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A B S T R A C T

Objectives: To explore whether MRI and radiomic features can differentiate uterine sarcoma from atypical
leiomyoma. And to compare diagnostic performance of radiomic model with radiologists.
Methods: 78 patients (29 sarcomas, 49 leiomyomas) imaged with pelvic MRI prior to surgery were included in
this retrospective study. Certain clinical and MRI features were evaluated for one lesion per patient. Radiological
diagnosis was made based on MRI features. A radiomic model using automated texture analysis based on ADC
maps was built to predict pathological results. The association between MRI features and pathological results
was determined by multivariable logistic regression after controlling for other variables in univariate analyses
with P < 0.05. The diagnostic efficacy of radiologists and radiomic model were compared by area under the
receiver-operating characteristic curve (AUC), sensitivity, specificity and accuracy.
Results: In univariate analyses, patient’s age, menopausal state, intratumor hemorrhage, tumor margin and
uterine endometrial cavity were associated with pathological results, P < 0.05. Patient’s age, tumor margin and
uterine endometrial cavity remained significant in a multivariable model, P < 0.05. Diagnosis efficacy of
radiologists based on MRI reached an AUC of 0.752, sensitivity of 58.6%, specificity of 91.8%, and accuracy of
79.5%. The optimal radiomic model reached an AUC of 0.830, sensitivity of 76.0%, average specificity of 73.2%,
and accuracy of 73.9%.
Conclusions: Ill-defined tumor margin and interrupted uterine endometrial cavity of older women were pre-
dictors of uterine sarcoma. Radiomic analysis was feasible. Optimal radiomic model showed comparable diag-
nostic efficacy with experienced radiologists.

1. Introduction

Uterine sarcomas are heterogenous neoplasms that consists of
multiple histopathologic subtypes that associated with a poor prognosis
when compared with gynecological carcinoma [1–3]. They are char-
acterized by its aggressive behavior, with a great tendency to local
recurrence, early dissemination, distant spread, and high mortality rate
[4,5]. Preoperative diagnosis of uterine sarcomas become increasingly
important because of the rapidly growing availability of more con-
servative approaches in the management of benign uterine masses [6].
While those techniques offer benefit of faster recovery and organ-pre-
servation, they could allow uterine sarcoma go unrecognized. Some-
times what presumed to be leiomyomas are subsequently found to be
sarcomas [3,7].

The clinical differentiation of uterine sarcoma from leiomyoma is
often difficult due to similar symptoms and laboratory data they pro-
duce [8,9]. What’s more, there are no pathognomonic feature to diag-
nose uterine sarcoma on any imaging technique [5]. Magnetic re-
sonance imaging (MRI) is able to offer more detailed analysis than CT
or ultrasonography in the preoperative diagnosis of uterine sarcoma
[9]. Previous studies shown that a solitary, lobulated uterine mass with
ill-defined margin, flow voids, intratumor hemorrhage, and intratumor
necrosis in MR images of elderly woman raised suspicion of sarcoma
[5,8–11]. Tumors located mainly in the uterine cavity also raise sus-
picion of malignancy [12]. However, due to degeneration, or unusual
pattern of growth, atypical leiomyoma may present with similar MRI
features [8]. Different results from previous studies have also led to
uncertainty regarding the value of MRI features [5,10,13–15].
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Therefore, further investigations are needed.
Radiomics involves extraction and modeling of a large number of

medical imaging features for diagnostic, prognostic, and predictive
purpose [16,17]. Multiple studies have showed the feasibility of
radiomics across imaging modalities in oncology and its effectiveness
[18–22]. Lakhman et al. had investigated that texture analysis of T2-
weighted images was feasible in distinguished leiomyosarcoma from
atypical leiomyoma [8]. However, none of previous studies had in-
vestigated whether functional MRI radiomic features could render
better prediction of uterine sarcomas.

The purpose of this study is to investigate the whether MR features
and apparent diffusion coefficient (ADC) map-based radiomic features
can distinguish uterine sarcoma from atypical leiomyoma and to com-
pare the diagnostic efficacy between radiologists and radiomic model.

2. Materials and methods

2.1. Study population

The institutional review board approved this retrospective study
with a waiver of the requirement for patients’ informed consent. A
database of gynecologic surgeries (hysterectomy or myomectomy)
performed was reviewed. Consecutive patients were retrieved ac-
cording to the following inclusion criteria: patients who (a) had histo-
logically proven uterine sarcoma or leiomyoma; (b) were suspected of

malignant uterine mass or atypical leiomyoma in their MRI reports or
diagnosis on admission; (c) underwent preoperative multiparametric
MRI (MP-MRI); (d) had no chemotherapy, radiation or invasive therapy
before MP-MRI; and (e) with available clinical information.
Pathological diagnosis were made based on the Stanford criteria, sup-
plemented by the World Health Organization’s Classification of Tumors
of Female Reproductive Organs [23].

2.2. MR imaging acquisition

Patients underwent MRI examinations using either a 3-T system
(Achieva; Philips Healthcare, Best, The Netherlands) or a 1.5-T system
(Signa HDxt, GE Medical System) in this study. The imaging protocol
included: (1) T2-weighted fast spin-echo imaging in the axial, coronal,
and sagittal planes; (2) axial T1-weightedd fast spin-echo imaging; (3)
axial Diffusion-weighted MRI (DWI) with reconstruction of ADC maps;
and (4) dynamic contrast enhanced (DCE) MRI. The parameters are
presented in Supplementary Data.

2.3. Assessment of MRI features

One of the authors reviewed MR images and pathologic diagnosis of
all included patients. For patients with more than one lesion, this au-
thor correlated MR images with relevant pathologic findings and
marked one index lesion for further assessment. Another two

Fig. 1. Workflow of radiomic analysis: (a) data selection; (b) image segmentation; (c) feature extraction; (d) feature selection; and (e) modeling methodology.
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radiologists (with 5-years and 21-year experience in genitourinary
imaging), both blinded to the pathologic diagnosis and clinical in-
formation, were asked to evaluate several MRI features and reach a
radiologic diagnosis (sarcoma or leiomyoma) for each index lesion. MRI
features included: (a) the maximal diameter of index lesion; (b) tumor
margin (well-defined or ill-defined) on T2WI; (c) tumor shape (smooth
or lobulated) on T2WI; (d) flow void on T2WI (absent or present); (e)
intratumor hemorrhage (defined as hyperintensity on T1WI, recorded
as absent or present); (f) necrosis or cystic change (defined as hy-
pointensity on T1WI, hyperintensity on T2WI, and unenhanced areas on
DCE, recorded as absent or present); (g) uterine endometrial cavity
(defined as continuous or discontinuous hyperintensity of uterine en-
dometrial cavity on T2WI, recorded as uninterrupted or interrupted).
During the image interpretation, interobserver disagreement was dis-
cussed until consensus was reached, if consensus cannot be reached,
final disagreement was solved in a panel format including one addi-
tional coauthor. In the end, binary radiologic diagnosis was reached for
each patient in consensus.

2.4. Radiomics analysis

In 2015, Vallières et al. [24] first introduced a radiomics model built
from joint PET and MRI texture features using bootstrapping evalua-
tions. In 2017 and 2018, Zhou et al. [25] and Dong et al. [26] adopted
this method in predicting survival and molecular markers in diffuse
lower-grade gliomas and sentinel lymph node metastasis in breast
cancer with high sensitivity and specificity. In this study, similar
methods were used for radiomic analysis in this study.

Radiomic analysis contains five major steps: data selection, image
segmentation, feature extraction, feature selection and modeling
(Fig. 1). Segmentation of images into volume of interest (VOI) which
covered the index lesion was performed using MRIcron (version 1.40)
by a junior radiologist and supervised by a senior radiologist. Each VOI
was manually drawn slice-by-slice on ADC maps with reference to T2WI
and DWI. 4 non-texture features and 43 texture features were extracted
from each VOI using combinations of following extraction parameters:
(1) 3D isotropic scales of 0.5 mm, 1 mm, 2 mm, 3 mm, 4 mm, and 5 mm;
(2) “uniform” and “equal-probability” quantization algorithm; (3)
number of gray levels of 8, 16, 32, and 64. Initial feature sets selection
was achieved using 100 bootstrap training samples to yield reduced
feature set of 50 different features. Then, feature selection was per-
formed by maximizing 0.632+ area under the receiver-operating
characteristic curve (AUC) metric to obtain texture models combining
1–20 variables (model order). Multivariate models were constructed for

each initial feature set and modeled binary outcome using imbalanced-
adjusted logistic regression. To demonstrate the predictive performance
of the optimal model, final logistic regression coefficients were com-
puted using 100 bootstrap training samples. The probability of uterine
sarcoma as a function of the response of optimal multivariable model
was calculated in the bootstrap samples [25].

2.5. Statistical analysis

Software (SPSS, version 23.0; SPSS, Chicago, Ⅲ) was used for sta-
tistical analysis. Continuous data were summarized with means and
ranges; categorical variables were described with frequencies and per-
centages. Mann-Whitney U test, independent t test, Chi-square test and
Fisher exact test were used as appropriate for the univariate analysis. A
P value of < 0.05 was considered statistically significant. Multivariable
logic regression was used to determine factors that were independently
associated with pathological result. Before consensus were reached, the
interobserver agreement for the MRI features was assessed using the
kappa consistency test. Kappa values > 0.81, in the range of 0.61 and
0.80, and < 0.60 were considered to reflect excellent, good, and poor
agreement, respectively. The diagnostic efficacy of radiologists and
radiomic model were compared by AUC, sensitivity, specificity and
accuracy.

3. Results

3.1. Study population

The distribution of the pathological results is summarized in
Table 1. Between July 2010 and November 2016, 29 patients with
uterine sarcoma and 49 patients with atypical leiomyoma who com-
plied with the inclusion criteria were included in this study.

The clinical data of the patients are listed in Table 2. Patients with
uterine sarcomas were significantly older than those who had leio-
myomas (P< 0.0001). Leiomyomas (91.8%) were more frequently
found in women during premenopausal stage while more patients with
sarcomas (75.9%) were post-menopausal (P < 0.000001). The most
common symptoms leading to MRI examinations were abnormal va-
ginal bleeding for patients with uterine sarcoma (58.6%) and menstrual
changes for patients with uterine leiomyoma (36.7%). 28.6% patients
with atypical leiomyoma had no symptoms while all patients with
sarcoma were not symptom-free. This difference was obviously sig-
nificant (P= 0.01). The maxim diameters of index lesion of the two
groups had no significant difference (P= 0.525).

Table 1
Pathological diagnosis.

Pathological results Uterine sarcoma
Frequency (%)

Uterine leiomyoma
Frequency (%)

Uterine sarcoma (N= 29)
Mesenchymal sarcoma 19/29 (65.5)
Leiomyosarcoma 10/29 (34.5)
Endometrial stromal sarcoma 5/29 (17.2)
Rhabdomyosarcoma 1/29 (3.4)
Undifferentiated uterine sarcoma 3/29 (10.3)
Mixed epithelial and

mesenchymal sarcoma
10/29 (34.5)

Carcinosarcoma 7/29 (24.1)
Adenosarcoma 3/29 (10.3)

Uterine leiomyoma (N= 49)
Leiomyomas 41/49 (83.7)
Red degeneration 2/41 (4.9)
Hyaline degeneration 20/41 (48.8)
Hydropic degeneration 1/41 (2.4)
Without specific degeneration 18/41 (43.9)
Cellular leiomyomas 8/49 (16.3)

Table 2
Clinical characteristics.

Uterine sarcoma
Mean or
frequency (Range
or %)

Uterine leiomyoma
Mean or frequency
(Range or %)

P value

Age (years) 58.7 (38˜77) 38.8 (23˜60) < 0.0001

Menopausal state
Premenopausal 7/29 (24.1) 45/49 (91.8) < 0.000001
Postmenopausal 22/29 (75.9) 4/49 (8.2)

Clinical manifestation
Abnormal vaginal

bleeding
17/29 (58.6) 7/49 (14.3) < 0.0001

Menstrual changes 3/29 (10.3) 18/49 (36.7) 0.016
Abdominal pain 5/29 (17.2) 3/49 (6.1) 0.14
Pelvic mass 6/29 (20.7) 7/49 (14.3) 0.536
Physical examination 0 14/49 (28.6) 0.001
Maximal diameter of

index lesion (cm)
7.5 (1.5˜18.7) 6.7 (2.0˜12.4) 0.525
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3.2. Assessment of MRI features

Interobserver agreement levels regarding MRI features were good to
excellent (kappa value = 0.654 ˜ 1.000) (Table 3). The qualitative MRI
features of the two groups are summarized in Table 4. 20 (69%) uterine
sarcomas had ill-defined tumor margin on T2WI while all leiomyomas
had well-defined margins (P < 0.0001). 14 (48.3%) patients with
uterine sarcoma were presented with intratumor hemorrhage on T1WI
while only 5 (10.2%) patients with leiomyoma had intratumor he-
morrhage (P= 0.0002). 16 (55.2%) patients with uterine sarcoma and
2 (4.1%) patients with leiomyoma had interrupted uterine endometrial
cavity on T2WI (P < 0.0001). There was no significant difference in
the tumor shape, intratumor necrosis or cystic change, and peri- or
intratumor flow voids between the two groups (P values were 0.3488,
0.3187, and 0.4831, respectively). Fig. 2 shows an example of different
MRI features. Multivariable logistic regression identified that older age,
ill-defined tumor margin and interrupted uterine endometrial cavity
were significant preoperative predictive factors for uterine sarcoma. (P
values were 0.000, 0.000 and 0.001, respectively). In 49 patients with
uterine leiomyoma. 4 patients were mistakenly diagnosed as uterine
sarcoma. In 29 patients with uterine sarcoma, 12 patients were mis-
takenly diagnosed as uterine leiomyoma. Diagnosis efficacy of radi-
ologists reached an AUC of 0.752, sensitivity of 58.6%, specificity of
91.8%, and accuracy of 79.5%.

3.3. Radiomic analysis

Feature set reduction and feature selection using imbalanced-ad-
justed logistic regression and bootstrap resampling, texture models with
orders 1–20 that maximized the AUC metric were computed for the

feature sets extracted from VOIs to model the binary outcomes (leio-
myoma or sarcoma) (Fig. 3). Model 18 with 18 features yielded the
highest AUC of 0.830, sensitivity of 76.0%, average specificity of
73.2%, and accuracy of 73.9%. The optimal feature set included 13
high-order texture features (Entropy, Contrast, Correlation, Homo-
geneity, Energy, Variance, Dissimilarity, Complexity, Gray-Level Non-
uniformity, and Zone-Size Non-uniformity) and 2 histogram-based
texture features (Variance and Kurtosis).

The probability of observing uterine sarcoma as a function of the
response of the multivariable models proposed in this work was cal-
culated for all patients of the cohort (Fig. 4). The probability 1 suggests
uterine sarcoma, 0 suggests uterine leiomyoma with a threshold of 0.5.
In 29 patients with uterine sarcoma, probability of only 1 patient was
under 0.5. In 49 patients with uterine leiomyoma, probabilities of 6
patients were above 0.5.

4. Discussion

To differentiate uterine sarcoma from atypical leiomyoma is a
clinical challenge [8]. In this study, we investigated whether certain
clinical and MRI features can help distinguishing uterine sarcoma from
atypical leiomyoma. We also investigated whether machine learning
method can be adopted in this difficult task and compared its predictive
performance with radiologists.

First, this study demonstrated that older age, postmenopausal state,
abnormal vaginal bleeding, ill-defined tumor margin, intratumor he-
morrhage, and interrupted uterine endometrial cavity were strong
predictors for uterine sarcoma. Patient’s age, tumor margin and uterine
endometrial cavity remained significant in a multivariable model.
These clinical and MRI predictors are easily accessible for radiologists
and clinicians.

In this study, most patients with uterine sarcomas were in the fifth
and sixth decade of age and lots of them were postmenopausal, while
patients with uterine leiomyoma were younger, which was similar with
previous studies [8–10]. Rapid mass enlargement after menopause may
signify malignancy [27]. It may also be observed with cellular or de-
generating leiomyoma [28]. However, in our study, the rate of tumor
growth was not possible for most large masses were discovered at the
initial encounter. The maximal diameter of index lesion at presentation
showed no difference in our groups. Intratumor unenhanced area were
not reliable because degenerations were very common in uterine leio-
myomas, especially in large and atypical ones [27]. Increased vascu-
larity around or inside the tumor was not reliable, either, which con-
trast to previous studies [5,8,9]. Intratumor hemorrhage, indistinct
borderline of tumor, and interrupted uterine endometrial cavity had
statistical associations with uterine sarcomas, which were similar to
previous studies [5,8,10–12].

Second, radiomics has been proved to characterizes intratumor
heterogeneity to improve cancer diagnosis, prognosis, and prediction of
response to treatment [18–22]. In this research, we demonstrated that
radiomic features can differentiate uterine sarcoma from atypical leio-
myoma in a non-invasive method. These radiomic features were ex-
tracted from routinely acquired MR images. Lakhman et al. had in-
vestigated texture features extracted from T2WI to differentiate
leiomyosarcoma from atypical leiomyoma and concluded that leio-
myosarcoma had greater heterogeneity [8]. This study stood out from
previous radiomic studies because was the first one to do radiomic
analysis on ADC maps to predict uterine sarcoma. DWI has been pro-
posed as a tumor imaging biomarker and the ADC value determined by
DWI varies inversely with tissue cellularity [29,30]. ADC maps were
used for radiomic analysis because DWI sequence of different MR
scanners may vary in b values. Dozens of studies in vivo have shown
that Several studies have investigated the utility of DWI and ADC maps
in the diagnosis of gynecological malignancies [14,15,31]. According to
our result, textural features (Global, GLCM, GLRLM, GLSZM and
NGTDM) extracted from ADC maps are correlated with uterine

Table 3
Interobserver agreements on qualitative MRI features.

Kappa value (Uterine
sarcoma)

Kappa value (Uterine
leiomyoma)

Tumor Margin 0.631 1
Tumor Shape 0.861 0.672
Flow voids 0.725 0.712
Intratumor hemorrhage 0.654 0.878
Necrosis or cystic change 0.731 0.778
Uterine endometrial cavity 0.931 0.79

Table 4
Qualitative MRI features.

Uterine sarcoma (N =
29) Frequency (%)

Uterine leiomyoma
(N= 49) Frequency (%)

P value

Tumor Margin
Well-defined 20/29 (69.0) 49/49 (100) < 0.0001
Ill-defined 9/29 (31.0) 0/49 (0)

Tumor Shape
Smooth 15/29 (51.7) 31/49 (63.3) 0.3488
Lobulated 14/29 (48.3) 18/49 (36.7)

Flow voids
Absent 13/29 (44.8) 27/49 (55.1) 0.4831
Present 16/29 (55.2) 22/49 (44.9)

Intratumor hemorrhage
Absent 15/29 (51.7) 44/49 (89.8) 0.0002
Present 14/29 (48.3) 5/49 (10.2)

Necrosis or cystic change
Absent 7/29 (24.1) 18/49 (36.7) 0.3187
Present 22/29 (75.9) 31/49 (63.3)

Uterine endometrial cavity
Interrupted 16/29 (55.2) 2/49 (4.1) < 0.0001
Uninterrupted 13/29 (44.8) 47/49 (95.9)
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sarcoma. The diagnostic efficacy achieved by radiomic model was
comparable to those of experienced radiologists (AUC of 0.830 vs
0.752). According to results, radiologists had remarkable higher spe-
cificity (91.8%) than radiomic model (73.2%), but their sensitivity was
rather low (58.6%). It illustrated radiologist tend to misdiagnose
uterine sarcoma which may lead to poor prognosis. Partly because of
the low occurrence risk of uterine sarcoma. Though the sample size is
too small to make final conclusions about the value of the tool and its
ability to help radiologists. It provides a new approach for the differ-
entiation of uterine sarcoma and atypical leiomyoma in a non-invasive
method. Training on many more cases will be required before we can
decide its clinical value.

This work is also an attempt to demonstrate how radiomics can be
employed to a very complex problem with very limited sample size.
Since some image features are continuous in nature (e.g. necrosis can
range from 0 to < 5% to > 50%), using an arbitrary binary index can
significantly decreases data complexity and exaggerate categorization
accuracies. So, we use mathematical ways to enrich quantitative data.
Each volume was preprocessed using followed three extraction

parameters before the extraction of radiomic features: (1) isotropic
voxel size, (2) quantization of gray levels (quantization algorithm and
number of gray levels). Considering the full set of Global features and
higher-order texture features, a total of 1938 texture features were
extracted from each VOI (Fig. 1) [24].

Our study had several limitations. First, it was a retrospective study,
there was a selection bias for we only selected patients with pre-
operative MP-MRI and pathologic results. What’s more, only one index
lesion was chose for each patient. In cases where multiple atypical
leiomyomas were presented in a hysterectomy specimen, this method
also introduced a selection bias. Second, this study was partly based on
the radiologist-selected imaging features. Although a good to excellent
interobserver agreement has been achieved, it can be subjected to in-
terobserver variability. Third, the number of patients included in this
study was rather limited. A continuing problem for all computer aided
learning will be defining a training set enough to determine a true
normal. However, the low occurrence rate of uterine sarcoma de-
termines that a large sample size will be very hard to achieve. Though
collections and assessment of new cases is still ongoing by our group, a

Fig. 2. Illustrations of the MRI feartures in uterine sarcoma
(A, C, and E; images of a leiomyosarcoma in a 49-year-old
woman) and leiomyoma (B, D, and F; images of a leiomyoma
in a 48-year-old woman). A Sagittal T2-weighted images
shows a large lobulated uterine mass with indistinct border-
line and interrupted uterine endometrail cavity (white ar-
rows). B Sagittal T2-weighted images shows a smooth large
uterine mass with clear borderline and uninterrupted uterine
endometrail cavity (white arrows). C and D T1-weighted
images demonstrate intratumor hemorrahge in uterine sar-
coma and leiomyoma (white arrows). E and F Coronal con-
trast-enhanced T1-wighted fat saturated images show the
presence of pretumor increased vascularity (white arrows) and
unenhanced necrosis.

H. Xie, et al. European Journal of Radiology 115 (2019) 39–45

43



larger sample size with multiple compositions from different institu-
tions and a distinct validation set are required. Fourth, we only assessed
the radiomic features extracted from ADC maps in this study.
Combination of T2WI and DCE images may improve the performance of
radiomic analysis. Last, VOI was manually drawn which suffers from
high interobserver variability and is time consuming. The optimum
segmentation should be automatic, time efficient, and reproducible.
Hopefully in future research, homogeneous evaluation criteria can be
adopted to ensure the reproducibility of the radiomic studies.

In conclusion, our study demonstrates significant relationship be-
tween MRI features and pathological results. The preliminary attempt
of multivariable texture model extracted from baseline ADC maps
shows that radiomics can differentiate uterine sarcoma from atypical
leiomyoma with comparable diagnostic efficacy to experienced radi-
ologists. However, the sample size was too small, future training and
validation are needed before deciding its clinical value.
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