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Abstract
Coronavirus Disease 2019 (COVID-19) is a global pandemic that poses signi�cant health risks. The
sensitivity of diagnostic tests for COVID-19 is low due to irregularities in the handling of the specimens.
We propose a deep learning framework that identi�es COVID-19 from medical images as an effective
auxiliary testing method to improve diagnostic sensitivity. We use pseudo-coloring methods and a
platform for annotating X-ray and computed tomography (CT) images to train and evaluate the
convolutional neural network (CNN). The CNN achieves a performance similar to that of experts and
provides high scores for multiple statistical indices, with F1 scores above 96% and speci�city over 99%.
Heatmaps are used to visualize the salient features extracted by the CNN. The CNN-based regression
provides strong correlations between the lesion areas in the images and �ve clinical indicators, improving
the interpretation accuracy of the classi�cation framework. The proposed method represents a potential
computer-aided diagnosis method for COVID-19 in clinical practice.

Introduction
Coronavirus Disease 2019 (COVID–19), a highly infectious disease with the basic reproductive number
(R0) of 5.7 (reported by the US Centers for Disease Control and Prevention), is caused by the most
recently discovered coronavirus1 and was declared a global pandemic by the World Health Organization
(WHO) on March 11, 20202. It poses a serious threat to human health worldwide, as well as signi�cant
economic losses to all countries. As of 5 May 2020, 3,525,116 people have been infected by COVID–19,
and 243,540 deaths have occurred, according to the statistics of the WHO3. The Wall Street banks have
estimated that the COVID–19 pandemic may cause losses of $5.5 trillion to the global economy over the
next two years4. The WHO recommends using real- time reverse transcriptase–polymerase chain reaction
(rRT-PCR) for laboratory con�rmation of the COVID–19 virus in respiratory specimens obtained by the
preferred method of nasopharyngeal swabs5. Laboratories performing diagnostic testing for COVID–19
should strictly comply with the WHO biosafety guidance for COVID–196. It is also necessary to follow the
standard operating procedures (SOPs) for specimen collection, storage, packaging, and transport
because the specimens should be regarded as potentially infectious, and the testing process can only be
performed in a Biosafety Level 3(BSL–3) laboratory7. Not all cities in the world have adequate medical
facilities to follow the WHO biosafety guidelines. According to an early report (Feb 17, 2020), the
sensitivity of tests for the detection of COVID–19 using rRT-PCR analysis of nasopharyngeal swab
specimens is around 30–60% due to irregularities during the collection and transportation of COVID–19
specimens8. Recent studies reported a higher sensitivity range from 71% (Feb 19, 2020) to 91% (Mar 27,
2020)9, 10. Yang et al.8 discovered that although no viral ribonucleic acid (RNA) was detected by rRT-PCR
in the �rst three or all nasopharyngeal swab specimens in mild cases, the patient was eventually
diagnosed with COVID–19 (Feb 17, 2020). Therefore, the WHO has stated that one or more negative
results do not rule out the possibility of COVID–19 infection11. Additional auxiliary tests with relatively
higher sensitivity to COVID–19 are urgently required.
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The clinical symptoms associated with COVID–19 include fever, dry cough, dyspnea, and pneumonia, as
described in the guideline released by the WHO12. It has been recommended to use the WHO’s case
de�nition for in�uenza-like illness (ILI) and severe acute respiratory infection (SARI) for monitoring
COVID–1912. As reported by the CHINA-WHO COVID–19 joint investigation group (February 28, 2020)13,
autopsies showed the presence of lung infection in COVID–19 victims. Therefore, medical imaging of the
lungs might be a suitable auxiliary diagnostic testing method for COVID–19 since it uses available
medical technology and clinical examinations. Chest X-ray and chest computed tomography (CT) are the
most common medical imaging examinations for lungs and are available in most hospitals worldwide14.
Different tissues of the body absorb X-rays to different degrees15, resulting in gray-scale images that
allow for the detection of anomalies based on the contrast in the images. CT differs from normal X-ray
imaging in that it utilizes X-ray beams to scan the human body to obtain information16. The CT images
are digitally processed17 to create a three-dimensional image of the body. However, CT examinations are
more expensive than X-ray examinations18. Recent studies reported that the use of chest X-rays and CT
images resulted in improved diagnostic sensitivity for the detection of COVID–1919, 20. The
interpretation of medical images is time-consuming, labor-intensive, and often subjective. The medical
images are �rst annotated by experts to generate a report of the radiography �ndings. Subsequently, the
radiography �ndings are analyzed, and clinical factors are considered to obtain a diagnosis14. However,
during the current pandemic, experts are faced with a massive workload and lack of time, resulting in low
diagnostic accuracy and adverse effects on the physical and mental health of the experts. Since modern
hospitals have advanced digital imaging technology, medical image processing methods may have the
potential for fast and accurate diagnosis of COVID–19 to reduce the burden on the experts.

Deep learning (DL) methods, especially convolutional neural networks (CNNs), are effective approaches
for representation learning using multilayer neural networks21 and have provided best performance
solutions to many problems in image classi�cation22, 23, object detection24, games and decisions25,
and natural language processing26. A deep residual network27 is a type of CNN architecture that uses
the strategy of skip connections to avoid degradation of models. However, the applications of DL for
clinical diagnoses remains limited due to the lack of interpretability of the DL model and the multimodal
properties of clinical data. Some studies have demonstrated excellent performance of DL methods for the
detection of lung cancer with CT images28, pneum nia with X-ray images29, and diabetic retinopathy
with retinal fundus photographs30. To the best of our knowledge, the DL method has been validated only
on single modal data, and no correlation analysis with clinical indicators was performed. Traditional
machine learning methods are more constrained and better suited than DL methods to speci�c, practical
computing tasks using features31. We designed a general end-to-end DL framework for information
extraction from X-ray images (X-data) and CT images (CT-data) that can be considered a cross-domain
transfer learning model.

In this study, we developed a custom platform for rapid expert annotation and proposed the modular
CNN-based multi-stage framework (classi�cation framework and regression framework) consisting of
basic component units and special component units. The framework represents an auxiliary examination
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method for high-precision and automated detection of COVID–19. This study makes the following
contributions:

1. A multi-stage CNN-based classi�cation framework consisting of two basic units (ResBlock-A and
ResBlock-B) and a special unit (control gate block) was established for use with multi-modal images
(X-data and CT-data). The classi�ation results were compared with the experts of different levels as
evaluations. Different optimization goals were established for the different stages in the framework
to obtain good performances, which were evaluated using multiple statistical indicators.

2. Principal component analysis (PCA) was used to determine the characteristics of the X-data and CT-
data of different categories (normal, COVID–19, and in�uenza). Gradient-weighted class activation
mapping (Grad-CAM) was used to visualize the salient features in the images and extract the lesion
areas associated with COVID–19.

3. Data preprocessing methods, including pseudo-coloring and dimension normalization, were
developed to facilitate the interpretability of the medical images and adapt the proposed framework
to the multi-modal images (X-data and CT-data).

4. A knowledge distillation method was adopted as a training strategy to obtain high-performance with
low computational requirements and improve the usability of the method.

5. The CNN-based regression framework was used to describe the relationships between the
radiography �ndings and the clinical symptoms of the patients. Multiple evaluation indicators were
used to assess the correlations between the radiography �ndings and the clinical indicators.

Results
A platform was developed for annotating lesion areas of COVID–19 in medical images (X- data, CT-data).
Medical imaging uses images of the interior of human bodies to create visual representations that are
used for clinical diagnoses and treatment plans32. Medical images (e.g., X- data and CT-data) are
acquired using digital medical imaging techniques and are typically stored in the Digital Imaging and
Communications in Medicine (DICOM) format33. X-data are two-dimensional grayscale images, and CT-
data are three-dimensional data, consisting of slices of the data in the z-axis direction of a two-
dimensional grayscale image. Machine learning methods are playing increasingly important roles in
medical image analysis, especially DL methods. DL uses multiple non-linear transformations to create a
mapping relationship between the input data and output labels34. The objective of this study was to
annotate lesion areas in medical images with high accuracy. Therefore, we developed a pseudo-coloring
method to convert the original grayscale images to color images using the open-source image processing
tools Open Source Computer Vision Library (OpenCV) and Pillow. Examples of the pseudo-color images
are shown in Fig. 1.

We developed a platform that uses a client-server architecture to annotate the potential lesion areas of
COVID–19 on the radiography images. The platform can be deployed on a private cloud for security and
local sharing. X-data from 212 patients diagnosed with COVID–19 were analyzed by two experts to
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determine the lesion areas. The X-data were collected from the public covid-chestxray-dataset35, and the
images were resized to 512 x 512. Each image contained 1- 2 suspected areas with in�ammatory lesions
(SAs). CT-data from 95 patients diagnosed with COVID–19 and 50 patients diagnosed with in�uenza
were annotated by the two experts using a rapid keystroke-entry format. The images of the CT scans were
collected using the PHILIPS Brilliance iCT 256 system. The slice thickness of the CT scans was 5 mm,
and the CT-data images were grayscale images with 512 x 512 pixels. Areas with 2–5 SAs were
annotated in the images for each case, and these areas ranged from 16 x 16 to 64 x 64 pixels. Five
clinical indicators (white blood cell count, neutrophil percentage, lymphocyte percentage, procalcitonin, C-
reactive protein) were also obtained, as shown in Supplementary Table 1. As a control, we randomly
selected 5,000 normal cases from a public dataset (Kaggle RSNA)36. The X-data of the normal cases
(XNDS) and that of the COVID–19 cases (XCDS) constituted the X dataset (XDS). We collected additional
CT-data of 120 cases from a public lung CT dataset (LUNA–16, a large dataset for automatic nodule
detection in the lungs)37. It was con�rmed by the two experienced radiologists that no lesion areas of
COVID–19 or in�uenza were present. The CT-data of the COVID–19 cases (CTCDS), the in�uenza cases
(CTIDS), and the normal cases (CTNDS) constituted the clinically-diagnosed CT dataset (CTDS). The
images of the SAs and the clinical indicator data constituted the correlation analysis dataset (CADS). We
split the XDS, CTDS, and CADS into the training-validation (trainval) part and test part. The details of the
three datasets are shown in Table 1. The train-val part of CTDS is referred to as CTTS, and the test part is
called CTVS. The same naming scheme was adopted for XDS and CADS, i.e., XTS, XVS, CATS, and CAVS,
respectively.

PCA was used to determine the characteristics of the medical images for the COVID–19, in�uenza, and
normal cases. PCA was used to visually compare the characteristics of the medical images (X-data, CT-
data) for the COVID–19 cases with those of the normal and in�uenza cases, including the XNDS, the
XCDS, the CTCDS, the CTIDS, and the CTNDS. Figure 2 shows the mean image of each sub-dataset and
the �ve eigenvectors that represent the principal components of PCA in the corresponding feature space.
Signi�cant differences are observed between the COVID–19, in�uenza, and normal cases, indicating the
possibility of being able to distinguish COVID–19 cases from normal and in�uenza cases.

The CNN-based classi�cation framework exhibited excellent performance based on the validation by
experts using multi-modal data. The structure of the proposed framework, consisting of the stage I sub-
framework and the stage II sub-framework, is shown in Fig. 5-a, where Q, L, M, and N are the hyper-
parameters of the framework for general use cases. The values of Q, L, M, and N were 1, 1, 2, and 2,
respectively, in this study; this framework referred to as the CNNCF framework. The stage I and stage II
sub-frameworks were designed to extract features corresponding to different optimization goals in the
analysis of the medical images. The performance of the CNNCF was evaluated using multimodal
datasets (X-data and CT-data) to ensure the generalization and transferability of the model, and several
evaluation indicators were used (sensitivity, precision, speci�city, F1, kappa). The salient features of the
images extracted by the CNNCF were visualized in a heatmap (four examples are shown in
Supplementary Fig. 1). In this study, four experiments were conducted; the following results were
obtained.
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1. Experiment-A. The results of the �ve evaluation indicators for the comparison of the COVID- 19 cases
and normal cases for the XVS are shown in Table 2. Three experts evaluated the images, i.e., a 7th-
year respiratory resident (Respira.), a 3rd-year emergency resident (Emerg.), and a 1st-year respiratory
intern (Intern). An excellent performance was obtained, with the best score of F1 of 96.72%, a kappa
of 95.40%, a speci�city of 99.33%, and a precision of 98.33%. The sensitivity index was 95.16%,
which was higher than that of the Intern (93.55%) and lower than that of the Respire. (100%) and
Emerg. (100%). The receiver operating characteristic (ROC) scores for the CNNCF and the experts are
plotted in Fig. 3-a; the area under the ROC curve (AUROC) of the CNNCF is 0.9961. The precision-
recall scores for the CNNCF and the experts are plotted in Fig. 3-d; the area under the precision-recall
curve (AUPRC) of the CNNCF is 0.9910.

2. Experiment-B. The results of the �ve evaluation indicators for the CTVS are shown in Table 3. The
CNNCF achieved the highest performance and the best score of all �ve evaluation indices. The ROC
scores are plotted in Fig. 3-b; the AUROC of the CNNCF is 1.0. The precision-recall scores are shown
in Fig. 3-e, and the AUPRC of the CNNCF is 1.0.

3. Experiment-C. The results of the �ve evaluation indicators for the CTVS are shown in Table 3. The
CNNCF exhibits good performance for the �ve evaluation indices, which are similar to that of the
Respire. and higher than that of the Intern and the Emerg. The ROC scores are plotted in Fig. 3-c; the
AUROC of the CNNCF is 1.0. The precision-recall scores are shown in Fig. 3-f; the AUPRC of the
CNNCF is 1.0.

4. Experiment-D. The boxplots of the �ve evaluation indicators, the kappa coe�cient, and the speci�city
are shown in Fig. 4, and the precision and sensitivity are shown in Supplementary Fig. 4. A
bootstrapping method38 was used to calculate the empirical distributions, and McNemar’s test39
was used to analyze the differences between the CNNCF and the experts. The p-values of the
McNemar’s test (Supplementary Table 2–4) for the �ve evaluation indicators were all 1.0, indicating
that there was no statistically signi�cant difference between the CNNCF results and the expert
evaluations.

 
Introspection studies identify salient features of COVID–19. In clinical practice, the diagnostic decision of
a clinician relies on the identi�cation of the SAs in the medical images by radiologists. The statistical
results show that the performance of the CNNCF for the identi�cation of COVID–19 is as good as that of
the experts. A comparison consisting of two parts was performed to evaluate the discriminatory ability of
the CNNCF. In the �rst part, we used Grad-CAM, which is a non-intrusive method to extract the salient
features in medical images, to create a heatmap of the CNNCF result. Supplementary Fig. 1 shows the
heatmaps of four examples of COVID–19 cases in the XDS and CTDS. In the second part, we used
density-based spatial clustering of applications with noise (DBSCAN) to calculate the center pixel
coordinates (CPC) of the salient features corresponding to COVID–19. All CPCs were normalized to a
range of 0 to 1. Subsequently, we used a signi�cance test (ST)40 to analyze the relationship between the
CPC of the CNNCF output and the CPC annotated by the experts. A good performance was obtained, with
a mean square error (MSE) of 0.0108, a mean absolute error (MAE) of 0.0722, a root mean squared error
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(RMSE) of 0.1040, a correlation coe�cient (r) of 0.9761, and a coe�cient of determination (R2) of
0.8801.

A strong correlation was observed between the lesion areas detected by the proposed framework and the
clinical indicators. In clinical practice, multiple clinical indicators are analyzed to determine whether
further examinations (i.e., medical image examination) are needed. These indicators can be used to
assess the predictive ability of the model. In addition, various examinations are required to perform an
accurate diagnosis in clinical practice. However, the correlations between the results of various
examinations are often not clear. We used the stage II sub-framework and the regressor block of the
CNNRF to conduct a correlation analysis between the lesion areas detected by the framework and �ve
clinical indicators (white blood cell count, neutrophil percentage, lymphocyte percentage, procalcitonin, C-
reactive protein) of COVID–19 using the CADS. The inputs of the CNNRF were the lesion area images of
each case, and the output was a 5-dimensional vector describing the correlation between the lesion areas
and the �ve clinical indicators.

The MAE, MSE, RMSE, r, and R2 were used to evaluate the results. The ST and the Pearson correlation
coe�cient (PCC)41 were used to determine the correlation between the lesion areas and the clinical
indicators. A strong correlation was obtained, with MSE = 0.0163, MAE = 0.0941, RMSE = 0.1172, r =
0.8274, and R2 = 0.6465. At a signi�cance level of 0.001, the value of r was 1.27 times the critical value
of 0.6524. This result indicates a high and signi�cant correlation between the lesion areas and the
clinical indicators. The PCC was 0.8274 (range of 0.8–1.0), indicating a strong correlation. The CNNRF
was trained on the CATS and evaluated using the CAVS. The initial learning rate was 0.01, and the
optimization function used was the stochastic gradient descent (SGD) method42. The parameters of the
CNNRF were initialized using the Xavier initialization method43.

Discussion
We developed a computer-aided diagnosis method for the identi�cation of COVID–19 in medical images
using DL techniques. Strong correlations were obtained between the lesion areas identi�ed by the
proposed CNNRF and the �ve clinical indicators. An excellent agreement was observed between the
model results and expert opinion.

Popular image annotation tools (e.g., Labelme44 and VOTT45) are used to annotate various images and
support common formats, such as Joint Photographic Experts Group (jpg), Portable Network Graphics
(png), and Tag Image File Format (tiff); these formats are not used in the DICOM data. Therefore, we
developed an annotation platform that does not require much storage space or transformations and can
be deployed on a private cloud for security and local sharing. Our eyes are not highly sensitive to
grayscale images in regions with high average brightness46, resulting in relatively low identi�cation
accuracy. The proposed pseudo-color method increased the information content of the medical images
and facilitated the identi�cation of the details. PCA has been widely used for feature extraction and
dimensionality reduction in image processing47. We used PCA to determine the feature space of the sub-
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datasets. Each image in a speci�ed sub-dataset was represented as a linear combination of the
eigenvectors. Since the eigenvectors describe the most informative regions in the medical images, they
are considered a representation of each sub-dataset. We visualized the top-�ve eigenvectors of each sub-
dataset using an intuitive method.

The CNNCF is a modular framework consisting of two stages that were trained with different
optimization goals and controlled by the control gate block. Each stage consisted of multiple residual
blocks (ResBlock-A and ResBlock-B) that retained the features in the different layers, thereby preventing
degradation of the model. The design of the control gate block was inspired by the synaptic frontend
structure in the nervous system. We calculated the score of the optimization target, and a score above a
prede�ned threshold was acceptable. If the times of the neurotransmitter were above another prede�ned
threshold, the control gate was opened to let the features information pass. The framework was trained in
a step-by-step manner. Training occurred at each stage for a speci�ed goal, and the second stage used
the features extracted by the �rst stage, thereby reusing the features and increasing the convergence
speed of the second stage. The CNNCF exhibited excellent performance for identifying the COVID–19
cases automatically in the X-data and CT-data. Different from traditional machine learning methods, the
CNNCF was trained in an end-to-end manner, which ensured the �exibility of the framework for different
datasets without much adjustment.

We adopted a knowledge distillation method in the training phrase; a small model (called a student
network) was trained to mimic the ensemble of multiple models (called teacher networks) to obtain a
small model with high performance. In the distillation process, knowledge was transferred from the
teacher networks to the student network to minimize knowledge loss. The target was the output of the
teacher networks; these outputs were called soft labels. The student network also learned from the
ground-truth labels (also called hard labels), thereby minimizing the knowledge loss from the student
networks, whose targets were the hard labels. Therefore, the overall loss function of the student network
incorporated both knowledge distillation and knowledge loss from the student networks. After the student
network had been well-trained, the task of the teacher networks was complete, and the student model
could be used on a regular computer with a fast speed, which is suitable for hospitals without extensive
computing resources. As a result of the knowledge distillation method, the CNNCF achieved high
performance with a few parameters in the teacher network.

The CNNRF is a modular framework consisting of one stage II sub-framework and one regressor block to
handle the regression task. In the regressor block, we used skip connections that consisted of a
convolution layer with multiple 1 x 1 convolution kernels for retaining the features extracted by the stage
II sub-framework while improving the nonlinear representation ability of the regressor block. We made use
of �exible blocks to achieve good performance for the classi�cation and regression tasks, unlike
traditional machine learning methods, which are commonly used for either of these tasks.

Five statistical indexes, including sensitivity, speci�city, precision, kappa coe�cient, and F1 were used to
evaluate the performance of the CNNCF. The sensitivity is related to the positive detection rate and is of
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great signi�cance in the diagnostic testing of COVID–19. The speci�city refers to the ability of the model
to correctly identify patients with the disease. The precision indicates the ability of the model to provide
positive prediction. The kappa demonstrates the stability of the model’s prediction. The F1 is the
harmonic mean of the precision and sensitivity. Good performance was achieved by the CNNCF based on
the �ve statistical indices for the multi-modal image datasets (X-data and CT-data). The consistency
between the model results and the expert evaluation was determined using McNemar’s test. The good
performance demonstrated the model’s capacity of learning from the experts using the labels of the
image data and mimicking the experts in diagnostic decision-making. The ROC and PRC of the CNNCF
were used to evaluate the performance of the classi�cation model48. The ROC is a probability curve that
shows the trade-off between the true positive rate (TPR) and false positive rate (FPR) using different
thresholds settings. The AUROC provides a measure of separability and demonstrated the discriminative
capacity of the classi�cation model. The larger the AUROC, the better the performance of the model is for
predicting the true positive (TP) and true negative (TN) cases. The PRC shows the trade-off between the
TPR and the positive predictive value (PPV) using different thresholds settings. The larger the AUPRC, the
higher the capacity of the model is to predict the TP cases. In our experiments, the CNNCF achieved high
scores for both the AUPRC and AUROC (>99%) for the X-data and CT-data.

Five statistical indexes, including sensitivity, speci�city, precision, kappa coe�cient, and F1 were used to
evaluate the performance of the CNNCF. The sensitivity is related to the positive detection rate and is of
great signi�cance in the diagnostic testing of COVID–19. The speci�city refers to the ability of the model
to correctly identify patients with the disease. The precision indicates the ability of the model to provide
positive prediction. The kappa demonstrates the stability of the model’s prediction. The F1 is the
harmonic mean of the precision and sensitivity. Good performance was achieved by the CNNCF based on
the �ve statistical indices for the multi-modal image datasets (X-data and CT-data). The consistency
between the model results and the expert evaluation was determined using McNemar’s test. The good
performance demonstrated the model’s capacity of learning from the experts using the labels of the
image data and mimicking the experts in diagnostic decision-making. The ROC and PRC of the CNNCF
were used to evaluate the performance of the classi�cation model. The ROC is a probability curve that
shows the trade-off between the true positive rate (TPR) and false positive rate (FPR) using different
thresholds settings. The AUROC provides a measure of separability and demonstrated the discriminative
capacity of the classi�cation model. The larger the AUROC, the better the performance of the model is for
predicting the true positive (TP) and true negative (TN) cases. The PRC shows the trade-off between the
TPR and the positive predictive value (PPV) using different thresholds settings. The larger the AUPRC, the
higher the capacity of the model is to predict the TP cases. In our experiments, the CNNCF achieved high
scores for both the AUPRC and AUROC (>99%) for the X-data and CT-data.

DL has made signi�cant progress in numerous areas in recent years and has provided best-performance
solutions for many tasks. In areas that require high interpretability, such as autonomous driving and
medical diagnosis, DL has disadvantages because it is a black-box approach and lacks good
interpretability. The strong correlation obtained between the CNNCF output and the experts’ evaluation
suggested that the mechanism of the proposed CNNCF is similar to that used by humans analyzing
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images. The combination of the visual interpretation and the correlation analysis enhanced the ability of
the framework to interpret the results, making it highly reliable. The CNNCF has a promising potential for
clinical diagnosis considering its high performance and hybrid interpretation ability. We have explored the
potential use of the CNNCF for clinical diagnosis with the support of the Beijing Youan hospital (which is
an authoritative hospital for the study of infectious diseases and one of the designated hospitals for
COVID–19 treatment) using both real data after privacy masking and input from experts under
experimental conditions and provided a suitable schedule for assisting experts with the radiography
analysis. However, medical diagnosis in a real situation is more complex than in an experiment.
Therefore, further studies will be conducted in different hospitals with different complexities and
uncertainties to obtain more experience in multiple clinical use cases with the proposed framework.

The objective of this study was to use statistical methods to analyze the relationship between salient
features in images and expert evaluations and test the discriminative ability of the model. The CNNRF
can be considered a cross-modal prediction model, which is a challenging research area that requires
more attention because it is closely related to associative thinking and creativity. In addition, the
correlation analysis might be a possible optimization direction to improve the interpretability performance
of the classi�cation model using DL.

In conclusion, we proposed a complete framework for computer-aided diagnosis of COVID–19, including
data annotation, data preprocessing, model design, correlation analysis, and assessment of the model’s
interpretability. We developed a pseudo-color tool to convert the grayscale medical images to color
images to facilitate image interpretation by the experts. We developed a platform for the annotation of
medical images characterized by high security, local sharing, and expandability. We designed a simple
data preprocessing method for converting multiple types of images (X-data, CT-data) to three-channel
color images. We established a modular CNN-based classi�cation framework with high �exibility and
wide use cases and consisting of the ResBlock-A, ResBlock-B, and Control Gate Block. A knowledge
distillation method was used as a training strategy for the proposed classi�cation framework to ensure
high performance with fast inference speed. A CNN-based regression framework that required minimal
changes to the architecture of the classi�cation framework was employed to determine the correlation
between the lesion area images of patients with COVID–19 and the �ve clinical indicators. The three
evaluation indices (F1, kappa, speci�city) of the classi�cation framework were similar to those of the
respiratory resident and the emergency resident and slightly higher than that of the respiratory intern. We
visualized the salient features that contributed most to the CNNCF output in a heatmap for easy
interpretability of the CNNCF. The proposed CNNCF computer-aided diagnosis method demonstrated a
promising potential and is highly suitable for the automatic diagnosis of COVID–19 in clinical practice.
There is also a potential for broader applicability of the proposed method. Once the method has been
improved, it might be used in other diagnostic decision-making scenarios (lung cancer, liver cancer, etc.)
using medical images. The expertise of a specialist will be required in clinical cases in future scenarios.
However, we are optimistic about the potential of using DL methods in intelligent medicine and expect
that many people will bene�t from the advanced technology.
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Methods
Data collection. Multi-modal image data were used in this study, including X-data and CT-data. The X-
data of COVID–19 and the normal cases were obtained from two public datasets (COVID19 chest X-ray
dataset, Kaggle RSNA). The X-data of the COVID–19 cases included 212 cases in different time periods
(from Feb. 16 to Apr. 19, 2020) and from different countries (Vietnam, China, Canada, USA, UK, Korea,
Italy, Australia, Egypt, Spain, German, and Belgium). The X-data of the normal cases (5000 cases) were
randomly chosen from the RSNA dataset, which can be downloaded from this website36. The CT-data of
the COVID–19 (95 cases) and in�uenza cases (50 cases) were front-line clinical data provided by the
Beijing Youan hospital, which is an authoritative hospital for the study of infectious diseases and one of
the designated hospitals for COVID–19 treatment. The CT-data of the normal cases (120 cases) were
obtained from the LUNA–16 dataset. All data followed current laws and regulations and had been
processed using data-masking methods to ensure the privacy of the individuals. The processed data did
not contain personal information (e.g., name, ID number, phone number), and the �les were randomly
renamed using pseudo-naming methods. A self-developed annotation tool was used to annotate the
lesion areas in the images of the COVID–19 and in�uenza cases, and the annotation was con�rmed by
two experts.

Dataset splitting. We split the X-data, CT-data, and clinical indicator data into train-val datasets and test
datasets. The details are shown in Table 1.

1. X-data: A total of 5212 X-data from 5212 cases (5000 normal cases and 212 COVID–19 cases) were
named XDS. We used the train-test-split function (TTSF) of the scikit-learn library to split the XDS
into a train-val dataset (XTS) and a test dataset (XVS) as follows: 4850 normal cases of the 5000
normal cases were randomly selected from the XDS to comprise part of the XTS; 150 COVID–19
cases of the 212 COVID–19 cases were randomly selected from the XDS to comprise another part of
the XTS. The remainder of the XDS constituted the test dataset XVS (62 COVID–19 cases and 150
normal cases). Each case was either part of the XTS or the XVS.

2. CT-data: A total of 100,521 of the 265 cases of the CT-data (120 normal cases, 50 in�uenza cases,
and 95 COVID–19 cases) were obtained from the hospital and the LUNA–16 dataset; this
represented the CTDS. We used the TTSF to split the CTDS into a train-val dataset (CTTS) and a test
dataset (CTVS) as follows: 100 normal cases of the 120 normal cases, 35 in�uenza cases of the 50
in�uenza cases, and 75 COVID–19 cases of the 90 COVID–19 cases were randomly selected from
the CTDS and constituted the CTTS. The rest of the CTDS data represented the CTVS (20 normal
cases, 15 in�uenza cases, and 20 COVID–19 cases). Each case was either part of the CTTS or the
CTVS.

3. Clinical indicator data: A total of 95 data pairs from the 95 COVID–19 cases (369 images of the
lesion area and 95 5 clinical indicators) were collected from the hospital; this represented the CADS.
The CADS was randomly split into a train-val dataset (CATS) (with 75 data pairs from the 75 COVID–
19 cases) and a test dataset (CAVS) (with 20 data pairs from 20 COVID–19 cases) using the TTSF.
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Image preprocessing. All image data (X-data and CT-data) in the DICOM format were loaded using the
Pydicom library (version 1.4.0) and processed as arrays using the Numpy library (version 1.16.0).

1. X-data: The two-dimensional array (x-axis and y-axis) of the image of the X-data (size of 512 × 512)
was normalized to pixel values of 0–255 and stored in png format using the OpenCV library. Each
preprocessed image was resized to 512 × 512 and had 3 channels.

2. CT-data: The array of the CT-data was three-dimensional (x-axis, y-axis, and z-axis), and the length of
the z-axis was approximately 300, which represented the number of image slices. Each image slice
was two-dimensional (x-axis and y-axis, size of 512 x 512). As shown in Supplementary Fig. 2, the
array of the image was divided into three groups in the z-axis direction, and each group contained
100 image slices (each case was resampled to 300 image slices). The image slices in each group
were processed using a window center of –600 and a window width of 2000 to extract the lung
tissue. The images of the CT-data with >300 image slices were normalized to pixel values of 0–255
and stored in npy format using the Numpy library. A convolution �lter was applied with three 1 x 1
convolution kernels to preprocess the CT-data; the image size was 512 x 512, with 3 channels.

Annotation tool for medical images. The server program of the annotation tool was deployed in a
computer with large network bandwidth and abundant storage space. The client program of the
annotation tool was deployed in the o�ce computer of the experts, who were given unique user IDs
for login. The interface of the client program had a built-in image viewer with a window size of 512 x
512 and an export tool for obtaining the annotations in text format. Multiple drawing tools were
provided to annotate the lesion area in the images, including a rectangle tool for drawing a bounding
box around the target, a polygon tool for drawing the outline of the target, and a circle tool for
drawing a curved outline of the target. Multiple categories could be de�ned and assigned to the
target areas. All annotations were stored in a structured query language (SQL) database, and the
export tool was used to export the annotations to two common �le formats (comma-separated
values (csv) and JavaScript object notation (json)). The experts could share the annotation results.
Since the size of the X-data and the slice of the CT-data were identical, the annotations for both data
were performed in with the annotation tool. Here we use one image slice of the CT-data as an
example to demonstrate the annotation process. In this study, two experts were asked to annotate
the medical images. The normal cases were reviewed and con�rmed by the experts. The abnormal
cases, including the COVID–19 and in�uenza cases, were annotated by the experts. Bounding boxes
of the lesion areas in the images were annotated using the annotation tool. In general, each case
contained 2 to 5 slices with annotations. The cases with the annotated slices were considered
positive cases, and each case was assigned to a category (COVID–19 case or in�uenza case).

Model architecture and training. In this study, we proposed a modular CNNCF to identify the COVID–
19 cases in the medical images and a CNNRF to determine the relationships between the lesion
areas in the medical images and the �ve clinical indicators of COVID–19. Both proposed frameworks
consisted of two units (ResBlock-A and ResBlock-B). The CNNCF and CNNRF had unique units,
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namely the control gate block and regressor block, respectively. Both frameworks were implemented
using two NVIDIA GTX 1080TI graphics cards and the open-source PyTorch framework.

1. ResBlock-A. As discussed in Ref.49, the residual block is a CNN-based block that allows the CNN
models to reuse features, thus accelerating the training speed of the models. In this study, we
developed a residual block (ResBlock-A) that utilized a skip connection for retaining features in
different layers in the forward propagation. This block (Fig. 6-a) consisted of a multiple-input
multiple-output structure with two branches (an upper branch and a bottom branch), where input
1 and input 2 have the same size, but the values may be different. In contrast, output 1 and
output 2 had the same size, but output 1 did not have a ReLu layer. The upper branch consisted
of a max-pooling layer (Max-Pooling), a convolution layer (Conv 1 x 1) and a batch norm layer
(BN). The Max-Pooling had a kernel size of 3 x 3 and a stride of 2 to downsample the input 1 for
retaining the features and ensuring the same size as the output layer before the element-wise
add operation was conducted in the bottom branch. The Conv 1 x 1 consisted of multiple 1 x 1
convolution kernels with the same number as that in the second convolution layer in the bottom
branch to adjust the number of channels. The BN used a regulation function to ensure the input
in each layer of the model followed a normal distribution with a mean of 0 and a variance of 1.
The bottom branch consisted of two convolution layers, two BN layers, and two ReLu layers. The
�rst convolution layer in the bottom branch consisted of multiple 3 x 3 convolution kernels with
a stride of 2 and a padding of 1 to reduce the size of the feature maps when local features were
obtained. The second convolution layer in the bottom branch consisted of multiple 3 x 3
convolution kernels with a stride of 1 and a padding of 1. The ReLu function was used as the
activation function to ensure a nonlinear relationship between the different layers. The output of
the upper branch and the output of the bottom branch after the second BN were fused using an
element-wise add operation. The fused result was output 1, and the fused result after the ReLu
layer was output 2.

2. ResBlock-B. The ResBlock-B (Fig. 6-b) was a multiple-input single-output block that was similar
to the ResBlock-A, except that there was no output 1. The value of the stride and padding in each
layer of the ResBlock-A and ResBlock-B could be adjusted using hyper-parameters based on the
requirements.

3. Control Gate Block. As shown in Fig. 6-c, the Control Gate Block was a multiple-input single-
output block consisting of a predictor module, a counter module, and a synapses module to
control the optimization direction while controlling the information �ow in the framework. The
pipeline of the predictor module is shown in Supplementary Fig. 3-a, where the Input S1 is the
output of the ResBlock-B. The Input-S1 is then �attened to a one-dimensional feature vector as
the input of the linear layer. The output of the linear layer was converted to a probability of each
category using the softmax function. A sensitivity calculator used the Vpred and Vtrue as inputs to
calculate the TP, TN, FP, and false negative (FN) rates to calculate the sensitivity. The sensitivity
calculation was followed by a step function to control the output of the predictor. The ths was a
threshold value; if the calculated sensitivity was greater or equal to ths, the step function output
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1; otherwise, the output was 0. The counter module was a conditional counter, as shown in
Supplementary Fig. 3-b. If the input n was zero, the counter was cleared and set to zero.
Otherwise, the counter increased by 1. The output of the counter was num. The synapses block
mimicked the synaptic structure, and the input variable num was similar to a neurotransmitter,
as shown in Supplementary Fig. 3-c. The input num was the incoming parameter of the step
function. The ths was a threshold value; if the input num was greater or equal to ths, the step
function output 1; otherwise, it output 0. An element-wise multiplication was performed between
the input S1 and the output of the synapses block. The multiplied result was passed on to a
discriminator. If the sum of each element in the result was not zero, the Input S1 was passed on
to the next layer. Otherwise, the input S1 information was not passed on.

4. Regressor block. The regressor block consisted of multiple linear layers, a convolution layer, a
BN layer, and a ReLu layer, as shown in Fig. 6-d. A skip-connection architecture was adopted to
retain the features and increase the ability of the block to represent nonlinear relationships. The
convolution block in the skip-connection structure was a convolution layer with multiple
numbers of 1 x 1 convolution kernels. The number of the convolution kernels was the same as
that of the output size of the second linear layer to ensure the consistency of the vector
dimension. The input size and output size of each linear layer were adjustable to be applicable
to actual cases.

Based on the four blocks, two frameworks were designed for the classi�cation task and regression
task, respectively.

1. Classi�cation framework. The CNNCF consisted of stage I and stage II, as shown in Fig. 5-a.
Stage I was duplicated Q times in the framework (in this study, Q = 1). It consisted of multiple
ResBlock-A with a number of M (in this study, M = 2), one ResBlock-B, and one Control Gate
Block. Stage II consisted of multiple ResBlock-A with a number of N (in this study, N = 2) and
one ResBlock-B. The weighted cross-entropy loss function was used and was minimized using
the SGD optimizer with a learning rate of a1 (in this study, a1 = 0.01). A warm-up strategy50 was
used in the initialization of the learning rate for a smooth training start, and a reduction factor of
b1 (in this study, b1 = 0.1) was used to reduce the learning rate after every c1 (in this study, c1 =
10) training epochs. The model was trained for d1 (in this study, d1 = 40) epochs, and the model
parameters saved in the last epoch was used in the test phrase.

2. Regression framework. The CNNRF (Fig. 5-b) consisted of two parts (stage II and the regressor).
The inputs to the regression framework were the images of the lesion areas, and the output was
the corresponding vector with �ve dimensions, representing the �ve clinical indicators (all
clinical indicators were normalized to a range of 0 to 1). The stage II structure was the same as
that in the classi�cation framework, except for some parameters. The loss function was the
MSE loss function, which was minimized using the SGD optimizer with a learning rate of a2 (in
this study, a2 = 0.01). A warmup strategy was used in the initialization of the learning rate for a
smooth training start, and a reduction factor of b2 (in this study, b2 = 0.1) was used to reduce
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the learning rate after every c2 (in this study, c2 = 50) training epochs. The framework was
trained for d2 (in this study, d2 = 200) epochs, and the model parameters saved in the last epoch
were used in test phrase.

 
Training strategies of the classi�cation framework. The training strategies and hyper-parameters of
the classi�cation framework were as follows. We adopted a knowledge distillation method (Fig. 7) to
train the CNNCF as a student network with one stage I block and one stage II block, each of which
contained two ResBlock-A. Four teacher networks (the hyper-parameters are provided in the
Supplementary Table 5) with the proposed blocks were trained on the XTS and the CTTS using a 5-
fold cross-validation method. All networks were initialized using the Xavier initialization method. The
initial learning rate was 0.01, and the optimization function was the SGD. The CNNCF was trained
using the image data and the label, as well as the fused output of the teacher networks.
Supplementary Fig. 5 shows the details of the knowledge distillation method.

Gradient-weighted class activation maps. Grad-CAM51 in the Pytorch framework was used to visualize
the salient features that contributed the most to the prediction output of the model Given a target
category, the Grad-CAM performed back-propagation to obtain the �nal CNN feature maps and the
gradient of the feature maps; only pixels with positive contributions to the speci�ed category were
retained through the ReLU function. The Grad-CAM method was used for all test dataset (XVS and CTVS)
in the CNNCF without changing the framework structure to obtain a visual output of the framework’s high
discriminatory ability.

Statistical indices and empirical distribution of the test results. We used multiple statistical indices and
empirical distributions to assess the performance of the proposed frameworks. The equations of the
statistical indices are shown in Supplementary Fig. 6.

1. Statistical indices to evaluate the classi�cation framework. Multiple evaluation indicators (PRC, ROC,
AUPRC, AUROC, sensitivity, speci�city, precision, kappa index, and F1 with a �xed threshold) were
computed for a comprehensive and accurate assessment of the classi�cation framework. Multiple
threshold values were in the range from 0 to 1 with a step value of 0.005 to obtain the ROC and PRC
curves. The PRC showed the relationship between the precision and the sensitivity (or recall), and the
ROC indicated the relationship between the sensitivity and speci�city. The two curves re�ected the
comprehensive performance of the classi�cation framework. The kappa index is a statistical method
for assessing the degree of agreement between different methods. In our use case, the indicator was
used to measure the stability of the method. The F1 score is a harmonic average of precision and
sensitivity and considers the FP and FN. The bootstrapping method was used to calculate the
empirical distribution of each indicator. The detailed calculation process was as follows: we
conducted random sampling with replacement to generate 1000 new test datasets with the same
number of samples as the original test dataset. The evaluation indicators were calculated to
determine the distributions. The results were displayed in boxplots (Fig. 4 and Supplementary Fig. 4).
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2. Statistical indices to evaluate the regression framework. Multiple evaluation indicators (MSE, RMSE,
MAE, R2, and PCC) were computed for a comprehensive and accurate assessment of the regression
framework. The MSE was used to calculate the deviation between the predicted and true values. The
RMSE was the square root of the MSE result. The two indicators show the accuracy of the model
prediction. The R2 was used to assess the goodness-of-�t of the regression framework. The r was
used to assess the correlation between two variables built from the regression framework. The
indicators were calculated using the open source tools scikit-learn and the scipy library.
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Figure 1

Abnormal examples in the X-ray and CT images. The original grayscale images were transformed into
color images using the pseudo-coloring method and were annotated by the experts.
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Figure 2

PCA visualization. Mean image and eigenvectors of �ve different sub-datasets. The �rst column shows
the mean image and the other columns show the eigenvectors. The �rst row shows the mean image and
�ve eigenvectors of the XNDS; second row: XCDS, third row: CTCS, fourth row: CTIS, last row: CTCS.
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Figure 3

ROC and PRC curves for the CNNCF and the XVS and CTVS. NC indicates that the positive case is a
COVID-19 case, and the negative case is normal. CI indicates that the positive case is COVID-19, and the
negative case is in�uenza. The points are the results of experts, cor- responding to the results in Table 2
and Table 3. The background gray dashed curves in the PRC curve correspond to the iso-F1 curves.
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Figure 4

Boxplots of the F1 score, kappa score, and speci�city for the CNNCF and expert results for COVID-19
identi�cation. NC indicates that the positive case is a COVID-19 case, and the negative case is normal. CI
indicates that the positive case is COVID-19, and the negative case is in�uenza. Bootstrapping is used to
generate 1000 resampled validation sets for the XVS and the CTVS.
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Figure 5

CNN-based frameworks. a is the classi�cation framework for the identi�cation of COVID-19. b is the
regression framework for the correlation analysis between the lesion areas and the clinical indicators.
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Figure 6

The four units of the proposed framework. a ResBlock-A architecture, containing two convolution layers
with 3 x 3 kernels, one convolution layer with a 1 x 1 kernel, three batch normalization layers, two ReLu
layers, and one max-pooling layer with a 3 x 3 kernel. b ResBlock-B architecture; the basic unit is the same
as the ResBlock-A, except for output 1. c The Control Gate Block has a synaptic-based frontend
architecture that controls the direction of the feature map �ow and the overall optimization direction of
the framework. d The Regressor architecture is a skip-connection architecture containing one convolution
layer with 3 x 3 kernels, one batch normalization layer, one ReLu layer, and three linear layers.
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Figure 7

Knowledge distillation consisting of multiple teacher networks and a target student network. The
knowledge is transferred from the teacher networks to the student network using a loss function.
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