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Background and purpose: Radiation pneumonitis (RP) is a radiotherapy dose-limiting toxicity for locally
advanced non-small cell lung cancer (LA-NSCLC). Prior studies have proposed relevant dosimetric con-
straints to limit this toxicity. Using machine learning algorithms, we performed analyses of contributing
factors in the development of RP to uncover previously unidentified criteria and elucidate the relative
importance of individual factors.
Materials and methods: We evaluated 32 clinical features per patient in a cohort of 203 stage II–III LA-
NSCLC patients treated with definitive chemoradiation to a median dose of 66.6 Gy in 1.8 Gy daily frac-
tions at our institution from 2008 to 2016. Of this cohort, 17.7% of patients developed grade �2 RP.
Univariate analysis was performed using trained decision stumps to individually analyze statistically sig-
nificant predictors of RP and perform feature selection. Applying Random Forest, we performed multi-
variate analysis to assess the combined performance of important predictors of RP.
Results: On univariate analysis, lung V20, lung mean, lung V10 and lung V5 were found to be significant
RP predictors with the greatest balance of specificity and sensitivity. On multivariate analysis, Random
Forest (AUC = 0.66, p = 0.0005) identified esophagus max (20.5%), lung V20 (16.4%), lung mean (15.7%)
and pack-year (14.9%) as the most common primary differentiators of RP.
Conclusions: We highlight Random Forest as an accurate machine learning method to identify known and
new predictors of symptomatic RP. Furthermore, this analysis confirms the importance of lung V20, lung
mean and pack-year as predictors of RP while also introducing esophagus max as an important RP
predictor.

� 2019 Elsevier B.V. All rights reserved. Radiotherapy and Oncology 133 (2019) 106–112
Radiation pneumonitis (RP) is a common, potentially dose-
limiting, and clinically significant toxicity associated with thoracic
irradiation [1]. Increased use of concurrent chemotherapy has
made this toxicity particularly relevant, with reported incidence
in patients receiving definitive chemoradiation for locally
advanced non-small cell lung cancer (LA-NSCLC) ranging from 15
to 40% [2–6], with an even greater proportion of patients develop-
ing subclinical changes reflective of pneumonitis [7]. The impact of
this toxicity can be associated with significant morbidity and lim-
itation of quality of life, necessitating interventions such as steroid
initiation/dependence and oxygen support; resulting in radiother-
apy dose limitations which negatively affect clinical outcomes [6].
Therefore, it is imperative to be cognizant of means to mitigate this
toxicity.

Prior attempts at identifying predictors of RP have shown the
importance of factors such as chemotherapy use and agents, dose
fractionation, tumor location, age, and dosimetric/volumetric fac-
tors related to the lungs and even heart [6,8–12]. However, there
currently is a lack of consensus on the optimal thresholds and cut-
offs of dosimetric criteria, as well as the comparative importance of
associated predictors. Limited prior analyses have attempted to
generate predictive models with varying degrees of success and
clinical utility [8,12–15] and have suffered from issues such as
heterogeneity in the patient population and treatment techniques.
This study aims to add to the existing literature on predictors of RP
using machine learning. We examined a cohort of 203 consecutive
LA-NSCLC patients treated at our institution using modern treat-
ment planning and delivery technology, reflective of current tech-
niques applicable to modern practice. Our method to analyze
clinical and demographic structured data [16–18], incorporates
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machine learning algorithms allowing us to identify important fea-
tures and optimal thresholds predictive for RP development. This
study demonstrates the potential power and applicability of
machine learning to the modeling of RP predictors and describes
prioritization of clinical criteria to consider in clinical practice.

Materials and methods

Patient cohort

With institutional review board approval, we identified a cohort
of 203 consecutive patients with histologically confirmed AJCC 7th
Edition Stage II–III LA-NSCLC treated between 2008 and 2016 at
our institution with sequential or concurrent chemoradiation with
platinum-containing regimens. Patients received treatment using
either intensity-modulated radiation treatment (IMRT) or proton
beam therapy (PBT). RP was graded according to the Common Ter-
minology Criteria for Adverse Events v4.0.
Feature definition

In this study, we analyzed 32 continuous and categorical fea-
tures. The continuous features were smoking pack-years (pack-
year), body mass index (BMI) and age at diagnosis, primary tumor
size, PFT pre-bronchodilator, PFT DLCO (% predicted), FEV1 (L),
radiation total dose (total dose), radiation fraction size, number
of radiation fractions (nr. fractions), mean heart dose (heart mean),
heart V5, heart V30, heart V50, heart V60, mean lung dose (lung
mean), lung V5, lung V10, lung V20, mean esophagus dose (eso
mean), and maximum esophagus dose (eso max). The categorical
features were ethnicity, pre-treatment ECOG, 3 month post-RT
ECOG, AJCC stage, T Stage, N Stage, radiation treatment modality
(photon or proton), concurrent vs. sequential chemotherapy,
chemotherapy agent used, tumor grade, and gender. All dosimetric
indices were calculated with heterogeneity corrections, using the
Analytical Anisotropic Algorithm (photons) or the Proton Convolu-
tion Superposition algorithm (Varian Medical Systems, Palo Alto,
CA, USA). This set of dose parameters and clinical features, was
thoroughly discussed and selected by two highly experienced
board-certified thoracic radiation oncologists at our institution
based on their expertise, best clinical practice, and current national
treatment guidelines.
Univariate analysis

The independent effect of each feature in the prediction of RP
was studied using optimally trained decision trees with only one
internal node directly connected to the terminal nodes known as
decision stumps. The missing values were imputed with the mean
in the case of continuous features and with the mode in the case
of categorical features. Additionally, the feature vector was
extended with additionally binary indicator features with value
true if there were missing values and false otherwise, thus increas-
ing the length of the feature vector from 32 to 60 features. The p-
value associated with the classification performance of the individ-
ual features conditioning the stumps was calculated in-sample, (i.e.,
no validation). Moreover, the in-sample sensitivity and specificity
of each feature, as well as Pearson’s correlation coefficients among
features were calculated.
Multivariate analysis

To assess the combined capacity of prediction of the features,
we used Random Forest [19], an ensemble algorithm based on
compounds of decision trees for classification and regression. The
hyperparameter to build the Random Forest model was the maxi-
mum tree-depth which is an integer value that defines the maxi-
mum number of branch nodes in the longest path from a root to
a terminal node. Once the maximum tree depth has been defined,
the observations as well as the class labels are fed into the Random
Forest algorithm, to produce an ensemble of decision trees.

Given the limited size of the cohort and the imbalance of the
classes, resampling through 5-fold cross-validation was carried
out using the entire dataset to perform hyperparameter tuning as
well as to evaluate the predictive performance of the Random For-
est ensembles (see Section S1 for more details). This analysis cor-
responds to the development and validation of a predictive
model using resampling or analysis type 1b as specified in [20].
The stages of cross-validation in the workflow shown in Fig. 1,
are performed separately, however using the same cohort of 203
patients. The hyperparameter optimization was carried out using
5-fold cross-validation 20 times per algorithm to maximize the
balanced accuracy (BACC) on the validation group of each fold, thus
delivering NDS ¼ 20 optimized instances of each model. After the
hyperparameters had been tuned, the BACCs of all optimized
model instances of all classifiers were computed performing 5-
fold cross-validation a number of NPT ¼ 100 times over the same
data with randomly chosen, but stratified, data partitions. Then
the hyperparameters of the single best performing model instance
were chosen to estimate the average predictive performance of the
validation group of each fold through NAV ¼ 100 tests using 5-fold
cross-validation, and the average performance indexes, specifi-
cally, BACC, the Receiver Operating Characteristic (ROC), the Area
Under the ROC Curve (AUC), as well as its respective confidence
intervals (95% confidence) and significance were calculated. Fur-
thermore, the classification performance of additional decision
tree-based algorithms used in medical applications, namely, CART
[21] and RUSBoost [22] was assessed. Additionally, the long-
existing methods logistic regression [23] and linear Support Vector
Machines (SVM) [24] were implemented for further performance
comparison. The hyperparameters of each classifier were tuned
to maximize BACC using the Generalized Pattern Search (GPS)
algorithm [25].

In this analysis, we trained 10 Random Forest ensembles of 500
trees each (5000 trees total) using the features automatically
selected by the univariate analysis with significance level
a ¼ 0:05 adjusted with Holm–Bonferroni correction for multiple
comparison. Subsequently, the frequency of selection of the fea-
tures at the root and the first level of the trees in the ensembles
was calculated to determine their importance. The ranges of the
cutoff thresholds used to split the nodes were selected to maximize
the impurity gain over all splitting candidates. All the analyses
were implemented in Matlab R2017b � [26].
Results

Patient characteristics

Characteristics of the 203 patients in the study are provided in
Tables 1 and 2. The patients’ median age was 63 years (range 58–
74). Patients received a median dose of 66.6 Gy, at 1.8 Gy per frac-
tion (range 5.4–80 Gy at 1.8–10 Gy per fraction). Within our
cohort, 36 patients (17.7%) developed grade �2 RP. Median
follow-up time was 22.6 months (1–88 month range), with a med-
ian overall survival (OS) of 23.5 months, 1-year OS of 75.0%, 2-year
OS of 49.0%, and 5-year OS of 12.0%. Overall, 88.0% of patients
received concurrent chemotherapy, with a carboplatin-based dou-
blet combination (51.2%) being the most common regimen, fol-
lowed by cisplatin-based doublet (35.0%). Radiation was largely
delivered with photon beam treatments (89.7%), with a smaller
subset receiving proton beam treatment (10.3%).



Fig. 1. Multivariate Analysis Workflow. The hyperparameters are tuned to maximize the BACC producing a total of NDS ¼ 20 model instances. After that, the optimized
instances are subject to NPT ¼ 100 performance tests and the single best performing instance (best model) will be used to calculate indexes of average performance
prediction, namely, AUC, 95% confidence interval, p-value and BACC using NAV ¼ 100 tests for average performance estimation.

Table 1
Summary of categorical patient characteristics. Description of clinical characteristics
of the cohort with their respective categorization and percentages.

Categorical features Classes Nr. of patients (%)

Sex Male 91 44.8
Female 112 55.2

Smoking history Former 137 67.5
Current 26 12.8
Never 17 8.4
Not Available 23 11.3

Ethnicity White 138 68.0
Black 47 23.2
Asian 4 2.0
Other 14 6.9

Pre treatment ECOG 0 78 38.4
Perform. Status 1 55 27.1

2 14 6.9
3 2 1.0
4 2 1.0
Not recorded 52 25.6

Stage grouping IIB 1 0.5
IIIA 120 59.1
IIIB 82 40.4

Tumor stage Tx 15 7.4
T1 51 25.1
T2 63 31.0
T3 32 15.8
T4 42 20.7

Nodal stage Nx 7 3.4
N0 9 4.4
N1 13 6.4
N2 126 62.1
N3 48 23.6

Histology Adenocarcinoma 203 100.0
Radiation modality Linac 182 89.7

Proton 21 10.3
Chemotherapy Concurrent 178 87.7

Sequential 20 9.9
None 5 2.5

Chemotherapy agents Carboplatin-based doublet 104 51.2
Cisplatin-based doublet 71 35.0
Platinum-based triplet 6 3.0
Single agent 2 1.0
Other 20 9.9

Table 2
Summary of numerical patient characteristics. Description of numerical characteris-
tics of the cohort with their respective median and range.

Continuous features Median Range

Age (yr) 63 (58–74)
Pack-Year (current/former smokers) 40 (3–105)
BMI (kg/m2) 26.00 (14.0–50.0)
Radiation dose delivered (Gy) 66.60 (27.0–80.0)
Dose per fraction (Gy) 1.80 (1.8–4.0)
Lung V5 (%) 44.50 (6.0–77.4)
Lung V20 (%) 28.60 (1.2–43.6)
Lung mean (Gy) 16.44 (1.3–25.0)
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Univariate analysis

The univariate analysis showed that lung V20 > 27.4%
(p = 1:1� 10�4), lung mean >15.4 Gy (p = 4:4� 10�4), lung
V10 > 36.3% (p = 0.001), and lung V5 > 43.6% (p = 0.002) consis-
tently predict the presence of RP. Additionally, among the list of
all significant features identified, these features represent the most
balanced scores of sensitivity and specificity (�0.5) (Table 3).
Moreover, these four features were also found to be strongly and
significantly correlated (r > 0.88, p < 0.01) (Fig. 2). Additional sig-
nificant features on univariate analysis, after applying Holm–Bon-
ferroni correction for multiple comparison with a ¼ 0:05, were eso
max, pack-year, nr. fractions, total dose and heart mean (Table 3).
Heart V50, age at diagnosis, heart V60, heart V5, heart V30, primary
tumor size and T-stage did not pass the significance test with the
Holm–Bonferroni correction. Dosimetric parameters of the same
organ at risk (e.g. heart, lung, and esophagus) were found to be
strongly positively correlated to each other and also showed a
weaker positive correlation with neighboring anatomic organs
(e.g. lung-heart, lung-esophagus) (Fig. 2).
Multivariate analysis

A maximum tree depth of 2 was found to be the optimal hyper-
parameter for Random Forest. The optimal hyperparameters for
the remaining classifiers tested for this classification task are
shown in Table S1. The predictive power using AUCs, as well as
the associated p-values and the optimal BACC for all classifiers
are summarized in Table S3. The data illustrate that the tree
ensembles Random Forest and RUSBoost display superior perfor-
mance than single trees. Random Forest (AUC = 0.66,
p = 4:4�10�4), RUSBoost (AUC = 0.63, p = 0.03) and CART
(AUC = 0.63, p = 5:3� 10�5) showed significant classification



Table 3
Univariate feature selection. Features with in-sample significance level a � 0:05 corrected with Holm–Bonferroni method for multiple comparison.

In-sample

Features Threshold p-Value Significance level a (Holm–Bonferroni Correction) Specificity Sensitivity

Lung V20 >27.4% <0.003 0.0031 0.66 0.69
Lung Mean >15.4 Gy <0.003 0.0033 0.63 0.69
Lung V10 >36.3% <0.003 0.0035 0.68 0.61
Lung V5 >43.6% <0.003 0.0038 0.67 0.61

Eso Max >72.2 Gy <0.003 0.0032 0.86 0.42
Pack-Year >4.5 <0.003 0.0034 0.93 0.25
Nr. Fractions >35.5 <0.003 0.0037 0.45 0.83
Total Dose >63.9 Gy <0.003 0.0040 0.44 0.83
Heart Mean >13.4 Gy 0.0034 0.0042 0.74 0.50

Heart V50 >8.4% 0.0083 0.0043 0.77 0.44
Age at Diagnosis >79.5 yr 0.0088 0.0045 0.94 0.19
Heart V60 >7.5% 0.0155 0.0048 0.86 0.31
Heart V5 >42.4% 0.0174 0.0050 0.75 0.44
Heart V30 >19.2% 0.0174 0.0053 0.76 0.33
Prim Tumor Size >1.9 cm 0.0431 0.0059 0.27 0.88
T-Stage {1,2,3}or{4} 0.0498 0.0063 0.80 0.36

Fig. 2. Feature Correlation Heat Map. Heat map, illustrating the correlation between the continuous features under study.
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power and significant improvement (min improvement rate = 2.7%,
p = 9:5� 10�5) over the cross-validated performance of the best
single predictors, Lung V20 (AUC = 0.61, p = 5:5� 10�4)
(Table S4). Logistic regression exhibits lower performance than
Random Forest (AUC = 0.64, p ¼ 1:9� 10�3), and its BACC = 0.54
is the lowest among all the classifiers (Table S3). Linear SVM
(AUC = 0.65, p ¼ 2:4� 10�3) also showed slightly lower perfor-
mance than Random Forest; however, general SVMs do not allow
for the analysis of interactions between features and complicates
the estimation of cut-offs, which is the main purpose of this study.

The most frequently chosen features (selection frequency >10%)
in the first two levels of the Random Forest ensemble along with
the average optimal cutoff thresholds and their respective standard
deviations used to split the nodes are presented in Fig. 3. Eso max
was the most commonly selected root feature (20.5%) to separate
RP events, followed by lung V20 (16.4%), lung mean (15.7%) and
pack-year (14.9%). At the 2nd tree level, the most common left
child feature (i.e. those falling below the root feature threshold)
selected to separate out RP events was total dose (15.0%) followed
by pack-year (14.9%) and Lung V5 (14.4%). Similarly, commonly
selected right child features were also total dose (15.3%), lung
V20 (14.1%) and eso max (13.0%).
Discussion

Owing to the significant morbidity and potential for mortality
associated with RP, there have been prior efforts to establish pre-
dictive variables to guide clinicians in mitigating this toxicity
[2,4,28,5,6,9–12,14,27]. These prior studies utilize a wide range
of methodologies, including small single-institution retrospective
multivariate analyses [13,15,28–31], systematic reviews [6], inter-
national meta-analysis [12], and Bayesian network analysis [14].
Although some of the criteria from those studies have been used
in clinical practice, many of those studies are now less generaliz-
able since they were conducted in a pre-IMRT (and pre-proton
therapy) era. Additionally, these studies have reported conflicting
data regarding the relative importance of factors associated with
RP. Our work significantly contributes to the existing body of
knowledge in several ways. First, we provide a modern evaluation
of the RP question by analyzing a large, and well-curated patient



Fig. 3. Feature Frequency using Random Forest. Most frequently chosen predictors (>10%) with their respective frequency and the means and standard deviations of the
cutoffs.

110 Predicting Radiation Pneumonitis in LA-NSCLC using Machine Learning
cohort treated in a relatively uniform manner in the IMRT/proton
era. Second, we highlight the power of a machine learning method-
ology to simultaneously assess multiple features to uncover poten-
tially important factors for RP and provide guidance regarding
comparative importance for optimization.

Prior studies have established the importance of lung dosimet-
ric parameters in RP development, including lung mean [6,9], lung
V20 [5,12,32,33], and agents for concurrent chemotherapy [12].
Our patient cohort included a largely uniform set of patients, of
whom the vast majority are treated with concurrent chemoradia-
tion, which allows us to identify RP predictors within a population
of patients receiving modern treatment regimens. In this context,
our findings are congruent with the existing literature, and we con-
firm the importance of lung V20 (Fig. 3), as it was found to be the
second most commonly selected tree root with the Random Forest
method (16.4%), as well as lung mean (15.7%). Since BMI could
affect total lung volume, there could be bias on the interpretation
of lung V20; however, in our cohort, 96% of the patients had
BMI � 37, which reassures the accuracy of our results.

Additionally, we extend the existing literature by highlighting
the potential importance of eso max, as it is the most common tree
root Random Forest feature (20.5%), which has not been previously
well established as a dosimetric feature to consider in the existing
literature. Eso max, although a significant predictor, it is not causa-
tive of RP. It rather reflects the distribution and volume of pul-
monary disease surrounding it, which eventually will be reflected
in the pulmonary dosimetric outcomes. This is evidenced in
Fig. 2, where esophagus dosimetric indices are positively corre-
lated with lung dosimetric indices.

Increasing age was found in our univariate analysis to predict
for RP risk, which is in keeping with prior reports [12,34]. Our uni-
variate feature selection confirms greater age at diagnosis as a sig-
nificant feature with increasing sensitivity for RP at higher age
cutoffs (Table 3).

Random Forest was chosen to carry out the main analyses pre-
sented in this paper given its high AUC with respect to the other
tested classifiers and its ability of providing variable importance
and cutoff thresholds that could be clinically interpreted by physi-
cians. Furthermore, Random Forest is intrinsically robust to multi-
collinearity effects given the randomness induced in the selection
of the subset of features for each tree in the ensemble. This comes
at the expense of the interpretability [35,36] that less accurate algo-
rithms such as CART and MediBoost [18,37] offer, which is of inter-
est in areas such as medicine where making informed decisions
require clear understanding of the model. In addition, Random For-
est also has the important ability to identify cutoff thresholds in
continuous variables such as dosimetric criteria. For example, the
algorithm most often finds average cutoff thresholds such as
73 Gy (SD = 1.8) for eso max, 31.1% (SD = 4.1) for lung V20,
17.9 Gy (SD = 2.1) for lung mean, 11.9 (SD = 11.8) for pack-year,
50.4% (SD = 7.1) for lung V5 and 40.5% (SD = 5.2) for lung V10
(Fig. 3). This information provides the clinician valuable guidance
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to accept dosimetric cutoffs in plan evaluation in order to possibly
mitigate RP development.

In an attempt to minimize improper utilization of the available
algorithms, we tested and validated several multivariate analysis
techniques (RUSBoost, Random Forest, CART, logistic regression
and linear SVM) to confirm and verify our results [17] (Section S3).
In order to improve exploration of the hyperparameter space with
respect to a grid search, the hyperparameters of each classifier
were tuned to maximize BACC using the GPS algorithm [25].
Through rigorous use of random subsampling, decision tree model-
ing and multiple permutations, we demonstrated the robustness of
the Random Forest tool and used it to identify RP predictors. Fur-
thermore, this study has followed the guidelines provided in [38]
for predicting radiation therapy outcomes using machine learning
from a clinician’s perspective.

Although general deficiencies have been identified in applying
models between populations with poor outcomes even when using
well-established models [8,38,39], there has been success with
cross-validated machine learning methods generalizing to inde-
pendent data from the Radiation Therapy Oncology Group (RTOG)
[40]. Therefore, given the limited size of the cohort and the lack of
balance of the classes, 5-fold cross-validation was implemented to
perform hyperparameter tuning and to evaluate the predictive per-
formance of the Random Forest ensembles.

The limitations of this study lie with the modestly sized patient
cohort from a single institution, which is reflected in the low sen-
sitivity and specificity of the predictive features. Also notice that
even though Random Forest could be used to predict multiple out-
comes, our model predicts the presence or absence of RP � 2 but
not the grade, because the diversity on the RP grades present in
the current cohort is rather poor to be able to classify the grade
of RP with sufficient statistical power. Therefore, increased patient
numbers would lend itself to increased statistical power which
would complement the proven ability to identify significant pre-
dictors of our machine learning technique.

Future analysis will be aimed at using toxicity predictors to pre-
dict treatment response to radiotherapy for LA-NSCLC using both
clinical data and PET/CT radiomic features in larger cohorts, as well
as the analysis of detailed combinations of features using tree
ensembles. It is worth mentioning that patients analyzed in the
current report represent a very characterized and highly detail
annotated dataset of homogenously treated patients. As such, we
have invested valuable effort in carrying out the rigorous analysis
presented here in order to minimize the risk of statistical bias in
our results, therefore obtaining reliable and conclusive outcomes.
Our long-term goal is to produce a tool to assist oncologists and
dosimetrists to personalize radiotherapy treatment by minimizing
radiation-induced toxicities for LA-NSCLC.

The strength of this study, one of the first of its type applied to
RP, is in the application of a machine learning analysis based on
accurate ensembles of decision trees (Random Forest), to identify
factors predicting both for and against the development of symp-
tomatic RP by simultaneously analyzing multiple heterogeneous
patient- and tumor-related variables and dosimetric factors. We
highlight and reinforce the importance of lung V20, lung mean,
eso max, pack-year, lung V5 and total dose, and we also identify
the relative importance and potential cutoffs of other contributing
dosimetric and clinical factors. Confirming previous results
obtained through different methods is a crucial step to reliably
extend our machine learning implementations, which are rigor-
ously supported by mathematical principles, to more complex
analyses regarding the prediction of radiation pneumonitis. These
metrics can serve to provide a guide for clinicians in the evaluation
of treatment plans for LA-NSCLC patients receiving concurrent
chemoradiation and highlight the power of the machine learning
techniques for future studies.
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