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Background: Severe radiation pneumonitis (RP), one of adverse events in patients with lung cancer 
receiving thoracic radiotherapy, is more likely to lead to more mortality and poor quality of life, which could 
be predicted by clinical information and treatment scheme. In this study, we aimed to explore the clinical 
predict model for severe RP.
Methods: We collected information on lung cancer patients who received radiotherapy from August 2020 
to August 2022. Clinical features were obtained from 690 patients, including baseline and treatment data as 
well as radiation dose measurement parameters, including lung volume exceeding 5 Gy (V5), lung volume 
exceeding 20 Gy (V20), lung volume exceeding 30 Gy (V30), mean lung dose (MLD), etc. Among them, 621 
patients were in the training cohort, and 69 patients were in the test cohort. Three models were built using 
different screening methods, including multivariate logistics regression (MLR), backward stepwise regression 
(BSR), and random forest regression (RFR), to evaluate their predictive power. Overoptimism in the training 
cohorts was evaluated by four validation methods, including hold-out, 10-fold, leave-one-out, and bootstrap 
methods, and test cohort was used to evaluate the predictive performance of the model. Model calibration, 
decision curve analysis (DCA), and evaluation of the nomograms for the three models were completed.
Results: Severe RP was up to 9.4%. The results of multivariate analysis of logistics regression in all patients 
showed that patients with subclinical (untreated and asymptomatic) interstitial lung disease (ILD) could 
increase the risk of severe RP, and patients with a better lung diffusion function and received standardized 
steroids treatment could decrease the risk of severe RP. The three models built by MLR, BSR, and RFR 
all had good accuracy (>0.850) and moderate κ value (>0.4), and the model 2 built by BSR had the highest 
area under the receiver operating characteristic (ROC) curve (AUC) in three models, which was 0.958 [95% 
confidence interval (CI): 0.932–0.985]. The calibration curve showed good agreement between the predicted 
and actual values, and the DCA showed a positive net benefit for the model 2 which drew the nomogram. 
The model 2 included subclinical ILD, diffusing capacity of the lung for carbon monoxide (DLCO), 
ipsilateral lung V20, and standardized steroid treatment, which could affect the incidence of severe RP.
Conclusions: Subclinical ILD, DLCO, ipsilateral lung V20, and with or not standardized steroid 
treatment could affect the incidence of severe RP. Strict lung dose limitation and standardized steroid 
treatment could contribute to a decrease in severe RP.
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Introduction

Background

Acute radiation pneumonitis (RP) is one of the most 
common adverse events observed when thoracic tumors 
are treated with radiotherapy. Multi-institutional clinical 
data indicate a 5–37% rate of symptomatic RP in patients 
with lung cancer (1,2). Different degrees of RP result in 
significant disparities in characteristics and prognosis. 
The Common Terminology Criteria for Adverse Events 
(CTCAE) 5.0 classifies RP into five grades according 
to clinical characteristics and imaging (3). Severe RP 
including grade 3 or higher RP can significantly impact 
patient survival and manifest as severe dyspnea, hypoxia, 
cough, and coinfection. Retrospective studies conducted 
in Japan and China both found a 21% mortality rate in 

patients with lung cancer and steroids therapy for RP, with 
the majority of deaths resulting from respiratory failure 
from the entirety of the lung tissue being affected (4,5). 
Although glucocorticoids have been used as a symptomatic 
treatment for RP and shown to provide relief, with research 
indicating 93% of RP patients obtain symptomatic relief 
and 71% achieve remission after steroid therapy (4), there 
is no optimal drug regimen for treating RP (6). Therefore, 
effectively reducing the occurrence of severe RP and 
providing standardized treatment to decrease mortality in 
patients with RP remains an urgent clinical need.

Literature review

The application of emerging radiation technologies 
such as image-guided radiation therapy (IGRT) and 
four-dimensional (4D) computed tomography (CT) has 
significantly improved the accuracy of radiotherapy. In 
recent years, many studies have been carried out examining 
dosiomics, radiomics, and clinical characteristics to identify 
the factors affecting the occurrence of RP, with the aim 
of developing a more effective predictive model (7-9). It 
has been consistently demonstrated that age, history of 
radiotherapy, and radiotherapy parameters are especially 
significant factors associated with the development of 
RP (10,11). Moreover, the occurrence of grade 2 RP has 
been correlated with lung volume exceeding 30 Gy (V30) 
>20% (12). Furthermore, many types of drugs, including 
azithromycin, thymalfasin, and Chinese medicine, have 
been used in the treatment of RP in order to achieve a 
better therapeutic effect (13-15).

Study objective

Shanghai Pulmonary Hospital conducted a retrospective 
study in which we collected the clinical information 
of patients with lung cancer who underwent thoracic 
radiotherapy from August 2020 to August 2022, with or 
without other therapies. Multi-aspects of clinical data were 
collected to analyze to occurrence and influencing factors 
of grade 3 or high RP. The study objective is to uncover 
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Key findings
•	 Severe radiation pneumonitis (RP) was up to 9.4%. The 

standardized steroids could contribute to a decline the incidence 
of severe RP (14.8% vs. 34.8%). Subclinical interstitial lung 
disease (ILD), diffusing capacity of the lung for carbon monoxide, 
ipsilateral lung volume exceeding 20 Gy (V20), and standardized 
steroids could affect the incidence of severe RP.

What is known, and what is new?
•	 The rate of symptomatic RP in patients with lung cancer receiving 

radiotherapy is 5–37%. Different degrees of RP can lead to varying 
results in RP prognosis. Effectively reducing the occurrence of 
severe RP through providing standardized treatment is an urgent 
clinical need.

•	 We collected and analyzed the data related to RP patients who 
received radiotherapy. On the basis of screening methods, we 
identified the best clinical prognostic model via a variety of 
methods to improve the treatment of patients and inform clinical 
recommendations.

What is the implication, and what should change now?
•	 Patients with subclinical ILD and ipsilateral lung V20 >40% of 

radiotherapy could increase the risk of grade 3 or higher RP, and 
with a better lung diffusion function and standardized steroids 
treatment for RP could decrease the risk of grade 3 or higher RP.

Keywords: Radiation pneumonitis (RP); lung cancer; clinical model; predictors

Submitted Apr 12, 2024. Accepted for publication May 21, 2024. Published online May 29, 2024.

doi: 10.21037/tlcr-24-328

View this article at: https://dx.doi.org/10.21037/tlcr-24-328



Translational Lung Cancer Research, Vol 13, No 5 May 2024 1071

© Translational Lung Cancer Research. All rights reserved.   Transl Lung Cancer Res 2024;13(5):1069-1083 | https://dx.doi.org/10.21037/tlcr-24-328

the best clinical predict model for severe RP. We present 
this article in accordance with the TRIPOD reporting 
checklist (available at https://tlcr.amegroups.com/article/
view/10.21037/tlcr-24-328/rc).

Methods

We retrospectively reviewed the medical charts of lung cancer 
patients with radiotherapy (total dose >50 Gy and single dose 
2 Gy) between August 2020 and August 2022. Screening 
for the presence of RP was performed by the CTCAE 5.0 
and the Chinese consensus of RP (16). The grade of RP 
was evaluated by professional radiologists and respiratory 
physicians. We reviewed the radiotherapy treatment plans 
of patients with irradiation and the treatment methods of 
RP patients. We defined the steroids of RP mentioned in 
the Chinese consensus of RP as the standardized steroids 
of RP. Patients with metastatic lung cancer, incomplete 
radiotherapy, acute lung bacterial infection, drugs-related 
pneumonitis, active phase of pulmonary tuberculosis and 
therapy with long-term steroids or anti-inflammatory drugs 
were excluded. The study was conducted in accordance with 
the Declaration of Helsinki (as revised in 2013). The study 
was approved by the ethics board of Shanghai Pulmonary 
Hospital (No. L22-357), which was built by the clinical trial 
“The value of azithromycin combined Jinshuibao tablets in 
the treatment of radiation pneumonitis in patients with lung 
cancer: a prospective, randomized controlled exploratory 
clinical study” (ChiCTR2300073183), and informed 
consent was taken from all the patients.

Radiotherapy courses were delivered using three-
dimensional (3D) conformal,  intensity-modulated 
radiotherapy (IMRT), or volumetric arc therapy (VMAT) 
techniques. Each patient was immobilized in the supine 
position with a vacuum cushion. CT scans at intervals of 
2.5–5.0 mm were performed for radiation planning, and a 
4D-CT scan of the whole lung was performed to measure 
respiratory movement. Based on fluorodeoxyglucose 
positron emission tomography (FDG-PET) and the 
diagnostic CT images, gross tumor volume (GTV) was 
carefully contoured on the planning CT images. The 
National Comprehensive Cancer Network (NCCN) 
guidelines suggest the clinical target volume (CTV) was 
expanded from the internal GTV, and no prophylactic 
lymph node area was added. A planning target volume 
(PTV) margin of  5  mm was added for  setup and 
interfractional uncertainty. Our study’s limited PTV margin 
was expanded by <10 mm from GTV without CTV for 

part of patients with advanced age, poor lung function, 
subclinical interstitial lung disease (ILD), and a history of 
pulmonary toxic drugs such as taxane and gemcitabine. 
IGRT was applied to real-time monitoring to abate set-up 
errors. The treatment dose was prescribed to cover 95% of 
the PTV. The mean lung dose (MLD), the percentage of 
total lung volume exceeding 20 Gy (V20) and 5 Gy (V5), 
and the dose constraints for normal tissue (spinal cord, 
esophagus, and heart) were limited appropriately according 
to the NCCN guidelines (17).

The standardized steroids application referred to the 
Chinese expert consensus on the diagnosis and treatment of 
RP (16). The standardized steroid therapy was administered 
for those with grade 2 RP with obvious symptoms and 
included oral prednisone at a dose of 0.5–1 mg/kg/d. If 
the illness improved or stabilized after 2–4 weeks, patients 
were permitted to steadily reduce the dose by 5–10 mg 
every week or every 2 weeks for 4–12 weeks. Grade 3 
or higher RP was treated with intravenous injection of 
dexamethasone or methylprednisolone (the equivalent 
dose of methylprednisolone was 1–4 mg/kg/d). The 
dose could be decreased after the symptoms improved or 
stabilized (usually in 1–2 weeks). The recommendation is to 
subtract one-third to one-quarter of the original dose every  
3 days until the minimum dose is reached. With the illness 
stable or improved to grade 2 or lower, switching from 
intravenous to oral for glucocorticoids was implemented, 
and the oral dose was gradually reduced.

The details regarding the diagnosis for RP refer to the 
Chinese consensus of RP (16). The incidence and grading 
of RP were assessed, and standardized use of glucocorticoid 
and symptomatic treatments was administered to patients 
according to their respective grades.

Model construction

The clinical model screening was completed using three 
methods: multivariate logistics regression (MLR), backward 
stepwise regression (BSR), and random forest regression 
(RFR). The MLR model was used to investigate the 
impact of several independent variables (X1, X2, …, Xk) 
on a single dependent variable (Y). BSR is an extension of 
linear regression models based on the Pearson correlation 
coefficient. The multiple regression model was as follows (18):

Y β0 β1X1 β2X2 ... βkXk ε= + + + + + 	 [1]

where Y is the dependent variable; X1, X2, …, Xk are 
independent variables; β1, β2, …, βk are parameters; and ε 

https://tlcr.amegroups.com/article/view/10.21037/tlcr-24-328/rc
https://tlcr.amegroups.com/article/view/10.21037/tlcr-24-328/rc
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is the random component (the rest of the model).
The essential value of MLR model is based on the 

scientific information contained in the known equation. 
The applied stepwise regression was built to screen a 
minimum set of independent variables when the adjusted 
determination coefficient was maximum and the mean 
squared deviation was minimum in model. The detailed 
steps included building a model that contained all potential 
dependent variables, removing some variables one by 
one, screening the final variables to construct model with 
the highest determination coefficient (19). The RFR 
algorithm is an integrated supervised learning model that 
is implemented by random sampling of many independent 
decision trees and subsequently reports the total response 
of all decision trees. In our study, the model was built using 
the “RandomForest” package in R version 3.4.2 (The R 
Foundation for Statistical Computing, Vienna, Austria). 
Some of the key parameters controlling the performance 
of the model are the number of trees, the number of input 
variables, and the node size. The RFR model was further 
improved by optimizing these parameters (20).

Model validation

We estimated the over-optimism power in model 
development by dint of four validation methods, including 
the hold-out, 10-fold, leave-one-out, and bootstrap 
methods. Hold-out validation means the training set and 
validation set are filtrated after simple randomization of the 
total data to analyze the accuracy of the model. We used the 
10-fold version of K-fold cross-validation for our cohorts. 
K-fold cross validation randomly partitions the dataset into 
K folders. Each fold has virtually the same number of class 
distributions. One of the folds was used for validation, while 
the remaining (K − 1) folds were used for training. This 
process was repeated 10 times until each fold was used only 
once as a validation set. Finally, the average results of 10 
experiments were calculated (21). In leave-one-out cross-
validation, one sample is left out of the test set each time, 
and the remaining samples are used as the training set. In 
bootstrap validation, a set of data is randomly resampled 
(with substitution; For example, when an item is sampled, 
it is immediately replaced) multiple times (up to 10,000 
times or more), and statistical conclusions are drawn from 
this data collection (22). In our study, for each of the  
1,000 predefined bootstraps, we fitted the logistic regression 
model coefficients on each bootstrap, and then computed 
its accuracy and κ value using the original non-bootstrapped 

development cohort. Accuracy and κ value were evaluated 
in all methods. As external validation, we evaluated the 
aforementioned models using the extra data of 70 patients. 
The processing of these data followed exactly the same 
procedure as that for the model development cohort, and 
none were used in any way during model construction.

The well-established calibration curve technique was 
used to assess the model’s goodness of fit. To facilitate 
clinical use and support fully independent validation of our 
model, a simple nomogram was generated for the three 
models. Finally, we evaluated the potential clinical utility of 
our model using decision curve analysis (DCA) (23).

Statistical analyses

The clinical characteristics of the continuous variables were 
expressed as mean ± standard deviation. Univariate ranking 
of clinical predictors was performed by Pearson chi-square 
test and Fisher exact test for categorical variables and logistic 
regression for continuous variables. Bilateral hypothesis test 
was used, and confidence level P=0.05 for the significance 
of clinical factors. The significant characteristics were then 
input into multivariate logistic regression. Feature selection, 
model construction, model performance evaluation, and 
DCA are all done in R 4.2.1. The Hosmer-Lemeshow test 
was used to assess adequate model calibration in both the 
training and validation data sets.

Results

Between August 2020 to August 2022, a total of 968 
patients with lung cancer received thoracic radiotherapy. 
We collected basic clinical information and tracked the 
occurrence of RP over a 12-month follow-up period. 
Among those initially screened, 35 patients were excluded 
due to a lack of related information on RP, 115 patients 
were excluded and they did not reach the prescribed 
radiation dose planned by the doctor because of adverse 
events such as bone marrow suppression, coronavirus 
disease 2019 (COVID-19) epidemic situation, refusal to 
continue treatment, deterioration of disease. And 128 
were excluded due to missing basic clinical or follow-up 
data. Finally, 690 patients were included in the study. The 
enrollment situation is showed in Figure 1. RP of different 
grades occurred in 453 patients (65.7%). The incidence of 
grade 2 RP was 28.7%, and the incidence of severe RP was 
9.4%. The median time to the onset of RP was 113.0 days. 
Patients with grade 2 or above symptoms RP were treated 
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with steroids in which there were 109 patients treated in 
our hospital and 87 patients treated in other hospitals. The 
results showed that whether steroid is standardized or not 
could affect the occurrence of severe RP. The probability 
of severe RP in the standardized steroids group was 14.8% 
(9/61), and the probability of severe RP was 34.8% (46/132) 
in the non-standardized steroids group (P=0.004). The 
results suggest that standardized steroids may contribute 
to reducing the incidence of severe RP. There were five 
patients who developed pneumocystis carinii pneumonia 
(PCP) and 6 patients who developed other fungal infections 
in all patients received long-term and high-dose steroids. 
The clinical characteristics of enrolled patients are listed in 
Table 1.

Univariate and multivariate analyses of severe RP in 
enrolled patients are shown in Table 2. Univariate analysis 
showed that subclinical ILD, diffusing capacity of the lung 
for carbon monoxide (DLCO), surgery, lymphocyte count 
before radiotherapy, lymphocyte count after radiotherapy, 
whole lung volume, ipsilateral lung V30, and with or not 
standardized steroids were statistically significant (P<0.05) 
with the correlation of grade 3 or higher RP. The results of 
multivariate analysis showed that subclinical ILD, DLCO, 
and with or not standardized steroids were associated 
with the occurrence of severe RP. Therein, patients with 
subclinical ILD were more likely to develop grade 3 and 
higher RP. Patients with DLCO >87% were treated by 
clinicians with standardized steroids, which had a lower risk 
of grade 3 and a higher RP.

To further explore the clinical prognostic factor of 
severe RP, we built a clinical model by dividing all the 
enrolled patients into a training set (621 patients) and a 
test set (69 patients). We constructed models using three 
screening methods and evaluated the models via external 
and internal validation in the training set. The test was 
also used to evaluate models via external validation. The 
overall model-building process is shown in Figure S1. The 
proportion of patients with severe RP in the training cohort 
and the testing cohort was 9.2% and 11.6%, respectively. 
The results of the univariate and multivariate analyses of 
the training set are listed in Table S1. Based on logistics 
regression results, three screening methods, including 
MLR, BSR, and RFR, were adopted to construct the model. 
The three models were as follows:

Model 1: subclinical ILD + DLCO >87% + standardized 
steroids;

Model 2: subclinical ILD + DLCO >87% + ipsilateral 
lung V20 >40% + standardized steroids;

Model 3: age + Eastern Cooperative Oncology Group 
(ECOG) performance status (PS) score of 2 + DLCO >87% 
+ standardized steroids.

Model 1 from MLR was significantly associated with the 
occurrence of severe RP. Model 2 from BSR was screened 
according to the Akaike information criterion (AIC), which 
is a measure of the goodness of fit of a statistical model, 
with the lowest AIC value considered to have the best fit. 
In our study, the AIC value of model 2 was 80.23. Model 
3 from RFR was screened according to the importance of 

Lung cancer patients received thoracic radiotherapy from 2020.8 to 2022.8 

(N=968)

Excluded: Patients lacking radiation 

and clinical information, and loss to 

follow-up (N=278)

Eligible patients

(N=690)

Radiation pneumonitis (N=453)

•	Grade 1 RP (N=190)

•	Grade 2 RP (N=198)

•	Grade 3 RP (N=62)

•	Grade 4 or 5 RP (N=3)

Figure 1 Flowchart of study enrollment. RP, radiation pneumonitis.
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Table 1 Clinical characteristics of all patients

Variables Enrolled patients (n=690)

Age (years), median (IQR) 64.0 (32.0–84.0)

Age (years), n (%)

<70 529 (76.7)

≥70 161 (23.3)

Gender, n (%)

Female 131 (19.0)

Male 559 (81.0)

Smoker, n (%)

Yes 390 (56.5)

No 300 (43.5)

ECOG PS, n (%)

0 116 (16.8)

1 525 (76.1)

2 49 (7.1)

Lung disease, n (%)

None 451 (65.4)

Subclinical ILD 28 (4.1)

COPD 38 (5.5)

Emphysema 173 (25.1)

Pathology, n (%)

NSCLC 543 (78.7)

SCLC 145 (21.0)

Mixed 2 (0.3)

Stage, n (%)

Stage I–III NSCLC 430 (62.3)

Stage IV NSCLC 132 (19.1)

LS-SCLC 81 (11.7)

ES-SCLC 47 (6.8)

FEV1 (%), mean ± SD 81.6±0.90

DLCO (%), mean ± SD 89.6±1.17

Lymphocyte counts before radiotherapy (×109/L), n (%)

<1.60 362 (52.5)

≥1.60 328 (47.5)

Therapeutic scheme, n (%)

CCRT 87 (12.6)

Table 1 (continued)

Table 1 (continued)

Variables Enrolled patients (n=690)

SCRT 518 (75.1)

Radiotherapy alone 61 (8.8)

Radiotherapy and others 24 (3.5)

Surgery, n (%)

Yes 155 (22.5)

No 535 (77.5)

Immunotherapy, n (%)

Yes 162 (23.5)

No 528 (76.5)

Targeted therapy, n (%)

Yes 20 (2.9)

No 670 (97.1)

Chemotherapy regimen, n (%)

Gemcitabine 76 (11.0)

Paclitaxel 231 (33.5)

Others 317 (45.9)

None 66 (9.6)

Steroids treatment, n (%)

Standardized 61 (8.8)

Non-standardized 132 (19.1)

No steroids 497 (72.0)

Limited PTV margin, n (%)

Yes 255 (37.0)

No 354 (51.3)

UK 81 (11.7)

Radiotherapy dose, n (%)

<54 Gy 191 (27.7)

≥54 and <60 Gy 283 (41.0)

≥60 Gy 216 (31.3)

IQR, interquartile range; ECOG, Eastern Cooperative Oncology 
Group; PS, performance status; ILD, interstitial lung disease; 
COPD, chronic obstructive pulmonary disease; NSCLC, non-
small cell lung cancer; LS-SCLC, limited stage small cell lung 
cancer; ES-SCLC, extensive stage small cell lung cancer; FEV1, 
forced expiratory volume in 1 second; SD, standard deviation; 
DLCO, diffusing capacity of the lung for carbon monoxide; 
CCRT, concurrent chemoradiation therapy; SCRT, sequential 
chemoradiation therapy; PTV, planning target volume; UK, 
unknown.
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Table 2 Univariate and multivariate analysis of the correlation between independent variables and grade 3 or higher RP in all populations

Variables
Univariable analysis Multivariable analysis

OR 95% CI P value OR 95% CI P value

Age >70 years 1.525 0.856–2.635 0.14

Age 1.031 0.999–1.066 0.06

Gender 0.839 0.461–1.621 0.58

Smoker 0.667 0.398–1.113 0.12

ECOG PS

0 0.571 0.232–1.206 0.18

1 1.053 0.588–1.990 0.87

2 1.995 0.834–4.259 0.09

Lung disease

Subclinical ILD 3.471 1.321–8.156 0.007 25.938 1.754–700.714 0.02

COPD 0.816 0.193–2.351 0.74

Emphysema 1.239 0.697–2.132 0.45

Surgery 0.456 0.197–0.926 0.044 0.251 0.030–1.357 0.14

Pathology

NSCLC 1.092 0.594–2.146 0.79

SCLC 0.934 0.475–1.716 0.83

Stage

Stage I–III NSCLC 0.898 0.535–1.528 0.69

Stage IV NSCLC 1.179 0.610–2.147 0.60

LS-SCLC 1.234 0.551–2.487 0.58

ES-SCLC 0.639 0.152–1.818 0.46

Treatment

CCRT 0.428 0.128–1.074 0.11

SCRT 1.365 0.745–2.675 0.34

Radiotherapy alone 1.515 0.640–3.181 0.30

Radiotherapy and others 0.409 0.023–1.991 0.39

Chemotherapy 0.624 0.306–1.410 0.22

Chemotherapy regimen

Gemcitabine 1.078 0.460–2.231 0.85

Paclitaxel 1.098 0.634–1.858 0.73

Table 2 (continued)
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Table 2 (continued)

Variables
Univariable analysis Multivariable analysis

OR 95% CI P value OR 95% CI P value

Immunotherapy 1.071 0.575–1.901 0.82

Targeted therapy 0.498 0.028–2.463 0.50

Lymphocyte before >1.60×109/L 0.575 0.333–0.969 0.041 0.385 0.107–1.259 0.13

Lymphocyte after >0.84×109/L 0.523 0.298–0.892 0.02 0.957 0.278–3.336 0.94

Standardized steroids 0.026 0.011–0.051 <0.001 0.004 0.000–0.024 <0.001

Radiotherapy dose >60 Gy 0.758 0.414–1.326 0.35

FEV1 >81.5% 0.587 0.323–1.046 0.07

DLCO >87% 0.361 0.170–0.729 0.006 0.220 0.064–0.680 0.01

Limited PTV margin 0.690 0.380–1.215 0.21

Whole lung volume >2,500 cm3 0.417 0.242–0.737 0.002 0.573 0.159–2.002 0.38

Total lung V5 >35% 1.500 0.871–2.676 0.16

Total lung V20 >23% 1.539 1.910–2.578 0.10

Total lung V30 >16% 1.117 0.659–1.869 0.68

Total lung MLD >13 Gy 1.467 0.740–2.727 0.25

Contralateral lung V5 >26% 1.263 0.704–2.190 0.42

Contralateral lung V20 >4% 1.078 0.645–1.780 0.77

Contralateral lung V30 >2% 1.423 0.677–1.910 0.61

Contralateral lung MLD >2 Gy 1.293 0.631–3.011 0.51

Ipsilateral lung V5 >62% 1.393 0.827–2.328 0.21

Ipsilateral lung V20 >40% 1.616 0.969–2.713 0.07

Ipsilateral lung V30 >29% 1.700 1.015–2.889 0.046 2.105 0.640–7.216 0.22

Ipsilateral lung MLD >18 Gy 1.643 0.974–2.837 0.07

RP, radiation pneumonitis; OR, odds ratio; CI, confidence interval; ECOG, Eastern Cooperative Oncology Group; PS, performance 
status; ILD, interstitial lung disease; COPD, chronic obstructive pulmonary disease; NSCLC, non-small cell lung cancer; SCLC, small 
cell lung cancer; LS-SCLC, limited stage small cell lung cancer; ES-SCLC, extensive stage small cell lung cancer; CCRT, concurrent 
chemoradiation therapy; SCRT, sequential chemoradiation therapy; FEV1, forced expiratory volume in 1 second; DLCO, diffusing capacity 
of the lung for carbon monoxide; PTV, planning target volume; V5, lung volume exceeding 5 Gy; V20, lung volume exceeding 20 Gy; V30, 
lung volume exceeding 30 Gy; MLD, mean lung dose.

characteristics using out-of-bag (OOB) error, an unbiased 
estimate of random forest generalization error, and an 
OOB rate of 10.33%. The detailed results of the models 
are shown in Figure 2, with the forest and bubble maps 
reflecting the results of the models, respectively.

In order to determine which of the three models could 
best reflect the situation affecting the occurrence of grade 
3 and higher RP, we conducted internal and external 
validation of the three models. The hold-out, 10-fold, 

leave-one-out, and bootstrap methods were used to verify 
the reproducibility of the model and to prevent overfitting. 
The accuracy and κ value were used to evaluate the validity 
and consistency of the models, respectively. The results are 
shown in Table 3. Three models all showed good accuracy 
and consistency than actual situation.

The receiver operating characteristic (ROC) curves of 
the three models are shown in Figure 3A, with the area 
under the ROC curve (AUC) of model 2 being the highest 
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at 0.958 [95% confidence interval (CI): 0.932–0.985], 
indicating good predictive ability. The ROC curves of the 
models in the testing cohort are shown in Figure S2. A 
nomogram based on model 2 was built and is exhibited in 
Figure 3B, and the calibration curve of model 2 is shown 
in Figure 3C, which the predicted probability of RP was in 
good agreement with the actual observed probability. The 
nomograms and calibration curves of models 1 and 3 are 
displayed in Figure S3. The DCA (Figure 3D) showed that 

the best positive net benefit was provided at the threshold 
probability of Model 2, suggesting that a subset of patients 
could benefit clinically if the model 2 was used to aid 
clinical decision making.

Discussion

Principal findings

Reducing the occurrence of severe RP is a critical goal 

Variables 

ILD 

Standardized steroids 

DLCO >87% 

Ipsilateral lung V20 >40%

OR (95% CI) 

33.519 (2.122–932.257) 

0.003 (0.000–0.019) 

0.159 (0.035–0.584)

OR (95% CI) 

30.728 (1.986–850.525) 

0.003 (0.000–0.017) 

0.164 (0.037–0.590)

5.773 (1.689–23.814)

P value 

0.02 

<0.001 

0.009

P value 

0.02 

<0.001 

0.009

0.008

Variables 

ILD 

Standardized steroids 

DLCO >87%

0 1 0 15 10 5 10

0 2 4 6 8 10
MeanDecreaseGini

A B

C Standardized steroids
Age 
DLCO >87%
ECOG PS score of 2
Smoker 
IV stage NSCLC 
Whole lung volume >2,500 cm3 
Lymphocyte before >1.60×109/L
ILD 
TAX
GEM 
Lymphocyte >0.84×109/L
Radiotherapy dose >60 Gy
Total lung V20 >23% 
Contralateral lung V5 >26%
SCRT 
Limited PTV margin
PS =1 
Emphysema 
Ipsilateral lung V20 >40%
Gender 
ICI 
FEV1 >81.50% 
Contralateral lung V20 >4%
Ipsilateral lung MLD >18 Gy
Ipsilateral lung V30 >29%
Ipsilateral lung V5 >62%
Total lung V5 >35% 
Contralateral lung V30 >2%
Total lung V30 >16%

Figure 2 Screening outcome of three models. (A) The forest plot for the results of model 1. (B) The forest plot for the results of model 2. (C) 
The bubble map for the results of model 3. OR, odds ratio; CI, confidence interval; ILD, interstitial lung disease; DLCO, diffusing capacity 
of the lung for carbon monoxide; V20, lung volume exceeding 20 Gy; ECOG, Eastern Cooperative Oncology Group; PS, performance 
status; NSCLC, non-small cell lung cancer; TAX, taxol; GEM, gemcitabine; V5, lung volume exceeding 5 Gy; SCRT, sequential 
chemoradiation therapy; PTV, planning target volume; ICI, immune checkpoint inhibitor; FEV1, forced expiratory volume in 1 second; 
MLD, mean lung dose; V30, lung volume exceeding 30 Gy.
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Table 3 The validation results of the three models

Model

Cross-validation
Bootstrap

Hold-out 10-fold Leave-one-out

Accuracy κ Accuracy κ Accuracy κ Accuracy κ

Model 1 0.917 0.525 0.926 0.569 0.926 0.568 0.926 0.542

Model 2 0.902 0.479 0.905 0.457 0.872 0.496 0.907 0.470

Model 3 0.917 0.525 0.938 0.651 0.938 0.659 0.938 0.641
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Figure 3 Assessment of all models in the training cohort. (A) The ROC curves of the three models. (B) The nomogram of model 2. (C) 
The calibration curve of model 2. (D) DCA of the three models. **, P<0.01; ***, P<0.001. AUC, area under the ROC curve; ROC, receiver 
operating characteristic; CI, confidence interval; ILD, interstitial lung disease; V20, lung volume exceeding 20 Gy; DLCO, diffusing 
capacity of the lung for carbon monoxide.

for clinicians due to its high mortality. Several clinical 
studies have reported an incidence of severe RP of around 
10–20% (24,25). To address this issue, our study collected 
clinical data from 690 patients with lung cancer over  

2 years and analyzed the occurrence of RP. The results 
indicated that the incidence of severe RP was up to 9.4%. 
The standardized steroids for RP patients contributed to 
decreasing the risk of developing high-grade RP (14.8% vs. 
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34.8% in patients with steroids). The multivariate analysis 
of all patients indicated that subclinical ILD, DLCO, and 
with or not standardized steroids had correlation with the 
occurrence of severe RP. Model 2 by BSR was the best 
clinical prediction model for severe RP. Subclinical ILD, 
ipsilateral lung V20 >40% could increase the risk factors 
of severe RP, and standardized steroids and DLCO >87% 
could decrease the risk factors of severe RP. These findings 
indicated that individualized and precise radiotherapy 
regimens can significantly reduce adverse events to 
radiotherapy and that standardized steroids can improve the 
prognosis of RP and the quality of life of patients.

Strengths, limitations, and comparison with similar studies

In this study, individual lung dose limitation was applied 
for a specific population of patients with an age of  
70 years or older, a history of taxane and gemcitabine 
use, poor basic lung function, or underlying lung diseases 
[idiopathic pulmonary fibrosis (IPF), usual interstitial 
pneumonia (UIP)] considering that they are at higher risk 
for developing RP, which were consistent with previous 
studies (26-28). According to the NCCN guideline (17), 
total lung V20 <35% was recommended and total lung 
V20 of the study was not exceed 30% that the highest 
value was 28.69%. Furthermore, the ipsilateral lung V20 
>40% and ipsilateral lung MLD >18 Gy were considered 
as hazardous factors for severe RP in univariate analysis 
of training cohort and the ipsilateral lung V30 >29% also 
was a hazardous factor for severe RP in univariate analysis 
of all populations and training cohort. Similarly, several 
studies have suggested that V5, V30, and MLD can be 
used to predict the occurrence of RP (29-31). For instance, 
Tsujino et al. concluded in a retrospective study of severe 
RP in patients with concurrent chemoradiotherapy for non-
small cell lung cancer that V5 and V20 are independent and 
significant risk factors for the occurrence of severe RP (32). 
In our study, however, the results of multivariate analysis 
for severe RP about V5 were not statistically significant. 
Here, we suggested that populations with an age ≥70 years, 
a history of taxane and gemcitabine chemotherapy, poor 
lung function, or subclinical ILD should be strictly limited 
according to the above dose range (ipsilateral lung V20, 
V30, MLD).

It is understanding that better DLCO was considered to 
decrease the risk factors of grade 3 or higher RP. According 
to a previous study, a diffusion deficit is considered to be a 
DLCO of less than 80% of the predicted value, meaning 

that these patients may have chronic inflammation of the 
lung with impairment of the gas-blood exchange (33). This 
reminded us that patients who received radiotherapy need 
to have better lung diffusion functions. An early decrease 
of DLCO has also been shown to be a predictive factor for 
severe RP development and thus could serve as a marker 
for early diagnosis and treatment modification (34). In our 
study, we found that subclinical ILD affected severe RP. 
Similarly, subclinical ILD participated in the occurrence 
of symptomatic and severe RP, was reported by others 
researchers (35,36). Thus, clinicians must be cautious 
about the risk of severe RP in patients with subclinical ILD 
and take specific measures in the early period of RP. The 
good PS maybe contributed to decrease the severe RP was 
showed by the RandomForest analysis which ECOG PS 
score of 2 could predict the risk of severe RP. This result 
was consistent with results of Liu et al.’ study for severe RP 
in which an ECOG PS score of 2–3, a forced expiratory 
volume in 1 second (FEV1) ≤65%, a previous PTV 
spanning the bilateral mediastinum, and V20 ≥30% on 
composite [previous radiation therapy (RT) + stereotactic 
ablative radiotherapy (SABR)] plans could predict the severe 
RP (37). Age also was regarded as a significant indicator 
in RandomForest mode. Though the final outcome didn’t 
involve the two indicators in the best model, other study 
pointed out that age and ECOG PS score of 2 could be 
associated with the grade ≥2 RP (38).

At present, there is no specific therapy for RP other than 
symptomatic treatment and steroid treatment. Based on the 
clinical treatment experience of our institution and previous 
clinical trials, our study selected the treatment scheme 
mentioned in the expert consensus of China on radiation-
related pneumonitis (16). We found a reduction in the 
incidence of severe RP after administration of standardized 
steroid therapy from 34.8% to 14.8%, indicating the 
effectiveness of this treatment scheme. Here, we suggested 
the standardized steroids regimen should be applied for 
different grade RP, especially with or without steroids, 
dosage of steroids, and duration of steroids. Steroid and 
antibiotic treatment can trigger a decline in the immune 
system, resulting in the occurrence of fungal infections 
such as PCP (39). In our study, five patients developed PCP 
after receiving a long-term and high initial dose of steroids. 
Therefore, clinicians should be alert to fungal infection 
when using high-dose steroid therapy in patients with RP.

We further explored the risk factors that influenced 
severe RP by using a variety of screening approaches to 
construct models and identified the prediction model of 
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which was most associated with RP. Conventional studies on 
indicators are mainly based on logistic regression methods 
(40-42). Using the BSR method, we found that ipsilateral 
lung V20 >40% was critically associated with severe RP. 
We used the RFR to construct a model and determined 
the association of age and ECOG PS score of 2 with severe 
RP. These methods have been reported in other literatures 
but was not further compared to which one was the best to 
evaluate the risk of severe RP (43-45). Furthermore, in our 
study, we compared the accuracy and κ value to identify the 
factors associated with the occurrence of severe RP, which 
the accuracy value was up to 80% above and κ value was 0.4 
above was considered to have moderate consistency with 
actual situation. We also compared the model screening 
methods and found that BSR could both better screen 
and construct the model according to the ROC. We 
evaluated the performance of the models in three aspects, 
discrimination ability, calibration, and clinical application 
potential. Through internal and external verification of the 
three models, we found the model 2 verified the stability 
and fit of the model. The final comprehensive model had 
excellent calibration, with no significant overestimation or 
underestimation for different risk intervals. Finally, a good 
clinical practice model was constructed with the nomogram, 
and the clinical decision curve was used to evaluate the 
clinical application ability of the model. The model 
construction from design to assessment systematically 
described the prediction process of severe RP, which were 
also applied for others diseases (46,47).

Our study still had some limitations, which should be 
mentioned. First, as we employed a retrospective design, 
bias might have been introduced. Second, when patients 
received drug treatment including targeted and immune 
therapy besides radiotherapy, RP could be mixed with 
drugs-related pneumonitis which was involved in our study. 
Third, although lung dose limitation and standardized 
glucocorticoid therapy for patients receiving radiotherapy 
contributed to a reduction in the incidence of severe RP, 
some patients still experienced severe RP, and the reason 
for this needs to be further determined. Therefore, we 
look forward to identifying more effective measures for 
preventing and treating RP. And then, this study only 
followed up patients for up to 1 year after radiotherapy 
to observe RP, and thus data on their long-term survival 
status remains to be collected. Finally, imageomics were 
not included in the construction of the model, and only 
specific lung limiting doses, including V5, V20, V30, and 
MLD, were examined, which implies certain limitations 

for the prediction of RP. Previous studies have built 
models to predict RP by classifying and scoring a dose 
and volume histogram and using pulmonary CT, but the 
consideration of clinical factors was not as detailed as in 
this study (7,48,49). These factors will be incorporated into 
subsequent research.

Conclusions

Our study demonstrated that construction of clinical model 
could predict the risk of grade 3 or higher RP. Patients 
with subclinical ILD and ipsilateral lung V20 >40% of 
radiotherapy could increase the risk of severe RP, and 
patients with a better lung diffusion function and received 
standardized steroids treatment could decrease the risk of 
severe RP.
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