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Abstract 

Objective: To investigate the value of contrast‑enhanced computed tomography (CECT) radiomics features in 
predicting the efficacy of epirubicin combined with ifosfamide in patients with pulmonary metastases from soft tissue 
sarcoma.

Methods: A retrospective analysis of 51 patients with pulmonary metastases from soft tissue sarcoma who received 
the chemotherapy regimen of epirubicin combined with ifosfamide was performed, and efficacy was evaluated by 
Recist1.1. ROIs (1 or 2) were selected for each patient. Lung metastases were used as target lesions (86 target lesions 
total), and the patients were divided into a progression group (n = 29) and a non‑progressive group (n = 57); the latter 
included a stable group (n = 34) and a partial response group (n = 23). Information on lung metastases was extracted 
from CECT images before chemotherapy, and all lesions were delineated by ITK‑SNAP software manually or semiauto‑
matically. The decision tree classifier had a better performance in all radiomics models. A receiver operating character‑
istic curve was plotted to evaluate the predictive performance of the radiomics model.

Results: In total, 851 CECT radiomics features were extracted for each target lesion and finally reduced to 2 radiomics 
features, which were then used to construct a radiomics model. Areas under the curves of the model for predicting 
lesion progression were 0.917 and 0.856 in training and testing groups, respectively.

Conclusion: The model established based on the radiomics features of CECT before treatment has certain predictive 
value for assessing the efficacy of chemotherapy for patients with soft tissue sarcoma lung metastases.
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Key points

• The CECT-based radiomics signature may help to 
predict the therapeutic efficacy of epirubicin com-
bined with ifosfamide in patients with soft tissue sar-
coma lung metastases.
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• Doxorubicin combined with ifosfamide is the stand-
ard first-line treatment for patients with advanced 
unresectable/metastatic STS.

• Several radiomics models were established, among 
which the model established by the decision tree 
classifier had a better effect.

Introduction
Soft tissue sarcoma (STS) is a heterogeneous group of 
malignant tumours of mesenchymal origin, account-
ing for less than 1% of all adult tumours, and can be fur-
ther divided into approximately  70  subtypes, each with 
different morphological features [1, 2]. STS can occur 
anywhere in the body, with the extremities (43%), trunk 
(10%), internal organs (19%), retroperitoneal area (15%), 
and head and neck (9%) being the most common pri-
mary sites. Among STS patients, 40 to 50% will develop 
metastases, the most common site of which is the lung, 
and patients with lung metastases have poor prognosis 
[3–6]. According to SEOM  guidelines, chemotherapy 
is the standard systemic treatment for  advanced unre-
sectable/metastatic STS [7]. Anthracycline-based (such 
as doxorubicin, epirubicin, pirarubicin) chemotherapy 
is currently the most effective treatment for STS. At 
present, doxorubicin combined with ifosfamide is  the 
standard first-line treatment for patients with  advanced 
unresectable/metastatic STS [8]. Epirubicin, an isomer 
of doxorubicin, is a member of a new class of anthracy-
cline antibiotics. Compared with doxorubicin, epirubicin 
has the same or slightly higher efficacy but has less car-
diac toxicity. Its mechanism of action is direct intercala-
tion between nucleobase pairs of DNA, interfering with 
the transcription process and preventing the forma-
tion of  mRNA and thereby inhibiting  synthesis of  both 
DNA and RNA [9].

Response Evaluation Criteria in Solid Tumours ver-
sion 1.1 (Recist1.1) is currently the most widely used 
clinical response evaluation standard for solid tumours, 
using complete response (CR), partial remission (PR), 
stable disease (SD), and progressive disease (PD) to judge 
disease response to treatment [10]. In a previous study, 
approximately 77% (2% CR, 25% PR, and 50% SD) of 
patients benefited from the chemotherapy cycle of dox-
orubicin and ifosfamide, but approximately 30% experi-
enced disease progression or even death, with the disease 
progressing rapidly (median overall survival 12.8 months) 
[11]. In general, when lung metastatic lesions enlarge 
and reach the standard of PD during the chemotherapy 
cycle, the clinic will switch to a new regimen or other 
treatment. If we could predict disease progression in 
advance, we could choose or switch to other treatment 
options (such as second-line chemotherapy, localized 

radiotherapy, localized surgery) in a timely manner such 
that patients may have the greatest clinical benefit [7].

CT is the most important imaging modality for evalu-
ating the efficacy of lung metastases in STS. However, 
conventional CT can only assess efficacy based on size 
and Recist1.1 but cannot predict efficacy. Radiomics has 
become a hot research topic in recent years: it can extract 
massive data from medical images with high through-
put and analyse high-level, quantitative image features 
to deeply reflect the spatial heterogeneity of tumour tis-
sue [12]. Contrast-enhanced CT (CECT)-based radiom-
ics has been widely used in the study of various tumour 
efficacy predictions [13–15]. However, there is no previ-
ous study on the prediction of chemotherapy efficacy in 
metastases. The purpose of this study was to construct 
CECT-based radiomics models to predict the efficacy 
of epirubicin combined with ifosfamide in patients with 
lung metastases from STS and to help clinicians choose 
better treatment options.

Materials and methods
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 epiru-
bicin  60  mg/m2,  ifosfamide  3 ~ 5  g/m2); the treatment 
course was determined according to the specific treat-
ment response. The inclusion criteria were as follows: 
① diagnosed with pulmonary metastases from STS; ② 
received the established chemotherapy regimen of epi-
rubicin combined with ifosfamide; ③ underwent an 
enhanced chest CT scan within three weeks before treat-
ment; and ④ complete clinical, imaging and pathological 
data available. The exclusion criteria were as follows: ① 
not receiving a complete set of chemotherapy regimens; 
② incomplete imaging data or enhanced  CT  scans; ③ 
other malignant tumours present; and ④ unclear patho-
logical diagnosis of metastases.

Efficacy evaluation and analysis methods
According to Recist1.1, the clinical efficacy of the 
patient’s whole body was evaluated. PR was defined as 
at least a  30%  reduction in the sum of the diameters of 
the target lesions compared to baseline. PD was defined 
as at least a 20% increase in the sum of the diameters of 
the target lesions over the entire study period, and the 
absolute value of the sum of the diameters of the tar-
get  lesions must have also increased by at least  5  mm. 
In addition,  the appearance of one or more new lesions 
was also considered to be PD. SD was defined as neither a 
decrease to PR nor an increase to PD during the study, as 
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based on the sum of the target lesion diameters according 
to the minimum sum of the target lesion diameters.

The most recent enhanced  CT  scan before chemo-
therapy was selected as the imaging data of our study. 
For patients (n = 16) with a single lung metastasis, this 
metastasis was selected as the target lesion. For patients 
with multiple lung metastases  (n = 35),  2 lung metas-
tases were  selected  as the target lesions. There was a 
total of  86  target lesions, and the patients were divided 
into a progression group (n = 29) and a non-progression 
group (n = 57), with the non-progression group includ-
ing  patients with SD (n = 34) and  patients with PR 
(n = 23). The inclusion and exclusion criteria and a flow 
chart of patient registration are shown in Fig. 1.

Instruments and methods
The  following CT  scanning instruments were used: 
Optima CT660, BrightSpeed CT, Revolution CT, 
Discovery CT750 (GE Medical System, Milwauke, 
WI)  and Toshiba Aquilion 64  -slice spiral  CT. Before 
scanning, the patient performed breathing training. 
The patient was placed in a supine position, with the 
head or feet advanced, and a breath-hold scan was 
performed after deep inhalation. All patients under-
went 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 recon-
structed  with  1.25  mm layer thickness. The contrast 
agent used for enhanced scanning was iopromide injec-
tion (iodine concentration of 300  mg/ml) at a dose of 
80 to 90 ml and a flow rate of 2.5 to 3.0 ml/s. Standard 

algorithms and high-resolution algorithms were used 
for image reconstruction and parallel multiplane recon-
struction. The lung window (window width  1500 HU, 
window level -550 HU) and mediastinal window (win-
dow width 350 HU, window level 50 HU) were selected 
for image observation.

Image acquisition and segmentation
DICOM images were exported from the picture archiv-
ing and communications system  (PACS), and  the 
images were preprocessed by resampling 1 × 1 × 1 
before region of interest (ROI) delineation to eliminate 
differences between images with different slice thick-
nesses. Each CECT scan of each patient was normal-
ized with Z-scores in order to get a standard normal 
distribution of image intensities. ITK-SANP  software 
[16] was used for ROI segmentation. 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 figure with specific col-
ours. The segmentation results were then confirmed by 
a chief physician specializing in thoracic imaging diag-
nosis. In cases of disagreement, consensus was reached 
through consultation. Attempts were made to avoid 
marking beyond the edge of the lesion. Figure 2 shows 
the workflow of radiomics feature analysis.

Fig. 1  Patient Inclusion Process
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Feature selection and model building
AK software (Artificial Intelligence Kit V3.0.0. R, 
GE)  was used to  extract the radiomics features of the 
target lesions, whereby five kinds of features (includ-
ing grey level co-occurrence matrix, grey level size 
zone, histogram, morphological features and run length 
matrix) are extracted and the image data in the seg-
mented region are calculated. The feature calculation 
formula embedded in AK software follows the image 
biomarker standardization initiative (IBSI) standard. 
The calculation formula corresponding to each fea-
ture can be seen on the website [17]. The dimensional-
ity reduction model of imaging radiomics features was 
built on IPMS software (Institute of Precision Medicine 
Statistics v2.5.2. R, GE). The patients were randomly 
divided into a training group (n = 60) and a test group 
(n = 26)  according to a ratio of  7:3, and models were 
constructed with the data of the training group and 
evaluated with the data of the test group. The feature 
parameters were first standardized (standardization). 
Dimensionality reduction was performed by means  of 
variance, multivariate logistic regression and the recur-
sive feature elimination (RFE) strategy. The random 
forest classifier, logistic regression, support vector 
machine, naïve Bayesian classification,  decision tree 
classifier, and K-nearest neighbour methods were used 
to establish radiomics models. The radiomics analysis 
process is provided in the Additional file 1.

Statistical analysis
SPSS 26.0  statistical analysis software was used. An inde-
pendent samples  t test was used to compare age and  the 
χ2 test to compare sex and the curative effect. P < 0.05 was 
considered statistically significant. Model-predicted 
progression probabilities were compared using the 
evaluation results of  Recist1.1. A receiver  operating char-
acteristic (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 specificity is the largest) 
was used as a cut-off to distinguish progression from non-
progression, and the positive predictive value and negative 
predictive value were calculated. The benefit of the model 
was evaluated by decision curve analysis (DCA).

Results
General features
A total of  51  patients were included, 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 
significant differences in age, sex or efficacy between 
the training group and the test group (P > 0.05). In 
this study, a given patient may have  1  or  2  ROIs, and 
the  ROI  was  used as the grouping; thus, statistical 
descriptive indicators, including age and sex, will be dif-
ferent from the description of the general data. The above 
situation is shown in Table 1.

Fig. 2 Workflow of radiomics feature analysis. DCA, decision curve analysis
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Radiomics features
The decision tree classifier, 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 data for the training group.

For each ROI, 851 features  were extracted, 
including  18  first-order features,  14  3D  shape fea-
tures,  75  s-order features (GLRLM, GLSZM, GLCM, 
NGTDM, and GLDM),  and 744  wavelet transform fea-
tures (based on the transformation of previous features). 

Through dimensionality reduction, the final number 
of radiomics features was  2 (wavelet-HHH_First Order 
Mean  and  wavelet-LHL_GLRLM Long Run Low Grey 
Level Emphasis).

Model performance
Comparison of the AUC values of various models in 
the training and test groups are illustrated in  Fig.  3. 
According to ROC  curves  (Fig.  4), the  AUC of  the 
decision tree classifier 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 test group. The sensitivity and 
specificity balance point, that is, the probability corre-
sponding to the maximum value of the sum of the two, 
was used as the threshold to determine lesion progres-
sion. The confusion matrix under this balance point 
describes the numbers of true positive, false positive, 
true negative and false negative cases. The sensitivity, 

Table 1  General Information of training and testing groups.

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

Fig. 3 AUC Comparison of Multiple Models. The abscissa describes the model’s name. The ordinate represents the AUC value of the model. Blue 
represents the training group. Orange represents the testing group

Fig. 4  ROC Curve of the Training Group and Test Group. a ROC Curve of the Training Group. b ROC Curve of the Test Group
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specificity, accuracy, positive predictive value and 
negative predictive value of predicting lesion progres-
sion 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, respectively. The diagnos-
tic performance of the decision tree classifier in the 
training and test groups is given in Table  2. The DCA 
curve showed that the net benefits 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 over a wide range of risk thresholds 
between 0.1 and 1.0 (Fig. 5).

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 classifier. All other indicators showed 

good predictive value (AUC of training group and test-
ing group: 0.917, 0.856). Our results demonstrate that 
CECT-based radiomics features can predict the efficacy 
of epirubicin combined with ifosfamide for treatment of 
pulmonary metastases from STS. In the clinic, epirubicin 
combined with ifosfamide is the first-line chemotherapy 
regimen for STS with lung metastases; however, there are 
still some patients who do not benefit from this approach 
and may rather benefit from other treatments and there 
is no detailed and broad consensus on the selection of 
this first-line chemotherapy regimen. The radiomics 
model established in this study can predict whether met-
astatic lesions are suitable for this treatment (epirubicin 
combined with ifosfamide) based on radiomics features 
of metastatic lesions, which adds a new judgement index 
for clinical regimen selection. If the predictive model 
suggests that there is still a high probability of disease 
progression, other treatment options can be chosen in a 
timely manner.

Radiomics has been widely used for evaluating the 
efficacy of neoadjuvant chemoradiotherapy for STS. 
Crombe  first proposed the application of  delta  -radi-
omics to predict the efficacy of neoadjuvant therapy 
for STS, analysing its value based on   T2-weighted 
sequences in  predicting  pCR  in  65 STS inpatients 
before and after neoadjuvant therapy [18]. In a 
recent study,  Peeken et  al. [19] retrospectively stud-
ied  156  patients treated with neoadjuvant chemora-
diotherapy and established a delta-radiomics model to 
predict its efficacy for STS, which confirmed the advan-
tages of radiomics in evaluating treatment efficacy in 
STS. Nevertheless, radiomics has mostly been used to 
evaluate efficacy in primary lesions of specific diseases, 

Table 2  Diagnostic performance of the decision tree classifier in 
the training and testing groups

Training group Testing group

AUC 0.917 0.856

Sensitivity (%) 75 55.6

Specificity (%) 95 88.2

Accuracy (%) 88.3 76.9

Positive predictive value (%) 88.2 71.4

Negative predictive value (%) 88.4 78.9

95% CI 0.858 ~ 0.969 0.726 ~ 0.967

Fig. 5  DCA Curve of the Training Group and Test Group. a DCA Curve of the Training Group. b DCA Curve of the Test Group
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and the evaluation of radiomics for the lung has largely 
been based on lung cancer [20]. Indeed, as there are 
no previous radiomics studies for predicting response 
with intrapulmonary metastases, the present study is 
both pioneering and advanced. Additionally, this study 
helps to fill the gap of efficacy prediction in advanced 
sarcoma.

Recist1.1 criteria were selected as the control criteria 
in this study because they are currently the most widely 
used clinical efficacy evaluation criteria for solid tumours 
[21]. Although Recist1.1 criteria are controversial  in the 
evaluation of neoadjuvant therapy for STS, some STSs 
that respond biologically to radiotherapy/ chemotherapy 
may not shrink due to tumour enlargement due to necro-
sis, intratumoural haemorrhage, and/or cystic degenera-
tion [22]; as the present study involved lung metastases, 
the above situation does not apply. In a previous radi-
omics study of multiple lesions, a single lesion in a given 
patient was usually selected for analysis [23]. However, 
in this study, the delineation of  ROIs differed because 
patients with STS may have a single lung metastasis or 
multiple lung metastases. Therefore, the requirements 
of  Recist1.1 were used in ROI  delineation, and a target 
organ can be delineated two times at most. For each tar-
get lesion, single or multiple lesions can be selected for 
delineation, 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 ultimately selected in 
this study were wavelet-HHH_First Order Mean and 
wavelet-LHL_ Gray Level Run Length Matrix (GLRLM) 
Long Run Low Grey Level Emphasis (LRLGLRE), 
which are both radiomics features obtained from 
wavelet transform. The first-order  mean is expressed 
as the average value of the signal intensity of all pix-
els in the  ROI, which can reflect the regularity of the 
image  texture. GLRLM is defined as the length of 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 grey-
scale values, short-run dominance versus long-run 
dominance. The advantage reflects the smoothness and 
roughness of the image. Overall, the greater the advan-
tage of the short run is, the smoother the texture of 
the image is; the greater the advantage of the long run 
is, the rougher the texture of the image is [24]. These 
radiomics features may more deeply reflect the het-
erogeneity of tumours and hence reflect sensitivity to 
chemotherapy regimens to predict efficacy [12].

There are certain limitations in this study. First, this 
was a single-centre, preliminary study with a relatively 
small sample size. Second, ROI  segmentation was per-
formed by manual or semiautomatic delineation, with 

potential errors that may cause a certain deviation. 
Third, some of the clinical data were incomplete because 
the patient was treated in various ways at other hospi-
tals before being treated at our hospital, and such previ-
ous clinical data could not be carefully incorporated. In 
the future, we will conduct a prospective, multicentre, 
large-sample imaging study and include a complete and 
refined analysis of clinical factors.

In conclusion, CECT-based radiomics has certain 
value for noninvasively predicting the therapeutic effi-
cacy of epirubicin combined with ifosfamide in patients 
with STS lung metastases. Our preliminary findings 
suggest that CECT radiomics has the potential to be 
used as a noninvasive biomarker to predict the efficacy 
of epirubicin combined with ifosfamide in the treat-
ment of pulmonary metastases from STS. This study 
can help guide individualized treatment strategies for 
pulmonary metastases from STS.

Abbreviations
Recist: Response evaluation criteria in solid tumours; RFE: Recursive feature 
elimination; ROC: Receiver operating characteristic; AUC : Area under the curve; 
STS: Soft tissue sarcoma; CECT: Contrast‑enhanced computed tomography; 
CR: Complete response; PR: Partial remission; PD: Progressive disease; SD: 
Stable disease; PACS: Picture archiving and communications system; DCA: 
Decision curve analysis; LRLGLRE: Long run low grey level emphasis; GLRLM: 
Gray level run length matrix.

Supplementary Information
The online version contains supplementary material available at https:// doi. 
org/ 10. 1186/ s12880‑ 022‑ 00859‑6.

Additional file 1. Supplementary Material.

Acknowledgements
Not applicable.

Author contributions
LM and SM contributed equally to this work as co‑first authors. LM wrote the 
main manuscript focusing on imaging. SM prepared the clinical data. JX and 
HZ helped to perform the ROI analysis. YW prepared the statistical analysis. ML 
contributed to the auditing and supervision and is the corresponding author. 
All authors read and approved the final manuscript.

Funding
Not applicable.

Availability of data and materials
The datasets used and/or analysed during the current study are available from 
the corresponding author on reasonable request.

Declarations

Ethical approval and consent to participate
The Ethical Committee (IRB) at the Cancer Hospital, Chinese Academy of Medi‑
cal Sciences approved this retrospective study (NCC3438). The need to obtain 
informed consent was waived by the IRB (Cancer Hospital, Chinese Academy 
of Medical Sciences) because data were de‑identified, involving no potential 
risk to patients and no link between the patients and researchers. All methods 
were carried out in accordance with relevant guidelines and regulations.

https://doi.org/10.1186/s12880-022-00859-6
https://doi.org/10.1186/s12880-022-00859-6


Page 8 of 8Miao et al. BMC Medical Imaging          (2022) 22:131 

Consent for publication
Not applicable.

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

Author details
1 Department of Diagnostic Radiology, National Cancer Center/National Clini‑
cal Research Center for Cancer/Cancer Hospital, Chinese Academy of Medi‑
cal Sciences and Peking Union Medical College, No. 17 Panjiayuan Nanli, 
Chaoyang District, Beijing 100021, China. 2 Department of Medical Oncology, 
National Cancer Center/National Clinical Research Center for Cancer/Cancer 
Hospital, Chinese Academy of Medical Sciences and Peking Union Medical 
College, No. 17, Panjiayuan Nanli, Chaoyang District, Beijing 100021, China. 3 GE 
Healthcare China, Pudong New Town, Shanghai, People’s Republic of China. 

Received: 27 April 2022   Accepted: 18 July 2022

References
 1. Siegel RL, Miller KD, Fuchs HE, Jemal A. Cancer statistics, 2021. CA Cancer 

J Clin. 2021;71:7–33.
 2. Sbaraglia M, Bellan E, Dei Tos AP. The 2020 WHO classification of soft tis‑

sue tumours: news and perspectives. Pathologica. 2021;113:70–84.
 3. Coindre JM, Terrier P, Guillou L, Le Doussal V, Collin F, Ranchère D, Sastre 

X, Vilain MO, Bonichon F, N’Guyen Bui B. Predictive value of grade for 
metastasis development in the main histologic types of adult soft tissue 
sarcomas: a study of 1240 patients from the French Federation of Cancer 
Centers Sarcoma Group. Cancer. 2001;91:1914–26.

 4. Italiano A, Mathoulin‑Pelissier S, Cesne AL, Terrier P, Bonvalot S, Collin F, 
Michels JJ, Blay JY, Coindre JM, Bui B. Trends in survival for patients with 
metastatic soft‑tissue sarcoma. Cancer. 2011;117:1049–54.

 5. Gadd MA, Casper ES, Woodruff JM, McCormack PM, Brennan MF. Devel‑
opment and treatment of pulmonary metastases in adult patients with 
extremity soft tissue sarcoma. Ann Surg. 1993;218:705–12.

 6. Lindner LH, Litière S, Sleijfer S, Benson C, Italiano A, Kasper B, Messiou C, 
Gelderblom H, Wardelmann E, Le Cesne A, Blay JY, Marreaud S, Hindi N, 
Desar IME, Gronchi A, van der Graaf WTA. Prognostic factors for soft tissue 
sarcoma patients with lung metastases only who are receiving first‑line 
chemotherapy: an exploratory, retrospective analysis of the European 
organization for research and treatment of cancer‑soft tissue and bone 
sarcoma group (EORTC‑STBSG). Int J Cancer. 2018;142:2610–20.

 7. de Juan FA, Álvarez Álvarez R, Casado Herráez A, Cruz Jurado J, Estival 
González A, Martín‑Broto J, Martínez Marín V, Moreno Vega A, Sebio 
García A, Valverde Morales C. SEOM clinical guideline of management of 
soft‑tissue sarcoma (2020). Clin Transl Oncol. 2021;23:922–30.

 8. Ratan R, Patel SR. Chemotherapy for soft tissue sarcoma. Cancer. 
2016;122:2952–60.

 9. Robert J. Clinical pharmacokinetics of epirubicin. Clin Pharmacokinet. 
1994;26:428–38.

 10. Schwartz LH, Litière S, de Vries E, Ford R, Gwyther S, Mandrekar S, Shankar 
L, Bogaerts J, Chen A, Dancey J, Hayes W, Hodi FS, Hoekstra OS, Huang 
EP, Lin N, Liu Y, Therasse P, Wolchok JD, Seymour L. RECIST 1.1‑update and 
clarification: from the RECIST committee. Eur J Cancer. 2016;62:132–7.

 11. Judson I, Verweij J, Gelderblom H, Hartmann JT, Schöffski P, Blay JY, Kerst 
JM, Sufliarsky J, Whelan J, Hohenberger P, Krarup‑Hansen A, Alcindor 
T, Marreaud S, Litière S, Hermans C, Fisher C, Hogendoorn PC, dei Tos 
AP, van der Graaf WT. Doxorubicin alone versus intensified doxorubicin 
plus ifosfamide for first‑line treatment of advanced or metastatic soft‑
tissue sarcoma: a randomised controlled phase 3 trial. Lancet Oncol. 
2014;15:415–23.

 12. Lambin P, Rios‑Velazquez E, Leijenaar R, Carvalho S, van Stiphout RG, 
Granton P, Zegers CM, Gillies R, Boellard R, Dekker A, Aerts HJ. Radiom‑
ics: extracting more information from medical images using advanced 
feature analysis. Eur J Cancer. 2012;48:441–6.

 13. Xu Q, Sun Z, Li X, Ye C, Zhou C, Zhang L, Lu G. Advanced gastric cancer: 
CT radiomics prediction and early detection of downstaging with neoad‑
juvant chemotherapy. Eur Radiol. 2021;31:8765–74.

 14. Yuan G, Song Y, Li Q, Hu X, Zang M, Dai W, Cheng X, Huang W, Yu W, Chen 
M, Guo Y, Zhang Q, Chen J. Development and validation of a contrast‑
enhanced CT‑based radiomics nomogram for prediction of therapeutic 
efficacy of anti‑PD‑1 antibodies in advanced HCC patients. Front Immu‑
nol. 2020;11: 613946.

 15. Xie K, Cui Y, Zhang D, He W, He Y, Gao D, Zhang Z, Dong X, Yang G, Dai Y, 
Li Z. Pretreatment contrast‑enhanced computed tomography radiomics 
for prediction of pathological regression following neoadjuvant chemo‑
therapy in locally advanced gastric cancer: a preliminary multicenter 
study. Front Oncol. 2021;11: 770758.

 16. ITK‑SANP software. https:// itk. org/. Acessed 21 Jun 2022
 17. Radiomic Features. https:// pyrad iomics. readt hedocs. io/ en/ latest/ featu res. 

html. Acessed 21 Jun 2022
 18. Crombé A, Périer C, Kind M, De Senneville BD, Le Loarer F, Italiano A, Buy 

X, Saut O. T(2) ‑based MRI Delta‑radiomics improve response prediction 
in soft‑tissue sarcomas treated by neoadjuvant chemotherapy. J Magn 
Reson Imaging. 2019;50:497–510.

 19. Peeken JC, Asadpour R, Specht K, Chen EY, Klymenko O, Akinkuoroye V, 
Hippe DS, Spraker MB, Schaub SK, Dapper H, Knebel C, Mayr NA, Gersing 
AS, Woodruff HC, Lambin P, Nyflot MJ, Combs SE. MRI‑based delta‑radi‑
omics predicts pathologic complete response in high‑grade soft‑tissue 
sarcoma patients treated with neoadjuvant therapy. Radiother Oncol. 
2021;164:73–82.

 20. Chetan MR, Gleeson FV. Radiomics in predicting treatment response in 
non‑small‑cell lung cancer: current status, challenges and future perspec‑
tives. Eur Radiol. 2021;31:1049–58.

 21. Gennaro N, Reijers S, Bruining A, Messiou C, Haas R, Colombo P, Bodalal 
Z, Beets‑Tan R, van Houdt W, van der Graaf WTA. Imaging response evalu‑
ation after neoadjuvant treatment in soft tissue sarcomas: Where do we 
stand? Crit Rev Oncol Hematol. 2021;160: 103309.

 22. Messiou C, Bonvalot S, Gronchi A, Vanel D, Meyer M, Robinson P, Morosi 
C, Bloem JL, Terrier PH, Lazar A, Le Péchoux C, Wardelman E, Winfield JM, 
Boulet B, Bovée J, Haas RL. Evaluation of response after pre‑operative 
radiotherapy in soft tissue sarcomas; the European organisation for 
research and treatment of cancer‑soft tissue and bone sarcoma group 
(EORTC‑STBSG) and Imaging group recommendations for radiological 
examination and reporting with an emphasis on magnetic resonance 
imaging. Eur J Cancer. 2016;56:37–44.

 23. Chee CG, Yoon MA, Kim KW, Ko Y, Ham SJ, Cho YC, Park B, Chung HW. 
Combined radiomics‑clinical model to predict malignancy of vertebral 
compression fractures on CT. Eur Radiol. 2021;31:6825–34.

 24. Song L, Yin J. Application of texture analysis based on sagittal Fat‑
suppression and oblique axial T2‑weighted magnetic resonance imaging 
to identify lymph node invasion status of rectal cancer. Front Oncol. 
2020;10:1364.

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

https://itk.org/
https://pyradiomics.readthedocs.io/en/latest/features.html
https://pyradiomics.readthedocs.io/en/latest/features.html

	Prediction of the therapeutic efficacy of epirubicin combined with ifosfamide in patients with lung metastases from soft tissue sarcoma based on contrast-enhanced CT radiomics features
	Abstract 
	Objective: 
	Methods: 
	Results: 
	Conclusion: 

	Key points
	Introduction
	Materials and methods
	General information
	Efficacy evaluation and analysis methods
	Instruments and methods
	Image acquisition and segmentation
	Feature selection and model building
	Statistical analysis

	Results
	General features
	Radiomics features
	Model performance

	Discussion
	Acknowledgements
	References


