the AI system by adjusting their rating results to some extent after seeing the
AI system results; details are discussed in the following paragraphs.

Diagnosis of radiologist A on patients with an index number larger than 100 is highly consistent
with the AI system. While, for the rest of the patients, radiologist A’s results differ from the AI results.
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Table 6
The results of three radiologists without and with AI assistance on the test set (n = 185) in differentiating between COVID-19

and non-COVID-19

Without AI With AI Radiologist with AI
assistance assistance assistance minus
(95% CI) (95% CI) radiologist without

AI assistance (�)

Radiologist A Accuracy 0.914 (0.863–0.947) 0.924 (0.876–0.955) 0.01
Sensitivity 0.86 (0.77–0.92) 0.884 (0.76–0.94) 0.024

Radiologist B Accuracy 0.832 (0.772–0.88) 0.908 (0.857–0.943) 0.076
Sensitivity 0.884 (0.79–0.94) 0.93 (0.85–0.97) 0.046

Radiologist C Accuracy 0.886 (0.832–0.925) 0.935 (0.889–0.964) 0.049
Sensitivity 0.953 (0.909–0.976) 0.953 (0.910–0.976) 0

Radiologist Average Accuracy 0.941 (0.896–0.968) 0.951 (0.909–0.976) 0.010
Sensitivity 0.895 (0.845–0.934) 0.942 (0.896–0.968) 0.047

Fig. 8. The comparison of three radiologists without and with AI assistance on the test set (n = 185).

Radiologist A corrected the diagnosis based on the AI suggestions. Comparing the scatter plot of
Radiologist B before and after using the AI system, it is obvious that Radiologist B insisted on his
previous judgement among most of the tested patients. With respect to the younger radiologist C, in
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Fig. 9. Scores of COVID-19 suspicion for each patient when using AI.

contrast to the experienced radiologists A and B, many patients were rated with values of 2, 3 and 4,
which means that Radiologist C is not very confident.

For a deeper analysis, a boxplot was chosen as a tool to graphically display the AI algorithms’
performance. A boxplot always consists of two main parts which are bounds and box body. Bounds are
the maximum and minimum value of data represented by two lines in the top and bottom of the plot.
The box body contains 50 percent of the data; the first quartile marks one end of the box and the third
quartile marks the other end of the box, and the horizontal line in the box is the median. For patients
who are infected with COVID-19, whatever type they are, the optimal result is a boxplot compressed
into a horizontal line with the suspicion degree equal to 5. As seen in Fig. 11, AI algorithms performed
very well in severe type and critical illness for which the minimum values are still larger than 3.5. The
performance on moderate type is acceptable because the median is closed to 4 and most data points
are located in the upper part of the plot. However, the result on mild type is unsatisfactory because the
median is smaller than the threshold value.

In the infected COVID-19 case, by comparing the radiologists’ suspicion degree with and without
assistance of AI algorithms, we see that the AI system improves the radiologists’ performance a lot
(Fig. 12). Although the improvement is not distinct for moderate type cases in which the boxplot stays
the same, diagnosis of the other three types was improved. In the case of severe type, Radiologist
A corrected his result with the help of AI and that is represented as a purple box shrinking to top.
Because radiologists B and C already performed well for the severe type, there is no improvement with
AI assistance. For all three radiologists, their performance on mild type improved to some extent.

As shown in Fig. 12, all of the three radiologists rated higher than before when assisted by AI for
mild cases. Moreover, for radiologist A and B, the upper bound of the box body improved up to 5
compared with the results without AI assistance. Unlike the medians of radiologists A and B, which
improved only a little, median of Radiologist C changed a lot. With respect to critical illness, except
for Radiologist C who insists on his previous judgement, the other two corrected their diagnoses, in
which Radiologist B improved the result reaching the optimal state. To be more specific, as shown in
Fig. 12, the horizontal line in the case of critical type for Radiologist B, which means upper bound,
bottom bound, first quarter, median and third quarter are all equal to 5, representing no mistakes for
this case.
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Fig. 10. Scores of COVID-19 suspicion for each patient by three radiologists without and with AI assistance. Blue dots
represent AI suspicion and green dots represent radiologist suspicion.

4. Discussion

According to the reported patient cohorts from previous studies, the early imaging manifestation
of COVID-19 from CT findings are ground glass opacity (GGO) and consolidation with subpleural,
peripheral or peribronchovascular distribution [19–21], which may vary with age, immunity status,
disease stage, underlying diseases, etc. of the patients [22]. The CT findings in the current study are
consistent with reported evidence for COVID-19 infected patients, as described in Section 3.1. Since
the imaging manifestations of COVID-19 are somewhat overlapping with other pulmonary infections,
especially other common viral infections, it might not be easy to distinguish COVID-19 infected
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Fig. 11. AI suspicion degree on the test set (n = 185) in differentiating among COVID-19 in mild, moderate, severe and
critical types.

patients among them. Automated detection of COVID-19 from chest CT images by using AI would
have great advantages. It can help overcome the shortage of radiologists, which can delay the diagnosis
and affect the treatment and the overall control of the COVID-19 epidemic. It can also help to reduce
diagnostic bias and increase diagnostic efficiency and speed.

Deep learning shows great promise for medical application, especially in medical diagnosis from
images due to numerous reported impressive outcomes, including diagnostic AI tools for tuberculosis,
lung nodules, breast cancer, and others [12–14, 23–25]. The selection of deep learning models is of vital
importance for building a successful detection system in this COVID-19 epidemic, and several studies
have already reported the utilization of 2D and 3D convolutional neural network (CNN) models to
classify CT samples and achieved considerable performance by using these models. Yet, the practical
application of AI augmentation in COVID-19 diagnosis has been rarely explored in the literature, much
less the differentiation of COVID-19 from other pulmonary infections.

In this study, a deep learning algorithm was first trained to diagnose COVID-19 using chest CT images
of different types of pulmonary diseases, including tuberculosis, common pneumonia, non-COVID-
19 viral pneumonia, and COVID-19 pneumonia. The deep learning-based model then improved the
radiologists’ performance in distinguishing COVID-19 from other pulmonary infections, yielding
better average accuracy and sensitivity, from 0.941 to 0.951 and from 0.895 to 0.942, respectively, when
compared to radiologists without AI assistance. Radiologists vary in their skills, and their performance
can be affected by heavy workload, outside pressure, and subjective status, leading to misdiagnosis.
The deep learning-based model in this study is highly stable and would never be affected by factors
such as overwork and pressure, thus showing great potential to help radiologists as a screening tool.

5. Conclusion

In the present study, an up-to-date network — ResUNet has been successfully applied with high
accuracy, showing the usefulness of AI augmentation for distinguishing COVID-19 from other pul-
monary infectious diseases in chest CT images. This can help to decrease the workload and to relieve
the pressure of frontline medical workers, and to accelerate the efficiency of the diagnosis, which will
be beneficial in the fight against COVID-19. Future studies will focus on investigating the real-time
application of AI to assist radiologists in detecting COVID-19.
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Fig. 12. Comparison of three radiologists without and with assistance of AI on the test set (n = 185) in differentiating among
COVID-19 cases.
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