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Purpose: This study aimed to investigate the association between blood inflammatory markers, including C-reactive protein (CRP)
and interleukin-6 (IL-6), and the short-term prognosis of pneumoconiosis, and to develop a multifactorial prediction model.
Patients and Methods: Clinical data of 813 pneumoconiosis patients admitted to two regional tertiary hospitals from October 2016
to August 2023 were retrospectively collected and randomly divided into a training set (n=568) and an external validation set (n=245).
Variables were screened by least absolute shrinkage and selection operator (LASSO) regression, a multifactorial logistic regression
column-line graph model was constructed, and the relationship between risk factors and prognosis was analyzed by multifactorial Cox
regression and Kaplan-Meier survival curves. The model performance was verified by consistency index (C index), receiver operating
characteristic (ROC) curve, calibration curve, decision curve analysis (DCA) and clinical impact curve (CIC).

Results: The mean age was 62.1 years in the training set and 63.3 years in the validation set, with mortality rates of 11.1% and 11.9%,
respectively. LASSO regression identified age, dust exposure duration, dyspnea, blood oxygen saturation (SpO,), neutrophil count,
CRP, and IL-6 as predictors. CRP (OR=1.028, 95% CI: 1.016-1.040) and IL-6 (OR=1.020, 95% CI: 1.010-1.030) were independent
risk factors for poor short-term prognosis (both P<0.001), consistent with Cox analysis. The model demonstrated excellent discrimina-
tion with AUCs of 0.905 in the training set and 0.920 in the validation set. Calibration showed good agreement between predicted and
observed risks (Hosmer—Lemeshow P>0.05). DCA and CIC indicated high clinical value. High CRP/IL-6 levels were associated with
significantly reduced survival (log-rank P<0.001).

Conclusion: The prediction model based on CRP, IL-6, and clinical characteristics effectively identifies pneumoconiosis patients at
high risk of short-term poor prognosis, providing a reliable basis for early intervention due to its high discriminatory power and
clinical applicability.
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Introduction

Pneumoconiosis is an occupational lung disease caused by long-term inhalation of mineral dust, commonly seen in
miners, construction workers, and other occupationally exposed populations. With the acceleration of industrialization,
the global prevalence of pneumoconiosis continues to rise. Statistics indicate that approximately 65,000 new cases of
pneumoconiosis were reported worldwide in 2020, and this number is projected to increase to 88,000 by 2030." Patients
often experience poor prognosis due to progressive pulmonary fibrosis and respiratory failure, with a five-year mortality
rate as high as 20-40%.>* Pneumoconiosis not only poses a severe threat to patients’ lives but also imposes a significant

socioeconomic burden, making it a major global challenge in occupational health.* Therefore, early identification of
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high-risk patients for poor prognosis and timely intervention are crucial for improving clinical outcomes. However,
effective and practical predictive tools remain lacking.’

Prolonged dust exposure is known to activate alveolar macrophages, triggering the release of key inflammatory
mediators such as interleukin-6 (IL-6) and tumor necrosis factor-o. (TNF-a)), which in turn promote chronic inflammation
and pulmonary fibrosis. Experimental and clinical studies have demonstrated that IL-6 plays a central role in the
inflammatory microenvironment of fibrotic lung diseases, including pneumoconiosis.®’

C-reactive protein (CRP), an acute-phase protein, has been found to be significantly associated with the rate of lung
function decline,® while interleukin-6 (IL-6) exacerbates pulmonary inflammation by promoting Th17 cell
differentiation.” Additionally, clinical characteristics such as dust exposure duration, blood oxygen saturation (SpO,),
and dyspnea severity have been confirmed to be closely related to prognosis.'®!" However, existing predictive models
mainly rely on single biomarkers or clinical indicators, failing to integrate multidimensional data, which limits their
predictive performance.'?

Although inflammatory markers such as the neutrophil-to-lymphocyte ratio (NLR) and platelet count have demon-
strated predictive value in other respiratory diseases,'® their application in pneumoconiosis remains controversial.'*
Notably, CRP and IL-6 are easily accessible and cost-effective inflammatory markers that have shown excellent
prognostic value in infectious diseases and cancer.'>'® However, their synergistic role in multifactorial models for
pneumoconiosis has not been well established. Moreover, traditional models often lack external validation, limiting their
clinical applicability.'”

Therefore, this study aims to construct and validate a nomogram prediction model for short-term poor prognosis in
pneumoconiosis patients by integrating multicenter data with inflammatory markers (CRP, IL-6) and key clinical
characteristics. The findings will provide a scientific basis for early risk stratification, personalized treatment, and the

optimization of medical resource allocation.

Methods
Participants and Study Design

This study was conducted in accordance with the Declaration of Helsinki and approved by the Ethics Committees of the
National Institute of Occupational Disease Prevention and the Guangzhou twelfth People’s Hospital. Informed consent
was waived. Retrospective data from pneumoconiosis patients admitted to two regional occupational disease prevention
centers from October 2016 to August 2023 were collected, with data from guangzhou twelfth People’s Hospital used as
the training set (n=568) and data from Hengyang Traditional Chinese Medicine Hospital’s Occupational Disease
Department as the validation set (n=245). The training set was obtained from Guangzhou Twelfth People’s Hospital
between October 2016 and December 2021, while the validation set was collected from Hengyang Traditional Chinese
Medicine Hospital between January 2022 and August 2023. These two centers are located in different provinces and
serve distinct patient populations, ensuring both temporal and geographic independence of the validation cohort.
Inclusion criteria were: (1) Clinical diagnosis according to the “Diagnostic Criteria for Pneumoconiosis” (GBZ 70);
(2) Age >18 years; (3) Availability of complete baseline clinical data and follow-up information (including pulmonary
function and imaging reports) (Figure 1).

The primary endpoint event was all-cause mortality. During the follow-up period, patients were assessed every three
months via phone and/or outpatient visits. The endpoint event was confirmed by healthcare professionals and the
patient’s family members.

The outcome variable (“survived” vs “died”) was defined based on a 20-month follow-up period. Only deaths that
occurred within 20 months after enrollment were considered “death” events for the short-term prediction model. Patients
who were alive or lost to follow-up before 20 months were classified as “survived”. Cases with completely missing

outcome information were excluded from analysis.
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Figure | Patient enroliment flowchart.

Data Collection
Data for all pneumoconiosis patients were independently reviewed by two researchers according to the inclusion criteria,
and discrepancies were resolved through third-party expert review. The following information was extracted from

electronic medical records and paper archives and entered into a standardized case report form:

(1) Demographic variables: age, gender, smoking, drinking, and history of influenza vaccination, etc.;
(2) Clinical data: dyspnea, chest pain, bronchoalveolar lavage, hemoptysis, and anti-TB treatment, etc.;
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(3) Blood tests: serum sodium, potassium, red cell distribution width (RDW), hemoglobin, platelets, fibrinogen, white
blood cells, neutrophils, erythrocyte sedimentation rate, monocytes, CRP, IL-6, etc.

The duration of dust exposure was defined as the total number of months the patient had been exposed to occupational
dust. This was recorded during structured interviews with occupational physicians and verified using employment or
insurance documentation when possible.

Statistical Analysis

The overall missing rate for baseline and clinical variables was < 0.5%, and all records were cross-checked with the
hospital information system (HIS) to ensure data completeness. Missing values that could not be verified were excluded
from the analysis.

Continuous variables were assessed for normality using the Shapiro—Wilk test. Normally distributed data were
presented as mean + standard deviation, and non-normally distributed data were presented as median (interquartile
range, IQR). Categorical variables were described using frequency (percentage). The comparison of continuous variables
between groups was performed using Student’s #-test (for normal distribution) or the Mann—Whitney U-test (for non-
normal distribution), while categorical variables were compared using the chi-square test. Pearson correlation analysis
was used to calculate the correlation between inflammatory markers.

For categorical variables (eg, dyspnea, coronary heart disease), coding was defined as 1 = presence and 0 = absence,
with the “absence” group serving as the reference category in regression analyses.

To screen for independent risk factors, LASSO regression (10-fold cross-validation) was used for dimensionality
reduction on the training set data. The optimal regularization parameter (1) was selected based on partial likelihood
deviance, and the A.1se value (the largest A within one standard error of the minimum cross-validated error) was chosen
to promote model simplicity and prevent overfitting. Subsequently, multifactorial logistic regression was performed to
construct a prediction model for short-term poor prognosis in pneumoconiosis patients, and a nomogram was plotted. The
model’s discrimination and calibration ability were assessed using the concordance index (C-index), receiver operating
characteristic curve (ROC), calibration curve, and Hosmer-Lemeshow goodness-of-fit test. The 95% confidence intervals
of AUC values were estimated using 1000 bootstrap iterations with replacement sampling, where each resample was of
the same size as the original dataset. Decision curve analysis (DCA) and clinical impact curve (CIC) were used to
quantify the clinical net benefit and applicability of risk threshold.

In survival analysis, Kaplan-Meier survival curves were plotted, and differences between groups were compared
using the Log rank test. Multifactorial Cox regression analysis was used to assess the association between independent
risk factors and mortality risk.

All statistical analyses were performed using SPSS 26.0, GraphPad Prism 9.0, and R 4.3.0.

Results
Comparison of General Clinical Data of Pneumoconiosis Patients in Training and

Validation Sets

A total of 813 patients were included in this study, with 568 in the training set and 245 in the validation set (Figure 1).
The average age of patients in the training set was 62.1 years, with 312 males (54.9%), while the average age in the
validation set was 63.3 years, with 123 males (50.2%). The mortality rates in the training set and validation set were
11.1% and 11.9%, respectively. The clinical characteristics of patients in both the training and validation sets are shown
in Table 1. The distribution of features was similar between the two groups. Additionally, in both the training and
validation sets, CRP and IL-6 levels were significantly higher in the deceased group compared to the survivors
(Figure 2A-D). The differences were tested using the Mann—Whitney U-test, with p-values < 0.001 for all comparisons.
Given the limited number of predefined comparisons, no p-value adjustments were applied. These findings suggest that
high levels of CRP and IL-6 may be associated with an increased risk of death in pneumoconiosis patients, indicating that
CRP and IL-6 could be important biomarkers for prognostic stratification.
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Table | Characteristics of Patients in the Training and Validation Cohorts

Characteristics Total (n = 813) Training Set (n = 568) | Validation Set (n = 245) | P value
Demographics
Age, year, mean(SD) 63.21 (5.23) 62.12 (5.03) 63.31 (4.99) P = 0.869"
Gender, male, n (%) 435 (53.5%) 312 (54.9%) 123 (50.2%) P = 0.253¢
Smoking, n (%) 569 (70.0%) 413 (73.7%) 156 (63.7%) P = 0.552°
Drinking, n (%) 456 (56.1%) 312 (54.9%) 144 (58.8%) P = 0.632°
History of influenza vaccination, n (%) 413 (50.8%) 280 (47.5%) 133 (52.3%) P=0761%
Admission SBP, mmHg, median (IQR) 153 (137-165) 152 (137-165) 150 (138-164) P = 0.845%
Admission DBP, mmHg, median (IQR) 95 (85-110) 92 (88-113) 94 (87-114) P = 0.374*
Number of times hospitalized, times, median (IQR) | 3 (2-6) 4 (2-6) 3 (2-5) P = 0.065*
SpO; (%), median (IQR) 98 (92-100) 97 (91-100) 97 (93-100) P = 0.362*
Dyspnea 645 (79.3%) 458 (80.6%) 187 (76.3%) P=0.23I°
Chest pain 536 (66.0%) 365 (64.2%) 171 (69.7%) P =006l
Hemoptysis 441 (54.2%) 334 (58.8%) 107 (43.7%) P=0.013°
Bronchoalveolar lavage (BAL) 569 (70.0%) 406 (71.0%) 163 (66.5%) P = 0.256°
Anti-TB treatment 632 (77.7%) 459 (80.8%) 173 (70.6%) P =0.021°
Length of stay, days, median (IQR) 6 (5-10) 4 (3-18) 7 (6-9) P = 0.256*
Duration of dust exposure, months, median (IQR) | 19 (3—-26) 20 (5-25) 23 (12-24) P <0.001%
Medical history, n (%)
Diabetes 230 (28.2%) 169 (29.7%) 61 (24.9%) P = 0.029°
COPD 569 (70.0%) 403 (70.9%) 166 (67.7%) P = 0.244°
Coronary heart disease 111 (13.7%) 78 (13.7%) 33 (13.5%) P=0321%
Congestive heart failure 139 (17.0%) 98 (17.2%) 41 (16.7%) P = 0.654°
Serum sodium, mmol/l, median (IQR) 123 (118-155) 118 (112-136) 120 (120-139) P = 0.236*
Serum potassium, mmol/l, median (IQR) 5.25 (3.69-6.23) 5.46 (3.20-6.49) 4.89 (4.21-5.21) P=0.11%
Serum calcium, mmol/l, Mean(SD) 3.79 (L.11) 4.06 (I.11) 4.21 (0.99) P =0.363"
RDW, %, median (IQR) 17.2 (11.6-20.3) 18.2 (12.1-21.3) 14.3 (10.12—-19.36) P = 0.258*
Hemoglobin, g/L, median (IQR) 136 (91-145) 126 (92-139) 116 (110-144) P = 0.699*
Platelets, |10 /I, median (IQR) 311 (213-365) 289 (200-326) 256 (198-601) P = 0.265%
Fibrinogen, g/L, median (IQR) 6.11 (4.12-7.63) 5.13 (3.12-8.23) 5.01 (2.32-7.13) P=0.358*
WBC, 10° /I, median (IQR) 12.77 (7.12-15.11) | 12.22 (7.21-16.11) 12.13 (6.32-14.31) P = 0.756*
Neutrophil, 10° /L, median (IQR) 1221 (7.21-14.92) | 11.96 (6.21-16.49) 12.36 (6.98-15.23) P = 0.325%
ESR, mm/h, Mean(SD) 37.36 (14.39) 40.23 (14.34) 38.96 (15.21) P = 0.288"
Monocyte, 10 /L, median (IQR) 0.96 (0.45-1.21) 0.83 (0.49-1.01) 0.89 (0.40-1.11) P = 0.562%
(Continued)
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Table 1 (Continued).

Characteristics Total (n = 813) Training Set (n = 568) | Validation Set (n = 245) | P value
Lymphocyte, 10° /L, median (IQR) 1.32 (0.78-2.01) 1.56 (0.26-2.32) 1.49 (2.14-2.62) P = 0.347F
CRP, mg/L, median (IQR) 70.3 (26.1-145.3) | 71.9 (43.1-159.6) 73.6 (49.3-163.9) P=0651%
IL-6, Pg/mL, median (IQR) 153 (60-189) 150 (56-187) 148 (50-190) P = 0.362*
Neutrophil percentage, %, median (IQR) 80.1 (59.2-97.3) 783 (62.3-99.2) 81.6 (69.-96.32) P = 0.654*
Albumin, g/L, median (IQR) 31 (26—41) 29 (25-40) 32 (29-40) P = 0.568*
D-dimer, mg/L, median (IQR) 0.63 (0.19-1.49) 0.60 (0.24-1.39) 0.64 (0.20-1.50) P =0.232F
Status n (%) P = 0.236}
Survivors 722 (88.8%) 506 (89.1%) 216 (88.1%)

Dead 9l (11.2%) 62 (11.1%) 29 (11.9%)

Notes: fStudent’s t-test. Pearson chi-square. iMann—Whitney U-test. P-values are unadjusted and presented for descriptive purposes only.

Abbreviations: SD, standard deviation; IQR, interquartile range; SBP, Systolic Blood Pressure; DBP, Diastolic Blood Pressure; ASA, American Society of Anesthesiologists
Physical Status Classification; COPD, chronic obstructive pulmonary disease; RDWY, red cell distribution width; WBC, white blood cell; ESR, Erythrocyte sedimentation rate;
CRP, C-reactive protein; IL-6, Interleukin-6; NPAR, neutrophil percentage-to-albumin ratio.

Lasso Regression Analysis for Risk Factor Selection

Pearson correlation analysis was used to calculate the correlation coefficients between the inflammatory markers, and the
results showed a high correlation between the markers (Figure 3). Therefore, to identify independent risk factors, we
performed Lasso regression analysis on all variables in the training set to identify factors associated with poor prognosis in
pneumoconiosis patients. Ultimately, nine variables with the optimal lambda value were selected: age, coronary heart disease,
duration of dust exposure, dyspnea, SpO,, serum potassium, neutrophil, CRP, and IL-6 (Figure 4A and B). The names and
coefficients of the nine selected variables are provided in Supplementary Material (Supplementary Tables 1 and 2).

Multivariable Logistic Regression for Risk Factor Selection

To identify independent risk factors for predicting short-term poor prognosis in pneumoconiosis patients, we further
performed multivariable logistic regression analysis on the results of Lasso regression. Ultimately, the following
variables were significantly associated with short-term poor prognosis in patients: Age (OR = 1.096, 95% CI =
0.179-1.188, P < 0.001), Coronary heart disease (OR = 0.462, 95% CI = 0.179-1.146, P = 0.109), Duration of dust
exposure (OR = 1.266, 95% CI = 1.161-1.380, P < 0.001), Dyspnea (OR = 0.127, 95% CI = 0.044-0.365, P < 0.001),
SpO, (OR = 0.703, 95% CI = 0.571-0.865, P < 0.001), Serum potassium (OR = 1.612, 95% CI = 0.998-2.605, P =
0.051), Neutrophil (OR = 1.121, 95% CI = 1.070-1.373, P = 0.003), CRP (OR = 1.028, 95% CI = 1.016-1.040, P <
0.001), and IL-6 (OR = 1.020, 95% CI = 1.010-1.030, P < 0.001) (Figure 5).

Multivariable Logistic Regression Model Development and Bootstrap Validation for

Prognostic Prediction

In the training set, seven variables (age, duration of dust exposure, dyspnea, SpO,, neutrophil, CRP, and IL-6) were selected
for multivariable logistic regression analysis to construct a nomogram for predicting short-term adverse prognosis in
pneumoconiosis patients. The model demonstrated high predictive accuracy through bootstrap validation (Figure 6).

ROC Curve Analysis of Predictive Factors

In the training set, variables with P < 0.05 from the multivariable logistic regression analysis were included in ROC curve
analysis (Figure 7 and Table 2). The results indicated that the predictive performance of CRP and IL-6 was significantly superior
to that of other variables, with AUC values of 0.885 (95% CI: 0.802-0.965) and 0.877 (95% CI: 0.821-0.942), respectively, both
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Figure 2 CRP and IL-6 levels at admission in the training set (A and B) and validation set (C and D).

approaching 0.9, indicating strong discriminative ability. In contrast, the AUC values for other variables were all below 0.8 (eg,
dust exposure duration 0.803, age 0.717), with Neutrophil (0.652) and Dyspnea (0.636) showing the lowest predictive
performance. We further constructed a traditional multivariable logistic regression model without machine learning, which
yielded an AUC of 0.750—substantially lower than that of the LASSO-based machine learning model (AUC = 0.885)

(Supplementary Material; Figures S1-S4).

Receiver Operating Characteristic (ROC) Curves and Calibration Curves of the

Multivariable Logistic Regression Models

In the training set, the ROC curve area under the curve (AUC) for the combined prediction model was 0.905 (95% CI:
0.901-0.939) (Figure 8A), indicating strong discriminative ability for predicting short-term adverse prognosis in
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Abbreviations: CRP, C-reactive protein; IL-6, interleukin-6; SpO,, peripheral capillary oxygen saturation; RDW, red cell distribution width; WBC, white blood cell count;
PLT, platelet count; ESR, erythrocyte sedimentation rate.

pneumoconiosis patients. The concordance index (C-index) in the training set was 0.918 (95% CI: 0.880-0.954), calculated
using 1000 bootstrap iterations, further confirming the model’s discriminative ability.In the validation set, the ROC curve
AUC for the combined prediction model was 0.920 (95% CI: 0.906-0.930) (Figure 8B), indicating that the model has high
discriminative ability for predicting short-term adverse prognosis in pneumoconiosis patients, with good sensitivity and
specificity. In the validation set, the C-index was 0.926 (95% CI: 0.882-0.962), supporting the robustness and generalizability
of the model.

The calibration curve showed that the predicted probabilities from the nomogram closely matched the actual observed
probabilities, suggesting excellent predictive accuracy (Figure 9A for the training set; Figure 9B for the validation set).
The Hosmer-Lemeshow goodness-of-fit test results demonstrated good consistency of the model in assessing short-term

adverse prognosis in pneumoconiosis patients (training set P = 0.214; validation set P = 0.168).

Decision Curves and Clinical Impact Curves for the Multivariable Logistic Regression
Models

In both the training and validation sets, predictive models were constructed based on independent risk factors such as
C-reactive protein (CRP) and interleukin-6 (IL-6), and the clinical applicability of the models was evaluated through
decision curve analysis (DCA) and clinical impact curve (CIC). The results showed that, compared to traditional clinical
indicators, the model provided significant additional net clinical benefit in predicting short-term adverse prognosis in
pneumoconiosis patients (Figure 10A and B). Further analysis of the CIC revealed that when the risk threshold reached
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0.6 in both the training and validation sets, the prediction curve and the actual event curve gradually converged
(Figure 11A and B).

Kaplan-Meier Survival Analysis and Multivariable Cox Regression Analysis

All patients were followed for up to 20 months. The median follow-up duration was 14.6 months (interquartile range
[IQR]: 9.2-17.9) in the training set and 13.8 months (IQR: 8.7-17.2) in the validation set. Survival status was determined
based on all-cause mortality occurring during this follow-up period. The number of patients at risk and the number
censored at each time point are displayed in the Kaplan—Meier plots (Figure 12A-D).

In the training set, variables selected through Lasso regression were included in multivariable Cox regression analysis.
The results showed that Age (HR = 1.116, 95% CI: 1.012—1.544, P < 0.001), Duration of dust exposure (HR = 1.211, 95%
CIL: 1.102-1.368, P < 0.001), Dyspnea (HR = 0.131, 95% CI: 0.066-0.632, P < 0.001), SpO, (HR = 0.798, 95% CI:
0.623-0.881, P < 0.001), Neutrophil (HR = 1.229, 95% CI: 1.071-1.312, P < 0.001), CRP (HR = 1.013, 95% CIL
1.003-1.056, P < 0.001), and IL-6 (HR = 1.026, 95% CI: 1.010-1.030, P < 0.001) were all independent predictors of short-
term adverse prognosis in pneumoconiosis patients (Table 3). Additionally, the Kaplan-Meier survival curves in both the
training and validation sets showed that patients in the high CRP group and high IL-6 group had significantly higher risks of
short-term adverse prognosis compared to those in the low CRP and low IL-6 groups (P < 0.001) (Figure 12A-D).

Contribution of CRP and IL-6 to Model Discrimination and Clinical Utility

To further validate the contribution of CRP and IL-6, a comparison model excluding these two predictors was
constructed. The AUC values of the null model were 0.861 (95% CI 0.844-0.876) and 0.868 (95% CI 0.851-0.882)
in the training and validation sets, respectively, both lower than those of the full model (0.905 and 0.920). The decision
curve analysis showed that the full model achieved greater net benefit across most threshold probabilities, while the
clinical impact curve demonstrated a closer match between predicted high-risk individuals and observed events,
suggesting better clinical applicability (Supplementary Material; Figures S5 and S6).
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Figure 5 Forest plot of multivariable logistic regression analysis. Data are shown as odds ratios (ORs) with 95% confidence intervals (Cls). For categorical variables (eg,
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Abbreviations: CRP, C-reactive protein; IL-6, interleukin-6; SD, standard deviation.
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Figure 6 Nomogram model for predicting the short-term prognosis of pneumoconiosis patients.
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Discussion

T T
0.8 1.0

In this study, we developed a predictive model for short-term adverse prognosis in pneumoconiosis, with a focus on

analyzing the prognostic role of C-reactive protein (CRP) and interleukin-6 (IL-6) in pneumoconiosis patients. Through

Lasso regression and multivariable logistic regression analysis, we found that CRP and IL-6 are significant independent

risk factors, and these two biomarkers outperformed other clinical variables in predicting short-term adverse prognosis in

Table 2 Comparison of AUCs of CRP, IL-6, and Other
Influencing Factors in the Training Set
AUC | 95% CI P value
Age 0.717 | 0.698-0.878 | P<0.001
Duration of dust exposure | 0.803 | 0.720-0.899 | P<0.001
Dyspnea 0.636 | 0.612-0.689 | P<0.001
SpO2 (%) 0.732 | 0.688-0.787 | P<0.001
Neutrophil 0.652 | 0.621-0.781 | P=0.023"
P<0.001®
CRP 0.885 | 0.802-0.965
IL-6 0.877 | 0.821-0.942

Notes: AUC comparisons were performed using the Delong test. All
P values in the right column indicate the statistical significance of the differ-
ence in AUC between CRP/IL-6 and each of the other predictors.
AComparison of AUC between CRP and Neutrophil; BComparison of AUC

between IL-6 and Neutrophil.

Abbreviations: AUC, area under the ROC curve; Cl, confidence interval;

CRP, C-reactive protein; IL-6, Interleukin-6.
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pneumoconiosis patients. Our results not only align with some existing studies but also provide new perspectives,
revealing the important role of inflammatory responses in the prognosis of pneumoconiosis.

To better understand their selection and performance, we further examined the modeling process in detail. In this
study, CRP and IL-6 were selected as core biomarkers based on both statistical performance and clinical practicality.
Among 12 blood variables initially included—such as fibrinogen—only neutrophils, CRP, and IL-6 were retained after
LASSO regression. CRP and IL-6 showed the highest AUCs (both >0.8), indicating superior predictive power for short-
term poor prognosis in pneumoconiosis. The high AUC values of CRP and IL-6 emphasize the central role of
inflammatory markers in independent risk prediction and provide biological evidence supporting their combined use
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Figure 11 (A) Clinical impact curves for prognosis assessment in the training set; (B) Clinical impact curves for prognosis assessment in the validation set.

for diagnostic modeling and clinical risk stratification. In addition, although markers such as TNF-a are biologically
relevant in pulmonary inflammation, they were not consistently available across the study cohort, with a relatively high
rate of missing data and potential variability in retrospective records. As such, they were not included in the final
analysis.

As an acute-phase reactant, C-reactive protein (CRP) has been widely used for prognostic evaluation in various
inflammatory diseases.'®?° Long-term exposure to dust in pneumoconiosis patients activates the immune system, leading
to persistent inflammation and elevated CRP levels.?!** A previous study showed that CRP can enhance both local and
systemic inflammatory responses by activating the complement system and promoting the aggregation of monocytes and
neutrophils, which is closely related to pulmonary inflammation and fibrosis in pneumoconiosis patients.”> Our study
found that CRP levels are significantly associated with short-term adverse prognosis in pneumoconiosis patients, with
markedly higher levels observed in the mortality group compared to the survival group. This finding is consistent with
the study by Cho et al, which also demonstrated a significant correlation between elevated CRP levels and increased
mortality in pneumoconiosis patients.>* As a systemic inflammatory marker, CRP is elevated in pneumoconiosis and may
reflect persistent systemic inflammation and unfavorable prognosis.>>*® In our study, the combination of CRP and IL-6
was identified as a highly predictive risk factor, particularly in AUC assessments, where CRP demonstrated a predictive
efficacy of 0.885, significantly outperforming other variables such as dust exposure duration and age. This finding
supports the central role of CRP in prognostic assessment for pneumoconiosis patients. Compared to the study by Yang
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Figure 12 Kaplan—Meier survival curves of patients with high and low levels of CRP and IL-6. (A) CRP in the training set; (B) IL-6 in the training set; (C) CRP in the
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et al, which developed a prediction model for pneumoconiosis risk using serum and urinary biomarkers in asbestos-
exposed workers, our study differs in both objective and methodology.”” Yang’s model focused on early diagnosis in
high-risk individuals, while our work aims to predict short-term prognosis among confirmed pneumoconiosis patients to
support clinical decision-making. Importantly, our model was constructed using machine learning (LASSO regression)
for more robust variable selection and predictive performance. In addition, we validated the model using a temporally
and geographically independent external cohort, which enhances its generalizability and clinical applicability.
Furthermore, unlike Yang’s model, which relied on non-routine biomarkers, we used widely available inflammatory
markers (CRP and IL-6), making our approach more practical for real-world clinical settings.

However, other studies have presented different perspectives on the role of CRP. For example, Zeller et al found that
elevated CRP levels in pneumoconiosis patients are not directly associated with mortality risk but are instead linked to
complications such as cardiovascular diseases.”® Similarly, Koziarska-Roéciszewska et al demonstrated that high-
sensitivity CRP levels are closely related to metabolic disorders and cardiovascular disease risk factors.”® These findings
suggest that CRP elevation may be closely related to comorbidities in pneumoconiosis patients, making it insufficient as
a standalone prognostic marker. This distinction may explain the differences between our findings and those of Zeller
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Table 3 Multivariable Cox Regression Analysis

HR 95% CI P value

Age 1.116 (1.012-1.544) | P<0.001

Coronary heart disease 0.365 (0.178-0.663) | P=0.229

Duration of dust exposure | 1.211 (1.102-1.368) | P<0.001

Dyspnea 0.131 (0.066-0.632) | P<0.00I
SpO,(%) 0.798 (0.623-0.881) | P<0.001
Neutrophil 1.229 (1.071-1.312) | P<0.001
Serum kalium, per | SD 1.619 (1.002—-1.359) | P=0.079
CRP, per | SD 1.013 (1.003-1.056) | P<0.001
IL—6, per | SD 1.026 (1.010-1.030) | P<0.001

Abbreviations: HR, hazard ratio; Cl, confidence interval; SD, standard
deviation. CRP, C-reactive protein; IL-6, Interleukin-6.

et al. While our study demonstrates that CRP remains a strong prognostic predictor as an individual marker, we did not
account for other potential factors influencing CRP levels, such as comorbid conditions. Therefore, in clinical applica-
tions, CRP should be interpreted in conjunction with the patient’s overall health status to enhance its clinical utility as
a prognostic biomarker.

IL-6 is another critical inflammatory biomarker that has received widespread attention for its role in pneumoconiosis
patients.”**° Long-term exposure to dust can lead to lung cell damage and oxidative stress, which in turn induces the
release of IL-6.%'? By binding to its receptor, IL-6 activates the JAK-STAT signaling pathway, promoting the production
of cytokines and exacerbating the inflammatory response.*® Our study found that IL-6 levels were significantly higher in
the mortality group than in the survival group. Moreover, in multivariable logistic regression analysis, IL-6 was identified
as an independent prognostic factor, significantly associated with short-term adverse outcomes in pneumoconiosis
patients, similar to CRP. This finding aligns with prior work in patients with silicosis, a subtype of pneumoconiosis,
showing that elevated IL-6 levels are associated with worse survival outcomes.*”> As a pro-inflammatory cytokine, IL-6
reflects the body’s immune response and inflammatory state,>* making it a valuable biomarker with potential clinical
utility in predicting disease progression and prognosis in pneumoconiosis patients.

However, some studies have proposed different interpretations regarding the role of IL-6. Prior evidence indicates
that elevated IL-6 levels are associated with increased disease severity and fibrotic progression in pneumoconiosis,”> with
mechanistic findings in silicosis supporting a role for IL-6 in chronic inflammatory and fibrotic remodeling processes.’
This finding suggests that IL-6 may be more suitable as a biomarker for assessing the long-term prognosis of
pneumoconiosis patients rather than serving as an indicator of short-term prognosis. We believe that this discrepancy
may be due to the fact that IL-6 levels are influenced by multiple factors, including a patient’s immune status,
comorbidities, and treatment variations. Additionally, IL-6 elevation may be closely related to the chronic inflammatory

process of the disease,’*’

which could limit its predictive ability in the early stages. Therefore, when using IL-6 as
a short-term prognostic marker, it is essential to consider the overall clinical course of the patient.

In our study, the multifactorial prediction model incorporating CRP and IL-6 demonstrated strong predictive ability.
Compared to traditional clinical indicators such as age, duration of dust exposure, and dyspnea, CRP and IL-6 exhibited
significant advantages in distinguishing short-term adverse outcomes in patients with pneumoconiosis. ROC curve
analysis showed that the AUC values for CRP and IL-6 were 0.885 and 0.877, respectively, both approaching 0.9,
indicating strong predictive performance. These results indicate that the model can reliably identify patients with
potential adverse prognosis within clinically relevant high-risk thresholds, suggesting its good clinical applicability

and effectiveness. To evaluate the added value of our LASSO-based machine learning model, we also developed
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a traditional logistic regression model using the same dataset. This further indicates that the machine learning approach
offers clear advantages in variable selection and predictive performance, providing a superior tool for clinical risk
assessment. Furthermore, we assessed the clinical applicability of this model using decision curve analysis (DCA) and
clinical impact curve (CIC) analysis, and the results demonstrated that the model provides significant clinical net benefit
to patients. Similar studies have also supported our findings. Previous studies have shown that elevated CRP and IL-6
levels in patients with pneumoconiosis are closely associated with chronic systemic inflammation and may serve as
effective prognostic indicators.?” These findings further validate the effectiveness of our multifactorial prediction model,
suggesting that CRP and IL-6 are not only markers of inflammation but also powerful tools for clinical prognostic
assessment.

The strengths of this study are as follows: First, our study included a relatively large sample size and integrated data
from two regional medical centers, reducing selection bias and enhancing the representativeness and reliability of the
findings. Second, we employed multiple statistical analysis methods, including Lasso regression, ROC curve analysis,
and decision curve analysis (DCA), to comprehensively evaluate the independent role of CRP and IL-6 in predicting
short-term adverse outcomes in patients with pneumoconiosis, providing more robust evidence for clinical practice. This
temporal and regional separation between the training and validation sets enhances the generalizability and credibility of
our model as a truly external validation. More importantly, unlike studies that focus solely on a single inflammatory
biomarker or traditional clinical variables, our multifactorial prediction model not only enables a more accurate
assessment of pneumoconiosis prognosis but also demonstrates good clinical feasibility and applicability. Finally, we
performed internal validation of the model to ensure the robustness and reproducibility of the results.

Although this study has certain strengths, it also has some limitations. First, as a retrospective study, data collection
was constrained by existing medical records. Future prospective, multicenter studies are needed to further validate our
findings.

Additionally, data on lung function (eg, FVC, FEV1) and disease severity were not consistently available for all
patients in this retrospective dataset. Including these variables would have substantially reduced the effective sample size
and might have introduced selection bias; therefore, they were not incorporated into the final model. This limitation has
been clearly acknowledged, and future studies with more comprehensive clinical datasets are warranted to further
evaluate their impact on model performance.

Another limitation of our study is that we used a binary classification outcome (survived vs died) without explicitly
accounting for varying follow-up times in the main predictive model. Although survival time was analyzed using Cox regression
and Kaplan—Meier methods, the logistic regression model may still be influenced by censoring-related bias. Future studies may
consider using fixed-time endpoints, such as 1-year survival, or conducting sensitivity analyses to assess the robustness of the
model under different follow-up durations. Second, we did not include other potential prognostic factors for pneumoconiosis,
such as additional inflammatory markers, genetic factors, or imaging indicators, which may limit a comprehensive understanding
of the disease mechanism. Future research could integrate multi-omics data to develop a more precise predictive model.
Moreover, the data in this study were primarily derived from Chinese patients, and it remains unclear whether the predictive
performance of the model would be consistent across different ethnicities or regional populations. Although the training and
validation cohorts were from two independent institutions, their similar clinical profiles may reflect standardized diagnostic and
treatment practices in China. This could explain the model’s strong performance in external validation. Future studies should test
the model in more heterogeneous populations to better evaluate its generalizability. Additionally, we did not perform multiple
testing correction when comparing CRP and IL-6 levels across outcome groups, given the limited number of predefined
comparisons. This decision was made to avoid overadjustment and preserve statistical power. Nevertheless, we acknowledge
that this may increase the risk of false-positive results, and therefore the findings should be interpreted with caution and validated
in future studies.

Conclusion
This study demonstrates that CRP and IL-6 levels play a crucial role in the short-term adverse prognosis of pneumo-
coniosis patients, providing strong support for the early clinical identification of high-risk patients.
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