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ABSTRACT
Background: Typically, cardiac substructures are neither delineated nor analyzed during radiation
treatment planning. Therefore, we developed a novel machine learning model to evaluate the impact
of cardiac substructure dose for predicting radiation-induced pericardial effusion (PCE).
Materials and methods: One-hundred and forty-one stage III NSCLC patients, who received radiation
therapy in a prospective clinical trial, were included in this analysis. The impact of dose-volume histo-
gram (DVH) metrics (mean and max dose, V5Gy[%]–V70Gy[%]) for the whole heart, left and right
atrium, and left and right ventricle, on pericardial effusion toxicity (�grade 2, CTCAE v4.0 grading)
were examined. Elastic net logistic regression, using repeat cross-validation (n¼ 100 iterations, 75%/
25% training/test set data split), was conducted with cardiac-based DVH metrics as covariates. The fol-
lowing model types were constructed and analyzed: (i) standard model type, which only included
whole-heart DVH metrics; and (ii) a model type trained with both whole-heart and substructure DVH
metrics. Model performance was analyzed on the test set using area under the curve (AUC), accuracy,
calibration slope and calibration intercept. A final fitted model, based on the optimal model type, was
developed from the entire study population for future comparisons.
Results: Grade 2 PCE incidence was 49.6% (n¼ 70). Models using whole heart and substructure dose
had the highest performance (median values: AUC ¼ 0.820; calibration slope/intercept ¼ 1.356/
�0.235; accuracy ¼ 0.743) and outperformed the standard whole-heart only model type (median val-
ues: AUC ¼ 0.799; calibration slope/intercept ¼ 2.456/�0.729; accuracy ¼ 0.713). The final fitted elastic
net model showed high performance in predicting PCE (median values: AUC ¼ 0.879; calibration
slope/intercept ¼ 1.352/�0.174; accuracy ¼ 0.801).
Conclusions: We developed and evaluated elastic net regression toxicity models of radiation-induced
PCE. We found the model type that included cardiac substructure dose had superior predictive per-
formance. A final toxicity model that included cardiac substructure dose metrics was developed and
reported for comparison with external datasets.
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Background

Radiation therapy (RT) is a standard treatment modality for
most types of thoracic cancer (e.g. esophageal, Hodgkin’s
lymphoma, breast, lung). In particular, most patients with
non-small-cell lung cancer (NSCLC) will receive RT as part of
their overall treatment strategy. However, these patients are
at risk for various radiation-induced toxicities that affect the
normal lung, esophagus, and heart. These normal tissue tox-
icities can have life-threatening consequences and affect
patient outcomes by reducing quality-of-life and limiting
radiation dose.

Pericardial effusion (PCE) is one of the most common
thoracic RT-related cardiac toxicities [1]. Severe cases of PCE

can result in cardiac tamponade, which requires immediate
medical intervention [2]. While RT-related cardiac toxicities
were thought to be of minor concern in the treatment
approach for NSCLC patients, recent studies have disputed
this notion. Results of the RTOG-0617 trial [3] showed cardiac
dose to be an independent predictor of overall survival in
RT-treated NSCLC patients, in whom cardiac toxicities were
persistent. In addition, a pooled analysis of multiple RT dose-
escalation trials for NSCLC demonstrated that cardiac toxic-
ities may occur earlier than previously thought [4]. Taken
together, these findings, as well as an anticipated improve-
ment in the survival of NSCLC patients due to more effica-
cious treatment, demonstrate the importance of

CONTACT Joshua S. Niedzielski jsniedzielski@mdanderson.org Departments of Radiation Physics and Imaging Physics, The University of Texas-MD
Anderson Cancer Center, Houston, TX, USA

Supplemental data for this article can be accessed here.

� 2020 Acta Oncologica Foundation

ACTA ONCOLOGICA
2020, VOL. 59, NO. 10, 1193–1200
https://doi.org/10.1080/0284186X.2020.1794034

http://crossmark.crossref.org/dialog/?doi=10.1080/0284186X.2020.1794034&domain=pdf&date_stamp=2020-10-06
http://orcid.org/0000-0002-7666-5039
http://orcid.org/0000-0002-8574-154X
http://orcid.org/0000-0001-8301-7286
http://orcid.org/0000-0002-3241-6145
http://orcid.org/0000-0002-9254-4501
https://doi.org/10.1080/0284186X.2020.1794034
https://doi.org/10.1080/0284186X.2020.1794034
http://www.tandfonline.com


understanding cardiac dose-response, and more specific to
this study, how to accurately model and predict radiation-
induced PCE.

Traditionally, cardiac toxicity models consider clinicopa-
thologic factors and dose-volume histogram (DVH) metrics
from the whole heart [1,5,6]. However, studies on lymphoma
[7,8] and breast cancer [9–11] have demonstrated that car-
diac substructure anatomy have important dose-response
characteristics that are not reflected by the whole-heart
dose. To date, no study has examined the influence of car-
diac substructures on the toxicity modeling process using a
cross-validated, dose-response modeling methodology for
PCE in a cohort of NSCLC patients.

The aim of this study was to develop an elastic net logis-
tic regression toxicity model and apply this model to deter-
mine if the inclusion of cardiac substructure dose increased
predictive performance. We hypothesized that including car-
diac substructure dose in the toxicity modeling process
would optimize models, as compared to traditional models
that rely solely on whole-heart dose. A secondary aim of this
study was to develop a toxicity model based on our findings,
which can be compared in future analyses using exter-
nal datasets.

Material and methods

Patient population

All patients were retrospectively analyzed from a prospective
clinical trial comparing intensity modulated radiation therapy
(IMRT) and passively scattered proton therapy (PSPT) for
NSCLC treatment [12]. Patients with a history of thoracic RT
or those lacking follow-up computed tomography (CT) imag-
ing were excluded. A total of 141 patients were included in
the analysis.

All patients were treated with either PSPT or IMRT, using
a prescription dose of �60Gy to 95% of the planning target
volume (PTV) in 2-Gy daily fractions. RT treatment planning
was conducted with Pinnacle (Philips Healthcare, Bothell,
WA) for IMRT patients and Eclipse (Varian Medical Systems,
Palo Alto, CA) for those receiving PSPT. Concurrent chemo-
therapy (paclitaxel and carboplatin) was administered to
all patients.

Follow-up evaluation consisted of CT imaging at 6weeks
after completing RT, every 3–6months for 2 years post-RT,
and then once every 6–12months thereafter. The presence
of PCE was evaluated on every follow-up CT by a radiologist
and independently confirmed by a radiation oncologist. PCE
was graded according to the Common Terminology Criteria
for Adverse Events (CTCAE) version 4.0 and defined as an
asymptomatic, small-to-moderate sized effusion [13]. This
study was approved by the University of Texas-MD Anderson
Institutional Review Board, with written informed consent
being obtained from all patients. For all analyses, the end-
point was�grade 2 PCE.

Heart contouring and dose-volume histogram metrics

A previously validated [14,15] in-house multi-atlas contouring
service software was utilized to automatically delineate car-
diac structures on the RT planning CT. All contours were
reviewed by an experienced radiation oncologist and manu-
ally adjusted when necessary.

The dose-volume histogram (DVH) metrics for the whole
heart, left atrium (LA), left ventricle (LV), right atrium (RA),
and right ventricle (RV) were extracted for each patient;
these metrics included the mean and maximum dose, as well
as the relative volume receiving at least a given dose (e.g.
V50Gy[%] for the percent volume of a given structure receiv-
ing at least 50Gy), from 5–70Gy in 5Gy increments.

Univariate analysis

DVH metrics from the heart and substructures, as well clini-
copathological factors (age, sex, smoking status, diabetes,
heart disease, GTV, performance status, stage, histology,
tumor location, RT modality, and induction chemotherapy),
were analyzed between patient groups according to
PCE grade.

To analyze differences in the DVH metrics of patients
based on PCE incidence, the Mann–Whitney U-test was uti-
lized. For clinicopathologic covariates, the Mann–Whitney U-
test and Fisher’s exact test was used for continuous and cat-
egorical variables, respectively.

Statistical modeling

The toxicity modeling approach utilized for this study was
elastic net logistic regression, which is a type of penalized
logistic regression [16,17]. Least absolute shrinkage and
selection operator (LASSO) logistic regression is another
widely used penalized regression method that robustly mod-
els RT toxicity prediction [18–20]. LASSO uses an L1 penalty
on the regression covariates to derive the model [21]; how-
ever, this method is suboptimal when multiple correlated
covariates are present, which is typical in RT modeling [16].
Elastic net regression improves the LASSO technique by add-
ing a penalty term for the L2 norm and including a mixing
parameter that defines the proportion of penalty applied to
the covariates between both L1 and L2 norms. Taken
together, the elastic net regression method allows retention
of correlated covariates, but also regularizes model predictors
in a manner that allows for improved prediction perform-
ance. More details on elastic net logistic regression are
included in the Supplementary Materials.

Elastic net regression models were constructed for the pre-
diction of PCE using a repeated cross-validation methodology;
this approximates the generalizability of the modeling process
when lacking an external validation dataset [22–24]. To deter-
mine the importance of cardiac substructures in modeling PCE,
we developed several model types, which included a whole-
heart dose only model type and a whole-heart plus cardiac
substructures model type. More specifically, the ‘whole heart-
only’ model type, which is considered the standard model type
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for PCE toxicity analysis, can only include DVH metrics of the
whole heart. Conversely, the ‘whole heart plus cardiac substruc-
tures’ model type can include any DVH metric of the whole
heart, as well as any DVH metric from all of the 4 cardiac sub-
structures in the model building process.

The model development and analysis workflow is illus-
trated in Figure 1. The clinicopathologic data, as well as the
relevant dosimetric data (after filtering for a specific model
type) from the entire study cohort were included in the
repeated cross-validation, model-building process. Each iter-
ation of cross-validation creates a unique model, with the
overall process creating 100 unique models for a given
model type. The data are randomly split into test and train-
ing sets using a 25%/75% respective split prior to model
construction. These datasets were then separately prepro-
cessed and standardized. The ith model of the 100 iterations
is trained using an inner 5-fold cross-validation procedure,
which selects both the optimal hyperparameters and model
covariates. Next, model performance is assessed using the
test set, which was blinded from model construction. A num-
ber of metrics were calculated at each iteration of the
repeated cross-validation process. To assess model calibra-
tion, the calibration slope and intercept were calculated. To
quantify discrimination and accuracy, area under curve (AUC)
from receiver operating characteristic analysis and confusion
matrix-derived accuracy were utilized, respectively.

Model types were then analyzed using a pairwise com-
parison of each performance metric from all iterations of
cross-validation using the paired Wilcoxon signed-rank test.
It should be noted that the random split of data was initial-
ized with a unique random seed, which permitted the pair-
wise comparisons of all model types and removes random
selection bias in the analysis.

Fitted elastic net model

A final model was fitted to the entire cohort data (n¼ 141)
using a similar approach to the statistical modeling of the
above subsection. For this final model, we allowed the model
variables to be selected using the elastic net penalization
from any DVH metric from the whole-heart, LA, RA, LV, and/
or RV. The model performance metrics were then computed
and analyzed (AUC, accuracy, and calibration slope and inter-
cept). A crucial difference in the approach of the final model
fit is that cross-validation was not conducted, as the entire
patient cohort comprised of the training set.

Statistical considerations

A p-value of p< .05 was considered statistically significant.
All statistical analyses were conducted in R (version 3.2.3, R
Development Core Team, Vienna, Austria). The R package

Figure 1. Overview of the model construction and analysis workflow.
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Figure 2. Boxplot of (A) mean and (B) max dose for the whole heart and each cardiac substructure, grouped according to PCE grade (grade 0, n¼ 71; �grade 2,
n¼ 70). Average DVH plots of the study cohort, as grouped according to PCE incidence (blue, grade 0; red� grade 2), for the (C) PTV, (D) whole heart, (E) left atrium,
(F) right atrium, (G) left ventricle, and (H) right ventricle are shown. The solid line represents the mean DVH value and the shaded regions indicate the 95% CIs.
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Caret was used to implement elastic net logistic regres-
sion modeling.

Results

Patient characteristics

The clinicopathologic characteristics of the study patients are
shown in Supplementary Table 1. The median time to PCE
was 9.9months (range, 0.7–56.3months). In addition,
the median follow-up time was 28.6months (range,
6.1–72.8months).

Univariate analysis

The mean and max dose of the whole heart and cardiac sub-
structures (grouped according to PCE severity) are shown in
Figure 2(A,B). Most cardiac substructure DVH metrics were
significantly higher in the grade 2 PCE cohort
(Supplementary Table 2). Of all the cardiac substructures, the
LA received the highest mean and max dose.

The mean DVHs of the study patients, as grouped by PCE
severity, are shown in Figure 2(C–H). There were large differ-
ences between the average DVHs of the whole heart and
each of the cardiac substructures. Moreover, when examining
the distribution of PCE severity, as stratified by mean whole
heart and mean cardiac substructure dose in a pairwise man-
ner, many patients had large dosimetric differences in the
heart and each respective substructure (Supplementary
Figure 1). Notably, the whole heart mean dose was less than
the mean dose to either atria for many patients.

Statistical modeling

The results of the elastic net regression modeling are shown
in Table 1. The whole-heart plus cardiac substructures model
type, which included DVH metrics from the whole heart and
cardiac substructures, had the highest performance for all
evaluation metrics.

Performance metrics were analyzed according to paired
ranks from each iteration of cross-validation (Table 1). For
each performance metric, the percentage in which the
whole-heart plus cardiac substructures model type ranked
higher than the whole-heart only model type was calculated
for all 100 iterations of cross-validation. For all 4 evaluation
metrics, the whole-heart plus cardiac substructures model
type significantly outperformed the standard whole-heart
only model type.

The importance of individual covariates for both model
types is illustrated in Figure 3. The typical predictors of PCE
were often found in the heart-only model type, namely,
mean heart dose and V35Gy[%] [7–11]. When comparing this
result with those of the whole heart plus cardiac substruc-
tures model type, we found that LA mean dose and RV max
dose became highly recurring features.

Fitted elastic net model

The final fitted PCE toxicity model was allowed to select any
of the whole-heart and cardiac substructure DVH metric dur-
ing model construction. Ultimately, the final model consisted
of only clinicopathologic factors, as well as whole heart, LA,
and RV DVH metrics (Table 2). The model showed strong per-
formance with an AUC, accuracy, and calibration slope/inter-
cept of 0.879, 0.801, and 1.352/�0.175, respectively.

Discussion

In this study, we examined the impact of including cardiac
substructure dose on toxicity modeling of PCE for 141
NSCLC patients, who were treated with RT. We developed
several elastic net logistic regression toxicity models; some

Table 2. Final PCE prediction model.

Variable Mean ± SD Coefficient (b)

Intercept – �1.370
Gender (F) – �0.021
RUL tumor location – �0.038
Cardiovascular Issues – �0.156
Age (yrs) – �0.009
WH Mean Dose 20.64 ± 7.66 0.026
WH V55 17.88 ± 8.40 0.931
WH V60 15.28 ± 7.65 2.013
WH V65 11.33 ± 6.88 0.823
WH V70 7.07 ± 6.51 2.016
LA Volume 67.59 ± 23.23 �0.007
LA Mean Dose 23.16 ± 16.07 0.008
LA V5 63.59 ± 33.02 0.473
LA V20 39.48 ± 28.80 0.134
LA V25 35.25 ± 27.57 0.342
LA V30 31.68 ± 26.41 0.288
LA V35 28.67 ± 25.31 0.089
LA V55 18.24 ± 19.96 0.072
LA V60 15.27 ± 17.97 0.373
LA V65 10.76 ± 14.32 0.043
RV Max Dose 34.94 ± 22.73 0.012
Hyperparameter Datum
Shrinkage term (k) 0.0803
Mixing term (a) 0.5477
Performance Metric Datum
AUC 0.879
Accuracy 0.801
Calibration slope 1.352
Calibration intercept �0.174

The final fitted elastic net logistic regression model was constructed using all
141 patients. SD: Standard deviation; RUL: Right upper lobe; WH: Whole heart;
LA: left atrium; RV: right ventricle; AUC: Area under the curve.

Table 1. Results of the elastic net regression modeling analysis.

Evaluation metric

Heart-only
model
type (A)

Heartþ
substructures

model
type (B)

Iterations
w/higher

metric values
p Value
(A< B)

AUC 0.799 0.820 74% (B>A) .00000636
Calibration intercept �0.729 �0.235 78% (B>A) .000000677
Calibration slope 2.456 1.356 78% (B>A) .00000265
Accuracy 0.713 0.743 61% (B>A) .0217

The median performance metric values across all 100 iterations of cross-valid-
ation are reported for each model type. The standard heart-only model type
(denoted ‘A’), which can only include DVH metrics from the whole heart dose,
is compared to the model types that can include DVH metrics from the whole
heart and/or cardiac substructures doses (denoted ‘B’). The percentages of
cross-validation iterations in which model type B outscored model type A is
shown. The p-values listed were computed from the paired Wilcoxon signed-
rank test. AUC: area under the curve.
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included cardiac substructure dose, while a traditional
whole-heart dose only model type did not. We confirmed
our hypothesis that including cardiac substructure dose
would improve toxicity modeling of PCE in our cohort. The
primary findings of this study were that the inclusion of

cardiac substructure dose metrics optimized our PCE predic-
tion model. In addition, we developed a predictive model for
PCE toxicity that had strong performance. The necessary
characteristics of this model for reproduction in future stud-
ies are reported.

Figure 3. The percent occurrence of covariates from the 100 iterations of the toxicity modeling for the (A,B) heart-only and (C–H) heart plus all substructures
model types.
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We found considerable heterogeneity in the dose distribu-
tion between the cardiac substructures based on patient
groupings of PCE grade (Figure 2, Supplementary Figure 1,
and Supplementary Table 2). Regarding treatment technique,
IMRT patients had higher dose-volumes at lower dose levels,
but PSPT patients had higher dose-volumes at higher doses
(Supplementary Figures 2 and 3, Supplementary Table 3).
However, when analyzing dose differences for patients with
grade 2 PCE, most DVH metrics were not significantly differ-
ent between RT modality (Supplementary Table 3). The dif-
ferences in dose distribution of the cardiac substructures
between IMRT and PSPT modalities were found to be similar
to a previous study of esophageal cancer patients [14].

Among our study population, LA had the highest dose-
volume of any substructure and the whole heart. These find-
ings are consistent with a previous study of PCE incidence in
a cohort of 112 patients, where both atria received signifi-
cantly higher doses than the whole heart for patients with
PCE (mean doses: LA, 49.4 Gy; RA, 37.8 Gy; whole heart,
24.5 Gy) [25]. Moreover, DVH metrics of patients with and
without PCE in the previous report were quite similar to our
study (e.g. mean heart dose: all patients, 12.3 vs. 20.6 Gy;
�grade 2, 24.5 vs. 24.7 Gy); however, the LA dose was lower
in our cohort (e.g. LA mean dose: all patients, 24.7 vs.
23.1 Gy; �grade 2, 49.4 vs. 31.3 Gy).

Our statistical modeling results demonstrate the utility
and necessity of cardiac substructure dose for optimizing
PCE toxicity models. The most striking finding was that for
each performance metric (AUC, accuracy, calibration inter-
cept and slope), the standard whole heart-only model type
was significantly outperformed by the whole heart plus car-
diac substructures model type (Table 1). These findings
emphasize the importance of including substructure dose for
PCE prediction modeling.

LA mean dose was an important feature in the modeling
process since this was the most recurring predictor in the
highest performing model type (Figure 3). In a pooled ana-
lysis of cardiac toxicity in stage III NSCLC patients, the only
DVH parameter found to have marginal significance with
PCE was V5Gy[%] of the whole heart [4]; however, the only
substructure analyzed dosimetrically was the LV. In another
study by the same group, LA mean dose was one of several
DVH metrics (whole heart, RA, and LA) that was correlated to
PCE in stage III NSCLC patients (RV dose was not analyzed)
[25]. However, the aforementioned study only analyzed
mean and max dose, as well as V5Gy[%], V30Gy[%], and
V60Gy[%]. In our cohort, LA mean doses were found to be
15.2 Gy and 31.3 Gy for patients with grade 0 and 2 PCE,
respectively. Furthermore, patients with grade 2 PCE had
mean LA doses of 29.4 Gy and 34.9 Gy for IMRT and PSPT
techniques, respectively. Taken together with the results of
the statistical modeling, LA mean dose appears to be a dom-
inant feature of PCE in our cohort. Therefore, a dose con-
straint on the LA may be useful in preventing PCE (e.g. LA
mean dose of no more than 27Gy), but this hypothesis
would have to be verified in future studies.

After determining that the whole heart plus all cardiac
substructures model type was optimal, a PCE prediction

model was developed on the using the entire patient cohort.
The final model included whole-heart, LA, and RV DVH met-
rics. Of the substructure metrics, LA mean dose was an
important feature. All model performance metrics achieved
encouraging values during model assessment; however, this
model should be analyzed using another patient cohort for
validation. To our knowledge, this is the first logistic regres-
sion model for radiation-induced PCE to be developed from
a large cohort of NSCLC patients.

This study raises several questions regarding the clinical
implications of our findings including: (i) the dose-response
characteristics of each of these cardiac substructures; (ii) the
recommended dose limits to avoid PCE; (iii) the expected
reduction in toxicity is reasonably achievable given this data
and (iv) how can this new information be efficiently incorpo-
rated into the clinical workflow. Due to the development of
advanced auto-contouring techniques, clinical implementa-
tion of cardiac substructures being included in the RT plan-
ning process should not be burdensome [14,15]. Items ii–iv
will require future studies using large cohorts; moreover,
additional validation studies will be necessary to confirm any
substructure dose constraint. Little is known about the pre-
cise radiation-response mechanism of pericardial effusion
[26]. Furthermore, how this normal tissue injury relates to
cardiac substructure irradiation is not well understood.
Further elucidation of the radiation-response mechanism in
the individual cardiac substructures should be examined in
future studies.

This work had some limitations. Since this study was con-
ducted retrospectively, there may be some selection bias.
However, the data was collected as part of a prospective
clinical trial, which strengthens the quality of the data.
Another limitation was the lack of an external validation set
for modeling testing. While external validation is considered
the gold standard of statistical modeling, the availability of
such a dataset is rare. Therefore, this work is the first step in
the development of this model and our findings should be
verified in other datasets. This is particularly important for
the final fitted model, as it should be tested in other datasets
to determine its validity. Finally, this was primarily a model
optimization analysis and did not examine the potential
radiosensitivity of each substructure; therefore, a future study
using a mechanistic approach should be conducted to exam-
ine this phenomenon.

In conclusion, radiation-induced PCE model types that uti-
lized cardiac substructure dose outperformed the traditional
model type that only incorporated whole-heart dose metrics.
Moreover, future studies should examine the radiosensitivity
of the cardiac substructures to determine dose constraints.
Our final elastic-net toxicity model might be useful for pre-
dicting PCE in future studies.
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