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Disturbance of serum lipid metabolites 
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Abstract 

Background: Altered metabolic pathways have recently been considered as potential drivers of idiopathic pulmo‑
nary fibrosis (IPF) for the study of drug therapeutic targets. However, our understanding of the metabolite profile 
during IPF formation is lacking.

Methods: To comprehensively characterize the metabolic disorders of IPF, a mouse IPF model was constructed 
by intratracheal injection of bleomycin into C57BL/6J male mice, and lung tissues from IPF mice at 7 days, 14 days, 
and controls were analyzed by pathology, immunohistochemistry, and Western Blots. Meanwhile, serum metabolite 
detections were conducted in IPF mice using LC–ESI–MS/MS, KEGG metabolic pathway analysis was applied to the 
differential metabolites, and biomarkers were screened using machine learning algorithms.

Results: We analyzed the levels of 1465 metabolites and found that more than one‑third of the metabolites were 
altered during IPF formation. There were 504 and 565 metabolites that differed between M7 and M14 and controls, 
respectively, while 201 differential metabolites were found between M7 and M14. In IPF mouse sera, about 80% of dif‑
ferential metabolite expression was downregulated. Lipids accounted for more than 80% of the differential metabo‑
lite species with down‑regulated expression. The KEGG pathway enrichment analysis of differential metabolites was 
mainly enriched to pathways such as the metabolism of glycerolipids and glycerophospholipids. Eight metabolites 
were screened by a machine learning random forest model, and receiver operating characteristic curves (ROC) 
assessed them as ideal diagnostic tools.

Conclusions: In conclusion, we have identified disturbances in serum lipid metabolism associated with the forma‑
tion of pulmonary fibrosis, contributing to the understanding of the pathogenesis of pulmonary fibrosis.

Keywords: Pulmonary fibrosis, Metabolites, Biomarkers, Mice

© The Author(s) 2022. Open Access This article is licensed under a Creative Commons Attribution 4.0 International License, which 
permits use, sharing, adaptation, distribution and reproduction in any medium or format, as long as you give appropriate credit to the 
original author(s) and the source, provide a link to the Creative Commons licence, and indicate if changes were made. The images or 
other third party material in this article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line 
to the material. If material is not included in the article’s Creative Commons licence and your intended use is not permitted by statutory 
regulation or exceeds the permitted use, you will need to obtain permission directly from the copyright holder. To view a copy of this 
licence, visit http:// creat iveco mmons. org/ licen ses/ by/4. 0/. The Creative Commons Public Domain Dedication waiver (http:// creat iveco 
mmons. org/ publi cdoma in/ zero/1. 0/) applies to the data made available in this article, unless otherwise stated in a credit line to the data.

Background
Idiopathic pulmonary fibrosis (IPF) is a chronic, progres-
sive, and destructive interstitial lung disease, which is a 

fibroproliferative disease with a clinical course similar 
to that of many malignant tumors and can be described 
as a "cancer that is not cancer" [1]. In recent years, the 
incidence of pulmonary fibrosis (PF) has been on the 
rise and has become a worldwide health problem [2]. 
Most cases are diagnosed in patients over 60  years of 
age and patients have an extremely poor prognosis, with 
a median survival of only 3–5 years if treatment is miss-
ing [3]. Early diagnosis is difficult due to the absence of 
specific clinical manifestations. 5-year survival in IPF is 
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worse than in several types of cancer (e.g., breast, ovar-
ian, and colorectal), and most patients die from clinical 
progressive respiratory failure [4, 5].

The main pathological features of PF are proliferation 
and differentiation of fibroblasts, abnormal deposition 
of large amounts of extracellular matrix (ECM), infiltra-
tion of inflammatory cells, and destruction of alveolar 
structures. It is currently believed that the development 
of pulmonary fibrosis can be divided into two stages, 
namely the early stage of alveolar inflammation and 
the later stage of hyperfibrotic repair [6, 7]. In the early 
stage of alveolar inflammation, activated mesenchy-
mal and infiltrating cells in the lung secrete a series of 
cytokines, including tumor necrosis factor-alpha (TNF-
ɑ), chemokine (CXC), and cell adhesion cytokine (CAM), 
which interact to promote further aggregation of inflam-
matory mononuclear cells. In the late stages of fibrosis, 
inflammatory cells and mesenchymal cells (fibroblasts 
and myofibroblasts) are activated to participate in the 
repair and remodeling of lung tissues and blood ves-
sels, ultimately leading to the development of pulmo-
nary fibrosis [8–10]. In addition, transforming growth 
factor-β1 (TGF-β1) and α-smooth muscle actin (α-SMA) 
are key fibrogenic factors that play an important role 
in the differentiation and proliferation of fibroblasts to 
myofibroblasts [11, 12]. Currently, there is a lack of effec-
tive methods to prevent or reverse the pathological pro-
cess of pulmonary fibrosis.

The most frequently used animal model of IPF is bleo-
mycin-induced lung injury and fibrosis in mice, although 
it does not fully recapitulate the pathology of the disease 
[13]. Bleomycin is a chemotherapeutic agent that causes 
epithelial cell death in the first three days after dosing, 
followed by excessive inflammatory infiltration around 
the first week and finally fibroblast activation, ECM dep-
osition, and fibrosis around the second week after injury 
[14, 15]. To date, most of the metabolomic studies done 
using the bleomycin-induced mouse IPF model have 
focused on the lung tissue of mice as well as the feces in 
the intestine, and very little research has been done on 
their plasma [16, 17]. Although many investigators have 
used plasma or lung tissue from patients with IPF for 
their studies, most of the patients used for these studies 
were in the late stages of IPF due to the difficulty of early 
diagnosis of IPF [18, 19]. Thus, our lack of understand-
ing of the early stages of IPF onset does not facilitate the 
development of targeted drugs to slow the progression of 
IPF.

Since IPF shows significant heterogeneity in its natural 
course and prognosis, biomarkers can play an auxiliary 
role in disease diagnosis, disease assessment, treatment 
response, and disease risk prediction in pulmonary fibro-
sis based on clinical, imaging, and pathology [20, 21]. 

Currently, the more studied IPF biomarkers are mainly 
divided into genes or protein-based markers associated 
with alveolar epithelial cell injury, fibroplasia, extracel-
lular matrix remodeling, and immune dysfunction and 
their combined use are of great value in improving the 
accuracy of IPF diagnosis, disease assessment, and judg-
ment of prognosis [22, 23]. However, most IPF biomark-
ers lack specificity and reproducibility and thus are not 
widely accepted [24]. As a novel histological technique, 
metabolomics is often used to find biomarkers with high 
sensitivity and specificity and good reproducibility that 
are applied for early diagnosis, guiding personalized 
treatment, and predicting the risk of disease progression 
and death.

IPF is considered to be a metabolism-related disease. 
During pulmonary fibrosis, the activation of fibroblasts 
depends to some extent on glycolysis, and the metabolic 
reprogramming associated with glycolysis can influ-
ence the severity of IPF [25]. In addition, the activation 
and distribution of M2 macrophages in fibrotic alveoli 
are dependent on glycolysis [26]. Analysis of IPF tissue 
by mass spectrometry identified a variety of metabolites 
associated with pulmonary fibrosis, mainly involving the 
adenosine triphosphate degradation pathway and the gly-
colytic pathway [19]. Feng Yan et al. identified 62 unique 
lipids in the plasma of IPF patients, including 24 kinds 
of glycerophospholipids (GP), 30 kinds of glycerolipids 
(GL), 3 kinds of sterol lipids, 4 kinds of sphingolipids, 
and 1 kind of fatty acids [18]. Kang YP et al. assay of IPF 
lung tissue revealed 25 metabolites of IPF, mainly involv-
ing the adenosine triphosphate degradation pathway, gly-
colytic pathway, glutathione biosynthesis pathway, and 
ornithine aminotransferase pathway [19]. This suggests 
that metabolites give us new perspectives to explore the 
pathogenesis of IPF [27].

In this paper, we constructed the mouse model of IPF 
with bleomycin from the perspective of metabolomics 
and attempted to find specific metabolites for different 
stages of IPF from the perspective of metabolites for pul-
monary fibrosis diagnosis and disease assessment.

Methods
Animal, fibrotic models, and sample collection
Specific-pathogen-free C57BL/6J male mice (about 
8 weeks of age) were purchased from Beijing Vital River 
Laboratory Animal Technology Co., Ltd. All mice were 
housed separately in individually ventilated cages at 
22–25  °C, the humidity of 46–65% and 12-h day/night 
cycle, and fed a normal chow diet. They were randomly 
assigned to the three groups (Control, M7, and M14) with 
10 mice in each group. All experiments were approved 
by the Ethics Committee of Affiliated Hospital of Qing-
dao University (Ethics No. QYFYW2LL26275), and all 
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methods were carried out following relevant guidelines 
and regulations. This study was carried out in compliance 
with the ARRIVE guidelines.

Mice were first properly anesthetized with 1% sodium 
pentobarbital and then intratracheally instilled with 
Bleomycin or saline (NaCl) on day 0. Mice were instilled 
using 2.0 mg/kg of Bleomycin in saline solution for model 
mice. Control mice received saline solution only. Lung 
tissues and sera from mice were collected for histopatho-
logical, immunohistochemistry, and metabolomic assays 
from the drug-induced mice on the 7th day, and 14th day, 
as well as from control mice (0th day). Blood is collected 
from mice employing orbital plexus blood collection.

Pathological analysis, immunohistochemistry and western 
blots
Mice were deeply anesthetized with sodium pentobarbi-
tal and died from blood loss after incision of the abdomi-
nal aorta. After induction of pulmonary fibrosis, the heart 
was perfused with PBS and the left lobe was injected with 
approximately 250  μl 4% paraformaldehyde, and then 
the 4% paraformaldehyde-fixed tissue was routinely pro-
cessed, embedded in paraffin, and sectioned. Two adja-
cent slices were stained with TGF-β1, HE, and Masson, 
respectively, and the stained slides were scanned with 
PANORAMIC DESK/MIDI/250/1000 (3DHISTECH, 
Hungary), and representative slice areas are shown in the 
screenshots. Subsequently, the software’s image analysis 
system was used to read and analyze the intensity of posi-
tivity of the measured areas.

The expression of TGF-β1 and ɑ-SMA in lung tis-
sue was determined by the Western Blot technique, and 
the grayscale values of the target bands in the Western 
Blot results were analyzed using Alpha software (Alpha 
Innotech, US). Briefly, tissues were homogenized by 
lysis buffer (0.22 M Tris–HCl (pH 6.8), 8.8% SDS, 44.4% 
glycerol) and centrifuged at 12,000×g for 10 min at 4 °C, 
and the supernatant was collected. After sample stain-
ing, equal amounts of proteins were loaded in each well 
and subjected to SDS-PAGE gel electrophoresis. Pro-
teins were transferred to nitrocellulose membranes and 
detected with primary antibodies (Santa Cruz Biotech, 
US). Subsequently, detection and signal visualization 
were performed using appropriate horseradish peroxi-
dase-coupled secondary antibodies (Santa Cruz Biotech, 
US) and enhanced chemiluminescence reagents (GE 
Healthcare UK).

UPLC‑MS metabolome profiling
Metabolite extracts were obtained from serum samples 
following methanol-assisted protein precipitation and 
then analyzed using an LC–ESI–MS/MS system (UPLC, 
ExionLC AD, https:// sciex. com. cn/; MS, QTRAP® 

System, https:// sciex. com/). Liquid phase separation was 
performed using a Waters ACQUITY UPLC HSS T3 
C18 column (1.8  µm, 2.1  mm ×  100  mm). LIT and tri-
ple quadrupole (QQQ) scans were acquired on a triple 
quadrupole linear ion trap mass spectrometer (QTRAP) 
controlled by Analyst 1.6.3 software (Sciex) QTRAP® 
LC–MS/MS system. A specific set of MRM shifts was 
monitored for each period based on the metabolite elu-
tion in each period. Software Analyst 1.6.3 was used to 
process the mass spectrometry data. Several existing 
mass spectrometry public databases were consulted for 
metabolite structure analysis, mainly massbank (http:// 
www. massb ank. jp/), knapsack (http:// kanaya. naist. jp/ 
knaps ack/), HMDB (http:// www. hmdb. ca/) and Met-
lin (http:// metlin. scrip ps. edu/ index. php). Qualitative 
analysis was performed based on retention times and 
mass-to-charge ratios of parent and daughter ions of test 
substances from internal and other public databases. The 
quantitative analysis was performed by the triple quad-
rupole mass spectrometry multiple reaction monitoring 
(MRM) methods. The signal intensity of the characteris-
tic ions is obtained in the detector. MultiQuant is used to 
integrate and calibrate the chromatographic peaks. The 
peak area of each chromatographic peak represents the 
relative amount of the corresponding substance [28, 29].

Data analysis
At first, the homogeneity and reproducibility of metabo-
lite data were visualized by Uniform Manifold Approxi-
mation and Projection (UMAP) and principal component 
analysis (PCA), respectively. Then, orthogonal partial 
least squares discriminant analysis (OPLS-DA) was fur-
ther applied to obtain the variable importance (VIP) 
values for each metabolite to measure the contribution 
of the variables to the model. The validity of the OPLS-
DA model is determined by R2Y (interpretability of the 
model for the categorical variable Y) and Q2 (predictabil-
ity of the model).

Along with the multivariate statistical methods, Stu-
dent t-tests were used to measure the significance of each 
metabolite. The statistically significantly changed metab-
olites were selected using the criteria of p-value less than 
0.05 and absolute log2 Foldchange (log2 FC) larger than 
0.58. Heatmap and hierarchical clustering analysis were 
performed using the Heatmap package in R software 
(version 4.0.5). Machine learning can be employed to 
reduce the dimensionality of metabolomic datasets and 
improve the accuracy of predictions. The random for-
est algorithm (package varSelRF) in machine learning is 
applied to select the characteristic material, and its per-
formance is subsequently evaluated using the receiver 
operating characteristic curve (ROC). The ggplot2 pack-
age in R software for data visualization.

https://sciex.com.cn/
https://sciex.com/
http://www.massbank.jp/
http://www.massbank.jp/
http://kanaya.naist.jp/knapsack/
http://kanaya.naist.jp/knapsack/
http://www.hmdb.ca/
http://metlin.scripps.edu/index.php
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The analysis of metabolic pathways was performed by 
the Kyoto Encyclopedia of Genes and Genomes (KEGG) 
(https:// www. kegg. jp/) and the Metaboanalyst (https:// 
www. metab oanal yst. ca/ Metab oAnal yst/), and the results 
were shown using bubble plots [30].

Results
The establishment of pulmonary fibrosis mouse models 
induced by bleomycin
To gain a comprehensive understanding of the metabo-
lomic changes during the formation of pulmonary fibro-
sis, we injected saline solution (NaCl) containing 2.0 mg/
kg bleomycin into the trachea of mice (Fig. 1A). No sig-
nificant changes in body weight and dietary intake were 
observed in bleomycin-induced mice compared to the 
control group (p > 0.05). Lung tissue and serum were 
collected from 10 mice on day 7 (M7) and day 14 (M14) 
according to the stage of pulmonary fibrosis. TGF-β1 
is a key cytokine in the process of lung fibrosis, and the 
results of western blot (Fig. 1B, Additional file 1: Figure 
S1A, and Additional file  4: Figure S4) and immunohis-
tochemistry (Fig. 1D) of TGF-β1 in lung tissues showed 
that the level of TGF-β1 increased significantly with the 
increase of fibrosis (p < 0.05). In addition, α-SMA is a cel-
lular marker for fibrosis, whereas the results of western 
blot of lung tissue showed no significant change in the 

expression level of α-SMA (Fig. 1B and Additional file 1: 
Figure S1B) (p > 0.05). The results from HE and Masson 
staining showed that the lung tissue showed an increase 
in collagen fibers closely associated with pulmonary 
fibrosis (Fig. 1C).

The altered metabolism in serum of mouse fibrosis models
The time-series metabolic profile in the serum of the 
mouse fibrosis models was obtained using mass spec-
trometry (MS) assays. A total of 1465 metabolites were 
detected in serum samples, which can be classified into 
19 types, mainly GP, GL, and fatty acyl (FA). UMAP 
showed a clear trend of separation of metabolites 
between the groups, showing differences between them 
(Fig.  2A and Additional file  2: Figure S2A). Moreover, 
PCA and OPLS-DA analysis confirmed the above results 
(Additional file 2: Figure S2).

We performed univariate Student t-tests in each group 
and found that a total of 504 and 565 metabolites dif-
fered in M7 and M14, respectively, compared to the con-
trol group, while 201 differential metabolites were found 
between M7 and M14 (log2 FC > 0.58, p-value < 0.05) 
(Fig.  2B). In IPF mice sera, about 80% of differential 
metabolite expression was down-regulated, and only a 
small proportion was up-regulated (Fig.  2C and Addi-
tional file  3: Figure S3). Lipids (e.g., GL, GP) and Fatty 
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acyl together accounted for more than 80% of the dif-
ferential metabolites with down-regulated expression. In 
addition, many differential metabolites existed between 
M7 and M14. Subsequently, we found 91 metabolites 
that were all significantly altered between M7, M14, and 
Controls by Venn diagram analysis (Fig.  2B). Cluster-
ing of these differential metabolites above showed that 
they exhibited three trends of variation. The metabo-
lites in Cluster 1 were mainly GL-like substances, which 
decreased significantly in the pulmonary fibrosis model 
while maintaining high concentrations in Control; the 
metabolites in Cluster 2 were mainly Nucleotide and 
its metabolomics-like substances, which increased sig-
nificantly in the initial phase of the pulmonary fibro-
sis model and then decreased significantly, with higher 
expression levels in M7; in Cluster 3, except for Kojibiose 
and 2’-O-methyladenosine, the other metabolites were 
mainly GP-like substances, which decreased significantly 

in the initial stage of the pulmonary fibrosis model and 
then increased, presenting a lower expression level in M7 
(Fig. 2D, E).

KEGG pathway analysis and changes of enrichment 
pathway of pulmonary fibrosis in mice
The pathway analysis of differential metabolites dur-
ing lung fibrosis in mice was performed based on 
KEGG. Pathway enrichment analysis of differential 
metabolites between IPF models (M7 and M14) and 
Controls was enriched for Sphingolipid metabolism, 
Glycerophospholipid metabolism, and Glycerolipid 
metabolism pathway (Fig.  3A). Interestingly, the vast 
majority of metabolites enriched in Glycerophospho-
lipid metabolism, Glycerolipid metabolic pathway were 
downregulated (Fig.  3B). In addition, analysis of dif-
ferential metabolites between M7 and M14 enriched 
pathways such as Vitamin B6 metabolism, D-glutamine, 
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and D-glutamate metabolism, and Purine metabolism 
pathways.

Screening for potential metabolic biomarkers 
of pulmonary fibrosis in mice
The above analysis indicates the presence of many 
metabolites in the serum that change with the degree 
of lung fibrosis in mice. Thus, a random forest machine 
learning model was developed to select appropriate 
metabolic markers of pulmonary fibrosis. With this 

model, eight metabolites were screened, which were 
2’-O-methyladenosine, LPI (20:4/0:0), LPE (18:2/0:0), 
LPE (22:5/0:0), LPE (22:6/0:0), LPG (18:2/0:0), TG 
(16:1_17:1_18:3) & TG (18:2_18:2_18:3) (Fig.  4A). We 
then assessed the diagnostic value of these eight metab-
olites using ROC curves, and their area under the ROC 
curve (AUC) was greater than 0.8. This implies that the 
model is an ideal diagnostic tool for pulmonary fibrosis 
(Fig. 4B).
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Discussion
Here, we present an exhaustive characterization of 
metabolite changes during pulmonary fibrosis in mice 
based on metabolomics techniques. The 1465 metabolites 
in mouse serum were analyzed by mass spectrometry. 
Interestingly, more than one-third of these metabolites 
(504 and 565, respectively) showed a significant decrease 
in sera from bleomycin-treated mice, suggesting a strong 
impact of pulmonary fibrosis on mouse metabolism.

The altered metabolic pathways we observed in ble-
omycin-induced mouse sera are consistent with those 
reported for patients with IPF, indicating the reliabil-
ity of the present model for IPF studies. Lipids play an 
irreplaceable role in cellular energy storage, structure, 
and signaling, and have been implicated in the develop-
ment of several respiratory diseases, including cystic 
fibrosis, asthma, and chronic obstructive pulmonary dis-
ease (COPD) [31, 32]. However, the role that lipids play 
in IPF is not fully understood. In the plasma of patients 
with IPF, a decrease in GL and GP has been found [18]. 
In a mouse model of pulmonary fibrosis, we likewise 
observed changes in these lipids, involving disturbances 
in pathways such as glycerophospholipid metabolism and 
glycerol ester metabolism. In addition, Weckerle et  al. 
found a reduction of more than half of the metabolites 
or lipids in the lung tissue of mice with pulmonary fibro-
sis also induced by bleomycin, which may be related to 
higher energy requirements, proliferation, tissue remod-
eling, collagen deposition, and inflammation [17]. Thus, 
it can be tentatively concluded that the development of 
pulmonary fibrosis is closely related to the disruption 
of metabolites such as lipids, which requires further 
study. Interestingly, our clustering analysis of differen-
tial metabolites revealed that metabolites in some clus-
ters maintain a unique association with the process of 
pulmonary fibrosis. For example, GL-like metabolites 
in Cluster 1 showed reduced concentrations in the pul-
monary fibrosis model, while Nucleotide and Its metab-
olomics-like substances in Cluster 2 showed increased 
and subsequently reduced expression at the beginning of 
pulmonary fibrosis, suggesting that such substances are 
likely to be involved in the inflammatory response during 
pulmonary fibrosis and play a unique role in the forma-
tion of pulmonary fibrosis. In addition, the high levels of 
Kojibiose and 2’-O-methyladenosine in M14 may predict 
the deepening of pulmonary fibrosis and need to be fur-
ther investigated.

Fiber metabolism is an emerging and exciting avenue 
of research. It has been shown that metabolic repro-
gramming associated with glycolysis can influence the 
severity of IPF, while imbalances in lipid mediators (e.g. 
prostaglandins and lysophospholipids) can also drive the 
fibrotic response in the context of IPF [25, 33]. We have 

likewise observed perturbations with related lipid metab-
olites in IPF models, and pathways such as sphingolipid 
metabolism, glycerophospholipid metabolism, and glyc-
erolipid metabolism may be involved in the inflamma-
tory and fibrotic phases of pulmonary fibrosis, which 
may contribute to a deeper understanding of pulmonary 
fibrosis from the perspective of lipid metabolism.

Pulmonary fibrosis is regulated by a complex network 
of multiple cells and cytokines, of which persistent acti-
vation of fibroblasts/myofibroblasts, disruption of colla-
gen fiber metabolism, and remodeling of the extracellular 
matrix are the pathological features [31, 34, 35]. TGF-β1 
plays a key role in the inflammation, injury, and repair 
of pulmonary fibrotic disease. TGF-β1 stimulates fibro-
blast synthesis of ECM, leading to abnormal deposition 
of ECM in the lung and contributing to the conversion 
of lung fibroblasts into myofibroblasts [36]. α-SMA is a 
marker of activated fibroblasts and a key fibrogenic factor 
[12]. We observed abnormal deposition of extracellular 
matrix in the lung tissue and progressive fibrosis of the 
tissue at 7 and 14  days after bleomycin injection in the 
trachea of mice. The increased concentration of TGF-β1 
in tissues also predicted a strong inflammatory response 
in lung tissue, which accelerated the process of tissue 
fibrosis. In addition, we did not observe a significant 
increase in the level of α-SMA in the tissues. The role 
played by α-SMA in the process of lung fibrosis needs to 
be studied to elaborate. Combined with previous studies, 
it is not difficult to find that intense inflammation, the 
proliferation of fibroblastic cells, and fibrosis in lung tis-
sue are closely related.

Due to the relative difficulty in the diagnosis of IPF, 
attempts have been made to find various types of non-
invasive biomarkers to be applied in the ancillary diag-
nosis of IPF, especially in serum. Generally, the possible 
biomarkers can be divided into three different groups 
according to the different pathways involved in the patho-
genesis of IPF, namely biomarkers associated with alveo-
lar epithelial cell dysfunction, biomarkers associated with 
extracellular matrix remodeling, and fibroproliferation, 
and biomarkers associated with immune dysfunction 
[22]. Studies from several large cohorts suggest that the 
MUC5B promoter SNP may be of great value in the diag-
nosis and prognostic assessment of IPF disease and may 
serve as an important biomarker for IPF [37, 38]. In addi-
tion, protein-based markers such as mucin 5B (MUC5B) 
and matrix metalloproteinase 7 (MMP7) are promis-
ing for consideration in clinical practice [22]. Interest-
ingly, lysophosphatidylcholine (LysoPC) was found to 
have potential as a biomarker in the sera of IPF patients 
[27]. To further explore the clinical value of these altered 
metabolites, we analyzed 91 significantly altered metabo-
lites using a random forest algorithm and screened for 8 



Page 8 of 9Yang et al. BMC Pulmonary Medicine          (2022) 22:176 

biomarkers. Our analysis of these 8 metabolites by ROC 
curves also showed extremely high diagnostic perfor-
mance as potential biomarkers for subsequent pulmo-
nary fibrosis diagnosis and disease assessment.

Conclusions
In conclusion, we found that the formation of IPF was 
accompanied by dramatic metabolic disturbances in the 
serum, with downregulation of a large number of lipid 
metabolites and abnormal fluctuations in pathways such 
as glycerolipid metabolism and glycerophospholipid 
metabolism. Increased concentrations of TGF-β1 and 
α-SMA in lung tissue were also associated with a deep-
ening degree of IPF. In addition, several metabolites we 
screened from serum are expected to serve as potential 
biomarkers for clinical studies.

Abbreviations
IPF: Idiopathic pulmonary fibrosis; PF: Pulmonary fibrosis; ROC: Receiver oper‑
ating characteristic curves; ECM: Extracellular matrix; TNF‑ɑ: Tumor necrosis 
factor‑alpha; CXC: Chemokine; CAM: Cell adhesion cytokine; MRM: Multiple 
reaction monitoring; UMAP: Uniform Manifold Approximation and Projection; 
PCA: Principal component analysis; OPLS‑DA: Orthogonal partial least squares 
discriminant analysis; VIP: Variable importance; log2 FC: Log2 Foldchange; 
KEGG: The Kyoto Encyclopedia of Genes and Genomes; MS: Mass spectrome‑
try; GP: Glycerophospholipids; GL: Glycerolipids; FA: Fatty acyl; AUC : Area under 
the ROC curve; COPD: Chronic obstructive pulmonary disease; MUC5B: Mucin 
5B; MMP7: Matrix metalloproteinase 7; LysoPC: Lysophosphatidylcholine.

Supplementary Information
The online version contains supplementary material available at https:// doi. 
org/ 10. 1186/ s12890‑ 022‑ 01972‑6.

Additional file 1: Results of western blot analysis of TGF‑β1 and ɑ‑SMA in 
lung tissue.

Additional file 2: Statistical analysis of metabolomic data by different 
methods.

Additional file 3: Composition of metabolites differing between groups 
in the sera of mice with pulmonary fibrosis.

Additional file 4: Original pictures of TGF‑β1 and ɑ‑SMAexpression in 
mouse lung tissue were analyzed byWestern blot at 7 and 14 days after 
bleomycinperfusion.

Additional file 5: The 91 metabolites that differed significantly among 
Control, M7 and M14.

Acknowledgements
Not applicable.

Author contributions
XHY, FFW, and XSC conceived and designed research; XHY, FFW, XMW, and 
YZZ performed experiments; XHY, JPC, YH, and YZZ analyzed data; YZZ, XSC, 
and JPC interpreted results of experiments; YZZ, XHY, FFW, and XMW prepared 
figures; XHY, FFW, and YZZ drafted the manuscript; XSC, XMW, YH, JPC, and 
YZZ edited and revised manuscript; XHY, FFW, and YZZ approved the final 
version of the manuscript.

Funding
This work was funded by grants from the Natural Science Foundation of 
Shandong Province (ZR202103030823) and the National Natural Science 
Foundation of China (81901321, 82000268).

Availability of data and materials
The raw data of metabolome datasets can be obtained from iProX database 
(accession number: IPX0004172000).

Declarations

Ethics approval and consent to participate
All experiments were approved by the Ethics Committee of Affiliated Hospital 
of Qingdao University (Ethics No. QYFYW2LL26275), and all methods were car‑
ried out following relevant guidelines and regulations. This study was carried 
out in compliance with the ARRIVE guidelines (https:// arriv eguid elines. org).

Consent for publication
Not applicable.

Competing interests
The authors declare that they have no competing interests.

Author details
1 Department of Respiratory and Critical Care Medicine, Affiliated Hospital 
of Qingdao University, Qingdao, People’s Republic of China. 2 Department 
of Geriatrics, Affiliated Hospital of Qingdao University, Qingdao 266000, 
People’s Republic of China. 

Received: 12 December 2021   Accepted: 26 April 2022

References
 1. Martinez FJ, Collard HR, Pardo A, Raghu G, Richeldi L, Selman M, et al. Idi‑

opathic pulmonary fibrosis. Nat Rev Dis Primers. 2017;3:17074.
 2. Hutchinson J, Fogarty A, Hubbard R, McKeever T. Global incidence and 

mortality of idiopathic pulmonary fibrosis: a systematic review. Eur Respir 
J. 2015;46:795–806.

 3. Raghu G, Chen SY, Yeh WS, Maroni B, Li Q, Lee YC, et al. Idiopathic 
pulmonary fibrosis in US Medicare beneficiaries aged 65 years and 
older: incidence, prevalence, and survival, 2001–11. Lancet Respir Med. 
2014;2:566–72.

 4. Noble PW, Barkauskas CE, Jiang D. Pulmonary fibrosis: patterns and 
perpetrators. J Clin Invest. 2012;122:2756–62.

 5. Spagnolo P, Sverzellati N, Rossi G, Cavazza A, Tzouvelekis A, Crestani B, 
et al. Idiopathic pulmonary fibrosis: an update. Ann Med. 2015;47:15–27.

 6. Spagnolo P, Kropski JA, Jones MG, Lee JS, Rossi G, Karampitsakos T, et al. 
Idiopathic pulmonary fibrosis: Disease mechanisms and drug develop‑
ment. Pharmacol Ther. 2021;222: 107798.

 7. Heukels P, Moor CC, von der Thusen JH, Wijsenbeek MS, Kool M. Inflam‑
mation and immunity in IPF pathogenesis and treatment. Respir Med. 
2019;147:79–91.

 8. Fernandez IE, Eickelberg O. New cellular and molecular mechanisms 
of lung injury and fibrosis in idiopathic pulmonary fibrosis. Lancet. 
2012;380:680–8.

 9. Hewlett JC, Kropski JA, Blackwell TS. Idiopathic pulmonary fibrosis: 
epithelial‑mesenchymal interactions and emerging therapeutic targets. 
Matrix Biol. 2018;71–72:112–27.

 10. Byrne AJ, Mathie SA, Gregory LG, Lloyd CM. Pulmonary macrophages: key 
players in the innate defence of the airways. Thorax. 2015;70:1189–96.

 11. Meng XM, Nikolic‑Paterson DJ, Lan HY. TGF‑β: the master regulator of 
fibrosis. Nat Rev Nephrol. 2016;12:325–38.

 12. Shinde Av, Humeres C, Frangogiannis NG. The role of α‑smooth muscle 
actin in fibroblast‑mediated matrix contraction and remodeling. Bio‑
chimica et Biophysica Acta—Mol Basis Disease. 2017;1863:298–309.

 13. Moore BB, Lawson WE, Oury TD, Sisson TH, Raghavendran K, Hogaboam 
CM. Animal models of fibrotic lung disease. Am J Respir Cell Mol Biol. 
2013;49:167–79.

https://doi.org/10.1186/s12890-022-01972-6
https://doi.org/10.1186/s12890-022-01972-6
https://arriveguidelines.org


Page 9 of 9Yang et al. BMC Pulmonary Medicine          (2022) 22:176  

•
 
fast, convenient online submission

 •
  

thorough peer review by experienced researchers in your field

• 
 
rapid publication on acceptance

• 
 
support for research data, including large and complex data types

•
  

gold Open Access which fosters wider collaboration and increased citations 

 
maximum visibility for your research: over 100M website views per year •

  At BMC, research is always in progress.

Learn more biomedcentral.com/submissions

Ready to submit your researchReady to submit your research  ?  Choose BMC and benefit from: ?  Choose BMC and benefit from: 

 14. Tashiro J, Rubio GA, Limper AH, Williams K, Elliot SJ, Ninou I, et al. Explor‑
ing animal models that resemble idiopathic pulmonary fibrosis. Front 
Med. 2017;

 15. Degryse AL, Lawson WE. Progress toward improving animal models for 
idiopathic pulmonary fibrosis. Am J Med Sci. 2011;444–9.

 16. Gong G cheng, Song S ren, Su J. Pulmonary fibrosis alters gut microbiota 
and associated metabolites in mice: An integrated 16S and metabo‑
lomics analysis. Life Sci. 2021;264.

 17. Weckerle J, Picart‑Armada S, Klee S, Bretschneider T, Luippold AH, Rist W, 
et al. Mapping the metabolomic and lipidomic changes in the Bleomycin 
model of pulmonary fibrosis in young and aged mice. 2021.

 18. Yan F, Wen Z, Wang R, Luo W, Du Y, Wang W, et al. Identification of the 
lipid biomarkers from plasma in idiopathic pulmonary fibrosis by Lipid‑
omics. BMC Pulm Med. 2017;17:174.

 19. Kang YP, Lee SB, Lee JM, Kim HM, Hong JY, Lee WJ, et al. Metabolic profil‑
ing regarding pathogenesis of idiopathic pulmonary fibrosis. J Proteome 
Res. 2016;15:1717–24.

 20. Jenkins RG, Simpson JK, Saini G, Bentley JH, Russell AM, Braybrooke R, 
et al. Longitudinal change in collagen degradation biomarkers in idi‑
opathic pulmonary fibrosis: an analysis from the prospective, multicentre 
PROFILE study. Lancet Respir Med. 2015;3:462–72.

 21. Ni S, Song M, Guo W, Guo T, Shen Q, Peng H. Biomarkers and their poten‑
tial functions in idiopathic pulmonary fibrosis. Expert Rev Respir Med. 
2020;14:593–602.

 22. Drakopanagiotakis F, Wujak L, Wygrecka M, Markart P. Biomarkers in idi‑
opathic pulmonary fibrosis. Matrix Biol. 2018;68–69:404–21.

 23. Alfaro TM, Robalo CC. Comorbidity in idiopathic pulmonary 
fibrosis ‑ what can biomarkers tell us? Ther Adv Respir Dis. 
2020;14:1753466620910092.

 24. Inchingolo R, Varone F, Sgalla G, Richeldi L. Existing and emerging bio‑
markers for disease progression in idiopathic pulmonary fibrosis. Expert 
Rev Respir Med. 2019;13:39–51.

 25. Xie N, Tan Z, Banerjee S, Cui H, Ge J, Liu RM, et al. Glycolytic reprogram‑
ming in myofibroblast differentiation and lung fibrosis. Am J Respir Crit 
Care Med. 2015;192:1462–74.

 26. Xie N, Cui H, Ge J, Banerjee S, Guo S, Dubey S, et al. Metabolic charac‑
terization and RNA profiling reveal glycolytic dependence of profibrotic 
phenotype of alveolar macrophages in lung fibrosis. Am J Physiol Lung 
Cell Mol Physiol. 2017;313:L834‑l844.

 27. Rindlisbacher B, Schmid C, Geiser T, Bovet C, Funke‑Chambour M. Serum 
metabolic profiling identified a distinct metabolic signature in patients 
with idiopathic pulmonary fibrosis—a potential biomarker role for 
LysoPC. Respiratory Research. 2018;19.

 28. Xuan Q, Hu C, Yu D, Wang L, Zhou Y, Zhao X, et al. Development of a 
high coverage pseudotargeted lipidomics method based on ultra‑high 
performance liquid chromatography‑mass spectrometry. Anal Chem. 
2018;90:7608–16.

 29. Quehenberger O, Armando AM, Brown AH, Milne SB, Myers DS, Merrill 
AH, et al. Lipidomics reveals a remarkable diversity of lipids in human 
plasma. J Lipid Res. 2010;51:3299–305.

 30. Kanehisa M, Goto S. KEGG: Kyoto Encyclopedia of Genes and Genomes. 
2000.

 31. Chanda D, Otoupalova E, Smith SR, Volckaert T, de Langhe SP, Thannickal 
VJ. Developmental pathways in the pathogenesis of lung fibrosis. Mol 
Aspects Med. 2019;65:56–69.

 32. Chen H, Li Z, Dong L, Wu Y, Shen H, Chen Z. Lipid metabolism in chronic 
obstructive pulmonary disease. Int J COPD. 2019;14:1009–18.

 33. Selvarajah B, Azuelos I, Anastasiou D, Chambers RC. Fibrometabolism‑an 
emerging therapeutic frontier in pulmonary fibrosis.

 34. Richeldi L, Collard HR, Jones MG. Idiopathic pulmonary fibrosis. Lancet. 
2017;389:1941–52.

 35. Kolahian S, Fernandez IE, Eickelberg O, Hartl D. Immune mechanisms in 
pulmonary fibrosis. Am J Respir Cell Mol Biol. 2016;55:309–22.

 36. Saito A, Horie M, Nagase T. TGF‑β signaling in lung health and disease. Int 
J Mol Sci. 2018;19.

 37. Seibold MA, Wise AL, Speer MC, Steele MP, Brown KK, Loyd JE, et al. A 
common MUC5B promoter polymorphism and pulmonary fibrosis. N 
Engl J Med. 2011;364:1503–12.

 38. Helling BA, Gerber AN, Kadiyala V, Sasse SK, Pedersen BS, Sparks L, et al. 
Regulation of MUC5B expression in idiopathic pulmonary fibrosis. Am J 
Respir Cell Mol Biol. 2017;57:91–9.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub‑
lished maps and institutional affiliations.


	Disturbance of serum lipid metabolites and potential biomarkers in the Bleomycin model of pulmonary fibrosis in young mice
	Abstract 
	Background: 
	Methods: 
	Results: 
	Conclusions: 

	Background
	Methods
	Animal, fibrotic models, and sample collection
	Pathological analysis, immunohistochemistry and western blots
	UPLC-MS metabolome profiling
	Data analysis

	Results
	The establishment of pulmonary fibrosis mouse models induced by bleomycin
	The altered metabolism in serum of mouse fibrosis models
	KEGG pathway analysis and changes of enrichment pathway of pulmonary fibrosis in mice
	Screening for potential metabolic biomarkers of pulmonary fibrosis in mice

	Discussion
	Conclusions
	Acknowledgements
	References


