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Background: Chronic obstructive pulmonary disease (COPD) pathogenesis involves persistent airway inflammation and remodeling,
yet the role of anoikis resistance remains poorly characterized. This study aimed to identify anoikis resistance-related hub genes and
evaluate their clinical utility in COPD phenotyping and prognosis.

Methods: Integrated bioinformatics analysis of the GSE11906 dataset identified anoikis resistance-related differentially expressed
genes (DEGs). Functional enrichment, LASSO regression, and machine learning (RF, SVM, XGB, GLM) were employed to pinpoint
core hub genes. Multi-level validation included external datasets (GSE19407), in vitro (CSE-stimulated 16HBE cells), in vivo
(cigarette smoke-exposed mice), and clinical samples (PBMCs). Diagnostic and prognostic models were developed using logistic
regression.

Results: Five core hub genes (UCHL1, ME1, SLC2A1, BMP4, CRABP2) were identified, with ME1, SLC2A1, and BMP4
consistently upregulated in COPD across models and strongly correlated with emphysema index (negative, R = —0.41 to —0.45) and
airway wall thickness (positive, R = 0.40-0.45). These genes exhibited significant associations with peribronchial immune cell
infiltration. Diagnostic models for emphysema-predominant COPD (AUC = 0.860) and disease staging (AUC = 0.882), along with
a prognostic model for hospitalization duration (AUC = 0.867), demonstrated robust clinical performance.

Conclusion: ME1, SLC2A1, and BMP4 are pivotal anoikis resistance-related biomarkers in COPD, driving immune dysregulation
and structural remodeling. The developed models enable precise phenotyping, severity stratification, and personalized prognosis
prediction, advancing precision medicine strategies for COPD management.
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Introduction

Chronic obstructive pulmonary disease (COPD) is a heterogeneous pulmonary disorder characterized by persistent
respiratory symptoms (dyspnea, cough, and sputum production) resulting from chronic abnormalities of the airways
(bronchitis, bronchiolitis), alveoli (emphysema), and/or pulmonary vasculature. It is defined by spirometrically confirmed
airflow limitation and/or structural or physiologic pulmonary dysfunction.'* COPD, currently ranked as the third leading
cause of global mortality,>* is projected to affect nearly 600 million individuals worldwide by 2050.° In China, this
prevalent chronic respiratory condition affects 8.2% of adults®’ and has been incorporated into national chronic disease
management programs alongside hypertension and diabetes. The main risk factors for COPD include smoking, biomass
fuel exposure, and other environmental pollutants,® manifesting histologically as chronic bronchitis and emphysema.’
Emerging evidence implicates several interconnected pathological mechanisms including chronic inflammation, oxida-
tive stress, cellular senescence, and importantly, dysregulated apoptosis.'®!'" Of particular relevance, apoptosis/death of
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cells is a key pathophysiological mechanism leading to airway epithelial damage/repair and emphysema formation in
COPD patients. However, the precise contribution of apoptotic pathways to COPD phenotypic heterogeneity remains
poorly characterized, particularly regarding their role in disease progression and phenotypic transitions.

Anoikis, a caspase-dependent form of programmed cell death, occurs upon disruption of cell-extracellular matrix
(ECM) interactions.'? This process is regulated through multiple signaling pathways involving RhoA, p66shc, and other
cytoskeletal/adhesion proteins, culminating in apoptotic cell death.'* '® Conversely, anoikis resistance, which has been
extensively documented in various pathological conditions including malignant tumors, promotes tumor metastasis and
progression by facilitating anchorage-independent growth (AIG).'”'® Emerging evidence suggests that molecular path-
ways and mechanisms regulating anoikis resistance, including cell adhesion molecules, growth factors, and signaling
pathways inducing epithelial-mesenchymal transition (EMT), also play important roles in COPD.?*? Nevertheless, the
expression profiles and functional roles of anoikis resistance signaling in the pathogenesis and progression of COPD
remain to be fully elucidated, warranting further investigation.

In this study, we employed LASSO regression and multiple machine learning algorithms to identify five core hub
genes associated with anoikis resistance and validated their expression in COPD using population, animal, and cellular
models. Subsequent clinical investigations revealed significant correlations between core hub genes expression (ME1,
SLC2A1, and BMP4) and quantitative CT parameters of airway remodeling and emphysema severity. Ultimately, we
optimized a COPD diagnostic and prognostic evaluation models, providing a foundation for the comprehensive preven-
tion and treatment of COPD.

Materials and Methods

Differential Expression and Functional Enrichment Analysis of Anoikis
Resistance-Related Genes

Expression profiles from the GSE11906 and GSE19407 datasets were downloaded from the Gene Expression Omnibus
(GEO) database (https://www.ncbi.nlm.nih.gov/geo/). The GSE11906 dataset comprises 72 healthy individuals and 33
COPD patients, while the GSE19407 dataset included 47 healthy individuals and 22 COPD patients. All samples were
obtained from the small airway epithelium via fiberoptic bronchoscopy. Anoikis resistance-related genes were obtained

from GeneCards (https://www.genecards.org/), and differential gene expression analysis was performed using the

“limma” R package (adj. P < 0.05, |[log2FC| > 0.585). Functional enrichment analysis of anoikis resistance-associated
DEGs was performed using Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway
databases via the “clusterProfiler” R package. Adj. P < 0.05 was considered to be statistically significant in the
enrichment results. Enrichment outcomes were visualized using the “ggplot2” R package. The “c2.cp.kegg.symbols.
gmt” gene set was obtained from the MSigDB database, and Gene Set Enrichment Analysis (GSEA) was performed
using the “ClusterProfiler” R package. P < 0.05, [NES| > 1, and FDR < 0.25 were considered to be statistically
significant.

Identification of Core Hub Genes and Construction of the ceRNA Network

The “glmnet” R package was used for 10-fold cross-validation in LASSO regression analysis. Machine learning models,
including random forest (RF), support vector machine (SVM), XGBoost (XGB), and generalized linear model (GLM),
were constructed using the “caret”, “DALEX”, “ggplot2”, “randomForest”, “kernlab”, “xgboost”, and “pROC”
R packages. Core hub genes associated with anoikis resistance were identified using the “VennDiagram” R package.
Potential miRNA targets of the core hub genes were predicted using miRanda, miRDB, and TargetScan, while
interactions between miRNAs and IncRNAs were predicted using the SpongeScan database. The IncRNA-miRNA-
mRNA regulatory network was constructed and visualized using Cytoscape software (version 3.9.1).

Cell Culture and Cigarette Smoke Extract (CSE) Treatment
16HBE cells were purchased from Procell Life Science and Technology Co., Ltd (Wuhan, China) and cultured in MEM
medium supplemented with 10% fetal bovine serum (FBS), penicillin (100 U/mL), and streptomycin (100 U/mL). CSE
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was prepared as previously described by our research group,” and used to stimulate cells at concentrations of 3% and 5%
for 24 hours prior to qRT-PCR detection. Each cell experiment was performed in triplicate.

RNA Extraction and Quantitative Real-Time PCR (qRT-PCR)

Total RNA was extracted using TRIzol reagent (Takara, 9108, Japan) following the manufacturer’s instructions. cDNA
synthesis was performed using a reverse transcription kit, and the transcription levels of UCHL1, ME1, SLC2A1, BMP4,
and CRABP2 were detected using the SYBR Green PCR kit (Accurate Biology, AG11701, China). GAPDH served as the

Z*AACT

internal reference gene, and relative expression levels were calculated using the method. Primer sequences are

provided in Table 1.

Table | Primer Sequences of the Panel Genes

Gene Species | Primer Sequence (5’ to 3')

UCHLI Human | Forward: AACCCCGAGATGCTGAACAAAGTG

Reverse: CACCGAGCCCAGAGACTCCTC

MEI Human | Forward: GCTTGGGAGACCTTGGCTGTAATG

Reverse: CCACATCCAGAATGACAGGCAGAC

SLC2AI Human | Forward: TTGGCCGGCGGAATTCAATG

Reverse: TCAAAGGACTTGCCCAGTTTCG

BMP4 Human | Forward: GCGATGTGGGCTGGAATGACTG

Reverse: ATGGCATGGTTGGTTGAGTTGAGG

CRABP2 | Human | Forward: GCCCTGTAAGAGCCTGGTGAAATG

Reverse: AGTTCTCTGGTCCACGAGGTCTTG

GAPDH Human | Forward: CAACGTGTCAGTGGTGGACCTG

Reverse: GTGTCGCTGTTGAAGTCAGAGGAG

UCHLI Mouse | Forward: AACCCCGAGATGCTGAACAAAGTG

Reverse: AGAGTCTCCTCCTCCAGCCCTAG

MEI Mouse | Forward: GTGAACCCACAACAGTGTCTACCC

Reverse: TCCAGGAAGGCGTCATACTCAGG

SLC2AI Mouse | Forward: GTGCTCCTCGTGCTCTTCTTCATC

Reverse: CTCCTCGGGTGTCTTGTCACTTTG

BMP4 Mouse | Forward: GCCAACACTGTGAGGAGTTTCC

Reverse: TTCTCTGGGATGCTGCTGAGG

CRABP2 | Mouse | Forward: AGCCTCCAAGCCAGCAGTCG

Reverse: TTAATCTCCGTGGTTCGCACAGTG

GAPDH Mouse Forward: CATCACTGCCACCCAGAAGACTG

Reverse: ATGCCAGTGAGCTTCCCGTTCAG
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Construction of CSE-Induced COPD Mouse Model

Twelve 8-week-old male C57BL/6 mice were procured from Jinan Pengyue Experimental Animal Breeding Co., Ltd.
(Jinan, China) and randomly assigned to two experimental cohorts (n = 6 per group): an age-matched control group and
a chronic cigarette smoke-induced COPD model group. Mice in the smoke exposure group were placed in a passive
cigarette smoke exposure twice daily, with seven Tai Shan brand cigarettes (tar 11 mg/cigarette, nicotine 1.1 mg/
cigarette, and carbon monoxide 11 mg/cigarette) burned per session, for 2 hours each time (maintaining CO, concentra-
tion at 800—1300 ppm and O, concentration above 18% during exposure), for 24 weeks.

Assessment of Lung Function in Animals

Lung function parameters, including peak expiratory flow (PEF), maximum mid-expiratory flow (MMEF), and the ratio of forced
expiratory volume at 25ms, 50ms, 75ms, and 100ms to forced vital capacity (FEV25ms/FVC, FEV50ms/FVC, FEV75ms/FVC,
FEV100ms/FVC), were measured using the EMMS Forced Maneuvers system (EMMS-CRFM 100, EMMS, UK).

Pulmonary Histopathology

The isolated left lung tissues from mice were subjected to qRT-PCR analysis described in Section qRT-PCR. The right
lung tissues were fixed in 4% paraformaldehyde, embedded in paraffin, and sectioned. Tissue sections were stained with
hematoxylin (Solarbio, H8070, Beijing, China) and eosin (Sangon, A600190, Shanghai, China) for histological evalua-
tion. Images were captured using an inverted microscope for subsequent morphological analysis. Mean linear intercept
(MLI): MLI = L/Ns (reflecting the average alveolar diameter) and mean alveolar number (MAN): MAN = Na/S
(reflecting alveolar density).

Immunohistochemistry (IHC)

5 pm sections of paraffin-embedded tissues were dewaxed, rehydrated, and subjected to antigen retrieval with citrate
buffer (pH 6.0). After blocking with 10% goat serum, the sections were incubated overnight at 4°C with an anti-o-SMA
antibody (80008-1-RR, Proteintech). Subsequently, the sections were incubated with an HRP-conjugated secondary
antibody, stained with 3,3’-diaminobenzidine (DAB) and counterstained with hematoxylin.

Human Sample Collection

From September to December 2024, 50 patients with COPD (44 males, 6 females; aged 40—85 years) were recruited from
the Department of Respiratory and Critical Care Medicine, Qingdao Municipal Hospital, along with 40 age-matched
healthy controls from the health check-up center. All participants underwent spirometry at enrollment, with 35 also
undergoing high-resolution computed tomography (HRCT). The constructed models were randomly partitioned into
training and internal validation sets at a 7:3 ratio. According to the Global Initiative for Chronic Obstructive Lung
Disease (GOLD, 2025) guidelines, COPD severity was classified into early-stage (GOLD 1-2) and late-stage (GOLD
3-4) patients. Patient prognosis was stratified based on the median length of hospitalization.

Univariate analysis indicated no statistically significant differences in baseline characteristics between all the training
and validation cohorts, including age, gender, pulmonary function parameters, emphysema severity (quantified by LAA
%), airway remodeling (assessed via the square root of airway wall area at an internal perimeter of 10 mm, AWT-Pil0),
and hospitalization duration (all P > 0.05; detailed in Tables 2—4). The study was approved by the Medical Ethics
Committee of Qingdao Municipal Hospital, and written informed consent was obtained from all participants (2025-
KY-105).

Isolation of Peripheral Blood Mononuclear Cells (PBMCs)

Following informed consent, whole blood samples were collected from all enrolled participants. PBMCs were isolated
using Ficoll density gradient centrifugation according to the manufacturer’s protocol (Solarbio, Beijing, China). Briefly,
blood samples were centrifuged at 2000 rpm for 10 minutes at 4°C. After centrifugation, the serum and red blood cell
layer were carefully removed, and the intermediate leukocyte layer was collected. The PBMCs were washed twice with
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Table 2 The Baseline Characteristics of Validation and Training Cohorts for the Emphysema Pathological

Phenotype Diagnostic Model

Variables Total Validation Training P
(n = 35) Cohort (n=11) Cohort (n = 24)

Gender, n (%)

Male 31 (88.57) 10 (90.91) 21 (87.50) 1.000

Female 4(11.43) I (9.09) 3 (12.50)

Age (years, mean +SD) 68.00 * 8.29 67.36 £ 8.13 68.29 £ 851 0.763

FVEVI, %, mean * SD 51.38 £ 15.31 56.39 £ 12.72 49.00  l6.13 0214

FVC, %, mean = SD 69.75 + 20.23 66.95 + 24.47 71.09 £ 1841 0.603

FEVI/FVC, %, mean + SD 62.99 + 13.86 67.89 £ 12.63 60.66 * 14.09 0.179

AWT-Pil0, mm, mean * SD 4.57 + 0.57 4.63 + 043 4.54 + 0.63 0.687

LAA, %, Median (IQR) 0.09 (0.01, 0.23) 0.14 (0.03, 0.25) 0.08 (0.01, 0.17) 0.486

Length of stay, (days, mean + SD) 829 + 1.93 8.00 = 2.10 842 + 1.89 0.562

Table 3 The Baseline Characteristics of Validation and Training Cohorts for the Early/Late-Stage COPD Diagnostic

Model
Variables Total Validation Training P
(n =50) Cohort (n = 15) Cohort (n = 35)
Gender, n (%)
Male 44 (88.00) 13 (86.67) 31 (88.57) 1.000
Female 6 (12.00) 2 (13.33) 4 (11.43)
Age (years, mean *SD) 66.90 = 7.71 66.40 = 6.91 67.11 £8.12 0.768
FVEVI, %, mean + SD 50.96 + 16.77 53.97 + 17.04 49.77 £ 16.77 0.450
FVC, %, Median (IQR) 67.25 (50.35, 77.97) 60.30 (47.60, 75.80) 70.80 (51.10, 78.00) 0.510
FEVI/FVC, %, mean * SD 60.62 + 15.22 60.28 + 13.62 60.76 = 16.01 0.926
AWT-Pi10, mm, Median (IQR) 4.50 (4.20, 4.85) 4.70 (4.40, 4.90) 4.50 (4.10, 4.70) 0.256
LAA, %, mean * SD 0.14 £ 0.15 0.14 £ 0.14 0.13+0.15 0.832
Length of stay, (days, mean * SD) 8.10 + 2.12 8.00 + 2.88 8.14 + 1.75 0.830
Table 4 The Baseline Characteristics of Validation and Training Cohorts for the Hospital Stay Duration
Prognostic Model
Variables Total Validation Training P
(n =50) Cohort (n = 15) Cohort (n = 35)
Gender, n (%)
Male 44 (88.00) 14 (93.33) 30 (85.71) 0.776
Female 6 (12.00) | (6.67) 5 (14.29)
Age (years, mean *SD) 66.90 £ 7.71 67.20 £ 7.36 66.77 + 7.96 0.859
FVEVI, %, mean * SD 53.08 + 20.53 57.65 * 26.09 51.46 + 18.38 0.376
FVC, %, mean * SD 62.61 = 29.62 70.30 £ 27.82 59.90 + 30.16 0.301
FEVI/FVC, %, mean * SD 61.23 = 16.86 64.96 + 18.55 59.92 = 16.31 0.380
AWT-Pi10, mm, Median (IQR) 4.55 £ 0.57 4.47 £ 0.40 4.60 + 0.64 0.519
LAA, %, mean * SD 0.14 £ 0.15 0.17 £ 0.18 0.12 £ 0.12 0.286
Length of stay, (days, Median (IQR)) 8.00 (6.25, 9.00) 8.00 (6.00, 8.50) 8.00 (7.00, 9.00) 0.390

phosphate-buffered saline (PBS), centrifuged at 1500 rpm for 10 minutes each time, and the cell pellets were stored at
—80°C for subsequent analysis. The transcriptional levels of UCHL1, ME1, SLC2A1, BMP4, and CRABP2 in PBMCs
were determined by qRT-PCR following the protocol described in Section qRT-PCR.
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Quantitative Analysis of HRCT Images

HRCT images of COPD patients were obtained using the Picture Archiving and Communication System (PACS), and the
original DICOM format images were loaded into the A-View™ artificial intelligence lung quantitative imaging software
(Suzhou Suhai Information Technology Co., Ltd., China) for automatic quantitative analysis to obtain the LAA% and
AWT-Pi10. Subsequently, COPD patients were categorized into non-emphysema (COPD-NE, LAA% < 6%) and
emphysema (COPD-E, LAA% > 6%) groups based on LAA% levels.

Statistical Analysis

Statistical analyses were performed using R software (version 4.4.1), SPSS 26.0 software and GraphPad Prism 9
software. The Shapiro—Wilk test was used to assess data normality. Continuous variables are presented as median
(interquartile range) or mean =+ standard deviation (mean + SD). Comparisons between two groups were made using
independent sample #-test or Mann—Whitney U-test. Categorical variables are presented as numbers (%), and compar-
isons between two groups were performed using the y* test or Fisher’s exact test. ANOVA was used for multi-group
comparisons, and Spearman and Pearson tests were used for correlation analyses. The performance of diagnostic and
prognostic models was assessed using the area under the receiver operating characteristic curve (AUC-ROC). Calibration
curves were utilized to evaluate model calibration, while decision curve analysis (DCA) was performed to determine
clinical utility. P < 0.05 (two-sided) was considered statistically significant.

Results
Screening and Functional Enrichment Analysis of Differentially Expressed Anoikis

Resistance Genes
To investigate the potential genes of anoikis resistance in COPD pathogenesis, we obtained 913 anoikis resistance-related
genes from GeneCards and extracted their expression profiles from the GSE11906 dataset. A total of 75 DEGs were
identified, comprising 39 upregulated and 36 downregulated genes (|log FC| > 0.586, adj. P < 0.05, Figure 1A and B).
To further reveal the potential functions of these DEGs in COPD, GO and KEGG pathway enrichment analyses were
performed. The results showed that these DEGs were significantly associated with 1365 GO terms and 65 KEGG
pathways. The top 30 GO terms and KEGG pathways are shown in Figure 1C and D. GO enrichment analysis indicated
that, in the biological process (BP) domain, these genes were mainly involved in “regulation of epithelial cell prolifera-
tion” and “positive regulation of cell adhesion”. In the cellular component (CC) domain, they were primarily associated
with “collagen-containing extracellular matrix” and “focal adhesion”. In the molecular function (MF) domain, they were
mainly linked to “DNA-binding transcription factor binding” and “cytokine activity”. KEGG pathway analysis indicated
that anoikis resistance-related DEGs were mainly enriched in pathways such as “PI3K-Akt signaling pathway”, “MAPK
signaling pathway” and “Cytokine-cytokine receptor interaction”.

Identification and External Dataset Validation of Core Hub Genes of Anoikis

Resistance
To identify core hub genes related to COPD, we analyzed the 75 DEGs using LASSO Cox regression and four machine
learning algorithms (RF, SVM, XGB, and GLM). In the LASSO regression analysis, 10-fold cross-validation identified
20 key genes (Figure 2A and B). Subsequently, based on the RF, SVM, XGB, and GLM machine learning models, the
top 10 most important genes were selected by each algorithm. After comparing the predictive performance of the models,
the RF model demonstrated superior performance and was selected for further analysis (Figure 2C—E). By intersecting
the key genes selected by LASSO regression and the RF model, five core hub genes were ultimately identified
(Figure 2F), including UCHL1, ME1, SLC2A1, BMP4, and CRABP2. Compared to the healthy control group, the
expression levels of UCHL1, ME1, SLC2A1, and BMP4 was significantly upregulated in the COPD group, while the
expression of CRABP2 was significantly downregulated.

To further validate the expression patterns of these genes, we analyzed the external dataset GSE19407. The results
showed that, except for CRABP2 (P = 0.057), the expression of UCHLI1 (P = 2.3e-15), ME1 (P = 2.22¢-16), SLC2A1
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Figure | Expression patterns of DEGs in COPD. (A) Heatmap of DEG expression. (B) Volcano plot of DEGs. (C) GO enrichment analysis. (D) KEGG pathway analysis.

(P = 1.2e-12), and BMP4 (P = 0.023) was significantly higher in the COPD group compared to the control group
(Figure S1).

GSEA Reveals Potential Mechanisms of Core Hub Genes in COPD Regulation

To further elucidate the biological functions of UCHL1, ME1, SLC2A1, BMP4, and CRABP2 in COPD, we performed
GSEA-KEGG pathway enrichment analysis, showing the top six pathways enriched for each core hub gene (Figure S2).
GSEA  results revealed that these genes were significantly involved in pathways such as
“NATURAL KILLER CELL MEDIATED CYTOTOXICITY”,

“CYTOKINE CYTOKINE RECEPTOR INTERACTION”, “REGULATION OF AUTOPHAGY” and various meta-
bolic pathways. These findings suggest that the core hub genes may play critical roles in COPD pathogenesis by
modulating immune responses or cellular metabolic processes.

Correlation of Core Hub Genes with Immune Cell Infiltration

The GSEA results suggested that these five core hub genes might be involved in immune regulation in COPD. To further
validate this hypothesis, we employed the CIBERSORT algorithm to analyze differences in peribronchial immune cell
infiltration between COPD patients and healthy controls, presenting the distribution of immune cell proportions as
a stacked histogram (Figure 3A). Violin plot results that the infiltration proportions of plasma cells, T cells CD8, T cells
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Figure 2 Identification of core anoikis resistance genes. (A-B) LASSO algorithm. Using the LASSO algorithm, we identified 20 feature genes in COPD. (C) Boxplot showing
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evaluation of the performance of RF, SVM, XGB, and GLM models. (F) Intersection of key genes selected by LASSO and RF algorithms to identify five core hub genes.

follicular helper, macrophages MO0, and macrophages M1 were significantly higher in the COPD group (Figure 3B),
indicating that these immune cells might play key roles in COPD progression.

Furthermore, we investigated the correlation between the expression of core hub genes and peribronchial immune cell
infiltration within the COPD group. The associations between UCHL1, ME1, SLC2A1, BMP4, and CRABP2 expression
and various immune cell subsets were visualized using lollipop plots (Figure 3C—G). The results revealed that the
expression of these genes was significantly correlated with the infiltration of immune cells such as T cells CD8 and
T cells follicular helper. Collectively, these findings suggest that the five core hub genes may play essential roles in
immune regulation in COPD, providing a foundation for further exploration of the potential mechanisms of anoikis
resistance in this disease.

Construction of the ceRNA Network

Recent studies have highlighted the regulatory roles of long non-coding RNAs (IncRNAs) and microRNAs (miRNAs) in
disease progression by modulating mRNA expression.”**> To investigate the investigate upstream miRNAs and
IncRNAs regulating the five core hub genes, we constructed a ceRNA network, revealing intricate interactions among
IncRNAs, miRNAs, and core hub genes. As illustrated in Figure 3H, the network comprises five core hub genes, 122
miRNAs, and 180 IncRNAs. These results demonstrate that anoikis resistance is closely associated with these IncRNAs
and miRNAs, thereby influencing COPD disease progression.

Expression of Core Hub Genes in Cell Models

To validate the expression patterns of the core hub genes in COPD, we performed qRT-PCR to assess the expression
levels of the five core hub genes in 16HBE cells stimulated with varying concentrations of CSE. The results revealed
that, compared with the control group, the expression of ME1, SLC2A1, and BMP4 was significantly upregulated in the
CSE-stimulated groups (Figure 4A—E). Notably, in contrast to the dataset results, CRABP2 exhibited a divergent
expression trend in the CSE-stimulated groups compared to the control, suggesting that its regulatory mechanisms
may be more complex.
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Figure 3 Immune infiltration results from CIBERSORT and ceRNA network. (A) The CIBERSORT algorithm was used to map 22 kinds of immune cells in t COPD patients
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Expression of Core Hub Genes in COPD Mouse Models

COPD mouse model was successfully established through cigarette smoke exposure. Compared with the control group,
the smoke-exposed group exhibited significant deterioration in pulmonary function parameters. Histopathological
examination of lung tissues revealed characteristic features of emphysema and airway remodeling in the smoke-
exposed group (Figure 5). Further qRT-PCR analysis of core hub genes expression in mouse lung tissues showed that
the expression of UCHL1, ME1, SLC2A1, and BMP4 was significantly upregulated in the COPD mouse model, while
the expression of CRABP2 showed a downward trend, although the difference was not statistically significant
(Figure 4F-)).

Expression of Core Hub Genes in PBMCs of COPD Patients

Total RNA was extracted from PBMCs of COPD patients and healthy controls in the modeling group and detected the
transcriptional levels of core hub genes using qRT-PCR. The results showed that, compared with the healthy control
group, the expression of UCHL1, ME1, SLC2A1, and BMP4 was significantly upregulated in COPD patients, while the
expression of CRABP2 was markedly downregulated (Figure 4K-0).
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Figure 4 Validation of core hub gene expression in COPD cell and animal models, as well as in Clinical COPD Patient PBMCs by qRT-PCR. (A-E) Expression levels of the
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Application of Core Hub Genes in COPD Clinical Diagnostic Models

Given the consistent and significant differential expression of ME1, SLC2A1, and BMP4 across all experimental results,
we further evaluated their potential value in COPD diagnosis and prognosis assessment. Correlation analyses revealed
that their expression levels were significantly negatively associated with LAA%, while showing positive correlations
with AWT-Pi10 (Figure 6). These findings strongly implicate their potential involvement in the pathological processes of
emphysema progression and airway remodeling in COPD. We subsequently developed two robust diagnostic models
using binary logistic regression: an emphysema phenotype diagnostic model: P = exp (—0.905 x ME1 - 3.657 x SLC2A1
- 0.284 x BMP4) + 5.276, and a disease severity staging model: P = exp (—0.63 x MEI - 2.113 x SLC2A1 - 1.998 x
BMP4) + 5.112, both demonstrating excellent calibration, as evidenced by close alignment with ideal calibration curves,
and showed significant clinical net benefits across wide threshold probability ranges in DCA (Figure 7A and B).

The emphysema model showed particularly strong performance in the training cohort (AUC = 0.860, 95% CI:
0.705-1.000; sensitivity = 84.62%, specificity = 81.82%) that was maintained in validation (AUC = 0.714, 95% CI:
0.366-1.000; sensitivity = 100%, specificity = 50%). Similarly, the disease severity classification model showed out-
standing training performance (AUC = 0.882, 95% CI: 0.775-0.990; sensitivity = 100.00%, specificity = 61.11%) and
validation performance (AUC = 0.857, 95% CI: 0.643—1.000; sensitivity = 100%, specificity = 71.43%) (Figure 7A
and B).

Application of Core Hub Genes in COPD Prognostic Evaluation Models
Building upon our established diagnostic models, we further evaluated their prognostic value by developing
a hospitalization duration prediction model:P = exp (—0.694 x ME1 - 0.840 x SLC2A1 - 1.216 x BMP4) + 4.473.
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The model demonstrated exceptional predictive accuracy through calibration analysis and significant clinical utility in
decision curve analysis. Performance metrics remained consistent across cohorts, with the training cohort achieving AUC
= 0.867 (sensitivity 95.2%, specificity 64.3%) and validation cohort showing AUC = 0.796 (sensitivity 88.9%, specificity
66.7%) (Figure 7C).

Collectively, our ME1/SLC2A1/BMP4-based models provide a comprehensive diagnostic-prognostic framework for
COPD management, enabling: precise emphysema phenotyping, objective severity stratification, and individualized
hospitalization risk prediction. These biomarkers show particular promise for guiding therapeutic decisions in clinical
practice, potentially improving both diagnostic accuracy and patient outcomes through personalized medicine

approaches.

Discussion

Chronic obstructive pulmonary disease (COPD) is a chronic inflammatory disorder characterized by heterogeneous
pathological phenotypes such as chronic bronchitis and emphysema, for which endogenous biomarkers reflecting these
pathological subtypes remain currently lacking. Through integrated bioinformatics analysis and systematic in vivo/
in vitro validation, this study demonstrates elevated expression of anoikis resistance-associated core hub genes in COPD.
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BMP4 with LAA%. (D-F) Correlation analysis with AWT-Pil0. *P < 0.05, **P < 0.01, **P < 0.001.

We further reveal, for the first time, that the diagnostic and prognostic panels comprising core hub genes (ME1, SLC2A1,
and BMP4) exhibits robust performance in distinguishing COPD phenotypes (chronic bronchitis and emphysema) and
predicting disease severity, providing a novel biomarker panel for pathological subtyping and clinical assessment of
COPD.

Recently, anoikis, a novel form of programmed cell death, has garnered considerable attention. Anoikis resistance,
a pathophysiological phenomenon wherein cells survive despite detachment from the extracellular matrix (ECM), has
been found to be aberrantly activated and closely associated with the development and progression of malignant
tumors.*®*” In COPD, abnormal proliferation/apoptosis is a critical pathogenic mechanism, with “emphysema” resulting
from excessive alveolar epithelial apoptosis and “airway remodeling” arising from post-injury repair of the airway
epithelium. However, the expression of anoikis resistance and its significance in disease evaluation in COPD remain
unclear.

To elucidate the expression characteristics and underlying mechanisms of anoikis resistance-related signaling
molecules in COPD, we conducted differential expression and functional enrichment analyses. These analyses revealed
that anoikis resistance-related differentially expressed genes were significantly enriched in key signaling pathways
closely associated with COPD pathogenesis, such as the PI3K-Akt and MAPK signaling pathways, as well as cytokine-
cytokine receptor interactions (eg, inflammation, apoptosis, and oxidative stress). These findings suggest that anoikis
resistance may contribute to COPD pathogenesis by modulating these biological processes.

Furthermore, CIBERSORT analyses revealed a markedly higher infiltration of MO macrophages, M1 macrophages,
and CDS8 T cells in COPD tissues compared with healthy controls. These findings align with the CIBERSORT study by
Feng Xu et al, which reported increased infiltration of CD4 T cells, CD8 T cells, and B lymphocytes in COPD
specimens.”® These findings not only validate the robustness of CIBERSORT in detecting immune microenvironment
dysregulation, but also reveal macrophage polarization and T cell immunomodulation as pivotal directions for future
mechanistic investigations in COPD.
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Through LASSO regression and RF algorithm, we identified five core hub genes (UCHL1, ME1, SLC2A1, BMP4,
and CRABP4) critically associated with anoikis resistance in COPD. Multi-level validation across COPD patient cohorts,
animal and cellular models consistently demonstrated significant upregulation of ME1, SLC2A1, and BMP4 in both
clinical specimens and experimental models. ME1 (malic enzyme 1), a key metabolic enzyme in the tricarboxylic acid
(TCA) cycle, is closely linked to cellular proliferation.”>*° Previous studies have demonstrated that MEI is down-
regulated in COPD-associated macrophages, where it modulates redox processes to influence mitochondrial ROS
homeostasis and glycolytic balance, ultimately impairing macrophage effector functions.>' Notably, the present study
revealed elevated ME1 expression in lung tissues of COPD mice and PBMCs of patients, suggesting that it may have cell
type-specific expression patterns and exert differentiated regulatory effects in distinct microenvironments. BMP4 (bone
morphogenetic protein 4), a TGF-f superfamily member, not only participates in airway regeneration post-acute lung
injury®? but also promotes smoke-induced airway remodeling in COPD by driving aberrant differentiation of airway
progenitor cells.®> SLC2A1 (solute carrier family 2 member 1/GLUT1), a master regulator of glucose metabolism,
contributes to disease progression through metabolic reprogramming, immune microenvironment remodeling, and anti-
apoptotic mechanisms.** > While its direct role in COPD remains undefined, emerging evidence implicates SLC2A1 in
pulmonary pathologies: SLC2A1-dependent glycolysis exacerbates post-Streptococcus pneumoniae infection fibrosis via
AIM2 inflammasome activation.”” The TRPV4-SLC2A1 axis promotes phagolysosomal maturation through stiffness-
dependent modulation of macrophage glycolysis to attenuate sepsis-induced lung injury.*® Collectively, the dysregulated
expression of these three hub genes implies their involvement in COPD pathogenesis through immunometabolic path-
ways, warranting further mechanistic investigation.
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Based on the functional significance of anoikis resistance-related genes and their potential role in COPD pathogen-
esis, we further investigated the correlation between the expression of these core hub genes and COPD clinical
phenotypes and pulmonary function severity. Our team previously utilized the A-View™ platform and other artificial
intelligence tools to characterize airway and vascular remodeling in populations occupationally exposed to diesel
exhaust.>**" In this study, we employed A-View®™ software to analyze emphysema index (LAA%) and airway remodel-
ing parameters (AWT-Pi10), revealing significant correlations between these core hub genes and CT imaging parameters,
suggesting their potential as endogenous biomarkers for assessing COPD severity. Next, our study developed novel
diagnostic models based on ME1, SLC2A1, and BMP4 expression profiles that effectively distinguished emphysematous
subtypes (training AUC = 0.860; validation AUC = 0.714) and classified disease severity (training AUC = 0.882;
validation AUC = 0.857 in COPD patients. Additionally, the prognostic model accurately predicted hospitalization
duration (training AUC = 0.867; validation AUC = 0.796). These findings position the three-gene signature as a clinically
valuable, noninvasive biomarker panel capable of facilitating personalized COPD management through comprehensive
phenotypic characterization and risk assessment.

Additionally, numerous studies have highlighted that cytoplasmic IncRNAs can act as miRNA sponges, interfering
with miRNA activity and thereby regulating mRNA stability or translation, ultimately influencing biological processes
and contributing to various diseases.*'** Therefore, to explore potential upstream regulatory mechanisms of anoikis
resistance, we constructed a ceRNA network centered on the core hub genes, revealing that they may be regulated by
IncRNAs and miRNAs. This discovery provides new insights into the complex regulatory mechanisms of anoikis
resistance in COPD.

While this study provides important insights into the role of anoikis resistance in COPD pathogenesis, several limitations
should be considered when interpreting the findings. The relatively limited sample size, particularly within the validation cohort,
constrains the statistical power of our findings. Future large-scale, multicenter studies are warranted to provide robust external
validation of these results. Furthermore, the absence of validation across independent cohorts encompassing diverse geographic
regions and ethnic populations represents a critical limitation for establishing generalizability. While our transcriptomic analysis
identified key genes, integrating proteomic and metabolomic data would better characterize anoikis resistance in COPD. Most
critically, the functional roles of hub genes (ME1/SLC2A1/BMP4) remain undefined, necessitating mechanistic studies using
gene editing and functional assays to validate their pathophysiological contributions and therapeutic potential.

Conclusions

Anoikis resistance-related genes, represented by ME1, SLC2A1, and BMP4, are upregulated in COPD and are associated
with peribronchial immune cell infiltration. We further establish, for the first time, their utility as clinically relevant
biomarkers for emphysematous phenotype identification, objective disease severity stratification, and reliable prognosis
prediction in COPD patients.
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