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Summary Statement:  
DeepCOVID-XR, an artificial intelligence algorithm for detecting COVID-19 on chest radiographs, 
demonstrated performance similar to the consensus of experienced thoracic radiologists. 
 
Key Results: 

• DeepCOVID-XR classified 2,214 test images (1,194 COVID-19 positive) with an accuracy 
of 83% and AUC of 0.90 compared with the reference standard of RT-PCR. 

 
• On 300 random test images (134 COVID-19 positive), DeepCOVID-XR’s accuracy was 82% 

(AUC 0.88) compared to 5 individual thoracic radiologists (accuracy 76%-81%) and the 
consensus of all 5 radiologists (accuracy 81%, AUC 0.85). 

 
• Using the consensus interpretation of the radiologists as the reference standard, 

DeepCOVID-XR’s AUC was 0.95.  
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(ROC), convolutional neural network (CNN) 
 
See also the editorial by van Ginneken.

This copy is for personal use only. To order printed copies, contact reprints@rsna.org



In 
Pre

ss

 2 

Abstract: 
 
Background:  
There are characteristic findings of Coronavirus Disease 2019 (COVID-19) on chest imaging. An 
artificial intelligence (AI) algorithm to detect COVID-19 on chest radiographs might be useful for 
triage or infection control within a hospital setting, but prior reports have been limited by small 
datasets and/or poor data quality. 
 
Purpose:  
To present DeepCOVID-XR, a deep learning AI algorithm for detecting COVID-19 on chest 
radiographs, trained and tested on a large clinical dataset.  
 
Materials and Methods:  
DeepCOVID-XR is an ensemble of convolutional neural networks to detect COVID-19 on frontal 
chest radiographs using real-time polymerase chain reaction (RT-PCR) as a reference standard. 
The algorithm was trained and validated  on 14,788 images (4,253 COVID-19 positive) from sites 
across the Northwestern Memorial Healthcare System from February 2020 to April 2020, then 
tested on 2,214 images (1,192 COVID-19 positive) from a single hold-out institution. 
Performance of the algorithm was compared with interpretations from 5 experienced thoracic 
radiologists on 300 random test images using the McNemar test for sensitivity/specificity and 
DeLong’s test for the area under the receiver operating characteristic curve (AUC).  
 
Results: 
A total of 5,853 patients (58±19 years, 3,101 women) were evaluated across datasets. On the 
entire test set, DeepCOVID-XR’s accuracy was 83% with an AUC of 0.90. On 300 random test 
images (134 COVID-19 positive), DeepCOVID-XR’s accuracy was 82% compared to individual 
radiologists (76%-81%) and the consensus of all 5 radiologists (81%). DeepCOVID-XR had a 
significantly higher sensitivity (71%) than 1 radiologist (60%, p<0.001) and higher specificity 
(92%) than 2 radiologists (75%, p<0.001; 84% p=0.009). DeepCOVID-XR’s AUC was 0.88 
compared to the consensus AUC of 0.85 (p=0.13 for comparison). Using the consensus 
interpretation as the reference standard, DeepCOVID-XR’s AUC was 0.95 (0.92-0.98 95%CI).  
 
Conclusion:  
DeepCOVID-XR, an AI algorithm, detected COVID-19 on chest radiographs with performance 
similar to a consensus of experienced thoracic radiologists.   
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Introduction: 
  

Coronavirus Disease 2019 (COVID-19) is responsible for over 40 million cases and over 

1.1 million deaths worldwide as of October 22, 2020(1) and has strained critical healthcare 

resources. Although the reference standard for diagnosis of COVID-19 is real-time polymerase 

chain reaction (RT-PCR) for severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) viral 

RNA, there are characteristic findings of COVID-19 on chest imaging with CT or X-ray. This has 

inspired multiple efforts at developing an artificial intelligence (AI) algorithm for automated 

diagnosis of COVID-19 on chest imaging. But imaging findings are not sensitive, nor specific 

enough to be used as a diagnostic tool for COVID-19, and studies that suggest otherwise are 

limited by selection bias(2–4). Instead, a potential application of AI for chest imaging analysis is 

for triage or infection control programs in a hospital or emergency department setting to 

provide early identification of patients with suspicious findings on chest imaging for further 

testing and isolation. 

Although there have been promising results using AI for detection of COVID-19 on CT 

imaging (5–7), the use of CT for this purpose is limited by concerns regarding cost/time, 

radiation exposure, and decontamination procedures for equipment(8). In contrast, chest 

radiographs can be acquired rapidly and portably, involve trivial radiation exposure, and pose a 

lower risk for viral spread (9,10). But previously reported AI algorithms for identification of 

COVID-19 using chest radiographs have been limited by small datasets and the use of publicly 

available images of variable quality and questionable validity(11–16). Here, we present 

DeepCOVID-XR, a deep learning algorithm for detecting chest radiographs suspicious for COVID-

19. DeepCOVID-XR was trained and tested on a large dataset of clinical images from a major US 
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healthcare system (to our knowledge, the largest clinical dataset of chest radiographs from the 

COVID-19 era used to train a published AI platform to date). In this study, we compare the 

performance of the DeepCOVID-XR algorithm with interpretations by experienced thoracic 

radiologists.  

 
Materials and Methods: 
 
Patients 
 

This retrospective study was approved by the Northwestern Institutional Review Board 

(IRB) (STU00212323) and granted a waiver of HIPAA authorization and a waiver of written 

informed consent. Our study sample included consecutive patients from over 20 sites (including 

hospitals, standalone emergency departments, and urgent care facilities; Table E1) across the 

Northwestern Memorial Health Care (NMHC) System who were tested for COVID-19 from 

February 2020 to April 2020. Patients included adults >=18 years of age with either 1) a 

documented RT-PCR test result for SARS-CoV-2 (whether positive or negative), 2) a diagnosis of 

COVID-19 by International Classification of Diseases (ICD-10) code, or 3) a COVID-19 “definitive 

positive” flag in the electronic health record (EHR). COVID-19 positivity was defined as 1) any 

single positive RT-PCR result for SARS-CoV-2 during the associated clinical encounter (e.g. a 

patient with multiple tests and only one positive result would be considered positive), 2) a 

diagnosis of COVID-19 by ICD-10 code, or 3) COVID-19 “definitive positive” flag in the EHR (most 

patients with a diagnosis only by ICD-10 code or a COVID-19 “definitive positive” flag in the EHR 

had a prior documented positive RT-PCR test for SARS-CoV-2 at an institution outside of 

NMHC). Patients with only documented negative RT-PCR tests for COVID-19 during their clinical 

encounter were labeled as COVID-19 negative. 
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Image Labeling and Dataset Partitioning 

 Every chest X-ray obtained during the study period for patients who met inclusion 

criteria was included, regardless of quality. All chest radiographs acquired during a given clinical 

encounter were labeled as positive or negative for COVID-19 based on the above patient-level 

criteria, regardless of the timing of chest X-ray compared with RT-PCR results. Images were 

filtered to include only frontal projections (i.e. portable anteroposterior images and only 

posteroanterior [PA] images from PA/lateral acquisitions).  

 Images from NMHC’s major academic teaching hospital, Northwestern Memorial 

Hospital (NMH), were combined with those from other sites with the exception of images from 

a single community hospital, Lake Forest Hospital (LFH), which were held out as a test set that 

the algorithm was never exposed to during training or validation. Images from NMH and the 

other sites were then split into training and validation sets in an 80%/20% fashion (while 

ensuring no cross-over of patients between groups). Figure 1 shows the breakdown of training, 

validation, and test datasets.  

 

DeepCOVID-XR: An Ensemble of Deep Neural Networks for COVID-19 Prediction 

 Details regarding image pre-processing; the architecture of the deep convolutional 

neural network ensemble model; algorithm training, validation, and testing; and saliency 

heatmap generation are provided in Appendix E1. Briefly, DeepCOVID-XR is a weighted 

ensemble of deep neural networks (Figure 2). Every image in the dataset is first preprocessed to 

produce 4 separate images (each of 224X224 pixels and 331X331 pixels resolution, cropped and 
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uncropped). Each image is then fed into 6 previously validated convolutional neural network 

(CNN) architectures - DenseNet-121(17), ResNet-50(18), InceptionV3(19), Inception-

ResNetV2(20), Xception(21), and EfficientNet-B2(22) - for a total of 24 individually trained CNNs 

that served as members of the deep learning model ensemble. The CNNs in this ensemble were 

pretrained on a large publicly available dataset of over 100,000 chest X-ray images from the 

National Institutes of Health(23), then fine-tuned on our clinical training set of chest X-ray 

images from the COVID-19 era using transfer learning. The validation dataset was used to 

optimize hyperparameters. The final binary prediction of the neural network architecture was a 

weighted average of the predictions of these individual CNNs, classifying images as either 

“COVID-19 positive” or “COVID-19 negative” using an output threshold of >0.5 (on a scale from 

0-1). Gradient class activation mapping (Grad-CAM)(24) was used to produce heatmaps to 

visualize feature importance at arriving at a prediction of COVID-19 positivity. Our code base, 

including trained weights for each of the 24 individual neural network architectures and their 

respective model weights for the weighted ensemble, is provided freely on GitHub at 

https://github.com/IVPLatNU/deepcovidxr. 

 
 
Comparison with Experienced Thoracic Radiologist Interpretations 
 
 Three hundred images were selected at random from the hold-out test dataset 

(ensuring only one image per patient and no patient overlap with training or validation sets) for 

expert interpretation. Expert interpretations were independently provided by 5 radiologists – 

four board-certified thoracic radiologists (RA, NP, HS, and BA) with 8, 6, 6, and 1 years of post-

training experience, respectively, and one board-certified diagnostic radiologist (GM) with 38 

https://github.com/IVPLatNU/deepcovidxr
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years of post-training experience. Radiologists were blinded to any identifying information or 

clinical characteristics and had access to the full radiologic study in our picture archiving and 

communications (PACS) system (i.e. radiologists were able to review lateral images for 

posteroanterior/lateral studies). Radiologists provided an overall interpretation of “positive for 

COVID-19” or “negative for COVID-19” (chest radiographs with abnormalities that were not 

deemed consistent with COVID-19 were graded as “negative for COVID-19”) and an associated 

confidence level with this assessment (graded as “low”, “medium”, or “high”). In this way, we 

derived a six-point scoring system ranging from -3 (high confidence COVID-19 negative) to +3 

(high confidence COVID-19 positive). In addition to the overall interpretation, this six-point 

scoring system was used to calculate five separate decision thresholds for each radiologist for 

comparison to the algorithm. Finally, a consensus interpretation for the 5 radiologists was 

determined by taking the majority vote (mode) of the individual interpretations, and receiver 

operating characteristic (ROC) curves for the consensus interpretation were produced by 

calculating an average of the six-point scores for all radiologists on each image.  

 

Statistical Analysis  

 For comparison of DeepCOVID-XR to radiologist interpretations, 95% confidence 

intervals were produced for sensitivity, specificity, and area under the ROC curve (AUC, using 

2,000 bootstrap samples). Sensitivity and specificity were compared using the McNemar test 

for paired samples(25) and AUC was compared using DeLong’s test(26). A two-tailed p-value of 

0.05 was considered statistically significant. Statistical analyses were performed using packages 
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DTComPair and pROC in R version 3.6 (R core team; R foundation for statistical computing; 

Vienna, Austria).  

 
Results: 
 
Patient Characteristics 

A total of 5,853 patients (58±19 years , 3,101 females, 1,782 COVID-19 positive) were 

evaluated across datasets (Table 1). The rate of positivity for COVID-19 among chest 

radiographs in the hold-out test set (1,192/2,214; 54%) was higher than in the training 

(3,390/11,786; 29%) and validation (863/2,992; 29%) sets. A higher proportion of COVID-

positive patients in the test set (237/324; 75%) were treated as inpatients than in the training 

(719/1,142; 63%) and validation (216/324; 67%) sets. Additionally, there was a higher 

proportion of anteroposterior images (97%, 2,141/2,214) in the test set compared with training 

(86%, 10,200/11,786) and validation (84%, 2,502/2,992) sets. In the test set, 263/1,192 (22%) 

COVID-19 positive images were acquired prior to positive RT-PCR results.  

 

Performance of DeepCOVID-XR 

A performance comparison of individual model architectures and ensemble models is 

provided in Appendix E1 (Tables E2 and E3). On the hold-out test set of 2,214 images, the 

overall accuracy for predicting COVID-19 for DeepCOVID-XR was 83% (1,846/2,214) with a 

sensitivity of 75% (898/1,192), specificity of 93% (948/1,022), and AUC of 0.90 (confusion 

matrix Figure 3A, ROC curve Figure 3B). Notably, 156/1,192 (13%) of COVID-19 positive images 

were acquired prior to RT-PCR results and accurately labeled by the algorithm as suspicious for 

COVID-19. As approximately 5% (44 patients contributing 151 images) of patients in the hold-
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out test set also received a chest X-ray at one of the institutions in our training or validation 

sets during the study period, we performed a sensitivity analysis where these images were 

dropped from the test set in which the results were unchanged (Table E4). The most 

representative images from each class of DeepCOVID-XR predictions (true positive, true 

negative, false positive, and false negative) are provided in Figure 4. Grad-CAM heatmaps of 

feature importance for individual chest radiographs are provided in Figure 5. Heatmaps for 

COVID-19 positive images highlighted features in the lung fields identifying areas of 

abnormalities (Figure 5A-C) in contrast to heatmaps for COVID-19 negative images (Figure 5D).  

 

Comparison with Expert Thoracic Radiologists 

A comparison of the performance of DeepCOVID-XR to expert chest radiologist 

interpretations on 300 patients’ chest radiographs (134 COVID-19 positive) randomly selected 

from the hold-out test set is provided in Table 2. The overall accuracy of DeepCOVID-XR on this 

test set was 82% (247/300) compared with the reference standard of RT-PCR, while the 

accuracy of individual radiologists ranged from 76% (227/300) to 81% (242/300) and the 

accuracy of the consensus interpretation of all 5 radiologists was 81% (242/300). DeepCOVID-

XR had a significantly higher specificity at 92% (152/166) than 2 of the radiologists (75%, 

125/166; p<0.001 and 84%, 139/166; p=0.009) and significantly higher sensitivity at 71% 

(95/134) than 1 radiologist (60%, 81/134; p<0.001). A comparison of the ROC curve for 

DeepCOVID-XR to overall individual radiologist interpretations is provided in Figure 6A. A 

comparison of DeepCOVID-XR to individual radiologists on each of the  5 decision thresholds 

derived from the six-point scoring system is provided in Appendix E1 (Table E5 and Figure E1).  
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The AUC for DeepCOVID-XR was 0.88 (0.84-0.92) compared to 0.85 (0.80-0.89, p = 0.13 

for comparison) for the consensus interpretation of all 5 radiologists (Figure 6B). When using 

the consensus interpretation as the reference standard rather than RT-PCR, the AUC for 

DeepCOVID-XR was 0.95 (0.92-0.98; Figure 6C). The time to analyze this subset of 300 images 

with DeepCOVID-XR on a single NVIDIA Titan V graphics processing unit (GPU) was 

approximately 18 minutes, compared with approximately 2.5-3.5 hours for each of the expert 

radiologists.  

 
Discussion: 
 

 In this study, we present DeepCOVID-XR, an ensemble deep learning artificial 

intelligence algorithm to detect COVID-19 on chest radiographs. DeepCOVID-XR was trained 

and tested on, to our knowledge, the largest clinical dataset of chest radiographs from the 

COVID-19 era of any other published AI platform to date, including images from multiple 

institutions across a large US healthcare system (17,002 images from 5,853 patients total). Of 

note, study patients were representative of a “real world” population of patients presenting for 

emergency or inpatient care in the COVID-19 era – a proportion of COVID-19 negative patients 

likely had a spectrum non-COVID-19 related abnormalities on chest X-ray (including 

confounders like non-COVID viral pneumonia) that one would expect in this patient population. 

On a hold-out test dataset of 2,214 images (1,192 COVID-19 positive) from a single institution 

that the algorithm was not exposed to during model development, DeepCOVID-XR detected 

COVID-19 with an overall accuracy of 83% (sensitivity 75% and specificity 93%) and an AUC of 

0.90. Additionally, on a random sample of 300 test images, DeepCOVID-XR’s accuracy was 82% 

compared to 76-81% for individual experienced thoracic radiologists and 81% for the consensus 
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interpretation of all 5 radiologists.  Finally, the AUC for DeepCOVID-XR was 0.88 compared to 

0.85 for the consensus interpretation (p=0.13). Using the consensus radiologist interpretation 

as the reference standard rather than RT-PCR, the AUC for DeepCOVID-XR was 0.95 suggesting 

a discriminative ability of our algorithm similar to a consensus of experts.  

Errors made by the algorithm were explainable. Images categorized as positive (whether 

true or false positive) often had characteristic features of COVID-19 viral pneumonia previously 

reported in the literature including bilateral consolidations and ground glass opacities with 

lower lung-zone and peripheral predominance(27,28). In contrast, images categorized as 

negative by the algorithm (whether true or false negative) often had clear lung fields and/or 

concomitant pleural effusions – interestingly, pleural effusions have been previously found to 

be quite rare (3%) in COVID-19 related pneumonia(27). Visualization of feature importance 

using Grad-CAM heatmaps revealed abnormalities in the lung fields to be highly predictive of 

COVID-19 on chest radiographs as expected. This serves as an important sanity check to 

reinforce confidence in algorithm predictions.  

The explainable errors in algorithm predictions likely represent limitations of chest imaging 

in the radiologic diagnosis of COVID-19 rather than the algorithm itself.  Prior clinical studies 

showed COVID-19 pneumonia produces characteristic features on chest imaging, but up to 56% 

of symptomatic patients can demonstrate normal chest imaging, especially early in their 

disease course(9,27,29–31). Imaging is therefore inappropriate to “rule out” disease. Also, 

many of the findings seen in COVID-19 imaging are non-specific with overlap, particularly with 

other viral pneumonias(32).  Chest imaging therefore should not be used as a diagnostic tool for 

COVID-19, but could play an important role in earlier identification of patients likely to have the 
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disease to aid in triage and infection control. Interestingly, Wong et al.(27) found that ~9% of 

patients had abnormal imaging before positive RT-PCR, a proportion similar to the 13% 

(156/1,192) of COVID-19 positive images in our study obtained prior to the patient’s positive 

RT-PCR result and flagged as COVID-19 positive by our algorithm.   

A number of groups from industry and academic sectors have published studies and non-

peer reviewed preprints with claims of extremely high sensitivity and specificity of artificial 

intelligence algorithms to detect COVID-19 on chest radiographs (11–14). But most of these 

studies have been limited by small sample sizes or have relied on images from publicly available 

datasets containing a mix of images from research articles and clinical reports of variable 

quality and questionable accuracy of image labels(15). These datasets are subject to significant 

bias(33) and simply not sufficient to train an algorithm ultimately intended for clinical use.  

Murphy et al.(16) presented a deep learning algorithm for detection of COVID-19 on chest 

radiographs which included both pre-COVID era images for model pretraining and a dataset of 

606 clinical images for training and 468 clinical images for testing from patients at 2 Dutch 

Hospitals during the COVID-19 era. The authors used a commercial patch-based convolutional 

neural network called CAD4COVID-Xray with an AUC of 0.81 for predicting COVID-19 on a hold-

out test set from a single institution. By contrast, our model was trained and tested on greater 

than 15 times the number of clinical images from the COVID-19 era. DeepCOVID-XR’s 

discriminative performance on an independent hold-out test set was superior to that reported 

for CAD4COVID-Xray (AUC 0.90 vs. 0.81). Although differences in patient populations may in 

part account for this difference in performance, our algorithm’s AUC of 0.95 when compared 

with a consensus of radiologists was far higher than that reported by Murphy et al. (0.81-0.86) 
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suggesting that DeepCOVID-XR more reliably produces predictions in line with the “ground 

truth” radiologic diagnosis as determined by a consensus of experts. Finally, although the 

authors made their software available for use through a cloud-based interface, no details 

regarding algorithm development or code were made available given the proprietary nature of 

their platform. We are freely providing all of our code and pretrained neural network/model 

ensemble weights for open source use towards a democratized approach to model 

development (https://github.com/IVPLatNU/deepcovidxr).   

Our study has some limitations. First, the algorithm was evaluated on only those patients 

who were tested for COVID-19, thus there was likely some degree of selection bias.  Second, 

the performance of our algorithm was compared to RT-PCR as a reference standard, which 

itself has somewhat limited sensitivity due to sampling error or viral mutation (34). Finally, it is 

unclear how well the algorithm performs when COVID-19 is not the dominant viral pneumonia 

as the study was performed at a time of considerable case load in our healthcare system.   

 In conclusion, DeepCOVID-XR is a deep learning artificial intelligence algorithm for 

detecting COVID-19 on chest radiographs trained and tested on a large US clinical dataset with 

performance similar to the consensus interpretation of experienced thoracic radiologists. We 

feel that this algorithm has the potential to benefit healthcare systems in mitigating 

unnecessary exposure to the virus by serving as an automated tool to rapidly flag patients with 

suspicious chest imaging for isolation and further testing. Planned future studies include a 

prospective evaluation of the algorithm (including in those patients not under investigation for 

COVID-19), a necessity for any AI algorithm prior to clinical implementation. Also, we plan to 1) 

incorporate other clinical data (e.g. demographics, vital signs, laboratory data) into the 

https://github.com/IVPLatNU/deepcovidxr
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algorithm to further boost the performance and 2) adapt the algorithm for risk prediction of 

clinically meaningful outcomes in patients with confirmed COVID-19. By providing the 

DeepCOVID-XR algorithm code base as an open source resource, we hope investigators around 

the world will further improve, fine tune, and test the algorithm using clinical images from their 

own institutions. 
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Table 1. Baseline Characteristics of Patients 

 
Note.—For categorical variables, values are presented as n (% of subgroup). For continuous variables, values are presented as mean 
± standard deviation for normally distributed data or median (interquartile range) for non-normally distributed data. pos = positive, 
neg = negative, Hosp = hospital, LOS = length of stay, pts = patients, PCR = polymerase chain reaction, AP = anteroposterior, PA = 
posteroanterior, sd = standard deviation, N = number of patients or number of cases 
 
*Among images that were acquired prior to first positive RT-PCR result. 
 

 
Overall 

Training Validation Testing 

Characteristics Total COVID-Pos COVID-Neg Total COVID-Pos COVID-Neg Total COVID-Pos COVID-Neg 

Patient Level Data (N) 5,853 3,931 1,142 2,789 1,100 324 776 866 324 542 

Age  58 ± 19 58 ± 18 57 ± 18 58 ± 19 59 ± 18 56 ± 16 60 ± 19 57 ± 18 56 ± 17 58 ± 19 

Female Sex 3,101  
(53%) 

2,081  
(53%) 

577  
(51%) 

1,504 
 (54%) 

580  
(53%) 

149  
(46%) 

431  
(56%) 

440  
(54%) 

161  
(51%) 

279  
(55%) 

 Inpatient 3,629 
(62%) 

2,413 
(61%) 

719 
(63%) 

1,694 
(61%) 

672 
(61%) 

216 
(67%) 

456  
(59%) 

544 
(66%) 

237  
(75%) 

307  
(61%) 

Chest Radiographs per Patient  1 (1-3) 1 (1-3) 2 (1-3) 1 (1-3) 1 (1-2) 1 (1-3) 1 (1-2) 1 (1-2) 1 (1-2) 1 (1-2) 

Chest X-ray Level Data (N) 17,002 11,796 3,390  8,406  2,992 863  2,129  2,214 1,192  1,022  
AP/ 
PA/ 

Not Listed 

14,843(87%)/ 
1,105(6%)/ 
1,054(6%) 

10,200(86%)/ 
781(7%)/ 
815(7%) 

3,024(89%)/ 
111(3%)/ 
255(8%) 

7,176(85%)/ 
670(8%)/ 
560(7%) 

2,502(84%)/ 
264(9%)/ 
226(8%) 

770(89%)/ 
32(4%)/ 
61(7%) 

1,732(81%)/ 
232(11%)/ 
165(8%) 

2,141(97%)/ 
60(3%)/ 
13(0%) 

1,183(99%)/ 
8(1%)/ 
1(0%) 

958(94%)/ 
52(5%)/ 
12(1%) 

Chest X-ray Prior to 1st Pos PCR  - - 1,161 
(34%) - - 241 

(28%) - - 263 
(22%) - 

Hours from Chest X-ray  
to 1st Pos PCR* 

- - 34 (6-273) - - 21 (3-76) - - 10 (1-40) - 
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Table 2. Performance of DeepCOVID-XR on Random Sample of 300 Images from Test Set Compared with Expert Thoracic 
Radiologists’ Interpretations and Consensus Radiologist Interpretation 

 
Note.—TP = True Positive, TN = True Negative, FP = False Positive, FN = False Negative, AUC = Area Under the Curve, n= number, CI = 
confidence interval 
* p-value for comparison to DeepCOVID-XR algorithm performance 
 
 

  DeepCOVID-XR Radiologist 1 Radiologist 2 Radiologist 3 Radiologist 4 Radiologist 5 Consensus 
Metrics Performance Performance p-value* Performance p-value* Performance p-value* Performance p-value* Performance p-value* Performance p-value* 

Accuracy 82% 79% - 81% - 76% - 76% - 79% - 81% - 

TP (n) 95 87 - 92 - 81 - 102 - 99 - 94 - 
TN (n) 152 151 - 150 - 148 - 125 - 139 - 148 - 
FP (n) 14 15 - 16 - 18 - 41 - 27 - 18 - 
FN (n) 39 47 - 42 - 53 - 32 - 35 - 40 - 
Sensitivity 
(95% CI) 

71% 
(63%-79%) 

65% 
(57%-73%) 0.09 69% 

(61%-77%) 0.47 60% 
(52%-69%) <0.001 76% 

(69%-83%) 0.09 74% 
(66%-81%) 0.37 70% 

(62%-78%) 0.78 

Specificity 
(95% CI) 

92% 
(87%-96%) 

91% 
(87%-95%) 0.8 90% 

(86%-95%) 0.62 89% 
(84%-94%) 0.32 75% 

(69%-82%) <0.001 84% 
(78%-89%) 0.009 89% 

(84%-94%) 0.29 

AUC  
(95% CI) 

0.88 
(0.84-0.92) - - - - - - - - - - 0.85 

(0.80-0.89) 0.13 
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Figure Legends 
 

Figure 1. Flowchart for Patient Inclusion in the Study and Breakdown of Training, Validation, 
and Hold-Out Test Datasets. NMH = Northwestern Memorial Hospital, LFH= Lake Forest 
Hospital. 
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Figure 2. DeepCOVID-XR: A Weighted Average Ensemble of Deep Learning Models:  
Schematic showing general architecture of the DeepCOVID-XR deep learning ensemble model. 
Images are initially preprocessed to crop a square centered on the lung fields, then both 
uncropped and cropped images are downsampled to two different resolutions (224X224 and 
331X331 pixels) before being fed into each of 6 different previously validated convolutional 
neural network architectures (4 images X 6 architectures = 24 models total). The predictions 
from each individual model are then ensembled using a weighted average to produce a single 
prediction of COVID-19 positive or COVID-19 negative per image.  
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A 

 
B 
 
Figure 3. Performance of DeepCOVID-XR on Hold-Out Test Set of 2,214 Images.  A, Confusion 
matrix of algorithm predictions and, B, ROC curve (red line) showing discriminative 
performance of the algorithm with an AUC of 0.90 and prediction threshold for COVID-19 
positivity (red point) with a sensitivity of 75% (898/1,192) and specificity of 93% (948/1,022). 
Sens = Sensitivity, Spec = Specificity, ROC = receiver operating characteristic, AUC = area under 
the ROC curve. 
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Figure 4. Sample of Most Representative Images from Different Classes of DeepCOVID-XR 
Predictions Relative to the Reference Standard.  Images classified as positive by the algorithm 
(whether true or false positive) tended to have typical features of COVID-19 pneumonia 
described in the literature including patchy bilateral consolidations and ground glass opacities 
with peripheral and lower lung zone predominance. Images classified as negative by the 
algorithm tended to have clear lung fields and/or concomitant pleural effusions which are 
reported to be rare in COVID-19 pneumonia. 
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A 

 
B 

 
C 

 
D 
 
Figure 5. Grad-CAM Heatmaps of Feature Importance for Positive COVID-19 Prediction. 
Generated heatmaps appropriately highlighted abnormalities in the lung fields in (A-C) those 
images accurately labeled as COVID-19 positive in contrast to, D, images which were accurately 
labeled as negative for COVID-19. Intensity of colors on the heatmap correspond to features of 
the image that are important for prediction of COVID-19 positivity.  
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Figure 6. Comparison with Expert Radiologist Interpretations. A, Comparison of the 
performance of DeepCOVID-XR to individual expert radiologist interpretations on random 
sample of 300 images from the test set. For DeepCOVID-XR, the ROC curve (red line) and 
decision threshold for overall interpretation of positive or negative for COVID-19 (red point) is 
plotted with a 95% confidence interval (red shaded area). For each radiologist, the overall 
interpretation sensitivity and specificity is plotted with 95% confidence intervals (dashed lines). 
Radiologist 1 (Rad1) = blue square, Radiologist 2 (Rad2) = grey down arrow, Radiologist 3 (Rad3) 
= green up arrow, Radiologist 4 (Rad4) = cyan diamond, Radiologist 5 (Rad5) = magenta “X”. B, 
Comparison of DeepCOVID-XR to the consensus interpretation of all 5 radiologists. ROC curves 
(lines) and decision thresholds (points) for DeepCOVID-XR (red) and the consensus 
interpretation (purple) (AUC 0.88 vs. 0.85, p=0.13). C, ROC curve showing performance of 
DeepCOVID-XR (red line) using the consensus interpretation of all 5 radiologists as the 
radiologic reference standard rather than real-time polymerase chain reaction (RT-PCR). 
Sens = Sensitivity, Spec = Specificity, ROC = receiver operating characteristic, AUC = area under 
the ROC curve. 
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Appendix E1 
 
 

Supplemental Methods 
 
Image Acquisition and Preprocessing 

Chest Xray images were obtained from the Northwestern Memorial Health Care (NMHC) 

picture archiving and communications system (PACS) and vendor neutral archive (VNA) and 

downloaded in Digital Imaging and Communications (DICOM) format. Images were first 

converted to the Nifti file format to strip identifying DICOM metadata and burned in identifying 

annotations (e.g. date of imaging) were removed using thresholding (creating a mask at 

features above the 98th percentile of pixel intensity for a given bit-depth), followed by an 

inpainting procedure (35). This was designed to automatically remove protected health 

information from the image, but as a consequence all annotations (including position markers) 

that were above the threshold were removed. Notably, there is evidence that these 

annotations can lead to bias as deep learning algorithms can fit to these extraneous features 

based on differences in disease prevalence at imaging sites (36). Although we did not explicitly 

test whether removing these annotations led to a boost in algorithm performance, the grad-

CAM saliency maps we produced to visualize feature importance for predictions confirmed that 

the algorithm ultimately focused on the lung fields to make its classifications (Figure 5). 

Images were then preprocessed based on DICOM metadata tags indicating appropriate 

windowing and presentation state of pixel data. Images were encoded natively with bit depths 

ranging from 12-bits to 16-bits. In order to prepare images for input into our deep learning 

algorithm, images were downscaled to 8-bits and converted from grayscale to 3-channel RGB 

PNG files. Next, to focus on important features in the image while preserving features external 
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to the lung fields that might be beneficial in the detection of COVID-19 (e.g. pleural effusions) 

and retrocardiac lung spaces (e.g. left lower lobe), we applied a cropping algorithm as follows. 

First, a UNet based algorithm (adapted from https://github.com/imlab-uiip/lung-segmentation-

2d) that has previously been trained on images from two publicly available datasets 

(Montgomery (37) and JSRT (38) chest X-ray datasets) was used for semantic segmentation of 

the lung fields. The segmentation masks were then used to center a square cropping area 

around the lung fields. Finally, both cropped and uncropped images were resized from their 

native resolution (ranging from 2,500-3,000 X 2,500-3,000 pixels prior to cropping) to the 

appropriate resolution (224 X 224 pixels and 331 X 331 pixels) for input into individual neural 

network architectures using Lanczos (antialiasing) resampling.  

 

DeepCOVID-XR: An Ensemble of Neural Networks for COVID-19 Prediction 

 The schematic of the DeepCOVID-XR weighted ensemble model is provided in Figure 2. 

We chose an ensemble architecture given the large body of evidence supporting ensemble 

methods as a strategy to resolve the bias/variance trade-off, reduce overfitting, and improve 

accuracy and generalizability (39–41).  First, images were preprocessed as above to produce 4 

images per input (each of 224X224 pixels and 331X331 pixels, cropped and uncropped), 

allowing individual models to focus on more general vs. more specific features and high-

resolution vs low-resolution features that might be important for model predictions. This 

theory is based on evidence in the literature regarding the effect of differential image 

resolution (42) and lung segmentation/cropping to exclude irrelevant features (43–45) on 

performance of chest X-ray classification algorithms. Each of these images served as input into 

https://github.com/imlab-uiip/lung-segmentation-2d
https://github.com/imlab-uiip/lung-segmentation-2d
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6 separate previously validated convolutional neural network (CNN) architectures - DenseNet-

121 (46), ResNet-50 (47), InceptionV3 (48), Inception-ResNetV2 (49), Xception (50), and 

EfficientNet-B2 (51) - for a total of 24 individually trained neural network architectures that 

served as members of the deep learning model ensemble. These 6 neural network architectures 

were chosen given extensive prior evidence of their utility for chest X-ray disease classification 

tasks(52–56). Each of these model architectures was modified to include a dropout layer and a 

single output node with a sigmoid activation function after the global average pooling layer. A 

Bayesian model combination approach was then used (with sampling from a Dirichlet 

distribution) (56,57) to derive optimal weights for individual members of the ensemble on the 

validation data set. The final prediction of the model ensemble was the weighted average of 

the predictions from individual member CNNs, yielding a final binary prediction – COVID-19 

positive or COVID-19 negative – using a threshold of >0.5 for COVID-19 positivity. 

 

Algorithm Training, Validation, and Testing 

Individual neural network architectures were first pretrained on images from the publicly 

available NIH-14 chest X-ray dataset provided by the National Institutes of Health. Details 

regarding this dataset have been previously published, but briefly the dataset contains 112,120 

frontal chest X-ray images that are labeled with 14 separate disease classifications (e.g. 

cardiomegaly, pleural effusion, pulmonary nodule). We pretrained the individual component 

neural network architectures of DeepCOVID-XR on these images. Prior to pre-training, weights 

were initialized using weights trained on the ImageNet dataset, thus images were normalized to 

the ImageNet mean and standard deviation. We then used a transfer learning strategy to fine 
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tune individual neural network architectures by initializing training on our clinical data with the 

pre-trained weights from the NIH-14 chest X-ray dataset (58). The convolutional base of each 

network was initially frozen, and only the final dense output layer was trained on our clinical 

dataset. The entire model was then unfrozen, and the model was trained end-to-end on our 

clinical dataset. A stochastic gradient descent optimizer was used and hyperparameter tuning 

was performed using a Bayesian optimization strategy (59,60) to find the optimal learning rate, 

momentum, and dropout rate for each individual neural network architecture. 

Hyperparameters used in each individual component neural network architecture are included 

in Table E6.  A batch size of 16 images was used for training. Data augmentation, including 

random width and height shifts, zooming, rotation, and brightness shifts, was used to prevent 

overfitting. Additionally, oversampling of the minority class (COVID-positive) was performed to 

account for class imbalance. A binary crossentropy loss function was used, and the model was 

trained to optimize the receiver operator characteristic area under the curve (AUC) on the 

validation dataset. The AUC metric was chosen rather than accuracy given the prevalence of 

COVID-19 is likely to change over time and from one institution to the next. As an overall 

measure of the intrinsic discriminative ability of a predictive algorithm, the AUC is relatively 

robust to changes in disease prevalence compared with other metrics of performance (e.g. 

accuracy, positive predictive value, negative predictive value).  The learning rate was reduced 

by a factor of 0.1 after a plateau in improvement of 3 epochs and early stopping was used to 

prevent overfitting. Finally, test-time augmentation was implemented during performance 

evaluation using the same random transformations used for data augmentation during 
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algorithm training, with the final prediction of each model being the average of augmented 

predictions (10 iterations per image).  

 

Grad-CAM Heatmaps for Feature Importance of Predictions 
 
 Saliency mapping with gradient class activation maps (Grad-CAM) is a popular method 

for visualizing feature importance in arriving at a certain prediction in deep learning computer 

vision classifiers (61). We applied the Grad-CAM method to individual neural network 

architectures to visualize heatmaps of important features for predicting positivity for COVID-19. 

To generate heatmaps we used uncropped 224X224 resolution images and the final heatmap 

used for feature importance visualization was the result of averaging individual heatmaps for 

each of the 6 respective convolutional neural network architectures used in this study.  

 

Hardware and Software Stack 

The GPU workstation used for model training and evaluation was a CentOs7 server with 

6 Nvidia Titan V GPUs, running CUDA version 10.0. Model training was performed on Google 

TensorFlow’s Keras (v 2.0.0). Hyperparameter tuning was performed using Keras-Tuner 

(https://keras-team.github.io/keras-tuner/), model ensembling was performed using DeepStack 

(https://github.com/jcborges/DeepStack), and Grad-CAM heatmaps were produced using 

Keras-Vis (https://github.com/raghakot/keras-vis). All code was written in Python (version 3.7).  

Our code base is provided freely on GitHub at https://github.com/IVPLatNU/deepcovidxr, 

including weights for each of the 24 individually trained neural network architectures and 

respective model weights for the weighted ensemble model. 

https://keras-team.github.io/keras-tuner/
https://github.com/jcborges/DeepStack
https://github.com/raghakot/keras-vis
https://github.com/IVPLatNU/deepcovidxr
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Table E1. Image Count by Institution 
 

Institution Chest X-ray Images Hospital Beds 
Northwestern Memorial Hospital 9,239 894 
Lake Forest Hospital 2,214 198 
Central DuPage Hospital 1,952 392 
McHenry Hospital 1,209 179 
Huntley Hospital 888 128 
Delnor Hospital 886 159 
Kishwaukee Hospital 178 98 
Woodstock Hospital 109 56 
Others 327 - 
Total  17,002 - 
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Table E2. Individual Model Performance on Test Set 

 

Note.—AUC = area under the receiver operator characteristic curve, TTA = test-time augmentation, TP = true positive, TN = true 
negative, FP = false positive, FN = false negative, PPV = positive predictive value, NPV = negative predictive value 
* All of the other performance characteristics are calculated on the predictions produced using test-time augmentation. 

 
Densenet-121 Resnet-50 InceptionV3 

 
224 X 224 331 X 331 224 X 224 331 X 331 224 X 224 331 X 331  

Uncropped Cropped Uncropped Cropped Uncropped Cropped Uncropped Cropped Uncropped Cropped Uncropped Cropped 
AUC No TTA* 0.86 0.86 0.86 0.87 0.85 0.85 0.80 0.88 0.85 0.86 0.83 0.84 
AUC TTA* 0.88 0.86 0.87 0.87 0.86 0.87 0.83 0.88 0.87 0.88 0.84 0.84 
TP (n) 895 765 997 926 847 678 729 837 857 1070 720 937 
TN (n) 906 964 703 862 903 992 928 942 917 617 962 734 
FP (n) 116 58 319 160 119 30 94 80 105 405 60 288 
FN (n) 297 427 195 266 345 514 463 355 335 122 472 255 
Accuracy 81% 78% 77% 81% 79% 75% 75% 80% 80% 76% 76% 75% 
Sensitivity 75% 64% 84% 78% 71% 57% 61% 70% 72% 90% 60% 0.79 
Specificity 89% 94% 69% 84% 88% 97% 91% 92% 90% 60% 94% 72% 
F1Score 0.81 0.76 0.80 0.81 0.78 0.71 0.72 0.79 0.80 0.80 0.73 0.78 

 
Inception-ResnetV2 Xception EfficientNet-B2  

224 X 224 331 X 331 224 X 224 331 X 331 224 X 224 331 X 331  
Uncropped Cropped Uncropped Cropped Uncropped Cropped Uncropped Cropped Uncropped Cropped Uncropped Cropped 

AUC No TTA* 0.85 0.85 0.85 0.85 0.86 0.85 0.87 0.88 0.85 0.85 0.86 0.87 
AUC TTA 0.86 0.87 0.86 0.87 0.88 0.87 0.88 0.89 0.87 0.86 0.86 0.87 
TP (n) 867 1022 798 815 884 875 898 882 921 930 887 896 
TN (n) 889 648 924 927 900 907 891 923 837 815 883 868 
FP (n) 133 374 98 95 122 115 131 99 185 207 139 154 
FN (n) 325 170 394 377 308 317 294 310 271 262 305 296 
Accuracy 79% 75% 78% 79% 81% 80% 81% 82% 79% 79% 80% 80% 
Sensitivity 73% 86% 67% 68% 74% 73% 75% 74% 77% 78% 74% 75% 
Specificity 87% 63% 90% 91% 88% 89% 87% 90% 82% 80% 86% 85% 
F1Score 0.79 0.79 0.76 0.78 0.80 0.80 0.81 0.81 0.80 0.80 0.80 0.80 
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Table E3. Comparison of Different Ensemble Models Performance on Test Set 

 Weighted Average Ensemble Models 
 224  x 224 

Uncropped 
331 x 331 

Uncropped 
224 x 224 
Cropped 

331 x 331 
Cropped 

224 x 224 
Cropped/ 

Uncropped 

331 x 331 
Cropped/ 

Uncropped 

Uncropped 
224 x 224/ 
331 x 331 

Cropped 
224 x 224/ 
331 x 331 

Final 
Ensemble 

AUC No TTA* 0.89 0.89 0.89 0.90 0.89 0.90 0.89 0.90 0.90 
AUC TTA 0.89 0.89 0.89 0.90 0.90 0.90 0.90 0.90 0.90 
TP (n) 900 913 921 914 902 905 893 879 898 
TN (n) 930 928 914 930 946 940 947 956 948 
FP (n) 92 94 108 92 76 82 75 66 74 
FN (n) 292 279 271 278 290 287 299 313 294 
Accuracy 83% 83% 83% 83% 83% 83% 83% 83% 83% 
Sensitivity 76% 77% 77% 77% 76% 76% 75% 74% 75% 
Specificity 91% 91% 89% 91% 93% 92% 93% 94% 93% 
F1Score 0.82 0.83 0.83 0.83 0.83 0.83 0.83 0.82 0.83 
Note.—AUC = area under the receiver operator characteristic curve, TTA = test-time augmentation, TP = true positive, TN = true 
negative, FP = false positive, FN = false negative, n = number 
* All of the other performance characteristics are calculated on the predictions produced using test-time augmentation. 
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Table E4. Sensitivity Analysis for Test Set – Dropping 151 images from patients that also contributed images to training and 

validation sets 

Test Set Performance 

AUC 0.90 
TP (n) 859 
TN (n) 855 
FP (n) 68 
FN (n) 281 
Accuracy 83% 
Sensitivity 75% 
Specificity 93% 

F1 Score 0.83 
 

Note.—TP = True Positive, TN = True Negative, FP = False Positive, FN = False Negative, AUC = Area Under the Curve, n= number 
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Table E5. Comparison of DeepCOVID-XR to individual radiologist interpretations at each of the 5 decision thresholds determined 
by the six-point scoring system (from high confidence COVID-19 negative to high confidence COVID-19 positive)  
 

*p-value for comparison of reader sensitivity to algorithm sensitivity (determined at reader specificity) for each of the 5 decision thresholds 
using 2,000 bootstrap samples 
 
 
 
 
 

Decision 
Thresholds 

Radiologist 1 Radiologist 2 Radiologist 3 Radiologist 4 Radiologist 5 

Specificity Reader 
Sensitivity 

Algorithm 
Sensitivity 

p-
value* Specificity Reader 

Sensitivity 
Algorithm 
Sensitivity 

p-
value* Specificity Reader 

Sensitivity 
Algorithm 
Sensitivity 

p-
value* Specificity Reader 

Sensitivity 
Algorithm 
Sensitivity 

p-
value* Specificity Reader 

Sensitivity 
Algorithm 
Sensitivity 

p-
value* 

Threshold 1 55% 85%  
(79-91%) 

90%  
(84-94%) 

0.23 66% 80%  
(73-87%) 

87%  
(81-93%) 

0.04 68% 81%  
(75-87%) 

87%  
(80-92%) 

0.14 43% 90% 
(84-95%) 

93% 
(87-98%) 

0.32 60% 84% 
(78-90%) 

88% 
(82-94%) 

0.18 

Threshold 2 81% 71%  
(63-78%) 

81%  
(72-88%) 

0.03 83% 73%  
(66-81%) 

79%  
(70-87%) 

0.26 85% 66%  
(58-74%) 

77%  
(69-86%) 

0.01 67% 79% 
(72-86%) 

87% 
(81-92%) 

0.04 78% 76% 
(69-83%) 

83%  
(75-90%) 

0.09 

Threshold 3 91% 65%  
(57-73%) 

73%  
(63-81%) 

0.09 90% 69%  
(61-76%) 

73%  
(64-81%) 

0.29 89% 60%  
(52-69%) 

74%  
(65-82%) 

0.003 75% 76% 
(69-84%) 

84% 
(77-90%) 

0.047 84% 74% 
(66-81%) 

78% 
(69-87%) 

0.45 

Threshold 4 98% 48%  
(40-56%) 

54%  
(39-66%) 

0.54 95% 60%  
(51-68%) 

66%  
(51-77%) 

0.44 95% 48%  
(40-56%) 

66%  
(51-77%) 

0.01 85% 68% 
(60-76%) 

77% 
(69-85%) 

0.08 90% 63% 
(54-71%) 

73% 
(64-81%) 

0.09 

Threshold 5 99% 20%  
(14-27%) 

7%  
(3-57%) 

0.54 98% 44%  
(36-53%) 

57%  
(43-71%) 

0.2 98% 26%  
(19-34%) 

57%  
(42-72%) 

<0.001 96% 43% 
(34-51%) 

58% 
(45-73%) 

0.08 97% 40% 
(32-49%) 

57% 
(43-71%) 

0.07 
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Table E6. Individual Model Hyperparameters for Training (Derived from Hyperparameter 
Tuner) 
 

Model Dropout Rate Learning Rate Momentum 
Densenet-121 224 X 224 0.03 2.47E-03 0.85  

331 X 331 0.03 7.71E-03 0.63      

Resnet-50 224 X 224 0.47 4.53E-03 0.54  
331 X 331 0.04 9.21E-04 0.52      

InceptionV3 224 X 224 
Uncropped  

0.30 9.35E-03 0.52 

 224 X 224 
Cropped 

0.50 1.00E-02 0.50 
 

331 X 331 
Uncropped 

0.39 7.76E-03 0.56 

 331 X 331 
Cropped 

0.28 2.29E-03 0.93 
     

Inception-ResnetV2 224 X 224 0.18 4.77E-04 0.73  
331 X 331 0.34 7.01E-04 0.94      

Xception 224 X 224 0.20 5.79E-04 0.10  
331 X 331 0.30 1.00E-03 0.80      

EfficientNet-B2 224 X 224 
Uncropped 

0.30 3.25E-03 0.70 

 224 X 224 
Cropped 

0.40 6.4E-03 0.93 
 

331 X 331 
Uncropped 

0.30 5.60E-03 0.78 

 331 X 331 
Cropped 

0.20 2.73E-03 0.89 
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Supplemental Figure 
 

 
 
Figure E1. Comparison of DeepCOVID-XR to individual radiologist interpretations on 300 
random test images at 5 separate decision thresholds. Each panel in the figure corresponds to 
an individual radiologist. For each radiologist, sensitivity and specificity are plotted with 95% 
confidence intervals (dashed lines) at each of the 5 operating points/decision thresholds within 
the 6-point scoring scale (based on interpretation confidence). For each panel, the ROC curve 
(red line), overall decision threshold (red point), and 95% confidence interval is plotted for 
DeepCOVID-XR.  ROC = receiver operating characteristic, AUC = area under the ROC curve. 
 
 




