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1. Introduction

The Acute Respiratory Distress Syndrome (ARDS) is a critical illness syndrome affecting 
patients with trauma, sepsis, pneumonia, and aspiration, and it has a 35% mortality rate. 
However, up to 65% of patients with ARDS are diagnosed late or missed and as a result, do not 
receive evidence-based therapies. In this grant, we proposed to develop novel computer vision 
technologies powered by deep convolutional neural networks to identify chest x-ray findings 
consistent with ARDS with expert-level accuracy. We proposed to train a deep convolutional 
neural network using an existing cohort of 2,237 patients and 9,632 chest x-rays, and then test 
the algorithm on chest x-rays from two validation cohorts, reviewed by critical care physicians 
and radiologists, and compare the model’s performance to individual experts. An innovative 
aspect of the grant is also to evaluate the benefit of training the model to first localize the lung 
fields before discriminating ARDS. In addition, we proposed to develop a novel network output 
display, allowing a user to better interpret and evaluate the network’s result. We envision that 
the technology developed in this grant would be deployed on portable digital imaging systems, 
supporting and augmenting front-line providers in the prompt diagnosis of ARDS. This system 
could provide critical diagnostics, enabling rapid identification and triage of patients with ARDS 
to ensure prompt treatment, ultimately leading to improved patient outcomes. 

2. Keywords

Acute Respiratory Distress Syndrome, Deep Convolutional Neural Network, Machine Learning, 
Chest x-rays 

3. Accomplishments

• What were the major goals of the project?
Aim 1: Train a deep convolutional neural network using an existing cohort of 2,237 
patients and 9,632 chest x-rays to detect images consistent with ARDS 

Major Task 1: Train deep learning models to identify chest x-rays with findings consistent with 
ARDS using a previously adjudicated cohort of critically ill patients hospitalized at the University 
of Michigan (U-M). Original timeline: Project month 1-12. 
Milestone: Initial deep learning model that identifies chest x-rays consistent with ARDS. 
Status: Completed 11/30/2020 (Month 4) 

Major Task 2: Train a deep learning lung segmentation algorithm to identify lung fields on chest 
x-rays and combine it with the deep learning ARDS detection model. Original timeline: Project
month 6-14.
Milestone: Completed ARDS deep neural network that segments the lung fields, evaluates lung
regions, and identifies findings consistent with ARDS.
Status: Completed 8/6/2021 (Month 13)

Aim 2: Test the ARDS deep neural network on chest x-rays from two validation cohorts, 
reviewed by critical care physicians and radiologists, and compare the model’s 
performance to individual 

Major Task 1: Internally validate the ARDS deep learning neural network on a temporally distinct 
cohort of critically ill U-M patients hospitalized between Jan 1, 2019-June 31, 2019. Original 
timeline: Project month 4-16. 
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Milestone: Internally validated ARDS deep neural network 
Status: In process (1 of 3 subtasks completed) 

Major Task 2: Externally validate the ARDS deep learning network on critically ill patients 
hospitalized at the University of Pennsylvania (U-Penn). Original timeline: Project month 12-18. 
Milestone: Externally validated ARDS deep neural network. 
Status: In process (1 of 3 subtasks completed) 

• What was accomplished under these goals?
Aim 1: Train a deep convolutional neural network using an existing cohort of patients 
rays to detect images consistent with ARDS 

Major Task 1: Train deep learning models to identify chest x-rays with findings consistent with 
ARDS using a previously adjudicated cohort of critically ill patients hospitalized at the University 
of Michigan (U-M). 

Specific objectives: 
1. HRPO/ACURO Approval – 9/28/2020
2. Michigan IRB Approval – 5/8/2020
3. Train an initial deep learning models to detect chest x-rays with ARDS

Major activities: We successfully trained the initial deep learning model to detect ARDS. This 
involved pre-training a deep learning machine-learning algorithm on two publicly available chest 
x-ray datasets of nearly 500,000 images for 12 common findings on chest x-rays (e.g.
cardiomegaly, infiltrate, pleural effusion) but not ARDS. Then the model was further trained to
detect findings of ARDS on chest x-rays using the Michigan Medicine chest x-ray dataset of
2,237 patients that included 9,632 chest x-ray studies that had been previously adjudicated for
ARDS by multiple physicians.

Significant results: The main result of this work is below, and also further described in the 
Lancet Digital Health publication which is included as an appendix. We found that the initial 
model can detect ARDS with performance equivalent or higher than pulmonary and critical care 
trained physicians and a chest radiologist (Figure 1). Further, we evaluated this initial model on 
a dataset of chest x-rays provided by the University of Pennsylvania (Figure 2), demonstrating 
excellent performance of the model at an external institution. 

a. b. c. 

Figure 1. Deep learning model performance in patients hospitalized at Michigan Medicine. a. 
CNN Receiver operating characteristics curve plotted against individual physician true positive 
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AUPRC = 0.861 AUROC = 0.880 

and false positive rates, and area under the receiver operator characteristic curve (AUROC). b. 
CNN precision recall curve. c. Boxplot showing CNN probability outputs for chest radiographs 
grouped by the number of physicians annotating each as ARDS. 
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Figure 2. Deep learning model performance in patients hospitalized at the University of. a. Area 
under the receiver operator characteristic curve (AUROC); b. Area under the precision recall 
curve (AUPRC). c. Boxplot illustrating probability outputs from the CNN across chest radiograph 
annotation categories. 

Major Task 2: Train a deep learning lung segmentation algorithm to identify lung fields on chest 
x-rays and combine it with the deep learning ARDS detection model.

Specific objectives: 
1. Identify a subset of chest x-rays from the training data and annotate the lung fields
2. Train a deep learning algorithm to segment the lung fields in chest x-rays of critically ill

adults
3. Combine the lung segmentation and ARDS detection algorithms and evaluate the

combined algorithm performance

Major activities: We identified a set 300 chest x-rays, which were annotated by Co-I Lee who is 
a chest radiologist, outlining the heart and lungs. We then successfully trained a deep learning 
model based on a U-net architecture to identify the lung fields, both models that were first pre- 
trained on publicly available chest x-ray studies and those trained on only on chest x-rays from 
critically ill patients in our cohort. We also experimented with applying simply post-processing 
algorithm. Once the U-net algorithm was trained, we studied two general approaches as 
specified in the original research grant. First, we tested whether using the U-net algorithm to 
“crop” the image and zoom in on the lung fields improved the model’s ability to detect findings of 
ARDS. Second, we tested whether adding a segmented version of the image as a separate 
channel further improve the algorithm. To accomplish this, we also needed to incorporate these 
approaches into the “pre-training” pipeline too, where the model is first trained to detect 12 
common chest x-ray findings (e.g. infiltrate, cardiomegaly). Finally, pre-training the algorithm 
with these two additional approaches, we then re-trained the algorithm to detect ARDS. 

Significant results: A non-pre-trained U-net achieved a marginally higher median DICE score 
than the pre-trained U-net on a hold-out set of chest x-rays (0.922 vs 0.916). We also found that 
additional post-processing did not significantly improve these results. An illustration of the 
pipeline that has been developed is shown in figure 3. After incorporating the lung 
segmentation algorithm into the pipeline, we then repeated the pre-training procedure. We 
found that providing the model with the cropped images that focused on the lung region resulted 
in the highest AUROC during this pre-training step (Table 1). Finally, we continued to train the 
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model to detect ARDS, finding again that the model given the cropped images had the highest 
performance on the hold-out set. 

Figure 3. Lung segmentation model. (A) Chest x-ray of patient with the acute respiratory 
distress syndrome with overlaid lung and heart segmentation. (B) Trained U-net based deep 
learning model attempting to identify the lung fields. 

Table 1. Pre-training results after incorporating the U-net lung segmentation algorithm 

Original model Model with cropped Images 
Model with cropped Images + 
Unet segmentation 

1. No_Finding: 0.8614 1. No_Finding: 0.8689 1. No_Finding: 0.8673
2. Enlarged_Cardiomediastinum:
0.7699

2. Enlarged_Cardiomediastinum:
0.7283

2. Enlarged_Cardiomediastinum:
0.7394

3. Cardiomegaly: 0.8283 3. Cardiomegaly: 0.8140 3. Cardiomegaly: 0.8141
4. Lung_Opacity: 0.7914 4. Lung_Opacity: 0.8054 4. Lung_Opacity: 0.7969
5. Lung_Lesion: 0.7667 5. Lung_Lesion: 0.7651 5. Lung_Lesion: 0.7554
6. Edema: 0.8976 6. Edema: 0.9004 6. Edema: 0.8932
7. Consolidation: 0.8389 7. Consolidation: 0.8304 7. Consolidation: 0.8239
8. Pneumonia: 0.7921 8. Pneumonia: 0.7950 8. Pneumonia: 0.7883
9. Atelectasis: 0.8486 9. Atelectasis: 0.8453 9. Atelectasis: 0.8402
10. Pneumothorax: 0.8947 10. Pneumothorax: 0.8912 10. Pneumothorax: 0.8743
11. Pleural_Effusion: 0.9336 11. Pleural_Effusion: 0.9287 11. Pleural_Effusion: 0.9215
12. Pleural_Other: 0.8610 12. Pleural_Other: 0.8976 12. Pleural_Other: 0.8770
13. Fracture: 0.5846 13. Fracture: 0.6881 13. Fracture: 0.6673
14. Support_Devices: 0.9179 14. Support_Devices: 0.9253 14. Support_Devices: 0.9191
Mean auroc: 0.8276 Mean auroc: 0.8345 Mean auroc: 0.8270 
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Table 2. Model performance for detecting ARDS after incorporating the lung segmentation 
algorithm. 

Model Training AUROC Validation AUROC 
Model with Cropped Images 0.909 0.893 
Cropped Images + Segmentations 0.921 0.889 

Aim 2: Test the ARDS deep neural network on chest x-rays from two validation cohorts, 
reviewed by critical care physicians and radiologists, and compare the model’s 
performance to individual 

Major Task 1: Internally validate the ARDS deep learning neural network on a temporally 
distinct cohort of critically ill U-M patients hospitalized. 

Specific objectives: 
1. Identify a new UM validation cohort
2. Perform 6-physician adjudication of patients in this cohort
3. Evaluate performance of the algorithm compared to individual expert physicians

Major activities: The research team is currently working on identifying a new cohort of critically ill 
patients hospitalized at University of Michigan for additional model validation. This cohort will 
include patients who develop acute respiratory failure in 2021. 

Major Task 2: Externally validate the ARDS deep learning network on critically ill patients 
hospitalized at the University of Pennsylvania (U-Penn). 

Specific objectives: 
1. Acquire U-Penn chest x-rays
2. Perform additional adjudication of the U-Penn chest x-rays
3. Evaluate the generalization performance of the system.

Major activities: We have received the chest x-rays from U-Penn, and Co-I Lee and PI Sjoding 
are in the process of performing additional adjudication of the chest x-rays for ARDS. 

• What opportunities for training and professional development has the project
provided?

Nothing to report 

• How were the results disseminated to communities of interest?

Results to date have been disseminated on our Lancet Digital Health publications in 
2021 and via the website ardsdetect.com as detailed in the products section below. 

• What do you plan to do during the next reporting period to accomplish the goals?
During the final 6 months of this project, we will focus our attention on completing all aspects of 
specific aim 2. This includes finalizing a new Michigan cohort of patients to serve as a new 
temporal adjudication cohort, adjudicating all chest x-rays for ARDS in the new UM cohort, 
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adjudicating all chest x-rays for ARDS in the U-Penn cohort, and applying the newest version of 
the algorithm which incorporates the lung segmentation algorithm to these images. 

4. Impact

• What was the impact on the development of the principal discipline(s) of the project?

Our work on this project has already had an impact on the field of ARDS research. After the
publication of the Lancet digital health article, we were contacted by several individuals and
research groups about further use of our algorithm to study ARDS and patients with other
acute respiratory conditions. Working with investigators from National Taiwan University
Hospital, we applied the algorithm to a group of 700 chest x-rays among patients at their
hospital with viral pneumonia, to determine the ability of the algorithm to predict outcomes
in such patients. We are also currently in discussion with investigators leading a National
Institutes of Health funded clinical study of patients with COVID-19. We will test whether
findings on chest x-rays that can be quantified via the algorithm correlate with long-term
outcomes in COVID-19. Our work to date is already having a wide impact in our field.

• What was the impact on other disciplines?

Other disciplines, especially computer science and engineering, will likely benefit from the
research performed and knowledge gained from the grant to date. We demonstrated the
benefits and limitations of “transfer learning,” a technique in computer science where an
algorithm is trained on one type of problem, and then that knowledge is used to help the
algorithm more quickly learn another type of problem. However, we also showed how this
approach can be limited when the problems lack enough similarity. Our results are an
important case study in the use of transfer learning that may have wider applicability to
other disciplines.

• What was the impact on technology transfer?

Nothing to report

• What was the impact on society beyond science and technology?

Nothing to report

5. Changes/Problems

Nothing to report 

6. Products

• Publications, conference papers, and presentations
Sjoding MW, Taylor D, Motyka J, Lee E, Co I, Claar D, McSparron JI, Ansari S, Kerlin
MP, Reilly JP, Shashaty MGS, Anderson BJ, Jones TK, Drebin HM, Ittner CAG, Meyer
NJ, Iwashyna TJ, Ward KR, Gillies CE. Deep learning to detect acute respiratory
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distress syndrome on chest radiographs: a retrospective study with external validation. 
The Lancet Digit Health 3(6): e340-348, 2021. Acknowledgement of federal support-- 
yes. 

• Website(s) or other Internet site(s)
www.ardsdetect.com
This website allows investigators to use the ARDS detection algorithm published in the
Lancet Digital Health article in 2021. Investigators can upload chest x-ray images to the
site. Then, the website will process the image, estimate the likelihood that the image is
consistent with ARDS, and also generate a “Grad-CAM” generated version of the image
such that investigators can see what aspects of the image the algorithm is looking at to
determine whether the image was consistent with ARDS.

• Inventions, patent applications, and/or licenses
Nothing to report

7. Participants & Other Collaborating Organizations

What individuals have worked on the project? 

Name: Michael Sjoding, MD 
Project Role: PI 
Researcher Identifier (e.g. ORCID ID): 0000-0002-0535-9659 
Nearest person month worked: 1 
Contribution to Project: Dr. Sjoding is the PI of the project and oversaw all work related 
to the project, including clinical annotations of chest x-rays by participating physician 
reviewers, model development and testing. 

Name: Elizabeth Lee, MD 
Project Role: Co-I 
Researcher Identifier (e.g. ORCID ID): 0000-0001-5404-1447 
Nearest person month worked: 1 
Contribution to Project: Dr. Lee is a chest radiologist, who oversees and supports the 
annotation of chest x-ray images for ARDS as well as provides general guidance for the 
overall scientific direction on the project. 

Name: Sardar Ansari, PhD 
Project Role: Data Scientist 
Researcher Identifier (e.g. ORCID ID): 0000-0001-5404-1447 
Nearest person month worked: 6 
Contribution to Project: Dr. Ansari is the chief data scientist on the project, overseeing 
and carrying out the training of the deep learning model for detection of ARDS. 

Name: Chris Gillies, PhD 
Project Role: Co-I 
Researcher Identifier (e.g. ORCID ID): 0000-0001-5404-1447 
Nearest person month worked: 3 
Contribution to Project: Dr. Gillies co-led the deep learning model development, as well as 
the internal and external evaluation of the trained models. 

Name: Kevin Ward, MD 

http://www.ardsdetect.com/
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Project Role: Co-I 
Researcher Identifier (e.g. ORCID ID): 
Nearest person month worked: 1 
Contribution to Project: Dr. Ward provides clinical expertise to guide the development of 
the deep learning models, leadership for the proposal in its overall direction and , 
overseeing the clinical data collection and assisting Dr. Sjoding with model evaluation, 
analysis, and reporting 

• Has there been a change in the active other support of the PD/PI(s) or senior/key
personnel since the last reporting period?

Co-I Chris Gillies, PhD has left the University for an industry role, he will be replaced by
Sardar Ansari, who is currently is in the data scientist role.

• What other organizations were involved as partners?

Organization name: Hospital of the University of Pennsylvania
Location of Organization: Philadelphia, Pennsylvania
Contribution to Project: Collaborators provided human subjects data from patients
hospitalized at the Hospital of the University of Pennsylvania, enabling external validation of
the trained model.

8. Special Reporting Requirements

A Quad Chart is included as an attachment at the beginning of the appendix. 

9. Appendices

I. Quad Chart
II. Lancet Digital Health Publication
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PI: Michael Sjoding Org: Regents of the University of Michigan Award Amount: 545,326 
 

Study/Product Aim(s) 
• Train a deep neural network to detect chest x-ray images 
consistent with the Acute Respiratory Distress Syndrome 
• Test the ARDS deep neural network on chest x-rays from two 
validation cohorts, reviewed by critical care physicians and 
radiologists, and compare the model’s performance to individual 
experts 

Approach 
We will use novel approaches from the field of computer vision to 
develop deep neural networks that can identify ARDS on digital 
chest x-ray images. To accomplish this, we will use a large sample 
of publicly available chest x-rays and a unique chest x-ray dataset 
annotated for ARDS at University of Michigan. We will perform 
two rigorous validation studies, including testing the model’s the 
performance against individual physician experts. 

 
Timeline and Cost 

 

Activities CY 20 21   

Develop initial model         
  

Improve/update on initial model  
  

    
   

Validation of model performance  
  

   
  

     

Estimated Budget ($K) $360 $180   

 
Updated: 3/31/2021 

 
 
 
 
 
 
 

Accomplishment: Incorporation of the lung segmentation algorithm into the overall 
ARDS detection model 

 
Goals/Milestones 
CY20 Goals – ARDS Deep neural network model development 
R Develop and test initial deep learning model 
R Update model that can first segment and identify the lung fields 

before identifying images consistent with ARDS 
CY21 Goals – Validation of ARDS model 
£Perform internal validation using a new dataset from UM 
£Perform external validation using data from U Penn 
Comments/Challenges/Issues/Concerns 
• No concerns with the project at this time 
Budget Expenditure to Date 
Projected Expenditure: $360,000 
Actual Expenditure: $239,465 
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Articles 

Deep learning to detect acute respiratory distress syndrome 
on chest radiographs: a retrospective study with external 
validation 
Michael W Sjoding, Daniel Taylor, Jonathan Motyka, Elizabeth Lee, Ivan Co, Dru Claar, Jakob I McSparron, Sardar Ansari, Meeta Prasad Kerlin, 
John P Reilly, Michael G S Shashaty, Brian J Anderson, Tiffanie K Jones, Harrison M Drebin, Caroline A G Ittner, Nuala J Meyer, Theodore J Iwashyna, 
Kevin R Ward, Christopher E Gillies 

Summary 
Background Acute respiratory distress syndrome (ARDS) is a common, but under-recognised, critical illness syndrome 
associated with high mortality. An important factor in its under-recognition is the variability in chest radiograph 
interpretation for ARDS. We sought to train a deep convolutional neural network (CNN) to detect ARDS findings on 
chest radiographs. 

Methods CNNs were pretrained on 595 506 radiographs from two centres to identify common chest findings 
(eg, opacity and effusion), and then trained on 8072 radiographs annotated for ARDS by multiple physicians using 
various transfer learning approaches. The best performing CNN was tested on chest radiographs in an internal and 
external cohort, including a subset reviewed by six physicians, including a chest radiologist and physicians trained in 
intensive care medicine. Chest radiograph data were acquired from four US hospitals. 

Findings In an internal test set of 1560 chest radiographs from 455 patients with acute hypoxaemic respiratory failure, 
a CNN could detect ARDS with an area under the receiver operator characteristics curve (AUROC) of 0·92 (95% CI 
0·89–0·94). In the subgroup of 413 images reviewed by at least six physicians, its AUROC was 0·93 (95% CI 
0·88–0·96), sensitivity 83·0% (95% CI 74·0–91·1), and specificity 88·3% (95% CI 83·1–92·8). Among images with 
zero of six ARDS annotations (n=155), the median CNN probability was 11%, with six (4%) assigned a probability 
above 50%. Among images with six of six ARDS annotations (n=27), the median CNN probability was 91%, with 
two (7%) assigned a probability below 50%. In an external cohort of 958 chest radiographs from 431 patients with 
sepsis, the AUROC was 0·88 (95% CI 0·85–0·91). When radiographs annotated as equivocal were excluded, the 
AUROC was 0·93 (0·92–0·95). 

Interpretation A CNN can be trained to achieve expert physician-level performance in ARDS detection on chest 
radiographs. Further research is needed to evaluate the use of these algorithms to support real-time identification of 
ARDS patients to ensure fidelity with evidence-based care or to support ongoing ARDS research. 

Funding National Institutes of Health, Department of Defense, and Department of Veterans Affairs. 

Copyright © 2021 The Author(s). Published by Elsevier Ltd. This is an Open Access article under the CC BY 4.0 license. 
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Introduction 
Acute respiratory distress syndrome (ARDS) is a common 
critical illness syndrome characterised by the acute onset of 
severe hypoxaemia and lung oedema of non-cardiac cause 
in patients with conditions such as sepsis, pneumonia, or 
trauma. Despite research investment, current treatment 
for ARDS remains largely supportive and mortality 
remains at 35%.1 Patients who develop ARDS often go 
unrecognised and do not receive evidence-based care.2,3 

Bilateral airspace disease on chest radiograph is not only a 
key criterion in the definition of ARDS, but also a major 
driver of the definition’s lower reliability.4 Intensivists in 
clinical practice have poor agreement when identifying 
ARDS findings on chest radiographs (κ 0·13),5   and ARDS 
clinical research study coordinators do little better (κ 0·27).6 

New approaches for identifying ARDS findings on chest 
radiographs are needed to support ARDS care. 

Deep convolutional neural networks (CNNs) are 
powerful algorithms that can be trained to recognise 
findings on visual images. These algorithms have 
shown physician-level performance across a wide range 
of medical problems.7–9 However, deep learning models 
must learn millions of parameters; thus training 
requires large datasets of annotated images.10 Generating 
large datasets for many medical problems can be 
challenging because clinical data might not be annotated 
for the finding of interest during routine care. For 
example, radiologists might not explicitly state whether 
chest radiographs are consistent with ARDS in their 
dictated reports. Therefore, conventionally training a 
CNN to detect ARDS would first require expert 
physicians to annotate large chest radiograph dataset 
outside of routine practice, representing a substantial 
barrier. 
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See Online for appendix Transfer learning is a machine-learning approach 
where knowledge gained from one problem can be used 
to help solve related problems.11 This approach is 
particularly applicable to problems where there is only a 
small amount of data available to train a machine-learning 
model, but related problems have much larger amounts 
of available data. When training a CNN to detect ARDS, 
we hypothesised that if the network could first learn to 
extract general features from chest radiographs by 
pretraining the CNN to identify other common findings 
on chest radiographic studies, it might be able to borrow 
many of these features, reducing the number of 
annotated images necessary to train the network to detect 
findings of ARDS. 

In this study,  we trained a CNN with 121 layers and   
7 million parameters to identify bilateral airspace disease 
on chest radiographs consistent with ARDS.12 We used 
transfer learning by first pretraining the network on 
595 506 radiographs from two centres labelled for 
common descriptive chest findings (eg, opacity, effusion), 
but  not  ARDS.  We then  trained  the  network  on   
8073 radiographs annotated for ARDS. We tested the 
resulting network on an internal and external test set to 
evaluate its generalisation performance. 

Methods 
Overview 
We trained a CNN with a 121-layer dense neural net- 
work architecture (DenseNet)10 to detect ARDS on chest 
radiographs using various transfer learning approaches. 
An overview of the study design, datasets, and transfer 

learning approaches are illustrated in the appendix (p 2). 
The study was approved by the University of Michigan 
(Ann Arbor, MI, USA) institutional review board with a 
waiver of informed consent from study participants. 

 
Datasets 
The pretraining dataset combined two publicly available 
chest radiograph datasets, CheXpert13 and MIMIC-CXR.14 

These images were previously annotated for the presence 
of any of 14 common clinical findings that can be seen on 
chest radiographic studies, but not ARDS, using a natural 
language processing algorithm applied to their associated 
reports written by radiologists (additional description in 
the appendix p 3). 

The training dataset included all consecutive patients 
admitted to hospital at the University of Michigan 
between Jan 1, 2016, and June 30, 2017, who developed 
acute hypoxaemic respiratory failure, defined as a 
PaO2/FiO2 less than 300 while on one of the following 
respiratory support modalities: invasive mechanical 
ventilation, non-invasive ventilation, or heated high-flow 
nasal cannula. Patients received care in the medical, 
surgical, cardiac, or neurological intensive care unit. 
Patients transferred to the University of Michigan from 
outside hospitals were excluded because ARDS might 
have developed before transfer in these patients. The 
training dataset was further randomly split by patient, 
such that 80% was used for CNN training and 20% for 
validation. 

All chest radiographs done during the first 7 days of 
hospitalisation   were   used   for   training.   Each   chest 

Research in context 

Evidence before this study studies using deep learning methods to diagnosis COVID-19 
Acute respiratory distress syndrome (ARDS) is a common using chest radiographs and a few designed to determine 
critical illness syndrome associated with significant mortality, COVID-19 severity, but none were specifically designed to 
but is under-recognised in clinical practice. A key criterion of the detect findings of ARDS. 
Berlin ARDS definition is the presence of bilateral airspace 

Added value of this study 
disease on chest imaging, but physician interpretation of chest We successfully trained a deep convolutional neural network to imaging studies for this finding is highly variable. Machine- analyse chest radiographs and identify findings consistent with 
learning algorithms called deep convolutional neural networks ARDS. We found that the resulting algorithm could identify have been trained to automatically identify many relevant ARDS findings with high accuracy in patients from two centres. 
findings on images with expert physician-level accuracy Visual evaluation of the algorithm outputs confirmed that it 
(eg, diabetic retinopathy and skin cancer). We were unaware of learned to focus on regions of the lung that exhibited opacities 
their use to analyse chest radiographs for ARDS. We searched when classifying images as consistent with ARDS. Performance 
PubMed for studies indexed in MEDLINE using the key words of the algorithm was consistent with or higher than individual 
and MeSH terms, (“ARDS” OR “Acute Respiratory Distress physician performance. Syndrome” OR “Respiratory Distress Syndrome, Adult” 
[MeSH Terms]) AND (“Deep Learning” [MeSH Terms] OR Implications of all the available evidence 
“Convolutional Neural Network”). We did not identify any These results demonstrate the power of machine-learning 
studies that applied these algorithms to chest radiographs for algorithms in the analysis of chest radiographs for ARDS. 
ARDS in this search. Because ARDS can also be seen in patients Further research is needed to evaluate the use of such 
with COVID-19, we also searched for studies specifically related algorithms to support management of ARDS patients in clinical 
to COVID-19 using the keywords and MESH terms, (“COVID-19” practice or to more consistently recruit ARDS patients into 
AND “Deep Learning” [MeSH Terms]). We identified many clinical studies. 
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radiograph was independently reviewed for the presence 
of ARDS by at least two physicians trained in critical 
care medicine with an interest in ARDS research. While 
also reviewing other clinical data from each patient’s 
hospitalisation, physicians rated whether each image had 
bilateral opacities present that were consistent with 
ARDS on a 1–8 ordinal scale. The scale ranged from 1 (no 
ARDS, high confidence) to 8 (ARDS, high confidence; 
appendix p 5). We used an eight-point scale to maximise 
annotation reliability.15 The eight-point scale did not have 
a middle value, which forced annotators to choose 
whether a radiograph was consistent with ARDS, while 
still quantifying their uncertainty. The intraclass cor- 
relation among physicians reviewing the same image 
was 0·56. 

The internal testing dataset included all consecutive 
patients admitted to hospital at University of Michigan 
between July 1 and Dec 1, 2017, who developed acute 
hypoxaemic respiratory failure, defined as mentioned 
earlier. There was no patient overlap in the internal 
training and test sets. Inclusion and exclusion criteria 
were the same as the training dataset except only chest 
radiographs obtained when patients had acute 
hypoxaemic respiratory failure were included to 
maximise the clinical relevance of the evaluation. Some 
physicians annotated chest radiographs in both the 
internal training and test sets. A two class latent class 
model (ARDS or not ARDS) was used to combine 
annotations among physicians and determine radiograph 
labels. A three class model was also explored (ARDS, 
uncertain, not ARDS). Nine physicians participated in 
reviewing a subset of 413 chest radiographs in the 
internal test set, in which each image was reviewed by at 
least six physicians, including a chest radiologist 
(appendix p 4). 

The external testing dataset included patients admitted 
to the Hospital of the University of Pennsylvania 
(Philadelphia, PA, USA)  between  Jan  1,  2015,  and  
Dec 31, 2017, who were enrolled in a prospective sepsis 
cohort study (appendix p 6).16,17 The dataset included 
chest radiographs done during the first 5 days of 
intensive care unit admission, which were previously 
annotated for ARDS as part of the prospective study 
(although differently than the University of Michigan 
datasets). Individual pulmonologist physicians from the 
University of Pennsylvania who were trained in ARDS 
clinical research annotated the images as ARDS, 
equivocal, and not ARDS.18 Physicians annotated images 
as equivocal if the image was deemed difficult to classify 
due to other abnormalities present on the image or poor 
technique.18 For all datasets, physician reviewers were 
masked to the CNN result. 

 
CNN training 
The training pipeline and various transfer learning 
approaches evaluated are illustrated in  the  appendix 
(p 2). Code used to train the CNN was adapted from a 

publicly available source (aligholami/CheXpert-Keras).19 

First, CNNs were trained to detect 14 common 
descriptive chest radiograph findings (eg, oedema, 
infiltrate, and pleural effusion) on the pretraining 
dataset. Next, the network parameters were fine-tuned 
to detect ARDS on the University of Michigan training 
dataset. Networks trained using various transfer 
learning approaches were compared, which limited the 
number of network parameters that could be fine-tuned 
in different parts of the model. CNNs without the 
pretraining step were also trained. In total, seven CNNs 
were trained. Additional technical details are described 
in the appendix (p 7). To improve calibration, Platt 
scaling was done on the CNN output using parameters 
derived from the validation portion of the training 
dataset (appendix p 9).20 

 
Statistical analysis 
All seven CNNs trained during the study were evaluated 
in the University of Michigan internal test set for their 
ability to discriminate chest radiographs that were 
consistent with ARDS. The CNN with the highest area 
under the receiver operator characteristics curve (AUROC) 
was selected for further evaluation. All subsequent 
analysis, including external testing, was done solely using 
this CNN. The area under the precision-recall curve 
(AUPRC), a measure of the trade-off between sensitivity 
and positive predictive value, was also used as a secondary 
metric of discrimination. CNN sensitivity and specificity 
were calculated after setting the CNN’s calibrated proba- 
bility threshold to 0·5 for identifying chest radiographs 
consistent with ARDS. CI generation and statistical 
testing were done using block bootstrapping to handle 
repeated measures by resampling at the patient level 
(appendix p 9).21 

To compare the best performing CNN to individual 
physicians, a subset of 413 chest radiographs in the 
internal test set were reviewed by additional physicians. 
Nine physicians annotated chest radiographs in this 
subset, with each reviewing at least 120 images. Individual 
physician performance was determined by comparing the 
physician’s annotation to a reference standard derived 
from the average of five other physicians from this group 
of nine who reviewed the same image. Individual 
physician true positive rates (sensitivity) and false positive 
rates (1-specificity) were plotted against the CNN’s receiver 
operator characteristics curve on the same patient popula- 
tion. Individual physician precision (positive predictive 
value) and recall (sensitivity) were plotted against the 
model’s precision-recall curve. 

A boxplot of the CNN’s ARDS probability estimates for 
each image was created after grouping chest radiographs 
based on how many physicians  annotated  the  image 
as ARDS. Gradient-weighted class activation mapping 
(Grad-CAM) was used to visualise areas of CNN focus 
within each image when the CNN classified images as 
ARDS.22 After grouping images on the basis of their 
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number of ARDS annotations, Grad-CAM visualisations 
were used to inspect images assigned the highest ARDS 
probability to gain insight into CNN decisions. 

As a secondary analysis in the University of Michigan 
test set, CNN performance was compared in patients 
defined based on demographic subgroups (age, sex, race, 
and body-mass index [BMI]). CNN calibration was also 
assessed by generating a calibration plot and deter- 
mining the intercept and slope (appendix p 12). Because 
physicians annotating the University of Michigan dataset 
also identified the time when patients met all ARDS 
criteria, the time from ARDS onset to CNN detection was 
quantified to determine if potential delays might occur if 
the network was deployed in practice. Delay could occur 
if the CNN did not identify ARDS on the first chest 
radiograph that physicians identified as ARDS, but on a 
subsequent chest radiograph. Additionally, an exploratory 
analysis was done to evaluate the CNN performance 
using the three-class latent model to categorise chest 
radiographs (appendix p 11). 

In the external test set, chest radiographs had been 
previously annotated ARDS, equivocal, or not ARDS. To 
evaluate the best performing CNN in this dataset, both 
chest radiographs annotated as equivocal or not ARDS 
were analysed as not ARDS. In a secondary analysis, 
performance metrics were calculated after chest radio- 
graphs labelled equivocal were excluded. A boxplot of 
ARDS probabilities was created grouping chest radio- 
graphs based on these annotation categories. 

Role of the funding source 
The funders had no role in the study design; collection, 
analysis, and interpretation of data; writing of the report; 
or the decision to submit the Article for publication. 

 
Results 
Demographics of each dataset are reported in the table. 
The University  of  Michigan  training  set  included  
8072 chest radiographs from  1778  patients,  with  
2665 (33%) consistent with ARDS based on physician 
review. The University of Michigan internal test set 
included 1560 chest radiographs from 455 patients, with 
438 (28%) consistent with ARDS. The external test set 
included 958 chest radiographs from 431 patients, with 
445 (46%) consistent with ARDS based on physician 
review. The most common ARDS risk factors were 
pneumonia followed by sepsis from a non-pulmonary 
source. 

The training, validation, and internal testing AUROCs 
for all seven CNNs are reported in the appendix (p 10). 
The best performing CNN (AUROC 0·92, 95% CI 0·89–
0·94)    had    the    last    convolutional    block    and 
subsequent layers fine-tuned to detect ARDS while all 
others kept fixed after pretraining (appendix p 2; 
version ii). This CNN had a slightly higher AUROC than 
a network with all parameters fine-tuned (AUROC 0·91, 
95% CI 0·89–0·94; appendix p 2; version iii), a difference 
that  was  not  statistically  significant  (p=0·56).  However, 
this later network had a large drop between training and 
validation  performance  (AUROC  0·97–0·89;  p<0·001), 
suggesting overfitting (appendix p 10). CNNs that did 
not undergo chest radiograph pretraining had lower 
performance (appendix p 10). Therefore, all subsequent 
analysis was done using the CNN illustrated in the 
appendix (p 2; version ii). 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

versa. 
The ARDS probability estimated by the CNN also 

tracked with the number of physicians who annotated 
the radiograph as consistent with ARDS (figure 1). 
Among chest radiographs with zero of six ARDS 
annotations (n=155), the median calibrated CNN proba- 
bility was 11% with six (4%) of 155 assigned a probability 

Chest radiographs 8072 1560 958 The CNN was evaluated in a subset of 413 chest 
Radiographs with ARDS* 2665 (33%) 438 (28%) 445 (46%) radiographs from the University of Michigan internal 
Age, years 62 (51–71) 63 (53–72) 61 (52–69) test set with additional physician reviews to enable 
Sex    comparisons to individual physicians (figure 1). When 

Male 1036 (58%) 266 (58%) 251 (58%) evaluated against this stronger reference standard, the 
Female 742 (42%) 189 (42%) 180 (42%) AUROC was 0·93 (95% CI 0·88–0·96). CNN sensitivity 

Race    was 83·0% (95% CI 74·0–91·1) and specificity was 88·3% 
White 1515 (85%) 377 (83%) 273 (63%) (95% CI 83·1–92·8) using a threshold of 50% probability 
Black 164 (9%) 49 (11%) 129 (30%) to identify ARDS. The AUPRC was 0·79 (95% CI 
Other or unknown† 99 (6%) 29 (6%) 29 (7%) 0·63–0·88). Using the chest radiologist alone as the 

ARDS risk factor    reference standard, the AUROC was 0·92 (95% CI 
Pneumonia 591 (33%) 126 (28%) 101 (23%) 0·87–0·96). Compared with each physician, the CNN 
Aspiration 215 (12%) 39 (9%) NA showed similar performance, with physicians tracking 
Non-pulmonary sepsis 394 (22%) 114 (25%) 330 (77%) along the CNN’s receiver operator characteristic curve, at 
Trauma 110 (6%) 28 (6%) NA either higher specificity and lower sensitivity, or vice 

 

Patients 

Training dataset 
(University of 
Michigan) 

1778 

Internal testing External testing dataset 
dataset (University of (University of 
Michigan) 

455 

Pennsylvania) 

431 

Data are n, n (%), or median (IQR). ARDS=acute respiratory distress syndrome. NA=not applicable. APACHE=Acute 
Physiology and Chronic Health Evaluation. *Based on physician reviews. †Includes Asian, American Indian, 
Native Alaskan, Native Hawaiian, or other Pacific Islander. 
 
Table: Characteristics of patients in training and testing datasets 

APACHE score 67 (52–85) 68 (55–86) 98 (72–129) 
30-day mortality 420 (24%) 119 (26%) 188 (44%) 
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above  50%.  Among  chest  radiographs  with  six  of  
six ARDS annotations (n=27), the median CNN 
probability was 91% and with two (7%) of 27 assigned 
a probability below 50%. Among chest radiographs 
with disagreement  among  physicians  (eg,  three  of  
six physicians annotating the radiograph as ARDS), the 
CNN assigned intermediate probabilities. 

Among chest radiographs correctly classified (six of 
six physician annotations for ARDS, high CNN 
probability), the CNN focused on regions of the lung that 
exhibited opacities based on Grad-CAM visualisations 
(figure 2). Among chest radiographs annotated by all 
six physicians as ARDS, but assigned lower CNN 
probabilities, the CNN focused on findings outside the 
lung. Among chest radiographs without ARDS annota- 
tions, but assigned a higher CNN probability, the CNN 
focused on right-sided unilateral disease. Finally, among 
radiographs with disagreement among clinicians, but 
assigned a higher CNN probability, the CNN focused on 
the right lung, which appeared to have more prominent 
disease. 

CNN performance was evaluated on demographic 
subgroups as a secondary analysis using the entire 
University of Michigan internal test set (figure 3; appendix 
p 10). AUROC was not significantly different in men (0·91) 
and   women   (0·93;   p=0·21).   AUROC   was   also   not 
significantly different in White patients (0·92) and Black 
patients   (0·90;   p=0·63).   It   was   also   not   significantly 
different across age categories. The AUROC was higher in 
patients  with  a  BMI  of  30–35  kg/m²  (0·96),  compared 
with  a  BMI  of  less  than  25  kg/m²  (0·89;  p=0·004)  and 
BMI of more than 35 kg/m² (0·96 vs 0·90; p=0·026). CNN 
calibration is reported in the appendix (p 11). In an analysis 
to determine if there would be detection delay in patients 
the CNN correctly identified as having ARDS, the median 
time when the model detected ARDS was 0 h after 
physician reviewers determined the patient met ARDS 
criteria, with an IQR of 4 h before 0 h after onset. The 
median time between the first and last chest radiograph 
for any individual patient was 19 h. An exploratory analysis 
evaluating CNN performance after categorising chest 
radiographs into three groups, which found that the CNN 
had very high performance when chest radiographs 
assigned to the uncertain class were excluded, is presented 
in the appendix (p 11). 

The CNN was then evaluated on the University of 
Pennsylvania external test set. The network’s AUROC 
was 0·88 (95% CI 0·85–0·91) and AUPRC was 0·86 
(95% CI 0·82–0·90; figure 4). When chest radiographs 
annotated as equivocal were excluded as a secondary 
analysis, the AUROC was 0·93 (95%  CI  0·92–0·95)  
and AUPRC was 0·95 (95% CI 0·92–0·96). The CNN 
assigned intermediate probabilities to chest radio- 
graphs annotated as equivocal compared with chest 
radiographs annotated as ARDS and not ARDS. CNN 
calibration was not substantially worse than in the 
internal test set (appendix p 12). 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 1: CNN performance 
for identifying ARDS on 
chest radiographs compared 
to individual physician 
performance in the internal 
holdout test set 
The deep CNN was compared 
with individual physicians in 
the subgroup of 413 chest 
radiographs that were each 
reviewed by at least 
six physicians, including a 
chest radiologist and 
physicians trained in intensive 
care medicine. Individual 
physician performance was 
determined using a reference 
standard that was derived 
based on ARDS annotations 
from the five other physicians 
reviewing the same 
radiograph. (A) CNN receiver 
operating characteristics curve 
plotted against individual 
physician TPR and FPR, and 
AUROC. (B) CNN precision- 
recall curve plotted against 
individual physician precision 
(PPV) and recall (sensitivity), 
and AUPRC. (C) CNN 
probability outputs for chest 
radiographs grouped by the 
number of physicians 
annotating each as ARDS. 
Boxplots show median, 
25th and 75th percentile, 
and 1·5 × IQR. Dots represent 
points outside this range. 
CNN=convolutional neural 
network. ARDS=acute 
respiratory distress syndrome. 
AUROC=area under the 
receiver operator characteristic 
curve. AUPRC=area under the 
precision-recall curve. 
TPR=true positive rate. 
FPR=false positive rate. 
PPV=positive predictive value. 
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Figure 2: Visualising CNN activations in chest radiographs for error analysis in ARDS detection 
Chest radiographs were grouped based on CNN probabilities of ARDS and physician ARDS annotations and then Grad-CAM was used to localise areas used by the 
CNN to identify ARDS within the radiographs. The heat map illustrates the importance of local areas within the image for classification. The importance value is 
scaled between 0 and 1 where a higher number indicates that the area is of higher importance for classifying the image as consistent with ARDS. (A) Chest 
radiographs annotated as ARDS by six of six physicians and assigned a high CNN probability. (B) Chest radiographs scored as consistent by six of six physicians but 
assigned a lower probability by the CNN. (C) Chest radiographs annotated as ARDS by zero of six physicians but assigned a high probability by the CNN. (D) Chest 
radiographs with disagreement among physicians (three of six physicians annotating ARDS) and assigned a high probability by the CNN. CNN=convolutional neural 
network. ARDS=acute respiratory distress syndrome. Grad-CAM=gradient-weighted class activation mapping. P(ARDS)=probability that the chest radiograph is 
consistent with ARDS. 

Discussion 
ARDS is a common critical illness syndrome, which can 
be difficult to consistently identify due to variation in inter- 
pretation of chest imaging. We trained a CNN to detect 
ARDS on chest radiographs that showed performance 
equivalent to physicians involved in ARDS research and 
generalised to chest radiographs from an external centre. 

The increasing availability of digitally archived medical 
imaging datasets have catalysed many efforts to develop 
machine-learning models to support patient care. 
However, the insufficiency of annotations relevant to 
important clinical problems remains a major impedi- 
ment.23 Given the data-hungry nature of these CNN-based 
machine-learning models, investigators are left choosing 
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Figure 3: CNN performance for identifying ARDS on chest radiographs by 
patient subgroups 
Race categories were self-reported. Error bars represent 95% CI estimates of the 
AUROC. Race category other includes patients who are Asian, American Indian, 
Native Alaskan, Native Hawaiian, other Pacific Islander, or unknown race. 
CNN=convolutional neural network. ARDS=acute respiratory distress syndrome. 
AUROC=area under the receiver operator characteristics curve. BMI=body-mass 
index. 

 

to do costly and time-consuming annotation by human 
experts or use an imperfect labelling approach. We used a 
hybrid approach, leveraging a dataset of chest radiographs 
carefully annotated for ARDS and two large datasets for 
common chest radiographic findings. Using transfer 
learning, these large datasets enabled the CNN to learn a 
general representation of chest radiographs to jump-start 
ARDS training.11 Without this transfer learning approach, 
the CNN was unable to achieve similar ARDS accuracy. 

We found the CNN trained to detect ARDS had only a 
small decline when applied to chest radiographs at an 
external centre. This finding is in contrast to other work 
training CNNs to detect pneumonia, where a network 
trained using data from two institutions failed to 
generalise to a third.24 Investigators postulated that the 
network learned confounded features—eg, features of an 
image distinguishing the hospital system where it was 
acquired to determine if the image was consistent with 
pneumonia. The constraints set on our network during 
transfer learning, potentially limiting its ability to overfit, 
might be one potential explanation for our network’s 
preserved performance. Other important differences 
include the use of a two-centre pretraining dataset and 
expert physician annotations, rather than radiology 
reports, to evaluate performance. 

We generated class activation maps (Grad-CAM) to see 
where the CNN was focusing when classifying radio- 
graphs as ARDS. When classifying images correctly, the 
CNN appeared to focus on abnormalities within the 
lungs. When the CNN misclassified images, it sometimes 
appeared to identify unilateral lung disease or findings 
outside the lungs. CNNs have been suggested to make 

 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 4: CNN performance 
for identifying ARDS on 
chest radiographs in an 
external test set 
Receiver operator curve which 
is the plot of the TPR and FPR 
(A), and precision-recall curve 
which is the plot of the PPV 
and the model sensitivity (B), 
and probability outputs from 
the CNN across chest 
radiograph annotation 
categories, showing median, 
25th and 75th percentile, 
and 1·5 × IQR (C). Dots 
represent points outside this 
range. CNN=convolutional 
neural network. ARDS=acute 
respiratory distress syndrome. 
AUROC=area under the 
receiver operator characteristic 
curve. AUPRC=area under the 
precision-recall curve. 
TPR=true positive rate. 
FPR=false positive rate. 
PPV=positive predictive value. 
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decisions on the basis of the presence of small local 
features within images, with less emphasis placed on 
their spatial ordering.25 Therefore, CNNs might have 
difficulty learning that local textural features with the 
appearance of lung injury must be within the lungs to 
represent ARDS. Networks that better account for these 
relationships—eg, through jointly segmenting the lungs 
followed by classifying abnormalities—might lead to 
improved performance. 

ARDS is often under-recognised or identification is 
delayed in clinical practice, and patients do not always 
receive guideline-recommended interventions,1 including 
lung protective mechanical ventilation and prone 
positioning.2,3 Automated alert systems have been pro- 
posed to improve ARDS identification,26 because when 
physicians recognise that patients have ARDS, they are 
more likely to provide evidence-based interventions.2 

Previous efforts to develop automated ARDS detection 
systems typically analyse the electronic health records 
and the text of radiology reports.27 In contrast, the CNN 
developed here analyses digital chest radiographs directly. 
However, deploying the network might require additional 
health technology investment, including automated 
identification of patients with a PaO2/FiO2 of less than 300 
from electronic health records, computational analysis of 
radiographs stored in picture archiving and communica- 
tions systems, and a mechanism for providing the results 
to physicians. 

Our study has limitations. First, ARDS is a syndrome 
defined by a shared set of clinical features, and the 
diagnosis of ARDS is currently based on the combination 
of clinical and radiological criteria for which there is no 
established or easily available gold standard diagnostic 
test.28 Therefore, training a CNN to detect findings of 
ARDS relied on annotations from expert physicians, who 
also have imperfect reliability.4 To address this issue, we 
used a standardised scale, and reference standard, that 
combined multiple independent physician reviews to 
improve reliability. Second, the external test set was 
annotated using an alternative method useful in ARDS 
translational   research,   but   perhaps   less   optimal 
for algorithm evaluation and did not include exact time-
stamps of ARDS onset, preventing an assessment of 
possible detection delay. Nonetheless, the strong 
performance in the external dataset, even with a different 
reference standard and different physician annotators, 
suggests that the network is robust. Third, selection bias 
among patients in the datasets used for training could 
limit its generalisability. While the distribution of 
patients analysed is typical of other ARDS research,2 it 
did not have balance between men and women, and 
certain patients had lower representation (eg, trauma). 
Thus, validation of the network in additional patient 
populations and clinical settings should be done. Finally, 
although we evaluated the network after setting a 
threshold of 50% probability to identify ARDS, the 
threshold ultimately used to determine whether a patient 

 
has ARDS is probably context specific. In some scenarios 
(eg, provision of lung protective ventilation), a lower 
threshold to maximise sensitivity is preferable, whereas 
in other scenarios (eg, recruitment of patients to ARDS 
clinical trials), a higher threshold to maximise specificity 
might be preferred. 

In summary, these results show the power of deep 
learning models, which can be trained to accurately 
identify chest radiographs consistent with ARDS. Further 
research is needed to evaluate how the use of these 
algorithms could support real-time identification of 
ARDS patients to ensure fidelity with evidence-based 
care or to support ongoing ARDS research. 
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