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Multi-institutional validation of a radiomics 2
signature for identification of postoperative
progression of soft tissue sarcoma
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Abstract

Background To develop a magnetic resonance imaging (MRI)-based radiomics signature for evaluating the risk of
soft tissue sarcoma (STS) disease progression.

Methods \We retrospectively enrolled 335 patients with STS (training, validation, and The Cancer Imaging Archive
sets, n=168, n=123, and n=44, respectively) who underwent surgical resection. Regions of interest were manually
delineated using two MRI sequences. Among 12 machine learning-predicted signatures, the best signature was
selected, and its prediction score was inputted into Cox regression analysis to build the radiomics signature. A
nomogram was created by combining the radiomics signature with a clinical model constructed using MRI and
clinical features. Progression-free survival was analyzed in all patients. We assessed performance and clinical utility
of the models with reference to the time-dependent receiver operating characteristic curve, area under the curve,
concordance index, integrated Brier score, decision curve analysis.

Results For the combined features subset, the minimum redundancy maximum relevance-least absolute shrinkage
and selection operator regression algorithm + decision tree classifier had the best prediction performance. The
radiomics signature based on the optimal machine learning-predicted signature, and built using Cox regression
analysis, had greater prognostic capability and lower error than the nomogram and clinical model (concordance
index, 0.758 and 0.812; area under the curve, 0.724 and 0.757; integrated Brier score, 0.080 and 0.143, in the validation
and The Cancer Imaging Archive sets, respectively). The optimal cutoff was —0.03 and cumulative risk rates were
calculated.

Data conclusion To assess the risk of STS progression, the radiomics signature may have better prognostic power
than a nomogramy/clinical model.
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Introduction

Soft tissue sarcoma (STS) is a highly aggressive and het-
erogeneous tumor with an overall 5-year survival rate
of approximately 50% [1, 2]. Surgery is considered the
standard treatment for localized STS. Despite appro-
priate aggressive multimodal therapy, the local recur-
rence rate is as high as 33-39% [3, 4], and approximately
25-30% patients have distant metastasis [5, 6]. Predict-
ing progression and progression-free survival (PES) in
patients after surgical resection, to determine whether
they should receive standard (or intensified) neoadjuvant
chemoradiotherapy or neoadjuvant radiotherapy, could
help delay disease progression and prolong survival [7].
Thus, developing STS-specific prognostic markers that
can identify patient risk levels and aid treatment deci-
sion-making is warranted.

From a clinical perspective, prognostic and predictive
models facilitate cancer management and treatment,
personalized medicine, and forecasting of overall cancer
outcomes [8]. At present, the tumor, node, metastasis
system is limited in terms of anatomical tumor staging
[9]. The French Federation of Cancer Centers Sarcoma
Group (FNCLCC) and National Cancer Institute staging
systems are important for obtaining prognostic models
but rely on mitotic activity and necrosis to determine the
final grade [2]. Moreover, the predictions of existing sys-
tems are not sufficiently accurate [9]. With rapid progress
in our understanding of cancer biology, along with devel-
opments in medical imaging technology and new and
effective therapies, investigators are now looking beyond
current grading and staging systems and developing new
predictive models.

Using high-dimensional medical images as a founda-
tion, radiomics allows more sophisticated feature extrac-
tion than conventional visual interpretation [10]. By
developing different models, radiomics has been used
for predicting histopathological grade [11-13], risk of
recurrence in cases of resection [14], preoperative lung
metastasis status [15], and overall survival [16] in STS
patients. However, although these models often include
intra-tumoral (IT) STS lesions, analysis of the region sur-
rounding the visible tumor (peri-tumoral [PT]) is lacking.
Experimental evidence indicates that the microenviron-
ment might have an integral role in STS tumor recur-
rence [17]. Therefore, it is critical to predict and assess
radiomic signatures, which reflect microenvironmental
invasion of the tumor periphery [18, 19]. We hypoth-
esized that a radiomics signature based on IT and PT
features would enhance the accuracy of STS prognostic
predictions.

In this hypothesis-driven study, we assessed the per-
formance of radiomics signatures based on IT, PT, and
whole-tumoral (WT) features on magnetic resonance
imaging (MRI) images for predicting the prognosis of
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STS patients. The signatures were developed using data
from three institutions and The Cancer Imaging Archive
(TCIA) database [20].

Materials and methods

Patients

This retrospective study received institutional review
board approval, and the requirement for informed con-
sent was waived for all participating institutions.

The training set consisted of 168 patients from the
hospital 1. Two validation sets were created: the first set
(validation set) was composed of 123 patients from two
other hospitals (the hospital 2 and hospital 3), and the
second set (TCIA set), used to assess generalizability, was
generated using a publicly available dataset from TCIA
(https://doi.org/10.7937/K9/TCIA.2015.7GO2GSKS),
from which we obtained a collection of images from 44
patients with STS [21].

Annex Al supplements the criteria for inclusion and
exclusion of patients.

Clinical data including age, gender, and FNCLCC grade
were collected.

Follow-up and survival analysis

All patients were followed up every 3—-6 months with
MRI or CT scanning during the 2 years following surgery
and semiannually thereafter. Training and validation set
data were censored in November 2021 and June 2020,
respectively, and TCIA set data were censored in Novem-
ber 2011. PFS was defined as the time between surgery
and radiographic detection of metastasis or recurrence,
the day of death without evidence of progression, or the
last negative follow-up.

MRI semantic features acquisition
A total of 335 patients underwent preoperative
T1-weighted imaging (T1WI) and fat-suppressed
T2-weighted imaging (FS-T2WI). Supplementary A2 dis-
plays the inspection equipment information and Table S1
displays the MRI scan parameters.

After drawing on previous studies, we selected six fea-
tures from the MRI semantic features (Supplementary
A3).

Tumor region delineation and radiomics feature extraction
The study flow chart is depicted in Fig. 1. ITK-SNAP
(version 3.8.0; http://www.itksnap.org ) was employed
to segment the region of interest (ROI) and evaluate the
tumors in three dimensions. After segmentation, RIAS
(version 0.2.1; https://pewter-papyrus-421.notion.site/
RIAS-916ad7256e1e472985d4b11c8ebf0fe0) [22] was
used to create peritumoral masks at a radial distance of
10 mm from the lesions in transverse and AP. Normal tis-
sue, large arteries and veins, bronchi, and surrounding air
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were manually excluded. As Fig. 1(a) shows, the IT ROI
corresponded to the maximum tumor area, the PT ROI
to a radial distance of 10 mm from the lesion, and the
WT ROI to the IT and PT regions combined.

Preprocessing procedures of features extraction were
shown in Supplementary A4. Radiomics features were
then extracted using 3D Slicer software (version 4.10.2;
https://www.slicer.org/). Finally, radiomics features,
including first-order statistical, shape-based, textural,
and wavelet decomposition features, were extracted from
each three-dimensional ROI of the FS-T2WTI and T1WI
sequences. Textural features were included five classes
(gray-level run-length matrix gray-level run-length
matrix, gray-level dependence matrix, gray-level cooc-
currence matrix, and neighborhood gray-tone difference
matrix). On the basis of the ROlIs, the following features
combination were created: (1) IT features, consisting of
radiomics features in the IT ROIs of TIWI and FS-T2WT;
(2) PT features, consisting of radiomics features in the PT
ROIs of TIWI and FS-T2WT; (3) WT features, consisting
of radiomics features in the WT ROIs of TIWI and FS-
T2WI; and (4) Combined features, consisting of both IT
and PT features.

The inter- and intraobserver performance of the
radiomics feature extraction process was assessed by cal-
culating intraclass correlation coefficients (ICCs). Images
from 40 patients were randomly chosen for segmentation
by multiple radiologists. Inter-observer correlation coef-
ficients were calculated by manually segmenting ROIs,
performed by Reader 1, and intraobserver correlation
coefficients were calculated by repeating the segmen-
tation after 1 month, performed by Reader 2. Features
with an ICC of <0.80 were removed because they were
deemed to have poor agreement. Among them, 40 T1WI
features and 66 T2WI features were removed in the IT
features; 10 T1WI features and 56 T2WI features were
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removed in the PT features; 11 T1WI features and 7
T2WI features were removed in the WT features.

“Combat compensation” method

The scanner effect is a major confounding factor in
multi-center and multi-scheme studies that affects
the extraction of radiomics features from MRI images
[23]. Therefore, the combat compensation method was
employed to eliminate the scanner effect.

Construction of radiomics signature

To remove the effect of varying gray values, all extracted
radiomics features were normalized using z-scores.
Because our feature pool had a high degree of dimen-
sionality, feature selection was used to prevent overfit-
ting. First, the 30 features with the strongest correlations
and the least redundancy were selected by the mini-
mum redundancy maximum relevance(mRMR) algo-
rithm. Next, the feature parameters were further filtered
using the least absolute shrinkage and selection operator
(LASSO) regression algorithm (Fig. 2). Then, the follow-
ing three machine learning classifiers were investigated:
decision tree (DT), support vector machine (SVM),
and logistic regression (LR). Three machine learning-
predicted signatures were constructed for each feature
subset, and a total of 12 machine learning-predicted
signatures were built. Finally, the machine learning-
predicted signature with the most accurate prediction
results was selected, and its prediction score was input-
ted into Cox regression analysis to create the radiomics
signature, which was used to obtain the radiomics score.

Development of a clinical model and radiomics nomogram
Clinical information and MRI semantic features associ-
ated with STS progression were analyzed using univariate
Cox regression, with factors significant at p<0.05 con-
sidered significant independent risk factors for disease
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Fig. 2 (a) MRI feature selection using the least absolute shrinkage and selection operator regression algorithm. (b) The seven selected MRI features and

their coefficients
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progression of STS patients. Such factor was included
in the clinical model. Moreover, we integrated radiomics
scores with selected clinical risk factors to develop a
radiomics nomogram.

Validation and performance evaluation of the different
models

The prognostic performance of machine learning-pre-
dicted signatures was evaluated on the basis of area
under the curve (AUC), accuracy, sensitivity, specificity,
positive predictive, and negative predictive values. The
ability of the clinical model, radiomics signature, and
nomogram to predict the progression of STS patients
was evaluated by the concordance index (C index) and
the time-dependent receiver operating characteristic
curve (T-ROC). The calibration curve was used to evalu-
ate calibration ability. The integrated Brier score (IBS)
was calculated using the “Boot632plus” splitting method
to estimate the prediction error of the models. Decision
curve analysis (DCA) was used to evaluate clinical use-
fulness. We used X-tile software (version 3.6.1; https://
medicine.yale.edu/lab/rimm/research/software/) to iden-
tify optimal thresholds to classify patients into low- and
high-risk groups on the basis of survival outcomes [24].
The Kaplan—Meier method and log-rank test were used
to estimate the probability of PFS of the low- and high-
risk groups.

Statistics

The baseline data were compared using Fisher’s exact
test, the chi-square test (for categorical variables) and the
Mann-Whitney U test, Student’s t test (for continuous
variables). SPSS (version 25.0; IBM Corp., Armonk, NY,
USA) and R software (version 4.2.2; www.r-project.org)
were used for the statistical analyses. Two-sided p-val-
ues<0.05 indicated statistical significance.

Table 1 Univariable cox regression analysis of clinical and
radiological features

HR (95%(Cl) P
value

Clinical Age 1.014 (1.000-1.014)  0.037*
data Gender 1.069 (0.663-1.721)  0.784
Radio- Number 0.991 (0.588-1670) 0974
logical Depth 1147 (0.713-1.841) 0572
Features  peterogeneous SIatTIWI 0993 (0.610-1.616) 0978

Heterogeneous Sl at T2WI 0.657 (0.404-1.068)  0.090

Tumor volume with MRI 0.944 (0.661-1.345)  0.749

signal compatible with

necrosis

Peritumoral edema 1.151 (0.756-1.752)  0.512
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Results

Clinical information and mri features of patients

Table S2 shows the diagnostic results and classifications
of the 335 patients. The MRI morphological and clini-
cal data of the patients are shown in Table S3. It can be
seen that the PFS of the non-progression and progres-
sion groups differed significantly across two groups in
three cohorts. In addition, gender, FNCLCC showed
significant differences between the two groups with non-
progression and progression groups in TCIA set. Both
the training set and TCIA set showed significant differ-
ences in age. In univariable cox regression analysis, age
was a significant independent predictor of STS progres-
sion (p<0.05; Table 1). On the basis of these findings, the
clinical model was established, and the AUC values for
the training, validation, and TCIA sets were 0.593, 0.569,
and 0.653, respectively.

Performance of the machine learning-predicted signatures
Table 2 displays the prediction performance of all
machine learning-predicted signatures. In the Combined
features subset, the mRMR-LASSO regression algo-
rithm+DT classifier had the highest prediction accuracy,
with AUC values of 0.812 (range: 0.730—0.893) and 0.856
(range: 0.750-0.963), and accuracy values of 0.789 and
0.795, in the validation and TCIA sets, respectively. Thus,
the results for this algorithm were input into Cox regres-
sion analysis to construct the radiomics signature, which
was then used to obtain the radiomics score.

Construction of the nomogram and performance of the
different models

A nomogram was constructed by combining the
radiomics signature with the clinical model derived from
the univariate Cox regression analysis; Table 3 displays
its predictive performance. The C index of the radiomics
signature was 0.790 (range: 0.734—0.845) in the training
set, 0.758 (range: 0.676—0.840) in the validation set, and
0.812 (0.683-0.941) in TCIA set, exceeding the values of
other models. According to the T-ROC, the AUC values
of the radiomics signature were similar to those of the
nomogram, and both were higher than those of the clini-
cal model (Fig. 3).

Figure 4(a—c) shows calibration plots of the different
models predicting STS progression over 3 years. Fig-
ure 4(d-f) shows the prediction error of the different
models. The IBS values of the radiomics signature, nomo-
gram, and clinical model were 0.080, 0.082, and 0.085 in
the validation set and 0.143, 0.143, and 0.155 in TCIA set,
respectively. Therefore, the radiomics signature had good
calibration ability and less prediction error than the other
models. In addition, as shown in Fig. 4(g), the radiomics
signature provided the greatest clinical benefit according
to 3-year DCA.
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Risk stratification

We established two STS progression risk groups accord-
ing to a cutoft value of -0.03. Table 4 lists the median PFS
times of the different cohorts, as well as the cumulative
2-, 3-, and 5-year PFS rates. Cumulative progression rates
are presented in Fig. 5.

As shown by the cumulative progression curves, the
radiomics signature significantly stratified patients
according to STS risk in the training, validation, TCIA
sets, and all sets combined (all log-rank p-values<0.01).
The median PFES times of the low-risk groups were not
reached in all cohorts, and the median PFS times of the
high-risk groups were 15, 23, 14, and 17 months in the
training set, validation set, TCIA set, and all sets com-
bined, respectively.

Discussion

The use of radiomics in preoperative prognostic models
could facilitate risk stratification of STS patients [14—
16]. However, the potential of PT images, which pro-
vide prognostically relevant information that could aid
prediction of STS progression, remains to be explored.
Moreover, prognostic models have not been evaluated
in multi-institutional, international cohorts (including
TCIA database). On the basis of the radiomics features
in the ROIs in this study, data from 335 STS patients
were used to construct 12 machine learning-predicted
signatures for identifying postoperative progression of
STS. Combining multidimensional IT and PT features
enhanced the accuracy of STS risk stratification. Further-
more, compared with the clinical model and nomogram,
the radiomics signature had greater prognostic capacity
(AUC=0.820, 0.724, and 0.757 using the training, vali-
dation, and TCIA sets, respectively), superior clinical
value, good calibration ability, and low prediction error
(IBS<0.143). Moreover, the radiomics signature per-
formed similarly across all three cohorts, indicating uni-
versality and stability.

MRI has been applied for assessing the prognosis of
STS [25]. According to Amandine et al., overall survival in
STS may be associated with certain MRI features, includ-
ing a heterogeneous T2W1I signal, peritumoral enhance-
ment, and necrosis [26]. In this study, the above MRI
features were not meaningful, which reflects model insta-
bility. Moreover, our clinical model included only age and
showed poor differentiation performance. Compared
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with previously reported predictors, the radiomics fea-
tures in this study had lower prediction error and supe-
rior clinical value, indicating that the radiomics signature
is the most valid and dependable method for predicting

STS prognosis.

Radiomics, as an emerging non-invasive method,
mines quantitative features in medical images to obtain

markers that help clinicians make clinical decisions [27,
28]. Radiomics can be regarded as a “digital biopsy” that
allows in-depth analysis of spatial heterogeneity and
tumor phenotypes in various clinical scenarios [29, 30].
Because of the aggressive nature of cancer, the peritu-
moral region provides useful and complementary infor-
mation about the disease. The survival likelihood of
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Table 4 The median PFS and cumulative 2-, 3-, and 5-year PFS rates in different cohorts

Cohort No. of patients  Median PFS 2-year PFS rate (%) 3-year PFS rate (%) 5-year PFS rate (%) P value
(progression (months)
numbers)
Training Set
Low risk 105(18) NA(NA-NA) 0.873(0.808-0.944) 0.834(0.755-0.922) 0.774(0.669-0.894)
High risk 63(51) 15(9-23) 0.270(0.173-0421) 0.204(0.118-0.352) 0.051(0.014-0.190) *p<0.001
Validation Set
Low risk 77(13) NA(NA-NA) 0.900(0.833-0.974) 0.803(0.700-0.921) 0.738 (NA-NA)
High risk 46(33) 23(17-37) 0.487(0.356-0.666) 0.301(0.182-0.498) 0.089(0.025-0.314) *p<0.001
TCIA set
Low risk 9(0) NA (NA-NA) NA (NA-NA) NA (NA-NA) NA (NA-NA)
High risk 35(24) 14(9-NA) 0.325(0.198-0.535) 0.271(0.147-0.500) NA (NA-NA) *p=0.002
All sets
Low risk 191(31) NA(NA-NA) 0.890(0.845-0.939) 0.850(0.793-0.911) 0.763(0.680-0.855)
High risk 144(108) 17(13-23) 0.363(0.289-0.457) 0.264(0.195-0.358) 0.084(0.039-0.181) *p<0.001

Note PFS, progression-free survival; * In comparison to the low-risk stratification
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Fig. 5 Cumulative progression rates predicted by the radiomics signature according to risk group

cancer patients is impacted by tumor invasion into the
peripheral region [31]. Previous research described the
application of radiomic techniques to capture informa-
tion about areas surrounding sites of cancer [31, 32]. Sun
et al. [33] combined 5-mm IT and PT regions to predict

axillary lymph node metastasis in breast cancer. Bra-
man et al. [34] incorporated features from 6-12-mm PT
regions to characterize the so-called “response-associ-
ated HER2-E subtype” In our study, when we defined the
PT region as a 15-mm area outside of the lesions, normal
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tissue and air covering a large area had to be manually
excluded in some cases. In view of the above, 10-mm
peritumoral masks at a radial distance of 10 mm from the
lesions were generated in this study. The results showed
that the performance achieved by combining the IT and
PT regions was significantly improved, similar to previ-
ous results [33, 35].

Previous studies have shown that radiomics features
can predict survival outcomes in STS patients. Liang et
al. [15] developed a radiomics nomogram based on FS-
T2WI and T1WI sequences that provided satisfactory
PES risk stratification for STS patients. A radiomics sig-
nature based on FS-T2WT also achieved good prognostic
results in terms of risk stratification for overall survival
[12]. The radiomics features that we used to predict
cumulative progression were satisfactory for risk strati-
fication of STS patients. Neoadjuvant radiotherapy and
chemotherapy could lower the risk of disease progres-
sion and improve the survival of STS patients [7, 36], and
more aggressive treatment should be implemented as
early as possible for patients at high risk of disease pro-
gression. Currently, developing individualized treatment
plans and choosing appropriate postoperative follow-up
times for STS patients is a major challenge. In our study,
STS patients were categorized into low- and high-risk
groups on the basis of the radiomics signature. For the
low-risk group, the 2-, 3-, and 5-year cumulative progres-
sion rates were 11.0%, 15.0%, 23.7%, respectively, in all
sets. Therefore, complete surgical resection and routine
follow-up after surgery are recommended, whereas adju-
vant treatment is generally not appropriate after surgery.
For the high-risk group, the 2-, 3-, and 5-year cumulative
progression rates were 63.7%, 73.6%, and 91.6%, respec-
tively, in all sets. Therefore, standard-dose adjuvant
chemoradiotherapy after surgery is recommended, along
with appropriate targeted therapy or immunotherapy
regimens and close follow-up after surgery.

Our study differs from some previously published STS
radiomics studies in several ways. First, it is the first
study to show the added value of PT features for STS
risk stratification when combined with IT features. Sec-
ond, it is the first study to assess the role of radiomics
in STS patients using TCIA database, which includes
patients from various geographic regions, as well as dif-
ferent MRI scanners and imaging protocols. Third, we
extracted radiomics features using conventional T1W1I
and FS-T2WI sequences, which are clinically reproduc-
ible, readily available, widely used, and more familiar to
radiologists compared with dynamic contrast-enhanced
imaging.

The current study had some limitations. First, given its
retrospective nature, and although we used rigorous cri-
teria, selection bias cannot be ruled out. Second, because
the robustness and generalizability of radiomics across
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multiple institutions, MRI scanners, and parameter set-
tings is important, we verified our radiomics nomogram
by adding an open-source data, i.e., TCIA database.
However, TCIA sample size is small, and larger prospec-
tive samples are required for further verification. Third,
the stability of the radiomics features may be affected
when segmentation is performed by multiple radiolo-
gists. Even if we exclude features with ICC values<0.80,
the efficiency of the radiomics process could be improved
by more accurate automated tumor segmentation [37].
Finally, a radial distance of 10 mm from the lesion was
considered the peritumor region, and the distension area
around the lesion will be further explored in a future
study.

Conclusion

In summary, we proposed a radiomics signature based
on heterogeneous IT and PT features that could serve
as a non-invasive and accessible biomarker to effectively
predict outcomes and add prognostic value to traditional
radiomics signatures based only on IT regions, thus pro-
moting precise transplant oncology and medical imaging.

Abbreviations

MRI magnetic resonance imaging

STS soft tissue sarcoma

PFS progression-free survival

FNCLCC  The French Federation of Cancer Centers Sarcoma Group
IT intra-tumoral

PT peri-tumoral

WT whole-tumoral

TCIA The Cancer Imaging Archive

TIWI T1-weighted imaging

FS-T2WI fat-suppressed T2-weighted imaging

ROI region of interest

ICCs intraclass correlation coefficients

mRMR the minimum redundancy maximum relevance
LASSO the least absolute shrinkage and selection operator
DT decision tree

SVM support vector machine

LR logistic regression

AUC the basis of area under the curve

Cindex  the concordance index

T-ROC the time-dependent receiver operating characteristic curve
IBS The integrated Brier score

DCA Decision curve analysis
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