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Abstract

Background. The preoperative differential diagnosis of myometrial lesions remains a significant
challenge when using conventional imaging techniques, such as ultrasound (US) and magnetic
resonance imaging (MRI). Radiomics and machine learning, which leverage quantitative features
beyond human visual perception, are increasingly recognized as promising tools for improving
differential diagnosis in gynecology. Methods. This retrospective study included patients who
underwent surgery for uterine masses and had preoperative MR. A machine learning model was
developed to analyze radiomic features extracted from T2-weighted and diffusion-weighted MR
images. Results. 44 subjects were included: 19 (43.2%) classified as "sarcoma" and 25 (56.8%) as
"fibroid" based on histology after surgery. This dataset was used for training and cross-validation of
different models. Three models, comprising ensembles of machine learning classifiers (random
forests, support vector machines, and k-nearest neighbors), were developed for binary classification
using histological diagnosis as reference standard. The best-performing model achieved the
following results: AUC 90%, accuracy 82%, sensitivity 95%, specificity 72%, PPV 72%, and NPV 95%.
Conclusions. Our model demonstrated high sensitivity and moderate accuracy, suggesting its
potential as a valuable tool for assisting clinicians in the preliminary assessment of myometrial
lesions and guiding decision-making toward conservative management in cases of non-suspicious
masses.

Keywords: radiomics; machine learning; leiomyoma; sarcoma; magnetic resonance imaging;
diagnosis; differential

1. Introduction

Uterine fibroids and sarcomas are distinct pathological entities with significant clinical
implications [1]. Fibroids, also known as leiomyomas, are benign lesions originating from the smooth
muscle cells of the uterine wall and represent the most common uterine tumors. Although benign,
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fibroids can cause symptoms such as pelvic pain, abnormal uterine bleeding, and reproductive
dysfunction, significantly affecting the quality of life of women. On the other hand, uterine sarcomas
account for 3% to 5% of malignant uterine tumors originating from mesenchymal tissue and are
associated with a poor prognosis [2—4]. Transvaginal ultrasound (US) is the first-line imaging
technique for evaluating myometrial lesions. However, despite many efforts to identify
pathognomonic ultrasound features of uterine sarcomas, it remains challenging to reliably
distinguish benign from malignant lesions prior to surgery [5-7]. For this reason, magnetic resonance
imaging (MR) plays a pivotal role in the evaluation of uterine masses due to its superior soft tissue
contrast and multiplanar imaging capabilities, which are essential for preoperative assessment. MR
facilitates detailed evaluation of tumor morphology, vascularity, and tissue characteristics, crucial for
differentiating between fibroids and sarcomas. On MR, sarcomas may present as large,
heterogeneous enhancing masses with central T2 hyperintensity in cases of necrosis, or as
homogeneous low-signal masses, resembling leiomyomas [8-12]. Due to these varied features,
distinguishing between these entities based solely on conventional MR characteristics can be
challenging, as both fibroids and sarcomas may exhibit overlapping findings [13]. In this context, the
differential diagnosis between fibroids and sarcomas remains a complex issue. Despite the rarity of
sarcomas, even the remote possibility of a malignant myometrial lesion has a significant impact on
therapeutic decisions for women. Specifically, the choice to pursue conservative or minimally
invasive surgery (including morcellation) for large myometrial lesions in women of reproductive age
could be made with greater confidence if a robust and objective diagnostic algorithm were available.
In recent years, there has been increasing interest in the use of radiomics [14] —a quantitative imaging
analysis technique —to improve the diagnostic accuracy of MR in differentiating uterine fibroids from
sarcomas [14,15]. Radiomics involves the extraction of numerous quantitative features from medical
images, which can be integrated into machine learning algorithms to assist clinicians in their decision-
making processes. The rationale for utilizing radiomics in the context of uterine masses lies in its
ability to identify subtle imaging biomarkers that are not easily detectable through visual inspection.
By analyzing a broad range of radiomic features, including texture, shape, and intensity, radiomics
has the potential to uncover hidden information within MR image data, thereby improving the
differential diagnosis between benign and malignant lesions.

The aim of our study is to develop a machine learning model based on radiomics applied to MR
images for the differential diagnosis of myometrial lesions. This model is intended to provide
clinicians with a decision-support tool, which will require external validation in a multicenter,
prospective setting. Through a systematic analysis of radiomic features extracted from MR scans of
patients with histologically confirmed fibroids and sarcomas, we aim to identify robust radiomic
signatures that can aid in the non-invasive differential diagnosis. Such findings may significantly
influence patient management, including treatment planning and prognostication, ultimately
improving outcomes for women with uterine masses.

2. Materials and Methods
2.1. Dataset

This is a retrospective study based on the prospective evaluation of patients enrolled in research
protocol INT 155/20, approved by the Institutional Review Board (IRB) of the Fondazione IRCCS
Istituto Nazionale dei Tumori di Milano. We included consecutive patients with uterine masses who
underwent surgery at the Gynecologic Oncology Unit of the Fondazione IRCCS Istituto Nazionale
dei Tumori between January 1, 2021, and January 1, 2024. All patients provided informed consent
and authorized the collection of data and imaging for research purposes. The inclusion criteria were:
(i) diagnosis of a uterine mass, (ii) preoperative MR examination performed within 4 weeks before
surgery, (iii) surgery performed, and (iv) definitive histological diagnosis of either leiomyoma
(including variants) or sarcoma. The exclusion criteria were: (i) age <18 years, (ii) absence of evaluable
MR images, (iii) poor-quality images, and (iv) withdrawal of consent.
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Additionally, to minimize potential confounding factors, patients with smooth muscle tumors
of uncertain malignant potential (STUMP) were excluded. All MR imaging and surgeries were
performed at the Fondazione IRCCS Istituto Nazionale dei Tumori, and histological examinations
were reviewed by a dedicated pathologist with over 15 years of experience (P.B.), as required by the
study protocol. MR images were stored in DICOM format at the time of preoperative evaluation.

2.2. Machine Learning Model

The machine learning model training workflow (summarized in Figure 1), performed with the
Trace4ResearchTM platform [16], is the following:

1) Segmentation: manual segmentation of the volume of interest (VOI) was performed by an
expert radiologist (C.G.) using the "Segmentation" tool of Trace4ResearchTM [16] to extract from T2-
weigthed image (T2WI), store and display the segmented portion of images based on the VOL

2) Preprocessing: segmented VOI preprocessing included resampling to isotropic voxel spacing
(2 mm).

3) Features computation: Radiomics features from the following feature families were computed
from the segmented VOI, following the IBSI guidelines (definition, computation, and nomenclature)
[17]: Morphological features, Intensity-based Statistic features, Intensity Histogram features, and
Texture features: Gray-Level Co-occurrence Matrix (GLCM), Gray-Level Run Length Matrix
(GLRLM), Gray-Level Size Zone Matrix (GLSZM), Neighborhood Gray Tone Difference Matrix
(NGTDM), and Neighboring Gray Level Dependence Matrix (NGLDM). Intensity discretization was
applied to the VOI, using a fixed number of 64 bins, to compute Intensity Histogram features and
Texture features. In addition to the IBSI-compliant Radiomics features, a set of 2048 features were
computed using the convolutional layers of a pre-trained Convolutional Neural Network (ResNet50)
(DeepLearning features). VOI were pre-processed with an intensity discretization using a fixed
number of 256 bins and resampled to a dimension of 224x224x20 voxels.

4) Feature reduction: Radiomics methodology was applied to MR images selecting informative
and not redundant features according to the Image Biomarker Standardization Initiative (IBSI)
guidelines [17], to maximize useful information and minimize redundancy. Features characterized
by a low variance (below 0.1) and features with low mutual-information with the class label (based
on a mutual-information analysis, with mutual information < 0.5), were removed.
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Figure 1. Machine learning model training workflow.
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5) Machine learning models training: Three different models of machine-learning classifiers
(Random Forest - RF, Support Vector Machines - SVM, and k nearest neighbor - kNN) were trained,
validated, and internally tested, for the binary classification task of interest ("sarcoma" vs. "fibroid"),
based on supervised learning, using histological diagnosis after surgery as reference standard. Each
model was trained using a nested 10-fold cross validation method (i.e., using 8 folds for training, 1-
fold for validation, and 1-fold for internal testing for each iteration). The first model consisted of 3
ensembles of 10x10 RF classifiers each, optimized with Gini Index; the second model consisted of 3
ensembles of 10x10 SVM classifiers; the third model consisted of 3 ensembles of 10x10 kNN classifiers.
While the RF classifiers do not explicitly need further processing, since they are not affected by inter-
correlation and perform autonomous feature selection, additional steps are required for SVM and
kNN classifiers. For such models, to further select useful features and to eliminate the effects of inter-
correlation, Principal Component Analysis (PCA) and Fisher Discriminant Ratio (FDR) ranking were
performed in combination with a forward feature selection algorithm. For each iteration of the nested
cross-validation, principal components were computed and ranked according to their FDR only on
the training data; the number of components to be retained was then optimized by maximizing the
Area Under the Receiver Operating Characteristic Curve (ROC-AUC) on the validation data.

To reduce the imbalance between the two classes, an oversampling technique for the minority
class ("sarcoma") was applied, on training data, using an adaptive synthetic sampling method
(ADASYN).

The following performances of the 3 models were measured on the internal testing data, across
all iterations, both in terms of majority-vote and mean: ROC-AUC, Accuracy, Sensitivity, Specificity,
Positive predictive value (PPV), Negative predictive value (NPV), and corresponding 95% confidence
interval (CI).

The metrics are defined as follows:

True Positive + True Negative
Accuracy (%) = 100 X

Positive + Negative
S ivity (0 100 True Positive

= X —
ensitivity (%) Positive

Specificity (%) = 100 X [rue Negative
ecifici = " Neagative
p y (% Negative
True Positive

PPV (%) = 100 x
(%) True Positive + False Negative

True Negative

NPV (%) = 100 x
(%) True Negative + False Positive

Positive and Negative are the number of subjects of the positive class ("xarcoma") and the
negative class ("fibroid"), respectively. True Positive and True Negative are the number of subjects
correctly classified by the model as belonging to the positive class and the negative class, respectively.
False Positive and False Negative are the number of subjects wrongly classified by the model as
belonging to the positive class and the negative class, respectively. The ROC curve plots true positive
rate (i.e. Sensitivity) against false positive rate (i.e. 1-Specificity) at each threshold setting.

Finally, the model with the best performance, according to ROC-AUC, was chosen as the best
classification model for the binary task of interest ("sarcoma" vs. "fibroid"). Information extracted was
used to define radiomic biomarker profiles to discriminate malignant masses from benign masses.
Histological subtypes were reported according to the 2020 World Health Organization (WHO)
classification [18]. Statistical analysis was conducted with embedded tools of the Trace4ResearchTM
platform [16]. To describe the distribution of each of the most relevant features in the “sarcoma” and
“fibroid” classes, we calculated their medians with 95% CI and presented graphically violin and box
plots for intuitive visualization and interpretation. A non-parametric univariate Wilcoxon rank-sum
test (Mann-Whitney U test) was performed for each of the relevant radiomic predictors to verify its
significance in discriminating “sarcoma” and “fibroid” classes. To account for multiple comparisons,
the p-values were adjusted using the Bonferroni-Holm method and the significance levels were set at
0.05 (*) and 0.005 (**).
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3. Results

After developing, testing and validating several models internally, we selected the one with the
best performance.

3.1. Dataset

A total of 49 patients were identified for the analysis. Two patients were excluded due to
withdrawal of consent, and three were excluded because of poor image quality (Figure 2). Overall,
44 patients were included in the final study population, and texture analysis was performed on stored
MR images. Among these subjects, 19 women (43.2%) belonged to the class "sarcoma" (2
adenosarcoma, 14 leiomyosarcoma, 3 undifferentiated sarcoma) and 25 patients (56.8%) belonged to
the class "fibroid" (intravascular leiomyomatosis, apoplectic leiomyomatosis, angioleiomyoma,
leiomyoma, fibrosclerotic leiomyoma), according to histological diagnosis after surgery. Median
age of “sarcoma” group patients was 58 years old (range 40 — 72), while median age of “fibroid”
group patients was 46 years old (range 30 - 67). This image set was used for the training, cross-
validation and internal testing of 3 machine-learning models.

Patients enrolled
for the study
n=49

- Patients excluded for
consent withdrawaln=2 | |
- Patients excluded for poor
quality of the images n=3

Patients included
in the final analysis
n=44
[

[ ]
«Sarcoma» class «Fibroid» class
n=19 n=25

2 adenosarcoma, 14 IR % A
2 apoplectic leiomyomatosis,
leiomyosarcoma,

angioleiomyoma, leiomyoma,
fibrosclerotic leiomyoma

3 undifferentiated sarcoma

Figure 2. Study design.

3.2. Machine Learning Model

From each segmented VOI of each image considered in this study, IBSI-compliant radiomic
features and deep learning-based features were computed, for a total of 3738 features. Among those,
a total of 11 features were obtained after feature reduction, and used as predictors, according to the
feature selection of each training iteration.

For the classification task of interest (19 images from class "sarcoma" vs. 25 images from class
"fibroid"), these features were used for training, cross-validation and internal testing (nested 10-fold
cross validation) of 3 different models of machine-learning classifiers considered in this work. Tables
1A-B-C show ROC-AUC, Accuracy, Sensitivity, Specificity, PPV and NPV as obtained from the
training, cross-validation and internal testing of the 3 models consisting of 3 ensembles of machine-
learning classifiers. Internal testing performances are reported as mean values across all iterations,
and as majority vote with two different classification thresholds (balanced - 50%, and to maximize
Sensitivity).
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Table 1A. Model of 3 ensembles of random forest classifiers.

L. L. Internal Internal Internal
Training Validation . . .
testing (mean) testing ! testing 2
ROC-AUC 100*
89** [85-92 90** [87-92 90 90
(%) [95% CI] [99-100] [ ] [ ]
Accuracy 100*
82** [81-83 83** [80-87 82 82
(%) [95% CI] [99-100] [ ] [ ]
Sensitivity 100*
76** [73-80 79** [79-79 74 95
(%) [95% CI] [99-100] [ ] [ ]
Specificity 100*
86** [86-86 87** [81-92 88 72
(%) [95% CI] [99-100] [ : [ :
PPV 100*
84** [81-87 82** [76-88 82 72
(%) [95% CI] [99-100] [ ] [ ]
NPV 100*
87** [85-89 84** [84-85 81 95
(%) [95% CI] [99-100] [ ] [ ]

! majority vote - 50% threshold; 2 majority vote - 36% threshold that maximize sensitivity. Classification

performance in terms of AUC, Accuracy, Sensitivity, Specificity, PPV, NPV, corresponding 95% confidence

interval, and statistical significance with respect to chance/random classification (p-value). Performance is

reported for training, validation and internal testing (mean, majority vote at 50% and majority vote to

maximize Sensitivity). Statistical significance is set with * p-value <0.05 / ** p-value<0.005. ROC-AUC: Area

Under the Receiver Operating Characteristic Curve, PPV: positive predictive value, NPV: negative predictive

value.

Table 1B. Model of 3 ensembles of support vector machine classifiers.

Training Validation Internal Internal Internal
testing (mean) testing ! testing 2
ROC-AUC 89** [87-91] 83** [79-871 73** [59-871 73 73
(%) [95% CII
Accuracy 80** [77-82] 70** [64-75] 61 [32-91] 66 59
(%) [95% CI]
Sensitivity 75** [71-78] 64** [57-71] 56 [18-94] 53 95
(%) [95% CI]
Specificity 83** [81-85] 73** [66-80] 65* [42-88] 76 32
(%) [95% CI]
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CI]

PPV (%) [95% | 79** [77-82] 69** [61-78] 55 [22-87] 63 51
cI1l
NPV (%) [95% | 80** [78-82] 77** [70-83] 66 [39-94] 68 89

! majority vote - 50% threshold; 2 majority vote - 13% threshold that maximize sensitivity. Classification

performance in terms of AUC, Accuracy, Sensitivity, Specificity, PPV, NPV, corresponding 95% confidence

interval, and statistical significance with respect to chance/random classification (p-value). Performance is

reported for training, validation and internal testing (mean, majority vote at 50% and majority vote to

maximize Sensitivity). Statistical significance is set with * p-value <0.05 / ** p-value<0.005. ROC-AUC: Area

Under the Receiver Operating Characteristic Curve, PPV: positive predictive value, NPV: negative predictive

Table 1C. Model of 3 ensembles of support vector machine classifiers.

value.

CI]

Training Validation Internal Internal Internal
testing (mean) testing 1 testing 2
ROC-AUC 88** [86-89] 62** [57-68] 69* [50-88] 73 73
(%) [95% CI]
Accuracy 80** [78-82] 59** [52-65] 62** [50-74] 68 66
(%) [95% CI]
Sensitivity 75** [73-77] 51** [47-55] 42** [19-65] 47 95
(%) [95% CI]
Specificity 84** [81-88] 64** [53-74] 77** [72-83] 84 44
(%) [95% CI]
PPV (%) [95% | 82** [78-86] 53** [44-62] 58** [40-76] 69 56
CI]
NPV (%) [95% | 81**[79-83] 66** [58-74] 64** [54-74] 68 92

! majority vote - 50% threshold; > majority vote - 32% threshold that maximize sensitivity. Classification

performance in terms of AUC, Accuracy, Sensitivity, Specificity, PPV, NPV, corresponding 95% confidence

interval, and statistical significance with respect to chance/random classification (p-value). Performance is

reported for training, validation and internal testing (mean, majority vote at 50% and majority vote to

maximize Sensitivity). Statistical significance is set with * p-value <0.05 / ** p-value<0.005. ROC-AUC: Area

Under the Receiver Operating Characteristic Curve, PPV: positive predictive value, NPV: negative predictive

value.

Furthermore, for each model, ROC curves for the 3 ensembles are plotted in Figures 3A-B-C.
Based on ROC-AUC, the model of random forest classifiers resulted to be the best model for the task
of interest (19 images from class "sarcoma" vs. 25 images from class "fibroid").
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Figure 3. A. ROC Curve for the model consisting of 3 ensembles of random forest classifiers (from Internal
Testing). B. ROC Curve for the model consisting of 3 ensembles of support vector machine classifiers (from
Internal Testing). C. ROC Curve for the model consisting of 3 ensembles of k nearest neighbors classifiers (from
Internal Testing).

The 11 radiomic predictors are shown in Table 2, together with their IBSI feature family and
feature nomenclature. Predictors are ranked according to their statistical significance and to their
frequencies among the most relevant ones in the ensemble of random forest classifiers. Median values
of each feature, 95% Cls and results from univariate statistical sum rank tests are also reported with
adjusted p-values (without and with Bonferroni correction).

Table 2. Ensemble of random forest classifiers. The 11 predictors are sorted in descending order according to

their statistical significance and relevance.

Median in | Median in
the the
Feature Uncorrected | Corrected
# | Feature family positive negative
nomenclature p-value p-value
class (95% | class (95%
CD CD
High
Texture -
Dependence
Neighbouring 761.86 562.32
High Grey Level
1 Grey Level [316.76 - [400.75 - <0.05 0.12
Emphasis -
Dependence 1206.96] 723.89]
Exponential
Matrix
filter
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Second Measure
Texture - Grey-
Of Information
Level Co- 0.62 [0.55 - 0.55[0.5 -
2 Correlation - <0.05 0.17
Occurrence 0.68] 0.6]
Wavelet LLH
Matrix
filter
Deep Learning- 0.33[0.3 - 0.29[0.26 -
3 DeepFeature 770 <0.05 0.22
Based 0.35] 0.31]
Median -
Intensity 33 [31.02 - 37 [35.43 -
4 Wavelet LHL <0.05 0.29
Histogram 34.98] 38.57]
filter
Coefficient Of
Intensity-Based 0.58 [0.46 - | 0.83[0.67 -
5 Variation - <0.05 0.3
Statistics 0.69] 1]
Square filter
Deep Learning- DeepFeature 0.18 [8.06e- | 0.29[0.17 -
6 0.11 1
Based 1523 02 -0.28] 0.4]
Small Zone
Texture - Grey- | High Grey Level 166.66 102.89
7 | Level Size Zone Emphasis - [62.09 - [74.87 - 0.19 1
Matrix Exponential 271.23] 130.9]
filter
Mean Absolut
333.36 168.41
Intensity-Based Deviation -
8 [289.84 - [36.94 - 0.25 1
Statistics Wavelet LLL
376.87] 299.88]
filter
Median
Absolute 321.55
Intensity-Based 167.4 [47.2 -
9 Deviation - [276.28 - 0.27 1
Statistics 287.59]
Wavelet LLL 366.82]
filter
Variance - 1.55e+05 5.00e+04 [-
Intensity-Based
10 Wavelet LLL [1.17e+05 - 9.63e+04 - 0.29 1
Statistics
filter 1.93e+05] 1.96e+05]
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11
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Radiomics predictor distributions are also reported in violin plots and boxplots (Figure 4).
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Figure 4. Ensemble of random forest. Violin and box plots of the radiomic predictors. Violin and box plots of

"sarcoma" and "fibroid" classes are reported in red and green, respectively.

The best model for correctly classifying “sarcomas” vs “fibroids” showed: ROC-AUC (95% IC)
of 90 (majority vote - 50% threshold), 90 (mean) [87-92], accuracy (%) of 82, 83**[80-87], sensitivity (%)
of 74, 79** [79-79], specificity (%) of 88, 87** [81-92], PPV (%) of 82, 82** [76-88] and NPV (%) of 81,
84** [84-85] (*p<0,05, **p<0,005).
When a calibrated threshold was used to maximize sensitivity (i.e., 36% majority vote towards

malignancy), the following internal testing performance were reached: ROC-AUC of 90, accuracy (%)
of 82, sensitivity (%) of 95, specificity (%) of 72, PPV (%) of 72 and NPV (%) of 95.

4. Discussion

The differential diagnosis between uterine myomas and sarcomas is one of the most challenging

in gynecological oncology. Uterine fibroids, on the one hand, are benign tumors commonly found in
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premenopausal women. They are extremely prevalent, should not be over-treated, and can be
managed conservatively or treated with conservative surgery. Uterine sarcomas, on the other hand,
are rare malignant tumors with a very poor prognosis, particularly if not properly treated [19-21].
Conventional imaging methods for preoperative assessment, traditionally based on transvaginal US
and MR, have several limitations. Over the years, various attempts have been made to identify
pathognomonic imaging features of sarcomas and incorporate these into scoring systems that include
demographic, clinical, and biochemical data (such as lactic dehydrogenase levels and isoforms).
However, these efforts have not led to a significant improvement in clinical practice [22,23].
Implementing radiomics in a diagnostic algorithm may reduce operator-dependent errors and
enhance the diagnostic accuracy of imaging in differentiating between benign and malignant
myometrial lesions. In 2021, our group developed a machine learning model based on radiomics
applied to transvaginal US images to discriminate between fibroids and sarcomas with promising
results [24]. A recent systematic review by Raffone et al. [10] included 2495 MR images (2253 of
uterine leiomyomas and 179 of uterine sarcomas) with a sensitivity of 0.90 and an area under the
curve of 0.97. It confirms MR to be an adequate imaging modality to evaluate sarcomas, or rather,
because of the heterogeneity of such lesions, as stated by Suzuki et al [25]. in their review, it can
reliably extract cases for which the “possibility of sarcoma cannot be excluded.” By extracting and
analyzing a multitude of quantitative imaging features, radiomics enables a more comprehensive
evaluation of imaging data beyond what is perceptible to the naked eye. In the context of uterine
sarcomas and fibroids, radiomics can potentially identify subtle imaging biomarkers indicative of
malignancy, such as irregular margins, heterogeneous texture, and enhanced vascularity. When these
features are quantified and analyzed systematically, they may contribute to a more nuanced
understanding of the underlying tissue characteristics, aiding in the differentiation between benign
and malignant lesions. Furthermore, the application of radiomics can address some of the limitations
associated with conventional MR images interpretation, such as subjectivity and variability in
qualitative assessments. By providing objective and quantitative metrics, radiomics may enhance
inter-observer agreement and reproducibility in the diagnosis of uterine masses. This study achieved
the best AUC of 0.90, comparable to that reported by Nakagawa et al. [26], who combined MR
radiomics features with clinical parameters to build a machine learning model (AUC 0.93). Xie et al.
also developed an artificial intelligence model for the differential diagnosis of fibroids and sarcomas
using MR DWI, with promising results [27]; our study used only T2WI, which has more generalized
clinical applicability, therefore making it a more widely available model. Our results are similar to
those obtained by Roller et al. [28]: in their study, the Authors developed a model that integrates
traditional MR features, clinical data, and radiomics, which performed better (AUC 0.989) than the
model based on conventional MRI alone (AUC 0.929). This suggests that radiomics could serve as a
valuable tool to complement the image assessment performed by an experienced radiologist.

The main advantages of our study were the high quality of data used to develop and train the
model, both in terms of image quality and image processing by an experienced radiologist
specializing in gynecology at an oncological referral center. Additionally, the quality of diagnosis,
which is often challenging, was ensured by an experienced dedicated pathologist. A key advantage
was the use of a platform for data analysis and model creation with a simple interface that can be
fully customized by the clinician independently after brief training [16]. This allows the clinician to
autonomously create diagnostic models using machine learning or deep learning on any topic, with
various imaging methods.

The main limitations of the study are the small number of patients and its retrospective, single-
center design (lack of external validation). To develop robust data within a model capable of
significantly impacting clinical practice in this field, a much larger number of cases with available
images would be required. Additionally, manual segmentation is very time-consuming for clinicians
and we didn’t assess inter-reader variability in segmentation among different radiologists with
different levels of expertise. While this study is a retrospective analysis and has demonstrated good
diagnostic performance, prospective multicentric studies are necessary to validate the current results.
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Furthermore, while radiomics holds promise as a non-invasive tool for improving diagnostic
accuracy, it should be viewed as a complementary rather than a replacement approach to
conventional diagnostic methods. Clinical decision-making should still be based on a comprehensive
evaluation that incorporates clinical history, physical examination, imaging findings, and, when
necessary, histopathological analysis.

5. Conclusions

The radiomics analysis of MR imaging data in patients with myometrial lesions yields valuable
insights. By leveraging advanced imaging techniques, we can discern subtle radiomic features that
may distinguish between fibroids and sarcomas. This study underscores the potential of radiomics
as a non-invasive tool for aiding in the differential diagnosis of uterine masses. However, further
validation through larger prospective studies is warranted to establish the robustness and reliability
of these findings in clinical practice. Integrating radiomics into routine MR evaluations could enhance
diagnostic accuracy and facilitate more personalized treatment strategies for patients with uterine
masses. This might be a precious aid before proposing conservative treatment to patients interested
in fertility-sparing options.
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Abbreviations

The following abbreviations are used in this manuscript:

CI Confidence interval

FDR Fisher Discriminant Ratio

GLCM Gray-Level Co-occurrence Matrix

GLRLM Gray-Level Run Length Matrix

GLSZM Gray-Level Size Zone Matrix

IBSI Image Biomarker Standardization Initiative
IRB Institutional Review Board

kNN K-nearest neighbor

MR Magnetic resonance

NGLDM Neighboring Gray Level Dependence Matrix
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NGTDM Neighborhood Gray Tone Difference Matrix

NPV Negative predictive value

PCA Principal components analysis

PPV Positive predictive value

RF Random forest

ROC-AUC  Area Under the Receiver Operating Characteristic Curve
STUMP Smooth muscle tumors of uncertain malignant potential
SVM Support vector machines

T2WI T2 weighted image

us Ultrasound

VOI Volume of interest

WHO 2020 World Health Organization
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