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Plasma proteomic and machine learning
models for differentiating idiopathic
pulmonary fibrosis and connective tissue
disease—associated interstitial lung disease:
findings from a prospective cohort

Chen-Shiou Wu', De-Wei Lai'?, Yi-Ching Chen?, Yi-Hsuan Yu?, Lan-Yan Yang®" and Pin-Kuei Fu'=#>"f

Abstract

Background Idiopathic pulmonary fibrosis (IPF) is a progressive fibrotic interstitial lung disease (ILD) with limited
treatment options and poor prognosis. Differentiating IPF from connective tissue disease—associated ILD (CTD-ILD)
is clinically challenging due to overlapping features, and reliable circulating biomarkers are lacking. Recent studies
suggest that multi-marker proteomic models combined with machine learning may enhance diagnostic precision
and prognostic assessment in fibrotic ILDs.

Methods We prospectively analyzed plasma samples from Taiwanese patients with fibrotic ILDs (IPF, n=22; CTD-
ILD, n=66) using the Olink inflammation panel (92 proteins). Differentially expressed proteins were identified and
subjected to integrative network analyses. Predictive classification models were developed using generalized linear
modeling (GLM), decision tree, and random forest approaches. Prognostic relevance was evaluated with Kaplan—
Meier and Cox regression analyses, and findings were validated in public transcriptomic datasets.

Results Among 92 proteins profiled, 23 showed significant differences between IPF and CTD-ILD. Four candidates—
MMP-10, FGF-19, ADA, and TWEAK (TNFSF12)—consistently emerged as key discriminatory markers. The GLM

model incorporating FGF-19, ADA, and TWEAK achieved the highest diagnostic accuracy (AUC 0.870; sensitivity 0.97;
specificity 0.82), outperforming decision tree and random forest models. Transcriptomic validation confirmed TWEAK
downregulation in ILD lung tissues and in TGF-B1-stimulated fibroblasts, linking it to canonical profibrotic signaling.
Survival analysis showed significantly worse outcomes in IPF versus CTD-ILD (log-rank p <0.001), with MMP-10
associated with poor prognosis (HR 2.08, p=0.007) and TWEAK with favorable prognosis (HR 0.04, p < 0.001).

Conclusions This study identifies distinct plasma proteomic signatures that differentiate IPF from CTD-ILD and
highlights TWEAK as both a diagnostic and prognostic biomarker. A multi-marker GLM model demonstrated excellent
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diagnostic performance, supporting the clinical utility of plasma proteomics combined with machine learning to
improve disease classification and risk stratification in fibrotic ILDs.

Clinical implication Integrating plasma proteomics with machine learning enables development of a multi-marker
model that enhances diagnostic accuracy and prognostic evaluation in fibrotic interstitial lung diseases, supporting
more precise disease classification and risk stratification in clinical practice.

Key Point

Plasma proteomics combined with machine learning improves IPF vs CTD-ILD classification and identifies
prognostic biomarkers, advancing precision diagnosis in fibrotic interstitial lung disease.

Keywords Idiopathic pulmonary fibrosis, Connective tissue disease—associated interstitial lung disease, Plasma
proteomics, Multi-marker predictive models, Machine learning, TWEAK

Introduction

Idiopathic pulmonary fibrosis (IPF) is a chronic, pro-
gressive interstitial lung disease (ILD) characterized by
irreversible architectural distortion and excessive extra-
cellular matrix deposition in the lungs [1]. IPF carries a
dismal prognosis, with median survival ranging from
3 to 5 years, and its incidence is increasing worldwide,
creating a substantial burden on patients and healthcare
systems [2]. Early and accurate diagnosis is critical for
optimizing management and timely initiation of anti-
fibrotic therapy [3]. However, differentiating IPF from
other fibrotic ILDs, particularly connective tissue dis-
ease—associated ILD (CTD-ILD), remains a major clinical
challenge because of overlapping clinical and radiological
features. Misclassification can delay appropriate treat-
ment, affect prognosis, and complicate enrollment into
clinical trials. This underscores an urgent need for reli-
able, non-invasive biomarkers that can support diag-
nostic precision and enable risk stratification in fibrotic
ILDs.

The pathogenesis of IPF involves complex interac-
tions among epithelial injury, immune dysregulation, and
aberrant fibrotic repair [3]. While transforming growth
factor-p (TGF-P) is a central driver of fibrogenesis, mul-
tiple cytokines, chemokines, and growth factors—includ-
ing interleukin (IL)-6, tumor necrosis factor (TNF)-a,
and platelet-derived growth factor (PDGF)—also con-
tribute to disease progression [4—6]. Despite decades of
investigation, single biomarkers such as KL-6, surfac-
tant protein-A (SP-A), surfactant protein-D (SP-D), and
matrix metalloproteinase-7 (MMP-7) have shown only
modest diagnostic or prognostic performance [7-10].
Their limited predictive value likely reflects the biologi-
cal heterogeneity of IPF and the multifactorial pathways
underlying fibrogenesis.

With the advent of high-throughput proteomics,
multi-marker approaches have emerged as a more robust
strategy. Recent studies using plasma proteomic profil-
ing have identified biomarker panels associated with
ILD progression and survival [11-14]. For example,
Mabher et al. reported that circulating protein signatures

predict disease progression in progressive fibrosing ILDs
in a large multicenter cohort [13]. Similarly, Oldham et
al. demonstrated proteomic biomarkers of survival in
IPF, emphasizing the prognostic potential of circulating
proteins [14]. Importantly, Huang et al. recently applied
machine learning to plasma proteomics and successfully
classified ILD subtypes, highlighting the clinical utility
of combining proteomic signatures with computational
modeling [15]. Collectively, these studies suggest that
integrative proteomic and machine learning approaches
can enhance disease classification beyond conventional
clinical or imaging assessments [15-17].

In this context, we hypothesized that targeted plasma
proteomics combined with machine learning could
identify clinically relevant biomarkers to distinguish IPF
from CTD-ILD and provide prognostic information. We
prospectively analyzed plasma samples from Taiwanese
patients with fibrotic ILDs using the Olink inflammation
panel and applied multiple modeling strategies to develop
predictive diagnostic algorithms. We further validated
candidate biomarkers in public transcriptomic datasets
and assessed their association with survival outcomes.
Our findings highlight distinct proteomic signatures in
IPF and propose a multi-marker predictive model with
potential clinical application in precision diagnosis and
risk stratification of fibrotic ILDs.

Methods

Study design, participants and ethical approval

This prospective cohort study was conducted at Taichung
Veterans General Hospital, Taiwan, and approved by the
institutional review board (IRB numbers CE18325B and
CG24056C). Written informed consent was obtained
from all participants. Patients with fibrotic ILDs were
consecutively recruited and classified as IPF or CTD-ILD
based on multidisciplinary discussion and established
diagnostic criteria. Clinical characteristics and follow-up
outcomes were collected at enrollment.
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Plasma collection and proteomic profiling
Based on the established role of immune dysregula-
tion and chronic inflammation in IPF and CTD-ILD, we
selected the Olink® Target 96 Inflammation panel to cap-
ture clinically relevant immune—fibrotic signals in circu-
lation. This focused panel enables sensitive detection of
inflammation-related proteins with direct relevance to
fibrotic lung disease, facilitating the identification of dis-
criminatory biomarkers between IPF and CTD-ILD.
Peripheral blood samples were obtained at baseline.
Plasma was separated within 2 h of collection by centrif-
ugation at 1,500 x g for 15 min, aliquoted, and stored at -
80 °C. Samples were analyzed in a single batch using the
Olink® Target 96 Inflammation panel, which quantifies 92
inflammation-related proteins through proximity exten-
sion assay (PEA). Protein expression levels were nor-
malized and reported as normalized protein expression
(NPX) values on a log2 scale. Further details of the PEA
technology are available in previous publications [13].

Differential protein analysis and network exploration
Group differences in protein expression between IPF
and CTD-ILD were assessed using the Wilcoxon rank-
sum test, with significance defined as false discovery rate
(FDR)-adjusted p<0.05. To explore regulatory mecha-
nisms, transcription factor (TF) enrichment and path-
way analyses were performed with Enrichr (https://maay
anlab.cloud/Enrichr/), while protein—protein interaction
(PPI) and co-expression networks were constructed using
GeneMANIA (https://genemania.org).

Public transcriptomic validation

Candidate biomarkers were further examined in three
publicly available transcriptomic datasets (GSE47460,
GSE225982, and GSE225159). Expression patterns were
compared across ILD, COPD, and control groups, as
well as under TGEF-P1 stimulation. Statistical analy-
ses employed two-tailed Student’s t-tests or one-way
ANOVA with Tukey’s post hoc tests, as appropriate.

Enzyme-Linked Immunosorbent Assay (ELISA)

Plasma concentrations of candidate proteins were quanti-
fied using commerecially available ELISA kits according to
the manufacturers’ instructions. Human plasma samples
were collected, processed under standardized conditions,
and stored at —80 °C until analysis. Prior to measure-
ment, samples were thawed slowly on ice. Plasma lev-
els of MMP-10 were measured using the Human Total
MMP-10 ELISA kit (DY910, R&D Systems). FGF-19
concentrations were determined using the Human FGE-
19 ELISA kit (DY969, R&D Systems), and TWEAK lev-
els were quantified using the Human TWEAK ELISA kit
(DY1090, R&D Systems). For these colorimetric ELISA
assays, absorbance was measured using a microplate
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reader (EnSpire®, PerkinElmer) at 450 nm, with 570 nm
used as a reference wavelength for background correc-
tion after termination of the color development reac-
tion. Plasma adenosine deaminase (ADA) levels were
quantified using a chemiluminescence-based ELISA kit
(NBP2-66434, Novus Biologicals). Relative light unit
(RLU) values were measured immediately after signal
development according to the manufacturer’s proto-
col. For all assays, standard curves were generated using
recombinant standards provided with each kit, and pro-
tein concentrations were calculated based on the corre-
sponding standard curves following the manufacturers’
instructions.

Statistical analysis

Gene expression data from public transcriptomic data-
sets were analyzed using two-tailed unpaired Student’s
t-tests for pairwise comparisons. For comparisons
involving more than two groups, one-way ANOVA fol-
lowed by Tukey’s post hoc test was applied. Analyses
were performed in GraphPad Prism, and statistical sig-
nificance was defined as p<0.05 (p<0.05 *, p<0.01%,
£<0.001#3:).

For plasma proteomic data, group comparisons
between IPF and CTD-ILD were conducted using the
non-parametric Wilcoxon rank-sum test. The same
non-parametric approach (Mann—Whitney U test) was
applied for ELISA-based plasma biomarker validation.
Differentially expressed proteins were defined as those
with FDR-adjusted p<0.05 and carried forward for
model development.

To construct predictive models for IPF classifica-
tion, we applied three approaches: (1) decision tree, (2)
random forest, and (3) generalized linear model (GLM)
with stepwise selection based on Akaike information
criterion (AIC). Model performance was assessed using
repeated k-fold cross-validation, with accuracy, sensitiv-
ity, specificity, and Cohen’s kappa coefficient as evalua-
tion metrics.

For prognostic analyses, Kaplan—Meier survival
curves were generated to compare overall survival
across biomarker-defined subgroups or model-based
predictions, with statistical significance tested by the
log-rank method. Cox proportional hazards regres-
sion was applied to estimate hazard ratios (HR) and 95%
confidence intervals (CI). All statistical analyses were
conducted in R (version 4.3.2, R Foundation for Statisti-
cal Computing) using the survival (version 3.5-7) and
survminer (version 0.4.9) packages.

Results

Patient selection and baseline characteristics

Of 358 patients with ILD discussed in multidisciplinary
team meetings, 88 were included for proteomic analysis
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Interstitial Lung Disease (ILD) diagnosed by Multidisciplinary
Discussion (MDD) (n=358)

@xcluded (n=270) \

+  Without Olink proteomic analysis (n=185)
* Non-fibrotic patients (n=11)
+ Interstitial lung abnormalities (ILA) (n=8);

Interstitial pneumonia with autoimmune
features (IPAF) (n=3)
* Drug-induced ILD (n=1); Loss of follow-
K up (n=4); Missing data (n=58)

)

Prospective ILD cohort diagnosed
as IPF (n=22) and CTD-ILD (n=66)

Mortality
(n=15;17.1%)

Survival
(n=73; 82.9%)

Fig.1 Patient selection and study flow. A total of 358 interstitial lung disease (ILD) cases were screened, and 88 were included for biomarker analysis (IPF:
22; CTD-ILD: 66). Outcomes focused on diagnostic and prognostic evaluation using plasma proteins. IPF: idiopathic pulmonary fibrosis; CTD-ILD: connec-

tive tissue disease—associated ILD

Table 1 Demographic and clinical characteristics of the study
participants

Median (min, max)

Age (years) 68 (28,93)
Sex (Male, %) 44 (50%)
Smoker (n, %) 42 (47.73%)
cd 2 (0,15)
SGRQ score 30.5 (0, 89)
SF-36 score 61 (13,98)
Pulmonary function test

FVC (% predicted) 76 (26, 153)

FEV1 (% predicted) 76.5 (24,133)

FEV1/FVC (%) 83 (26,99)

DLCO (% predicted) 67 (17,147)
Use of anti-fibrotic drugs (n, %) 32 (36.36%)
Overall mortality (n, %) 15 (17.05%)
Follow-up time (month) 36.5 (1.9, 60)

CCl Charlson Comorbidity Index, FVC Forced vital capacity, FEV Forced
expiratory volume, DLCO Diffusion capacity of carbon monoxide

after applying exclusion criteria (IPF, n=22; CTD-ILD,
n=66) (Fig. 1). Baseline demographic and clinical char-
acteristics are summarized in Table 1. The study focused
on identifying plasma proteomic differences between IPF
and CTD-ILD and evaluating their diagnostic and prog-
nostic value.

Differential plasma protein expression

Targeted profiling of 92 inflammation-related proteins
(Olink panel) identified 23 differentially expressed pro-
teins between IPF and CTD-ILD (Wilcoxon rank-sum
test, FDR-adjusted p<0.05). Of these, 22 were upregu-
lated in IPF, while TWEAK was significantly down-
regulated. Pairwise correlation heatmaps revealed a
distinct co-expression landscape: in IPF, several candi-
dates (MMP-10, FGF-19, ADA, TWEAK, IL-24) showed
weak correlations with other proteins, suggesting rela-
tive independence and potential specificity for clas-
sification (Fig. 2A-B). In contrast, CTD-ILD samples
exhibited more diffuse and interconnected protein—pro-
tein correlations.

Regulatory and pathway analysis

Transcription factor enrichment highlighted FOXP3,
STAT4, and TBX21 as significant regulators [18], impli-
cating T-cell-related immune pathways in IPF (Fig. 2C).
Reactome pathway enrichment revealed cytokine sig-
naling, IL-4/IL-13 signaling, and non-canonical NF-«xB
signaling as dominant functional pathways (Fig. 2D). A
PPI network identified central hubs, including matrix
metalloproteinases (MMP-1, MMP-9) and chemokines
(CXCL5, CXCLS8), which are known to drive extracellular
matrix remodeling and chronic inflammation (Fig. 2E).
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Fig. 2 Integrative analysis of differentially expressed plasma proteins in IPF and CTD-ILD. A-B Coexpression analysis of 23 candidate proteins in IPF
(A) and CTD-ILD (B) samples. Red indicates positive correlations and purple indicates negative correlations, with color intensity reflecting correlation
strength (Spearman coefficients). C Transcription factor-gene co-occurrence analysis using Enrichr. D Pathway enrichment analysis with Reactome 2024,
highlighting cytokine, interleukin-4/13, and non-canonical NF-kB signaling. E Protein—protein interaction network of the 23 proteins, with pink edges
denoting physical interactions and light blue edges indicating shared pathways

These findings underscore the immune-fibrotic interplay
underlying IPF pathogenesis [19-21].

Diagnostic model development

Three classification strategies were applied: decision tree,
random forest, and GLM. In both tree-based approaches,
MMP-10 emerged as the primary classifier (cutoff:
10.521), with FGF-19 as a secondary node (cutoff: 8.975)
(Supplementary Fig. 1). The GLM incorporating FGF-19,
ADA, and TWEAK achieved the highest performance
(AUC 0.870; sensitivity 0.97; specificity 0.82), surpass-
ing the decision tree and random forest models (Table 2;
Supplementary Fig. 2).

Validation of candidate biomarkers

Among the four selected biomarkers (MMP-10, FGE-19,
ADA, and TWEAK), all showed significant differential
plasma levels between IPF and CTD-ILD. Notably, given
that previous studies have reported reduced circulating
FGF-19 in IPF, we further performed ELISA-based vali-
dation to confirm the direction of FGF-19 regulation in
the present cohort (Supplementary Fig. 3). Plasma lev-
els of MMP-10, FGF-19, and ADA were elevated in IPFE,
whereas TWEAK was downregulated (Fig. 3). Validation
in the public GSE47460 dataset (n=582) showed higher
gene expression of MMP-10 and ADA in ILD compared
with COPD and controls, while TNFSF12 (encoding gene
of TWEAK) was significantly reduced (Fig. 4A, C and
D). FGF-19 did not show significant differences (Fig. 4B).
These results confirm the disease-specific regulation of
TWEAK, MMP-10, and ADA, consistent across inde-
pendent datasets.

Independent cohort validation of candidate biomarkers at
the protein level

To further assess the robustness of the candidate bio-
markers at the protein level, we performed ELISA-based
validation using an independent cohort comprising 38
patients with CTD-ILD and 22 patients with IPF. Con-
sistent with the discovery proteomics and transcriptomic
analyses, plasma levels of MMP-10 and ADA were sig-
nificantly elevated in IPF, whereas TWEAK levels were
significantly reduced, compared with CTD-ILD (Fig. 5A—
C). All three biomarkers demonstrated highly significant
differences between groups (p <0.001, Mann—Whitney U
test). These findings confirm the reproducibility and sta-
bility of TWEAK, MMP-10, and ADA at the protein level
across independent patient populations, supporting their

potential utility as circulating biomarkers for distinguish-
ing IPF from CTD-ILD.

Association with TGF-B1 signaling

To investigate biological regulation, we assessed expres-
sion in TGF-Pl-stimulated fibroblasts (GSE225982,
GSE225159). TNESF12 was significantly suppressed by
TGEF-B1 in both primary human lung fibroblasts and a
fibroblast cell line (Supplementary Fig. 4). Other candi-
dates (MMP-10, FGF-19, ADA) showed variable or cell
type—specific responses, suggesting regulation by alter-
native sources or pathways.

Prognostic analysis

Kaplan—Meier analysis demonstrated significantly
poorer survival in IPF compared with CTD-ILD (log-
rank p<0.001) (Fig. 6A). Among candidate biomarkers,
elevated MMP-10 was associated with increased mor-
tality (HR=2.08; 95% CI: 1.22-3.54; p=0.007), whereas
higher TWEAK levels strongly predicted improved sur-
vival (HR=0.04; 95% CI: 0.01-0.22; p<0.001) (Fig. 6B).
ADA showed a non-significant trend toward improved
outcomes, while FGF-19 had no significant association.
Collectively, MMP-10 and TWEAK emerged as the most
robust prognostic biomarkers in this cohort.

Discussion

In this prospective study, we applied targeted plasma
proteomics and integrative machine learning approaches
to identify biomarkers that differentiate IPF from CTD-
ILD and predict clinical outcomes. Our findings dem-
onstrate that IPF is characterized by distinct proteomic
signatures, and that multi-marker predictive models can
improve diagnostic accuracy and enable risk stratifica-
tion. Among the candidate biomarkers, MMP-10 and
TWEAK emerged as particularly informative, providing
both diagnostic and prognostic value. These observa-
tions align with recent work showing that plasma pro-
tein panels predict progression or survival across fibrotic
ILDs and that machine learning can classify ILD subtypes
using proteomic signatures [12, 13, 15].

Traditional single biomarkers such as KL-6, SP-A,
SP-D, and MMP-7 have shown only modest performance
in IPF diagnosis and prognosis, reflecting the disease’s
biological heterogeneity and multifactorial pathogenesis
[7-10]. By contrast, high-throughput proteomics enables
construction of multi-marker models with superior clini-
cal utility [12, 13, 15]. In large, multicenter cohorts [12],



Wu et al. Respiratory Research (2026) 27:167 Page 7 of 13

Table 2 Performance comparison of predictive models based on selected plasma proteomic biomarkers

Model Protemics Accuracy (95%Cl) Kappa Sensitivity (95%Cl) Specificity (95%Cl)
(95%Cl)

Decision Tree MMP-10 FGF-19 0.85(0.76,0.92) 0.54 (0.33,0.76) 0.50(0.31,0.69) 0.97 (0.90,0.99)

Random Forest MMP-10 FGF-19 0.77 (0.67,0.86) 0.35(0.13,0.58) 045 (0.27,0.65) 0.88(0.78,0.94)

GLM FGF-19 ADA TWEAK 0.93(0.86,0.97) 0.81(0.67,0.96) 0.97 (0.90,0.99) 0.82 (0.61,093)

proteomic signatures predicted progressive fibrosing ILD
phenotypes and outperformed clinical models for IPF
outcomes; similarly, machine learning classifiers trained
on plasma proteomes improved ILD subtype discrimi-
nation [15]. Consistent with these reports, our GLM-
based model incorporating FGF-19, ADA, and TWEAK
achieved excellent diagnostic accuracy (AUC 0.870), out-
performing tree-based models. These results underscore
the advantage of combining machine learning with pro-
teomic profiling to capture complementary molecular
signals and uncover biologically meaningful biomarker
panels.

Building on the classification models evaluated in our
results, we identified four candidate proteins (FGF-19,
MMP-10, ADA, and TWEAK) that consistently contrib-
uted to distinguishing IPF from CTD-ILD. Among them,
FGF-19 was the most robust feature, being consistently
selected by all three algorithms, supporting its potential
as a central discriminatory biomarker. FGF-19 exhib-
ited consistently higher plasma levels in IPF patients
compared to CTD-ILD patients. As a member of the
endocrine FGF subfamily, FGF-19 is involved in several
fibrotic and proliferative signaling pathways [22], and its
elevated expression may reflect active fibrogenic signal-
ing in IPF [23]. MMP-10 was prioritized in tree-based
models and associated with worse prognosis in our data.
Prior work localized MMP-10 to alveolar epithelium/
macrophages [24], linked higher circulating levels to
impaired lung function [24], and identified MMP-10 as a
predictor of short-term deterioration and overall survival
in IPF—supporting its role as a marker of active tissue
remodeling [24].

TWEAK emerged as a clinically relevant biomarker,
showing significant downregulation in IPF and associa-
tion with improved survival. Mechanistically, TWEAK-
Fnl4 signaling limits fibroblast activation and recruits
pro-regenerative macrophages; loss of signaling exac-
erbates fibrosis in vivo [25, 26]—consistent with our
observation that TGF-p1-stimulated fibroblasts suppress
TNESF12 expression. Moreover, TWEAK-Fn14 signaling
has been closely associated with IPF disease progression
and has been proposed as a potential therapeutic target
[25]. Collectively, these data support TWEAK as both a
protective biomarker and a potential therapeutic target at
the immune—fibrotic interface.

Although ADA did not validate uniformly at the tran-
script level, its inclusion in the GLM panel is biologically

plausible given the adenosine/ADORA2B pathway’s role
in lung fibrosis [27, 28]. ADA deficiency or adenosine
elevation promotes pulmonary fibrosis in vivo [29], and
ADORA2B activation induces hyaluronan synthases
and glycosaminoglycan accumulation [28]—linking
purinergic signaling to matrix remodeling and fibrotic
progression.

Although our results provide real-world evidence that
plasma proteomic biomarkers can distinguish IPF from
CTD-ILD and inform risk stratification—complement-
ing recent multicenter proteomic studies in PF-ILD and
IPF—several limitations remain. First, discrepancies with
prior reports—for example, studies describing lower cir-
culating FGF-19 in IPF [22]—underscore the need for
external validation in larger, multicenter, and ethnically
diverse cohorts; broader enrollment across care settings
will improve generalizability. Second, although ADA
and MMP-10 showed diagnostic and prognostic signals,
prospective longitudinal studies are required to establish
their value for monitoring disease trajectory and treat-
ment response, including clinically meaningful thresh-
olds and within-patient variability. Third, the mechanistic
roles of several candidates, notably FGF-19 and TWEAK,
remain incompletely defined; targeted experimental work
is needed to delineate their pathways in fibrogenesis and
to evaluate their suitability for integration into precision
diagnostic and therapeutic strategies.

This prospective study demonstrates that plasma
proteomic profiling combined with machine learning
can effectively distinguish IPF from CTD-ILD and pro-
vide prognostic insights. Among candidate biomarkers,
MMP-10 and TWEAK (TNFSF12) emerged as the most
informative, with MMP-10 reflecting active tissue remod-
eling and poor outcomes, and TWEAK serving as a pro-
tective marker linked to immune—fibrotic regulation. The
multi-marker GLM model incorporating FGF-19, ADA,
and TWEAK achieved strong diagnostic accuracy, high-
lighting the advantage of integrative biomarker strategies
over single-analyte approaches. Together, these find-
ings support the clinical utility of plasma proteomics in
enhancing early diagnosis, risk stratification, and poten-
tially guiding therapeutic development in fibrotic ILDs.
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Fig. 4 Gene expression of candidate biomarkers in control, COPD, and ILD samples (GSE47460 dataset). Transcriptomic data (n=582) were analyzed
for (A) MMP-10, (B) FGF-19, (C) ADA, and (D) TNFSF12 (TWEAK). Groups included control (Ctrl), chronic obstructive pulmonary disease (COPD), and ILD.
Each dot represents one sample; bars show mean +SD. Statistical significance was assessed by one-way ANOVA with Tukey’s post hoc test. *p <0.05,
***n < 0,001
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IPF Idiopathic pulmonary fibrosis

ILD Interstitial lung disease
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GLM Generalized linear modeling
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TNF-a Tumor necrosis factor-a
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