DETERMINATION OF THORACIC COMPUTERIZED TOMOGRAPHY FINDINGS IN COVID-19 CASES BY DEEP LEARNING

DEEP LEARNING IN COVID-19

ABSTRACT
Aims: The effects of the COVID-19 pandemic continue around the world. Imaging methods play an important role in the diagnosis of COVID-19. The aim of this study was to develop a system that would allow for the distinguishing of lesions at different stages of the disease based on similar signs of other viral diseases and monitoring the emergence, progression, and/or remission of lesions in different areas of the lungs.
Methods: For the deep learning (DL) system, the thoracic CT images from 1,382 images were reviewed. These belonged to patients whose SARS-CoV-2 RT-PCR tests turned out positive, were diagnosed with COVID-19, and had signs of lung involvement. Of 1,382 images in the dataset, 180 were assigned for testing and 1,202 were assigned for training. Apart from our dataset, 131 images for internal testing and 1,365 images for external testing were used. The trainings were continued to cover 316,000 steps.
Results: Internal and external analyses were used to assess the developed model. The internal analysis success rate was 93.12%. For first external analysis we used 85 images. In the first external analysis we assessed a single CT image of each patient who was in the mixed image lists, and the success rate was found to be 70.31%. In the second external analysis, 645 thoracic CT images of patients diagnosed with COVID-19 and 635 images of another  patients who had signs of non-COVID-19 diseases were used. We assessed the thoracic CT images with both COVID-19 and non-COVID-19 disease signs. The success rate in the identification of COVID-19 patients was 88.4%.
Conclusion: Special modeling systems developed using DL may help accelerate workflow and making the process easier. This is especially important in cases in which fast and accurate assessment is essential for of a large number of patients, as happens in a pandemic.
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What’s known
1. The gold standard test (SARS-CoV-2 RT-PCR) shows variances in the rate at which the virus can be detected, depending on the disease stage at the time of hospital admittance.
2. It is widely acknowledged that the results found in thoracic CT  are as valuable and diagnostically significant as SARS-CoV-2 RT-PCR results
3. Deep learning has been recently used in medical imaging to detect lung diseases with high diagnostic accuracy.

What’s new 
1. [bookmark: _GoBack]In this study, thoracic CT image datasets were classified using multiple CNN models to calculate the probability of COVID-19 infection. Our results revealed that our modeling system had a high success rate.
2. With models developed with deep learning, the diagnosis of COVID-19 can be made with high sensitivity and specificity.
3. Special modeling systems developed using DL may help automate procedures and accelerate workflow, making the process easier. 








Introduction 
The pandemic coronavirus disease COVID-19 emerged in China at the end of December 2019. Also known as Severe Acute Respiratory Syndrome caused by Coronavirus-2 (SARS-CoV-2), it continues to show its effects all over the world.1-4 There is no definite prediction as to how long the effects of the pandemic will continue. 
With COVID-19, early diagnosis, isolation, and treatment have been shown to be very important in preventing both the spread of the virus and the deaths it may cause.4-7. A major problem is that the SARS-CoV-2 RT-PCR method used for diagnosis shows variances in the rate at which the virus can be detected, depending on the disease stage at the time of hospital admittance.8-12 Thoracic computerized tomography (CT), on the other hand, can reveal early lesions in the lungs and high sensitivity can be achieved if evaluated by experienced radiologists.4,13 These facts have made the evaluation of CT findings a priority in the diagnosis of patients.8-12 It is widely acknowledged that the results found in thoracic CT – independent of the SARS-CoV-2 RT-PCR result – are as valuable and diagnostically significant as SARS-CoV-2 RT-PCR results.7,910,12,14,15
CT results of COVID-19 pneumonia have been defined in detail in the literature. Frequent and characteristic findings are reported to be ground-glass opacity (GGO), bilateral involvement, peripheral/subpleural dispersion, and multilobular involvement. The most common CT findings include isolated GGO areas or consolidations (CD) accompanying GGO areas. Other CT findings include cobblestone appearances, reverse halo signs, interlobular septal thickening, bronchiectasis, and pleural thickening.5,8,11
Reviewing a large number of thoracic CTs in pandemic circumstances involves various difficulties. A thoracic CT is composed of hundreds of images which take a long time to evaluate. Moreover, thoracic CT findings of COVID-19 pneumonia can be similar to those of other viral pneumonia cases. This situation necessitates methods that can provide high diagnostic performance.4,13
Deep learning (DL) has been recently used in medical imaging to detect lung diseases with high diagnostic accuracy.7,16 DL technologies such as convolutional neural networks (CNNs), which have the capability of non-linear modeling, have broad applications in medical image processing.17,18 These include pulmonary nodule diagnosis19, benign-malignant tumor classification20, pulmonary tuberculosis analysis, and disease prediction.21
[bookmark: _ru94jpjgbhnq]In this study, thoracic CT image datasets were classified using multiple CNN models to calculate the probability of COVID-19 infection. The aim was to develop a system that would allow for the distinguishing of lesions at different stages of the disease based on similar signs of other viral diseases and monitoring the emergence, progression, and/or remission of lesions in different areas of the lungs.

Materials and methods
[bookmark: _h9ihh3s59t83]Dataset
For the DL system, the thoracic CT images from 1,382 images were reviewed at the XXX University School of Medicine. These belonged to patients whose SARS-CoV-2 RT-PCR tests turned out positive, were diagnosed with COVID-19, and had signs of lung involvement. On these images, GGO, CD, and ground-glass opacity+consolidation (GGO+CD) images, which are among the most common lung involvement findings with COVID-19, were marked by two radiology specialists had 10 years of thoracic imaging experience. Of the images in the dataset, 180 were assigned for testing and 1,202 were assigned for training. Apart from our dataset, 131 images for internal testing and 1,365 images for external testing (85 images for external test 1, 1280 images for external test 2 were used from our hospital dataset.
Deep Learning
[bookmark: _mubt452d5kv8]Data Labeling
Because the images of the lesions on the thoracic CT images showed differences, the polygon form was used in data labeling. Before the procedure, the dataset constructed by the radiology specialists was made subject to an initial preparation process which involved formation of a script using the Python language. In this way, all the images contained in separate folders were given different names.
The second step was to label the data in the dataset that had gone through an initial preparation procedure. During the data labeling procedure, the image classes of GGO, CD, and GGO+CD were identified in the dataset and marked by the radiology specialists (Figure 1).
Thirteen percent of the dataset was assigned for testing and 87% was assigned for training. The Visual Geometry Group Image Annotator tool was used for marking. Computer engineers prepared a video showing the operating stages of the program. This allowed radiology specialists to perform the labeling procedure in the correct way (https://www.youtube.com/watch?v=L8zclCfibhg&t=9s).
[bookmark: _pqo2k733cp3a]All lesions in similar and different classes were marked on each image. This was done to allow the model to recognize the involvement signs, even if they differed from each other.
Generation of Training Data 
[bookmark: _gsbota0gx8f]All image files in the dataset were labeled. Necessary procedures were completed to include these files and the comma-separated value (CSV) files containing the characteristics of those in the model (GGO, CD, GGO+CD) to be trained as inputs. The CSV files included the coordinate and class information for each image. They were first converted into Tensorflow records which were entered in the model as inputs.
Prospective Convolutional Neural Network Architectures 
[bookmark: _pustuniq363y]While training the models in the study, the readily structured CNN architectures provided by the Tensorflow library were used. The Faster RCNN (Region-Based Convolutional Neural Network) is an architecture used for object detection. 
Training
[bookmark: _d95vbtbfegpf]To train the Faster RCNN model, stochastic gradient descent is used to optimize the region proposal network weights with fully connected layer weights using filters to minimize an error function.22
Training Information
[bookmark: _sekbdp96lrlf]Two different CNN architectures obtained from the Tensorflow library were used in this study. Using the finalized dataset, these two models were trained under the same conditions using the same number of steps. To accelerate model trainings, a Graphics Processing Unit (GPU) was used. The GPU card of the platform in which the training was carried out was the Nvidia GTX 1070 screen card. The trainings were continued to cover 316,000 steps.
[bookmark: _efuziojn11ps][bookmark: _gax4gkc3goxu]The classification loss and total loss counts during the training process are shown in Figure 2 and Figure 3, respectively. The statistics obtained using Tensorboard during the model training show loss functions and the model’s error ratio and performance. Since the model developed specifically for this study classifies thoracic CT findings of COVID-19 on the image, it was necessary to highlight the classification loss graphics and total loss graphics. 
Success Comparison in COVID-19-Positive Samples
Figure 4 shows a comparison of success rates of faster_rcnn_inception_v2_coco (Model-1) and faster_rcnn_resnet_101_coco (Model-2) on a 125-image dataset (88 images with COVID-19 involvement signs). The success rate of Model-1 turned out to be 27.27% and that of Model-2 was 95.45%. Since Model-2 was more successful in true positive samples with COVID-19 signs, we decided to use it for the rest of the study.
[bookmark: _bctk3987rqs4]Success Comparison of Models in COVID-19-Negative Samples
Figure 5 shows a comparison of the performances of Model-1 and Model-2 in a 41-image dataset (COVID-19-negative but having lung involvement signs). The success rate of Model-1 was found to be 58.5% and that of Model-2 was 70.7%. The difference between Model-1 and Model-2 was not obvious in patients who were not diagnosed with COVID-19 but had GGO, CD, or GGO+CD signs in their lungs. 
[bookmark: _s2hg4oo7ytn7]Due to its high rate of detecting COVID-19-positive cases (sensitivity) and of ignoring non-COVID-19 cases (specificity), Model-2 was used from this stage on for all analyses (Figure 6). 
Post-Training Success Test
The success analyses were performed using Model-2, which was chosen from the candidate CNN architectures. As this was an open-source study, it was shared on a web page for interpretation of the results. The link to the study is https://covid-19-analysis-sumf.herokuapp.com/works.
Ethical Concerns
 This work was carried out in accordance with the Declaration of Helsinki (2000) of the World Medical Association. Approval was obtained for the study from the Ethics Committee (2020/227) and Republic of Turkey Ministry of Health (2020-05-25T07_54_06). 

Results
A different analysis was used to assess the developed model. The analyses were shown in detail in tables under various subtitles. Internal and external analyses were carried out on the model.
Internal analysis
The 131 thoracic CT images of the patients who were diagnosed with COVID-19 and had lung involvement were made subject to an internal analysis. The result of the test showed that the correct number of estimates of the model was 122, indicating a success rate of 93.12% with only one non-thorax estimate. 
[bookmark: _mm539tpub6wf]External analysis 1
The goal of the first external analysis was to measure the success rate of the model, which involved mixed image lists in which only one CT image of each patient was given. The testing set was composed of images with COVID-19 and non-COVID-19 signs. The majority of this testing set consisted of non-COVID-19 patients who demonstrated GGO, CD, and GGO+CD signs, which are actually COVID-19 signs. The major goal of doing this analysis was to depict the rate at which non-COVID-19 patients with signs in their lungs could be differentiated. 
For this analysis we used 85 images. Of those images, 10 belonged to COVID-19 patients whose RT-PCR was positive and who had lung involvement; 11 belonged to those with normal lung images; and 64 belonged to those with non-COVID-19 pulmonary diseases (cytomegalovirus pneumonia, influenza pneumonia, respiratory syncytial virus pneumonia, herpes simplex virus pneumonia, pneumocystis carinii pneumonia, acute respiratory distress syndrome, interstitial pulmonary disease, mycoplasma pneumonia, angioinvasive aspergillosis, aspiration pneumonia, lung tuberculosis, and/or bronchoalveolar carcinoma). A single CT image of each patient was tested in a non-sequential and mixed way. In this analysis, all 10 images of the COVID-19 patients were identified correctly by the computer program. The success rate for identifying COVID-19 images was 100%. All of the 11 normal thoracic CT images were identified correctly by the computer program and the success rate was 100% in the entire normal thoracic CT images. In the assessment of the 64 images of those who had a non-COVID-19 pulmonary disease, the program marked 19 images belonging to those with a non-COVID-19 disease. The success rate in identifying non-COVID-19 pulmonary diseases was 70.31%.
[bookmark: _ev5fusw05xwz]External analysis 2
In the second external analysis, 645 thoracic CT images of 8 patients diagnosed with COVID-19 and 635 images of another 8 patients who had signs of non-COVID-19 diseases (pulmonary adenocarcinoma, bronchopneumonia, amiodarone lung, radiation pneumonia, lobar pneumonia) were reviewed. The success rate in the identification of COVID-19 patients was 88.4%. Figure 7 shows the number of thoracic CT images of COVID-19 patients, the number of cases with signs of COVID-19 lung involvement (which were seen in the images and identified by the radiology specialists for each patient), and the success rate in the total number of images.
	Figure 8 shows the results of the thoracic CT images of 8 patients who had non-COVID-19 (other pulmonary disease) signs. The success rate of the model in non-COVID-19 GGO, CD, and GGO+CD images was found to be 65.7%. 

Discussion
Imaging methods such as CT and X-ray play an important role in determining a diagnostic approach, based on disease severity and progression. The DL technologies such as RCNN that are in the development stage may actively contribute to the fight against COVID-19.1
It is reported that in the diagnosis of COVID-19, thoracic CT may compensate for misdiagnoses caused by the relatively poor sensitivity of the SARS-CoV-2 RT-PCR test.2 Ai et al.12 found that among 1,014 patients, the sensitivity of thoracic CT was greater than that of SARS-CoV-2 RT-PCR. In this study, the sensitivity of thoracic CT was found to be 97% when the results of a SARS-CoV-2 RT-PCR test were taken as a reference. Positive predictive value was reported to be 65% and negative predictive value was 83%. In the study of Fang et al.23, 51 patients were assessed and the accuracy of thoracic CT (98%) was found to be higher than that of the SARS-CoV-2 RT-PCR test (71%). Similarly, Fu et al.24 assessed 52 patients whose thoracic CT and SARS-CoV-2 RT-PCR test results were heterogeneous and found that thoracic CT had a diagnostic significance in patients whose SARS-CoV-2 RT-PCR test result was negative. 
There are a limited number of studies in which the use of DL technologies have been investigated in combination with thoracic CT for the diagnosis and prognostic estimates of COVID-19. The results of those studies, however, are promising.4,7,11,19,25-30. Since CT images display various prognostic and diagnostic characteristics of COVID-19, the fast and accurate measurement of such characteristics using DL technologies has attracted great attention. DL can be used for three different purposes. The first is to quickly help screen for COVID-19; the second is to make a diagnosis using the parts or whole of the lungs in thoracic CT images; and the third is to use DL to predict other clinical outcomes of COVID-19.2 
Various models are used in the trainings carried out with DL technologies. These include U-Net, ResNet CNN, DRE-Net, VBNet, FPN, and V-Net.2 Many transfer learning models in the available studies have used ResNet, which was previously trained on the Image Net dataset.11,17,27,29 In the studies using DL for the diagnosis of COVID-19, U-Net and its modifications have often been used to sort lungs or their lesions in CT images, and ResNet (2D, 3D) has been used for classification.2 The CNN model was first trained in the study of Wang et al.30 who used a lung cancer dataset; it performed well. The authors investigated 4,106 lung cancer cases, 924 COVID-19 cases, and 342 other pneumonia cases to determine the power of the model in identifying COVID-19 diagnoses and prognoses. The performance of the model in relation to COVID-19 was found to be successful. The AI system developed by Wang et al.27 for lesion segmentation and classification in COVID-19 achieved satisfactory results using a CNN-based classifier. Alongside these studies, there are many others in which the CNN model was used.4,11,17 For our study, we also used Faster RCNN, one of the readily structured CNN architectures provided by the Tensorflow library. We used the thoracic CT images of the patients who were diagnosed with COVID-19 based on a positive SARS-CoV-2 RT-PCR test and who were being treated in our hospital. Two different models were trained simultaneously and the model that provided the strongest and most accurate approach was selected. Model training continued through 316,000 steps to arrive at the lowest loss value, showing a high success rate for the model. In this way, we improved the reliability of the DL model we developed (https://covid-19-analysis-sumf.herokuapp.com/works).
It is better to use the thoracic CT images for transfer learning. Since lesion segmentation is more difficult than lung segmentation and there may be more than one lesion or infectious region in the lungs, using the entirety of the lungs was considered more appropriate for analysis.2 For this reason, we also marked the entirety of the lesions defined in similar or different classes on each image. This allowed the model to recognize all of the single or multiple GGO, CD, and GGO+CD images on a image and/or various images. 
Despite promising results, many DLs have been tested on small datasets. Studies using a small dataset have shown high area under the curve or accuracy in general. Performance is reported to have declined in a few studies involving larger datasets. DL models with small datasets might have had very high accuracy as a consequence of excessive conformity. It is  stated that DL models used in larger scale studies, which reported lower accuracy rates, may reflect more accurately what they can do and what their real capabilities are in the diagnosis of COVID-19. However, very few studies have involved an independent, external validation set to assess the generalizability of DL models. Due to limited COVID-19 training data, transfer learning using CT images seems to be a good strategy. It is reported that using a large external validation dataset will be necessary in future studies.2 In the study of Wang et al.11, a total of 1,065 CT images (325 from confirmed COVID-19 cases and 740 from typical viral pneumonia cases) were assessed. As a result of internal validation, the specificity was found to be 0.88; the sensitivity was 8.87; and the total accuracy was 89.5%. An external test dataset showed 0.83 specificity, 0.67 sensitivity, and 79.3% total accuracy. In another study, Xu et al.17 assessed the images of 110 COVID-19 patients, 224 viral pneumonia patients, and 175 healthy patients using a DL model and found an overall accuracy of 86.7%. In our study, we evaluated a total of 1,382 images of thoracic CT images from SARS-CoV-2 RT-PCR-positive cases and those diagnosed with COVID-19 who had signs of lung involvement. Of the images in the dataset, 180 were assigned for testing (13%) and 1,202 were assigned for training (87%). Apart from our dataset, 131 images for internal testing and 1,365 images for external testing were used from our hospital dataset. The internal analysis success rate was 93.12%.
The external analysis was carried out in two steps. In the first external analysis we assessed a single thoracic CT image of each patient who was in the mixed image lists, and the success rate of the model was found to be 70.31%. In the second external analysis we assessed the thoracic CT images with both COVID-19 and non-COVID-19 disease signs, and the success rate of the model turned out to be 88.4%. Our results revealed that our modeling system had a high success rate.
DL is a technological area that is open to development and can contribute to a fast diagnosis, prognostic approach, and treatment method in medical imaging practices. Works in this area continue in an expeditious manner. Special modeling systems developed using DL may help automate procedures and accelerate workflow, making the process easier. This is especially important in cases in which fast and accurate assessment is essential for of a large number of patients, as happens in a pandemic.
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Figure 1. a) ground-glass opacity (GGO), b) ground-glass opacity + consolidation (GGO+CD), c) consolidation (CD)
Figure 2. Classification loss curve of the model-2
Figure 3. Total loss curve of the model-2
Figure 4. Comparison of success of models on COVID-19 positive examples 
(Model-1: Faster_rcnn_inception_v2_coco, Model-2: Faster_rcnn_resnet_101_coco)
Figure 5. Success comparison of models using COVID-19 negative examples 
(Model-1: Faster_rcnn_inception_v2_coco, Model-2: Faster_rcnn_resnet_101_coco)
Figure 6. Marking of lung involvement findings by model-2
Figure 7. The distribution of the number of sections marked by the model in COVID-19 patients
Figure 8. Evaluation of non-COVID-19 patients
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