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Transcriptomics of interstitial lung disease: a systematic review and meta-analysis

GRAPHICAL ABSTRACT Overview of the systematic review and meta-analysis results. a) 8950 records were identified from medical literature and
transcriptomics databases, of which 43 were included after full-text screening. b) Datasets were extracted and integrated to develop classification
models differentiating between lung transcriptomics samples obtained from patients with interstitial lung disease (ILD) subtypes and healthy
controls. Shared differentially expressed genes were identified across multiple ILD subtypes, some of which were due to differences in cell
populations as determined by deconvolution analysis. c) Comparison of specific ILD subtypes against all other ILD subtypes identified subtype-
specific gene signatures that were validated on external datasets and associated with fibrosis in idiopathic pulmonary fibrosis (IPF) and major
histocompatibility complex (MHC) binding in hypersensitivity pneumonitis (HP). AT1: alveolar type 1 cell; AT2: alveolar type 2 cell; SSc-ILD: systemic
sclerosis-associated interstitial lung disease; NSIP: nonspecific interstitial pneumonia.

https://doi.org/10.1183/13993003.01070-2024 Eur Respir J 2025; 65: 2401070

EUROPEAN RESPIRATORY JOURNAL
ORIGINAL RESEARCH ARTICLE

D. HE ET AL.

https://orcid.org/0000-0002-9302-6036
https://orcid.org/0000-0002-9833-5911
https://orcid.org/0000-0002-5687-3156
https://orcid.org/0000-0002-7908-1581


Transcriptomics of interstitial lung disease: a systematic review
and meta-analysis

Daniel He 1,2,3, Sabina A. Guler 4,5, Casey P. Shannon 2,3, Christopher J. Ryerson1,2,6 and
Scott J. Tebbutt 1,2,3,6

1Department of Medicine, University of British Columbia, Vancouver, BC, Canada. 2Centre for Heart Lung Innovation, St Paul’s
Hospital, Vancouver, BC, Canada. 3Prevention of Organ Failure (PROOF) Centre of Excellence, Providence Research, Vancouver, BC,
Canada. 4Department for Pulmonary Medicine, Allergology and Clinical Immunology, Inselspital, Bern University Hospital, University of
Bern, Bern, Switzerland. 5Lung Precision Medicine (LPM), Department for BioMedical Research (DBMR), University of Bern, Bern,
Switzerland. 6C.J. Ryerson and S.J. Tebbutt contributed equally to this article as lead authors and supervised the work.

Corresponding author: Scott J. Tebbutt (scott.tebbutt@hli.ubc.ca)

Shareable abstract (@ERSpublications)
A systematic review and meta-analysis of ILD transcriptomics reveals distinct profiles associated
with individual subtypes and putative molecular endotypes linked to decreased lung function
https://bit.ly/40VyZUw

Cite this article as: He D, Guler SA, Shannon CP, et al. Transcriptomics of interstitial lung disease: a
systematic review and meta-analysis. Eur Respir J 2025; 65: 2401070 [DOI: 10.1183/13993003.01070-2024].

Abstract
Objective Gene expression (transcriptomics) studies have revealed potential mechanisms of interstitial lung
disease, yet sample sizes of studies are often limited and between-subtype comparisons are scarce. The aim
of this study was to identify and validate consensus transcriptomic signatures of interstitial lung disease
subtypes.
Methods We performed a systematic review and meta-analysis of fibrotic interstitial lung disease
transcriptomics studies using an individual participant data approach. We included studies examining bulk
transcriptomics of human adult interstitial lung disease samples and excluded those focusing on individual
cell populations. Patient-level data and expression matrices were extracted from 43 studies and integrated
using a multivariable integrative algorithm to develop interstitial lung disease classification models.
Results Using 1459 samples from 24 studies, we identified transcriptomic signatures for idiopathic
pulmonary fibrosis, hypersensitivity pneumonitis, idiopathic nonspecific interstitial pneumonia and
systemic sclerosis-associated interstitial lung disease against control samples, which were validated on 308
samples from eight studies (idiopathic pulmonary fibrosis area under receiver operating curve (AUC) 0.99,
95% CI 0.99–1.00; hypersensitivity pneumonitis AUC 0.91, 95% CI 0.84–0.99; nonspecific interstitial
pneumonia AUC 0.94, 95% CI 0.88–0.99; systemic sclerosis-associated interstitial lung disease AUC 0.98,
95% CI 0.93–1.00). Significantly, meta-analysis allowed us to identify, for the first time, robust lung
transcriptomics signatures to discriminate idiopathic pulmonary fibrosis (AUC 0.71, 95% CI 0.63–0.79)
and hypersensitivity pneumonitis (AUC 0.76, 95% CI 0.63–0.89) from other fibrotic interstitial lung
disease, and unsupervised learning algorithms identified putative molecular endotypes of interstitial lung
disease associated with decreased forced vital capacity and diffusing capacity of the lungs for carbon
monoxide % predicted. Transcriptomics signatures were reflective of both cell-specific and disease-specific
changes in gene expression.
Conclusion We present the first systematic review and largest meta-analysis of fibrotic interstitial lung
disease transcriptomics to date, identifying reproducible transcriptomic signatures with clinical relevance.

Introduction
Interstitial lung disease (ILD) is a heterogeneous group of inflammatory and fibrotic disorders that affect
the lung interstitium. Individual ILD subtypes are rare, with an estimated worldwide prevalence of 6.3 to
71 per 100 000 people [1]. Diagnosis and treatment of ILD remains challenging even though the field has
advanced significantly. High-performance gene expression analysis (transcriptomics) has been crucial in
uncovering the pathogenesis of ILD, including matrix metalloproteinases (MMPs), Wnt signalling and
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senescence [2]. Although some biomarkers have been identified, such as MMP-7 as a diagnostic and
prognostic biomarker of idiopathic pulmonary fibrosis (IPF) [3], molecular biomarkers are not yet widely
used in the clinical management of ILD [4]. A genomic classifier (Envisia) based on transbronchial
biopsies has been developed to identify the histological pattern of usual interstitial pneumonia (UIP),
which allows for a diagnosis of IPF in matching clinical characteristics [5], but the clinical application of
this genomic classifier has not yet been recommended in diagnostic guidelines [6] and it is limited by its
availability. The majority of transcriptomics research has been performed in IPF and, while many
differentially expressed genes (DEGs) have been identified and reproduced across different studies, few
investigations have been performed in other ILD subtypes, such as hypersensitivity pneumonitis (HP).
Furthermore, studies with adequate sample sizes are rare owing to the cost of microarray and RNA
sequencing (RNA-seq) technologies. Hence, the objective of this systematic review and individual
participant data meta-analysis was to determine consensus transcriptomic signatures of patients with
fibrotic ILD, and to identify and validate biomarkers for the classification of major fibrotic ILD subtypes.

Methods
Search strategy
In accordance with Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA)
guidelines, we performed a systematic review to identify transcriptomics studies focusing on fibrotic ILD
samples and we registered the study with PROSPERO (CRD42018085682). Literature searches were
performed in MEDLINE, Embase and Gene Expression Omnibus (GEO), and updated on 23 November
2023. Our search terms included variations of “interstitial lung disease”, common ILD subtypes and
transcriptomics-related key words. Given the recency of transcriptomics technology, the search was limited
to include results published from 2000 onwards. Screening of titles, abstracts and full-text studies was
performed by two independent reviewers (D. He and S.A. Guler) using Covidence (www.covidence.org).
We included studies investigating bulk transcriptomics of fibrotic ILD via lung or blood sampling, and
excluded those focused on isolated cell populations (supplementary table S1). To assess the risk of bias,
we used a modified checklist based on the criteria outlined by DUPUY and SIMON [7] (supplementary table S2).
A full search strategy can be found in the supplementary material.

Data extraction, integration and analysis
We extracted participant-level metadata from included studies using the data repository sites GEO,
ArrayExpress and the Sequence Read Archive, in addition to author-provided normalised matrices. If
normalised matrices were unavailable, raw data were processed using recommended protocols from the
“limma” package (v3.55.3; www.bioconductor.org) for microarrays (manufacturer-based) and RNA-seq
(trimmed mean of M values), and outliers were removed if they were more than 3 SD away from the mean
on the first and second principal components (supplementary figure S1). To synthesise transcriptomics
data, we used an individual participant data approach to our meta-analysis using the Multivariate
INTegrative (MINT) method (“mixOmics” v6.22.0; http://mixomics.org), which is an integrative
classification method based on partial least squares regression. MINT does not require batch correction of
training with test sets or a particular normalisation method prior to sample classification, thereby resulting
in an inductive (not transductive) approach that is less prone to overfitting. A more detailed explanation of
the methodology can be found in ROHART et al. [8, 9]. We benchmarked the MINT data integration by
comparing it with DEG list integration through robust rank aggregation [10], which also allowed for the
inclusion of older studies for which raw data were unavailable.

We used 24 of 32 datasets (from 31 studies) as a training set, and integrated them to develop classification
models that were tuned via leave-one-group-out cross-validation to have the lowest balanced error rate
(BER), which is the average error rate in each class (supplementary figure S2). We validated these on the
remaining eight held-out test datasets by examining area under the receiver operating characteristic curve
(AUC) and BER (supplementary table S4). Eight test sets were selected to cover 15–20% of the total
number of samples to create an 80/20 training/test split, in addition to balancing the number of microarray
and RNA-seq studies and covering all ILD subtypes of interest (IPF, HP, nonspecific interstitial pneumonia
(NSIP) and systemic sclerosis-associated ILD (SSc-ILD)), Lung Tissue Research Consortium (LTRC) and
non-LTRC studies, American and non-American cohorts, and recently published datasets [11–18]. All data
processing and analysis were performed in R (v4.2.3; www.r-project.org). Additional details on our
methodology are provided in the supplementary material.

Biclustering
Transcriptomics datasets were concatenated and genes containing missing values were removed. ComBat
(“sva” v3.46.0) was used to correct for study-specific batch effects, and biclusters of the batch-corrected
matrix were identified using algorithms implemented in the “MoSBi” package (v1.4.0) [19] and the

https://doi.org/10.1183/13993003.01070-2024 2

EUROPEAN RESPIRATORY JOURNAL ORIGINAL RESEARCH ARTICLE | D. HE ET AL.

https://www.covidence.org
https://publications.ersnet.org/lookup/doi/10.1183/13993003.01070-2024#supplementary
https://publications.ersnet.org/lookup/doi/10.1183/13993003.01070-2024#supplementary
https://publications.ersnet.org/lookup/doi/10.1183/13993003.01070-2024#supplementary
https://www.bioconductor.org
https://publications.ersnet.org/lookup/doi/10.1183/13993003.01070-2024#supplementary
http://mixomics.org
http://mixomics.org
https://publications.ersnet.org/lookup/doi/10.1183/13993003.01070-2024#supplementary
https://publications.ersnet.org/lookup/doi/10.1183/13993003.01070-2024#supplementary
https://www.r-project.org
https://www.r-project.org
https://publications.ersnet.org/lookup/doi/10.1183/13993003.01070-2024#supplementary


unsupervised patient stratification (UnPaSt) algorithm, which is an unconstrained version of the
Differentially ExpreSsed gene Modules iN Diseases (DESMOND) algorithm [20]. COPD samples from
GSE47460 were used as a disease control. The association between biclusters and clinical variables was
assessed using a Chi-squared test (categorical; diagnostic class) or linear regression (continuous; forced vital
capacity (FVC) % predicted, diffusing capacity of the lungs for carbon monoxide (DLCO) % predicted).

Cell deconvolution and single-cell RNA-seq analysis
Cell deconvolution analysis was performed using the “BRETIGEA” package (v1.0.3) [21] by using the top
20 gene markers for cell types described in GSE122960 [22] on the ComBat-corrected gene expression
data matrix. Comparisons between ILD subtypes and controls were performed using ANOVA and
Tukey-adjusted for multiple comparisons. GSE122960 was downloaded from GEO and processed
according to recommended protocols using the “Seurat” package (v5.0.3) [23]. Cluster annotations were
performed using a combination of manual annotation and reference mapping with the “celldex” package
(v1.12.0). Cell type abundance analysis was performed using a binomial generalised linear model
implemented in the “emmeans” (v1.10.1) package, while single-cell RNA-seq differential expression
analysis was performed using the “MAST” framework in Seurat.

Results
Search results
From our initial search of medical literature databases (3844 from MEDLINE and 6624 from Embase) and
a genomic database (215 from GEO), we assessed 198 records for eligibility and identified 43 studies that
used transcriptomics to profile ILD samples (figure 1). Four studies investigated blood transcriptomic
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FIGURE 1 Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) flowchart of study identification and screening. MEDLINE,
Embase and the Gene Expression Omnibus (GEO) were examined for studies using transcriptomics to investigate samples from patients with
interstitial lung disease (ILD).
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profiles (IPF, HP and SSc-ILD) [24–27] and four looked at transcriptomic profiles of peripheral blood
mononuclear cells (PBMCs) from IPF and SSc-ILD [28–31]. Of the remaining 35 studies that used
transcriptomics to investigate fibrotic ILD lung samples, 24 studies reported DEGs between ILD and
control, 29 studies uploaded publicly available data and 20 studies had both (table 1). Eight datasets were
associated with the LTRC, and duplicate LTRC samples across studies were removed where LTRC
identifiers were available [11, 13, 39, 42–44, 50, 54–56]. The most commonly profiled fibrotic ILD
subtype was IPF, appearing in all datasets except one, followed by idiopathic NSIP, fibrotic HP and
SSc-ILD. Classifiers for subtypes such as respiratory bronchiolitis-ILD were not generated because these
samples were few in number; classifiers for HP and SSc-ILD blood/PBMC samples were also not created
owing to insufficient numbers of datasets.

TABLE 1 Identified lung transcriptomics studies

Study Gene list (location) Platform Accession Set Samples (n)

Control IPF HP NSIP SSc

ZUO et al. [32] ILD ↑↓ (online link) Microarray – – 4 3#

PARDO et al. [33] Microarray GSE2052 Training 11 12¶

SELMAN et al. [34] IPF ↑ (table E1),
HP ↑ (table E2)

Microarray – – 4 15 12 8

YANG et al. [35] ILD ↑↓ (table E2) Microarray GSE5774 Training 8 14 2
BRIDGES et al. [36] IPF ↑ (table 2) Microarray – – 7 10
KONISHI et al. [37] IPF ↑↓ (table 2) Microarray GSE10667 Training 15 23
RAJKUMAR et al. [38] Microarray GSE15197 Training 13 8
CHO et al. [39] Microarray GSE21369 Training 5¶ 10¶ 2 4¶

HSU et al. [40] SSc-ILD ↑↓ (table S2) Microarray GSE48149 Training 9 13 13
MELTZER et al. [41] IPF ↑↓ (table S5) Microarray GSE24206 Training 6 11
SANDERS et al. [42] IPF ↑↓ (table E8) Microarray GSE35145 Training 4 4
DENG et al. [43] IPF ↑↓ (table S1) RNA-seq SRA048904 Training 3 3
YANG et al. [44] IPF ↑↓ (table S2) Microarray GSE32537 Training 50 34 4
NANCE et al. [45] IPF ↑↓ (table 1) RNA-seq GSE52463 Training 7 8
BAUER et al. [11] IPF ↑↓ (tables 2, E15, E16) Microarray GSE47460–GPL14550 Training 91 122 21 14

Microarray GSE47460–GPL6480 Test 17 38 9 3
DEPIANTO et al. [12] IPF ↑↓ (table S3) Microarray GSE53845 Test 8 39
GENG et al. [46] Microarray GSE72073 Training 3 5
CHRISTMANN et al. [47] SSc-ILD ↑↓ (table 1) Microarray GSE81292 Training 5 11
HORIMASU et al. [48] HP ↑ (table 4) Microarray – – 3 9
HORIMASU et al. [49] ILD ↑↓ (tables 2 and 3) Microarray GSE101286 Training 3 7 5
SCHAFER et al. [13] RNA-seq GSE92592 Test 19 20
VUKMIROVIC et al. [50] IPF ↑↓ (table S4) RNA-seq GSE83717 Training 5 6
YU et al. [14] RNA-seq GSE73189 Test 5 4 3
CECCHINI et al. [15] IPF ↑ (table S1) Microarray GSE110147 Test 11 22 10
LUZINA et al. [51] IPF ↑↓ (supplementary dataset 4) RNA-seq GSE99621 Training 3 3
SIVAKUMAR et al. [52] IPF ↑↓ (table S1) RNA-seq GSE134692 Training 17 36
MCDONOUGH et al. [53] IPF ↑↓ (table S1) RNA-seq GSE124685 Training 6 10
FURUSAWA et al. [54] HP ↑↓ (table E2) RNA-seq GSE150910 Training 103 102¶ 81¶

KONIGSBERG et al. [55] IPF ↑↓ (table S1a) RNA-seq GSE173355 Training 14 23
DEPIANTO et al. [16] RNA-seq GSE166036 Test 9 20 6
BORIE et al. [56] RNA-seq GSE175457 Training 188 234
WANG et al. [57] RNA-seq GSE199152 Training 4 20
HUANG et al. [58] IPF ↑↓ (table E1) RNA-seq GSE199949 Training 8 13
DE SADELEER et al. [17] RNA-seq GSE184316 Test 6 10 9
JAFFAR et al. [18] RNA-seq GSE213001 Test 12 19 4 4

Training 581 721 104 29 24
Test 87 173 22 20 6

Upregulated (↑) and/or downregulated (↓) differentially expressed gene lists (compared to control samples) and their location within the citation in
parentheses, type of sequencing platform, Gene Expression Omnibus (GEO) or Sequence Read Archive (SRA) accession number, set assignment and
number of samples per subtype. For a list of peripheral transcriptomics studies, please see supplementary table S2. #: five pulmonary fibrosis
patients were profiled; three with idiopathic pulmonary fibrosis/usual interstitial pneumonia, one with rheumatoid arthritis and one with Sjogren’s
syndrome; ¶: one sample removed as an outlier. ILD: interstitial lung disease: IPF: interstitial pulmonary fibrosis; HP: hypersensitivity pneumonitis;
SSc-ILD: systemic sclerosis-associated interstitial lung disease; RNA-seq: RNA sequencing.
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Data integration identified reproducible lung gene expression signatures in fibrotic ILD subtypes
As a proof of concept, we created lung gene signatures for each fibrotic ILD subtype compared to control
samples via classification models generated from our MINT-integrated datasets (figure 2). In IPF, we identified
a 55-gene signature using 23 training datasets, which was then validated on eight test datasets with AUC 0.99
(95% CI 0.99–1.00) (figure 3a). To confirm the validity of MINT in identifying biologically relevant DEGs,
we compared our IPF versus Control signature against an IPF versus Control aggregate DEG list generated by
robust rank aggregation and found that 39 of the 55 genes were shared, including COMP, DIO2 and
MMP7 (all IPF upregulated), and CA4, FAM167A and MYRF (all IPF downregulated) (supplementary table
S5 and figure S3a). For the peripheral transcriptome, we generated a classification model of IPF versus
Control for whole blood datasets, which was validated on two PBMC datasets (AUC 0.74, 95% CI 0.67–
0.81); likewise, a classification model of IPF versus Control for PBMCs was validated on two whole blood
datasets (AUC 0.73, 95% CI 0.65–0.81) (supplementary figure S4 and table S3).

We applied similar strategies for the discrimination between controls, HP, SSc-ILD and NSIP. The optimal
HP versus Control model trained on three datasets had a 235-gene signature, which had an AUC of 0.91
(95% CI 0.84–0.99) on the test datasets (figure 3b). The best-performing NSIP versus Control model
trained on five datasets had a 378-gene signature, which was validated on four test datasets with an AUC
of 0.94 (95% CI 0.88–0.99) (figure 3c). For SSc-ILD, the model trained on two datasets contained
52 genes and was validated on the test dataset with an AUC of 0.98 (95% CI 0.93–1.00) in distinguishing
SSc-ILD from control samples (figure 3d). Model performance on individual datasets and cumulative
performance can be found in supplementary table S4, and a list of gene signatures and model weights can
be found in supplementary table S6.

The same methodology was used to perform sex-specific analyses for IPF, HP and NSIP by inferring sex
from sex-specific gene expression (supplementary material). All of our sex-specific models had
comparable performance between the test set of the same and opposite sex, with the exception of the male
NSIP classification model (male test set: AUC 0.98, 95% CI 0.93–1.00; female test set: AUC 0.79, 95%
CI 0.68–0.90) (supplementary table S7). Pathway analysis using genes unique to each sex-specific model
revealed an overrepresentation of immune-related pathways in females and fibrosis-related pathways in
males (supplementary tables S8 and S9).

Fibrotic ILD subtypes are differentiated at the transcriptional level
To examine identifying features of fibrotic ILD subtypes at the transcriptional level, we generated
classification models for IPF, HP and NSIP against all other ILD subtypes. The 57-gene IPF versus other
ILD model trained on seven datasets had good performance on the six test datasets (AUC 0.71, 95% CI
0.63–0.79), as did the 132-gene HP versus other ILD model trained on three datasets on the two test
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FIGURE 2 Integration of lung transcriptomics datasets. Author-normalised datasets were subsetted with genes shared in >80% of datasets (a) and
integrated using the Multivariate INTegrative (MINT) method. MINT-integrated samples projected into a common latent space via multi-group
principal component (PC) analysis are shown in (b). RNA-seq: RNA sequencing.
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datasets (AUC 0.76, 95% CI 0.63–0.89) (figure 4). Our NSIP versus other ILD model trained on five
datasets did not have a good performance on four test datasets (AUC 0.60, 95% CI 0.49–0.72)
(supplementary figure S5). For between-subtype comparisons, a 95-gene signature differentiating IPF from
HP samples had an AUC of 0.76 (95% CI 0.64–0.87) on three test datasets, while a 67-gene signature
differentiating IPF from NSIP samples had an AUC of 0.76 (95% CI 0.64–0.88) on four test datasets
(supplementary figure S6a–d). A classifier differentiating HP from NSIP had variable performance on two
test datasets (AUC 0.74, 95% CI 0.51–0.96) (supplementary figure S6e, f ).

ILD subtypes have both common and unique disease pathways
Because the ILD classification models had few genes for pathway analysis, we generated “expanded”
classification models with an increased number of genes using Bayesian changepoint analysis and verified
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FIGURE 3 Classification models for interstitial lung disease (ILD) subtypes against controls. Training set datasets were integrated and tuned to
develop classification models, which were then validated on test set datasets. Projection of Multivariate INTegrative (MINT)-integrated training set
samples into the space of the first two partial least squares components for a) idiopathic pulmonary fibrosis (IPF) (n=576 control, n=721 IPF),
b) hypersensitivity pneumonitis (HP) (n=199 control, n=104 HP), c) nonspecific interstitial pneumonia (NSIP) (n=157 control, n=29 NSIP) and
d) systemic sclerosis-associated ILD (SSc-ILD) (n=14 control, n=24 SSc-ILD) classification models. Inset: area under the receiver operating
characteristic curve (AUC) performance of each ILD classification model on held-out test datasets (a: n=107 control, n=193 IPF; b: n=35 control,
n=22 HP; c: n=45 control, n=20 NSIP; d: n=9 control, n=6 SSc-ILD). Detailed performance metrics for each dataset can be found in supplementary
table S2.
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their discriminative ability using the same test sets (supplementary figure S7, table S10 and table S11).
Using the expanded gene signatures of ILD subtypes against controls, we identified MMP7, COMP, DIO2,
THBS4, IL13RA2, MEOX1, COL17A1 and SCG5 as shared upregulated genes across all subtypes when
compared against controls (supplementary figure S8a, figure S3c and table S6). Shared downregulated
genes suggested a decrease in alveolar type 1 (AT1) (MYRF and AGER) and endothelial (CA4, PRX and
VIPR1) cells (supplementary figures S8b and figure S3d). No genes in the signatures for the lung IPF
versus Control model were shared with peripheral signatures; however, blood and PBMC gene signatures
shared 21 genes (supplementary figure S3b).

When comparing IPF against other ILD subtypes, we identified GPSM2, HSPA4L (previously shown to be
involved in the differentiation of AT2 cells [59]) and extracellular matrix-related genes such as COL16A1,
ITGA7 and VCAN as uniquely upregulated in IPF (supplementary table S6). In HP, we identified antigen
presentation and major histocompatibility complex binding as enriched pathways via PSMB8, PSMB9 and
TAPBP expression (figure 4e), and these genes were also included in the models differentiating HP from
IPF and NSIP samples. When compared to controls, SSc-ILD samples were uniquely characterised by
expression of CDH3, which was not found in signatures of other fibrotic ILD subtypes.

Unsupervised analysis identifies putative molecular endotypes of ILD
We next used biclustering, an unsupervised learning method, to examine lung transcriptomics for specific
molecular endotypes. Biclustering algorithms perform simultaneous clustering of rows (genes) and
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FIGURE 4 Idiopathic pulmonary fibrosis (IPF) and hypersensitivity pneumonitis (HP) have unique transcriptomic signatures compared to other
interstitial lung disease (ILD) subtypes. IPF-specific and HP-specific classification models were developed through comparison against all other ILD
subtypes using Multivariate INTegrative (MINT)-integrated lung transcriptomics datasets. The training set consisted of 721 IPF, 104 HP,
29 nonspecific interstitial pneumonia (NSIP), 24 systemic sclerosis-associated ILD (SSc-ILD), 14 respiratory bronchiolitis-ILD (RB-ILD), 14 unknown
fibrosis, six cryptogenic organising pneumonia (COP), four desquamative interstitial pneumonia (DIP), three rheumatoid arthritis-ILD (RA-ILD) and
one connective tissue disease-ILD (CTD-ILD) samples, while the test set consisted of 193 IPF, 22 HP, 20 NSIP, six SSc-ILD, five mixed IPF-NSIP, three
unknown fibrosis, two RB-ILD, two DIP, two CTD-ILD, one COP and one combined pulmonary fibrosis and emphysema samples. The figure shows
the MINT-partial least squares projection of samples for classification models of IPF versus non-IPF ILD (a) and HP versus non-HP ILD (c), with
corresponding performance on held-out test datasets (b, d). e) Upregulated gene ontology pathways using gene signatures identified in
classification models for IPF against non-IPF ILD and HP against non-HP ILD. AUC: area under receiver operating characteristic curve.
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columns (samples) of a data matrix to identify subsets known as biclusters [19]. We extracted all studies
containing lung gene expression data, performed batch correction and used a series of biclustering
algorithms to identify 16 biclusters showing enrichment in specific lung disease groups (supplementary
figure S9, figure S10 and table S12). Top results from pathway analysis of bicluster genes were used to
annotate each bicluster (supplementary table S13 and figure 5a, b). Of the samples with available FVC %
and DLCO % predicted data, we identified IPF samples in the “M13-Proliferation” bicluster (n=53) as
having lower FVC % compared to non-cluster (n=155) IPF samples (−6.29%, FDR 0.09) (figure 5c),
which we confirmed was not due to age (−1.18 years, p=0.15) (supplementary table S14). ILD samples in
the “U4-AT1 cells”, “U0-Endothelium”, “M2-Cytoskeleton”, “U1-EMT”, “M9-Fibrosis” and
“M13-Proliferation” biclusters had significantly lower DLCO% (−7.95% to −13.9%, all FDR<0.05)
compared to non-cluster samples, though these samples were all significantly older with the exception of
the “M13-Proliferation” samples, which were younger (−2.18 years, FDR 9.17×10−3) (supplementary
table S15).

ILD gene signatures and endotypes are associated with cell types
In order to examine the contribution of cell populations in our gene signatures and endotypes, we
performed a cellular deconvolution analysis using cell type markers obtained from GSE122960, which is a
single-cell lung dataset consisting of eight healthy control, four IPF, two SSc-ILD, one HP and one
myositis-ILD samples (supplementary figure S11). IPF, HP, NSIP and SSc-ILD gene signatures were
enriched in similar cell types, while fibroblasts were only enriched in IPF gene signatures and the HP
signature was uniquely enriched in immune cells when compared to other ILD subtypes (figure 6a and
supplementary table S16). Next, we re-analysed GSE122960 to discern whether observed transcriptional
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differences were driven by increases in cellular abundance or transcriptional activity. We compared cell
type abundance between ILD subtypes and controls and identified similar results to the deconvolution
analysis, with an increase in basal cells, fibroblasts, plasma cells and specific macrophage subsets
alongside a decrease in AT1, AT2 and endothelial cells (figure 6b). Within these cell types, we also
identified a number of DEGs (e.g. MMP7, SPP1, AGER, GPX3, PSMB9, TAPBP and SPARCL1) that were
up- or downregulated in the MINT-derived gene signatures as well, which suggests that these molecules
are differentially expressed regardless of cellular abundance (figure 6c and supplementary table S17).

Discussion
ILD arises as a result of complex interactions between ageing, genetics and environmental factors that are
reflected in the lung transcriptome. Summarising the findings of bulk tissue sequencing is valuable for
comparison with future single-cell RNA-seq findings. We identified fibrotic ILD subtype-specific gene
signatures in the largest meta-analysis of fibrotic ILD transcriptomics to date, comprising 1767 samples.
We also performed the first comprehensive between-subtype transcriptomics analysis of fibrotic ILD to
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FIGURE 6 Integrated gene signatures are driven by changes in cellular abundance and transcriptional activity. a) Estimate of differences between
eigengene values (as determined by cellular deconvolution analysis) of interstitial lung disease (ILD) subtypes using integrated data.
Between-subtype comparisons can be read as subtype 1 versus subtype 2, i.e. “IPF/Control” compares idiopathic pulmonary fibrosis (IPF) against
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represent comparisons between bicluster and non-cluster samples. Blank spaces indicate comparisons that were not significant. b) Differences in
single-cell RNA sequencing (scRNA-seq) cellular abundance in GSE122960 between indicated subtypes as determined by a binomial generalised
linear model. c) Comparison of Multivariate INTegrative (MINT) gene signatures with differentially expressed gene (DEG) analysis of scRNA-seq data.
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EMT: epithelial-to-mesenchymal transition; NKT cell: natural killer T-cell.
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identify candidate IPF- and HP-specific biomarkers as well as molecular endotypes associated with
decreased pulmonary function. The identified fibrotic ILD gene signatures were validated on three recently
published datasets, suggesting that they may be applied to future ILD transcriptomics datasets. Although
certain genes in the identified signatures, such as MYRF, IL13RA2 and COMP, were not differentially
expressed at the single-cell level, others, such as MMP7, SFRP2, BCL6, PSMB9, VAMP5 and TAPBP,
were differentially expressed in specific single-cell clusters, which suggests that these signatures capture
changes in cellular abundance and transcriptional activity.

Well-studied genes (e.g. MMP7) and disease processes were upregulated across all ILD subtypes, which is
consistent with the overlapping radiological and pathological morphology, disease progression and
treatment response [60]. In multiple subtypes, upregulated chemokines such as CCL7, CCL11, CCL19,
CCL22, CXCL6, CXCL12 and CXCL13 suggest recruitment of inflammatory cell types and fibroblast
activation [61–67]. Downregulation of β-catenin binding molecules such as GSK3B, which is a component
of the destruction complex, as well as KLF4 [68] and SMAD7 [69, 70], suggests an increase in
β-catenin-mediated activity. Of the Wnt-associated frizzled receptors, FZD5 was found to be
downregulated in IPF, HP and NSIP, and has been shown to prevent epithelial-to-mesenchymal transition
(EMT) in cancer cell lines [71, 72].

Unique genes expressed in IPF were primarily associated with the extracellular matrix; in particular,
VCAN, SPON1 and FBLN2 are increased in fibroblastic foci of UIP/IPF lungs [73]. Other genes, such as
COMP and COL17A1, were upregulated when comparing IPF against non-IPF ILD subtypes, which
suggests a greater extent of fibrosis in patients with IPF. SPP1, which is expressed by pro-fibrotic
macrophages [22, 74], was upregulated in IPF and SSc-ILD samples compared to controls, but not in HP
or NSIP. The presence of histocompatibility complex and antigen presentation-associated genes (TAPBP,
PSMB8 and PSMB9) in both HP versus Control and HP versus non-HP models suggests that they may
have diagnostic utility as biomarkers because they are transcriptionally overexpressed in HP and have
HP-associated haplotypes [75]. E-cadherin (CDH3), which was uniquely identified in the SSc-ILD versus
Control model but not in other ILD subtypes, forms a key component of the adherens junction that
stabilises the airway epithelial barrier and its loss of expression is a hallmark of EMT [76]. Perhaps
unsurprisingly, we were unable to identify a model for NSIP versus other ILD subtypes, which is
consistent with previous studies whose data are included in our systematic review [35, 39, 49]. Given that
NSIP is observed in both idiopathic NSIP and many types of connective tissue disease-associated ILD, a
consensus gene signature may simply not exist in this heterogenous population.

Sex-stratified analysis suggests there are similarities between females and males in the pathogenesis of
ILD, because the majority of our sex-specific models had comparable performance on sex-stratified test
sets. Pathway overrepresentation analysis of genes unique to each sex-specific model revealed
immune-associated pathways in female classification models. Both female-specific IPF and NSIP versus
Control models contained CD79A, a B-cell marker, which is consistent with females generally having
higher B-cell numbers and associated gene expression than males [77]. Previous studies have identified
increases in B-cells in patients with ILD [73, 78, 79], thus warranting further investigations into the role of
B-cells and sex in ILD.

Through the use of two unsupervised biclustering algorithms, we identified molecular endotypes of ILD
representative of disease mechanisms such as immune infiltration and fibrosis. The “M2-Cytoskeleton”
bicluster contained genes associated with ciliated cells (e.g. DYNAH7 and DYNAH9), which may be
associated with the microscopic honeycombing seen in IPF/UIP [44]. Two biclusters, “U4-AT1 cells” and
“U0-Endothelium”, were annotated due to downregulation of genes associated with AT1 cells (AGER,
CAV2 and EMP2) and endothelial cells (EPAS1, TEK and STARD13), and destruction of these tissues
during the pathogenesis of ILD may explain the association with reduced DLCO % in ILD samples. The
“M13-Proliferation” bicluster was associated with decreased FVC % and DLCO % in all ILD samples, and
in IPF patients it was associated with an ∼6% decline in FVC %. Pathway analysis of this bicluster’s genes
(e.g. CDKN2, TOP2A and CCNB1) revealed associations with proliferating macrophages, basal cells and
natural killer/T-cells [80], which we were able to corroborate in our cellular deconvolution analysis; one of
the genes, CCNA2 is upregulated in acute exacerbations of IPF [37].

Taken together, our supervised and unsupervised analyses suggest that current diagnostic classifications do
not fully capture the molecular heterogeneity of ILD subtypes. When comparing genes from our expanded
IPF versus non-IPF ILD model to the UIP Envisia classifier, only 10 out of 190 genes (PDLIM5, GREM1,
TUBB2B, CHRDL2, KIF12, SLC4A3, PPIC, ZNF454, SELE and MYO3B) were shared (supplementary
figure S12), which might be explained by UIP patterns being observed in other fibrotic ILD subtypes as
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well as IPF diagnoses not being limited to UIP patterns. While our classification models perform well in
separating IPF or HP from other ILD subtypes, it is evident from the unsupervised analysis that there exists
molecular heterogeneity within these subtypes, and these putative endotypes are associated with lung
function. Considering the complex drivers and heterogenous presentations of ILD subtypes, future
classification based on data-driven molecular endotypes may be clinically beneficial with respect to disease
management as well as research and development into novel therapeutics.

This meta-analysis has several limitations. The majority of studies reported clinical and demographic
variables (e.g. radiological pattern, age, pulmonary function tests and mortality) as summary tables,
thereby prohibiting detailed subgroup analyses. However, using available metadata, we were able to
examine age (n=852), FVC % predicted (n=309) and DLCO % predicted (n=259) from ILD samples in our
unsupervised analysis. Future work in fibrotic ILD transcriptomics should consider the investigation of less
profiled subtypes to enrich our understanding of non-IPF pulmonary fibrosis, because the
overrepresentation of IPF in our analysis limits the generalisability of our findings, particularly at the
single-cell level. We have previously noted compartmental differences between blood and PBMCs using
NanoString assays, finding that blood shows greater sensitivity in detecting DEGs between asthma and
control samples [81]. Our IPF whole blood and PBMC models were validated on training datasets for the
other medium (i.e. whole blood model validated on PBMC training data), and 21 genes were shared
between both gene signatures (supplementary figure S3), which suggests that the weighting performed by
MINT classification can overcome differences in method- and sample-specific RNA detection. Finally,
prediction thresholds in MINT are based upon minimum sample distance to class centroids within the
partial least squares projection space, thus making direct comparison to existing classifiers difficult.
Nevertheless, our models had good AUCs and BERs on held-out datasets, thereby providing more
confidence in their discriminatory ability and relevance to ILD pathobiology.

In summary, by using both supervised and unsupervised approaches, our meta-analysis has identified
reproducible fibrotic ILD subtype-specific gene signatures and classifiers, and putative molecular
endotypes of ILD that reflect the pathogenesis of fibrotic lung disease. Further studies are required to
investigate the utility of the herein identified gene signatures and molecular endotypes in a clinical setting.
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