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Abstract
Idiopathic pulmonary fibrosis (IPF) is an interstitial lung disease characterized by chronic progressive pulmonary fibrosis 
and a poor prognosis. Genetic studies, including transcriptomic and proteomics, have provided new insight into revealing 
mechanisms of IPF. Herein we provided a novel strategy to identify biomarkers by integrative analysis of transcriptomic 
and proteomic profiles of IPF patients. We examined the landscape of IPF patients' gene expression in the transcription and 
translation phases and investigated the expression and functions of two new potential biomarkers. Differentially expressed 
(DE) mRNAs were mainly enriched in pathways associated with immune system activities and inflammatory responses, 
while DE proteins are related to extracellular matrix production and wound repair. The upregulated genes in both phases 
are associated with wound repair and cell differentiation, while the downregulated genes in both phases are associated with 
reduced immune activities and the damage of the alveolar tissues. On this basis, we identified thirteen potential marker 
genes. Among them, we validated the expression changes of butyrophilin-like 9 (BTNL9) and plasmolipin (PLLP) and 
investigated their functional pathways in the IPF mechanism. Both genes are downregulated in the tissues of IPF patients and 
Bleomycin-induced mice, and co-expression analysis indicates that they have a protective effect by inhibiting extracellular 
matrix production and promoting wound repair in alveolar epithelial cells.

Keywords Multi-omics analysis · AEC injury · Whole-genome expression · Myofibroblast proliferation · Immune 
responses

Introduction

IPF is a type of interstitial lung disease with a poor prog-
nosis and is associated with immune and inflammatory 
responses. It is characterized by persistent, progressive pul-
monary fibrosis. Over 80% of IPF patients have an average 
survival period of 3–5 years after diagnosis. IPF primarily 
affects people over the age of 50, and its prevalence rises 
with age. There is a strong correlation between smoking or 
smoking history and the incidence of IPF. Despite extensive 
research, the etiology and pathogenesis of IPF are still not 
fully understood. Many hypothetical mechanisms, such as 
immune-mediated inflammation and malfunctioned alveo-
lar epithelial cell (AEC) repairment, have been proposed 
in recent decades to contribute to the progression of IPF 
[1]. In the last decades, genome-wide sequencing has made 
achievements in identifying disease susceptible motifs in 
familial and sporadic pulmonary fibrosis. Mutations in 
several genes, including surfactant proteins C (SFTPC) 
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[2], surfactant proteins A2 (SFTPA2) [3], and mucin 5B 
(MUC5B) [4], have been identified as a driving factor for 
IPF development, and transcriptomic and proteomic studies 
have identified pathways and biological processes that may 
be involved in the IPF mechanism [5].

In addition to traditional genome analysis, research on the 
IPF transcriptome and proteome has provided new insight 
into the mechanism of IPF. Proteome analysis using two-
dimensional gel electrophoresis and MALDI–TOF–MS on 
IPF lung tissues as early as 2011 identified up- and down-
regulated proteins in IPF, such as heat–shock protein 27 
(Hsp27) [6]. Along with the development of novel experi-
ment technologies, proteomes studies on IPF have been 
conducted using technologies, such as two-dimensional 
reversed-phase liquid chromatography and ion-mobil-
ity-assisted data-independent acquisition (HDMSE) [7], 
SOMAscan [8], and iTRAQ-based LC–MS/MS [9, 10]. 
The biological specimen used for the proteomics studies 
include lung tissues [6, 10], bronchoalveolar lavage fluid 
(BALF) [7], and peripheral blood [8, 9, 11]. These prot-
eomics studies have detected differentially expressed (DE) 
proteins and identified biomarkers for IPF, such as matrix 
metallopeptidase 7 (MMP7), alpha Heremans–Schmid gly-
coprotein (AHSG), and vascular endothelial growth factor 
receptor (VEGFR).

Although the application of whole transcriptomic tech-
nology in IPF is later than that of proteomics, several tran-
scriptomic studies have shed light on understanding the 
mechanism of IPF. In 2018, transcriptomic analysis of IPF 
lung tissues revealed transcriptomic changes in normal-
appearing and scarred areas [12]. In 2019, Sheu et al. inves-
tigated the expression changes associated with Nintedanib 
treatment in IPF Fibroblasts and identified down-regulated 
genes and associated pathways [13]. Sheu’s team also identi-
fied dysregulated genes in IPF fibroblasts the same year [14].

As research on the proteomics and transcriptomics of IPF 
progresses, there emerged a need to integrate and analyze 
the comprehensive characterization of IPF gene expression 
by combining multiple omics. As the first attempt, Konigs-
berg et al. identified molecular signatures and their signal-
ing pathways by combining transcriptome, DNA methyl-
ome, and proteome of lung tissues from IPF patients [15]. 
To make further use of multi-omics analysis and identify 
novel IPF biomarkers, we designed the present experiment 
to jointly sequence and analyze the transcriptomes and pro-
teomes of lung tissue samples from end-stage IPF patients. 
Our findings demonstrated the differences and correlations 
between the characteristics of gene expression during the 
transcription and translation phases, as well as an overview 
of the non-coding RNA regulative network. We revealed 
the featuring pathological processes that occur during tran-
scription and protein translation and identified butyrophilin-
like 9 (BTNL9) and plasmolipin (PLLP) as promising new 

IPF-associated biomarkers. Our research and efforts point in 
a new direction and might provide guidance for future stud-
ies that aim to unravel the mystery of the IPF mechanism.

Materials and methods

Participant description

The overall study population consists of IPF lung tissues 
from nine end-stage IPF patients who underwent lung trans-
plantation surgery at the First Affiliated Hospital of Guang-
zhou Medical University, Guangdong Province, China, and 
the healthy lung tissues from nine lung donors. Six IPF tis-
sues and five healthy tissues were collected for the multi-
omics experiments at the first stage, and the other three IPF 
tissues and four healthy tissues were further collected for the 
validation experiment (qPCR, and Western blot). This study 
was approved by the ethics committee of The First Affili-
ated Hospital of Guangzhou Medical University (Reference 
number: 2018-92). Signed informed consent was obtained 
from each patient. All IPF patients were diagnosed following 
the criteria suggested by the ATS/ERS/JRS/ALAT Clinical 
Practice Guideline [16] and the “Chinese Expert Consen-
sus on Diagnosis and Treatment of Idiopathic Pulmonary 
Fibrosis” [17]: (1) Exclusion of other known causes of ILD 
(e.g., domestic and occupational environmental exposures, 
connective tissue disease, drug toxicity); (2) the presence 
of a UIP pattern on the high resolution computed tomogra-
phy (HRCT); (3) for patients who had undergone surgical 
lung biopsy, the diagnosis is made by the present of both 
histopathology patterns and HRCT patterns. In this study, 
the diagnosis of all the subjects was further confirmed by 
histology for each IPF patient.

Nine IPF patients include seven males and two females, 
with an average age of 61.2 years. No patient had a family 
history of IPF. The medical history of symptom onset is 
5.5 years on average. Five patients had smoking histories 
of at least 30 years, while four others were non-smokers. 
No general information of the lung donors was collected, 
because no consent was obtained. The IPF patients' general 
information and the specimens' usage in each experiment are 
provided in Supplementary file 1.

RNA‑seq library construction and sequencing

Total RNA was extracted from the lung tissues of the 
patients using the Trizol (invitrogen) according to the 
manufacturer’s protocol, and ribosomal RNA was removed 
using the Ribo-Zero™ kit (Epicentre, Madison, WI, USA). 
Integrity of RNA was examined with the Bioanlyzer 2200 
(Agilent). cDNA libraries were prepared using the Illumina 
TruSeq RNA Sample Preparation kit (Illumina). Fragmented 
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RNA (the average length was approximately 200 bp) were 
subjected to first-strand and second-strand cDNA synthesis 
following by adaptor ligation and enrichment with a low 
cycle according to instructions of  NEBNext®  Ultra™ RNA 
Library Prep Kit for Illumina (NEB, USA). The purified 
library products were evaluated using the Agilent 2200 
TapeStation and  Qubit®2.0 (Life Technologies, USA). The 
libraries were paired-end sequenced (PE150, Sequencing 
reads were 150 bp) at Guangzhou RiboBio Co., Ltd. (Guang-
zhou, China) using Illumina platform HiSeq3000.

Quality control of RNA sequencing reads

Raw fastq sequences were treated with Trimmomatic tools 
[18] (v 0.36) using the following options: TRAILING: 20, 
MINLEN:25, and CROP:25, to remove trailing sequences 
below a Phred quality score of 20 and to achieve uniform 
sequence lengths for downstream clustering processes. 
Sequencing read quality was then inspected using the 
FastQC software [19]. Adapter removal and read trimming 
were performed using Trimmomatic. Sequencing reads were 
trimmed from the end (base quality less than Q20) and fil-
tered by length (less than 25).

Quantification of mRNA expression

Paired-end reads were aligned to the human reference 
genome hg19 with HISAT2 [20]. HTSeq [21] (v0. 6.0) 
was used to count the reads numbers mapped to each gene. 
The whole sample’s expression levels were presented as 
TPM (Transcripts Per Million), which is the recommended 
and most common method to estimate the level of gene 
expression.

Differential expression analysis

The statistically significant DE genes were obtained by 
an adjusted p value threshold of < 0.05 and |log2(fold 
change)|> 1 using the DEGseq2 software [22]. Finally, a 
hierarchical clustering analysis was performed using the 
R language package ‘gplots’ according to the TPM values 
of differential genes in different groups. In addition, colors 
represent different clustering information, such as the simi-
lar expression pattern in the same group, including similar 
functions or participating in the same biological process.

GO terms and KEGG pathway enrichment analysis

All differentially expressed mRNAs were selected for GO 
and KEGG pathway analyses. GO was performed with 
KOBAS (version 3.0) software [23]. GO provides label 
classification of gene function and gene product attrib-
utes (http:// www. geneo ntolo gy. org). GO analysis covers 

three domains: cellular component (CC), molecular func-
tion (MF), and biological process (BP). The differentially 
expressed mRNAs and the enrichment of different pathways 
were mapped using the KEGG pathways with KOBAS (ver-
sion 3.0) software.

Target mRNA prediction for DE lncRNAs

In this study, potential target genes for cis- or trans-acting 
of DE lncRNAs were predicted using different algorithms. 
Cis-acting target genes were identified by scanning the 
genome using ORF-finder [24] and BLASTP pipeline [25] 
(e < 1 × 10–5). Protein-coding genes located within 10 kb 
upstream or downstream of the lncRNA were obtained 
as cis-acting targets of the lncRNA. for the prediction of 
trans-acting target genes, mRNAs that have complemen-
tary sequences to lncRNAs were detected by BLASTN 
(e < 1 × 10–5), and then they were re-screened by the RNA-
plex tool [26].

Proteomic library construction and data acquisition

For library generation by data-dependent acquisition (DDA), 
all 11 samples were pooled as a mixture and fractionated 
by high pH separation with 8 fractions. In addition, all the 
samples were processed by data-independent acquisition 
(DIA) individually to assess the proteome differences. First 
stage mass spectrometry (MS1) and second-stage mass spec-
trometry (MS2) data were all acquired, and samples acqui-
sition by random order. The iRT kit (Ki3002, Biognosys 
AG, Switzerland) was added to the samples to calibrate the 
retention time of extracted peptide peaks. Raw Data of DDA 
were processed and analyzed by Spectronaut 14 (Biognosys 
AG, Switzerland) with default settings to generate an initial 
target list, which contained 94,052 precursors, 87,319 pep-
tides, 9232 proteins, and 9119 protein group. Spectronaut 
was set up to search the database of uniprot-homo_sapiens.
fasta database (version 201,907, 20,414 entries) assuming 
trypsin as the digestion enzyme. Carbamidomethyl (C) was 
specified as the fixed modification. Oxidation (M) was speci-
fied as the variable modifications. Q value (FDR) cut off on 
precursor and protein level was applied 1%.

Proteomic analysis

Principal component analysis (PCA) was carried out sepa-
rately on each data set using the R function ‘prcomp()’ from 
the package ‘stats’ with default parameters. Hierarchical 
Cluster Analysis (HCA) was processed with package ‘pheat-
map’ (https:// CRAN.R- proje ct. org/ package=pheatmap). 
Volcano plot was drawn using ‘ggplot2’ package [27]. The 
online tool of Metascape [28] was used to perform GO 

http://www.geneontology.org
https://CRAN.R-project.org/
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enrichment analysis. Pathway analysis was processed by 
KOBAS [23].

Multi‑omics analysis

First, we collated the DE RNAs in transcriptomes and subdi-
vided them into mRNA, miRNA, antisense RNA, lincRNA, 
and lncRNA (which is non-lincRNA and non-antisense). 
After that, we generated quantitative matrices of these RNAs 
and the DE proteins, where the RNAs were represented as 
normalized TPM, and proteins were represented as normal-
ized quantitative signal intensity. Then the R packages ‘mix-
Omics’ (version 6.14.0) [29] and ‘rgl’ (version 0.105.12) 
were utilized to conduct the Data Integration Analysis for 
Biomarker discovery using a Latent cOmponents (DIA-
BLO) analysis [30]. DIABLO is a multivariate integrative 
classification method that seeks common information and 
identifies key variables in multiple omics. Based on the 
analysis method of Partial Least Squares (PLS) and gener-
alized canonical correlation analysis, DIABLO maximizes 
the common or correlated information between multiple 
omics datasets by selecting a subset of molecular features 
and discriminating between multiple phenotypic groups. The 
‘block.splsda’ function in the mixOmics’ package was used 
to integrate the omics and select key genes from each matrix 
via N-integration with sparse Discriminant Analysis. Then, 
the ‘plotIndiv’ function was used to provide scatter plots of 
the PLS–discriminant analysis (PLS–DA) analysis for each 
block, the ‘plotDiablo’ function was used to visualize the 
correlation between components from a different matrix, 
the ‘circosPlot’ function was used to display correlations 
between selected variable (i.e., RNAs, proteins) in different 
blocks in a circus, and the ‘cimDiablo’ function was used to 
generate a heatmap to represent the multi-omics molecular 
signature expression for each sample.

Classification and GO functional analysis of DE 
genes in transcription and translation

We categorized the differentially expressed genes at the 
transcription and protein translation phases and studied 
the enriched pathways associated with each category of 
DE genes. We extracted all expression measurements 
from proteomics and transcriptomics, including log2 fold 
change (LFC) and FDR adjusted p values, converted the 
gene IDs of the two matrices into consistent gene names, 
and merged the two matrices by the gene names. Using R 
language (version 4.0.3), we classified the genes based on 
their transcriptional and protein translational differences 
and plotted them in different colors. The cutoffs used for 
DE genes were FDR adjusted p < 0.05, fold change > 2 for 
transcriptome expression and FDR adjusted p < 0.05, fold 
change > 1.2 for protein levels. For the genes differentially 

expressed in both stages, we performed GO enrichment 
analysis using the Metascape tool [28].

DE analysis of public transcriptome datasets

First, we searched the NCBI’s GEO database [31] for high-
quality transcriptomes from lung tissue of IPF patients. As 
a result, 91 datasets (52 IPF tissues vs. 39 healthy tissues) 
from four RNA-sequencing projects (GSE52463 [32], 
GSE83717 [33], GSE92592 [34], and GSE99621 [12]) 
were identified and downloaded using NCBI’s sratoolkit 
(http:// ncbi. github. io/ sra- tools/, version 2.9.6-1). Second, 
the reads were filtered using the Trimmomatic tool [18] 
and were mapped to the human reference genome hg38 
by STAR [35]. Then the transcript counts were calculated 
using the featureCounts software [36]. Then, the differ-
ential expression analysis was conducted by R package 
DEseq2 [22] following the standard protocol. The batch 
biases among different projects were controlled using the 
design function (design =  ~ project + status).

Bleomycin (BLM) IPF mouse model

Twenty-two C57BL/6 male mice were randomly divided 
into two groups: the IPF group (n = 9), and the control 
group (n = 13). BLM solution for use was prepared by dis-
solving 15 mg BLM in 5 mL 0.9% NaCl. Mice were anes-
thetized via intraperitoneal injection of 1% pentobarbital 
sodium (50 mg/kg) and fixed on the mouse plate. Either 
BLM (IPF groups) or saline (control group) 2.1 mg/kg was 
administered into the glottis using a 100 mL pipette. On 
day 21 after BLM induction, the establishment of the ani-
mal model was confirmed by the presence of progressive 
pulmonary fibrosis and alveolitis and increased expression 
of type I collagen (COL I) and Fibronectin in the lung tis-
sue. Thereafter, the mice were sacrificed, their lung tissues 
were collected for further assays.

Quantitative PCR (qPCR)

RNA in lung tissues collected from patients (six patients 
from the omics cohort study and three newly recruited 
IPF patients) and BLM-induced mice was extracted using 
the Trizol  (Invitrogen®). The reverse transcription reac-
tion was conducted following manufacturer's protocol 
 (TaKaRa™). 5uL cDNA was mixed with 01 μL primers 
and 10 μL 2 × SYBR Green qPCR SuperMix  (QiaGen™) 
in a 20 μL reaction. PCR was performed in  LightCycler® 
480 II PCR system  (Roche™). GAPDH was used as inter-
nal control.

http://ncbi.github.io/sra-tools/
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Western blot

Tissues from human and BLM-induced mice were lysed 
with radioimmunoprecipitation (RIPA) lysis buffer (with 
phenylmethylsulfonyl f luoride (PMSF)) (Beyotime 
 Biotech™); the concentration of the protein solution was 
measured by the bicinchoninic acid (BCA) protein assay 
(KeyGene  Biotech™). Protein was resolved by sodium 
dodecyl sulfate–polyacrylamide gel electrophoresis 
(SDS-PAGE) electrophoresis and then transferred onto 
methanol pre-wet polyvinylidene dif luoride (PVDF) 
membranes. After incubation with secondary antibodies, 
the PVDF membranes were mixed with enhanced chemi-
luminescence (ECL) substrate (Thermo Scientific™), the 
intensity of light was detected by the Bio-Rad imaging 
system.

Immunohistochemistry

The tissue sections collected from IPF patients and BLM-
induced mice were deparaffinized using xylene and then 
rehydrated by alcohol solution (85% and 75%) and dis-
tilled water. The heat retrieval of antigen was performed 
by placing the sections in a repair box filled with citric 
acid (PH6.0) antigen retrieval buffer in a microwave oven. 
The sections were incubated in 3% hydrogen peroxide for 
25 min’ room temperature to block endogenous peroxidases 
activity. Endogenous antigens were blocked by 3% bovine 
serum albumin (BSA). The sections were then added with 
primary antibody (rabbit anti-mouse, Bioss Inc and Sino 
Biological Inc. for BTNL9 and PLLP, respectively) [dilated 
by phosphate-buffered saline (PBS)] and incubated in a 
wet box overnight at 4 ℃. After washing and shaking, the 
tissue sections were incubated with secondary antibody 
(anti-rabbit, Wuhan Servicebio Technology Co., Ltd) at 
room temperature for 50 min. The tissues were stained by 
3, 3’-diaminobenzidine (DAB) chromogenic solution and 
the nucleus was counterstained by hematoxylin stain solu-
tion. The stained slides were observed by  Nikon® E100 and 
images were captured by the Nikon DS-U3 camera control 
unit.

Co‑expression network of BTNL9 and PLLP

To probe the possible function pathways of BTNL9 and 
PLLP, we generated a co-expression network for each based 
on the public IPF transcriptome datasets prepared in “Target 
mRNA prediction for DE lncRNAs”. The GSEA software 
[37] was used to calculate the enrichment score for each 
gene sets following its official guide. The networks were 
visualized using the Cytoscape software [38] and the gene 
set clusters were annotated by the AutoAnnotate applica-
tion [39].

Results

Quality control of transcriptomes and proteomes

Quality control of RNA‑seq reads

The libraries were constructed for the RNA sequencing, and 
deep sequencing was completed for the ten (six IPF vs. four 
control) samples that met the quality requirements. The sam-
ples had an average of 150,114,026 ± 15,174,766 sequence 
Reads and 22,517,103,960 ± 2,276,214,831 bases. There was 
no significant difference between the control group and the 
IPF group in the measured number of sequences and bases 
(p > 0.05). The average base error rate was 0.53 ± 0.098%, 
and there is no significant difference between the control 
group and the IPF group (p < 0.05). The average GC ratio 
(GC%) was 47.15 ± 1.80%, the percentage of Q20% bases 
(error rate < 1%) was 93.87 ± 1.18%, and G30% bases (error 
rate < 0.1%) was 86.30 ± 2.02%. There was no significant 
difference in these three indicators between the two groups 
(p < 0.05). After data filtering, the average clean Q3 ratio 
is 89.25 ± 1.52%, and the cleaning rate is 90.81 ± 0.83% 
(Table 1). The bases had a homogeneous distribution along 
with the sequences, the maximum error rate is < 1%, and the 
minimum base quality [− 10 ×  log10(error P)] was above 30 
(Fig. S1A–C). The sequence quality was further improved 
after data filtering (Fig. S1D–F).

Mapping quality of RNA‑seq reads

94.7 ± 0.005% reads were successfully mapped to the human 
reference genome. The detected gene number approached 
saturation along with the increase of mapped reads, indicat-
ing a good sequence depth of this experiment. The averaged 
mapped genes of all the samples were 27,000 to 33,000 (Fig. 
S2A). The quality control and comparison results show that 
the sequencing results met the quality requirements for fur-
ther analysis. Among the detected RNA sequences, 81.33% 
derived from exons, 16.1% from intronic, and 2.57% from 
intergenic reads (Fig. S2B). The detected genes were evenly 
distributed across chromosomes by comparison with the 
human gene distribution map (Fig. S2C).

Quality control and quantification of proteomes

Libraries were generated for all 11 samples that met the 
quality requirements and the proteins were detected and 
quantified. As a result, 9119 protein groups and 9232 pro-
teins were detected at the QC level of 1% FDR (Spectrum, 
Peptide, and Protein levels). The levels of 7823 protein 
groups and 7932 proteins were quantified at the QC level of 
1% FDR (precursor and protein levels). The average coef-
ficient of variation (CV) of the precursors was 40.80% and 
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31.90% for the control and IPF samples, respectively. The 
median of the precursors’ CV was 40.6% and 32.4% for the 
control and IPF samples (Fig. S3A). The recovery rate (the 
ratio of the identified proteins to the indicators in the human 
protein library) was 68.90% and 77% and the completeness 
(the ratio of the average number of identified proteins to 
the number of parent ions quantified in the experiment) was 
51.90% and 63.50% for the control and IPF group samples, 
respectively. The cumulative recovery plot shows that 85% 
of proteins from the protein spectrum database have been 
detected in the 11 samples (Fig. S3B). The completeness 
plot shows that the total completeness of all samples was 
83.8%, with 4200 proteins identified in all samples (Fig. 
S3C). Consistency analysis of the qualitative results showed 
that 3200 proteins were detected in all samples, and another 
3000 proteins were detected in more than half of the samples 
(Fig. S3D). The heat map of all the detected proteins shows 
no significant differences in the identification and quantifica-
tion among all samples (Fig. S3E).

Transcriptome analysis of IPF

Differential gene expression

We identified the DE genes between samples through two 
cutoffs: log fold change (|log2(fold change)|> 1) and signifi-
cance level (FDR adjusted p < 0.05). In comparison with 
normal lung tissue, a total of 2531 genes were significantly 
differentially expressed in the lungs of patients with end-
stage IPF, including 1772 up-regulated and 759 down-reg-
ulated genes (Fig. 1A). Clustered heatmap (Fig. 1B) shows 
that the control and IPF groups could be well separated by 
the genes, while the samples of IPF number 1, 4, and 5 had 
a clearer contrast with controls.

GO and KEGG enrichment analysis was performed to 
probe the biological processes and signaling pathways asso-
ciated with the DE genes (Fig. 1C). IPF lung tissues had a 
significant enrichment of biological processes and functional 

pathways that dominate the mechanism of IPF when com-
pared to control tissues. These enriched pathways influence 
the progression of IPF at the biological process, cellular 
structure, and molecular function levels. Eight of the top 
ten pathways are related to the immune system activities 
and inflammatory response. Furthermore, there are also the 
pathways of the construction of ECM, which replaces nor-
mal Alveolar tissue and deposits abnormally in IPF [16, 40].

Differential lncRNA expression

To investigate the regulatory impact of lncRNA in the end-
stage IFP patients’ gene expression, we first quantified their 
expression and identified DE lncRNAs. The results showed 
that a total of 604 lncRNAs were significantly differentially 
expressed in IPF lung tissue, including 410 up-regulated 
genes and 194 down-regulated genes (Fig. 2A). Clustered 
heatmap (Fig. 2B) showed that the expression of these DE 
lncRNAs could separate the IPF samples from the control 
samples. In addition, IPF samples 1, 4, and 5 showed a 
clearer contrast to the control samples than the other three 
IPF samples.

As the lncRNAs mainly function by regulating the protein-
coding target genes, we predicted the potential target genes of 
cis-regulation and trans-regulation for the lncRNAs. We then 
performed GO enrichment analysis on the target genes and 
analyzed the results with the significance threshold of FDR 
adjusted p < 0.05 (Fig. 2C). Most of the enriched pathways 
were associated with the structure and function of lung epi-
thelial apical junction, such as apical junction assembly and 
tight junction assembly. This implies that the DE lncRNAs 
in IPF may mainly promote the process of epithelial–mesen-
chymal transition (EMT), cell migration, accelerated fibrosis 
progression, innate immunity, as well as cellular differentia-
tion and proliferation [41, 42]. Besides, there are also two 
pathways related to apoptosis, such as the cysteine-type endo-
peptidase activity involved in apoptotic process.

Table 1  Quality control of raw 
RNA-seq data

This table lists several indices of NGS data. The “IPF” and “Control” columns indicate the QC results for 
each group. The p values were calculated from two-tailed t tests

Control IPF p value

Reads 1.56 ×  108 ± 1.77 ×  107 1.46 ×  108 ± 1.19 ×  107 0.41
Bases 2.33 ×  1010 ± 2.65 ×  109 2.20 ×  1010 ± 1.79 ×  109 0.41
Error (%) 0.56 ± 0.09 0.53 ± 0.10 0.70
GC% 46.94 ± 1.58 46.75 ± 1.59 0.71
Q20(%) 93.55 ± 1.15 93.86 ± 1.17 0.71
Q30(%) 85.79 ± 1.94 86.25 ± 2.04 0.76
Clean reads 1.46 ×  108 ± 1.71 ×  107 1.38 ×  108 ± 1.14 ×  107 0.45
Clean bases 2.11 ×  1010 ± 2.52 ×  109 2.00 ×  1010 ± 1.65 ×  109 0.47
Clean rate (%) 90.46 ± 0.76 91.05 ± 0.43 0.20
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Proteomics analysis of IPF

Principal component analysis was performed on the protein 
expression data using the PLS–DA method, and the top 2 
components were plotted in Fig. 3A. The results showed 
that the end-stage IPF tissues were more concentrated on 
the graph compared with normal tissues, indicating a higher 
homogeneity of protein expression and a more consistent 
within-group expression profile. We performed a Welch’s 
ANOVA test on the protein quantifications and defined the 
DE proteins by a threshold of adjusted p < 0.05 and fold 
change > 1.5. As a result, we got 1532 DE proteins in IPF 
tissues, including 1231 up-regulated proteins and 301 down-
regulated proteins (Fig. 3B).

Figure 3C shows the top 10 enrichment results under the 
three categories of Biological Process, Molecular Function, 
and Cellular Component. We note that these enriched gene 
clusters were mainly focused on the negative regulation of 
TOR and TORC1 signaling, which are associated with the 
decreased metabolism and protein production, autophagy, 
and extracellular matrix (ECM) production in end-stage IPF 
[43–45].

The DE proteins were significantly enriched in 13 KEGG 
pathways (FDR adjusted p < 0.05) (Fig. 3D). According to 
previous studies, five of them are associated with the pathol-
ogy of end-stage IFP. The RAS signaling pathway is associ-
ated with cell apoptosis and regeneration [46, 47], the tight 
junction and gap junction are associated with cell regenera-
tion and junction construction [41, 42], the mTOR signaling 
pathway regulates cell growth and metabolism [43–45], and 
nucleotide excision repair is associated with wound repair 
[48, 49].

Multi‑omics analysis

By interactively analyzing the expression matrices of RNAs 
of different types and proteins, we identified the key genes 
of each type that drive the discrimination between IPF and 
control tissues and investigated the correlations between the 
ncRNAs and the expression of mRNAs and proteins.

Using the DIABLO method, we identified the genes con-
tributing most to the discrimination between IPF and control 
tissues. These top-contributing genes include 20 mRNAs, 20 
proteins, ten lncRNAs, ten lincRNAs, ten antisense RNAs, 
and ten miRNAs. These top-contributing genes include 20 
mRNAs, 20 proteins, 10 lncRNAs, 10 lincRNAs, 10 anti-
sense RNAs and 10 miRNAs. Only the top-10 genes were 
kept from three types of ncRNAs, this is because they each 
have relatively small gene numbers (from 59 to 279).

First, we display the discrimination of the IPF samples 
and control samples by the PLS–DA plot (Fig. 4A). In the 
PCA plots, the control samples and IPF samples 1, 2, 4, and 

5 were clustered closely in all blocks, while the IPF samples 
6 and 3 were at longer distances from the other IPF sam-
ples. Among the six blocks of the expression matrix, the IPF 
samples are more discrete in the mRNA and protein blocks, 
while they are more homogeneous in the ncRNA blocks. 
Figure 4B shows the correlation structure between compo-
nents from each expression matrix. There are very strong 
associations between ncRNAs, mRNA, and proteins, and 
the correlation coefficients between any two datasets ≥ 0.98. 
The results indicate a good matrices design that favors the 
separation of the two groups.

Second, we created a clustered heat map representing the 
multi-omics profiles of all the samples (Fig. 4C). The image 
shows that these top-contributing genes from six matrices 
well represent the separation of gene expression features of 
the IPF and control group. The only exception is the IPF 
sample 6, the expression characteristics of which are similar 
to neither the control nor the other IPF tissues. This result 
is consistent with the PLS–DA plot, in which IPF is also 
clearly discriminated from other IPF samples on the first 
component (x-axis). As the most important contributors to 
the expression characteristics, the top-contributing proteins 
include ROM01, T22D3, MIS12, ZN384, LHPL2, TANC2, 
DESI1, MEA1, ARID2, NFRKB, PKP2, MTG1, RIPR2, 
ARHGP, DPOA2, GNB1L, YETS2, IKZF1, MBOA2, and 
CEP57.

Third, we produced a Circos plot displaying the relation-
ship between and within the top-contributing genes from 
the six matrices, the cutoff for the correlation coefficient 
was set as > 0.9 (Fig. 5). The strong correlations between 
mRNAs, proteins, and the ncRNAs indicate a universal 
regulatory effect of these ncRNAs on mRNA transcrip-
tion and protein translation. Compared to the proteins, 
mRNAs had more strong links with the regulatory ncR-
NAs. Among the ncRNAs, the lincRNA has the most links 
with protein and mRNA, suggesting a significant regula-
tory role in IPF. In this co-expression network, the most-
contribute variables are the lincRNAs ENST00000437698.1 
and ENST00000442197.1, the antisense RNAs 
ENST00000519197.1 and ENST00000566738.1, the lncR-
NAs NR_110255.1 and NR_024344.1, and the miRNAs 
NR_030340.1 and NR_030408.1.

DE genes classification and functional enrichment 
analysis

Genes significantly differentially expressed at both tran-
scriptional and translational phases were extracted and 
classified into four categories based on the trend they were 
regulated. The threshold of FDR adjusted p value was set 
as < 0.05, and threshold of fold change was set as > 2 for 
transcriptome and > 1.2 for proteome. The results are dis-
played in the quadrant diagram (Fig. 6A).
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Classification of DE genes

A total of 78 genes were differentially expressed in both 
transcriptome and proteome, and they were divided into 

four categories according to their regulation. 24 genes were 
significantly up-regulated in both omics, such as TUBB3, 
IGLV1-47, and CAPS. A total of 46 genes were significantly 
downregulated in both omics, including AGER, BNTL9, and 

A B

C

Fig. 4  Multi-omics analysis using DIABLO method. A PLS–DA plot 
of expression matrices of proteins and RNAs. The distances between 
samples represent the discrimination between two conditions, which 
were calculated based on the top-contributing genes in each gene 
type. The samples from different groups are represented with differ-
ent colors. B Correlation structure between the expression of different 
gene types. Colors indicate the class of each sample. The number in 

the bottom left are the correlation coefficients between two expres-
sion matrices. C Clustered heatmap of the mix-omics signature varia-
bles. Con1–Con5 represent the four control lung tissues, while IPF1–
IPF5 represent the six IPF lung tissues. Both rows and columns are 
clustered using correlation distance and average linkage. This map 
displays the scaled expression of above the top-contributing genes 
from six matrices
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RETN. Eight genes had opposite regulation trends, three 
genes were significantly down-regulated in the transcrip-
tome but up-regulated in the proteome: CSK, RAC2, and 
SEMA5B. Five other genes were significantly up-regulated 
during transcription but down-regulated during translation: 
EPS8L1, GON7, HOMER2, IGLV8-61, and PROC.

GO enrichment analysis

The 24 genes were most frequently located on chromo-
somes 4 and 11, which had 3 and 4 genes, respectively. 
Twenty-one genes had four or more isoforms, suggest-
ing that isoforms may be more active in the lung tissue 
of patients with severe IPF. These genes are significantly 
enriched in seven biological pathways and high-level GO 
terms (Fig. 6B). The enrichment network shows that the 
enriched functions were clustered in the biological pro-
cess of regeneration and cell morphogenesis involved in 
differentiation (Fig. 6D). These over-activated pathways 
participated in the cell regeneration, differentiation, and 
intercellular sequential generation, which probably due to 
the deteriorated tissue damage and regeneration processes 
in the end-stages IPF patients [1, 50].

These genes downregulated in both omics mainly locate 
on chromosomes 1, 9, 17, and 19. The genes were signifi-
cantly enriched in 12 biological pathways and high-level 
GO terms (Fig. 6C). The enrichment network shows that 
the most enriched terms were the biological process of 
myeloid leukocyte activation, regulation of IL-1 β produc-
tion, cell–cell communication, cellular extravasation, and 
lipid localization (Fig. 6E). These significant compromised 
functions and biological processes in the end-stage IPF lung 
tissues might be associated with reduced immune activities 
and the damage and obliteration of the alveolar tissue [51].

Identification of potential biomarkers

To further validate the expression of these 78 DE genes we 
obtained in the previous step, we further checked for their 
expression in the 91 IPF transcriptomes from public data-
bases. The results showed that in comparing the IPF lung 
tissues and healthy lung tissues, 66 genes had significant 
DE with adjusted p values < 0.05 (Supplementary file 2). 
Among these 66 genes, we further identified 13 genes that 
had the most significant fold changes and adjusted p values 
in all three experiments (Table 2).

Fig. 5  Circos plot of the cor-
relations between genes of 
different types. Red links stand 
for positive correlation and 
blue links stands for negative 
correlations. The orange line 
stands for the expression level 
in IPF tissues, while the blue 
line stands for the expression in 
control tissues
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Literature review shows that approximately half of these 
13 candidate genes have been reported involving in IPF 
mechanism or differentially expressed, which proves the 
efficiency of our research approach. Four genes have been 
reported to have significant impacts on the pathology of IPF 
{S100A4 [52], STX11 [53], THY1 [54], and TUBB3[55]}, 
another three have been reported DE expression in IPF 
yet not validated {BTNL9 [56], SELENBP1 [57], and 
PLLP[58]}, while no study had been reported in IPF for 
six genes (ADGRL2, CA4, IGLV1-47, LIMCH1, MID1IP1, 
and QDPR).

Focusing on the three DE genes that have been reported 
in previous studies, we selected two, BTNL9 and PLLP, for 
further validation after investigating their known impacts 
on human biology and pathology. BTNL9 is a biomarker 
and prognosis indicator for several types of lung cancers 
[59–61], and it is involved in the extracellular matrix–recep-
tor (ECM-receptor) pathway [62]. PLLP encodes the mem-
brane protein Plasmolipin, which functions in the epithelial 
development [63] and migration [64]. Although SELENBP1 
is a cancer-preventing gene which inhibits lung adenocarci-
noma growth [65], it had no reported involvement in fibro-
sis-associated processes, such as epithelial development and 
ECM generation. Besides, BTNL9 and PLLP have more sig-
nificant fold change and adjusted p value than SELENBP1. 
Thus, we determined to focus validation on BTNL9 and 
PLLP.

BTNL9 and PLLP expression in lung tissues of IPF 
patients and BLM‑induced mice

Both genes’ mRNA transcript expression was quantified 
using qPCR, their protein expression in lung tissues was 
detected by Western blotting, and their subcellular expres-
sion was investigated by IHC staining. qPCR assay showed 
that PLLP’s mRNA expression was significantly reduced 
in IPF patients (Wilcoxon test, p < 0.01) (Fig. 7B), while 
BTNL9’s mRNA expression had a non-significant reduction 
(Fig. 7A). In BLM-induced mouse model, mRNA transcrip-
tion of both BTNL9 and PLLP were significantly decreased 
(Wilcoxon test, p < 0.05, Fig. 7D and E). Western blotting 
assay showed that both genes had decreased protein expres-
sion in both IPF patients and in BLM-induced mice (Fig. 7C 
and F).

Using IHC technology, we stained and imaged the BTNL9 
and PLLP proteins in the lung tissues from IPF patients 
(Supplementary Fig. 4) and BLM-induced mice (Supple-
mentary Fig. 5). In healthy human lung tissues, BTNL9 
protein was expressed in the nuclear membrane of type 1 
AEC cells, which is consistent with previous studies [66]. 
Besides, it was also expressed in the nuclear membrane of a 
number of type 2 AEC cells. While in lung tissues from IPF 
patients or BLM-induced mice, the expression significantly 
decreased, no staining areas could be found in the cells within 
fibrotic foci. Moreover, it also had decreased expression in 
other cell types, including type 1 and 2 AEC cells, the cyto-
plasm of lung bronchiolar epithelial cells. PLLP has a very 

Table 2  Expression of candidate genes in three omics studies

Log2FC log2 transformed fold change of the gene expression in IPF tissues comparing to healthy ones, lfcSE standard error of the estimated 
log2 fold change, statistic Wald statistic, p.adj adjusted p value, adjustment method = Benjamini–Hochberg; “FC = 0” for BTNL9 and PLLP in 
the Proteomes column means that no protein was detected for both genes. Each column displays these genes’ DE expression in one experiment: 
the “transcriptomes” and “proteomes” represent the results from the six IPF and five control samples collected in our hospital, while the “public 
transcriptomes” are the results from the 91 public datasets

Transcriptomes Proteomes Public transcriptomes

log2FC p value p.adj log2FC p value p.adj log2FC p value p.adj

ADGRL2 − 1.268 1.35E–03 0.021 − 2.411 0.005 0.020 − 0.834 4.88E–11 1.23E–09
BTNL9 − 2.276 3.04E–08 4.31E–06 FC = 0 1.00E–06 4.64E–06 − 2.620 1.18E–36 1.22E–33
CA4 − 3.256 5.49E–04 0.011 − 3.262 3.67E–03 0.015 − 3.022 4.57E–26 1.16E–23
IGLV1-47 3.642 1.21E–04 3.54E–03 1.952 3.08E–03 0.013 2.749 8.64E–20 7.94E–18
LIMCH1 − 1.055 2.81E–04 6.79E–03 − 0.884 1.93E–03 8.44E–03 − 0.886 1.04E–17 6.92E–16
MID1IP1 − 1.125 6.02E–04 0.012 − 1.705 6.79E–03 0.027 − 0.882 1.44E–17 9.38E–16
PLLP − 1.563 0.001 0.016 FC = 0 0 4.64E–06 − 1.052 6.87E–25 1.41E–22
QDPR − 1.041 8.50E–04 0.015 − 0.400 0.008 0.033 − 0.593 2.45E–17 1.55E–15
S100A4 − 1.463 1.54E–04 4.27E–03 − 1.153 0.007 0.029 − 0.851 1.80E–13 6.63E–12
SELENBP1 − 1.465 5.33E–04 0.011 − 1.246 3.13E–03 0.013 –1.092 1.28E–35 1.20E–32
STX11 − 1.874 2.19E–04 5.64E–03 − 1.836 0.010 0.038 − 1.233 8.15E–18 5.50E–16
THY1 2.777 3.92E–04 8.70E–03 1.808 2.41E–03 0.010 2.554 2.15E–35 1.97E–32
TUBB3 3.026 8.06E–04 0.015 3.693 6.93E–03 0.028 2.126 2.74E–16 1.53E–14
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high expression on the cell membrane of type 1 AEC cells 
of healthy lung tissues. In contrast, in In lung tissues from 
IPF patients or BLM-induced mice, the expression of PLLP 
decreased, especially type 1 AEC cells in the fibrotic foci.

Co‑expression networks of BTNL9 and PLLP

The co-expression network demonstrates the promoted and 
inhibited gene sets associated with the expression of specific 
genes. The co-expression network of BTNL9 shows that its 
expression is associated with the promotion of endothelium 
establishment, vessel endothelium migration, and construction 
of cell–cell junction. BTNL9’s expression is associated with 
the inhibited pathways, such as immune system activity, pro-
duction of extracellular matrix, and cilium production (Fig. 8). 
The co-expression network of PLLP shows that its expression 
is associated with the promotion of endothelium development, 
cell membrane, and cell junction development. It is associated 

with the inhibited pathways, such as abnormal respiratory func-
tion, immune system activity, and cilium production (Fig. 9).

Discussion

IPF is a progressive interstitial lung disease. IPF patients 
suffer deteriorating pulmonary fibrosis and their average sur-
vival time after diagnosis is 3–5 years. IPF is now widely 
recognized as the consequence of excessive myofibroblast 
proliferation and extracellular matrix deposition initiated by 
malfunctioned wound repair process in aged lung epithelial 
cells. However, current research is still some way from fully 
understanding the pathogenesis of IPF, and to date, only two 
antifibrotic drugs have shown valid therapeutic effects on 
IPF in clinical trials [67, 68].

Over the last two decades, studies on IPF’s whole-
genomics, including gene mutation, transcriptomics, 
and proteomics, have provided new perspectives for 

D E

F

C
BA

Fig. 7  Validation experiment for BTNL9 and PLLP. A, B: qPCR of 
BTNL9 and PLLP’s expression in human IPF tissues. C Western blot 
of BTNL9 and PLLP’s expression in human IPF tissues. D, E: qPCR 

of BTNL9 and PLLP’s expression in mouse model. F Western blot of 
BTNL9 and PLLP’s expression in mouse model
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understanding the pathogenesis and pathological process 
of IPF, identifying biomarkers for diagnosis and prognosis, 
and searching for new therapeutic targets [1]. In addition to 

traditional genomic analysis, recent gene expression studies 
have confirmed the roles of long non-coding RNAs (lncR-
NAs) and microRNAs (miRNAs) in the pathogenesis and 

Fig. 8  Co-expression network 
of BTNL9. Red nods are 
enriched gene sets, and blue 
nodes are inhibited gene sets. 
Node size represents the gene 
number of the gene set, and 
edge width stands for the simi-
larity between gene sets
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Fig. 9  Co-expression network 
of PLLP. Red nods are enriched 
gene sets, and blue nodes are 
inhibited gene sets. Node size 
represents the gene number of 
the gene set, and edge width 
stands for the similarity between 
gene sets development
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progression of and IFP [69–75]. Recently, the multi-omics 
analysis started being applied in revealing the IPF mecha-
nism. Konigsberg et al. described the molecular landscape 
of IPF by integratively analyzing DNA methylome, tran-
scriptome, and proteome using the “mixOmics” tool [15].

To further the multi-omics study of IPF, we designed 
this study to profile the integrative feature of IPF and iden-
tify new biomarkers. In this experiment, we depicted the 
expression characteristics and gene expression correlation 
network of IPF patients using an integrative analysis of the 
transcriptomes and proteomes of end-stage IPF patients’ 
lung tissues. During transcription, DE genes in IPF patients 
were mainly enriched in immune-related pathways and some 
ECM-related pathways. DE genes in protein translation, on 
the other hand, were mainly enriched in biological functions 
and pathways associated with extracellular matrix produc-
tion and deposition, such as negative regulation of TOR and 
TORC1 signaling, intracellular organelle part, and gap junc-
tion. This suggested that the upregulated transcription of 
immune-related genes might lead to the enhanced production 
of proteins associated with ECM production. The differences 
in gene expression characteristics during the transcriptional 
and protein translation phases indicate the significance of 
ncRNA’s regulative impact in IPF. The multi-omics analysis 
of the proteomics and expression matrix of five RNA sub-
types revealed that non-coding RNAs are highly involved in 
the progress of IPF. Among them, lincRNAs have more cor-
relation links to the mRNA and proteins. Antisense RNAs, 
lncRNAs, and miRNAs also had strong correlations. Due 
to the limitations of this study, we were unable to conclude 
specific causal relationships between these interacting vari-
ables, which need to be investigated in the future using a new 
experimental design.

We further investigated the DE genes in both phases and 
identified novel biomarkers for IPF. Twenty-two genes were 
significantly up-regulated during both transcriptional and 
translation, while 46 were significantly down-regulated. GO 
enrichment analysis revealed that, the most prominent pro-
cesses in end-stage IPF patients include the enhanced activi-
ties of AEC injury and repair, increased ECM production, 
and compromised immune activities.

Among the DE genes in both the transcription and trans-
lation phase, we examined the expression of BTNL9 and 
PLLP probed their possible roles in IPF. BTNL9 encodes the 
protein Butyrophilin-Like-9 which is involved in cell-medi-
ated immunity via the pathway of Class I MHC mediated 
antigen processing and presentation [76]. RNA-seq studies 
showed that it is down-regulated in IPF [77, 78] and chronic 
hypersensitivity pneumonitis [79]. Using qPCR and Western 
blot, we validate its reduced mRNA and protein expression 
in both IPF patients and BLM-induced mice. Co-expression 
analysis indicates that BTNL9 is associated with reduced 
immune response and might slow down IPF progression by 

inhibiting ECM production. It also might promote the wound 
healing of injured AEC by enhancing endothelium regenera-
tion and cell–cell adhesion. PLLP encodes the plasmolipin 
which is involved in the development and differentiation of 
epithelial cells [80, 81]. Our study validated that PLLP is 
down-regulated in the lung tissues from both IPF patients 
and BLM-induced mice. PLLP might protect the tissue by 
enhancing the development of endothelium, cell membrane, 
and cell–cell junction. Its downregulation is associated with 
impairment of respiratory function, which is consistent with 
previous observation in COPD patients [82]. These results 
indicate that both genes might play protective roles in IPF 
and their downregulation in IPF is associated with IPF 
progressions, such as increased immune responses, ECM 
production, and impaired wound healing. BTNL9 inhibits 
excessive proliferation in lung tissue, prohibiting tumor 
development and fibroblast proliferation. It can also work 
as a biomarker for IPF. Besides, it is also noteworthy that 
both genes significantly impact the development and func-
tion of cilia (Figs. 8, 9), which is also the main function tar-
get of TMEM231, the DE gene with the greatest increase in 
Konigsberg et al.’s study [15]. This commonality in the find-
ings of both studies indicates that cilia-associated pathways 
might be a promising direction of IPF mechanism investiga-
tion and treatment development.

The authors acknowledge that this experiment has certain 
limitations. First, due to the rarity of the IPF incidence and 
the decreasing clinical application of biopsy in the diagnosis 
of IPF, the sample size of our study was relatively small, 
which might affect the credibility of our results. Second, 
although the end-stage IPF patients were recruited follow-
ing strict criteria, a certain degree of heterogeneity was still 
observed in sample six, which might have been caused by 
different phenotypic subgroups [83]. Nevertheless, the high 
homogeneity of the other samples might guarantee the cred-
ibility of our results. Third, although the expression and pos-
sible roles of BTNL9 and PLLP have been preliminarily 
probed, their functional pathways need to be further vali-
dated in future research.

In summary, in this study we sequenced and analyzed 
the transcriptomes and proteomes of end-stage IPF patients, 
portraying the landscape of end-stage IPF patient's whole-
genome expression composed of DE genes, enriched biologi-
cal processes, and the regulating networks. Based on this, we 
identified two IPF potential biomarker genes downregulated 
in both IPF patients and BLM-induced mice, BTNL9 and 
PLLP, which might protect against ECM production and pro-
moting wound repair in alveolar epithelial cells. Our results 
reveal the most prominent pathological processes of IPF in 
the transcription and translation phase and provide an efficient 
strategy for future research on IPF mechanisms and biomarker 
identification.
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