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Abstract
High-resolution computed tomography (HRCT) imaging is critical for diagnostic
evaluation of Idiopathic Pulmonary Fibrosis (IPF). However, several other interstitial
lung diseases (ILDs) often exhibit radiologic pattern similar to IPF onHRCTmaking
the diagnosis of the disease difficult. Therefore, biomarkers that distinguish IPF from
other ILDs can be a valuable aid in diagnosis. Usingmass spectrometry, we performed
proteomic analysis of plasma extracellular vesicles (EVs) in patients diagnosed with
IPF, chronic hypersensitivity pneumonitis, nonspecific interstitial pneumonitis, and
healthy subjects. A five-protein signature was identified by lasso regression and was
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validated in an independent cohort using ELISA. The five-protein signature derived
from mass spectrometry data showed an area under the receiver operating char-
acteristic curve of 0.915 (95%CI: 0.819–1.011) and 0.958 (95%CI: 0.882–1.034) for
differentiating IPF from other ILDs and from healthy subjects, respectively. Stepwise
backwards elimination yielded a model with 3 and 2 proteins for discriminating IPF
from other ILDs and healthy subjects, respectively, without compromising diagnostic
accuracy. In summary, we discovered and validated EV protein biomarkers for dif-
ferential diagnosis of IPF in independent cohorts. Interestingly, the biomarker panel
could also distinguish IPF and healthy subjects with high accuracy. The biomarkers
need to be evaluated in large prospective cohorts to establish their clinical utility.

KEYWORDS
and nonspecific interstitial pneumonia (NSIP), biomarker, chronic hypersensitivity pneumonitis (CHP),
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 INTRODUCTION

Idiopathic pulmonary fibrosis (IPF) is a chronic and progressively fibrosing interstitial pneumonia of unknown etiology that
often leads to respiratory failure (Wuyts et al., 2014). With a median survival of 3.8 years, IPF appears to be more lethal than
many cancer types (Wuyts et al., 2014). Diagnosis at early stage and therapeutic intervention before the lung function is severely
impaired could potentially improve treatment response, and thereby prolong survival (Flaherty et al., 2004).

High-resolution computed tomography (HRCT) is a crucial diagnostic component in clinical diagnosis of IPF. A clear mor-
phologic pattern of usual interstitial pneumonia (UIP) on HRCT indicates IPF. However, UIP is not synonymous with IPF as
other interstitial lung diseases (ILDs) including chronic hypersensitivity pneumonitis (CHP), and nonspecific interstitial pneu-
monia (NSIP), etc., may also exhibit a similar pattern (Wuyts et al., 2014). Therefore, accurate diagnosis of IPF involves exclusion
of other ILDs such as CHP and NSIP which necessitate inquiry into patient’s history and sometimes acquisition of surgical lung
biopsy or broncho-alveolar lavage fluid.
There is an unmet need to identify biomarkers for discerning IPF from other ILDs and to aid in IPF diagnosis. Several studies

have reported biomarkers for differential diagnosis of IPF (Greene et al., 2002; Ishii et al., 2003; Morais et al., 2015; Onishi et al.,
2020;White et al., 2016). Majority of these studies used the classical approach of biomarker identification wherein genes/proteins
with a putative role in the pathology of the IPF were evaluated for their efficacy as diagnostic markers, but their diagnostic
efficacy has been unsatisfactory.Notably, different ILDswith fibrosismay share similarmolecular landscapes between themselves.
Therefore, high-throughput analyses may help in discovering molecular changes unique to each ILD.
High-throughput analyses have recently attracted attention for identification of disease biomarkers owing to their ability to

quantify thousands of molecules in a single screening. The advantage of this approach is that (1) the biomarkers could be selected
from a large pool of genes/proteins and not limited to those with an evidence of disease involvement, and (2) will enable the use
of robust machine learning algorithms to select robust biomarkers from large pool of genes/proteins.
Extracellular vesicles (EVs) involved in intercellular signaling are a unique biologicalmatrix comprising different biomolecules

(DNA, RNA, proteins, and metabolites) and their compositions reflect the molecular and physiological status of the parental cell
(Kahlert et al., 2014; Kolonics et al., 2020; Phan et al., 2022; Thakur et al., 2014). Due to their high abundance in accessible body
fluids 2015), in the past decade, EVs have become a reliable source for biomarker discovery (Boukouris & Mathivanan, 2015;
Huda et al., 2021). In this study, we explored small EVs (exosomes) as a source of potential biomarkers for IPF diagnosis. We
focused on small EVs due to their higher stability for longer periods in circulation than large EVs (Record et al., 2018).

However,most of the studies examining lung diseases have focused on themiRNA cargowithin EVs for identifying biomarkers
(Njock et al., 2019). Recently there has been heightened interest in exploiting EV proteins as diagnostic biomarkers (Hinestrosa
et al., 2022; Li et al., 2021; Melo et al., 2015; Tian et al., 2021). There have been few studies exploring serum/plasma proteins as
biomarkers for differential diagnosis of IPF although with low accuracy (Greene et al., 2002; Morais et al., 2015; White et al.,
2016). The discovery of biomarkers on serum/plasma is confronted with inherent challenges. Serum/plasma contain high abun-
dant proteins while the valuable biomarkers are generally present several orders of magnitude lower in concentrations than the
high abundant proteins (Merrell et al., 2004). Recently, methods to deplete high abundant proteins have been developed but
this approach potentially leads to less desirable experimental variations often presenting no added value (Tu et al., 2010). Fur-
thermore, most of the earlier studies involving plasma/serum proteins analyzed the efficacy of a limited number of proteins
with a known function in the pathophysiology of IPF (Greene et al., 2002; Morais et al., 2015; White et al., 2016). Consequently,
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F IGURE  EV characterization, protein measurements, principal components, and pathway analyses of EV proteomes. (a) Representative cryo-electron
micrographs of EVs isolated from peripheral blood plasma of participants in the study. (b) A representative nanoparticle tracking analysis (NTA) showing size
and quantification of plasma EVs from a healthy subject (c) Plasma EV concentrations in healthy subjects, CHP and IPF (n = 10 each); and NSIP (n = 8)
measured using NTA. (d) Mean and median size of EVs isolated from plasma samples of healthy subjects and different diseases1c. (e) Detection of common EV
markers using western blot for representative samples from healthy subjects, CHP, NSIP, and IPF. Presence of EV membrane markers (CD9), internal markers
(HSP70 and Alix), and absence of Golgi complex marker (GM130) and platelet markers CD41 and PF4 are shown. Representative western blot (Panel f)
showing similar levels of albumin in EV isolates across samples. g) Principal components analysis of proteomic profiles of 20 IPF, 19 other-ILDs [consisting of 11
chronic hypersensitivity pneumonitis (CHP) and 8 Nonspecific interstitial pneumonia (NSIP)] and 15 healthy subjects. Two principal components explaining
highest variation were plotted on X and Y axis, respectively. HS, healthy subjects.
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proteins with a confirmed role in the pathology of IPF were tested as biomarkers. However, the performance of all these biomark-
ers in differential diagnosis has remained suboptimal (Raghu et al., 2018). On the other hand, biomarker discovery on EVs
circumvents the problems posed by high abundant blood proteins. We hypothesized that high throughput proteomics analysis
of EVs would enable the systematic discovery of a biomarker signature with higher efficacy than previous biomarkers. Here, we
aimed to identify a protein signature in EVs that distinguishes IPF from other ILDs and healthy subjects.

 MATERIALS ANDMETHODS

. Patient cohort

The study was conducted on a total of 163 samples including 54 IPF, 38 CHP, 27 NSIP and 44 healthy subjects from four dif-
ferent ILD centers/Biobanks. Biomarker discovery was performed on cohort-I comprising 20 IPF, 11 CHP and 8 NSIP and 20
healthy subjects from University of Pittsburgh, Pittsburgh, USA and Brigham and Women’s hospital, Boston, USA. Diagnosis
of IPF or other ILDs was made according to consensus criteria (Wuyts et al., 2014). 47.8% of other ILD patients and 54.2%
IPF patients required surgical biopsy for confirmation of disease diagnosis. The biomarker signature was validated on cohort-II
comprising 34 IPF, 27 CHP, 19 NSIP and 24 healthy subjects fromHiroshima University, Hiroshima, Japan; National heart, lung,
and blood institute (NHLBI) (http://www.ltrcpublic.com/), USA; and Brigham andWomen’s hospital, Boston, USA. The plasma
samples from these patients have been extensively used for prior studies (Herazo-Maya et al., 2017; Noth et al., 2013; Richards
et al., 2012; Rosas et al., 2008; Zhang et al., 2011, 2019). The study was approved by institutional review boards of University
of Pittsburgh (IRB# STUDY19040326 and STUDY20030223), Brigham and Women’s hospital (IRB#2012P000840), Hiroshima
University (IRB#M326), and University of Texas Health Science Center at Tyler (IRB #20-019 and #0000370). The institutional
review boards of participating centers approved the LTRC study and patients’ consent permitted further use of de-identified
data. Plasma samples were collected at the time of diagnosis or during one of the follow-up clinical visits. There is no significant
difference between other ILDs and IPF with respect to age, gender, and lung function parameters. Plasma samples from healthy
volunteers with no history of lung diseases were also obtained in the same geographic location as of the patients. A screening
interview was administered to participants enquiring about their general health and their medical history. The healthy subjects
were matched for demographic variables. Demographic and clinical features of the subjects participating in the study are shown
in Tables S1.

. Plasma collection

Peripheral blood was collected from participants in Ethylenediaminetetraacetic acid (EDTA) tubes or Citrated Cell Preparation
tubes (Citrated CPT) tubes after informed consent. The samples from the University of Pittsburgh were collected in sodium
citrate tubes while the rest were collected in EDTA tubes. Plasma was separated from blood no later than 1 h from the time of
collection. Blood samples were centrifuged at 1100 × g for 10 min at room temperature. Platelet free plasma was obtained by
centrifugation at 2500 × g for 15 min.

. Preparation of extracellular vesicle samples

Size exclusion chromatography (SEC) was performed for isolating EVs using qEV original 35 nm pore size columns and auto-
mated fraction collector V1 setup (Izon Science US Ltd, MA, USA), from 150 μL of plasma, as per manufacturer’s instructions.
Plasma was clarified by centrifugation at 10,000 × g for 10 min at 4◦C. SEC columns were equilibrated with phosphate buffered
saline and clarified plasma was loaded onto the column. After discarding 3 mL of void volume, 2 mL of EVs were collected and
concentrated using 300 KDa centrifugal filters (Pall corp, NY, USA) at 3500 × g at 4◦C.

. Cryo-electron microscopy of extracellular vesicles

Four microliters of the EV solution were added to Lacey carbon grids (300-mesh; Electron Microscopy Sciences) that were
negatively glow-discharged for 80s at 30 mA. Excess sample was removed by blotting once for 3.5 s with Whatman filter paper
and then the grid was plunge-frozen in liquid ethane cooled by liquid nitrogen using a Vitrobot plunge-freezer (Thermo-Fisher
Scientific,Hillsboro,OR,USA). The vitrified sampleswere imagedusing aTalosArctica 200 kV transmission electronmicroscope
(Thermo-Fisher Scientific,Hillsboro,OR,USA). The SerialEM softwarewas used to collect 2D images under low-dose conditions
with dose fractionation. Images were recorded at 79,000× magnification on a K3 Summit direct electron detector (Gatan Inc,

http://www.ltrcpublic.com/
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Pleasanton CA, USA) with an effective pixel size of 1.1 Å in dose fractionation mode. For each image, 40 frames were recorded
over 2 s exposure time at a dose rate of ∼20 electrons/pixel/s. The movie frames were aligned using SerialEM.

. Nanoparticle tracking analysis (NTA) of extracellular vesicles

EV concentration and size were determined using Zetaview Quatt instrument (Particle Metrix, Germany) in scatter mode with
520 nm laser and sCMOS camera. The instrument was calibrated using 100 nm fluorescent polystyrene beads. EVs were diluted
using filtered PBS. Data acquisitionwas performed at the following parameters: Sensitivity= 80; Shutter= 100; Track length= 15;
Minimum brightness = 20; Cycles/position = 2/11.

. Lysis of extracellular vesicles, protein estimation and western blot

The EV fractions from SEC were concentrated down to 50 μL in vacuum at 30◦C, lysed in RIPA buffer (Sigma Aldrich, USA) at
95◦C for 10 min and sonicated in ultrasonic sonicator bath (Branson Ultrasonics Corp, CT, USA) for 2 min. The supernatants
containing the EV proteins were collected after centrifugation at 30,000 × g for 15 min at 4◦C. The protein concentration was
estimated using Pierce BCA protein assay kit (Thermo Fisher Scientific, MA, USA) using bovine serum albumin as standard.
Western blot was performed following SDS PAGE using standard protocols involving CD9 (Cat# 13174S) antibody and Alix
(Cat #2171T) from Cell Signaling Techniologies; HSP70 (Cat# SC-24), albumin (Cat# SC-271605) and GM130 (Cat# SC-55591)
antibodies from Santa Cruz Biotechnology, CA, USA; Platelet factor 4 (PF4) (Cat #PA5-120547) and platelet glycoprotein IIb
(CD41) (Cat# PA5-79527) from Invitrogen. Proteins were detected by chemiluminiscence using Clarity ECL substrate (Bio-Rad
Laboratories, CA, USA) on Chemidoc-MP Gel imaging system (Bio-Rad Laboratories).

. Liquid chromatography–mass spectrometry/mass spectrometry analysis

Dried peptide samples were dissolved in 4.8 μL of 0.25% formic acid with 3% (vol/vol) acetonitrile and 4 μL of each sample was
injected into an EasynLC 1000 (Thermo Fisher Scientific). Peptides were separated on a 45-cm in-house packed column (360 μm
OD×75 μm ID) containing C18 resin (2.2 μm, 100 Å; Michrom Bioresources, CA, USA). The mobile phase buffer consisted of
0.1% formic acid in ultrapure water (buffer A) with an eluting buffer of 0.1% formic acid in 80% (vol/vol) acetonitrile (buffer
B) run with a linear 60-min gradient of 6%−30% buffer B at flow rate of 250 nL/min. The Easy-nLC 1000 was coupled online
with a hybrid high-resolution LTQ-Orbitrap Velos Pro mass spectrometer (Thermo Fisher Scientific). The mass spectrometer
was operated in the data-dependent mode, in which a full-scan MS (from m/z 300–1500 with the resolution of 30,000 at m/z
400) was performed, followed byMS/MS of the 10 most intense ions [normalized collision energy – 30%; automatic gain control
(AGC) – 3E4, maximum injection time – 100ms; 90 s exclusion]. The raw files were searched directly against the humanUniprot
database version downloaded August 2017 with no redundant entries, using Byonic search engine (Protein Metrics, CA, USA)
loaded into Proteome Discoverer 2.2 software (Thermo Fisher Scientific). Initial precursor mass tolerance was set at 10 ppm,
the final tolerance was set at 6 ppm, and ion trap mass spectrometry (ITMS) MS/MS tolerance was set at 0.6 Da. Search criteria
included a static carbamidomethylation of cysteines (+57.0214 Da), and variable modifications of oxidation (+15.9949 Da) on
methionine residues and acetylation (+42.011 Da) at N terminus of proteins. Search was performed with full trypsin/P digestion
and allowed a maximum of twomissed cleavages on the peptides analyzed from the sequence database. The false-discovery rates
of proteins and peptides were set at 0.01. All protein and peptide identifications were grouped, and any redundant entries were
removed. Only unique peptides and unique master proteins were reported.

. Biomarker discovery

Protein abundance values were obtained from mass spectrometry analysis. These values were obtained by summing the peak
intensities of all peptides mapped to the protein and represent the abundance of the individual proteins in each sample. Analysis
of protein abundance values is well-suited for comparing each protein across samples and has been used for biomarker discov-
ery (Adduri et al., 2022; Behrmann et al., 2020; Ramirez-Martinez et al., 2021; Zhao et al., 2020). The raw protein abundance
values were log2(n + 1) transformed prior to differential expression analysis. Proteins detected in less than 10% of the samples
were removed from further analysis. A t-test was used for identifying differentially expressed genes between different classes of
samples, using an FDR cut off value of 0.05 to correct for multiple hypothesis testing. Proteins were considered differentially
expressed if both (A) the t-test indicates significant differential expression and (B) |log2 fold change| ≥0.585 (equivalent to 50%
increase or decrease in expression). Glmnet package (Friedman et al., 2010) was used for performing LASSO regression. Five-fold
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cross validation was performed using cv.glmnet function to estimate cross validation error at varying values of tuning parameter
(λ). Features included in the binomial model at λ1se were selected as protein signature. LASSO risk score was calculated using
the intercept and coefficients obtained in LASSO. The generalizability of the classifier was analyzed using leave one out cross
validation (LOOCV) using Caret package in a binomial model (Kuhn, 2008).

. Biomarker validation

Biomarker validation was performed using Enzyme-linked immunosorbent assay (ELISA). ELISA was performed on standard
sandwich ELISA kits (Aviva Systems Biology, CA, USA) as permanufacturer’s instructions and themicroplates were read on Syn-
ergy microplate reader (BioTek Instruments Ltd, VT, USA). SPSS package was used for constructing binomial logistic regression
models and ROC curves. The logistic regression classifier was further evaluated by plotting calibration curves and calculating the
concordance index (Jr, 2015). Individual risk scores were calculated for each subject in the logistic regressionmodel by subtracting
0.5 from predicted probability value of the subject.

. Statistical analysis

All statistical analyses were performed in the R environment (R4.0.3) if not stated otherwise. The student t test was used to
compare the means of two groups. P value < 0.05 was considered statistically significant.

 RESULTS

. Clinical features of IPF, other-ILDs and healthy subjects

Clinical characteristics of participants diagnosed with IPF, CHP and NSIP, and healthy subjects are summarized in Table S1.
Majority of participants are non-Hispanic whites (USA) and East Asians (Japan), respectively, and are smokers over 50 years of
age. CHP and NSIP together are referred as ‘other ILDs’ hereafter. Diagnosis of IPF and other ILDs was made according to the
consensus criteria (Raghu et al., 2011).

. Characterization and proteomic landscape of plasma extracellular vesicles

Extracellular vesicles were isolated from blood plasma in cohort-I consisting 20 IPF, other ILDs (11 CHP and 8 NSIP) and 20
healthy subjects. Cryo-electron microscopy imaging of plasma EV preparations revealed the presence of intact spherical vesicles
consisting of a lipid bi-layer and were on average 100 nm in diameter (Figure 1a). We did not observe any morphological differ-
ences among EVs from different conditions (Figure 1a). We further performed nanoparticle tracking analysis to determine the
size distribution of EV preparations and observed that the majority EVs were in the range of 50–200 nm in diameter (Figure 1b).
We performedNTA on 10 healthy subjects, 10 IPF, 10 CHP and 8 NSIP patients. The EV concentrations in plasma of ILD patients
were significantly higher than healthy subjects (Figure 1c). However, there was no difference in EV concentrations between the
different ILDs (Figure 1c). Interestingly, the mean andmedian size of EVs was slightly lower within all ILDs compared to healthy
subjects (Figure 1d). In addition, the tetraspanin protein CD9 (Figure 1e) and exosome luminal proteins such as Alix (Figure 1e)
andHSP70 (Figure 1e) were detected. Further, 130 KDa Cis-Golgi Matrix Protein (GM130), a Golgi apparatus protein, was absent
in EV preparation suggesting that our EV isolated were not contaminated with other cellular organelles (Figure 1e). Altogether,
these results demonstrate the qualitative characteristics of EVs and suggest that the plasma EV preparations were enriched with
exosomes. EVs from blood platelets are known to contaminate plasma EV preparations.We tested for the presence of two platelet
specific proteins, namely CD41 and platelet factor 4 in our EVpreparations. Their absence in our EV samples suggests that platelet
contamination was minimal in our EV preparations (Figure 1e). Plasma EV purification steps and subsequent proteomic analysis
are affected by contamination with high-abundance blood proteins such as albumin, lipoproteins, and immunoglobulins. Albu-
min (the most abundant plasm/serum protein) was used as a surrogate marker for plasma protein contamination while HSP70
was used as internal control EV protein. Similar levels of albumin contamination suggest that impurities were even across the
EV isolates, thereby, unlikely to differentially affect the protein detection across the comparison groups and confound statistical
comparisons (Figure 1f).

Mass spectrometry based proteomic profiling of EVs from 20 IPF, 19 other ILDs (11 CHP and 8 NSIP) and 20 healthy subjects
quantified the expression of 520 proteins. Principle component analysis revealed that the protein profiles of EVs from healthy
subjects, CHP, NSIP and IPF clustered according to the lung conditions (Figure 1g). Healthy subjects appeared distinct from all
the ILDs. While the three ILDs clustered separately, they exhibited major overlap, underscoring the similarities in the proteome
profiles among different ILDs.
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F IGURE  Study design and biomarker discovery. (a) Study design of systematic discovery of EV protein biomarker signature. Mass spectrometry based
proteomic analysis was used for quantifying plasma EV proteins. Least Absolute Shrinkage and Selection Operator coupled with five-fold cross-validation was
used for identifying a protein signature that discriminates IPF from other-ILDs. As part of preliminary validation, the signature was validated in an
independent set of samples. To minimize the number of proteins in the signature, stepwise backwards elimination was used. The minimal signature was further
tested on additional samples in extended validation where additional samples as well as samples used for preliminary validation were combined to increase
statistical power. The protein signature identified in discovery phase was also tested to discriminate IPF from healthy subjects in preliminary and extended
validations identical to the comparison of IPF and other-ILDs. (b) Plot showing cross validation error at different values of tuning parameter (λ) in lasso
regression in cohort-I. Red dotted curve shows the estimated binomial deviance based on 5-fold cross-validation while the whiskers represent ± one standard
error, respectively. The vertical dotted lines show the locations of λ.min and λ.1se. The numbers across the top show the number of nonzero coefficient
estimates. SE, Standard error. λ.min is the value of λ at which cross validation error is the least and λ.1se is the largest value of λ within 1 standard error of
λ.min. (c) Lollipop plot showing the performance of leave one out cross validation (LOOCV) of the 5-protein signature. The color of the lines represents
observed classes, and the circles represent predicted class in LOOCV. LASSO risk scores were converted to Z-scores to make the values interpretable.

. EV protein biomarkers for non-invasive differential diagnosis of IPF

3.3.1 Biomarker discovery

A schematic of biomarker discovery and validation pipeline is shown in Figure 2a. To identify biomarkers that distinguish IPF
from other ILDs, we performed differential expression analysis on the proteome profiles of EVs isolated from plasma of 20 IPF
and a total of 19 other ILDs patients. Other ILDs patients included 11 CHP and 8 NSIP samples exhibiting fibrosis that served
as ILD as reference dataset to identify proteins specific to IPF. A total of 30 differentially expressed genes were identified at
FDR and |log2 fold change| cut offs of 0.05 and 0.585, respectively (Table S2). Based on the premise that upregulated proteins
as biomarkers are more suitable for diagnostic use in clinical settings and with the aim to develop an easy-to-adopt assay, we
prioritized upregulated proteins for further analysis. We applied Least Absolute Shrinkage and Selection Operator (LASSO)
on mass-spectrometry protein abundances of upregulated proteins, coupled with 5-fold cross-validation to minimize prediction
error to identify robust biomarker panel. At λ.1se (0.000837), a five-protein signature comprisingHighmobility group box protein
1 (HMGB1), surfactant protein B (SFTPB), Aldolase A (ALDOA), calmodulin like 5 (CALML5) and Talin-1 (TLN1) discriminated
IPF from other ILDs with minimum cross validation error (Figure 2b). We performed leave one out cross validation (LOOCV)
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F IGURE  Extended validation of EV protein biomarker signature for differential diagnosis of IPF from other-ILDs. (a) As part of extended validation,
expression levels of three proteins in plasma EVs of 34 IPF and 46 other-ILDs were measured using sandwich ELISA with purified recombinant human protein
as standard. The asterisks *, *** and **** denote p < 0.05, p < 0.001 and p < 0.0001, respectively. (b) Receiver operating characteristic (ROC) curves for logistic
regression model generated for two proteins on 34 IPF patients and 46 other-ILDs.

of the 5-protein signature on the proteomics data. This signature displayed an accuracy of 0.92 and Kappa of 0.85 in LOOCV
and predicted 3 misclassifications out of 39 samples tested (Figure 2c). This suggests that the signature is less likely to overfit the
training dataset.

3.3.2 Preliminary validation

Encouraged by our findings in the discovery phase, we first estimated the levels of our protein biomarkers in plasma EVs of 24
IPF, 23 other ILDs and 12 healthy subjects from an independent validation cohort using ELISA. The expression levels of HMGB1,
ALDOA andCALML5were different between IPF and other ILDs in an independent cohort (Figure S1A). To evaluate the efficacy
of the five EV proteins for differential diagnosis of IPF, we performed logistic regression and constructed ROC curves (Figure
S1B). Our protein signature classified IPF and other ILDs with excellent efficacy in independent samples (AUROC = 0.915, 95%
CI: 0.819–1.011; Figure S1B). To check whether the number of proteins in the classifier could beminimized, we applied a backward
stepwise elimination approach and selected a sparsemodel comprisingCALML5,HMGB1 andTLN1which exhibited anAUROC
of 0.902 (95% CI:0.805–1) (Figure S1B).

3.3.3 Extended validation

Next, we performed an extended validation of this three-protein signature on additional samples comprising 10 IPF, 15 CHP
and 8 NSIP (Figure 3a). We combined both preliminary and extended validation samples to increase the sample size for logistic
regression. In the combined dataset the three-protein signature showed an AUROC of 0.866 (0.787–0.944) (Figure 3b, Figure S2,
Table 1). Taken together, these results suggest that our EV protein biomarker panel has good efficacy in differential diagnosis of
IPF. These markers need to be validated in large-scale prospective cohort studies to establish their usability in clinics.
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TABLE  Summary of the logistic regression model generated for different classifiers for discriminating IPF from other ILDs and healthy subjects.

Classifier AUROC (% CI) Sensitivity Specificity PPV NPV DOR

Classifiers for discriminating IPF from other ILDs

CALML5 0.828 (0.7–0.956) 0.618 0.913 0.840 0.764 16.962

TLN1 0.634 (0.464–0.804) 0.382 0.848 0.650 0.650 3.449

HMGB1 0.656 (0.488–0.824) 0.588 0.783 0.667 0.720 5.143

3 proteins 0.866 (0.787–0.944) 0.647 0.913 0.846 0.778 19.250

Classifiers for discriminating IPF from other healthy subjects

CALML5 0.703 (0.65–0.784) 0.765 0.625 0.743 0.652 5.417

HMGB1 0.795 (0.693–0.872) 0.735 0.792 0.833 0.679 10.556

2 proteins 0.924 (0.858–0.99) 0.824 0.875 0.903 0.778 32.667

Abbreviations: DOR, diagnostic odds-ratio; NPV, negative predictive value; PPV, positive predictive value.

. EV protein biomarkers for discriminating IPF from healthy subjects

3.4.1 Preliminary validation (IPF vs. healthy subjects)

Further, three out of five proteins, namelyCALML5,HMGB1, and SFTPB exhibited significantly high expression in IPF compared
to healthy subjects (Figure S3A). Encouraged by this finding, we next investigated if this five-protein biomarker signature is suit-
able for differentiating IPF from healthy subjects as well. Logistic regression followed by ROC curves revealed that this 5-protein
signature could distinguish IPF from healthy controls with good accuracy (AUROC = 0.958) (Figure S3B). Backward stepwise
elimination approach yielded a model comprising CALML5 andHMGB1which exhibited AUROC of 0.951 (95% CI:0.876–1.026)
(Figure S3B).

3.4.2 Extended validation

The two proteins were quantified in additional 10 IPF and 12 healthy subjects (Figure 4a). We combined both preliminary and
extended validation samples to increase the sample size for logistic regression. In the combined dataset, the two proteins showed
an AUROC of 0.924 (0.858–0.99) (Figure 4b, Figure S4, Table 1). Taken together, these results suggest that the EV biomarkers
have excellent efficacy in discriminating IPF from healthy subjects. These markers need to be validated in large-scale prospective
cohort studies to establish their usability in clinics.

 DISCUSSION

Definitive diagnosis of IPF is often challenging because few other fibrotic lung diseases also exhibit pathological features similar
to IPF. A vast majority of studies investigated the diagnostic efficacy of individual proteins for differential diagnosis of IPF, that
showed poor sensitivity and specificity (Greene et al., 2002; Morais et al., 2015; Rosas et al., 2008;White et al., 2016). For instance,
Greene and coworkers (Greene et al., 2002) reported elevated surfactant proteins A and D in sera of IPF patients compared to
healthy subjects. But these proteins were also found to be elevated in other lung conditions consistently. In another study, Morais
and coworkers (Morais et al., 2015) proposed that matrix metalloproteases 1 and 7 in serum would be suitable for differentiating
IPF from other ILDs but the combined accuracy of these two serum proteins is low (0.74). Similarly, White and coworkers (2016)
identified three plasma protein biomarkers—Plasma Surfactant Protein-D,MatrixMetalloproteinase-7, andOsteopontin (White
et al., 2016). The combined accuracy of these proteins for differential diagnosis was reported to be 0.77 which is lower than the
accuracy of our biomarker signature.Due to etiological andmolecular complexity of IPF and other ILDs, use of a single biomarker
to differentiate IPF from other closely resembling ILDs has not been successful. Notably, the current ATS/ERS/JRS/ALAT clinical
practice guidelines strongly recommend against use of serum/plasma biomarkers such as MMP9, SFTPD, CCL18 and KL-6 for
the purpose of distinguishing IPF from other ILDs, owing mainly to their poor efficacy (Raghu et al., 2018). In this study, we
identified a five-protein signature, none of them overlap with the above-mentioned biomarkers, for differential diagnosis of IPF
from other ILDs with greater specificity and sensitivity. This study describes a pipeline for mass spectrometry and ELISA based
systematic discovery and development of plasma EV protein biomarkers that can be applied for other disease conditions as
well. We used a robust machine learning based feature selection methodology for biomarker panel selection which is expected
to account for molecular heterogeneity of the disease and hence may alleviate the drawbacks of a single biomarker. Though
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F IGURE  Extended validation of EV protein biomarker signature for differentiating IPF from healthy subjects. (a) As part of extended validation, the
levels of two proteins (CALML5 and HMGB1) in plasma EVs of 34 IPF and 24 healthy subjects were assessed using sandwich ELISA with purified recombinant
human protein as standard. The asterisks *, **, *** and **** denote p < 0.05, p < 0.01, p < 0.001 and p < 0.0001, respectively. (b) ROC curves for logistic
regression model generated for two proteins on 34 IPF patients and 24 healthy subjects. This model achieved specificity of 53% at 99% sensitivity.

mass spectroscopy methods purposed for biomarker discovery currently identify a limited number of proteins per sample and
generally quantify high abundant proteins, technical improvements in future may help in detecting very low abundant proteins
as well.
Our protein signature comprised of SFTPB, ALDOA, HMGB1, CALML5 and TLN1. SFTPB levels in serum of IPF patients

are known to be elevated (Kahn et al., 2018) and are associated with poor survival (Papaioannou et al., 2016). Similarly, pro-
teomic analysis of broncho-alveolar lavage fluid (BALF) revealed upregulation of ALDOA in IPF patients presented with acute
exacerbations (Carleo et al., 2020). In IPF patients, HMGB1 protein was elevated in inflammatory cells and in hyperplasic epithe-
lial cells (Hamada et al., 2008). Serum HMGB1 levels have been reported to be high in IPF patients than in healthy subjects
(Yamaguchi et al., 2020). In addition, higher levels of HMGB1 in IPF are associated with acute exacerbations and poor survival
(Yamaguchi et al., 2020). This study focused on the discovery and development of biomarkers enriched in plasma EVs. Currently,
the circulating levels of these biomarkers in IPF and other ILDs are unknown.

 CONCLUSIONS

The diagnostic work up of IPF and other ILDs is still evolving and there is risk of misdiagnosis. To the best of our knowledge,
this is the first EV-based noninvasive protein signature for IPF diagnosis. In addition, the protein signature was discovered and
validated in cohorts from two different geographic locations. However, we also acknowledge that the two retrospective cohorts
used in this study are of small sample size. Therefore, the efficacy of the protein signature needs to be validated in large prospective
cohorts.
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