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Abstract

Background: Improvement in recognition and referral of pulmonary 
fibrosis (PF) is vital to improving patient outcomes within interstitial 
lung disease. We determined the performance metrics and process-
ing time of an artificial intelligence triage and notification software, 
ScreenDx-LungFibrosis™, developed to improve detection of PF.

Methods: ScreenDx-LungFibrosis™ was applied to chest computed 
tomography (CT) scans from multisource data. Device output (+/- 
PF) was compared to clinical diagnosis (+/- PF), and diagnostic per-
formance was evaluated. Primary endpoints included device sensitiv-
ity and specificity > 80% and processing time < 4.5 min.

Results: Of 3,018 patients included, PF was present in 22.9%. 
ScreenDx-LungFibrosis™ detected PF with a sensitivity and specific-
ity of 91.3% (95% confidence interval (CI): 89.0-93.3%) and 95.1% 
(95% CI: 94.2-96.0%), respectively. Mean processing time was 27.6 
s (95% CI: 26.0 - 29.1 s).

Conclusions: ScreenDx-LungFibrosis™ accurately and reliably 
identified PF with a rapid per-case processing time, underscoring its 
potential for transformative improvement in PF outcomes when rou-
tinely applied to chest CTs.

Keywords: Pulmonary fibrosis; Interstitial lung disease; Early detec-
tion; Artificial intelligence

Introduction

Interstitial lung disease (ILD) encompasses a spectrum of het-

erogenous parenchymal disorders, many of which are char-
acterized by the development and progression of pulmonary 
fibrosis (PF). The presence of PF confers poor clinical out-
comes, which may in part be due to a delay in disease recogni-
tion and subsequent referral to a tertiary care center. The fac-
tors underpinning these delays are multifactorial, due in part 
to frequent misdiagnosis with more commonly encountered 
diseases such as asthma or emphysema and underreporting of 
radiographic features characteristic of ILD [1-4]. Establishing 
concrete methods to increase recognition and referral of early 
PF is vital to improving patient outcomes.

In recent years, there has been rapid expansion in the use 
of artificial intelligence (AI) algorithms to classify and predict 
outcomes in ILD [5-8]. However, few studies have focused 
on the use of AI for screening and triage of PF. We hypoth-
esize that a highly accurate and precise triage tool that requires 
minimal per-case processing time could be leveraged to im-
prove outcomes within ILD. The objective of this study was 
to externally validate the performance metrics and processing 
time of an AI software, ScreenDx-LungFibrosis™, developed 
to improve detection of PF [9].

Materials and Methods

Study data

This study leveraged public and private clinical trial and reg-
istry data provided by the National Institutes of Health (NIH), 
The Cancer Imaging Archive (TCIA), and Open Source Imag-
ing Consortium (OSIC). Patient demographics, chest computed 
tomography (CT) scans, and site-specific diagnoses were col-
lected. We consulted extensively with the Argus Institutional 
Review Board (IRB) who determined that our study did not 
need ethical approval. An IRB official waiver of ethical approv-
al was granted from the Argus IRB (adjudication #081920). The 
data protocols are in accordance with the ethical standards of our 
institution and with the 1964 Helsinki Declaration and its later 
amendments or comparable ethical standards.

Study population

We performed a retrospective analysis of patients ≥ 22 years 
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old (per the Food and Drug Administration (FDA) Center for 
Devices and Radiologic Health definition of adulthood [10]) 
with available chest CTs and site-specific PF diagnoses (cat-
egorized as present or absent). PF was defined broadly as any 
fibrotic ILD (fILD; physician confirmed diagnosis of ILD with 
fibrotic features, including reticulation, honeycombing, trac-
tion bronchiectasis, and/or architectural distortion). The diag-
nosis of PF was made by physician determination at the re-
spective sites and supported by the International Classification 
of Diseases: Ninth Revision (ICD-9) diagnosis codes where 
available within the electronic medical record. The majority of 
PF diagnoses were achieved via gold-standard multidiscipli-
nary discussion (MDD) (Table 1).

CT parameters

ScreenDx-LungFibrosis™ was designed to detect PF across a 
broad range of CT specifications, therefore, a variety of thin-
acquisition and axial-reconstruction images were obtained. CT 
image slice thickness were ≤ 5 mm and included a full view 
of both lungs, with minimal motion artifact, imaging noise, 
blooming, or misregistration. The sharpest available recon-
struction kernel per study was used for analysis. No images 
used during device training were utilized in this protocol.

Model design

ScreenDx-LungFibrosis™ is a deep learning, convolutional 
neural network designed to identify CT imaging features con-
sistent with PF (Fig. 1). It was developed as an adjunct for 
flagging and triaging cases suspicious for PF. The algorithm 
was trained on a multisource international dataset of > 3,600 
patients and finetuned within a USA-based pulmonary co-
hort of 381 patients. Data were split into training, tuning, and 
“holdout” testing sets that were used to ensure generalizability 
of the model. In development and testing, the model area un-
der the receiver operating characteristic (AUROC) was 0.997 
(95% confidence interval (CI): 0.98 - 1.00), with a sensitivity 
and specificity of 100% and 98%, respectively [9].

Study outcomes

Primary study endpoints were: 1) model sensitivity and speci-
ficity > 80% compared to site-specific diagnosis; and 2) case 
processing time to notification generation < 4.5 min (95% CI: 
4.1 - 4.8), evaluated in a randomly selected subset of 300 pa-
tients. The sensitivity/specificity and processing time thresh-
olds were chosen based on FDA performance cutoffs for com-
puter-aided detection triage tools (e.g., K201020, DEN170073, 
K182875) [11].

Statistical analysis

Sensitivity and specificity outcomes were compared to the 

80% targets based on one-sided hypothesis tests examining the 
lower 95% confidence bound (97.5% level). Baseline patient 
and CT characteristics were summarized using descriptive sta-
tistics. Model output was analyzed using AUROC, and perfor-
mance metrics were determined. All analyses were conducted 
using Stata software (17.1).

Results

Cohort characteristics

Of the 13,354 patients evaluated, 3,018 met inclusion criteria 
(Supplementary Material 1, www.jocmr.org). The median age 
was 65 years, and 55.5% (n = 1,678) were male (Table 1). Pa-
tients with PF were significantly older than those without PF 
(69.9 years vs. 63.2 years, P < 0.001). The majority of patients 
were ever-smokers (61.8%, n = 1,865), and of those with availa-
ble race/ethnicity data (n = 1,662), 84.9% (n = 1,411) were White.

PF was present in 22.9% (n = 692) of patients. Among 
subjects with PF, idiopathic pulmonary fibrosis (IPF) was most 
common (n = 562, 81.2%). In patients without PF, 35.5% had 
normal CT imaging without evidence of disease (n = 1,072), 
14.2% had cancer (n = 429), and 12.3% had coronavirus dis-
ease 2019 (COVID-19) (n = 371). The average CT slice thick-
ness was 1.6 mm in patients with PF, compared to 2.4 mm in 
those without PF (P < 0.001). CT manufacturers are listed here 
(Supplementary Material 2, www.jocmr.org).

Device performance

ScreenDx-LungFibrosis™ had a sensitivity and specificity for 
detecting PF of 91.3% (95% CI: 89.0-93.3%) and 95.1% (95% 
CI: 94.2-96.0%), respectively, which met the prespecified pri-
mary endpoints (Table 2). The device performed well under 
conditions with both low (10%) and high (50%) prevalence of 
PF (positive predictive value (PPV) of 66.9% and 94.8%, and a 
negative predictive value (NPV) of 99.0% and 91.4%, respec-
tively). Patients that screened positive for PF were 19 times 
more likely to have PF compared to those that screened nega-
tive (likelihood ratio (LR)+ 18.8, 95% CI: 15.8 - 22.9), and the 
odds of detecting PF in the study population were 206.3 (95% 
CI: 149 - 286). The mean processing time was 10-fold faster 
than the pre-specified endpoint (27.6 s, 95% CI: 26.0 - 29.1 s 
vs. 4.5 min, 95% CI: 4.1 - 4.8 min; P < 0.0001).

Discussion

In this large external validation study leveraging multisource, 
international data, we demonstrate that ScreenDx-LungFibro-
sis™ accurately and reliably identified PF with a strikingly 
rapid per-case processing time. As delays in recognition and 
timely referral of PF contribute significantly to morbidity and 
mortality within ILD, we believe that routine application of 
this screening and triage tool, particularly within the context of 
studies ordered in the emergency department (ED) or for high-
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risk populations, would lead to improved patient outcomes.
Due to a variety of factors, patients with ILD often present 

to care late in the course of disease, at which time, significant 
and irreversible PF has developed, and treatment is limited. 

The ED is one such setting that likely contributes to these 
delays. Here, clinicians focus on obtaining preliminary imag-
ing interpretations that answer a specific and emergent ques-
tion. Within that context, complete interpretations that include 

Table 1.  Baseline Cohort Characteristics

Characteristic PF (n = 692) No PF (n = 2,326) Total (n = 3,018) P value
Age (years), median (IQR) 69.9 (63.0 - 74.0) 63.2 (58.3 - 71.0) 65.0 (58 - 72) < 0.001
Age (years), n (%)
  ≤ 40 1 (0.1) 106 (4.6) 107 (3.5) -
  41 - 50 16 (2.3) 80 (3.4) 96 (3.2) 0.02
  51-60 86 (12.4) 591 (25.4) 677 (22.4) 0.69
  61-70 254 (36.7) 647 (27.8) 901 (29.8) < 0.001
  > 70 326 (47.1) 453 (19.5) 779 (25.7) 0.06
Male, n (%) 519 (75.0) 1,678 (55.5) 1,678 (55.5) 0.14
Racea

  White 117 (92.1) 1,294 (85.2) 1,411 (85.8) 0.03
  Black 15 (3.9) 147 (9.7) 152 (9.2) 0.44
  Asian 2 (1.6) 46 (3.0) 48 (2.9) 0.35
  Multi 1 (0.8) 22 (1.5) 23 (1.4) 0.54
  Hawaiian/Islander 0 (0.0) 8 (0.5) 8 (0.5) 0.41
  American Indian 2 (1.6) 1 (< 0.1) 3 (0.2) < 0.001
Ethnicitya

  Hispanic 14 (10.4) 59 (3.9) 73 (4.4) < 0.001
Tobacco use, n (%) 469 (67.7) 1,396 (60.0) 1,865 (61.8) < 0.001
BMI, median (IQR)b 28.0 (25.4 - 31.4) 27.3 (24.2 - 30.7) 27.3 (24.3 - 30.8) 0.01
Primary diagnoses, n (%)
  PF 692 (100.0) - 692 (22.9)
  Normal scan - 1,072 (35.5) 1,072 (35.5)
  Cancer - 429 (14.2) 429 (14.2)
  COVID-19 - 371 (12.3) 371 (12.3)
  Emphysema - 204 (6.8) 204 (6.8)
  ILD 692 (100.0) 63 (2.7) 755 (25.1)
    IPF 562 (81.2) 0 (0.0) 562 (74.4)
    Other ILDsc 130 (18.8) 63 (100.0) 193 (25.6)
  Other - 93 (4.0) 93 (3.1)
  Pneumonia - 52 (1.7) 52 (1.7)
  Granulomatous disease - 42 (1.4) 42 (1.4)
Method of diagnosis, n (%)
  Multi-disciplinary discussion (MDD) 437 (63.2) 533 (22.9) 970 (32.1)
  Site-reported diagnosis (clinical or ICD codes) 255 (36.8) 1,793 (77.1) 2,048 (67.9)
CT slice thickness (mm), average (max) 1.6 (5.0) 2.4 (5.0) 2.2 (5.0) < 0.001

aRace and ethnicity data were available in 1,662 (38.5%) of patients. bBMI data were available in 52% of patients. cOther ILDs include bronchiolitis, 
chronic hypersensitivity pneumonitis, cryptogenic organizing pneumonia, connective tissue disease-associated ILD, desquamative interstitial pneu-
monia, eosinophilia granulomatosis with polyangiitis, nonspecific interstitial pneumonia, sarcoidosis, pneumoconiosis, and vasculitis. Note: patients 
could have multiple primary diagnoses, so column total will not equal 100%. BMI: body mass index; PF: pulmonary fibrosis; IPF: idiopathic pulmonary 
fibrosis; ILD: interstitial lung disease; CT: computed tomography; ICD: International Classification of Diseases; COVID-19: coronavirus disease 2019; 
IQR: interquartile range.
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Figure 1. ScreenDx-LungFibrosis™ analysis algorithm. (a) ScreenDx-LungFibrosis™ supervised training: The analysis algo-
rithm receives volumetric CT input normalized to standardized pixel values (1) from thousands of labeled cases (i.e., positive or 
negative for PF). It is then trained (2) using a Convolutional Neural Network (CNN) that incorporates thousands of features via 
hidden layers (3) into the network. Algorithm output (4) is compared to the “truth”, established by the labeled cases, and feeds 
back into the model to optimize layer weights. (b) ScreenDx-LungFibrosis™ evaluation of new cases. The analysis algorithm 
receives volumetric CT input normalized to standardized pixel values (1) from new cases, which proceed through pre-trained 
hidden layers (2) with fixed weights per layer (3) to create a binary output (4) of 0 (no signs of PF) or 1 (suspicious for PF). PF: 
pulmonary fibrosis; CT: computed tomography.
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critical incidental findings such as PF may not be provided 
or communicated to patients until after discharge. Addition-
ally, patients at high risk for developing PF, such as those with 
a tobacco use history [12], or prior COVID-19 infection [13, 
14], may have evidence of subtle or early PF on imaging scans 
obtained for alternative purposes (e.g., lung cancer screening), 
and could benefit from highly sensitive, computer-aided tools 
that augment radiology review. ScreenDx-LungFibrosis™ 
performs with a rapid per-case processing time and can be uti-
lized across a broad range of CT manufacturers, highlighting 
its clear utility in improving early recognition and appropriate 
triage of PF in these settings.

Few other studies have focused on automated CT detection 
of ILD. High attenuation areas [15], interstitial lung abnormali-
ties [7], and various features identified by densitometric and his-
togram-based measurements [16, 17] and texture analysis [18, 
19] have all been evaluated as potential indicators of ILD and 
outcomes; however, these studies are suboptimal in providing 
a sensitive and specific method to objectively detect features of 
fibrosis, which confer the highest risk for progression and mor-
tality. ScreenDx-LungFibrosis™ operates at a sensitivity and 
specificity > 90% for detecting PF, and if used routinely, could 
enable clinicians to identify patients at the highest risk for poor 
outcomes from ILD. Additionally, through consistent recogni-
tion and automated reporting of PF, this tool could be an asset to 
centers lacking subspecialized radiologists, thus enhancing their 
ability to recognize and report PF early. Our system is validated 
across a wide range of demographics, and while statistically, 
males with a tobacco history are most likely to be diagnosed 
with PF, the benefit of identification and early treatment in the 
broader population (e.g., females under 60 years old) have po-
tential to be even more meaningful.

This study has several limitations: 1) Its retrospective 
study design using registry data that did not consistently in-
clude details on patient or site demographics; 2) The stage of 
PF was not consistently known, which limited the ability to 
evaluate tool performance in milder cases of PF; 3) As occurs 
with the use of any deep learning algorithm, the exact parame-

ters evaluated by ScreenDx-LungFibrosis™ are unknown; and 
4) Impact of this tool on clinical workflow and subspecialty 
pulmonary referral was not evaluated. Moving forward, pilot-
ing this technology to determine the feasibility of implementa-
tion is of critical importance.

In conclusion, ScreenDx-LungFibrosis™ accurately and 
reliably identified PF with a rapid per-case processing time, 
underscoring its potential for transformative improvement 
in outcomes when routinely applied in patients with fibrotic 
ILDs.

Supplementary Material

Suppl 1. Study flow diagram.
Suppl 2. Computed tomography manufacturers.
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