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Background: Internal tumor motion is commonly predicted using external respiratory signals. However,
the internal/external correlation is complex and patient-specific. The purpose of this study was to develop
various models based on the radiomic features of computed tomography (CT) images to predict the accuracy
of tumor motion tracking using external surrogates and to find accurate and reliable tracking algorithms.
Methods: Images obtained from a total of 108 and 71 patients pathologically diagnosed with lung and liver
cancers, respectively, were examined. Real-time position monitoring motion was fitted to tumor motion, and
samples with fitting errors greater than 2 mm were considered positive. Radiomic features were extracted
from internal target volumes of average intensity projections, and cross-validation least absolute shrinkage
and selection operator (LassoCV) was used to conduct feature selection. Based on the radiomic features,
a total of 26 separate models (13 for the lung and 13 for the liver) were trained and tested. Area under the
receiver operating characteristic curve (AUC), sensitivity, and specificity were used to assess performance.
Relative standard deviation was used to assess stability.

Results: Thirty-three and 22 radiomic features were selected for the lung and liver, respectively. For
the lung, the AUC varied from 0.848 (decision tree) to 0.941 [support vector classifier (SVC), logistic
regression]; sensitivity varied from 0.723 (extreme gradient boosting) to 0.848 [linear support vector classifier
(linearSVC)]; specificity varied from 0.834 (gaussian naive bayes) to 0.936 [multilayer perceptron (MLP),
wide and deep (W&D)]; and MLP and W&D had better performance and stability than the median. For
the liver, the AUC varied from 0.677 [light gradient boosting machine (Light)] to 0.892 (logistic regression);
sensitivity varied from 0.717 (W&D) to 0.862 (MLP); specificity varied from 0.566 (Light) to 0.829
(linearSVC); and logistic regression, MLP, and SVC had better performance and stability than the median.
Conclusions: Respiratory-sensitive radiomic features extracted from CT images of lung and liver tumors
were proved to contain sufficient information to establish an external/internal motion relationship. We
developed a rapid and accurate method based on radiomics to classify the accuracy of monitoring a patient’s
external surface for lung and liver tumor tracking. Several machine learning algorithms—in particular,

MLP—demonstrated excellent classification performance and stability.
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Introduction

Respiratory management has long been a crucial issue
in radiotherapy (1-5). All tumor sites in the thorax and
abdomen are affected by respiratory motion (6). Moreover,
in the case of the lung and liver in particular, tumor motion
is complex, uninterrupted, patient-dependent, and can
occur in any direction (7). These factors pose significant
challenges to image acquisition, treatment planning, and
radiation delivery (8-10). To improve the accuracy of
treatment planning and delivery, multiple approaches of
respiratory management have been proposed and applied
in clinical practice. For example, for tumors in the thoracic
and abdominal regions, additional margins 5 mm or larger
in each direction are added to the internal target volume
(ITV) to generate a planning target volume (PTV) wherein
the set-up error, respiratory motion, and its influence on
optimized treatment planning are taken into account (11,12).
However, although additional margins to the gross tumor
volume (GTV) enable the delivery of sufficient doses of
radiation to the tumor, they also lead to the delivery of
high doses to adjacent organs at risk (OARs) (13-15). Thus,
the risk of severe radiation-induced side effects on OARs,
such as radiation pneumonia (16), esophagitis (17), and
radiogenic liver damage (18), is increased. To reduce these
risks caused by the extension of GTVs, real-time tumor
tracking will have to be improved in a direct or indirect
manner (19,20). Minimizing P TV margin is an important
task in radiotherapy (19).

As a method for accommodating respiratory motion,
real-time tumor tracking, which focuses on dynamically
adjusting the radiation beam to accurately adapt to
tumor site changes, is considered to be the most efficient
motion compensation approach (21). In most cases, the
direct observation of tumor movement requires the use
of continuous fluoroscopy and/or radioactive markers.
However, percutaneous implantation is invasive and
uncomfortable for the patient, who, as a result of using
fiducial markers, may suffer from complications such as
bleeding, pneumothorax, and infection (22). The migration
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and stability of fiducial markers are also a concern (23). In
addition, this method requires the orthogonal arrangement
of two X-ray fluoroscopy systems and delivers additional
imaging dose to the patient (24,25). It is thus necessary to
infer the location of the tumor from external respiratory
signals, especially if these tools are unavailable for the
patient or in the hospital. Methods for obtaining respiratory
signals are generally noninvasive, radiation dose-free, and
widely applicable in respiratory gating, and include but
are not limited to the use of infrared reflective markers,
spirometry, real-time position monitoring, and surface-
guided radiation therapy (SGRT) (2,12,26).

The correlation between external surrogates and
tumor motion is patient-specific and varies widely among
individuals, ranging from approximately 0.4 to nearly 1.0
(27-30). For patients with strong correlation coefficients
(>0.8) between skin and tumor motion (31,32), the
feasibility of using external surrogate motion to predict
tumor locations in the lung or diaphragm has been proven
(32,33). However, because the correlation is influenced
by the observation direction (2), tumor site (30), marker
location, and breathing pattern (24), tumor motion cannot
be accurately predicted for some patients. Furthermore,
tumor motion should be assessed individually because there
is no correlation between tumor motion, size, location, or
pulmonary function (34). The motivation for this study
was to develop a method for accurately identifying the
subset of patients with large errors in the internal-external
correlation model using radiomics to inform the selection
of an appropriate respiratory management approach before
clinical practice.

Radiomics focuses on the improvement of image analysis
using automated data characterization algorithms (35).
Through the use of radiomics, quantitative radiographic
phenotype features (tumor intensity, shape, texture, and
transformed features) can be extracted from multiple
medical image modalities (36). There have been numerous
studies involving the use of radiomic features extracted from
medical images in typifying tumor types and grades and
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Figure 1 Schematic of the workflow used in this study. (A) Segmentation of ROI on CT image; (B) feature extraction and feature selection; (C)

five-fold stratified sampling of dataset to generate 100 different distributions; (D) development of 13 predictive models from training sets;

(E) AUCG, sensitivity, specificity, and RSD used to assess models in test sets. ROI, region of interest; CT, computed tomography; AUC, area

under the receiver operating characteristic curve; RSD, relative standard deviation.

producing prognoses (37). Several studies have discovered
that some radiomic features in medical images of tumors are
affected by respiratory motion (38,39). Prior research has
suggested the potential feasibility of using radiomic features
extracted via computed tomography (CT) to predict the
relationship between internal tumor and external surrogate
motions. In this study, we input radiomic features obtained
from CT images into diverse classification algorithms based
on the use of machine learning to evaluate the feasibility
of classifying tumor tracking errors based on radiomics.
We present the following article in accordance with the
TRIPOD reporting checklist (available at https://qims.
amegroups.com/article/view/10.21037/qims-22-621/rc).
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Methods
Coordinate and radiomics dataset

The study was conducted in accordance with the
Declaration of Helsinki (as revised in 2013). This study was
reviewed and approved by the ethics committee of the West
China Hospital and individual consent for this retrospective
analysis was waived. It was registered with the Chinese
Clinical Trial Registration Center (registration number:
“ChiCTR2100042714”). Image data obtained from a total
of 108 lung cancer and 71 liver cancer patients treated at
our radiation physics center were included in the study. A
schematic of the workflow is shown in Figure 1.
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Figure 2 Coordinate graphs of tumor and RPM motion and least-squares-fitted result of them. (A) Tumor motion amplitude; (B) RPM

motion amplitude; (C) least-squares-fitted result. RPM, real-time position management.

A four-dimensional computed tomography (4DCT) scan
was performed in a free-breathing pattern in the treatment
simulation room using a Revolution CT instrument (GE
Healthcare, Waukesha, WI, USA). Each X-ray scan was
synchronized with breathing signals obtained using a Varian
Real-time Position Management (RPM) System (Varian
Medical Systems, Palo Alto, CA) at the epigastrium below
the xiphoid. The 4DCT image and RPM file were loaded
into an Advantage V4.7 workstation (General Electric Co.,
Waukesha, WI), and the RPM motion signals were assigned
and averaged according to 10 respiratory phases and
recorded as external motion coordinate data; subsequently,
10 respiratory-phase CT (0-90%) images and an average
intensity projection (AIP) CT (3 mm) image were produced.

Our radiation oncologist contoured the GTV range over
10 respiratory phases on 4DCT based on the Raystation
treatment planning system V4.7.6 (RaySearch Laboratory,
Stockholm, Sweden) and generated an I'TV on the AIP
CT that contained all motion ranges. The I'TV was solely
segmented from the AIP CT using an image computing
platform (3D Slicer) (40), and then a set of radiomic
features was extracted from the AIP-I'TV using pyradiomics
v3.0.1. The extracted features included 14 shape features
describing the 3D physical appearance of the tumor, 18
first-order features describing the distribution of the region
of interest (ROI) intensities excluding spatial relations, 68
texture features describing the inter-relationships among
voxel intensities, and 1,118 transform-based features. In all,
the radiomic features of 161 lung and 91 liver tumors were
collected. The workflow was reviewed and supervised by
radiation oncologists.

Tumor tracking accuracy

Measures of the relationship between external surrogate
and internal tumor positions include but are not limited
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to correlation (41), phase discrepancy (27), external/
internal correlation model, and tumor tracking error (42).
However, correlation is insufficient for fully describing the
relationship between external surrogate and internal tumor
positions (27). To assess the accuracy of tumor tracking in
clinical practice, direct indicators are necessary. Hence,
we used tracking error as this indicator and decided not to
calculate for correlation.

Currently, marker-based imaging using metal markers for
target localization in real-time tumor-tracking radiotherapy
has an accuracy of approximately 2 mm for single-projection
imaging and 1 mm for several-view imaging (43). In line
with the threshold generally recommended by research
studies, by which the accelerator delivers a dose only when
the marker is within 1-2 mm of its planned coordinates
relative to the isocenter in treatment (44), we defined 2 mm
as the accuracy threshold for tumor tracking, using RPM
in all respiratory phases; patients who had an error greater
than 2 mm between tumor motion and the predicted value
in any phase were considered positive samples. The ratios
of positive to negative samples were approximately 1:4 and
1:1 for lung and liver tumors, respectively.

Amplitude fitting

Amplitude fitting was used to predict internal tumor motion
based on the geometric center location of each tumor
determined for each phase. RPM motions were fitted with
superior—inferior tumor motions over 10 phases using the
least-squares method, as shown in Figure 2. The amplitude of
the skin motion was magnified (or reduced) and translated to
match the tumor motion using the following relation:

h(x)=kxx,+b (1]

2

Error,, =minY(h(x)-,) 2]
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where «; and y; are the tumor and RPM coordinates in phase
I, respectively, and % and & are selected to best minimize the
fitting error.

Feature engineering

Feature engineering involves two steps: pre-processing and
selection. The first step is performed to remove unit limits
from the data and transform them into dimensionless pure
values to enable the weighting of indices with different units
or magnitudes. In our approach, the mean is subtracted
from each feature and divided by the standard deviation to
complete standardization. In the second step, 1,218 features
are extracted from each image. Given that radiomics, like
any high-throughput data mining approach, suffers from the
curse of dimensionality, appropriate feature selection can
be used to decrease the risk of data overfitting to improve
performance on new samples (45-47). In our approach, the
5-fold cross-validation least absolute shrinkage and selection
operator (LassoCV) is used to identify the principal features
relevant to each binary-valued label (“0” for “negative” or
“1” for “positive”).

Modeling

Supervised learning has been widely applied to classification
tasks in machine learning (48-51). To find accurate and
reliable classifiers using radiomics-derived models, we
developed several models based on the following 13
algorithms: multilayer perceptron (MLP), wide and deep
(W&D), categorical boosting (Cat), light gradient boosting
machine (Light), extreme gradient boosting (XGB), adaptive
boosting (Ada), random forest (RF), decision tree (DT),
logistic regression via stochastic gradient descent (SGD),
gaussian naive bayes (GNB), support vector classifiers
(SVCQ), linear support vector classifiers (linearSVC), and
K-nearest neighbor (KNN).

"Training was performed using stratified random sampling
and five-fold cross validation (Figure 1C), a reasonable and
accurate evaluation approach in which data imbalances
are addressed. Each of the 13 types of machine learning
and deep learning algorithms developed in this study for
use on the lung and liver utilized Bayesian optimization
for hyperparameter tuning on a four-fold dataset via
five-fold cross validation to obtain the best classification
performance. Specifically, a total of 13,000 models were
trained and tested [i.e., 13 algorithm types x 2 (for lung and
liver) x 100 sample distributions per algorithm x 5 (five-fold
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cross validation)]. Furthermore, each model had different
hyperparameters, and an additional five-fold cross validation
was applied to each model to tune its hyperparameters. To
train on each sample distribution, each model was subjected
to hyperparameter tuning and testing on 4/5 and 1/5 of its
dataset, respectively.

Prediction performance and stability

The classification performance of each algorithm was
assessed using the area under the receiver operating
characteristic curve (AUC), sensitivity, and specificity
metrics. The averages of each of these metrics in five-
fold cross validation were considered to be each classifier’s
performance for a single sampling. We used the average
of performance for 100 sampling times to determine the
representative AUC, sensitivity, and specificity of each
algorithm. Relative standard deviation (RSD) was used to
assess the stabilities of the respective algorithms:

RSD =0+ ux100 [3]
where o and # are the standard deviation and mean of 100
performance values, respectively.

To identify accurate algorithms, rank tables of AUC and
scatterplots were created for the lung and liver. Algorithms
above the median of performance and stability were identified
as highly accurate and reliable. To determine whether there
were statistically significant differences in performance
between algorithms, we used the Wilcoxon rank-sum test, a
non-parametric statistical significance test (52), to conduct a
paired sample test between the algorithms above and below
the AUC median.

Results

LassoCV selected 33 and 22 features for lung and liver
tumors, respectively (Figure 3). The lung and liver classifiers
were based on the same radiomic feature types, which
included first-order statistics, gray-level co-occurrence
matrix (GLCM), gray-level run length matrix (GLRLM),
gray-level size zone matrix (GLSZM), and gray-level
dependence matrix (GLDM), and the same image types,
including original, wavelet, and Laplacian of Gaussian
(LoG). In addition, one shape3D feature was presented
among the lungs.

The AUC, sensitivity, specificity, and RSD were used
to depict the predictive performance and stabilities of the
different algorithms for the lung and liver (Zable I). For the
lung, SVC and SGD performed best in terms of prediction
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Figure 3 Histogram of selected radiomics features of lung and liver classifiers. (A) Radiomics features selected for lung classifiers. (B)

Radiomics features selected for liver classifiers. The horizontal axis represents the feature types; colors represent the image types. 2D, two-

dimensional; 3D, three-dimensional; LoG, Laplacian of Gaussian.

(AUC: 0.941+0.010 and 0.941+0.011, respectively) (mean
+ std), whereas DT (AUC: 0.848+0.026) performed worst.
The most sensitive classifier was linearSVC (0.848+0.025);
the least sensitive was XGB (0.723+0.036). The most
specific classifiers were MLP (0.936+0.014) and W&D
(0.936+0.014); the least specific was GNB (0.834+0.018).

To comprehensively evaluate the models, both
classification performance and stability were evaluated
using scatterplots (Figure 4). The results suggest MLP and
W&D to be the preferable algorithms because these were
the only models, among those tested, whose performance
and stability were both greater than or equal to the median
[AUC: (0.911, 1.219); sensitivity: (0.799, 3.077); specificity:
(0.901, 1.719) (performance and stability)]. The results of
Wilcoxon rank-sum tests between the above- and below-
median AUC groups are listed in Table 2. Against a null
hypothesis that the population median of the difference
between a pair of samples was zero, all P values were less
than 0.05, except for KNN compared with Light (P value:
0.4422).

For the liver, SGD had the best predictive performance
(AUC: 0.892+0.020), whereas Light performed worst
(AUC: 0.677+0.031) (Table 1). The most sensitive classifier
was MLP (0.862+0.035); the least sensitive was W&D
(0.717+0.042). The most specific classifier was linearSVC
(0.829£0.039); the least specific was Light (0.566+0.021).
A comprehensive evaluation revealed three classifiers—
SGD, MLP, and SVC—to be the preferable algorithms for
the liver based on classification performance and stabilities

© Quantitative Imaging in Medicine and Surgery. All rights reserved.

greater than or equal to the median [AUC (0.807, 3.192),
sensitivity (0.789, 5.954), and specificity (0.661, 5.430)].
The only P value greater than 0.05 was for the comparison
between KNN and GNB (P value: 0.5047) (Table 2).

The performance and stabilities of the classifiers were
significantly better on the lung than on the liver, except
in terms of sensitivity, where there was no significant
difference (Wilcoxon rank-sum test, P>0.05). In each
scatterplot shown in Figure 4, MLP is the only algorithm
located in the upper-left quadrant (indicating superior
results in terms of both performance and sensitivity).

Discussion

In this study, a novel approach using artificial intelligence
to accurately predict internal tumor motion using external
respiratory signals based on a radiomics-based system for
predicting lung and liver tumor motion-tracking errors was
proposed. The proposed method applies the least-squares
method to fit internal tumor motion with RPM motion,
based on CT images used as inputs, to identify the fitting
error. Thirteen models from different classifier families
were developed and validated through comprehensive
and unbiased analysis involving 100-time five-fold cross-
validation on each model to highlight the repeatability of
the model training.

The MLP model demonstrated excellent classification
performance and stability for both lung and liver tumors,

which proved that the ITV segmented from AIP CT images
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Table 1 Sensitivity, specificity, AUC, and RSD of classifiers over 100 sampling times (mean of five-fold cross-validation) for lung and liver tumors

AUC Sensitivity Specificity
Location Algorithm
Performance Stability (%) Performance Stability (%) Performance Stability (%)
Lung SVC 0.941+0.010 1.07 0.799+0.033 4.10 0.930+0.016 1.77
SGD 0.941+0.011 1.22 0.828+0.027 3.25 0.919+0.016 1.72
linearSVC 0.939+0.013 1.33 0.848+0.025 2.92 0.909+0.018 2.02
MLP 0.934+0.011 1.22 0.802+0.019 2.33 0.936+0.014 1.47
Wa&D 0.934+0.010 1.02 0.801+0.023 2.82 0.936+0.014 1.54
KNN 0.912+0.010 1.15 0.774+0.023 2.99 0.913+0.013 1.41
Light 0.911+0.011 1.23 0.802+0.030 3.74 0.886+0.014 1.55
RF 0.908+0.010 1.09 0.754+0.020 2.69 0.912+0.015 1.64
Cat 0.904+0.010 1.13 0.757+0.023 3.08 0.910+0.015 1.60
Ada 0.890+0.023 2.62 0.783+0.035 4.43 0.900+0.019 2.06
XGB 0.889+0.013 1.50 0.723+0.036 5.04 0.899:+0.021 2.31
GNB 0.881+0.010 1.18 0.838+0.017 2.09 0.834+0.018 2.15
DT 0.848+0.026 3.08 0.738+0.046 6.26 0.843+0.027 3.24
Liver SGD 0.892+0.020 2.28 0.829+0.042 5.07 0.796+0.039 4.90
MLP 0.887+0.019 2.19 0.862+0.035 4.05 0.744+0.035 4.68
SVC 0.887+0.019 2.20 0.807+0.044 5.49 0.805+0.041 5.05
linearSVC 0.882+0.025 2.79 0.781+0.047 5.95 0.829+0.039 4.66
W&D 0.833+0.021 2.48 0.717+0.042 5.88 0.782+0.042 5.43
KNN 0.809+0.021 2.63 0.859+0.039 4.52 0.618+0.035 5.61
GNB 0.807+0.026 3.19 0.794+0.044 5.54 0.677+0.045 6.69
RF 0.801+0.031 3.81 0.818+0.049 5.96 0.627+0.042 6.66
Ada 0.772+0.032 4.15 0.755+0.056 7.38 0.661+0.050 7.61
Cat 0.761+0.027 3.48 0.766+0.046 5.97 0.618+0.028 4.47
DT 0.739+0.034 4.60 0.789+0.058 7.39 0.610+0.053 8.66
XGB 0.735+0.034 4.59 0.736+0.047 6.40 0.612+0.038 6.13
Light 0.677+0.031 4.62 0.769+0.053 6.84 0.566+0.021 3.78

Results are ranked in descending order of AUC value. The value is presented as means + standard deviation. AUC, area under the receiver
operating characteristic curve; RSD, relative standard deviation; SVC, support vector classifier; SGD, logistic regression via stochastic
gradient descent; linearSVC, linear support vector classifier; MLP, multilayer perceptron; W&D, wide and deep; KNN, K-nearest neighbor;
Light, light gradient boosting machine; RF, random forest; Cat, categorical boosting; Ada, adaptive boosting; XGB, extreme gradient
boosting; GNB, gaussian naive bayes; DT, decision tree.

and produced via the proposed method contains sufficient abilities and informational advantages well matched to
information on the relationship between RPM and tumor the challenges of processing radiomic data (53-56). The
motion. The many parallel processing units and multiple performance of MLP can then be further improved through
embedded hidden layers of MLP provide it with processing the use of sufficient and balanced data, given that the weight
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GNB, gaussian naive bayes; SVC, support vector classifier; linearSVC, linear support vector classifier; KINN, K-nearest neighbor.

parameters used in most neural networks are designed to be
optimized using sufficient and balanced data (57,58).
Although the selected features used by the lung and liver
models developed in this study came from nearly identical
image and feature types, the models generally performed

better in terms of classification performance and stability
on the lung, except in terms of the sensitivity metric. This
difference can potentially be attributed to differences
between the lungs and liver in terms of the tissue density
change caused by tumor motion. For the same respiratory
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Table 2 Results of Wilcoxon rank sum test between classifiers (> median AUC) and remaining classifiers (< median AUC) for lung and liver

tumors
< Median
Location > Median
Light RF Cat Ada XGB GNB DT

SvC 5510x107™  3.955x107  3.954x10™"®  5.189x107™  3.955x107™  3.955x10™"®  3.956x107"®
SGD 9.313x107™  4.330x10™  3.955x10"®  4.077x107™®  3.952x107  3.953x10™"®  3.955x107"®
linearSVC  2.410x10™7  7.010x107™  5.034x10™"®  4.077x10™  4.076x10™  3.953x10™"®  3.956x10"®
Hng MLP 3.333x107"7  9.741x107"®  6.029x107"®  5.190x10°"®  4.076x107"®  3.955x107"®  3.955x107'®
Wa&D 5.805x107™  4.075x107™  3.951x10™®  4.330x107™  3.955x107™  3.955x107"®  3.956x107"®
KNN 0.4422 1.502x107"  2.440x107""  1.539x107™°  7.223x107®  4.462x107®  3.955x107"
SvVC 3.955x107™  3.954x107®  3.950x107"®  3.954x107™®  3.954x107®  3.955x107"®  3.955x107"®
SGD 3.954x107"  3.953x107"®  3.953x107®  3.953x107"®  3.954x107®  4.075x10™®  3.956x107"°
_ linearSVC ~ 3.954x107°  3.953x107"  3.953x10™  3.955x107°  3.954x107"  4.076x107°  3.955x107"
Hver MLP 3.955x107™  3.954x107®  3.952x107"®  3.955x107®  3.952x107®  3.955x107"®  3.955x107"®
Wa&D 3.954x107™  2.243x10™  3.953x10"®  5.512x10™  3.954x107®  5654x107?  3.955x107"®
KNN 3.955x107"®  5.435x10°  8.641x10™"®  5.065x107"°  8.646x107"° 0.5047 1.066x10™"7

Median values of AUC are considered reference values. AUC, area under the receiver operating characteristic curve; Light, light gradient
boosting machine; RF, random forest; Cat, categorical boosting; Ada, adaptive boosting; XGB, extreme gradient boosting; GNB, gaussian
naive bayes; DT, decision tree; SVC, support vector classifier; SGD, logistic regression via stochastic gradient descent; linearSVC, linear
support vector classifier; MLP, multilayer perceptron; W&D, wide and deep; KNN, K-nearest neighbor.

pattern, tissue density changes in the beam’s eye view for a
centrally located liver tumor will be small, given the smaller
difference between the tumor and surrounding liver tissue;
by contrast, tumor motion caused by respiration can cause
huge tissue density changes due to the air/tissue interfaces
in the lung and liver dome regions. Another possible reason
is the difference in respiratory patterns between the lung
and liver. Liver tumors tend to rotate more in all three
directions than lung tumors do (4,59-61); the effectiveness
of radiomic features as predictors of tumor motion has been
shown to be affected by tumor rotation (39). Compared
with that in lung tissue, respiratory-induced deformation
is larger in the liver, and localization error increases with
tumor deformation (62-64). Therefore, the geometric
center location is not sufficient to describe tumor motion
in translation. In addition, lung samples tend to be more
unevenly distributed than liver samples; given that, for
imbalanced data, the performance of the classifier is skewed
toward the majority class, the accuracy tends to be poor for
the minority class (65).

The classification performance results observed in this
study likely originated from different patterns and/or
degrees of tumor motion rather than lesions representing

© Quantitative Imaging in Medicine and Surgery. All rights reserved.

different phenotypes. Radiomics aims to quantify image
patterns, allowing the differentiation of tumor phenotypes;
these patterns can be influenced by tumor motion. For
example, first-order, GLCM, and GLRLM have smaller
mean concordance correlation coefficients than those
of Shape for 3D/4D images produced by either CT or
positron emission tomography (39). Du er 4/. reported
that first-order, GLCM, GLRLM, GLSZM, and GLDM
have larger percentages of instability than those of other
radiomic feature types extracted using 4DCT (66). Larue
et al. determined that features based on unfiltered images
are more robust than wavelet-filtered features (38). The
radiomic features that were inferred to be sensitive to
respiratory motion are highly consistent with those on
which our model is based. It is necessary to inspect the
tracking error of tumor motion before each session because
of the variability of respiratory motion during inter-fraction
treatment and stability during intra-fraction treatment
when the respiratory pattern is regular (67,68). Radiomic
features can be extracted from cone-beam CT (CBCT)
or 4D-CBCT images, which also contain tumor motion
information from the duration of the treatment.

Artificial intelligence algorithms based on the radiomic
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features of CT can accurately classify whether a patient
is suitable for indirect tumor tracking using RPM; this
approach is also applicable to tumor tracking using SGRT.
Most methods for estimating tumor motion and for indirect
tumor tracking achieve accuracy in tracking performance
through the use of complicated systems that ignore patient
specificity (69). For some patients, it is possible to use
simple and common techniques to achieve accurate tumor
tracking from external respiratory signals because of the
strong correlation coefficients between their external
signals and internal tumor motion (31). For patients with
acceptable tumor tracking accuracies, the tumor tracking
error may be considered as the margin to be added to
the ITV to generate the PTV, reducing the risk of side
effects on OARs. However, for 4DCT, the correlation
between tumor motion and external surrogates cannot
be directly observed in clinical settings; the accuracy of
tumor tracking is generally obtained via manual extraction,
preprocessing, and fitting of tumor motion and surrogate
signal information. The assessment process can cause
additional clinical workload, especially when performed
on every patient. Our study focused on distinguishing this
type of patient from a general pool of patients based on
CT imaging and then applying a simpler and more rapid
process than the commonly used approach of manually
extracting tumor and body surface motion information.
The generation principle used in AIP also makes it suitable
as an input for determining the appropriate respiratory
management approach for scanning 4DCT images using
other respiratory signals (70,71).

Study limitations

Indirect tumor tracking using external markers relies on the
assumption that the correlation between the external surface
and internal tumor position remains constant both inter-
and intra-fractionally (72). This presented a limitation
to our approach, in which we inspected the respiratory
circle before treatment to classify the accuracy of tracking.
In response to radiation therapy and other potential
concomitant therapies, tumor and normal tissues can shrink
and grow; furthermore, respiratory motion patterns vary
daily (6,73). The 4DCT scans we took presented only
snapshots of the times before treatment, forcing us to
ignore correlation variations in the intra- and inter-fractions
in this study. To help overcome these problems, we should
ensure that the accuracy of the correlation model used
in indirect tumor tracking is guaranteed over the entire

© Quantitative Imaging in Medicine and Surgery. All rights reserved.
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course of radiotherapy treatment. A feasible solution is the
use of CBCT and audiovisual biofeedback for respiratory
guidance, which can be applied prior to each treatment
to adjust the respiratory baseline, track tumor motion,
and assess variations in the tumor and organ volumes to
guarantee the reproducibility of the respiratory cycle in
4DCT, update the correlation model for each treatment
session, or identify whether an additional 4DCT scan
should be conducted (26,74).

Conclusions

Respiratory-sensitive radiomic features extracted from CT
images of lung and liver tumors were proved to contain
sufficient information for establishing an external/internal
motion relationship. We developed a rapid and accurate
method based on radiomics for classifying the accuracy of
monitoring a patient’s external surface for lung and liver
tumor tracking. Several machine learning algorithms—
in particular, MLP—demonstrated excellent classification
performance and stability.
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