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tissue-infiltrating immune cells
and genes for patients with

emphysema phenotype
of COPD

Di Wang®, Bingnhan Chen?, Shuang Bai' and Li Zhao™

Department of Pulmonary and Critical Care Medicine, Shengjing Hospital of China Medical
University, Shenyang, China, 2Department of Obstetrics and Gynaecology, The First Affiliated
Hospital of Chongqing Medical University, Chongqging, China

Objective: To study the tissue-infiltrating immune cells of the emphysema
phenotype of chronic obstructive pulmonary disease (COPD) and find the
molecular mechanism related to the development of emphysema to offer
potential targets for more precise treatment of patients with COPD.

Methods: Combined analyses of COPD emphysema phenotype lung tissue-
related datasets, GSE47460 and GSE1122, were performed. CIBERSORT was
used to assess the distribution of tissue-infiltrating immune cells. Weighted
gene co-expression network analysis (WGCNA) was used to select immune key
genes closely related to clinical features. Rt-qPCR experiments were used for
the validation of key genes. Emphysema risk prediction models were
constructed by logistic regression analysis and a nomogram was developed.

Results: In this study, three immune cells significantly associated with clinical
features of emphysema (FEV1 post-bronchodilator % predicted, GOLD Stage,
and DLCO) were found. The proportion of neutrophils (p=0.025) infiltrating in
the emphysema phenotype was significantly increased compared with the
non-emphysema phenotype, while the proportions of M2 macrophages
(p=0.004) and resting mast cells (p=0.01) were significantly decreased. Five
immune-related differentially expressed genes (DEGs) were found. WGCNA
and clinical lung tissue validation of patients with emphysema phenotype were
performed to further screen immune-related genes closely related to clinical
features. A key gene (SERPINA3) was selected and included in the emphysema
risk prediction model. Compared with the traditional clinical prediction model
(AUC=0.923), the combined prediction model, including SERPINA3Z and resting
mast cells (AUC=0.941), had better discrimination power and higher
net benefit.
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Conclusion: This study comprehensively analyzed the tissue-infiltrating
immune cells significantly associated with emphysema phenotype, including
M2 macrophages, neutrophils, and resting mast cells, and identified SERPINA3
as a key immune-related gene.

KEYWORDS

emphysema phenotype, tissue-infiltrating immune cells, SERPINA3, emphysema risk
prediction model, bioinformatics

Introduction

Chronic obstructive pulmonary disease (COPD) is a group
of lung diseases characterized by airflow limitation. The medical
and social pressures caused by COPD are increasing with the
gradual growth in the aging population. As of June 2021, COPD
was recognized by the World Health Organization as the third
leading cause of death globally, causing 3.23 million deaths in
2019 (1). Many studies suggest that COPD is highly
heterogeneous, with etiologies ranging from small airway
lesions to alveolar parenchyma destruction that can lead to
COPD. Therefore, COPD appears to be a syndrome rather
than a single disease (2, 3). COPD is subdivided into different
phenotypes to understand the course of disease development
better and find more targeted treatments. The emphysema
phenotype is an independent phenotype mainly manifested by
the destruction of respiratory bronchiolar walls and alveoli,
followed by excessive expansion and inflation of lung tissue
and weakened lung elasticity (4). This phenotype has more
severe dyspnea symptoms and poorer exercise tolerance, with
higher mortality and more serious complications than other
phenotypes (5). Many smokers with obvious emphysema and
lung tissue damage show preserved pulmonary function (6, 7).
These smokers should receive early intervention to prevent the
progression of structural destruction and improve their quality
of life (8). As a result, it is crucial to examine the pathogenesis of
the emphysema phenotype of COPD and identify
potential targets.

In the emphysema phenotype of COPD, many aspects of the
innate and adaptive immune responses are abnormal (9).
Neutrophils, which are significantly increased in sputum and
blood in patients with emphysema, release elastase that breaks
down the extracellular matrix, destroying lung tissue (10).
Decreased phagocytic activity of macrophages increases the
persistence of the inflammatory process (11), and persistent
chronic stimulation may affect T cell numbers (12). These
abnormalities may result in antigen-specific immune
responses, leading to repeated exacerbations and infections in
the late stages of COPD (13, 14). Smoke exposure also leads to
innate immune responses and the release of some cytokines,
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such as CXCLS, IL-6, TNF, and leukotriene B4, which can
induce the infiltration of neutrophils and monocytes. These
inflammatory cells can activate oxidative stress and protease-
antiprotease imbalance, causing epithelial damage and cell death
(15). Thus, changes in the lung immune microenvironment are
closely related to the development of the emphysema phenotype.
However, previous studies on immune cell infiltration in the
emphysema phenotype of COPD have focused on a single
sample or single immune cell using immunohistochemical
staining or flow cytometry (16, 17), which cannot
comprehensively assess the overall states of immune
infiltration of emphysema. We selected the lung tissue-related
data of patients with emphysema phenotype in the Gene
Expression Omnibus (GEO) database. The infiltration of
immune cells in lung tissue was assessed by bioinformatics
methods to identify key immune cells related to emphysema.
Further analyses were performed by looking for differentially
expressed genes and using a weighted co-expression network
analysis (WGCNA) to screen out key immune-related genes. We
aimed to achieve this by better mapping the role of immune cells
in the pathogenesis of emphysema and by identifying risk factors
for emphysema through important immune cells and genes.

Material and methods
Data preparation and download

The datasets GSE47460 and GSE1122 were selected and
downloaded from the public database Gene Expression
Omnibus (GEO, http://www.ncbinlm.nih.gov/geo). Combined
analysis was performed to screen out key genes more precisely.
GSE47460 is multi-batch microarray dataset which contains 2
platforms, GPL6480 and GPL14550. In order to avoid batch
differences, 10% of the samples were randomly selected for
repetition in each platform. Emphysema patients in this
dataset were determined based on the CT-emphysema index.
Patients with -950 HU value>15% were diagnosed with
emphysema (18). The detailed information of the selected
datasets was shown in Table 1. The GSE1122 dataset contains
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TABLE 1. Clinical characteristics of 220 samples in GSE47460
dataset.

Characteristics  emphysema  control(n=142) P value
(n=78)

FEV1(%) 36.28+17.51 66.89+16.01 1.62342E-19

FVC(%) 71.89+19.03 87.54+13.56 1.13407E-06

DLCO(%) 3741372 66.41+19.89 423925E-21

15 samples. We only included 5 emphysema samples and 5 non-
emphysema samples, and the other 5 samples with antitrypsin
deficiency were not included in this study. The gender and age of
the patients included in the GSE47460 and GSE1122 datasets
were shown in Supplementary Table 1, and there was no
significant difference between the datasets.

Analyses of immune infiltration in the
lung tissue with emphysema

CIBERSORT is a method to characterize the composition of
immune cells in the microenvironment from gene expression
profiles data (19). We downloaded the CIBERSORT R source
code and LM22 gene set from the CIBERSORT website (http://
cibersort.stanford.edu/) and ran it locally. The expression
profiles of the GSE47460 dataset in the GPL6480 and
GPL14550 platforms were normalized using R software. The
abundance matrix of 22 immune cells was obtained from the
gene expression profile and visualized using the “graphics”,
“pheatmap” and “vioplot” packages in R. Next, spearman
correlation analysis was performed using the “corplot” package
in R on the normalized GPL6480 and GPL14550 platform data
to analyze the relationship between immune cell abundance and
clinical characteristics of emphysema patients, including forced
expiratory volume in the first second (FEV1), forced vital
capacity (FVC), GOLD Stage and diftusion lung capacity for
CO (DLCO).

Immune-related differentially expressed
genes screening

Analysis of differentially expressed genes in GSE1122
dataset and GSE47460 dataset were carried out using
GEO2R and the intersection of results was taken. GO (Gene
Ontology) and KEGG (Kyoto Encyclopedia of Genes and
Genomes) enrichment analyses were performed using the
metascape website tool (https://metascape.org/gp/index.
html), and the top 20 pathways were displayed. The genes
enriched in immune-related pathways were selected as
immune-related differentially expressed genes (DEGs) in
emphysema patients.
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Weighted gene co-expression
network analysis

In order to further screen out the genes closely related to
clinical characteristics from the above immune-related DEGs,
we extracted a total of 15180 genes from the expression matrix of
the GSE47460 dataset in the GPL6480 and GPL14550 platforms
using the “WGCNA” package in R for the construction of co-
expression networks. In this study, we chose a soft threshold f =
5 (scale-free R2 = 0.8743). Subsequently, we transformed the
adjacency matrix into a topological overlap matrix and merged
similar modules after a height cutoft of 0.85. Next, we calculated
pearson correlation coefficients between modules and clinical
data to select key modules closely related to clinical features
of emphysema.

Determination of key genes and
Rt-gPCR experiments

The above immune-related DEGs were intersected with the
genes in the key modules selected by WGCNA to obtain DEGs
related to both immune and clinical features. Next, in order to
screen out key genes more precisely and to further verify the
level of tissue-infiltrating immune cells, lung tissues were
collected from 5 patients with emphysema and 5 patients
without emphysema. All samples in this study were obtained
from patients with lung tumor. The sampling location is 5 cm
next to the tumor All samples were obtained under the informed
consent of patients. Total RNA from each sample was extracted
using RNAiso Plus (TaKaRa, Beijing, China). Reverse
transcription was performed using PrimeScriptTM RT reagent
Kit with gDNA Eraser (TaKaRa, Beijing, China). TB Green®
Premix Ex TaqTM (Tli RNaseH Plus)(TaKaRa, Beijing, China)
was used to quantitatively detect the mRNA levels of key genes,
in which GAPDH gene was used as an endogenous control for
mRNA normalization. Primer sequences for each gene are
shown in Supplementary Table 2. Comparisons were analysed
by t-test. To further clarify the association between key genes
and tissue-infiltrating immune cells, spearman correlation
analysis was performed between the expression levels of key
genes and the levels of lung tissue-infiltrating immune cells in
the GSE47460 dataset.

Construction of emphysema risk
prediction model

The hub genes, immune cells and clinical features obtained
in the above analysis were included in the univariate analysis.
The t-test or Mann-Whitney U test was used for continuous
variables, while the 2 test or Fisher’s exact test was used for
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categorical variables. Factors with P < 0.2 in the univariate
analysis were included in multivariate logistic regression
analysis, in which forward stepwise algorithms and likelihood
ratio tests were used. Two emphysema risk prediction models
were constructed, including a clinical prediction model (clinical
features only) and a combined prediction model (hub genes,
immune cells and clinical features). Hosmer-Lemeshow test (H-
L test) and calibration curve were used to evaluate the calibration
power of models, while the receiver operating characteristic
(ROC) curve and the area under the ROC curve (AUC) were
used to evaluate the discrimination power of models. Finally, a
nomogram was developed through the “rms” package in R to
visualize the prediction model.

Western blot analysis

Western blotting was performed using lung tissues collected
from 4 patients with emphysema and 4 patients without
emphysema. Inclusion criteria for all samples were the same as
those for Rt-qPCR. Proteins were extracted using RIPA lysis
buffer, and the concentration of protein was quantified using the
BCA protein concentration assay kit (Solarbio, China). Equal
amounts of denatured proteins were loaded in sodium dodecyl
sulfate—polyacrylamide gel electrophoresis and transferred to a
polyvinylidene fluoride membrane. The membrane was blocked
with 5% non-fat milk for 2h, and incubated overnight with the
primary antibody at 4°C. The following antibodies were used:
anti-GAPDH and anti-SEPRINA3 from Proteintech (Chicago,
IL, United States). On the following day, the membranes were
washed in TBST (10 mM Tris-HCI pH 7.4, 100 mM NacCl, 0.5%
Tween-20) and incubated with secondary antibodies for 1.5 h.
The membranes were visualized using enhanced
chemiluminescence reagent for chemiluminescence detection.
Image] software was used for analyzing final images.

All analyses in this study were performed in SPSS software
(version 25.0, IBM Corporation, Armonk, New York), STATA
software (version 17, Stata Corporation, Calgary, Texas) and R
language (version 4.1.2, R core development team).

Results

Immune landscape of patients with
COPD emphysema phenotype

To explore the immune landscape of patients with
emphysema and those without emphysema, we analyzed the
expression matrix in the GSE47460 dataset, which contains a
total of 220 lung tissues. Differences in immune infiltration of 78
patients with emphysema and 142 patients without emphysema
were analyzed by CIBERSORT. The abundance ratio matrix of
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22 immune cells in 220 lung tissues is shown in Figure 1A
(Supplementary Table 3). According to the violin plot in
Figure 1B, the proportions of T cells follicular helper
(p=0.047) and neutrophils (p=0.025) in lung tissue of patients
with emphysema were significantly higher than those without
emphysema, while the proportions of NK cells resting (p=0.025),
monocytes (p=0.007), macrophages M2 (p=0.004), mast cells
resting (p=0.01) were relatively low. We used the Wilcoxon
signed-rank-sum test to analyze the correlation between
immune cell abundance and emphysema-related clinical
features (FEV1 post-bronchodilator % predicted, GOLD Stage,
and DLCO) with p<0.05 as the critical value. We found that
many immune cells were associated with them, albeit weakly.
The results are shown in Figures 2, 3. Three immune cells,
including M2 macrophages, neutrophils, and resting mast cells,
were significantly associated with the clinical features
of emphysema.

Identification of differentially expressed
genes and enrichment analysis

To identify differentially expressed genes (DEGs) associated
with the emphysema phenotype, we found 586, 479, and 109
DEGs (p<0.05 and |fold change|>1.5) in the GSE1122 dataset
and two platforms of GSE47460 dataset (GPL6480 and
GPL14550), respectively. The results are shown in volcano
plots (Figures 4A-C). Functional enrichment analysis of DEGs
was performed, and multiple immune function-related pathways
were enriched in both datasets, such as cytokine signaling in the
immune system, human T-cell leukemia virus infection,
response to the bacterium, response to cytokine, and
inflammatory response (Figures 5A-C). To further screen
immune-related DEGs in patients with emphysema, we sorted
out the DEGs in immune-related pathways, took the intersection
of DEGs in these pathways, and finally obtained five immune-
related key genes.

Identification of key gene modules
by WGCNA

To identify key genes associated with clinical features of patients
with emphysema, a weighted co-expression network based on the
GSE47460 dataset was constructed by WGCNA. The clinical
information, including age, sex, GOLD Stage, FEV1 post-
bronchodilator % predicted, FVC post-bronchodilator %
predicted, and DLCO, was included in the analysis. Samples with
incomplete information were excluded, and 212 samples with 15,180
genes were selected for further analysis. The samples were clustered
by Pearson correlation analysis, and a topological overlap matrix was
constructed. Finally, 12 modules were selected based on average
hierarchical clustering and dynamic tree clipping (Figures 6A-C).
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FIGURE 1

The landscape of lung tissue-infiltrating immune cells. Bar plot (A) and violin plot (B) shows the distribution of 22 types of immune cells in
emphysema phenotype patients and non-emphysema phenotype patients with COPD.

The association between modules and clinical traits was measured by Identification of key genes and
the Pearson correlation coefficient using the module eigengene (ME) experimental validation
values and clinical features. As shown in Figure 6D, the green and

blue modules were closely related to multiple clinical traits, and the To obtain DEGs related to immune and clinical characteristics,
correlation coefficients are shown in Figures 7, 8. we intersected the immune-related key genes in the 3.2 section with
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The relationship between FEV1 post-bronchodilator % predicted (A), DLCO (B) and the infiltration level of lung tissue-infiltrating immune cells;
Statistical significance (P<0.05) in red font.
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The relationship between GOLD Stage and the infiltration level of statistically significant (P < 0.05) tissue-infiltrating immune cells.

genes in the green module and the blue module in the 3.3 section.

The results showed that the immune key genes had no intersection
with genes in the green module. In the blue module, 3 key genes
related to immune and clinical features were excavated. To verify

key genes more precisely, we detected the mRNA expression levels

of three key genes in emphysematous lung tissues and non-

emphysematous lung tissues by Rt-qPCR. The results showed
that the expression levels of ILIR2 and SERPINA3 in
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Differential expressed genes analysis. Volcano maps of GPL6480 (A), GPL14500 (B) in GSE47460 and GSE1122 (C).
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FIGURE 5

Functional enrichment analysis based on Metascape of GPL6480
(A), GPL14500 (B) in GSE47460 and GSE1122 (C). Bar graph
demonstrates P-value of enriched clusters. Each node in
network represents an enriched term of corresponding clusters.
For large clusters, the network only displays the top 10 terms
with P-value. The edge reflects the connection of functions and
pathways. The size of the nodes reflects the number of genes,

and the thickness of the edges reflects correlation level of terms.
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FIGURE 6

Weighted co-expression network analysis. (A) Sample
dendrogram and trait heatmap; (B) Analysis of the scale-free fit
index (left) and the mean connectivity (right) for various soft-
thresholding powers; (C) Clustering dendrograms of genes
based on a dissimilarity measure; (D) Module-trait associations
were evaluated by correlations between module eigengenes and
sample traits.

emphysematous lung tissues were significantly higher than those in
non-emphysematous lung tissues. In contrast, the expression level
of PTX3 did not show a significant difference (p<0.05, Figure 9),
consistent with their expression trend in the bioinformatics analysis.
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Correlation between expression levels of
key genes and tissue-infiltrating
immune cells

We used the Wilcoxon signed-rank-sum test to analyze the
correlation between immune cell abundance and the expression
level of key genes (IL1R2 and SERPINA3) with p<0.05 as the critical
value. The results are shown in Figure 10, we found that resting
mast cells (r=-0.469, p<0.001), macrophages M2 (r=-0.389,
p<0.001), activated NK cells (r=-0.304, p<0.001), CD8+ T cells
(r=-0.183, p=0.007), eosinophils (r=0.17, p=0.012), memory B cells
(r=0.229, p=0.001), activated dendritic cells (r=0.244, p<0.001),
activated CD4+ memory T cells (r=0.327, p<0.001), activated
mast cells (r=0.375, p<0.001), neutrophils (r=0.637, p<0.001) were
significantly associated with ILIR2, while resting mast cells (r=-

Macrophages M2
Mast cells resting

NK cells activated

T cells CD8
Macrophages MO
Dendritic cells resting

Abs (correlation)

T cells CD4 memory activated

0.222, p=0.003), macrophages M2 (r=-0.272, p<0.001), activated
NK cells (r=-0.221, p=0.003), CD8+ T cells (r=-0.179, p=0.015),
macrophages M0 (r=-0.157, p=0.035), T cells gamma delta
(r=0.166, p=0.025), plasma cells (r=0.273, p<0.001), activated
mast cells (r=0.363, p<0.001), neutrophils (r=0.322, p<0.001) were
significantly associated with SERPINA3.

Construction of emphysema risk
prediction model

After univariate analysis and multivariate logistic regression
analysis, two models were constructed for predicting emphysema
risk: the clinical prediction model and the combined prediction
model. Age, FEV1 post-bronchodilator % predicted, and DLCO
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were included in the clinical prediction model, while SERPINA3
and resting mast cells were added in the combined prediction
model. The p-values for the clinical and combined predictive
models were greater than 0.05 in the H-L test (0.815 and 0.149,
respectively), indicating qualified goodness of fit in both models. In
addition, the calibration and ROC curves show that the combined
prediction model has better calibration and discrimination power
(Figure 11). The AUC value of the combined prediction model
(0.941) was higher than that of the clinical prediction model
(0.923). The DCA showed that the combined prediction model

Frontiers in Immunology

had a higher net benefit (Figure 12A). A nomogram of the
combined prediction model was developed (Figure 12B).

Validation of key genes and tissue-
infiltrating immune cells
The expression of SERPINA3 was determined in the

present study. Each lung tissue sample obtained from a
subject was used as an independent sample in a western blot.
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Western blotting results showing the expression of SERPINA3
in the lung tissue samples of the validation cohort are shown in
Figure 13. The protein expression of SERPINA3 in the
emphysema samples was significantly higher than in the
non-emphysema samples.

Rt-qPCR analyses were performed to validate the expression
levels of CD206, CD66b, and MS4A2 in lung tissues, which are
markers of macrophages M2, neutrophils, and resting mast cells.
The results showed that the infiltration levels of macrophages
M2, neutrophils, and resting mast cells significantly differed
between emphysema and non-emphysema phenotypes. The
results were consistent with the results obtained by
bioinformatics (Figure 14).

Discussion

Since the development of the elastase/anti-elastase theory
and subsequent theories about oxidative damage, immune
imbalance, and inflammation, the pathogenesis of emphysema
has been better understood. In addition to neutrophils and
macrophages, many new immune cells, such as T cells
follicular helper and T cells gamma delta, have been found to
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play a role in the progression of emphysema, which makes the
landscape of emphysema disease clearer, and also increases our
understanding of the importance of immune cells in the
occurrence and development of emphysema.

In this study, 6 types of immune cells were found to be
significantly associated with emphysema, including neutrophils,
T cells follicular helper, resting NK cells, monocytes, M2
macrophages, and resting mast cells. Various types of cells,
including B cells memory, Tregs, T cells gamma delta, and
macrophages, were found to be associated with clinical
features (FEV1 post-bronchodilator % predicted, GOLD Stage,
and DLCO). Such diverse immune cells do not act alone in the
lung tissue microenvironment but are more inclined to interact
with others and synergistically affect the process of emphysema
(17, 20). Macrophages and dendritic cells release cytokines such
as CXCL8 under the stimulation of smoking, pathogen invasion,
and other factors, leading to the recruitment of neutrophils.
These pro-inflammatory cells participate in extracellular matrix
degradation, mucus secretion, and cell damage by releasing ROS,
proteases, some inflammatory factors, and chemokines,
promoting the development of emphysema (21, 22). Tregs
attenuate the inflammatory response and the resulting lung
damage through a contact-dependent mechanism and
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Western blotting results of expression level of SERPINA3 in the
lung tissue samples of emphysematous and control groups of
COPD. **** indicates p < 0.0001, respectively

cytokines such as IL-10, IL-35, and TGF-, slowing down the
aggravation of clinical symptoms (23). The immune cell trends
in this study are consistent with the emphysema development
process mentioned above.

Some immune cells associated with emphysema or clinical
features draw our attention. As a specialized CD4+ T cell subset,
follicular helper T (Tth) cells are critical for forming lymphoid
organs. The tertiary lymphoid organs are associated with the
severity and tissue damage of emphysema. In 2020, Naessens T
et al. demonstrated the existence of Tth-like cells in the GOLDI/

10.3389/fimmu.2022.967357

IT stage for the first time and found that CDIlc+ conventional
dendritic cells (cDC) induced naive CD4+ T-cells into IL-21 and
CXCLI13 secreting Tth-like cells by expressing OX40L and the
two cells (CD1c+ ¢DC and Tth-like cells) co-localized in the
tertiary lymphoid organs (24). We found that Tth cells were
significantly elevated in the emphysema group, supporting the
abovementioned point.

Another notable immune cell is memory B cells, which were
found to be negatively correlated with FEV1 post-
bronchodilator % predicted, DLCO, and positively correlated
with GOLD Stage in this study (p<0.05). Memory B cells are
generated upon the first encounter with a pathogen and can
enhance responses to secondary antigen stimulation. A recent
study found that the number of IgA+ memory B cells was
significantly increased in patients with small airway
dysfunction (25). Another study also found an increase in
IgA+ B cells in peripheral lung tissue of patients with severe
COPD, possibly due to intraluminal sIgA deficiency. Memory B
cells may drive inflammation and remodeling by producing
antibodies against self-antigens (26).

As a very small subset of T cells, T cells gamma delta is less
common in the human immune system with unique T cell
receptors (y-chain and §-chain) on their surface. Gamma delta T
cells were upregulated in smokers’ lung parenchyma compared
to non-smokers (27). However, the function of these cells has
been unclear and may be related to tissue damage and
remodeling (28). In this study, this group of cells was not
significantly correlated with emphysema but showed a negative
correlation with DLCO and a positive correlation with the
GOLD stage. It was recently found that under the induction of
IL-1B and IL-23, T cells gamma delta produces IL-17 to promote
inflammation (29). Macrophages can secrete IL-1§ and IL-23,
which in this study was a key immune cell population. In
GSE1122, IL-1B and IL-23 were significantly upregulated in
the emphysema group, while IL-17 was also upregulated, and the
p-value was close to 0.05 (p=0.0547). Therefore, we speculated
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that T Cells gamma delta also plays a pro-inflammatory role in
emphysema in a similar manner, which needs to be
further verified.

In this study, neutrophils, macrophages M2, and mast cells
resting were significantly correlated with emphysema and
clinical features, suggesting that these cells have more
significant clinical significance or play a more important role
in developing emphysema. It is not surprising that neutrophils
were found to be key immune cells. As a classic inflammatory
cell, the accumulation of neutrophils in the peri-alveolar tissue is
one of the early key events in emphysema and runs through the
entire pathogenesis of emphysema. Neutrophils exert pro-
inflammatory effects by releasing some cytokines, such as
CXCLI and CXCLS8; on the other hand, they cause tissue
damage by releasing elastase. The released reactive oxygen
species are involved in various processes of emphysema (22).
Recent studies have found that neutrophil depletion in allergic
airway inflammation increases G-CSF, exacerbating T helper cell
type 2 (Th2) inflammation, epithelial remodeling, and airway
resistance. This finding suggests that, in addition to pro-
inflammatory effects, neutrophils are likely to play an
immunomodulatory role (30).

In this study, M2 was found to be a key immune cell which
was significantly decreased in the emphysema group. Current
studies do not roughly divide macrophages into M1 and M2
subtypes, especially in tumor-related studies. Unfortunately,
currently, there is no systematic classification of macrophage
subtypes in emphysema or COPD. The single-cell sequencing
study by Nassir et al. in patients with critical COVID-19 is of
significance, in which monocyte-derived alveolar macrophages
were divided into two clusters and one macrophage subtype,
labeled CCL3L1 and FCGR3B, was identified to be significantly
upregulated in critical COVID-19 (31). Since the classification
and function of macrophage subtypes in emphysema are not yet
clear, many studies still refer to the classification of M1 and M2
subtypes (32, 33), exerting pro-inflammatory and repairing
functions, respectively. The M1 subtype mainly exists in the
small airway tissue, while the M2 subtype exists in the luminal
area (34). In the present study, M2 macrophages were
significantly reduced in the emphysema group, which may be
due to the fact that M2 macrophages were damaged in chronic
smoke exposure and they were unable to suppress the persistent
inflammation leading to the development of emphysema. This is
consistent with the findings of Hackett and Takanashi et al., in
which the number of IL-10-positive macrophages were reduced
in the sputum of COPD patients (35, 36). M2 macrophages can
be further divided into 4 subtypes, M2a, M2b, M2c, M2d (37,
38). In this study, CCL-17 was significantly decreased in the
emphysema group, whereas IL-13 and IL-4 were elevated. CCL-
17 is a cytokine secreted by M2a subtype and can bind to CCR4
recruiting Th2 and Treg cells, which is also one of the ways that
M2a subtype exerts anti-inflammatory effect (37). IL-13 and IL-4
can induce M2a polarization (37). The reduction of CCL-17
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suggests that the reduction of M2 macrophages in emphysema is
mainly dominated by the M2a subtype, and the reduction of the
M2a subtype in turn stimulates the increase of IL-13 and IL-4,
and also leads to a decrease in anti-inflammatory capacity.

Mast cells are widely involved in inflammation and
hypersensitivity reactions in vivo by secreting heparin,
histamine, and serotonin. The infiltration of mast cells in the
airway myometrium is of great significance to the pathogenesis
of asthma by affecting airway responsiveness and airway
remodeling. In addition, the distribution of mast cell subsets
in the lung differs considerably between COPD and healthy
individuals, which are associated with pulmonary function
changes in patients with COPD. The latest study also found
that mast cells stimulate macrophages to release TNF-o. by
secreting chymase-1 in COPD (39), which further reflects the
active interaction of immune cells in emphysema. Andersson et
al. found that the infiltration of mast cells was increased in the
connective tissue of patients with COPD. At the same time, it
was decreased in mucosal tissue, and the infiltration of overall
resting mast cells was decreased, which is consistent with the
conclusion of this study. Activation and destruction of resting
mast cells by smoking and pathogen invasion may be the main
reasons for their reduction (40, 41). Activated mast cells were
found to be involved in pro-inflammatory and tissue remodeling
in emphysema; however, resting mast cells have received less
attention from researchers. In the present study, activated mast
cells showed an increasing trend in emphysema; however, the
difference was not significant (p=0.109), while resting mast cells
showed a close association with emphysema and clinical features
(FEV1 post-bronchodilator % predicted, DLCO, and GOLD
Stage). This finding suggests that resting mast cells may be
more responsive to the severity of emphysema.

SERPINA3 was found to be a key immune molecule
associated with COPD emphysema through a series of
bioinformatics analyses in this study. SERPINA3 is mainly
derived from liver and epithelial-derived cells and plays an
important role in immunity and acute/chronic inflammatory
responses (42, 43). As an acute response protein, its
concentration increases with the aggravation of inflammatory
responses (44, 45). The level of SERPINA3 can be affected by
various immune cells and cytokines. IL-1 and TNF-o can
stimulate the expression of SERPINA3 in the U373 cell line
via the NF-xB pathway (46, 47). Oncostatin M (a member of the
IL6 family) induces high expression of SERPINA3 in patients
with IBD by phosphorylating STAT1/3 and activating the JAK-
STAT pathway important for promoting chronic inflammation
(48, 49). SERPINA3 has also been found to be involved in a
variety of physiological functions such as complement cascade,
apoptosis, wound healing, and extracellular matrix remodeling,
but it has been less studied in emphysema phenotypes (50-52).
In the present study, we found that SERPINA3 was significantly
upregulated in emphysema phenotype, and multiple immune
cells (such as neutrophils, macrophages, NK cells, mast cells, and

frontiersin.org


https://doi.org/10.3389/fimmu.2022.967357
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Wang et al.

T cells) were associated with its up-regulation. We speculate that
under the stimulation of smoke and pathogens, immune cells
such as macrophages and neutrophils secrete IL-6, IL-1f, and
TNEF-0, causing peripheral chronic inflammation, which
stimulates the up-regulation of SERPINA3. High levels of
SERPINA3 suggest a continuous accumulation of pro-
inflammatory factors in the body, which can exacerbate lung
tissue damage and cause emphysema. This notion is supported
by the findings of Pelin et al. that serum SERPINA3 levels are
associated with poor outcomes in COPD, including worsening
systemic inflammatory status and increased 10-year mortality
(53). Studies have shown that SERPINA3 may be one of the
terminal molecules of the inflammatory cascade: soluble IL-6
receptors can restore IL-6-mediated activation of SERPINA3,
and various inflammatory factors can affect its expression level
(48). The level of SERPINA3 in vivo is normally maintained at
0.3-0.6 mg/mL, and it can surge to 4-fold within 8 hours after
infection, which can be used for rapid detection of acute
inflammation (44). Therefore, we speculate that SERPINA3
can be used as a sensitive indicator for early warning of
emphysema, and SERPINA3 was also found to be an
independent risk factor for emphysema risk in logistic
regression analysis.

A nomogram is a visual form of a multivariate regression
model. The influence of each variable on the outcome is
represented by a line segment with ticks. The user can get the
probability of the outcome by calculating a score based on the
value of each variable. The nomogram is intuitive and user-
friendly. It was initially used in cancer prediction and is now
gradually extended to other diseases. In this study, we sought to
use the identified key immune cells and genes to predict
emphysema risk. Mast cells resting and SERPINA3 were found
to have the predictive value. A combined prediction model and
corresponding nomogram were developed that combined “clinical
traits + key immune cells + key genes” to predict the risk of
emphysema. Compared with the clinical prediction model with
only clinical features, the combined prediction model has better
discrimination power, calibration power, and a higher net benefit,
suggesting that combining immune cells and genes can more
accurately predict emphysema risk. The combined prediction
model and corresponding nomogram may allow earlier
treatment and intervention in patients with emphysema.

The limitation of this study is that the data involved are
online data. Due to the scarcity of emphysema-related data, only
two eligible online datasets were retrieved. Fortunately, the
datasets included the sequencing data of 220 patients, which is
a relatively large number in the sequencing analysis and ensures
the accuracy and reliability of our analysis results. In addition,
only Rt-qPCR verification was performed on the expression level
of key genes screened by WGCNA in lung tissue. The expression
level of key genes in serum and bronchoalveolar lavage fluid was
not verified due to the limitation of clinical sample types. In this
study, the CIBERSORT deconvolution method was used to
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analyze the subtypes and numbers of 22 immune cells in the
lungs of 220 patients with COPD. The advantage of this method
is that it breaks the dependence of traditional flow cytometry
techniques on limited libraries of phenotypic markers and can
detect multiple types of immune cells at the same time (19). In
addition, although single-cell mRNA sequencing enables
unbiased transcriptional analysis of thousands of single cells
from single-cell suspensions, analysis of large sample sizes is still
difficult to achieve, and sample preparation is limited (54).

In this study, we focused on the emphysema phenotype of
COPD, analyzed the immune cells infiltrating the lung tissue,
and found the key immune genes associated with emphysema
through a series of bioinformatics analyses. A combined
prediction model and nomogram were developed to predict
emphysema risk better.
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