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Abstract

Background: Idiopathic pulmonary fibrosis (IPF) carries a poor prognosis, and metabolic reprogramming is a key
driver of its progression. However, the cell-type-specific activation patterns and key regulatory genes of the pentose

phosphate pathway (PPP) in IPF remain poorly defined.

Methods: Single-cell transcriptomic data of IPF were analyzed to profile PPP metabolic activity using ssGSEA and
UCell. Bulk phenotypes were mapped to the single-cell level via the Scissor algorithm. Core diagnostic genes were
identified by integrating hdWGCNA co-expression network analysis with five machine learning algorithms, followed
by construction of a nomogram diagnostic model. Immune microenvironment and pathway characteristics were
dissected using CIBERSORT and GSVA. Monocle 3 and CellChat were applied to delineate the functional trajectory
and intercellular communication of alveolar macrophage subsets. Targeted therapeutic compounds were predicted
using DGIdb. Finally, human IPF lung tissues and paired normal lung tissues were collected for protein-level

validation by Western blot.
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Results: Alveolar macrophages exhibited the highest baseline PPP activity among all lung cell types, with Scissor+
IPF-phenotype cells predominantly enriched in this population. Independent validation using UCell further confirmed
global glucose metabolic remodeling in IPF alveolar macrophages. Four core diagnostic genes—BPIFB1, CCL18,
IGFBP2, and WFDC2—were identified at the intersection of all five machine learning algorithms. The constructed
nomogram achieved an area under the receiver operating characteristic curve (AUC) of 0.889. Immune infiltration
analysis revealed enrichment of M0/M2 macrophages and mast cells in IPF lungs. Secondary clustering of alveolar
macrophages identified an SPP1+ profibrotic subset with markedly expanded proportions in IPF. CellChat analysis
demonstrated significantly enhanced cell-cell communication between SPP1+ macrophages and fibroblasts, driven

by ECM-related signaling pathways.

Conclusion: This study delineates the landscape of PPP metabolism in IPF at single-cell resolution, establishes a
high-performance diagnostic model based on four core genes, and identifies SPP1+ alveolar macrophages as the key
cellular subset exhibiting the most active PPP metabolism and the densest profibrotic intercellular communication in
the IPF microenvironment. These findings provide novel insights into the mechanisms underlying metabolism—

immunity—stroma crosstalk in IPF.

Keywords: Idiopathic pulmonary fibrosis; Pentose phosphate pathway; Metabolic reprogramming; SPP1+ alveolar

macrophage; Machine learning

1. Introduction

Idiopathic pulmonary fibrosis (IPF) is a chronic progressive interstitial lung disease of unknown etiology,
characterized by diffuse alveolar epithelial injury, fibroblastic foci formation, and irreversible scarring, with a
histopathological pattern of usual interstitial pneumonia (UIP) [1,6]. The global incidence of IPF ranges from 2.8 to
9.3 per 100,000 individuals and continues to rise annually [2]. Without treatment, the median survival is only 3-5
years, and the 5-year survival rate is lower than that of most malignant tumors [1]. Although the currently approved
antifibrotic agents pirfenidone and nintedanib can slow lung function decline, they cannot reverse fibrosis progression,
and many patients experience treatment failure or acute exacerbation [4,5]. The pathogenesis of IPF involves recurrent
microinjury of the alveolar epithelium, aberrant repair responses, immune dysregulation, and persistent activation of

myofibroblasts [6,8]. Elucidating the core molecular mechanisms underlying IPF and identifying highly specific
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diagnostic biomarkers and therapeutic targets remain critical unmet needs in respiratory medicine [7].

Recent advances in single-cell RNA sequencing (scRNA-seq) have enabled high-resolution dissection of cellular
heterogeneity in IPF lung tissues. Reyfman et al. first revealed aberrant epithelial transitions, fibroblast heterogeneity,
and profibrotic macrophage subsets in IPF via scRNA-seq [9]. Morse et al. further demonstrated that SPP1+/MERTK+
macrophages represent a pathognomonic profibrotic subset with sustained proliferative capacity in IPF [10]. Adams
and Habermann et al. identified a KRT5—/KRT17+ aberrant basal-like cell population and established the spatial
colocalization of SPP1+ macrophages with myofibroblasts [11,12]. Strunz et al. showed that a Krt8+ transitional stem
cell state persists in human pulmonary fibrosis [13], whereas Tsukui et al. constructed a collagen-producing cell atlas
and identified multiple profibrotic fibroblast subtypes [14]. Collectively, these studies highlight that dissecting IPF

heterogeneity at single-cell resolution is pivotal for discovering novel diagnostic biomarkers and therapeutic targets.

In parallel with cellular profiling, metabolic reprogramming in the tissue microenvironment has emerged as a key
driver of fibrosis progression [15]. In fibrotic lungs, energy metabolism shifts from oxidative phosphorylation toward
aerobic glycolysis, accompanied by lactate accumulation, which activates TGF-B1 in a pH-dependent manner, thereby
establishing a positive profibrotic feedback loop [16,17]. Glycolytic intermediates can be shunted into the pentose
phosphate pathway (PPP), a central glucose metabolic branch with glucose-6-phosphate dehydrogenase (G6PD) as
the rate-limiting enzyme. The PPP primarily generates NADPH and ribose-5-phosphate, supporting redox homeostasis
and nucleotide synthesis, respectively [18,19]. Metabolomic analyses have confirmed significantly elevated PPP
intermediate levels in IPF lung tissues compared with healthy controls [20,21]. Hamanaka et al. reported that fibroblast
activation is accompanied by coordinated upregulation of the PPP, one-carbon metabolism, and glutamine metabolism
[22]. Furthermore, a study employing a small-molecule G6PD inhibitor established the essential role of the PPP in the

inflammatory effector functions of lymphocytes and macrophages [23].

Although an association between the PPP and pulmonary fibrosis has been suggested, clinically specific biomarkers
reflecting PPP activity in IPF remain lacking, and the cell-type-specific mechanisms and key regulatory genes driving
PPP dysregulation in IPF are poorly defined. In the present study, we integrated scRNA-seq data and the clinical
cohort GSE47460 to systematically profile PPP activity in IPF lungs. Using an integrative framework combining
Scissor phenotype mapping [24], hdWGCNA network analysis [25], and five machine learning algorithms (LASSO,

SVM-RFE, random forest, Boruta, and XGBoost), we identified core hub genes associated with PPP dysregulation
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and constructed a nomogram diagnostic model. At single-cell resolution, secondary clustering of alveolar
macrophages, Monocle 3 pseudotime analysis [26], and CellChat communication analysis [27] revealed the
differentiation trajectory of SPP1+ profibrotic macrophages and their metabolism—stroma crosstalk with fibroblasts.
Finally, we validated core biomarker protein expression in human IPF lung tissues by Western blot and predicted
targeted therapeutic compounds, laying a molecular foundation for early screening and metabolism-driven

personalized intervention in IPF.

2. Materials and Methods

2.1 Data Acquisition and Processing

All data were retrieved from the NCBI Gene Expression Omnibus (GEO) database. The scRNA-seq dataset
GSE128033, comprising 12 IPF and 6 healthy control samples, was used for single-cell PPP activity assessment,
Scissor phenotype mapping, and secondary clustering of alveolar macrophages. Bulk RNA-seq datasets were divided
into a training set and an independent validation set: the training set GSE47460 included 193 IPF and 91 healthy
control samples and was used for differential expression analysis, hdAWGCNA co-expression network construction,
machine learning-based feature selection, and nomogram development with internal validation; the independent
validation set GSE53845 contained 40 IPF and 8 healthy control samples and was used for external validation of core
gene diagnostic performance. All bulk RNA-seq data were logz(X+1)-normalized, and batch effects were corrected
using the sva package. For scRNA-seq data, high-quality cells with a mitochondrial gene proportion <20% were
retained, and genes expressed in fewer than 3 cells were excluded. Data integration followed the standard Seurat v4
workflow [28], with principal component analysis (PCA) for dimensionality reduction, batch effect removal using
Harmony [29], and cell clustering using the FindClusters function. Cell type annotation combined automated

annotation by SingleR with manual curation based on canonical marker expression patterns.

2.2 Gene Set Scoring and Metabolic Activity Analysis

Single-cell pathway activity scores for the PPP, glycolysis/gluconeogenesis, galactose metabolism, fructose and
mannose metabolism, and the tricarboxylic acid (TCA) cycle were computed using the ssGSEA algorithm [30]. For
robustness, the UCell algorithm [31], which is optimized for sparse single-cell data, was used for independent

validation, with results cross-referenced against ssGSEA scores.

2.3 Scissor Algorithm and Differential Expression Analysis
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The Scissor algorithm [24] was applied to integrate bulk disease phenotypes with scRNA-seq data via an optimized
network-regularized sparse regression model, identifying cell subsets significantly associated with the IPF phenotype.
Differential expression analysis of bulk RNA-seq data was performed using the limma package [32], with thresholds
of adjusted P-value (P.adj) <0.05 and [log. fold-change (logFC)| >0.585. Multiple testing correction was performed

using the Benjamini—Hochberg procedure.

2.4 High-Dimensional Weighted Gene Co-Expression Network Analysis

The R package hdWGCNA [25] was used to construct scale-free co-expression networks at the single-cell level,
reducing dropout noise through metacell matrix construction for specific cell types. The ssGSEA-derived PPP score
was used as the primary trait variable, with IPF case/control status serving as an auxiliary trait for module—trait
correlation analysis. Genes within modules most strongly correlated with PPP scores were included in downstream

feature selection.

2.5 Machine Learning and Diagnostic Model Construction

Five complementary machine learning algorithms were employed for feature selection: LASSO regression with 5-
fold cross-validation [34], SVM-RFE [35], random forest [36], Boruta [37], and XGBoost [38]. The intersection of
genes identified by all five algorithms was defined as the set of core diagnostic biomarkers for IPF. A clinical
nomogram model was constructed using the R package rms. Diagnostic performance was evaluated by the area under
the receiver operating characteristic curve (AUC), and model accuracy and clinical utility were assessed using

calibration curves and decision curve analysis, respectively.

2.6 Immune Infiltration, GSVA, and Drug Prediction

The relative proportions of 22 immune cell subtypes in the GSE47460 dataset were estimated using CIBERSORT
[39]. Gene set variation analysis (GSVA) [40] was performed based on MSigDB KEGG pathways to compare pathway
activity between IPF and control groups, with a false discovery rate (FDR) <0.05 considered statistically significant
(Benjamini—-Hochberg correction). Targeted compounds for core diagnostic genes were predicted using the DGIdb

database [41].

2.7 Secondary Clustering, Pseudotime, and Cell Communication Analysis of Alveolar Macrophages

Alveolar macrophages were extracted and subjected to secondary clustering, yielding four transcriptionally distinct

subtypes. Differentiation trajectories were reconstructed using Monocle 3 [26] based on UMAP embeddings, with
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distribution differences between healthy control (HC) and IPF groups compared. Cell—cell communication networks
were inferred using CellChat [27] based on the CellChatDB ligand—receptor database, with communication

probabilities quantified via mass-action modeling, and interaction differences between HC and IPF groups analyzed.

2.8 Human Lung Tissue Collection

IPF lung tissues were obtained from end-stage IPF patients (n = 6) undergoing lung transplantation at Wuxi People's
Hospital, with diagnosis confirmed per the 2018 ATS/ERS/JRS/ALAT clinical practice guidelines [3] and
postoperative histological confirmation of the UIP pattern. Control tissues were adjacent normal lung tissues (n = 6)
obtained from patients undergoing surgical resection for lung cancer, collected >5 cm from the tumor margin, from
donors without chronic pulmonary disease. Tissues were harvested within 30 minutes of resection, rinsed with
phosphate-buffered saline (PBS) to remove residual blood, snap-frozen in liquid nitrogen, and stored at —80°C until
analysis. All patients provided written informed consent prior to enrollment. The study protocol was approved by the
Ethics Committee of Wuxi People's Hospital (Approval No. ky25140) and conducted in accordance with the principles

of the Declaration of Helsinki.

2.9 Western Blot

Lung tissues were homogenized in RIPA lysis buffer supplemented with protease inhibitors, and total protein
concentration was quantified using the BCA protein assay. A total of 20 pg of protein per sample was separated by
10% sodium dodecyl sulfate—polyacrylamide gel electrophoresis (SDS-PAGE) and transferred to polyvinylidene
fluoride (PVDF) membranes. Membranes were blocked with 5% non-fat dry milk in Tris-buffered saline with Tween-
20 (TBST) for 1 hour at room temperature, followed by overnight incubation at 4°C with primary antibodies against
BPIFB1, CCL18, IGFBP2, WFDC2, and GAPDH (detailed antibody information is provided in Supplementary Table
S1). After washing, membranes were incubated with horseradish peroxidase (HRP)-conjugated secondary antibodies
for 1 hour at room temperature. Protein bands were visualized using enhanced chemiluminescence (ECL). Band
intensities were quantified using ImageJ (v1.53) and normalized to GAPDH as the loading control. Each sample was

analyzed in triplicate.

2.10 Statistical Analysis

All bioinformatic analyses were performed using R v4.4.1, with P <0.05 considered statistically significant. Normally

distributed continuous data were compared using independent two-sample t-tests, and non-normally distributed data
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were compared using the Mann—Whitney U test. Western blot results are presented as mean + standard deviation.

Between-group comparisons of Western blot data were performed using independent t-tests in GraphPad Prism v9.0.

3. Results

3.1 Single-Cell Landscape and PPP Metabolic Heterogeneity in IPF Lungs

Following quality control, dimensionality reduction, and unsupervised clustering via the standard Seurat workflow,
nine major lung cell types were identified based on canonical marker gene expression (AGER and CAV1 for AT1
cells; SFTPD and SFTPB for AT2 cells; FOXJ1 for ciliated cells; PECAMI1 for endothelial cells; COL1A1 for
fibroblasts; MARCO for alveolar macrophages; KIT for mast cells; CD3D for T cells; CD19 for B cells; Figures 1A—

1B).

ssGSEA-based single-cell scoring revealed substantial heterogeneity in PPP activity across cell lineages, with alveolar
macrophages exhibiting the highest PPP scores, accompanied by significant activation of glycolysis and the TCA
cycle (Figure 1C). UMAP and violin plots of PPP scores further confirmed alveolar macrophages as the cell type with
the globally highest PPP activity (Figures 1D—1E). Scissor mapping of bulk IPF phenotypes onto the single-cell atlas
showed that Scissor+ cells were most significantly enriched in alveolar macrophages (4,440 cells), far exceeding all

other cell types (Figures 1F-1G).

Independent validation using UCell confirmed robust PPP activation in IPF alveolar macrophages, with coordinated
upregulation of glycolysis, the TCA cycle, fructose/mannose metabolism, and galactose metabolism, indicating global
glucose metabolic remodeling in this population (Supplementary Figure S1A). Cell-type-specific comparison of PPP
scores between IPF and control groups further verified that PPP activation in IPF is cell-type specific (Supplementary

Figure S1B), consistent with ssGSEA results.
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Fig 1. Single-cell landscape and PPP metabolism in IPF lungs. (A) UMAP distribution of nine identified cell types.
(B) Bubble plot of canonical marker genes per cell type. (C) ssGSEA scores for five glucose metabolic pathways
across cell types. (D) UMAP visualization of PPP activity scores. (E) Violin plot of PPP scores across cell types. (F)

UMAP distribution of Scissor+/Scissor— cells. (G) Bar plot of Scissor+ cell counts per cell type.

3.2 Multi-Omics Integration Identifies PPP-Related Core Genes

Differential expression analysis of the training set GSE47460 identified numerous differentially expressed genes
(DEGs) in IPF lungs. Among the top upregulated genes were IL13RA2, IGFL2, COL17A1, MMP1, and KRTS; among
the top downregulated genes were CSF3, SLC6A4, FOSB, ITLN2, and SERTM1 (Figures 2A-2B). hdWGCNA
partitioned the transcriptome into multiple co-expression modules (Figure 2C). Module—trait correlation analysis

revealed that the brown and yellow modules were most strongly correlated with PPP scores in alveolar macrophages
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194 and with IPF status (Figure 2D). Intersection of DEGs from GSE47460 with genes within the key hdWGCNA modules
195  yielded 11 core overlapping candidate genes (Figure 2E).
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196

197 Fig 2. Multi-omics integration identifies PPP-related core genes. (A) Volcano plot of DEGs in the training set
198  GSE47460. (B) Heatmap of the top 50 DEGs. (C) hdWGCNA dendrogram and module assignment. (D) Module—trait

199  correlation heatmap. (E) Venn diagram of DEGs and hdWGCNA module genes.

200

201 3.3 Five Machine Learning Algorithms Identify Four Core Diagnostic Biomarkers
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LASSO regression with 5-fold cross-validation determined the optimal penalization parameter lambda (Figures 3A—
3B). SVM-RFE achieved peak classification accuracy (0.8378) and minimal error rate (0.1622) with six retained
features (Figures 3C—3D). The random forest out-of-bag error curve stabilized at approximately 200 trees (Figure 3E),
with the top eight genes ranked by Mean Decrease in Gini index: WFDC2, CCL18, IGFBP2, PLA2G7, AGR3, AGR2,
TSPANI, and BPIFB1 (Figure 3F). XGBoost ranked the top eight genes by Gain score: WFDC2, IGFBP2, CCL18,
PLA2G7, SCGB1A1, AGR3, AGR2, and BPIFBI1 (Figure 3G). Boruta identified significant features including
CCL18, WFDC2, IGFBP2, PLA2G7, AGR3, AGR2, TSPANI1, and BPIFB1 (Figure 3H). The intersection of genes
selected by all five algorithms yielded four core diagnostic biomarkers: BPIFB1, CCL18, IGFBP2, and WFDC2

(Figure 3I).
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Fig 3. Five machine learning algorithms identify core diagnostic genes. (A-B) LASSO coefficient paths and cross-

validation error curve. (C—D) SVM-RFE accuracy and error curves. (E) Random forest out-of-bag error curve. (F)
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Top eight genes ranked by Mean Decrease Gini (random forest). (G) Top eight genes ranked by Gain (XGBoost). (H)

Boruta feature importance boxplot. (I) Venn diagram of genes selected by all five algorithms.

3.4 Diagnostic Performance and External Validation of Core Genes

In the training set GSE47460, ROC analysis demonstrated that WFDC2 had the highest individual AUC (0.799),
followed by IGFBP2 (0.777), CCL18 (0.758), and BPIFB1 (0.712) (Figure 4A). All four genes were significantly
upregulated in IPF samples relative to controls (P <0.05; Figure 4B). External validation in the independent dataset
GSES53845 (40 IPF/8 controls) confirmed robust diagnostic performance: IGFBP2 AUC = 0.872, BPIFB1 AUC =
0.812, WFDC2 AUC = 0.812, and CCL18 AUC = 0.787 (Figure 4C). All four genes were also significantly
upregulated in the validation cohort (Figure 4D). The consistent results across independent datasets confirm the

reliability and reproducibility of these four core genes as diagnostic biomarkers for IPF.
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Fig 4. Diagnostic performance and external validation of core genes. (A) ROC curves in the training set GSE47460.
(B) Expression boxplots in GSE47460. (C) ROC curves in the independent validation set GSE53845. (D) Expression

boxplots in GSE53845.

3.5 Construction and Evaluation of an IPF Diagnostic Nomogram

A nomogram model integrating the four core genes was constructed based on the training set GSE47460, with higher

regression weights assigned to IGFBP2 and CCL18 relative to BPIFB1 and WFDC2 (Figure 5A). The bias-corrected
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calibration curve closely approximated the ideal diagonal, with a mean absolute error of 0.013, indicating excellent
agreement between predicted and observed probabilities (Figure 5B). Decision curve analysis demonstrated that the
nomogram provided superior clinical net benefit across a wide range of clinically relevant threshold probabilities

compared with single-gene models and the all-positive or all-negative strategies (Figure 5C). The integrated

nomogram achieved a composite AUC of 0.889, outperforming each individual gene (Figure 5D).
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Decision curve analysis comparing the nomogram to single-gene models. (D) ROC curve of the integrated nomogram

3.6 Immune Microenvironment and Pathway Characteristics in IPF

CIBERSORT analysis revealed significant differences in immune cell composition between IPF and control groups
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(Figure 6A). Compared with controls, IPF lungs showed increased proportions of MO and M2 macrophages, activated
mast cells, plasma cells, and selected T-cell subsets, with correspondingly reduced M1 macrophages, classical

monocytes, resting CD4+ memory T cells, activated natural killer (NK) cells, and neutrophils (Figure 6B).

GSVA identified significantly upregulated pathways in IPF, including alanine/aspartate/glutamate metabolism, N-
glycan biosynthesis, protein export, homologous recombination, non-homologous end joining, nucleotide excision
repair, p53 signaling, base excision repair, one-carbon folate metabolism, and DNA replication. Significantly
downregulated pathways included Wnt signaling, MAPK signaling, tight junction assembly, adherens junction,
endocytosis, and leukocyte transendothelial migration (Figures 6C—6D). DGIdb-based drug prediction identified

multiple potential therapeutic compounds targeting the four core genes (Figure 6E).
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3.7 Secondary Clustering, Cell Communication, and Pseudotime Analysis of Alveolar Macrophages

Secondary clustering of alveolar macrophages identified four transcriptionally distinct subsets: FABP4+ tissue-
resident macrophages (TRMs), SPP1+ macrophages, FCN1+ macrophages, and SELENOP+ macrophages (Figures
7A—7B). IPF lungs showed expanded proportions of SPP1+ and SELENOP+ macrophages, with a concomitant
reduction in FABP4+ TRMs (Figure 7C).CellChat analysis revealed a marked increase in the total number of cell—-
cell interactions in IPF (518 vs. 338 in HC) and in overall interaction strength (10.032 vs. 5.947 in HC) (Figures 7D—
7F). Differential communication strength heatmaps identified enhanced signaling output from endothelial cells,
fibroblasts, and SPP1+ macrophages in IPF (Figure 7G). Ligand—receptor bubble plots revealed activation of ECM-
related signaling pathways—including SPP1-CD44, COLLAGEN, and FN1-CD44—from macrophage subsets to
fibroblasts in IPF (Figure 7H). SPP1+ macrophages formed dense ligand—receptor interaction networks with
fibroblasts, endothelial cells, and AT1 cells (Figure 7I). Information flow analysis confirmed upregulation of
profibrotic signaling pathways (COLLAGEN, LAMININ, FN1, SPP1, MIF, and GALECTIN) in IPF (Figure
7J).Monocle 3 pseudotime analysis revealed continuous differentiation trajectories of alveolar macrophages (Figures
7K—7L). HC cells were predominantly localized to early trajectory stages (mainly FABP4+ TRMs), whereas IPF cells
accumulated preferentially in mid-to-late trajectory branches (Figure 7M). Pseudotime density distribution confirmed
FABP4+ TRMs in early pseudotime, SELENOP+ macrophages in mid-pseudotime, and SPP1+/FCN1+ macrophages
in late pseudotime (Figure 7N), indicating that the IPF microenvironment drives progressive differentiation of

FABP4+ tissue-resident macrophages toward SPP1+ profibrotic macrophages.
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Fig 7. Alveolar macrophage subsets, cell communication, and pseudotime analysis. (A) Bubble plot of marker genes
for each macrophage subset. (B) UMAP distribution of four macrophage subsets. (C) Stacked bar plot of macrophage
subset proportions in HC and IPF. (D—F) Number and overall strength of cell—cell interactions in HC and IPF. (G)
Differential communication strength heatmap. (H) Ligand—receptor bubble plot of interactions from macrophage
subsets to fibroblasts. (I) Ligand-receptor bubble plot of interactions from SPP1+ macrophages. (J) Relative
information flow of signaling pathways in HC vs. IPF. (K—L) Monocle 3 pseudotime trajectory overlaid with cell type
identity and pseudotime score. (M) Cell distribution of HC and IPF along the pseudotime axis. (N) Pseudotime density

distribution of four macrophage subsets.

3.8 Validation of Core Gene Protein Expression in Human IPF Lungs
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Western blot analysis was performed on human IPF lung tissues (n = 6) and paired adjacent normal lung tissues (n =
6) to validate protein-level expression of the four core diagnostic genes. Compared with controls, IPF tissues
demonstrated significantly elevated protein levels of BPIFB1, CCL18, IGFBP2, and WFDC2 (Figures 8A—8D).
BPIFB1 exhibited the most pronounced upregulation (P <0.001), while CCL18, IGFBP2, and WFDC2 were also
significantly elevated (P <0.05), consistent with their mRNA expression trends in the transcriptomic datasets. These

results validate the translational relevance of the four core genes as protein-level diagnostic biomarkers for IPF.
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Fig 8. Western blot validation of core gene protein expression in human IPF lungs. (A-D) Representative Western
blot bands and quantified protein levels of BPIFB1, CCL18, IGFBP2, and WFDC2 in IPF (n = 6) and control (n = 6)
lung tissues. GAPDH was used as the internal loading control. Data are presented as mean + SD. *P <0.05; ***P

<0.001.

4. Discussion

IPF is a chronic progressive interstitial lung disease with rising incidence, substantial disease burden, and dismal
prognosis [1,2]. Currently approved antifibrotic agents, pirfenidone and nintedanib, remain insufficient to meet the

full spectrum of clinical needs [4,5]. Metabolic reprogramming in the tissue microenvironment has increasingly been
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recognized as a key driver of chronic fibrosis progression [15,22]. Glycolytic intermediates shunted into the PPP
supply myofibroblasts and profibrotic macrophages with NADPH and ribose-5-phosphate to support proliferation,
biosynthesis, and redox defense [18,19,22]. In the present study, we integrated scRNA-seq and bulk RNA-seq data,
combining hdWGCNA with five machine learning algorithms to develop a PPP-based gene screening framework.
This approach identified four core regulatory genes—BPIFB1, CCL18, IGFBP2, and WFDC2—as hub biomarkers

for assessing IPF disease status.

Alveolar macrophages were identified as the focal point of PPP—IPF crosstalk, supported by three independent lines
of evidence. First, cross-cell-type comparison confirmed alveolar macrophages as the cell type with the highest PPP
activity in the lung, suggesting that the PPP supports their functional homeostasis and effector activity [22,23]. Second,
ssGSEA and UCell independently verified global glucose metabolic remodeling in IPF alveolar macrophages, with
coordinated upregulation of the PPP, glycolysis, and the TCA cycle, reflecting systemic metabolic adaptation to the
IPF microenvironment. Third, Scissor phenotype mapping identified alveolar macrophages as the primary cell
population enriched with IPF phenotype-associated cells. Furthermore, secondary clustering revealed that alveolar
macrophages comprise four functionally distinct subsets—FABP4+ TRMs, SPP1+, FCNI+, and SELENOP+
macrophages—with significant expansion of SPP1+ profibrotic macrophages in IPF, underscoring the importance of

dissecting metabolic heterogeneity at single-cell resolution.

CCL18, the most mechanistically characterized core biomarker, is predominantly secreted by alveolar macrophages
and induces fibroblast collagen synthesis and activation; its levels are elevated in the serum and bronchoalveolar
lavage fluid of IPF patients [42]. Prasse et al. first demonstrated that serum CCL18 correlates with lung function
decline and survival in IPF [42,43]. Post-hoc analyses of the CAPACITY and ASCEND trials subsequently confirmed
CCL18 as one of the most stable prognostic biomarkers among 12 evaluated plasma proteins [44]. In the present study,
CCL18 exhibited consistent diagnostic performance across training and validation sets. When combined with Scissor
and PPP score analyses, CCL18-expressing alveolar macrophages were identified as among the most PPP-active cells,
suggesting that PPP-derived NADPH supports the sustained activation and extracellular matrix (ECM) secretory

activity of CCL18+ macrophages through redox homeostasis maintenance.

WFDC2 (HE4), a member of the WAP four-disulfide core protein family, is highly expressed in the respiratory

epithelium [45]. Tian et al. reported elevated serum HE4 levels in IPF patients, particularly during acute exacerbation,
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with inverse correlations with forced vital capacity percentage (FVC%) and diffusing capacity for carbon monoxide
percentage (DLCO%), and demonstrated independent prognostic value for survival [46]. Nishiyama et al. further
established serum HE4 as a prognostic biomarker for progressive fibrosing interstitial lung disease [47].
Mechanistically, WFDC2 inhibits matrix metalloproteinase activity, thereby promoting collagen deposition and ECM

remodeling [45].

IGFBP2, a member of the insulin-like growth factor-binding protein family, regulates IGF signaling and organ
fibrosis. Guiot et al. reported elevated serum IGFBP2 levels in IPF patients, with a reduction following antifibrotic
therapy [48]. Chin et al. demonstrated that loss of IGFBP2 drives alveolar type 2 (AT2) cell senescence and promotes
pulmonary fibrosis, while transgenic overexpression confers antifibrotic protection, indicating that IGFBP2 functions

both as a disease activity biomarker and as an endogenous antifibrotic factor [49].

BPIFBI1 (LPLUNCI) is an airway epithelial secreted protein expressed in submucosal glands. Bingle et al. reported
its upregulation in cystic fibrosis airways, associated with airway remodeling [50]. Yang et al. recently identified
BPIFBI1 as a prognostic biomarker for IPF via bioinformatic analysis, with elevated expression in IPF lungs,
enrichment in ciliated and MUCS5B+ cells, and inverse correlations with FVC% and DLCO% [51]. In the present
study, BPIFB1 was significantly upregulated in both training and validation datasets, suggesting that it reflects

alveolar epithelial barrier disruption and enhanced profibrotic secretory activity in IPF.

Immune infiltration analysis and secondary clustering of alveolar macrophages collectively demonstrated the
dominance of SPP1+ profibrotic macrophages in the IPF microenvironment. First characterized by Reyfman et al. [9],
SPP1+ macrophages proliferate in fibrotic regions of IPF lungs and colocalize with myofibroblasts via secretion of
SPP1/osteopontin [10]. Adams and Habermann et al. documented progressive SPP1 upregulation and coordinated
ECM remodeling gene expression along profibrotic macrophage differentiation trajectories [11,12]. Our pseudotime
and CellChat analyses confirmed dense SPP1-CD44, COLLAGEN, LAMININ, and FN1 ligand-receptor crosstalk
between SPP1+ macrophages and fibroblasts, with significantly increased interaction numbers and interaction strength
in IPF. This pattern of dense communication suggests that SPP1+ macrophages, as the most PPP-active cell
population, drive persistent fibroblast activation through ECM-related signaling, forming a core profibrotic axis in
IPF lungs. Consistent with this interpretation, GSVA identified upregulation of nucleotide excision repair, one-carbon

folate metabolism, and N-glycan biosynthesis pathways in [IPF—all directly linked to PPP-derived ribose-5-phosphate
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and NADPH—further supporting the PPP as a key molecular driver of IPF progression.

This study has several limitations that warrant consideration. First, the transcriptomic analyses relied on publicly
available GEO datasets, which lack detailed clinical metadata such as disease severity scores, lung function decline
rates, and antifibrotic treatment history. Although batch effects were corrected, prospective multicenter cohorts with
standardized sample collection protocols are needed to fully eliminate potential confounders. Second, transcriptomic
associations between gene expression and the PPP do not directly reflect metabolite abundance or enzymatic activity;
functional metabolomic and enzymatic studies are required to establish causal relationships. Third, Western blot
validation was limited to a relatively small human sample size (n = 6 per group), and control tissues were adjacent
normal lung tissues rather than lungs from healthy donors, which—despite collection >5 cm from tumor margins from
donors without chronic pulmonary disease—may not fully recapitulate the microenvironment of truly healthy lungs.
Future studies should incorporate large-scale prospective clinical cohorts, spatial transcriptomics, high-resolution
metabolomics, and conditional knockout animal models to directly establish causal relationships between PPP

dysregulation and SPP1+ profibrotic macrophage differentiation.

5. Conclusion

this study delineates the single-cell landscape of PPP metabolism in IPF, identifies a synergistic diagnostic network
of four core genes (BPIFB1, CCL18, IGFBP2, and WFDC?2), and constructs a high-performance clinical nomogram
with an AUC of 0.889. Integrated alveolar macrophage secondary clustering, pseudotime trajectory analysis, and
CellChat communication analysis establish SPP1+ profibrotic macrophages as the key cellular mediators of PPP-
driven IPF progression. These findings provide novel mechanistic insights into the metabolism—immunity—stroma
crosstalk in IPF and lay a theoretical foundation for developing metabolic reprogramming-targeted therapeutic

interventions.
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Supplementary Table S1. Western blot antibody information .
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PPP score

0.20

0.004

Alveolar Macrophages

HC n=9586 - IPF n=5291 | log2FC=0.039 1

p=0.008 **

IPF

HC

IPF

Target Catalon No supplier
BPIFB1 ab219098 Abcam
CCL18 ab300057 Abcam
IGFBP2 ab188200 Abcam
WFDC2 ab200828 Abcam
GAPDH ab181602 Abcam
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