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ABSTRACT
Background:  Radiation pneumonitis (RP) is a serious complication in lung cancer 
patients with pre-existing interstitial lung disease (ILD) undergoing radiotherapy. 
Accurate risk stratification is crucial for individualized management. But predictive 
models integrating multimodal data are lacking. This study aimed to develop a novel 
machine learning-based nomogram integrating clinical, dosimetric, and inflammatory 
predictors for RP risk assessment in this high-risk population.
Methods:  This retrospective study of 424 ILD patients collected clinical, dosimetric, and 
inflammatory data. Machine learning algorithms created composite dosimetric (D score) 
and inflammatory (Inflamm score) scores. A multivariable logistic regression nomogram 
was built incorporating these scores with clinical risk factors. Model performance was 
assessed using area under the curve (AUC), calibration curve, and decision curve 
analysis (DCA).
Results:  RP occurred in 200 (47%) patients. Independent risk factors included higher 
performance status, Charlson comorbidity index (CCI), usual interstitial pneumonia (UIP) 
pattern, immunotherapy, concurrent chemoradiotherapy, more radiation sessions, and 
lower lung volume. The D score and Inflamm score were both independent predictors. 
The integrated nomogram (AUC = 0.929) showed excellent discrimination, significantly 
outperforming the clinical model (AUC = 0.86), D score (AUC = 0.758) (both p < 0.001), 
and Inflamm score (AUC = 0.910, p = 0.168). Calibration curve and DCA confirmed its 
strong calibration ability and clinical utility to identify high-risk patients early.
Conclusion: The integrated nomogram combining clinical, dosimetric, and inflammatory 
predictors enables accurate, individualized RP risk assessment in lung cancer patients 
with ILD. It can guide adjustments to individualized radiotherapy plans or preventive 
interventions, supporting better patient selection, treatment decisions, and proactive 
follow-up.

Introduction

Radiotherapy remains a cornerstone in the management of lung cancer. However, the unique radiosen-
sitivity of alveolar tissue renders patients susceptible to radiation-induced toxicities [1]. Complications 
such as radiation pneumonitis (RP) limit the safe application of radiotherapy in broader populations [2]. 
Interstitial lung disease (ILD), characterised by diffuse parenchymal inflammation and fibrosis [3], is both 
a risk factor for lung cancer and a common comorbidity in lung cancer patients [4]. Notably, pre-existing 
ILD markedly elevates the risk of RP as well as immune checkpoint inhibitor pneumonitis (CIP) [5], and 
ILD is recognised as a critical determinant of adverse pulmonary outcomes following radiotherapy [6]. 
Despite these established risks, there remains an urgent need to develop reliable individualized risk strat-
ification tools to accurately predict the likelihood of RP development in patients.
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Most existing models are limited to small-sample cohort studies from single institutions and rely 
solely on isolated predictors (dosimetric or hematological parameters), making it difficult to achieve 
individualized and precise prediction of RP [7]. Moreover, integration of molecular features and mod-
ern machine-learning (ML) representations remains sparse, despite emerging evidence from 
deep-learning–based biomarker discovery in lung cancer (e.g. miRNA signatures) that such signals may 
enhance risk stratification–signals that are typically absent from current RP models [8]. Collectively, 
these limitations contribute to miscalibration and poor transportability when models are applied out-
side their derivation settings. Building on these insights, we explicitly incorporate multimodal data and 
explore ML-enabled fusion of clinical, dosimetric, and inflammatory markers, aligning with emerging 
evidence that molecular signatures extracted via deep learning can enhance risk stratification. ML 
algorithms are well suited for integrating multimodal data [9] and modelling the multifactorial risk 
architecture of RP, capturing individual heterogeneity that traditional single‑factor models may over-
look and thereby improving predictive performance [10]. Despite the critical need, there are currently 
no validated models capable of integrating clinical features, dose parameters, and inflammatory bio-
marker information to predict RP in this high-risk population, resulting in suboptimal risk stratification 
in clinical practice.

This study aims to develop and optimize an integrated predictive model for RP risk in lung cancer 
patients with comorbid ILD. The model synthesizes clinical indicators, dosimetric parameters, and inflam-
matory biomarkers. By establishing a comprehensive composite scoring system and a user-friendly 
nomogram, individualized risk assessment can be achieved. Ultimately, this tool is intended to improve 
treatment outcomes and optimize clinical decision-making for this high-risk population.

Materials and methods

Study design and patient population

This retrospective cohort study included patients with histologically confirmed lung cancer and 
pre-existing ILD who received radiotherapy at Shandong Cancer Hospital between September 2020 and 
September 2024. The inclusion criteria were as follows: (1) Newly diagnosed lung cancer cases confirmed 
by pathological examination; (2) radiographic evidence of ILD prior to radiotherapy; (3) availability of 
imaging data before and after radiotherapy; and (4) complete clinical and dosimetric information. The 
exclusion criteria were as follows: (1) incomplete clinical or dosimetric data; (2) absence of imaging evi-
dence at the time of RP diagnosis; or (3) a history of prior thoracic radiotherapy. For laboratory variables, 
single imputation using the mean value was performed if the proportion of missing data was 1%; oth-
erwise, the variable was excluded from the analysis. The details of missing data are presented in 
Supplementary Table 1. The study protocol was reviewed and approved by the Ethics Committee of 
Shandong Cancer Hospital and Institute (approval number: SDTHEC 202501010) and conducted in accor-
dance with the Declaration of Helsinki and relevant institutional guidelines. As this is a retrospective 
analysis, the Ethics Committee of the Shandong Cancer Hospital and Institute waived the requirement 
for individual patient informed consent.

The definition of RP

RP is defined as sterile parenchymal lung inflammation occurring weeks to months after thoracic radio-
therapy [11]. After excluding infectious etiologies according to clinical guidelines [12], the radiotherapy 
isodose lines are superimposed onto CT images to assess the spatial concordance between lung lesions 
and the radiation field, as well as the extent of involvement. If the lesions are predominantly distributed 
within the high-dose irradiation area, typically presenting as unilaterally located with relatively well-defined 
borders, they are classified as suggestive of radiation pneumonitis. Sputum culture or bronchoscopy may 
be performed when necessary to rule out infection. Severity grading is mostly based on Common 
Terminology Criteria for Adverse Events (CTCAE, version 5.0) [13], and treatment plans are formulated 
accordingly. When differentiating from immune checkpoint inhibitor-related pneumonitis, attention 
should be paid to whether the lesions conform to the radiation field, the temporal relationship with drug 
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administration, and differences in imaging patterns. Checkpoint inhibitor pneumonitis often presents 
with bilateral or multifocal distribution and does not conform to the irradiation field [14].

Data collection and covariates

This retrospective study extracted demographic, clinicopathological, and imaging data from the hospital’s 
electronic medical record system, laboratory variables from the laboratory information system, and imag-
ing data from the picture archiving and communication system. The data included age, gender, smoking 
history, performance status (PS), comorbidities (assessed via Charlson Comorbidity Index [CCI]), ILD sever-
ity and subtype, TNM stage, tumour characteristics, and treatment modalities (immunotherapy, chemo-
therapy, radiotherapy technique, and number of fractions). Dosimetric parameters were collected from 
our treatment plan system (Eclipse, Varian Medical Systems, USA). Baseline laboratory data, including 
complete blood counts and serum albumin, were collected within four weeks prior to the initiation of 
radiotherapy. Inflammatory and nutritional parameters derived from these laboratory tests, such as the 
monocyte-to-lymphocyte ratio (MLR), neutrophil-to-lymphocyte ratio (NLR), platelet-to-lymphocyte ratio 
(PLR), systemic immune-inflammation index (SII), and prognostic nutritional index (PNI), were calculated 
for subsequent analysis [15–18].

Classification of ILD

The diagnosis and severity of ILD were determined by multidisciplinary evaluation of high-resolution com-
puted tomography (HRCT) and classified according to established criteria. Interstitial lung abnormalities 
(ILAs) were defined as nondependent parenchymal abnormalities—including ground-glass or reticular 
abnormalities, architectural distortion, traction bronchiectasis/bronchiolectasis, honeycombing, or nonem-
physematous cysts—involving ≥5% of any lung zone; focal or unilateral changes, or abnormalities involv-
ing <5% of any zone, were deemed indeterminate [19,20]. The lung parenchyma was divided into six 
zones (upper, middle, and lower for each lung). For CT scans acquired within 6 months prior to radiother-
apy (axial slice thickness 1–5 mm), two thoracic radiologists independently scored, using a standardized 
atlas, the visual extent of ILA in each zone as 0 (0%), 1 (5 to <25%), 2 (25 to <50%), or 3 (≥50%) [21]. All 
CT scans were independently reviewed by two primary readers (H.Z.L. and A.M.J.). Discrepancies between 
the two readers were resolved by consensus with a third senior reader (D.W.C.) serving as an adjudicator. 
The highest zone score was used as the primary severity grade (None = 0; Mild = 1; Moderate = 2; Severe 
= 3). If fibrotic features (traction bronchiectasis/bronchiolectasis or honeycombing) were present, the 
severity grade was escalated by one level, capped at Severe [21]. Consistent with the 2022 clinical practice 
guideline update from the American Thoracic Society, European Respiratory Society, Japanese Respiratory 
Society, and Latin American Thoracic Association, CT patterns were classified as usual interstitial pneumo-
nia (UIP), probable UIP, indeterminate for UIP, or alternative diagnosis [22]. For analytic purposes, because 
some categories contained few patients, and previous studies have combined the ‘indeterminate for UIP’ 
and ‘alternative diagnosis’ categories into a single group [23], we collapsed the patterns into three groups—
UIP, probable UIP, and indeterminate for UIP/alternative diagnosis (Supplementary Figure 1)—to improve 
statistical power and model stability. One patient from each group was randomly selected for illustration. 
All image reviews were performed with readers blinded to the subsequent occurrence of RP.

Dosimetric and inflammatory parameter selection

All relevant dosimetric parameters—including clinical target volume (CTV), lung volume, mean lung dose 
(MLD), mean heart dose (MHD), and dose volume histogram (DVH, e.g. V20, V30)—as well as baseline 
hematological and inflammatory indices, were initially included in the analysis. Collinearity among can-
didate variables was assessed using Spearman’s rank correlation coefficients and visualized by correlation 
heatmaps. Feature selection for both dosimetric and inflammatory predictors was conducted using three 
ML approaches implemented in R software (version 4.4.2): least absolute shrinkage and selection opera-
tor (LASSO) regression (glmnet package), random forest (RF, randomForest package), and extreme gradi-
ent boosting (XGBoost, xgboost package). For LASSO, a binomial model (α  =  1) was fitted and the 
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optimal penalty parameter lambda was determined via 10-fold cross-validation (for the dosimetric set, 
λ_1se = 0.062736; for the hematologic and inflammatory set, λ_1se = 0.027646). Predictors with non-zero 
coefficients at the selected λ were retained. Random-forest models were trained with ntree = 500 (other 
hyperparameters followed package defaults for classification), and variable importance was summarized 
by mean decrease in accuracy using out-of-bag permutation. XGBoost used a learning rate (eta) = 0.01, 
max_depth = 4, subsample = 0.8, and colsample_bytree = 0.8; the number of boosting iterations 
(nrounds) was selected by 10-fold cross-validation with early stopping (10 rounds) from an upper bound 
of 1000, and the final model used the iteration achieving the highest mean test AUC. Key predictors for 
radiation pneumonitis (RP) were then identified by intersecting the top-ranked features across the three 
algorithms (RF importance and XGBoost gain) with the non-zero LASSO coefficients; only variables pres-
ent in the intersection were retained for subsequent model development.

Development of risk scores and prediction models

Associations between candidate variables and the occurrence of any-grade RP were evaluated using uni-
variate and multivariate logistic regression analyses. Univariate logistic regression was used to screen 
candidate variables. Variables with p < 0.05 were entered into the multivariable logistic regression as can-
didate predictors without automated stepwise selection, and independent predictors identified in the 
multivariate analysis were used to establish the basic clinical prediction model. Selected dosimetric and 
inflammatory variables were each combined into composite risk scores (the D score and Inflamm score, 
respectively), by assigning weights based on logistic regression coefficients and applying Z score stan-
dardization. A comprehensive model was then developed, integrating independent clinical variables with 
the D score and Inflamm score to improve predictive performance. For individualized RP risk estimation, 
a nomogram based on the final integrated model was constructed using the rms package in R.

Model evaluation

The predictive performance of each model was primarily assessed using receiver operating characteristic 
(ROC) curve analysis, with the area under the curve (AUC) calculated to quantify discrimination. ROC 
curves and AUC values were generated using the pROC package in R. Differences in AUCs between 
models were compared using DeLong’s test. Model calibration was evaluated by calibration plots (rms 
package) and the Hosmer–Lemeshow goodness-of-fit test. Clinical utility and net benefit were assessed 
via decision curve analysis (DCA) using the rmda or stdca package in R, with interpretation of threshold 
probabilities at which the model offers superior clinical benefit compared to treat-all or treat-none strat-
egies. Additional subgroup analyses were performed according to clinical characteristics (e.g. radiother-
apy technique, ILD subtype) to assess the robustness and generalization of the prediction models.

Statistical analysis

All statistical analyses were performed using R software (version 4.4.2). Continuous variables were sum-
marized as mean ± standard deviation or median and interquartile range (IQR), and compared using the 
Student’s t test or Mann–Whitney U test as appropriate. Categorical variables were presented as frequen-
cies and percentages, and compared using the chi-square test or Fisher’s exact test. Logistic regression 
was used for univariate and multivariate analyses of risk factors for RP. All statistical tests were two-sided, 
and a P value < 0.05 was considered statistically significant.

Results

Baseline characteristics

As shown in Figure 1, a total of 424 lung cancer patients with pre-existing ILD were included in this 
analysis, comprising 200 who developed RP and 224 who did not. The median age was similar between 
groups, and both were predominantly male. Compared to the non-RP group, patients with RP had higher 
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CCI scores and were more likely to have type 2 diabetes mellitus (T2DM, 37.5% vs. 7.6%). RP patients 
also showed greater ILD severity (91% vs. 37.9%) and a higher prevalence of the UIP pattern (23% vs. 
4.5%). Patients in the RP group were more likely to have advanced clinical stage (III–IV), higher T (T3–4) 
and N (N1–3) stages, and poorer performance status (PS 0–1: 30.5% vs. 50%). No significant differences 
were observed in tumor location, histological subtype, or driver gene alterations. As for treatment, RP 
patients more frequently received immunotherapy (56% vs. 20.5%), concurrent chemoradiotherapy (44.5% 
vs. 18.3%), intensity-modulated radiotherapy (IMRT, 90% vs. 71.9%), and ≥28 radiotherapy fractions (65% 
vs. 42.9%), but were less likely to receive stereotactic body radiotherapy (SBRT, 8% vs. 22.8%). RP patients 
also had lower lung volumes. Detailed baseline characteristics are summarized in Table 1.

Clinical predictors of RP

Univariate analysis identified low smoking score, higher PS (2), higher CCI, UIP pattern, advanced TNM 
stage (III–IV), received immunotherapy, concurrent chemoradiotherapy, IMRT technique, number of radi-
ation sessions (≥28), and lower lung volume as significant risk factors for RP (all p < 0.05; Supplementary 
Table 2). In multivariate analysis, higher PS (odds ratio [OR] = 1.74, 95% confidence interval [CI]: 1.03–2.95; 
p = 0.039), higher CCI (OR = 2.49, 95% CI: 0.10–7.69; p = 0.032), UIP pattern (OR = 6.11, 95% CI: 2.47–15.13; 
p < 0.001), receive immunotherapy (OR = 4.15, 95% CI: 2.42–7.12; p < 0.001), concurrent chemoradiother-
apy (OR = 3.13, 95% CI: 1.75–5.56; p < 0.001), number of radiation sessions ≥ 28 (OR = 2.13, 95% CI: 
1.21–3.75; p = 0.009), and lower lung volume (OR = 2.33, 95% CI: 1.38–3.92; p = 0.002) were identified as 
independent risk factors of RP in lung cancer patients with pre-existing ILD (Supplementary Table 2). A 
multivariable logistic regression model (basic clinical model) incorporating these factors demonstrated 
strong predictive performance for RP risk, with an area under the curve (AUC) of 0.86 (95% CI: 0.825–
0.895; Supplementary Figure 2).

Dosimetric predictors and development of the D score

Baseline dosimetric characteristics are summarized in Supplementary Table 3. Patients who developed RP 
exhibited significantly higher CTV, MLD, MHD, both lung V20 (BV20), and heart V30 (HV30). Due to strong 
correlations among these dosimetric parameters (Supplementary Figure  3A). Through LASSO regression, 
RF, and XGBoost (Figure 2A–E and Supplementary Figure  3B) we identified CTV-to-lung volume ratio (CV), 

Figure 1. D ata filtering and machine learning framework construction. ILD, interstitial lung disease; Lasso, least absolute 
shrinkage and selection operator; RF, random forest; XGBoost, Xtreme gradient boosting.
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Table 1.  Baseline demographic and clinical characteristics.

Variables
Non-RP

(N = 224)
RP

(N = 200) P value

Age 0.207
<65 94 (42%) 71 (35.5%)
≥65 130 (58%) 129 (64.5%)

Gender 0.109
Female 52 (23.2%) 33 (16.5%)
Male 172 (76.8%) 167 (83.5%)

Smoke score 0.001
High 132 (58.9%) 85 (42.5%)
Low 92 (41.1%) 115 (57.5%)

BMI group 0.519
Normal 112 (50%) 89 (44.5%)
Overweight 97 (43.3%) 97 (48.5%)
Underweight 15 (6.7%) 14 (7%)

ECGO PS <0.001
0–1 112 (50%) 61 (30.5%)
2 112 (50%) 139 (69.5%)

CCI 0.009
High 197 (87.9%) 191 (95.5%)
Low 27 (12.1%) 9 (4.5%)

Hypertension 0.117
None 177 (79%) 144 (72%)
Yes 47 (21%) 56 (28%)

T2DM <0.001
None 207 (92.4%) 125 (62.5%)
Yes 17 (7.6%) 75 (37.5%)

Arteriosclerosis 0.092
None 176 (78.6%) 142 (71%)
Yes 48 (21.4%) 58 (29%)

COPD 0.171
None 216 (96.4%) 186 (93%)
Yes 8 (3.6%) 14 (7%)

ILD score <0.001
Low 29 (12.9%) 0 (0%)
Moderate 110 (49.1%) 18 (9%)
Severe 85 (37.9%) 182 (91%)

ILD <0.001
Probable UIP pattern 193 (86.2%) 145 (72.5%)
Indeterminate and alternative diagnosis 21 (9.4%) 9 (4.5%)
UIP pattern 10 (4.5%) 46 (23%)

Stage <0.001
I–II 58 (25.9%) 25 (12.5%)
III–IV 166 (74.1%) 175 (87.5%)

T stage 0.007
T1–2 142 (63.4%) 100 (50%)
T3–4 82 (36.6%) 100 (50%)

N stage <0.001
N0 68 (30.4%) 26 (13%)
N1–3 156 (69.6%) 174 (87%)

M stage 0.169
M0 157 (70.1%) 153 (76.5%)
M1 67 (29.9%) 47 (23.5%)

Cancer location 0.738
Both lungs 5 (2.2%) 3 (1.5%)
Left lung 97 (43.3%) 82 (41%)
Right lung 122 (54.5%) 115 (57.5%)

Lung cancer subtypes 1.000
NSCLC 167 (74.6%) 149 (74.5%)
SCLC 57 (25.4%) 51 (25.5%)

Driver gene alterations 0.793
None
Yes

188 (83.9%) 165 (82.5%)
36 (16.1%) 35 (17.5%)

Surgical history 0.062
None 176 (78.6%) 172 (86%)
Yes 48 (21.4%) 28 (14%)

Receive immunotherapy <0.001
None 178 (79.5%) 88 (44%)
Yes 46 (20.5%) 112 (56%)

ChemoRTregimen 0.040
Concurrent 41 (18.3%) 89 (44.5%)
Sequential 169 (75.4%) 107 (53.5%)
Unknown 14 (6.2%) 4 (2%)

(Continued)
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MHD, BV20, and HV30 as key dosimetric predictors of RP (Figure 2F). Logistic regression coefficients were 
used to construct a composite dosimetric risk score (D score):

	 D score CV MHD V HV− = × + × + × + ×( ) ( ) ( ) ( )β β β β
1 2 3 4

20 30

The D score was standardized using Z score normalization (Figure 2G). Patients with RP had signifi-
cantly higher D scores than those without RP (Figure 2I). Receiver operating characteristic (ROC) analysis 
demonstrated robust predictive power (AUC = 0.758, 95% CI: 0.713–0.804; Figure 2H), supporting the 
utility of the D score for RP risk stratification.

Inflammatory predictors and development of the Inflamm score

Baseline hematological and inflammatory characteristics are shown in Supplementary Table 4. Patients with 
RP had significantly higher monocyte counts, MLR, total leukocyte count, and lower PNI compared with 
those without RP. Significant multicollinearity among these variables was noted (Supplementary Figure  3C). 
Through LASSO regression, RF, and XGBoost algorithms (Figure 3A–E and Supplementary Figure 3D), mono-
cyte count, MLR, leukocyte count, and PNI were consistently identified as key inflammatory predictors of 
RP (Figure 3F). A composite inflammatory score (Inflamm score) was constructed as follows:

	 Inflamm score monocytecount MLR leukocytecou− = × + × + ×( ) ( ) (β β β1 2 3 nnt PNI) ( )+ ×β4

The Inflamm score was standardized prior to analysis (Figure 3G). RP patients had significantly higher 
Inflamm scores (Figure 3I). ROC analysis showed strong discrimination (AUC = 0.910, 95% CI: 0.882–0.938; 
Figure 3H), indicating that the Inflamm score effectively stratifies RP risk.

Integrated prediction model for RP risk

To further improve predictive accuracy, clinical predictors, D score, and Inflamm score were integrated 
into a multivariable logistic regression model. Both the D score and Inflamm score remained indepen-
dent predictors after adjustment for significant clinical covariates (Table 2). Among clinical variables, 
T2DM (OR = 4.75, 95% CI: 2.21–10.78; p < 0.001), UIP pattern (OR = 5.49, 95% CI: 1.98–15.19; p = 0.001), 
receipt of immunotherapy (OR = 3.35, 95% CI: 1.76–6.35; p < 0.001), Concurrent chemoradiotherapy (OR 
= 2.27, 95% CI: 1.16–4.55; p = 0.017), and lower lung volume (OR = 2.41, 95% CI: 1.28–4.54; p = 0.007) 
were identified as independent predictors.

An integrated nomogram was constructed (Figure 4A) and demonstrated excellent discrimination abil-
ity (AUC = 0.929, 95% CI: 0.905–0.952; Figure 4B). DeLong’s test showed the integrated model significantly 
outperformed the basic clinical model (AUC increase: 0.069, p < 0.01), the D score (AUC increase: 0.171, 
p < 0.01), and showed a numerically higher, though not statistically significant performance compared to 
the Inflamm score (AUC increase: 0.019, p = 0.054; Table 3). Calibration curves indicated good agreement 

Variables
Non-RP

(N = 224)
RP

(N = 200) P value

Radiation technique <0.001
IMRT 161 (71.9%) 180 (90%)
SBRT 51 (22.8%) 16 (8%)
VMRT 12 (5.4%) 4 (2%)

Number of radiation sessions <0.001
<28 128 (57.1%) 70 (35%)
≥28 96 (42.9%) 130 (65%)

Lung volume <0.001
High 131 (58.5%) 81 (40.5%)
Low 93 (41.5%) 119 (59.5%)

CCI, Charlson comorbidity index; COPD, chronic obstructive pulmonary disease; ILD, interstitial lung disease; IMRT, intensity modulated radio-
therapy; NSCLC, non-small cell lung cancer; PS, performance status; SBRT, stereotactic body radiotherapy; SCLC, small cell lung cancer; T2DM, 
type 2 diabetes; UIP, usual interstitial pneumonia; VMRT, volumetric modulated radiation therapy.

Table 1.  Continued.

https://doi.org/10.1080/07853890.2026.2634444
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Figure 2.  Machine learning-based screening of dosimetric parameters closely associated with the occurrence of RP at 
any grade and establishment of a dosimetric score. (A) The optimal lambda value was determined via 10-fold 
cross-validation in LASSO regression to assess the importance of dosimetric variables. (B) Key dosimetric variables were 
ranked based on regression coefficients. (C) The OOB error rate of the RF algorithm indicated stabilization of the data-
set’s error rate. (D) Dosimetric variables were ranked by importance using the RF algorithm. (E) The XGBoost algorithm 
was employed to identify significant dosimetric variables. (F) Venn diagram illustrating the four key dosimetric param-
eters identified by LASSO, RF, and XGBoost algorithms. (G) Logistic regression coefficients derived from the selected 
dosimetric variables were used to construct the composite D score, which was standardized using Z scores. (H) ROC 
curve of the D score model (AUC = 0.758, 95% CI: 0.713–0.804). (I) Box plot demonstrating significantly lower D scores 
in the non-RP group compared to the RP group (p < 0.001), with p values calculated using the Wilcoxon rank-sum test. 
BV5, percentage of both lungs volume receiving ≥5 Gy; BV20, percentage of both lungs volume receiving ≥20 Gy; CTV, 
clinical target volume; CV, clinical target volume to lung volume ratio; LV20,percentage of left lung volume receiving 
≥20 Gy; MHD, mean heart dose; HV30, percentage of heart volume receiving ≥30 Gy; MLD, mean lung dose; Lasso, least 
absolute shrinkage and selection operator; LLD, left lung volume; OOB, out-of-bag; RF, random forest; RLD, right lung 
volume; RV5, percentage of right lung volume receiving ≥5 Gy; XGBoost, xtreme gradient boosting.
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Figure 3.  Machine learning-based screening of hematological parameters closely associated with the occurrence of RP 
at any grade and establishment of a hematological score. (A) The optimal lambda value was determined via 10-fold 
cross-validation in LASSO regression to assess the importance of hematological variables. (B) Key hematological variables 
were ranked based on regression coefficients. (C) The OOB error rate of the RF algorithm indicated stabilization of the 
dataset’s error rate. (D) Hematological variables were ranked by importance using the RF algorithm. (E) The XGBoost 
algorithm was employed to identify significant hematological variables. (F) Venn diagram illustrating the four key hema-
tological parameters identified by LASSO, RF, and XGBoost algorithms. (G) Logistic regression coefficients derived from 
the selected hematological variables were used to construct the composite D score, which was standardized using Z 
scores. (H) ROC curve of the D score model (AUC = 0.758, 95% CI: 0.713–0.804). (I) Box plot demonstrating significantly 
lower D scores in the non-RP group compared to the RP group (p < 0.001), with p values calculated using the Wilcoxon 
rank-sum test. AISI, aggregate index of systemic inflammation; Lasso, least absolute shrinkage and selection operator; 
MLR, monocyte to lymphocyte ratio; NLR, neutrophil to lymphocyte ratio; OOB, out-of-bag; RF, random forest; PLR, 
platelet to lymphocyte ratio; PNI, prognostic nutritional index; SII, systemic immune-inflammation index; WBC, white 
blood cell; XGBoost, xtreme gradient boosting.
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between predicted and observed RP risk (Figure 4C), and DCA showed greater net clinical benefit across 
a range of threshold probabilities (Figure 4D). Patients with RP had significantly higher nomogram-predicted 
score (Figure 4E). Subgroup analyses suggested superior performance of the integrated model in specific 
populations, such as patients younger than 65 years old and those with stage III–IV disease (Figure 4F–I).

Clinical application scenario

For clinical application, patients were dichotomized into high- and low-risk groups using the median 
(111) of the nomogram total points as the cut-off. Individuals with total points >111 were classified as 
high-risk and those with ≤111 as low-risk. Representative cases from each group (five per group) were 
reviewed to illustrate differences in clinical features, imaging findings, and outcomes (Figure 5; 
Supplementary Table 5). The high score group demonstrated more adverse clinical comorbidities, 
greater dosimetric exposure, and elevated systemic inflammation. All patients in the high-risk group 
developed RP during follow-up, with chest CT images revealing clear radiographic changes. In contrast, 
the low-risk group lacked such adverse factors; only rare cases of RP were observed and their CT find-
ings remained largely stable. These observations support the integrated nomogram as a practical tool 
for individualized risk stratification and early identification of lung-cancer patients with pre-existing ILD 
who are at highest risk for RP, facilitating tailored treatment planning and follow-up. Future external 
multi-center validation studies are required to recalibrate the threshold according to different applica-
tion scenarios, thereby obtaining clinical decision points that are better aligned with the practices of 
individual centers.

Table 2.  Univariate and multivariate logistic regression analysis of significant clinical variables and two models for  
predicting any-grade RP.

Variables

Univariate Multivariate

OR (95%CI) P value OR (95%CI) P value

Smoke score
High
Low 1.94 (1.32–2.86) <0.001 1.61 (0.87–2.97) 0.131

PS
0–1
2 2.28 (1.53–3.40) <0.001 1.65 (0.88–3.10) 0.121

CCI
High
Low 0.34 (0.16–0.75) 0.007 0.39 (0.12–1.24) 0.110

T2DM
None
Yes 7.31 (4.13–12.94) <0.001 4.75 (2.21–10.18) <0.001

ILD
Probable UIP pattern
Indeterminate and alternative 

diagnosis
0.57 (0.25–1.28) 0.174 0.51 (0.16–1.62) 0.251

UIP pattern 6.12 (2.99–12.54) <0.001 5.49 (1.98–15.19) 0.001
Receive immunotherapy

None
Yes 4.92 (3.21–7.55) <0.001 3.35 (1.76–6.35) <0.001

ChemoRTregimen
Sequential
Concurrent 3.45 (2.22–5.26) <0.001 2.27 (1.16–4.55) 0.017
Unknown 7.69 (2.38–25.00) <0.001 1.85 (0.35–10.00) 0.466

Number of radiation sessions
<28
≥28 2.48 (1.67–3.67) <0.001 1.59 (0.82–3.09) 0.170

Lung volume
High
Low 2.07 (1.40–3.05) <0.001 2.41 (1.28–4.54) 0.007

D score
High
Low 0.18 (0.12–0.27) <0.001 0.26 (0.14–0.50) <0.001

Inflamm score
High
Low 0.03 (0.01–0.06) <0.001 0.04 (0.02–0.09) <0.001

CCI, Charlson comorbidity Index; ILD, interstitial lung disease; PS, performance status; RT, radiation therapy; T2DM, type 2 diabetes; UIP, usual 
interstitial pneumonia.

https://doi.org/10.1080/07853890.2026.2634444
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Figure 4. D evelopment and evaluation of nomogram predictive model and assessment of the independent predictive 
performance of D score and Inflamm score. (A) Nomogram incorporating seven independent predictors to estimate the 
risk score for RP at any grade, providing individualized scores and stratifying patients into two prognostic groups.  
(B) ROC curve and (C) calibration curve of the nomogram model, with Hosmer–Lemeshow test results indicating good 
model fit (P  >  0.05). (D) Decision curve analysis of different models, demonstrating superior net benefit of the nomo-
gram model across various threshold probabilities. (E) Box plot showing significantly lower nomogram scores in the 
non-RP group compared to the RP group (P  <  0.001). (F)–(I) Decision curve analyses for different subgroups: (F) Young 
(<65) and old (≥65) groups, (G) Stage I–II and III–IV groups, (H) Male and female groups, and (I) NSCLC and SCLC 
groups. ILD, interstitial lung disease; NSCLC, non-small cell lung cancer; ROC, receiver operating characteristic curve; 
SCLC, small cell lung cancer; T2DM, type 2 diabetes; UIP, usual interstitial pneumonia.
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Discussion

In this retrospective cohort of lung cancer patients with ILD undergoing thoracic radiotherapy, we devel-
oped a multivariable nomogram that integrates clinical characteristics, dosimetric metrics, and systemic 
inflammatory markers to estimate individual risk of RP. The nomogram demonstrated strong discrimina-
tion ability (AUC = 0.929) and outperformed single‑domain comparators, including a dosimetry‑only 
model (D score; AUC = 0.758) and an inflammation‑only model (Inflamm score; AUC = 0.910). Notably, 
the Inflamm‑score approached the performance of the full model and exceeded the D score, suggesting 
that, in patients with ILD, baseline systemic inflammation may carry more predicting information for RP 
than dose distribution alone. These findings support an integrated risk‑assessment strategy that  
complements—rather than replaces—traditional dosimetric thresholds and may aid individualized treat-
ment planning and surveillance.

Our findings suggest that the incidence of RP correlates with ILD severity, immunotherapy treatment, 
the specific radiochemotherapy regimen, coexisting T2DM, and reduced lung volume. Consistent with 
previous studies, ILD severity has been identified as a major risk factor for RP in this population [24,25]. 
The classification and severity of ILD are strongly associated with acute exacerbations, likely reflecting 
progressive parenchymal destruction during radiotherapy [26]. Immunotherapy was also confirmed as an 
independent risk factor for RP [27], possibly due to increased pulmonary radiosensitivity induced by 
immune checkpoint inhibitors [28]. Additionally, our study is the first to establish T2DM as an indepen-
dent risk factor for RP in lung cancer patients with ILD, in line with prior findings in the general lung 

Table 3. D eLong’s test for the four models.
Model AUC 95% CI P (vs Predict Prob) P (vs Nomogram)

Basic clinical model 0.860 0.825–0.895 – <0.001
Inflamm score 0.910 0.882–0.938 0.0204 0.168
D score 0.758 0.713–0.804 <0.001 <0.001
Nomogram 0.929 0.905–0.952 <0.001 –

AUC, area under the curve; CI, confidence interval.

Figure 5.  The clinical application scenario of the nomogram. (A) The nomogram-predicted score information for patients. 
(B) CT lung window images of representative patients with low nomogram-predicted score. (C) CT lung window images 
of representative patients with high nomogram-predicted score. CT, computed tomography.
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cancer population [29,30]. This is likely because chronic hyperglycemia leads to increased secretion of 
inflammatory cytokines like IL-6 and higher production of reactive oxygen species by neutrophils [31,32], 
thereby augmenting the inflammatory response to radiation in diabetic patients [11]. Furthermore, our 
results corroborate previous reports that reduced lung volume is associated with higher RP risk [33]. 
Interestingly, we observed a higher risk of RP with concurrent chemoradiotherapy compared to sequen-
tial regimens, in contrast to some prior studies [34]. This discrepancy may be explained by differences in 
patient populations, as our cohort primarily consisted of patients with pre-existing ILD, who may be 
more susceptible to chemotherapy-induced toxicity [35].

While previous studies emphasized dosimetric predictors like MLD and Vx values [36–39], our findings 
challenge applying conventional dosimetric thresholds (e.g. V20 ≤ 30%, MLD ≤ 20 Gy) [35] to patients with 
ILD. A high RP incidence (47.2%) in our cohort, despite most meeting these criteria, underscores the 
inadequacy of dosimetric parameters alone. Although our dosimetric D score predicted RP, it was out-
performed by the inflammatory score and the integrated nomogram. This aligns with recent findings that 
dosimetric factors are less predictive in patients with underlying lung disease [40].

The underlying mechanisms driving the heightened radiotoxicity in ILD patients remain poorly eluci-
dated. These findings collectively suggest that the inflammatory response plays a pivotal role in the 
pathogenesis of RP. Further supporting these pathways, dysregulation of the TGF-β axis—particularly 
reduced TGFBR3—has been linked to pro-inflammatory and pro-fibrotic signaling in lung tissue, a biol-
ogy that may heighten susceptibility to RP after thoracic irradiation [41]. In parallel, oxidative-stress–
driven apoptosis and angiogenic signaling in lung-cancer models provide a mechanistic basis by which 
RT-induced ROS could synergize with baseline ILD-related inflammation to exacerbate alveolo-capillary 
injury [42]. These data are consistent with the superior predictive performance of the inflammation-based 
score observed in our cohort. Emerging evidence suggests that immune dysregulation, rather than clas-
sic local inflammation, may play a central role [43]. Corroborating this, our study demonstrates that 
hematological and inflammatory markers may be more critical predictors of RP development. This implies 
that the pathogenesis of RP in the ILD population may diverge from the traditional model, being more 
intricately linked to biological mechanisms like immune dysregulation and local inflammation. In ILD 
patients undergoing radiotherapy, radiation may not only inflict alveolar damage but also trigger aber-
rant immune responses, thus exacerbating RP development [44]. Our study uniquely identifies a high 
monocyte count as being closely associated with RP incidence. This may be related to increased C–C 
motif chemokine ligand 2 (CCL2) expression in the lungs of ILD patients [45], which is further induced 
by pulmonary radiation [46], leading to the massive recruitment of inflammatory monocytes that wors-
ens lung injury [47], further underscoring the pivotal role of inflammatory activation in this cohort. 
Furthermore, consistent with the findings of Gao Y et  al. our study confirmed a significant association 
between MLR and the development of RP [15]. More importantly, we are the first to identify a close 
correlation between PNI and RP. A plausible mechanistic link between PNI and RP can be framed along 
intertwined inflammatory and immune-competence pathways. Albumin, a negative acute-phase reactant, 
tracks systemic inflammation and nutritional reserve; lower albumin levels align with a pro-inflammatory 
state that facilitates the canonical cytokine network implicated in radiation-induced lung injury— 
particularly IL-1, IL-6, TNF-α, and TGF-β, which promote alveolar–capillary damage and fibro-proliferation 
[48]. Lymphocytes orchestrate early post-irradiation immune responses; radiation-induced lymphopenia 
perturbs T-cell–macrophage crosstalk and delays resolution of lung injury, a determinant of pneumonitis 
risk and outcomes after thoracic radiotherapy [49]. Taken together, these findings suggest that systemic 
inflammation—beyond localized cytokine production alone [50]—is central to RP in patients with ILD, 
underscoring the need for tailored risk‑assessment strategies in this population.

To our knowledge, this is among the first large‑sample studies to systematically compare clinical, 
dosimetric, and haematological predictors in ILD patients undergoing thoracic radiotherapy. Using mul-
tiple ML algorithms, we developed an integrated nomogram that showed excellent performance in 
predicting the risk of RP in this vulnerable population. This practical, user‑friendly tool leverages rou-
tine pretreatment data to support individualized decision‑making—optimizing treatment plans (e.g. 
minimizing the D score) and intensifying monitoring for patients with elevated inflammatory risk (high 
Inflamm‑score).
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Several limitations warrant consideration. First, the retrospective, single‑centre design may introduce 
selection bias and limit generalizability. Second, despite rigorous machine‑learning–based feature selec-
tion and cross-validation, external validation in independent, multicentre cohorts remains necessary to 
confirm robustness and transportability. Third, due to incomplete medical records, antifibrotic therapy 
was not included in the analysis in this study. However, recent studies suggest that antifibrotic drugs 
may mitigate radiation-induced lung injury [51]. Future prospective cohorts should standardize the doc-
umentation of antifibrotic drug exposure to verify its potential impact on the risk of radiation pneumo-
nitis in high-risk UIP populations. Finally, although multi‑omics approaches—including radiomics and 
genomics—have shown promise for predicting RP [52–54], such data were not included here. In future 
work, we will undertake multicentre external validation by aggregating clinical, dosimetric, and haema-
tological data across institutions to evaluate the D score, Inflamm‑score, and the final nomogram; inte-
grate multi‑omics by incorporating radiomics with Image Biomarker Standardization Initiative‑compliant 
feature extraction, stability‑driven feature selection, and ComBat harmonization [55], and by summarizing 
transcriptomic data as pathway activity scores; reassess model performance using nested, site‑stratified 
cross‑validation with calibration, clinical utility analysis, and SHapley Additive exPlanations (SHAP)‑based 
interpretability [56,57] to support prospective deployment.

Conclusions

In summary, we developed an integrated predictive model combining clinical, dosimetric, and inflamma-
tory parameters for individualized risk assessment of RP in lung cancer patients with pre-existing ILD 
undergoing radiotherapy. The proposed D score and Inflamm score, together with the constructed nomo-
gram, provide practical tools for stratifying patients according to their risk and guiding personalized 
management strategies. These findings may facilitate more precise and proactive clinical decision-making 
for high-risk populations. Future multicenter prospective studies are needed to further validate these 
models and assess their impact in real-world clinical practice.
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