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Abstract

Background: This study was designed to establish radiation pneumonitis (RP) prediction models using dosiomics
and/or deep learning-based radiomics (DLR) features based on 3D dose distribution.

Methods: A total of 140 patients with non-small cell lung cancer who received stereotactic body radiation therapy
(SBRT) were retrospectively included in this study. These patients were randomly divided into the training (n=112)
and test (n = 28) sets. Besides, 107 dosiomics features were extracted by Pyradiomics, and 1316 DLR features were
extracted by ResNet50. Feature visualization was performed based on Spearman’s correlation coefficients, and feature
selection was performed based on the least absolute shrinkage and selection operator. Three different models were
constructed based on random forest, including (1) a dosiomics model (a model constructed based on dosiomics
features), (2) a DLR model (a model constructed based on DLR features), and (3) a hybrid model (a model constructed
based on dosiomics and DLR features). Subsequently, the performance of these three models was compared with
receiver operating characteristic curves. Finally, these dosiomics and DLR features were analyzed with Spearman’s cor-
relation coefficients.

Results: In the training set, the area under the curve (AUC) of the dosiomics, DLR, and hybrid models was 0.9986,
0.9992, and 0.9993, respectively; the accuracy of these three models was 0.9643, 0.9464, and 0.9642, respectively.

In the test set, the AUC of these three models was 0.8462, 0.8750, and 0.9000, respectively; the accuracy of these
three models was 0.8214, 0.7857, and 0.8571, respectively. The hybrid model based on dosiomics and DLR features
outperformed other two models. Correlation analysis between dosiomics features and DLR features showed weak
correlations. The dosiomics features that correlated DLR features with the Spearman’s rho |o| > 0.8 were all first-order
features.

Conclusion: The hybrid features based on dosiomics and DLR features from 3D dose distribution could improve the
performance of RP prediction after SBRT.
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Background

Toxicity assessment is a very important step in radiother-
apy. Radiation pneumonitis (RP) is the main complication
of stereotactic body radiation therapy (SBRT) in patients
with lung cancer. As per some studies, the incidence of
RP ranges from 9 to 49% [1-5]. For the fact that patients
treated with SBRT are prone to a fragile condition, RP
may impair their quality of life and subsequently increase
hospitalization and mortality rates [6—8]. Therefore, it is
necessary to establish a model for predicting RP during
the initial evaluation and therapeutic regimens.

Recently, the advancement in machine learning (ML)
and radiomics has provided new methods for RP pre-
diction. Quantitative medical imaging features can be
extracted for computed tomography (CT) images to pre-
dict RP [9-11]. Kraf et al. proposed a predictive model
for RP toxicity using pretreatment CT-based radiom-
ics features extracted from the whole-lung volume [9],
Kawahara et al. [10] and Hirose et al. [11] used radiom-
ics features from dosimetric-based segmentation to pre-
dict the occurrence of RP. However, the occurrence of
RP is affected by radiation dose, all the above prediction
models for RP using radiomics features on pretreatment
planning CT images rather than dose distribution. Some
researchers have established RP prediction models based
on some dose volume histogram (DVH) parameters, such
as V5, V10, and mean lung dose (MLD) of the radio-
therapy plan [12, 13]. However, it can only summarize
the two-dimensional dose distribution in the target from
DVH parameters, and the spatial dose distribution or
organ architecture cannot be obtained from DVH param-
eters [14]. RP can be clinically controlled by limiting the
dose to the lungs. However, dose limitation does not
always prevent serious toxicities in some patients. It has
been demonstrated in some studies that the voxel dose
is related to the risk of tumor response, lung injury and
other complications [15], and hence features extracted
from the dose distribution may be of predictive signifi-
cance. Thus, radiomics based on 3D dose distribution
has become a more effective way to explore the toxicity
induced by the radiation dose [16].

In some studies, dose-based radiomics based on 3D
dose distribution is also known as dosiomics features
[17-21]. Liang [20] and Adachi [21] extracted dosiom-
ics from 3D dose distribution for RP prediction. These
models for predicting RP expand the application of ML
in the field of radiotherapy and promote the development
of RP prediction. To the best of our knowledge, RP after

SBRT has not been predicted by DLR features based on
3D dose distribution.

In this study, dosiomics and DLR features were
extracted from 3D dose distribution of normal lung
patients with lung cancer, and three prediction mod-
els were constructed based on random forest, including
(1) a model constructed based on dosiomics features, (2)
a model constructed based on DLR features, and (3) a
hybrid model constructed based on dosiomics and DLR
features. Besides, the correlation between dosiomics fea-
tures and DLR features from 3D dose distribution was
analyzed. The establishment of an accurate prediction
model for RP is expected to realize the dose increase for
low-risk patients or the treatment optimization for high-
risk patients. This would further minimize the incidence
of RP and significantly benefit cancer patients receiving
radiation therapy.

Methods

Study cohort

A total of 140 patients who were admitted to our hospital
from 2019 to 2021 were included for retrospective analy-
sis. All patients provided written informed consent before
enrollment. Patients were performed with 4-dimensional
computed tomography (4D-CT). The gross tumor vol-
ume (GTV) was delineated on ten respiratory phase-
sorted 4D-CT datasets. The internal target volume (ITV)
was generated by performing the union of the 10-phase
sorted GTVs. All patients were treated using an ITV-
based strategy with an additional ITV-to-planning target
volume (PTV) margin of 5 mm. The entire lung, exclud-
ing the ITV (Lung-ITV), was regarded as a normal lung.
The dose distribution was calculated by Collapsed cone
Convolution Superposition (CCCs) algorithm on the Pin-
nacle treatment planning system (TPS), with the grid size
being 2.5 mm x 2.5 mmx 2.5 mm. An example image of
a dose distribution was shown in Fig. 1. The patients were
treated with 6 MV X-rays; the prescribed dose was 50 or
60 Gy in 4-8 fractions at an isocenter, with 95% volume
of PTV was covered by the prescription dose.

Patients were followed up every month after treatment
completion until 6 months, and every 3 months thereaf-
ter. Each patient was performed by chest X-ray or CT at
each follow-up visit. During routine follow-up, the cases
were evaluated in terms of RP based on clinical findings
(e.g., dyspnea, cough, pain, and low-grade fever) and radi-
ological findings. Once diagnosed, RP was further graded
by at least two radiation oncologists according to the
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Fig. 1 An example image of a dose distribution

Common Toxicity Criteria for Adverse Events (CTCAE)
version 5.0 [22]. Grade 1: RP with symptoms or radio-
graphic features without the need for steroids; Grade 2:
RP requiring steroids or with symptoms that interfered
with daily activities; Grade 3: RP requiring oxygen and
steroids; Grade 4: RP requiring intubation. A diagnosis of
RP grade >2 was defined as the primary end point. CT
image examples of a CT without/with radiation pneu-
monitis were shown in Fig. 2. Patients with Grade 2 or
higher (Grade > 2) were labeled as having developed RP.
A total of 40 patients were assessed as having RP with
Grade>2. These 140 patients were randomly divided
into the training set (n=112, including 34 RP cases) and
the test set (n=28, including 6 RP cases). The design flow
of this study is shown in Fig. 3.

Dosiomics and DLR feature extraction
The dosiomics features were extracted automatically by
Pyradiomics (https://pyradiomics.readthedocs.io/en/

latest/) [23], including 14 shape features, 18 first-order
features, and 75 texture features. ResNet-50 architecture
was adopted to develop the deep convolutional neural
networks for DLR feature extraction [24]. The 3D distri-
bution images were cropped and resized to 96*96*96.

Feature selection

First, redundant features were eliminated through Spear-
man’s correlation coefficient (CC) analysis. Normaliza-
tion may reflect the difference of prescribed dose. Here,
as there was no significant difference in prescribed dose
between the RP and non-RP groups, the normalized
z-score was used for feature selection and RP classifica-
tion in this study. Subsequently, Spearman’s CCs were
calculated. One of the two features that were highly
correlated with the other remaining features would be
eliminated if the CC between two kinds of features was
>0.9 [25]. Next, least absolute shrinkage and selection

(@) An example of CT image without RP
Fig. 2 CTimage examples of a CT without/with RP

(b) An example of CT image with RP
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Fig. 3 Overall workflow of RP prediction performed in this study

operator (LASSO) [26] was employed to select a subset of
features with predictive significance for each of the three
binary classification models.

Model construction and performance

A random forest model was selected as the classifier
that was widely used in radiomics and achieved good
performance in many studies [27]. The area under the
curve (AUC) score was used to test the performance
of the prediction model. The optimal cut-off value by
Youden index was calculated in the process of model
construction and integrated into the calculation of the
accuracy, sensitivity, and specificity.

Dosiomics and DLR feature correlation

In this study, we correlated the dosiomics features and
DLR features through Spearman’s rank CCs. Besides,
the correlation analysis was visualized by the Circos
software (http://circos.ca)[28]. The feature sets with a
correlation coefficient larger than 0.8 were selected to
avoid over-cluttering during visualization.

Statistical analysis

The Spearman’s correlation, LASSO regression, random
forest classifier, and ROC curve analysis (evaluating
the performance of binary classifiers) were conducted
by the “sklearn” package, and the DLR features were
extracted by the “PyTorch” package. The differences
in clinical characteristics between patients with RP

and without RP were evaluated by the t-test and Chi-
square test. P value<0.05 was considered statistically
significant.

Table 1 Patient clinical and treatment characteristics

Clinical and treatment  RP Non-RP P
characters
Age (years) 67 (33-84) 65 (47-85) 0.141
Sex 0367
Male 27 75
Female 13 23
Tumor location 0.165
Left 16 53
Right 24 47
[TV Volume (cc) 9.8449.00 10.89£12.02 0411
Dose fractionations 0.626
60 Gy/8 fractions 12 31
50 Gy/4 fractions 6 18
50 Gy/5fractions 21 48
Others 1 3
Volume dose
V5 18.02+£7.54 1527 +£6.64 0.221
V10 11.08+£4.70 8.74+£395 0.250
V20 549+285 4344253 0.547
MLD (Gy) 339+1.54 328+141 0.394
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Results

Plan and clinical characteristics

A total of 140 patients (102 males and 38 females; median
age: 65.5) were included in this study, including 40 RP
patients (27 males and 13 females; median age: 67) Grade
> 2. There was no significant difference in age, gender,
tumor location, ITV volume, dose fractionations, V5,
V10, V20, and MLD between RP and Non-RP. The plan
and clinical characteristics of these patients are listed in
Table 1.

Model performance
There were 22, 10 and 12 features in the dosiomics model,
DLR model and hybrid model, respectively. The optimal
cut-off value of the dosiomics, DLR, and hybrid models
was 0.60, 040, and 0.50, respectively, in the training set,
while that of dosiomics, DLR, and hybrid models in the
test set was 0.60, 0.40, and 0.60, respectively.

The ROC curve of different models in the training and
test sets are presented in Fig. 4. The AUC of three models
was larger than 0.99 in the training set; While, the AUC
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of the dosiomics, DLR, and hybrid models was 0.8462,
0.8750, and 0.900, respectively, in the test set. The accu-
racy, AUC, sensitivity, and specificity of dosiomics, DLR,
and hybrid models in the training and test sets are listed
in Table 2. The accuracy of dosiomics, DLR, and hybrid
models in the training set was 0.9643, 0.9464, and 0.9642,
respectively; While that of dosiomics, DLR, and hybrid
models in the test set was 0.8214, 0.7857, and 0.8571,
respectively. This indicated that combining dosiomics
and DLR features could improve the model performance
of RP prediction.

Correlation between dosiomics features and DLR features

The results obtained from correlation analysis based on
the Spearman’s correlation (represented by p) are listed
in Table 3. For a quantification purpose, the number of
p with an absolute value >0.8 was counted. Group A was
the Spearman’s rho |p| > 0.8 between dosiomics features
and DLR features. Group B was the Spearman’s rho 0.5 <
|p| < 0.8 between dosiomics features and DLR features.
Besides, the ratio of the number of correlated feature

ROC curve in the training set ROC curve in the test set
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Fig. 4 AUCs of three models in the training set and test set
Table 2 Performance metrics of three models
Accuracy AUC (95%Cl) Sensitivity Specificity
Dosiomics model
Training 0.9643 0.9986 (0.9962-1.000) 0.9474 1.000
Test 0.8214 0.8462 (0.7156-0.9767) 1.000 0.9130
DLR model
Training 0.9464 0.9992 (0.9978-1.000) 1.000 0.9744
Test 0.7857 0.8750 (0.7508-0.9992) 1.000 0.8095
Hybrid model
Training 0.9642 0.9992 (0.9977-1.000) 1.000 0.9867
Test 0.8571 0.9000 (0.7895-1.000) 1.000 0.8750
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Table 3 Correlation analyses between the dosiomics and DLR features using the Spearman’s rho
Setting® No. of features Total feature pairs Correlated pairs and Ratio of correlations (%)¢
features®
A 107:1316 140,812 (25,6,19)
B

(0.02,5.61,1.44)
(6645, 54, 736) (4.72,50.47,55.93)
2 Setting A: the Spearman’s rho |p| > 0.8 between the dosiomics and DLR features and B: the Spearman’s rho 0.5 < |p| < 0.8 between the dosiomics and DLR features

b Format (I, m, n): | is the total number of feature pairs that were correlated, m is the number of dosiomics features correlated with DLR features, and n is the number of
DLR features correlated with dosiomics features

€Format (1, r, r.): r=number of correlations /total number of feature pairs, r, = number of dosiomics features correlated with DLR features/total number of radiomics
features, and r. = number of DLR features correlated with dosiomics features /total number of DLR features used

pairs to the total number of feature pairs was calculated. Spearman’s rho 0.5 < |p| < 0.8, an opposite result was
The results showed that the ratio in Groups A and B was  ¢btained.

0.02% and 4.72%, respectively, which was relatively low in

both groups. In Group A with the Spearman’s rho |p| >
0.8, the ratio of the number of dosiomics features corre-
lated with DLR features to the total number of radiom-
ics features was higher than the ratio of the number of
DLR features correlated with dosiomics features to the
total number of radiomics features. In Group B with the

In order to avoid over-cluttering, the correlation den-
sity in Group A was visualized by Circos (as shown in
Fig. 5). The width of the link represents the correlation
between the two kinds of features. The wider the link,
the greater the absolute correlation. The positive cor-
relation was represented in red color, while the negative
correlation was represented in blue. All of the dosiomics

" jeubuo
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Fig. 5 Visualization of the correlation between dosiomics features and DLR features (the Spearman’s rho |o| > 0.8)
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features in Group A that correlated with the DLR features
were identified as first-order features. The dosiomics fea-
ture with the highest correlation with DLR features was
original_firstorder_InterquartileRange, original_first-
order_RobustMeanAbsoluteDeviation. The DLR feature
with the highest correlation with dosiomics features was
DLR 676.

Discussions

In this study, the RP prediction model for patients with
lung cancer after SBRT was established based on dosi-
omics features and DLR features from 3D dose distribu-
tion of normal lung. The AUC of the dosiomics, DLR,
and hybrid models was 0.8462, 0.8750, and 0.900. Both
the dosiomics and DLR features could be used to predict
the occurrence of RP after SBRT. Importantly, combin-
ing dosiomics features and DLR features could further
improve the accuracy of the prediction model. The hybrid
model is feasible in clinical scenarios. The dosiomics fea-
tures and DLR features can be extracted from 3D dose
distribution of normal lung, and the occurrence of RP
can be predicted based on the previously established
model within a few minutes after the completion of the
radiotherapy plan. Interestingly, the prediction model
does not depend on any clinical characteristic data apart
from 3D dose distribution.

SBRT is the standard therapy for NSCLC patients who
cannot receive surgery and could achieve favorable clini-
cal outcomes [29]. Given that most patients receiving
SBRT have severe comorbidities or are in a vulnerable
state, RP should be prevented and/or actively managed.
It is necessary to predict the occurrence of RP for the
reason that it may reduce the benefits of SBRT. RP is
directly related to dose information. Most clinical predic-
tion models for RP only rely on clinical factors and DVH
parameters. However, DVH cannot effectively explain
spatial dose distribution or organ structure. Buettner
et al. proved the importance of dose distribution rela-
tive to DVH in predicting the toxicity in patients with
advanced rectal cancer, and the specific information
provided by 3D dose distribution can better explain the
relationship between dose information and toxicity [30].
Dosiomics features are statistical, geometric, or textural
measures and they can provide quantitative measure-
ments of the intensity, shape, or heterogeneity of a given
volume of interest (VOI) in medical images [31]. When
applied to dose distribution, these features may be related
to the inhomogeneity of dose distribution [32]. Normali-
zation may reflect the difference of prescribed dose. Here,
as there was no significant difference between the RP
and non-RP groups, the normalized to z-score was used
for feature selection and RP classification in this study.
DLR features have been applied to disease diagnosis and
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prediction [33, 34]. The results of these studies have con-
firmed the potential of DLR features combined with dosi-
omics features in predicting RP.

The ML- or DL-based prediction models are highly
dependent on datasets, and hence it is difficult to make
a direct comparison between different studies due to dif-
ferent data sets. AUC can be used to compare the pre-
diction performance of different models from different
studies. For instance, the AUC of a model established
by Liu et al. based on the clinical and DVH parameters
was 0.76 [35]. In a study of RP prediction based on 3D
dose distribution, Adachi et al. obtained an AUC of
0.837£0.054 based on dosiomics features [21], which
was at the same level of accuracy as the AUC of 0.846 in
our study based on dosiomics features only. In this study,
the DLR model outperformed the dosiomics model, and
the hybrid model achieved the best performance. This
indicated that combining dosiomics features and DLR
features based on 3D dose distribution can improve the
accuracy of RP prediction.

To the best of our knowledge, this is the first study to
extract DLR features from 3D dose distribution to pre-
dict RP after SBRT. The correlation analysis was con-
ducted between dosiomics features and DLR features. In
this study, 0.8 and 0.5 were selected as the cutoff value,
and there was a low correlation between dosiomics fea-
tures and DLR features. There was little overlap in the
RP-discriminative information expressed by these two
groups of features. For the Spearman’s rho |p| > 0.8, the
dosiomics features that correlated with the DLR features
were all identified as the first-order features. Among
them, original_firstorder_Median was applied to model
established. The DLR features that correlated the origi-
nal_firstorder_Median with the Spearman’s rho |p| > 0.8
included DLR 156, DLR676, DLR 483, and DLR 888, and
they were not applied to model training. Different from
dosiomics features, these DLR features have better per-
formance in predicting RP.

However, there is a lack of an external testing cohort in
this study. Nevertheless, the dosiomics and DLR features
from 3D dose distributions can still be demonstrated to
have benefits to RP prediction. Currently, collecting addi-
tional data from new patients represents a significant
challenge, while it is an essential task for obtaining an
even greater clinically relevant accuracy in predicting RP.
Thus, data sharing collaboration and distributed learning
suggested by Lambin et al. may play a key role in radia-
tion oncology [36]. It is possible to establish an accurate
prediction model for RP after SBRT based on sufficient
multi-center data.
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Conclusion

In this study, an ML model based on dosiomics and DLR
features could effectively predict RP after SBRT, which
indicates that hybrid radiomics is expected to be applied
to RP prediction.

Abbreviations

RP: Radiation pneumonitis; DLR: Deep learning-based radiomics; NSCLC:
Non-small cell lung cancer; SBRT: Stereotactic body radiation therapy; PTV:
Planning target volume; AUC: Area under the curve; ML: Machine learning; CT:
Computed tomography; DVH: Dose volume histogram; MLD: Mean lung dose;
4D-CT: 4-Dimensional computed tomography; GTV: Gross tumor volume; ITV:
Internal target volume; CCCs: Collapsed cone convolution superposition; TPS:
Treatment planning system; CC: Correlation coefficient; SD: Standard devia-
tion; LASSO: Least absolute shrinkage and selection operator; TP: True positive.

Author contributions

HY conceived and designed the project. F-AH and LY collected patients’
clinical data. HY performed model development. G-HL, SY, CH, WH, D-YH and
S-ZJ contributed to the interpretation of data. HY prepared the figures and
tables and drafted the manuscript. X-ZY and Z-WH revised the manuscript. All
authors read and approved the final version of the article.

Funding
This work was supported by the Science and Technology Innovation Plan of
Shanghai Science and Technology Commission (No.22YF1442600).

Declarations

Ethics approval and consent to participate
Not applicable.

Consent for publication
Not applicable.

Competing interests
The authors declare that they have no competing interests.

Author details

'Shanghai Chest Hospital, Shanghai Jiao Tong University, Shanghai 200030,
China. ?Department of Nuclear Science and Technology, Institute of Modern
Physics, Fudan University, Shanghai, China. >Key Laboratory of Nuclear Physics
and lon-Beam Application (MOE), Fudan University, Shanghai 200433, China.

Received: 3 August 2022 Accepted: 8 October 2022
Published online: 17 November 2022

References

1. Timmerman RD, Paulus R, Pass HI, Gore EM, Edelman MJ, Galvin J, et al.
Stereotactic body radiation therapy for inoperable early-stage lung can-
cer. JAMA. 2010;303(11):1070-6. https://doi.org/10.1001/jama.2010.261.

2. Yamashita H, Nakagawa K, Nakamura N, Koyanagi H, Tago M, Igaki H,
et al. Exceptionally high incidence of symptomatic grade 2-5 radiation
pneumonitis after stereotactic radiation therapy for lung tumors. Radiat
Oncol. 2007;2:21. https://doi.org/10.1186/1748-717X-2-21.

3. Ricardi U, Filippi AR, Guarneri A, Giglioli FR, Mantovani C, Fiandra C. al.
Dosimetric predictors of radiation-induced lung injury in stereotactic
body radiation therapy. Acta Oncol. 2009;48(4):571-7. https://doi.org/10.
1080/02841860802520821.

4. Barriger RB, Forquer JA, Brabham JG, Andolino DL, Shapiro RH, Henderson
MA, et al. A dose-volume analysis of radiation pneumonitis in non-small
cell lung cancer patients treated with stereotactic body radiation therapy.
Int J Radiat Oncol Biol Phys. 2012;82(1):457-62. https://doi.org/10.1016/].
ijrobp.2010.08.056.

20.

AR

Page 8 of 9

Ueki N, Matsuo Y, Togashi Y, Kubo T, Shibuya K, lizuka Y, et al. Impact of
pretreatment interstitial lung disease on radiation pneumonitis and
survival after stereotactic body radiation therapy for lung cancer. J Thorac
Oncol. 2015;10(1):116-25. https://doi.org/10.1097/JT0.0000000000
000359.

Lu C, Lei Z, Wu H, Lu H. Evaluating risk factors of radiation pneumonitis
after stereotactic body radiation therapy in lung tumor: meta-analysis of
9 observational studies. PLoS ONE. 2018;13(12):e0208637. https://doi.org/
10.1371/journal.pone.0208637.

Boonyawan K, Gomez DR, Komaki R, Xu Y, Nantavithya C, Allen PK, et al.
Clinical and dosimetric factors predicting grade > 2 radiation pneumoni-
tis after postoperative radiotherapy for patients with non-small cell lung
carcinoma. Int J Radiat Oncol Biol Phys. 2018;101(4):919-26. https://doi.
0rg/10.1016/}ijrobp.2018.04.012.

Ricardi U, Badellino S, Filippi AR. Stereotactic body radiotherapy for
early-stage lung cancer: history and updated role. Lung Cancer.
2015;90(3):388-96. https://doi.org/10.1016/j.lungcan.2015.10.016.

Krafft SP, Rao A, Stingo F, Briere TM, Court LE, Liao Z, et al. The utility of
quantitative CT radiomics features for improved prediction of radiation
pneumonitis. Med Phys. 2018;45(11):5317-24. https://doi.org/10.1002/
mp.13150.

Kawahara D, Imano N, Nishioka R, Ogawa K, Kimura T, Nakashima T,

et al. Prediction of radiation pneumonitis after definitive radiotherapy

for locally advanced non-small cell lung cancer using multi-region
radiomics analysis. Sci Rep. 2021;11(1):16232. https://doi.org/10.1038/
$41598-021-95643-x.

. Hirose TA, Arimura H, Ninomiya K, Yoshitake T, Fukunaga JI, Shioyama Y.

Radiomic prediction of radiation pneumonitis on pretreatment planning
computed tomography images prior to lung cancer stereotactic body
radiation therapy. Sci Rep. 2020;10(1):20424. https://doi.org/10.1038/
s41598-020-77552-7.

Valdes G, Solberg TD, Heskel M, Ungar L, Simone CB II. Using machine
learning to predict radiation pneumonitis in patients with stage | non-
small cell lung cancer treated with stereotactic body radiation therapy.
Phys Med Biol. 2016;61(16):6105-20. https://doi.org/10.1088/0031-9155/
61/16/6105.

Yakar M, Etiz D, Metintas M, Ak G, Celik O. prediction of radiation pneumo-
nitis with machine learning in stage Il lung cancer: a pilot study. Technol
Cancer Res Treat. 2021,20:15330338211016373. https://doi.org/10.1177/
15330338211016373.

Monti S, Palma G, D'Avino V, Gerardi M, Marvaso G, Ciardo D, et al.
Voxel-based analysis unveils regional dose differences associated with
radiation-induced morbidity in head and neck cancer patients. Sci Rep.
2017;7(1):7220. https://doi.org/10.1038/541598-017-07586-x.

Avanzo M, Barbiero S, Trovo M, Bissonnette JP, Jena R, Stancanello J, et al.
Voxel-by-voxel correlation between radiologically radiation induced lung
injury and dose after image-guided, intensity modulated radiotherapy
for lung tumors. Phys Med. 2017,42:150-6. https://doi.org/10.1016/j.ejmp.
2017.09.127.

Bourbonne V, Da-Ano R, JaouenV, Lucia F, Dissaux G, Bert J, et al. Radiom-
ics analysis of 3D dose distributions to predict toxicity of radiotherapy for
lung cancer. Radiother Oncol. 2021;155:144-50. https://doi.org/10.1016/j.
radonc.2020.10.040.

Rossi L, Bijman R, Schillemans W, Aluwini S, Cavedon C, Witte M, et al.
Texture analysis of 3D dose distributions for predictive modelling of toxic-
ity rates in radiotherapy. Radiother Oncol. 2018;129(3):548-53. https://doi.
0rg/10.1016/j.radonc.2018.07.027.

Gabrys HS, Buettner F, Sterzing F, Hauswald H, Bangert M. Design and
selection of machine learning methods using radiomics and dosiomics
for normal tissue complication probability modeling of xerostomia. Front
Oncol. 2018;8:35. https://doi.org/10.3389/fonc.2018.00035.

Wu A, LiY, Qi M, Lu X, Jia Q Guo F, et al. Dosiomics improves prediction
of locoregional recurrence for intensity modulated radiotherapy treated
head and neck cancer cases. Oral Oncol. 2020;104:104625. https://doi.
org/10.1016/j.oraloncology.2020.104625.

Liang B, Yan H, Tian Y, Chen X, Yan L, Zhang T, et al. Dosiomics: extracting
3D spatial features from dose distribution to predict incidence of radia-
tion pneumonitis. Front Oncol. 2019;9:269. https://doi.org/10.3389/fonc.
2019.00269.

AdachiT, Nakamura M, Shintani T, Mitsuyoshi T, Kakino R, Ogata T, et al.
Multi-institutional dose-segmented dosiomic analysis for predicting


https://doi.org/10.1001/jama.2010.261
https://doi.org/10.1186/1748-717X-2-21
https://doi.org/10.1080/02841860802520821
https://doi.org/10.1080/02841860802520821
https://doi.org/10.1016/j.ijrobp.2010.08.056
https://doi.org/10.1016/j.ijrobp.2010.08.056
https://doi.org/10.1097/JTO.0000000000000359
https://doi.org/10.1097/JTO.0000000000000359
https://doi.org/10.1371/journal.pone.0208637
https://doi.org/10.1371/journal.pone.0208637
https://doi.org/10.1016/j.ijrobp.2018.04.012
https://doi.org/10.1016/j.ijrobp.2018.04.012
https://doi.org/10.1016/j.lungcan.2015.10.016
https://doi.org/10.1002/mp.13150
https://doi.org/10.1002/mp.13150
https://doi.org/10.1038/s41598-021-95643-x
https://doi.org/10.1038/s41598-021-95643-x
https://doi.org/10.1038/s41598-020-77552-7
https://doi.org/10.1038/s41598-020-77552-7
https://doi.org/10.1088/0031-9155/61/16/6105
https://doi.org/10.1088/0031-9155/61/16/6105
https://doi.org/10.1177/15330338211016373
https://doi.org/10.1177/15330338211016373
https://doi.org/10.1038/s41598-017-07586-x
https://doi.org/10.1016/j.ejmp.2017.09.127
https://doi.org/10.1016/j.ejmp.2017.09.127
https://doi.org/10.1016/j.radonc.2020.10.040
https://doi.org/10.1016/j.radonc.2020.10.040
https://doi.org/10.1016/j.radonc.2018.07.027
https://doi.org/10.1016/j.radonc.2018.07.027
https://doi.org/10.3389/fonc.2018.00035
https://doi.org/10.1016/j.oraloncology.2020.104625
https://doi.org/10.1016/j.oraloncology.2020.104625
https://doi.org/10.3389/fonc.2019.00269
https://doi.org/10.3389/fonc.2019.00269

Huang et al. Radiation Oncology ~ (2022) 17:188

radiation pneumonitis after lung stereotactic body radiation therapy.
Med Phys. 2021;48(4):1781-91. https://doi.org/10.1002/mp.14769.

22. Brierley J, Gospodarowicz MK, Wittekind C. TNM classification of malig-
nant tumours. 8th ed. Hoboken: Wiley; 2017.

23. Van Griethuysen JJM, Fedorov A, Parmar C, Hosny A, Aucoin N, Narayan
V, et al. Computational Radiomics system to decode the radiographic
phenotype. Cancer Res. 2017;77(21):e104-7. https://doi.org/10.1158/
0008-5472.can-17-0339.

24. HeK, Zhang X, Ren S, et al. Deep residual learning for image recognition.
In: 2016 IEEE conference on computer vision and pattern recognition
(CVPR). IEEE;2016, pp. 770-778.

25. Wu G, Woodruff HC, Sanduleanu S, Refaee T, Jochems A, Leijenaar R, et al.
Preoperative CT-based radiomics combined with intraoperative frozen
section is predictive of invasive adenocarcinoma in pulmonary nodules:
a multicenter study. Eur Radiol. 2020;30(5):2680-91. https://doi.org/10.
1007/500330-019-06597-8.

26. Tibshirani RJ. Regression shrinkage and selection via the LASSO. J R Stat
Soc Ser B Methodol. 1996;73(1):273-82.

27. Breiman LEO. Random forests. Mach Learn. 2001;45:5-32.

28. Krzywinski M, Schein J, Birol |, et al. Circos: an information aesthetic for
comparative genomics. Genome Res. 2009;19:1639-45.

29. Vansteenkiste J, Crind L, Dooms C, Douillard JY, Faivre-Finn C, Lim E, et al.
2nd ESMO consensus conference on lung cancer: early-stage non-small-
cell lung cancer consensus on diagnosis, treatment and follow-up. Ann
Oncol. 2014;25(8):1462-74. https://doi.org/10.1093/annonc/mdu089.

30. Buettner F, Gulliford SL, Webb S, Partridge M. Using dose-surface maps
to predict radiation-induced rectal bleeding: a neural network approach.
Phys Med Biol. 2009;54(17):5139-53. https://doi.org/10.1088/0031-9155/
54/17/005.

31. Lambin P, Rios-Velazquez E, Leijenaar R, Carvalho S, van Stiphout RG,
Granton P, et al. Radiomics: extracting more information from medical
images using advanced feature analysis. Eur J Cancer. 2012;48(4):441-6.
https://doi.org/10.1016/j.ejca.2011.11.036.

32. MylonaE, Acosta O, Lizee T, Lafond C, Crehange G, Magné N, et al. Voxel-
based analysis for identification of urethrovesical subregions predicting
urinary toxicity after prostate cancer radiation therapy. Int J Radiat Oncol
Biol Phys. 2019;104(2):343-54. https://doi.org/10.1016/].ijrobp.2019.01.
088.

33, Zheng X, Yao Z, Huang Y, YuY,Wang, Liu Y, et al. Deep learning radiom-
ics can predict axillary lymph node status in early-stage breast cancer. Nat
Commun. 2020;11(1):1236. https://doi.org/10.1038/541467-020-15027-z.

34, Wang K, Lu X, Zhou H, GaoY, Zheng J, Tong M, et al. Deep learning
radiomics of shear wave elastography significantly improved diagnostic
performance for assessing liver fibrosis in chronic hepatitis B: a prospec-
tive multicentre study. Gut. 2019;68(4):729-41. https://doi.org/10.1136/
gutjnl-2018-316204.

35. LiuY,Wang W, Shiue K, Yao H, Cerra-Franco A, Shapiro RH, et al. Risk fac-
tors for symptomatic radiation pneumonitis after stereotactic body radia-
tion therapy (SBRT) in patients with non-small cell lung cancer. Radiother
Oncol. 2021;156:231-8. https://doi.org/10.1016/j.radonc.2020.10.015.

36. Lambin P, Roelofs E, Reymen B, Velazquez ER, Buijsen J, Zegers CM, et al.
'Rapid learning health care in oncology’—an approach towards decision
support systems enabling customised radiotherapy’ Radiother Oncol.
2013;109(1):159-64. https://doi.org/10.1016/j.radonc.2013.07.007.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

Page 9 of 9

Ready to submit your research? Choose BMC and benefit from:

fast, convenient online submission

thorough peer review by experienced researchers in your field

rapid publication on acceptance

support for research data, including large and complex data types

gold Open Access which fosters wider collaboration and increased citations

maximum visibility for your research: over 100M website views per year

At BMC, research is always in progress.

Learn more biomedcentral.com/submissions . BMC



https://doi.org/10.1002/mp.14769
https://doi.org/10.1158/0008-5472.can-17-0339
https://doi.org/10.1158/0008-5472.can-17-0339
https://doi.org/10.1007/s00330-019-06597-8
https://doi.org/10.1007/s00330-019-06597-8
https://doi.org/10.1093/annonc/mdu089
https://doi.org/10.1088/0031-9155/54/17/005
https://doi.org/10.1088/0031-9155/54/17/005
https://doi.org/10.1016/j.ejca.2011.11.036
https://doi.org/10.1016/j.ijrobp.2019.01.088
https://doi.org/10.1016/j.ijrobp.2019.01.088
https://doi.org/10.1038/s41467-020-15027-z
https://doi.org/10.1136/gutjnl-2018-316204
https://doi.org/10.1136/gutjnl-2018-316204
https://doi.org/10.1016/j.radonc.2020.10.015
https://doi.org/10.1016/j.radonc.2013.07.007

	Radiation pneumonitis prediction after stereotactic body radiation therapy based on 3D dose distribution: dosiomics andor deep learning-based radiomics features
	Abstract 
	Background: 
	Methods: 
	Results: 
	Conclusion: 

	Background
	Methods
	Study cohort
	Dosiomics and DLR feature extraction
	Feature selection
	Model construction and performance
	Dosiomics and DLR feature correlation
	Statistical analysis

	Results
	Plan and clinical characteristics
	Model performance
	Correlation between dosiomics features and DLR features

	Discussions
	Conclusion
	References


