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Abstract

Objective
To investigate the value of enhanced chest CT radiomics features in predicting the e�cacy of epirubicin
combined with ifosfamide in patients with pulmonary metastases from soft tissue sarcoma

Methods
In a retrospective analysis of 51 patients with pulmonary metastases from soft tissue sarcoma, all
received the chemotherapy regimen of epirubicin combined with ifosfamide, and the e�cacy was
evaluated by the RECIST(1.1). Each patient selected 1 or 2 chemotherapy regimens. Lung metastases
were used as target lesions (86 target lesions total), and the patients were divided into a progression
group (n = 29) and a nonprogressive group (n = 57). The nonprogressive group included a stable group (n 
= 34) and a partial response group (n = 23). Information of lung metastases was extracted from
enhanced CT images before chemotherapy, and all lesions were delineated by ITK-SNAP software
manually or semiautomatically. The decision tree classi�er had a better effect in all radiomics models.
The receiver operating characteristic (ROC) curve was plotted to evaluate the predictive performance of
the model for progression vs. nonprogression.

Results
In total, 851 enhanced CT radiomics features were extracted for each target lesion and �nally reduced to
2 radiomics features, which were used to construct a radiomics model. The areas under the curve (AUCs)
of the model for predicting the progression of lesions were 0.917 and 0.856 in the training and test
groups.

Conclusion
The model established based on the radiomic features of chest enhanced CT before treatment has
certain predictive value for the chemotherapy e�cacy of patients with soft tissue sarcoma lung
metastases.

Key Points
CT-based radiomics signature may help predict therapeutic e�cacy of epirubicin combined with
ifosfamide in patients with soft tissue sarcoma lung metastases.

Doxorubicin combined with ifosfamide is the standard �rst-line treatment for patients with advanced
unresectable/metastatic STS.
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Several radiomics models were established, among which the model established by the decision tree
classi�er had a better effect.

1 Introduction
Soft tissue sarcoma (STS) is a heterogeneous group of malignant tumours of mesenchymal origin,
accounting for less than 1% of all adult tumours, and can be further divided into approximately 70
subtypes, each with different morphological features [1, 2]. STSs can occur anywhere in the body, with
extremities (43%), trunk (10%), internal organs (19%), retroperitoneal area (15%), and head and neck (9%)
being the most common primary sites; 40–50% of STS patients will develop metastases, the most
common site of metastasis is the lung, and patients with lung metastases have a poor prognosis [3–6].

According to the SEOM guidelines, a comprehensive treatment method combining surgical resection and
radiotherapy and chemotherapy is recommended for STS with distant metastasis [7]. Chemotherapy is
the standard systemic treatment for advanced unresectable/metastatic STS. Anthracycline-based
chemotherapy is currently the most effective treatment for STS. The effective rate of doxorubicin in the
treatment of STS is approximately 14%. Doxorubicin combined with ifosfamide can improve the objective
response rate (26%) of advanced STS patients [8]. At present, doxorubicin combined with ifosfamide is
the standard �rst-line treatment for patients with advanced unresectable/metastatic STS [9]. Epirubicin is
a new class of anthracycline antibiotics and is an isomer of doxorubicin. Compared with doxorubicin, it
has the same or slightly higher e�cacy but has less toxicity to the heart. Its mechanism of action is
directly intercalating between DNA nucleobase pairs, interfering with the transcription process and
preventing the formation of mRNA, thereby inhibiting the synthesis of DNA and RNA [10]. The Response
Evaluation Criteria in Solid Tumors (RECIST) version 1.1 is currently the most widely used clinical
response evaluation standard for solid tumours, and it is also the most important clinical standard for
evaluating the e�cacy of solid metastases.

Computed tomography (CT) is an important method for the reexamination of STS lung metastasis and
the auxiliary evaluation of curative effects. It can re�ect the shape and size of metastases. The
evaluation of tumour size based on CT images using the RECIST criteria is the main method for clinical
curative effect evaluation. Changes in size are used to evaluate the e�cacy of treatment for metastases
but could not predict the e�cacy. Although doxorubicin combined with ifosfamide is the standard �rst-
line treatment for patients with advanced unresectable/metastatic STS, there are many clinical options
for the treatment of different STS lung metastases. If the e�cacy of a certain chemotherapy regimen for
metastatic tumours can be predicted in advance, it will be of great help to clinical work. Radiomics has
become a research hotspot in recent years; it can extract massive data from medical images with high
throughput and analyse high-level, quantitative image features to deeply re�ect the spatial heterogeneity
of tumour tissue. The purpose of this study was to discuss whether CT-related radiomics features can
predict the e�cacy of epirubicin combined with ifosfamide in the treatment of pulmonary metastases
from STS.
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2 Materials And Methods

2.1 General information
A retrospective analysis of 51 patients with pulmonary metastases from STS from March 2014 to July
2021 was performed. All patients received epirubicin combined with ifosfamide chemotherapy
(intravenous epirubicin 60 mg/m2, ifosfamide 3 ~ 5 g/m2), and the treatment course was determined
according to the speci�c treatment response. The inclusion criteria were as follows:  diagnosed with
pulmonary metastases from STS;  received the established chemotherapy regimen of epirubicin
combined with ifosfamide;  underwent an enhanced chest CT scan within three weeks before treatment;
and  had complete clinical, imaging and pathological data available. The exclusion criteria were as
follows: 1. failure to receive a complete set of chemotherapy regimens; 2. incomplete imaging data or
enhanced CT scans; 3. combined with other malignant tumours; and 4. unclear pathological diagnosis of
metastases.

2.2 E�cacy evaluation and analysis methods
According to RECIST 1.1, the clinical e�cacy of the patient's whole body was evaluated. Partial remission
(PR) was de�ned as at least a 30% reduction in the sum of the diameters of the target lesions compared
to baseline. Progressive disease (PD) was de�ned as at least a 20% increase in the sum of the diameters
of the target lesions over the entire study period (or the baseline value if the baseline measurement was
the smallest); otherwise, the absolute value of the sum of the diameters of the target lesions must have
also increased by at least 5 mm (the appearance of one or more new lesions is also considered to be PD).
Stable disease (SD) was de�ned as neither a decrease to PR nor an increase to PD during the study of the
sum of the target lesion diameters according to the minimum sum of the target lesion diameters.

The most recent enhanced CT scan before chemotherapy was selected as the imaging data of the omics
study. For patients with a single lung metastasis, this metastasis was selected as the target lesion (n = 
16); for patients with multiple lung metastases (n = 35), 2 lung metastases were selected as the target
lesions. There were a total of 86 target lesions, and the patients were divided into a progression group (n 
= 29) and a nonprogression group (n = 57), with the nonprogression group including patients with SD in
the stable group (n = 34) and patients with PR in the partial remission group (n = 23). The inclusion and
exclusion criteria and a �ow chart of patient registration are shown in Fig. 1.

2.3 Instruments and methods
The CT scanning instruments used were as follows: GE Optima CT660  GE BrightSpeed CT GE
Revolution CT GE Discovery CT750; and Toshiba Aquilion 64 -slice spiral CT. Before scanning, the patient
performed breathing training. The patient was in a supine position, with the head advanced or the feet
advanced, and a breath-hold scan was performed after deep inhalation. All patients underwent an
enhanced CT scan; the tube voltage was 120 kVp, the tube current was 200–350 mAs, the generated
images were 5 mm thick, and some images were reconstructed with 1.25 mm layer thickness. The
contrast agent used for enhanced scanning was iopromide injection (iodine concentration of 300 mg/ml)
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at a dose of 80 to 90 ml and a �ow rate of 2.5 to 3.0 ml/s. Standard algorithms and high-resolution
algorithms are used for image reconstruction and parallel multiplane reconstruction. The lung window
(window width 1500 HU, window level − 550 HU) and mediastinal window (window width 350 HU, window
level 50 HU) were selected for image observation.

2.4 Image acquisition and segmentation
DICOM images were exported from the picture archiving and communications system (PACS), and the
images were preprocessed by resampling before region of interest (ROI) delineation to eliminate the
difference between images with different slice thicknesses. ITK-SANP software was used for enhanced
CT scans. The ROI was manually or semiautomatically delineated layer by layer on the lung window
image until all lung metastases were included. Lesion segmentation was completed by an imaging
graduate student specializing in thoracic diagnosis, and the delineated areas of different target lesions
were highlighted in the �gure with speci�c colours; the segmentation results were then con�rmed by a
chief physician specializing in thoracic imaging diagnosis. Radiomics modelling and analysis work�ow
were made, as shown in Fig. 2.

2.5 Feature screening and model building
AK software was used to extract and analyse the radiomic features of the target lesions. The patients
were randomly divided into a training group (n = 60) and a test group (n = 26) according to a ratio of 7:3;
models were constructed with the data of the training group and tested with the data of the test group.
First, the feature parameters were standardized (standardization). Dimensionality reduction was
performed by means of variance and the recursive feature elimination (RFE) strategy. The random forest
classi�er, logistic regression, support vector machine, naïve Bayesian classi�cation, the decision tree
classi�er, and the K-nearest neighbour method were used to establish radiomics models. Finally, the
decision tree classi�er, which had the best effect, was selected to establish a radiomics model, and the
test group was used to verify the feature performance and evaluate the training. The sensitivity,
speci�city, accuracy, positive predictive value and negative predictive value of the training and test groups
and the comparison of various models in the training group and the test group are shown in Fig. 3. The
analysis process of radiomics can be found in Supplementary Materials.

2.6 Statistical analysis
SPSS 26.0 statistical analysis software was used, independent samples t test was used to compare age,
and the χ2 test was used to compare sex and curative effect. P < 0.05 was considered statistically
signi�cant. The model-predicted progression probabilities were compared with the evaluation results of
RECIST 1.1. The receiver operating characteristic (ROC) curve was drawn, and the area under the curve
(AUC) was calculated. The point corresponding to the maximum value of the Youden index (i.e., the point
where the sum of sensitivity and speci�city is the largest) was used as a cut-off to distinguish
progression from nonprogression, and the positive predictive value and negative predictive value were
calculated. The bene�t of the model was evaluated by decision curve analysis (DCA).
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3 Results

3.1 General features
A total of 51 patients were included, including 24 males and 27 females, ranging in age from 16 to 82
years, with an average age of 45.4 (± 14.1) years. There were no signi�cant differences in age, sex or
e�cacy between the training group and the validation group (P > 0.05). In this study, a patient may have 1
or 2 ROIs, and the ROI was used as the grouping, so the statistical descriptive indicators, including name
and sex, will be different from the description of the general data. The above situation is shown in
Table 1.

Table 1
General Information Description

  Age Sex (Male/Female) PR + SD (n = 57) PD (n = 29)

Training (n = 60) 46.27 ± 12.73 26/34 40 20

Testing (n = 26) 44.15 ± 16.16 15/11 17 9

t/F value -0.65 1.49 0.23

p value 0.517 0.23 0.91

3.2 Radiomic features
For each ROI, 851 features were extracted, including 18 �rst-order features, 14 3D shape features, 75
second-order features (GLRLM, GLSZM, GLCM, NGTDM, and GLDM), and 744 wavelet transform features
(based on the transformation of previous features). Through the dimensionality reduction method
(Variance), multivariate logistic regression analysis (Multivariate Logistic) and RFE strategy, the �nal
number of omics features was 2 (wavelet-HHH_First Order Mean and wavelet-LHL_GLRLM Long Run Low
Grey Level Emphasis).

The ROC curves (Figs. 4) showed that the AUC of the model for predicting lesion progression in the
training group was 0.917 (95% CI: 0.858, 0.969) for the training group and 0.856 (95% CI: 0.726, 0.967)
for the testing group. The sensitivity and speci�city balance point, that is, the probability corresponding to
the maximum value of the sum of the two, was used as the threshold to determine whether the lesion
progressed. The confusion matrix under this balance point describes the numbers of true positive, false
positive, true negative and false negative cases. The sensitivity, speci�city, accuracy, positive predictive
value and negative predictive value of predicting the progression of lesions were 75.0%, 95.0%, 88.3%,
88.2% and 88.4% in the training group and 55.6%, 88.2%, 76.9%, 71.4% and 78.9% in the test group. The
DCA curve showed that the net bene�ts of the radiomics model in both the training group and the test
group were better than those of the treat-none model and the treat-all model in a wide range of risk
thresholds between 0.1 and 1.0 (Fig. 5).
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4 Discussion
This study aimed to establish a variety of radiomics models to predict the treatment effect of
chemotherapy for STS lung metastases. A total of 6 kinds of radiomics models were established, of
which the model with the best performance in the training and test groups was the decision tree classi�er.
The AUCs of the models were all greater than 80%. Except for the poor speci�city of 55.6% in the test
group, all the other indicators showed good predictive value of the model. Radiomics has been widely
used in the evaluation of the treatment e�cacy in various tumours. It can use advanced quantitative
feature analysis methods to extract a large amount of data from medical images for digital analysis and
obtain a large amount of high-�delity target information. Multiple layers of the tumour are
comprehensively evaluated to re�ect the changes before and after tumour treatment [11]. In previous
studies, radiomics has been widely used in the evaluation of the e�cacy of neoadjuvant
chemoradiotherapy for STS. Gao et al [12] and Blackledge et al [13] used a small sample of conventional
radiomics to predict the curative effect of neoadjuvant therapy for STS and achieved certain research
results. Crombe �rst proposed the application of delta -radiomics to predict the e�cacy of neoadjuvant
therapy for STS. He analysed the value of delta-radiomics based on T2-weighted sequences in predicting
pCR in STS patients before and after neoadjuvant therapy in 65 patients [14]. In a recent study, Peeken et
al [15] retrospectively studied 156 patients treated with neoadjuvant chemoradiotherapy and established
a delta-radiomics model to predict the e�cacy of neoadjuvant therapy for STS, which further con�rmed
the advantages of radiomics in evaluating the treatment e�cacy for STS. However, in previous studies,
radiomics was mostly used to evaluate the e�cacy in primary lesions of speci�c diseases, and the
evaluation of radiomics in the lung was mostly based on lung cancer. No evidence was found for either
STS or other primary tumours. The literature describes radiomics research on the e�cacy evaluation of
intrapulmonary metastases, and this study is pioneering and advanced [16].

In this study, the RECIST 1.1 criteria were selected as the control criteria because they are currently the
most widely used clinical e�cacy evaluation criteria for solid tumours [17]. Although the RECIST 1.1
criteria are controversial in the evaluation of neoadjuvant therapy for STS, some STSs that respond
biologically to radiotherapy may not shrink due to tumour enlargement due to necrosis, intratumoural
haemorrhage, and cystic degeneration [18], but this study is a study of lung metastases, and the above
situation does not apply. In previous studies, in the radiomics study of multiple lesions, a single lesion
was usually selected for study in a single patient [19]. However, the delineation of ROIs in this study was
different because there may be a single lung metastasis or multiple lung metastases in patients with
STS. Therefore, the requirements of RECIST1.1 were used in the delineation of ROIs, and a target organ
could be delineated at most two times. For each target lesion, single or multiple lesions can be selected
for delineation, and the corresponding curative effect results were the same, which not only increases the
sample size of the ROI but also makes the research more in line with clinical reality. The two radiomics
features �nally screened in this study were wavelet-HHH_First Order Mean and wavelet-LHL_GLRLM Long
Run Low Grey Level Emphasis, which were both radiomics features obtained from wavelet transform. The
mean is expressed as the average value of the signal intensity of all pixels in the ROI, which can re�ect
the regularity of the image texture. The greyscale run length matrix (GLRLM) is de�ned as the length of
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the number of pixels, i.e., consecutive pixels with the same greyscale value, where LRLGLRE means
measuring the joint distribution of long run lengths with lower greyscale values, short-run dominance
versus long-run dominance. The advantage re�ects the smoothness and roughness of the image. The
greater the advantage of the short run is, the smoother the texture of the image, and the greater the
advantage of the long run is, the rougher the texture of the image [20].

From the perspective of clinical problems, this study selected the lung metastasis of STS as the research
object because the probability of long-term lung metastasis of STS is very high, and chemotherapy is the
key strategy for palliative treatment after lung metastasis of STS. Some studies reported that doxorubicin
combined with ifosfamide fails to show a very obvious overall survival bene�t for the treatment of
metastatic STS [8]. However, as a chemotherapy regimen used worldwide for nearly 40 years, doxorubicin
combined with ifosfamide remains the standard �rst-line treatment for patients with pulmonary
metastases from STS. The epirubicin used in this study is an isomer of doxorubicin, which has similar
e�cacy value and less cardiotoxicity. There are many factors that may affect the lung metastasis of STS,
such as the grade of STS (according to the French sarcoma organization FNCLCC, grades II and III are
considered to have more metastatic potential), the size and depth of the primary tumour, etc. [6]. These
factors may also be clinical factors that affect the e�cacy and response of STS after chemotherapy.
Some previous studies have used radiomics scores and clinical data to establish a nomogram to predict
the e�cacy and long-term survival of STS after treatment [21]. In this study, many patients had
experienced metastasis when they were admitted to the hospital, and the clinical data in other hospitals
were incomplete or unveri�ed. Therefore, a prediction model combining radiomics and clinical data could
not be established. Here, we focused on the e�cacy assessment and prediction of lung metastases. In
this study, some patients did not choose epirubicin combined with ifosfamide as the �rst-line treatment
regimen, and other treatment regimens were unevenly used, making it di�cult to perform good
strati�cation. To control the in�uencing factors of different drugs, drug selection was limited to epirubicin
combined with ifosfamide. In future research, we can try to compare the e�cacy of multiple drug e�cacy
evaluation models. Accurate clinical data and good strati�cation as well as clinical imaging combined
with models to predict e�cacy are our focus and future research direction.

There are certain limitations in this study. First, there were few enrolled patients, and there was
controversy in the statistical analysis of the clinical data. Second, the sample data were from a single-
centre retrospective study. ROI segmentation was performed by manual or semiautomatic delineation,
some layers of tumour lesions may be poorly demarcated from normal tissue, and there may be potential
errors that may cause a certain deviation. Moreover, the clinical information included in the study was
limited, and the possible in�uencing factors of various clinical aspects on the curative effect cannot be
carefully incorporated. Finally, due to the variety of follow-up scanning methods for the enrolled patients
and the uneven number of images of the patients, they could not be reasonably grouped, so this study
only selected images of enhanced scans for research. In future studies, we will conduct a prospective,
multicentre, large-sample imaging study and include a complete and re�ned analysis of clinical factors.
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In conclusion, CT radiomics has certain value for noninvasively predicting the therapeutic e�cacy of
epirubicin combined with ifosfamide in patients with STS lung metastases, and our �ndings suggest that
CT radiomics with multiple ROIs can be used to study multiple lung metastases. This study can help
guide individualized treatment strategies for pulmonary metastases from STS. Although validation in a
large-scale prospective study is needed, our preliminary �ndings suggest that CT radiomics has the
potential to be used as a noninvasive biomarker to predict the e�cacy of lung metastases from STS.

Abbreviations And Acronyms
RECIST Response Evaluation Criteria in Solid Tumors

RFE Recursive feature elimination

ROC The receiver operating characteristic

AUC The area under the curve

STS Soft tissue sarcoma

CT Computed tomography

PR Partial remission

PD Progressive disease

SD Stable disease

PACS Picture archiving and communications system

DCA Decision curve analysis
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Figure 1

Inclusion Standard Diagram

Figure 2
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Radiomics modelling and analysis work�ow

Figure 3

AUC Comparison of Multiple Models

Figure 4

ROC Curve of the Training Group and Test Group. a ROC Curve of the Training Group. b ROC Curve of
the Testing Group
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Figure 5

DCA Curve of the Training Group and Test Group. a DCA Curve of the Training Group. b DCA Curve of the
Testing Group
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