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It was about 1 year ago that a new coronavirus started to 
spread from Wuhan, China. The resulting pandemic is 

unprecedented in many ways, and one of them is the num-
ber of scientific publications it has generated. PubMed al-
ready lists over 70 000 papers on coronavirus disease 2019 
(COVID-19). The first publication in Radiology, describ-
ing the CT appearance of COVID-19 pneumonia find-
ings, dates from February 6, 2020. To date, Radiology has 
published 40 original research articles on this topic. These 
studies have had a substantial impact: the 12 most cited 
papers in Radiology from 2020 (using counts from Google 
Scholar) are all on COVID-19, and even the article ranked 
12th has twice as many citations as the most cited Radi-
ology article from 2019. (Interestingly, the 12 most-cited 
2019 Radiology publications are all on applications of arti-
ficial intelligence [AI].)

Of the Radiology COVID-19 articles published so far, 23 
have focused on CT, and only six have focused on chest radi-
ography. This is likely related to the fact that, as noted by the 
Fleischner Society (1) in their consensus statement on the 
role of imaging in patient care during the pandemic, “chest 
radiography is insensitive in mild or early COVID-19.” This 
conclusion was based on evidence from the first article on 
chest radiographic findings in patients with COVID-19 (2). 
However, many countries encourage individuals with symp-
toms consistent with COVID-19 to quarantine at home. In 
such a scenario, patients presenting in a hospital may have 
more advanced disease, often with abnormalities visible on a 
chest radiograph. Because of its broad availability, low cost, 
and portability, chest radiography is a widely used tool to 
obtain an initial diagnosis while waiting for the results from 
molecular diagnostic tests. Radiographic imaging can also 
help assess disease progression or help detect other diseases.

Many health care providers are overburdened during 
this pandemic and struggle with a lack of resources for 

image interpretation. AI could provide support in the read-
ing process.

In this issue of Radiology, Wehbe et al (3) present an 
AI algorithm, coined DeepCOVID-XR, that detects CO-
VID-19 on single frontal chest radiographs. It is not the 
first article in Radiology to attempt to do this. In May 
2020, Murphy et al (4) reported on a validation study of 
CAD4COVID–x-ray, a freely available CE-marked com-
mercial solution; I was a coauthor of that study. In Septem-
ber 2020, Zhang et al (5) introduced CV19-Net. All three 
algorithms address the same task.

A strength of DeepCOVID-XR is that it was trained 
on a large multicenter data set: Almost 15 000 images with 
over 4000 cases that were positive for COVID-19 originat-
ing from more than 20 sites across the Northwestern Me-
morial Health Care System, an organization operating in 
the Chicago, Ill, region. Nearly all images were anteropos-
terior bedside radiographs. The AI system was evaluated 
on data from one community hospital. This was a proper 
external validation set: No images from that hospital had 
been used to train the system. A set of 300 random cases 
(134 positive for COVID-19) were presented to five radi-
ologists to allow a direct comparison between the AI sys-
tem and human experts.

A similar set-up was used in the other two studies. 
CAD4COVID–x-ray was evaluated on 454 images (223 
positive for COVID-19) and compared with scores of six 
radiologists. However, this system was trained with only 
416 images of COVID-19 suspects from only one other 
hospital, although the deep learning network was pre-
trained on pneumonia data from other sources. CV19-Net 
was trained with data from Henry Ford Health system and 
used a total of approximately 5000 images (about half of 
which were positive for COVID-19) for training. The neg-
ative cases were from patients diagnosed with pneumonia 
in 2019. A drawback of this study was that the test set 
came from hospitals that also provided most of the training 
data. On 500 randomly selected test images, equally bal-
anced between positive and negative cases, CV19-Net was 
compared with readings from three radiologists.

All three systems yielded promising results in terms of 
their area under the receiver operating characteristic curve 
(AUC), the most commonly used metric for systems that 
provide a continuous output for a binary classification task. 
The AUC is equivalent to the chance that a random posi-
tive image receives a higher score than a random negative 
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image in the test set. DeepCOVID-XR reached an AUC of 
0.88, comparable to the consensus of the five radiologists (AUC 
= 0.85, scores were obtained using a six-point scale). CV19-Net 
had an AUC of 0.94, outperforming each of the three readers 
who did not perform continuous scoring. CAD4COVID–x-ray 
achieved an AUC of 0.81 and slightly outperformed the radiolo-
gists at high-sensitivity cutoffs but performed slightly inferior to 
four of the six radiologists at their high specificity cutoff.

An interesting strategy that Wehbe et al pursued was to de-
sign an ensemble of neural networks with diverse characteristics. 
They trained six different architectures that are popular today 
(DenseNet-121, ResNet-50, Inception, Inception-ResNet, 
Xception, and EfficientNet-B2) using two resolution levels (224 
3 224 and 331 3 331) and two fields of view (the entire ra-
diograph and the image cropped around the automatically seg-
mented lung fields). Research has shown that zooming in on the 
lung fields may lead to slightly better performance for abnormal-
ity detection on chest radiographs (6). In this study, differences 
were minor, but the combined approach may be more robust 
when applied to unseen data.

An important avenue for further research mentioned by 
Wehbe et al is to combine image analysis with additional in-
put, such as demographics, vital signs, and laboratory data. A 
study using a simple scoring tool suggested such a multimodal 
approach can increase the AUC substantially compared with 
imaging alone (7). Additionally, AI analysis of chest radio-
graphs may predict outcomes and guide patient care and in-
terventions. A promising study on predicting intubation and 
mortality has just been published in Radiology: Artificial Intel-
ligence (8). Such research requires the availability of large data 
sets where standardized outcomes and treatment parameters 
are available. Collecting such data remains extremely challeng-
ing when patient care strategies are continuously adapted while 
we learn more about COVID-19.

To move forward and learn which approaches to automated 
analysis have the most potential, we should compare the perfor-
mance of the various “nets” now published. Sharing the train-
ing and test data would facilitate this. However, making medical 
data publicly available can be a complicated process, and it is 
something that journals like Radiology do not require. Radiol-
ogy editorial guidelines do request researchers to share their code 
unless their study reports on commercial software, as in Murphy 
et al (4). However, these guidelines do not specify what type of 

code should be shared, nor are reviewers encouraged to verify 
that the code produces the results reported in the article. As a 
result, the reusability of the shared code is often limited. Zhang 
et al (5) shared their code on GitHub, but their repository does 
not include the network weights; therefore, it cannot be used to 
process new images. Wehbe et al have made their code available 
on GitHub, together with network weights and instructions on 
how to apply the networks to new data and even how to train 
the system on additional images. My group is now working on 
comparing the results of CAD4COVID–x-ray and DeepCO-
VID-XR on the test set of Murphy et al (4). This would be the 
start of a more extensive external validation of several artificial 
intelligence tools that could contribute to the global fight against 
coronavirus disease 2019.
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