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A B S T R A C T

Purpose: To propose a computer-assisted method for distinguishing uterine sarcoma from leiomyomas based on
perfusion weighted magnetic resonance imaging (PWI).
Materials and methods: Forty-two women confirmed to have a total of 60 masses (10 uterine sarcomas and 50
benign leiomyomas) were included. The reference diagnosis was based on postoperative histopathological ex-
amination. All women underwent the standard MRI protocol with 3-Tesla MR imager (Magnetom Trio, Siemens,
Erlangen, Germany) for assessment of myometrial masses, followed by PWI. For each mass, two regions of
interest (ROI) were outlined manually by an experienced radiologist; one (ROIL) represented the entire tumor
while the other (ROIs) was placed on the area of the lesion with the most marked contrast enhancement. Two
additional ROIs with diameters similar to ROIs (3.0 to 3.1 mm) were placed on psoas muscle (ROIP) and myo-
metrium (ROIM) in order to provide baselines for comparisons. The obtained ROIs of PWI images were then
analyzed using the DCE Tool plug-in (version 2.0SP1) within ClearCanvas (Toronto, Ontario, Canada) frame-
work. The DCE Tool provides seven parameters (Ktrans, kep, Vb, IAUC, initial slope, peak, the mean squared error)
for modelling contrast uptake within an ROI using the modified Tofts model. Parameters extracted from the ROIs
were fed into a decision tree ensemble, which classified the corresponding lesions either as malignant or benign.
The leave-one-out cross validation (LOOCV) was utilized to evaluate the performance of the classifier.
Results: None of the parameters extracted from ROIL or ROIs differed significantly between uterine sarcoma and
benign leiomyomas (all p > 0.05). The overall accuracy of 66.7% was obtained by feeding seven parameters
extracted from ROIL to the classifier. When 21 features extracted from ROIL, ROIM, and ROIP were fed into the
classifier an accuracy of 91.7%, sensitivity of 100%, and specificity of 90% were achieved in the optimal op-
erating point of classifier.
Conclusion: Although none of the PWI parameters differed significantly between benign and malignant lesions,
when the information provided by the extracted features was aggregated using a machine learning method, a
promising discriminative power was obtained. This suggests that the proposed model for combining the PWI
parameters is potentially useful for differentiating uterine sarcoma from leiomyomas.

1. Introduction

Uterine sarcoma is a rare and heterogeneous disease accounting for
3%–9% of uterine corpus malignancies [1–8]. Unlike adenocarcinoma,
which is the most common type of uterine cancer, the prognosis from
the uterine sarcoma is poor [5] and about 26% of all deaths caused by
uterine malignancies were caused by uterine sarcoma [5]. Currently
there is no reliable diagnostic criteria for differentiating uterine

sarcomas from other uterine masses and usually the ultimate diagnosis
can be made only after the surgery based on postoperative histo-
pathological assessment [4].

Depending on the tissue of origin and cancerous cell types, uterine
sarcoma can exhibit different clinical features, but usually they man-
ifest as rapidly growing masses with pelvic or abdominal pain [2].
Leiomyosarcoma is the most frequent subtype of uterine sarcoma and
shares many common clinical grounds with leiomyoma, which is in turn
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the most common solid benign uterine neoplasm [1–3]. With the recent
advents in minimally invasive techniques for managing leiomyomas,
accurate preoperative diagnosis of uterine masses has become more
important to select the safest therapeutic option [4]. Therefore, dif-
ferent imaging modalities, particularly magnetic resonance imaging
(MRI), plays a key role in management of uterine masses [1].

The representation of uterine sarcoma and leiomyomas on T1- and
T2-weighted MRI has been widely investigated [2]. Usually on T2-
weighted sequences, leiomyomas appear as well-circumscribed hy-
pointense masses with homogeneous density [1–3] On the other hand,
typical sarcomas demonstrate as large ill-defined masses, with hetero-
geneously increased signal intensity on T2-weighted images and central
hyperintensity indicative of central necrosis [1–3]. However, some of
the degenerated and cellular leiomyomas might mimic sarcomas and
exhibit regions of high signal intensity on T2-weighted images [9,10].
Therefore, it is not possible to make the ultimate differential diagnosis
between sarcomas and their benign mimickers only based on conven-
tional MRI sequences [1–3].

To improve the diagnostic accuracy, the efficacy of combining other
imaging techniques such as diffusion-weighted imaging (DWI), mag-
netic resonance spectroscopy (MRS, and dynamic contrast-enhanced
magnetic resonance imaging (PWI) with conventional MRI sequences
has been studied. Tamai et al. [10] indicated that DWI, which provides
quantitative measurements of apparent diffusion coefficient (ADC),
may have a potential ability to distinguish degenerated leiomyomas
from uterine sarcomas. However, the ADC of sarcoma overlapped with
those of ordinary leiomyomas and cellular leiomyomas [10]. The MRS,
particularly the evaluation of the choline concentration, can also pro-
vide valuable information in distinguishing benign and malignant
uterine masses [11].

The efficacy of PWI for assessment of uterine masses was also pre-
viously investigated. PWI is a functional imaging technique involves the
acquisition of serial MRI images before, during, and after the admin-
istration of an MR contrast agent. Zheng et al. [12] compared DCW-MRI
with T2 images for the preoperative staging of early endometrial car-
cinoma. Visual assessment was done by two experts for evaluating both
PWI and T2 images. In another study, Thomassin-Naggara et al [13]
categorized the enhancement of the tumor solid tissue using visual
classification of the time intensity curve obtained from PWI [14]. The
study indicated that PWI was not useful for differentiating uncertain or
malignant myometrial tumors from benign ones. In both studies
[12,13], the visual assessment of an expert was used for the classifi-
cation. However, quantitative contrast agent kinetic parameters can
provide more reproducible measures for assessing the PWI. Previously
it was shown that the quantitative PWI parameters differed between
symptomatic uterine fibroids and normal uterus [15]. These parameters
were also shown to be useful in predicting the immediate therapeutic
response to MR-guided high-intensity focused ultrasound therapy
among patients with symptomatic leiomyomas [16].

In this study, we investigated whether the quantitative parameters
extracted from lesions using perfusion weighted magnetic resonance
imaging (PWI) differed significantly between uterine sarcomas and
Leiomyoma. Besides analysis of each feature on its own, we utilized a
machine learning classifier to combine multiple PWI parameters and
categorize lesions as benign or malignant. Previously, machine learning
has been successfully utilized to combine four parameters extracted
from PWI with T2 signal intensity and ADC to distinguish malignant
from normal prostate tissue [17]. Our study only focused on seven
parameters from PWI. We hypothesized that, by integrating multiple
parameters from PWI, we could achieve higher accuracy in differ-
entiating uterine sarcoma from benign uterine masses. We also explored
whether the performance of the classifier could be improved by com-
bining the PWI features extracted from the tumor area with the corre-
sponding features calculated for the healthy tissue of myometrium and
psoas muscle.

2. Material and methods

2.1. Study design and population

The institutional review board approved the study. Informed patient
consent forms were obtained from all women recruited to participate in
the study. We included all patients who were referred to our depart-
ment for a pre-operative MRI between July 2015 and February 2017
and underwent hysterectomy or uterine tumor resection surgery. All
women for whom MRI was contraindicated (e.g. those with an elec-
tronic implant or an acute respiratory disease) were excluded. The re-
ference diagnosis for each tumor was made based on a pathologic
specimen, obtained after tumor resection surgery or hysterectomy.

Forty-two women confirmed to have a total of 60 masses were in-
cluded in the study. Overall, 11 women (26.2% of patients) had more
than two tumors. Nine women (21.43% of women) had a diagnosis of
malignancy while rest of them had a benign mass. None of the patients
had both benign and malignant masses. Table 1 summarizes the char-
acteristics of our dataset.

2.2. Imaging protocol

The MRI examinations were performed using a 3-Tesla MR imager
(Magnetom Trio, Siemens, Erlangen, Germany). All women underwent
the standard MRI protocol for the assessment of uterine masses fol-
lowed by perfusion weighted imaging. Before undergoing the MRI scan,
patients were advised not to eat or drink for at least three hours. Prior
to the commencement of the scan, 20mg of intramuscular hyoscine
butylbromide was administered as an antispasmodic agent. All subjects
were positioned supine on the MR scanner table with the phased-array
coil positioned over the pelvis. The scan range in the craniocaudal di-
rection was from the umbilicus level to the pubic symphysis. PWI was
done in both groups whereby dynamic sequences were acquired in axial
planes using volumetric interpolated breath-hold examination (VIBE)
sequence with high temporal resolution.

For all patients, a single dose (0.2 cc/kg) of gadolinium contrast
agent (DOTAREM; Guerbet, Aulnay, France) was administered at an
injection rate of 3 cc/minute, followed by a saline chase of 20 cc. The
PWI were acquired using volumetric interpolated breath-hold ex-
amination (VIBE) at a five-second temporal resolution for 350 s, be-
ginning instantly after the injection.

2.3. Image analysis

Two Regions of Interest (ROI) were outlined manually by an ex-
perienced radiologist (M.K). The first ROI (ROIL) encompassed the en-
tire tumor while avoiding myometrium and surrounding healthy tis-
sues. On the other hand, the second one (ROIs) placed on the solid part
of the lesion where the most marked contrast enhancement was ob-
served. The diameter of ROIs ranged from 3.0 to 3.1mm. The magni-
tude of enhancement varies across the tumor and the quantitative

Table 1
The characteristics of the dataset.

Number of
patients (%)

Number of
lesions (%)

Number of
patients with
multiple
tumors

Age(mean ± STD,
range)

Benign 33
(78.57%)

50
(83.33%)

10 (30.30%) 45.60 ± 11.19
(22-69)

Malignant 9 (21.43%) 10 (16.67
%)

1 (11.11%) 40.10 ± 15.60
(18-69)

Total 42 60 11 (26.19%) 44.68 ± 12.06
(18-69)

STD stands for standard deviation.
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Fig. 1. (a) A sample screenshot of the software environment and (b) its output.
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features could be extracted either from the entire tumor area or only
from the tumor area where the most marked contrast enhancement was
observed. We extracted features from both ROIL and ROIs to compare
these two strategies for extracting feature from the lesions. Two addi-
tional ROIs with similar diameters were placed on psoas muscle (ROIP)
and myometrium (ROIM) in order to provide baselines for comparisons.

The obtained ROIs of PWI images were then analyzed using the DCE
Tool plug-in (version 2.0SP1) within ClearCanvas (Toronto, Ontario,
Canada) framework. The DCE Tool provides options to model contrast
uptake within an ROI using the modified Tofts model [18]. Briefly, the
model considers the blood plasma and the extracellular extravascular
space as two compartments and assumes that the contrast agent uptake
is governed by three tracer kinetic parameters, namely forward volume
transfer constant or wash-in constant (Ktrans), reverse reflux rate con-
stant or wash-out constant (kep), and blood volume (Vb). The DCE Tool
computed these three metrics for each ROIs. The most important phy-
siologic parameter of the tissue is Ktrans, which demonstrates a combi-
nation of both tissue perfusion and permeability. To assure that the
injection rates and patients’ cardiovascular states do not affect the ki-
netic parameters, the arterial input function (AIF) was incorporated to
the two-compartment model. Here, the AIF corrected the kinetic ana-
lysis by measuring the signal from an ROI in the internal iliac artery on
T1-weighted images and adjusting the results accordingly.

In addition to the above-mentioned parameters, the DCE Tool pro-
vides four semi-quantitative parameters for characterizing the analyzed
ROIs. The first measure was the initial area under curve (IAUC), which
is calculated by integrating the area under the contrast-enhancement
time curve over the first 60 s after the contrast uptake. The second
measure, called initial slope, represents the slope of the contrast en-
hancement-time curve in the first 10 s. The peak was the third metric,
which simply indicates the absolute maximum contrast enhancement.
Finally the last measure was the mean squared error. It shows the
goodness of fit of the model fittings. For all four ROIs, these metrics
were also recorded. Hence, in total seven features (three parameters
based on the modified Tofts model and four semi-quantitative para-
meters) were from each ROI using the DCE tool. A sample screenshot of
the software environment and its output is demonstrated in Fig. 1.

2.4. Ensemble of decision trees for malignant/benign classification

An ensemble of decision trees, a popular machine learning algo-
rithm, was utilized to create a model which classify lesions as benign or
malignant based on the features extracted in the previous section. The
input of the model was the features of a lesion and its output is a label
assigned by the model to that lesion. We utilized decision tree ensemble
as it automatically estimates the feature importance while training and
no further feature selection step was required [19]. We used MATLAB
2017a (Mathwork, Natick, MA, USA) software for implementation of
the decision tree ensemble. The adaptive logistic regression [20] was

used for aggregating the outputs of 200 decision tree. The minimum
observations per leaf was set to 5.

For each lesion, four sets of features from four ROIs (ROIL, ROIs,
ROIM, and ROIP) were extracted. We investigated the performance of
the classifier for eight different combinations of the features. As shown
in Table 2, the first and fifth feature sets comprised of features extracted
from the entire tumor area (ROIL) and those extracted from the solid
part of the tumor (ROIs), respectively. The second, third, and forth sets
included the combination of the features extracted from ROIL and
baseline ROIs (ROIP and ROIM). On the other hand, three last feature
sets contained the features extracted from ROIs and two baseline ROIs.

2.5. Statistical analyses and leave-one-out cross validation

Patients’ age in the malignant group was compared with that of the
benign group using two independent samples t-test to ensure that the
two groups were matched. The Mann–Whitney U test was utilized to
compare Tofts model parameters between the benign and malignant
groups. The parameters extracted from both ROIs and ROIL were eval-
uated. We also computed the ratio of Tofts model parameters for ROIs
and ROIL to the corresponding parameters extracted from ROIM and
ROIP. Therefore, four ratios were calculated for each parameter. The
Mann–Whitney U test was also performed to explore if these ratio dif-
fered significantly between benign and malignant lesions. A p-value less
than 0.05 was considered significant. All statistical analyses were per-
formed using SPSS, version 22.0 (IBM Corp., Armonk, NY, USA).

As explained in section 2.4, the extracted features were fed into a
machine learning classifier that categorized the lesions as benign or
malignant. The ensemble of decision trees (the classifier) used the
learned rule set for associating the features to the proper label. As these
rules were learned from the data, one might argue that the classifier has
been over-fitted to our dataset. To avoid this problem, leave-one-out
cross validation (LOOCV) was utilized. In LOOCV, a single tumor was
used as the test data (validation set) while the rest of the lesions were
utilized as the training set to construct the decision tree ensemble. This
was repeated such that each lesion served once as the test set. The
confidence of the decision tree ensemble’s classification of each lesion
into the malignant group was recorded in each repetition. The LOOCV
was performed using MATLAB 2017a (Mathwork, Natick, MA, USA).

To evaluate the performance of classifiers based on different feature
sets, we generated a receiver operating characteristic (ROC) curve for
each metric. The area under ROC curve (AUC) was then calculated in
each case. The AUC values ranged from 1 (perfect classifier) to 0.5
(chance-level), indicating how well a classifier could differentiate be-
nign lesions from malignant ones. In addition, the optimal operational
point, which had the least distance to the upper left corner (true posi-
tive rate of 1 and false positive rate of 0), was also found for each ROC
curve. By applying the cut-off threshold corresponding to the optimal
operational point, the lesions were classified as benign or malignant.
Seven accuracy measures including sensitivity, specificity, Negative
Predictive Value (NPV), Positive Predictive Value (PPV), Positive
Likelihood Ratio (LR+), Negative Likelihood Ratio (LR–), and overall
accuracy were extracted for each feature set.

3. Results

As explained in section 2.3, the kinetic parameters of lesions based
on both ROIL and ROIS were generated using the modified Tofts model.
Fig. 2 (a) and 3 (b) show the ROIs overlaid on the original images ac-
quired from two patients. The pixel-by-pixel pharmacokinetic para-
meter maps are indicated in Figs. 2 (b) and 3 (b). Table 3 shows the
mean and standard deviation of each parameter for benign and ma-
lignant lesions. It also indicates the magnitude of difference in each
parameter between the two groups. As shown in the table, none of these
differences reached statistical significance (p < 0.05).

Table 4 indicates the ratio of kinetic parameters extracted from the

Table 2
The considered feature sets; each set included all seven features extracted from
a certain group of ROIs. ROIL and ROIs represent the entire tumor area and the
solid part of tumor respectively. ROIP and ROIM indicate areas within psoas
muscle and myometrium where the most marked contrast enhancement was
observed.

No. ROIs for feature extraction Number of features

1 ROIL 7
2 ROIL + ROIM 14
3 ROIL + ROIP 14
4 ROIL + ROIM + ROIP 21
5 ROIs 7
6 ROIs + ROIM 14
7 ROIs + ROIP 14
8 ROIs + ROIM + ROIP 21
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tumor area to the corresponding parameters extracted from the two
ROIs that served as the baseline for comparison, i.e., areas with the
most marked enhancement in myometrium and psoas muscle. The table
also shows similar ratios that were calculated using the parameters of
the solid part of the tumor. As shown, although the ratios varied

between the benign and malignant lesions, none of the differences were
significant (p < 0.05).

Finally, we explored whether benign and malignant lesions could be
differentiated by combining the extracted features from PWI. Using
LOOCV, the performance of the decision tree ensemble for eight

Fig. 2. (a) Segmented ROIs superimposed on the original images acquired from a 39 year-old patient with history of abnormal uterine bleeding and endometrial
stromal sarcoma (b) pixel-by pixel pharmacokinetic parameter color maps.
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considered feature sets (Table 2) in distinguishing malignant from be-
nign lesions was evaluated. The ROC curve was generated using the
confidence score of the classifier. The ROC curves are shown in Fig. 4
(a) and (b). The ROC curve corresponding to a random classifier (an
AUC of 0.5) is also shown by the green line. The AUC values and their
95% confidence interval are listed in Table 5. As shown, the overall

performance based on the AUC value was higher when the PWI para-
meters extracted from the entire tumor area (ROIL) was considered
compared to the condition where the parameters were extracted from
the area with the most enhancement (ROIs). The similar trends were
observed for combination of ROIL with ROIM and combination of all
three ROIs (ROIL + ROIM + ROIP). However, when PWI parameters

Fig. 3. (a) Segmented ROIs superimposed on the original images acquired from a 51 year-old patient with history of abnormal uterine bleeding and leiomyomas (b)
pixel-by-pixel pharmacokinetic parameter color maps.
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were extracted from psoas muscle, the AUC values were almost iden-
tical. Among all eight feature sets, the one including PWI parameters
from the tumor area, psoas muscle, and myometrium outperformed all
other models in all eight performance metrics. It achieved a sensitivity
of 100.0%, a specificity of 90.0%, and an accuracy of 91.7%. The AUC
value was 0.972 (0.891-0.998), which was significantly than the AUC
value obtained from the models relied only on the tumor parameters
(ROIL or ROIS). The accuracy measures for the optimal operating point
are also indicated in the table. As shown, the best results were obtained
when features from the entire tumor area, myometrium, and psoas
muscle classifier were combined.

We also computed estimates of feature importance for the ensemble
of decision trees. To do so we used MATLAB built-in function (i.e.
predictorImportance) [22]. Briefly, it generates the estimates by sum-
ming these importance estimates over all trees in the ensemble. To
compute estimates of predictor importance for each tree, the summa-
tion of changes in the mean squared error due to splits on every feature
was found and divided by the number of branch nodes. As we used
LOOCV, we had 60 trained models. We took the average of importance
estimates for all 60 trained models. The analysis showed that five most
important features were IAUC of tumor, initial slope of myometrium,
Kep of myometrium, Ktrans of tumor and psoas muscle. The five least
important features were Vb of myometrium, initial slope of psoas
muscle, Vb of psoas muscle, the mean squared error of myometrium and
psoas muscle.

4. Discussion

In this study, we proposed a semi-automatic computer-assisted
analysis framework for differentiating malignant uterine sarcoma from
benign leiomyomas based on PWI. In the proposed framework the
radiologist were asked to draw ROIs over tumor area, myometrium, and
psoas muscle, and seven parameters were extracted from each ROI to
characterize the contrast agent kinetics. The parameters were then fed
into a decision tree ensemble classifier, which categorized lesions either
as malignant uterine sarcoma or benign leiomyomas. The classifier
achieved a sensitivity of 100% and specificity of 90% in its optimal
operating point.

When the information provided by the extracted features was ag-
gregated using a machine learning method, a promising discriminative
power was reached. However, none of the features from the tumor area
or the solid part of the tumor (i.e. the area with the most marked en-
hancement) differed significantly between benign and malignant le-
sions. Our results were in agreement with some previous studies, which
reported that parameters based on DCE-MR perfusion imaging on their
own demonstrated only a slight discriminative power in malignant
tumor detection. For example, Riches et al. [21] investigated the effi-
cacy of IAUC, kep and Ktrans in distinguishing malignant from normal
prostate tissue. Similar to our results, the parameters for normal and
malignant tissue did not differ; AUC values of 0.54, 0.55, and 0.57,
respectively, were obtained. However, when IAUC was combined with
ADC parameter, an AUC of 0.94 was obtained. Therefore, in agreement
with our result, the combination of functional parameters improved
malignant tissue detection. In another study, the results suggested that
Vb, kep and Ktrans did not show a significant correlation with Gleason
score of prostate cancer [23]. Thomassin-Naggara categorized the en-
hancement of the solid tissue using visual classification of the time
intensity curve [14] and found that it was not useful for differentiating
uncertain or malignant myometrial tumors from benign ones [13].

We also investigated the performance of the classifiers based on
eight different sets of features. Based on the AUC and specificity mea-
sures, it was shown that added benefit of features from psoas muscle to
the features extracted from tumor area are more than that of similar
features extracted from myometrium. However, the model based on
tumor and myometrium parameters had a higher sensitivity compared
to the model based on tumor and psoas parameters. Our results showed
that the classifier that utilized the most comprehensive set of features
and combined features from tumor, myometrium, and psoas muscle
outperformed the others. This was expected as we hypothesized that the
model was able to predict the label of lesions more accurately by
considering information about the magnitude of contrast enhancement
on both lesion and comparison areas (myometrium, and psoas muscle).
The results also indicated that considering the area of most marked
enhancement is not sufficient to differentiate malignant from benign
lesions, and the combination of features extracted from the entire tumor
area resulted in higher accuracy compared to features extracted from a
small area of the tumor with the highest enhancement level.

Table 3
The comparison of the tracer kinetic parameters generated using the modified
Tofts model between benign and malignant lesions. ROI column indicate the
considered ROI for extracting Tofts model parameters. ROIL and ROIS represent
the entire tumor area and the solid part of the tumor. The p-value is calculated
using the Mann-Whitney U test.

ROI Parameter Status Value (STD) Difference p-value

ROIL Ktrans Benign 0.577 (0.27) −0.003 0.969
Malignant 0.574 (0.296)

Kep Benign 0.646 (0.257) 0.011 0.903
Malignant 0.657 (0.242)

Vb Benign 0.455 (0.33) 0.158 0.323
Malignant 0.613 (0.464)

ROIS Ktrans Benign 0.690 (0.289) 0.052 0.579
Malignant 0.742 (0.256)

Kep Benign 0.773 (0.27) −0.027 0.797
Malignant 0.746 (0.248)

Vb Benign 0.570 (0.387) 0.056 0.700
Malignant 0.626 (0.414)
Malignant 0.988 (0.038)

STD stands for standard deviation.

Table 4
The comparison of the ratio of tracer kinetic parameters between tumor area
and areas served as the baseline for comparisons (myometrium and psoas
muscle). ROIL and ROIS correspond to the entire tumor area and its solid part
while ROIL and ROIS represent the areas with the most marked enhancement in
myometrium and psoas muscle. Generated using the modified Tofts model
between benign and malignant lesions. P-values were calculated for the Mann-
Whitney test statistic.

Metric Comparison Status Value (STD) Difference p-value

Ktrans Ratio ROIL to ROIM Benign 1.284 (0.856) 0.29 0.613
Malignant 1.574 (2.005)

ROIL to ROIP Benign 3.23 (2.34) −0.337 0.394
Malignant 2.893 (2.579)

ROIS to ROIM Benign 1.519 (0.939) 0.249 0.662
Malignant 1.768 (2.008)

ROIS to ROIP Benign 3.924 (2.803) −0.028 0.797
Malignant 3.896 (2.936)

Kep Ratio ROIL to ROIM Benign 1.11 (0.599) −0.083 0.713
Malignant 1.027 (0.565)

ROIL to ROIP Benign 1.462 (1.438) −0.265 0.843
Malignant 1.197 (0.489)

ROIS to ROIM Benign 1.343 (0.697) −0.204 0.513
Malignant 1.139 (0.552)

ROIS to ROIP Benign 1.77 (1.732) −0.404 0.905
Malignant 1.366 (0.518)

Vb Ratio ROIL to ROIM Benign 2.061 (1.987) 3.212 0.990
Malignant 5.273 (10.564)

ROIL to ROIP Benign 9.381 (17.128) 0.154 0.797
Malignant 9.535 (14.5)

ROIS to ROIM Benign 2.435 (2.778) 2.809 0.863
Malignant 5.244 (10.579)

ROIS to ROIP Benign 11.808
(21.749)

−1.182 0.853

Malignant 10.626
(14.949)

STD stands for standard deviation.
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The study has a number of limitations. First, our sample size was
limited and included only ten malignant lesions. Although uterine
sarcoma is a rare type of malignancy and our dataset was larger than
those of many previous studies, further investigation of the proposed
method using a larger dataset is required. Particularly a larger number
of malignant lesions should be included to further validate the method.
Also, the small sample size might limit the statistical power of our
study. As shown in Table 3 and 4, none of the Tofts model parameters
differed significantly between benign and malignant lesions, which
might result from a lack of statistical power. Including more malignant
cases might result in a statistically significant difference in some of the
metrics. Further evaluation of the proposed method using a larger da-
tabase is a potential avenue for future work. Second, our dataset might
not represent all types of benign leiomyomas as only patients who
underwent mass resection or hysterectomy were included in the study.
Third, all ROIs were placed manually and therefore could be subject to
inter- and intra-radiologist variability. In the future, the extent of these
variabilities and the feasibility of automating ROI selection should be
examined. Moreover, in this study, we only focused on the parameters
extracted from PWI. A previous study showed that by combining fea-
tures from T2-weighted MRI with DWI, a promising accuracy for dif-
ferentiating benign from malignant myometrial tumors could be

achieved [14]. Our study showed effectiveness of PWI parameters for
this task. Investigating the added benefit of combining the PWI para-
meters extracted with other quantitative parameters obtained from T2-
weighted sequences, DWI or MRS could be a potential future work for
this study. Finally, the method proposed in this study required the
computation of additional parameters and running an additional com-
puter software to make a diagnosis. This could restrict the applicability
of the proposed method in the clinical practice. Automating the ROI
selections could facilitate the adoption of the proposed method as a
decision support tool.

In summary, this study presented a model based on machine
learning for classifying myometrial masses as benign or malignant. An
ensemble of decision trees for combining quantitative parameters ex-
tracted from tumors and healthy tissue (myometrium and psoas muscle)
on PWI was used. By feeding the PWI parameters from tumor, myo-
metrium and psoas muscle to model, a sensitivity of 100% and a spe-
cificity of 90% was achieved. These preliminary results suggested that
the proposed method could be potentially utilized along with conven-
tional MRI sequences to differentiate between sarcomas and leio-
myomas. As using this model will require computation of the PWI
parameters, further studies on a larger sample size should be conducted
to investigate cost-effectiveness of the method proposed in this study.

Fig. 4. The ROC curves obtained from the classifiers whose inputs included (a) the features extracted from the entire tumor area (b) the features extracted from the
solid part of lesions where the most marked contrast enhancement was observed.

Table 5
Diagnostic performance of eight feature sets. Leave-one-out cross validation was used for all sets. The accuracy measures were reported for the optimal operating
point of the classifiers. The best feature set based on each performance measure is shown in bold.

Metric ROIL ROIL + ROIM ROIL + ROIP ROIL + ROIM +
ROIP

ROIs ROIs + ROIM ROIs + ROIP ROIs + ROIM + ROIP

AUC (95% CI)a 0.766
(0.634-0.855)

0.862
(0.773-0.949)

0.892
(0.748-0.946)

0.972
(0.891-0.998)

0.676 (0.471-
0.864)

0.766 (0.582-
0.933)

0.904 (0.756-
0.975)

0.874 (0.632-0.97)

Accuracyb 66.7% 70.0% 83.3% 91.7% 80.00% 86.67% 70.00% 90.00%
Sensitivity 90.0% 100.0% 90.0% 100.0% 50.00% 70.00% 100.00% 90.00%
Specificity 62.0% 64.0% 82.0% 90.0% 86.00% 90.00% 64.00% 90.00%
PPV 32.1% 35.7% 50.0% 66.7% 41.67% 58.33% 35.71% 64.29%
NPV 96.9% 100.0% 97.6% 100.0% 89.58% 93.75% 100.00% 97.83%
LR+ 2.37 2.78 5.00 10.00 3.57 7.00 2.78 9.00
LR– 0.16 0.00 0.12 0.00 0.58 0.33 0.00 0.11

Confidence Interval (CI); Positive Predictive Value (PPV); Negative Predictive Value (NPV); Positive Likelihood Ratio (LR+); Negative Likelihood Ratio (LR–).
a Confidence Intervals were computed using bootstrap; the number of bootstrap replicas was set to 100.
b Overall accuracy.
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