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ORIGINAL RESEARCH • GENITOURINARY IMAGING

In developed countries, endometrial carcinoma is the 
most common gynecologic malignant neoplasm, with 

increasing incidence and associated mortality over the past 
decade (1). Important prognostic factors include the Inter-
national Federation of Gynecology and Obstetrics (FIGO) 
stage, histopathologic tumor grade, and lymphovascular 
space invasion (LVSI) (2–4). Meta-analyses have shown 
the diagnostic value of MRI for predicting the depth of 

myometrial invasion (MI) (5,6). As such, MRI has become 
essential in the preoperative staging of patients with endo-
metrial carcinoma (7,8).

However, imaging staging of endometrial carcinoma 
relies on visual assessment by trained radiologists, which 
is subject to interobserver variability and does not read-
ily translate from one institution to another. For example, 
it has been shown that high MRI staging performance 

Background: Stratifying high-risk histopathologic features in endometrial carcinoma is important for treatment planning. Radiomics 
analysis at preoperative MRI holds potential to identify high-risk phenotypes.

Purpose: To evaluate the performance of multiparametric MRI three-dimensional radiomics-based machine learning models for  
differentiating low- from high-risk histopathologic markers—deep myometrial invasion (MI), lymphovascular space invasion 
(LVSI), and high-grade status—and advanced-stage endometrial carcinoma.

Materials and Methods: This dual-center retrospective study included women with histologically proven endometrial carcinoma who  
underwent 1.5-T MRI before hysterectomy between January 2011 and July 2015. Exclusion criteria were tumor diameter less than  
1 cm, missing MRI sequences or histopathology reports, neoadjuvant therapy, and malignant neoplasms other than endometrial 
carcinoma. Three-dimensional radiomics features were extracted after tumor segmentation at MRI (T2-weighted, diffusion-weighted, 
and dynamic contrast-enhanced MRI). Predictive features were selected in the training set with use of random forest (RF) models for 
each end point, and trained RF models were applied to the external test set. Five board-certified radiologists conducted MRI-based 
staging and deep MI assessment in the training set. Areas under the receiver operating characteristic curve (AUCs) were reported with 
balanced accuracies, and radiologists’ readings were compared with radiomics with use of McNemar tests.

Results: In total, 157 women were included: 94 at the first institution (training set; mean age, 66 years 6 11 [SD]) and 63 at the 
second institution (test set; 67 years 6 12). RF models dichotomizing deep MI, LVSI, high grade, and International Federation of 
Gynecology and Obstetrics (FIGO) stage led to AUCs of 0.81 (95% CI: 0.68, 0.88), 0.80 (95% CI: 0.67, 0.93), 0.74 (95% CI: 
0.61, 0.86), and 0.84 (95% CI: 0.72, 0.92), respectively, in the test set. In the training set, radiomics provided increased perfor-
mance compared with radiologists’ readings for identifying deep MI (balanced accuracy, 86% vs 79%; P = .03), while no evidence 
of a difference was observed in performance for advanced FIGO stage (80% vs 78%; P = .27).

Conclusion: Three-dimensional radiomics can stratify patients by using preoperative MRI according to high-risk histopathologic  
end points in endometrial carcinoma and provide nonsignificantly different or higher performance than radiologists in identifying 
advanced stage and deep myometrial invasion, respectively.

© RSNA, 2022
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Medical Oncology considers FIGO IA the only low-risk stage 
(24). The methodologic and design contributions relative to the 
other recent radiomics studies referred to earlier (15–22) can be 
summarized as follows: first, latest recommendations from the 
Image Biomarker Standardization Initiative (or IBSI) on the de-
velopment of robust and reproducible radiomics models were 
applied (25); second, a full 3D analysis was implemented at 
multiparametric MRI; and finally, proposed machine learning 
models were validated on an independent external test set and 
compared with preoperative readings from radiologists.

Materials and Methods

Patients
Institutional review board approval and waiver of informed 
consent were obtained at both institutions, McGill University 
Health Centre, Montreal, Canada (institution 1), and Hôpi-
tal Lariboisière, Assistance Publique-Hôpitaux de Paris, Paris, 
France (institution 2), for this dual-center retrospective study. 
Clinical and imaging data obtained in women who underwent 
MRI before surgery between January 2011 and July 2015 at the 
first institution made up the training set and were used to train 
machine learning models to identify the presence of deep MI, 
LVSI, advanced FIGO stage, and high-grade tumors. The diag-
nostic performance and reproducibility of the predictive model 
were tested on images in an independent group of women re-
cruited at the second institution, referred to as the test set.

A total of 165 consecutive women at the first institution and 
99 women at the second institution with histologically proven 
endometrial carcinoma were deemed eligible after undergoing 
1.5-T MRI before total hysterectomy with bilateral salpingo- 
oophorectomy. Consecutive women were identified using the can-
cer registry database of each hospital. Exclusion criteria were (a) a 
maximum tumor diameter less than 1 cm; (b) an incomplete MRI 
examination; (c) an incomplete pathology report; (d) neoadjuvant 
therapy; and (e) malignant neoplasms other than endometrial car-
cinoma. The final sample comprised 94 women in the training 
set and 63 women in the test set. Eighty-six of the 94 women re-
cruited at the first institution (training set) overlap with the patient 
sample of a preliminary single-center two-dimensional radiomics 
study on the classification of deep MI, LVSI, and high-grade le-
sions (26). In the current study, 3D radiomics analyses following 
IBSI standards were conducted, including an external test set from 
an independent institution, and with expanded aims including the 
classification of advanced-stage lesions.

MRI Protocol
All pelvic MRI examinations were performed on 1.5-T systems  
(institution 1: Signa Excite, GE Healthcare; institution 2:  
Magnetom AvantoVB, Siemens Healthineers) using a vendor-
provided pelvic phased-array surface coil. Examinations included 
standard sequences (T2-weighted imaging, diffusion-weighted 
imaging [b = 0 and 1000 sec/mm2], and dynamic contrast- 
enhanced MRI [DCE-MRI]). DCE-MRI was performed after 
administration of 0.1 mmol per kilogram of body weight of  
gadolinium chelate (Gadovist, Bayer). Images were acquired 
during multiple phases following administration of intravenous 

reported from single-center studies was not replicated in a  
tertiary referral center that received MRI examinations  
acquired with heterogeneous protocols from a large number of 
external referring hospitals (9). In addition, although routinely 
performed for initial screening and risk stratification, preopera-
tive biopsies tend to underestimate tumor grade, particularly 
for larger tumors (10,11). A recent meta-analysis showed only 
a 67% agreement between endometrial sampling and the final 
posthysterectomy assignment of tumor grade (12). Thus, given 
the high sampling variability of biopsy and the importance of 
capturing intratumoral heterogeneity (13), noninvasive quanti-
tative whole-tumor assessment at standard-of-care MRI before 
surgery—so-called virtual biopsy—holds potential for improv-
ing the risk stratification of women with endometrial carcinoma.

Radiomics quantifies the image-based phenotypes of  
entire lesions and predicts patient outcomes according to  
mathematically defined image descriptors (14). Several studies 
have investigated the role of three-dimensional (3D) radiomics 
derived from standard-of-care MRI for staging of endometrial 
carcinoma by using histopathologic findings as the standard of 
reference (15–23). Most of these were single-center studies with-
out an external test set, limiting the generalizability of the results 
(15–22). To ensure clinical translatability of such models, an ex-
ternal test set is essential, but, to our knowledge, only one recent 
study included an independent test set (23).

The aim of this study was to evaluate the diagnostic perfor-
mance of 3D radiomics–based machine learning models using 
multiparametric MRI to differentiate low- from high-risk his-
topathologic markers (deep MI, LVSI, and high-grade status) 
and early–FIGO stage (IA) from advanced–FIGO stage (IB or 
higher) endometrial carcinoma. The latter classification task is 
performed to assess the potential of the MRI-based radiomics 
signature for risk stratification, since the European Society for 

Abbreviations
ADC = apparent diffusion coefficient, AUC  = area under the ROC 
curve, DCE-MRI = dynamic contrast-enhanced MRI, FIGO = Inter-
national Federation of Gynecology and Obstetrics, LVSI = lymphovas-
cular space invasion, MI = myometrial invasion, RF = random forest,  
ROC = receiver operating characteristic, 3D = three-dimensional

Summary
Three-dimensional radiomics-based machine learning models can strat-
ify women with endometrial carcinoma at preoperative multiparamet-
ric MRI based on high-risk histopathologic features and can identify 
advanced-stage cancer (International Federation of Gynecology and 
Obstetrics system) reproducibly across sets acquired at different centers.

Key Results
 n In this dual-center study of 157 women with endometrial cancer, 

multiparametric MRI–based three-dimensional radiomics models 
differentiated deep myometrial invasion (MI), lymphovascular 
space invasion, tumor grade, and International Federation of 
Gynecology and Obstetrics (FIGO) stage, with areas under the  
receiver operating characteristic curve of 0.81, 0.80, 0.74, and 
0.84, respectively, in the test set (n = 63).

 n Radiomics provided higher or nonsignificantly different perfor-
mance than radiologists for identifying deep MI (balanced accu-
racy, 86% vs 79%, respectively; P = .03) and advanced FIGO stage 
(80% vs 78%; P = .27) in the training set (n = 94).
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gadolinium chelate in either sagittal or axial oblique planes  
(before and at 25, 60, and 120 seconds after contrast material  
administration in the sagittal plane and 240 seconds after  
contrast material administration in the axial oblique plane). 
MRI acquisition protocols are summarized in Table E1 (online).

Surgical Histopathologic Analyses
All women recruited at both institutions underwent total hys-
terectomy, bilateral salpingo-oophorectomy, and bilateral pelvic 
lymph node sampling. To ensure full histopathologic sampling 
of the resected specimen, the uterus was sliced contiguously ev-
ery 3–4 mm, and slices were stained with hematoxylin and eosin. 
Histopathologic analysis was conducted by gynecologic pathol-
ogists as part of clinical standard of care, and histopathologic 
reports were obtained to determine tumor subtype, histopatho-
logic grade, the presence of deep MI (50%) and LVSI. For the 
purpose of radiomics modeling, tumor grade was dichotomized 

as follows: (a) low grade: FIGO grades 1 and 2 endometrioid 
carcinoma and (b) high grade: FIGO grade 3 endometrioid car-
cinoma or nonendometrioid histologic findings. Furthermore, 
FIGO stage was dichotomized into early (IA) and advanced  
(IB or higher) for risk stratification in accordance with European 
Society for Medical Oncology guidelines (24).

Lesion Segmentation
Contours defining the 3D tumor region of interest for each 
patient were manually drawn section by section on image vol-
umes from the six different sequences, in either the sagittal or 
axial oblique plane: T2-weighted images, diffusion-weighted im-
ages (b = 1000 sec/mm2), apparent diffusion coefficient (ADC) 
map (generated from the combination of b = 0 sec/mm2, 1000 
sec/mm2), and the second, third, and delayed phases of DCE-
MRI. The region of interest of each tumor was manually drawn  
independently (Fig 1) by one radiologist at each institution 

Figure 1: Diagram shows radiomics pipeline used for the classification of histopathologic features of endometrial carcinoma at multiparametric MRI.  
Lesions are manually segmented on images acquired with each MRI sequence. Radiomics features are extracted for different sets of preprocessing param-
eters, and the set leading to the highest feature stability under region of interest (ROI) variations is selected. Only preselected reproducible, uncorrelated, and 
discriminating radiomics features are included in random forest model building. Models are trained on the training set for histopathologic feature classifica-
tion, and diagnostic performance is reported for both the training and test sets with bootstrapped CIs. 3D = three-dimensional, FIGO = International Federa-
tion of Gynecology and Obstetrics, GLCM = gray-level co-occurrence matrix, GLRLM = gray-level run length matrix, GLSZM = gray-level size zone matrix, 
ICC = intraclass correlation coefficient, LVSI = lymphovascular space invasion, MI = myometrial invasion.



Three-dimensional Multiparametric MRI–based Radiomics Analysis of Endometrial Cancer

4 radiology.rsna.org  n  Radiology: Volume 000: Number 0—Month 2022

(Y.U. and A.D., both with 6 years of experience in pelvic MRI). 
All contours were reviewed by an experienced fellowship-trained 
subspecialty radiologist with more than 20 years of experience 
(C.R.). Contour modifications were done manually by the  
senior radiologist on sets from both institutions if deemed neces-
sary, but were not repeated independently. The three radiolo-
gists were aware of the diagnosis of endometrial carcinoma but 
blinded to clinical and histopathologic outcomes.

Radiomics Analysis
The developed radiomics analysis pipeline is depicted in  
Figure 1. Briefly, radiomics features were computed using the 
IBSI-compliant Pyradiomics 3.0 Python package (27). Feature 
reproducibility was then assessed using a pipeline complying with 
IBSI recommendations. Features that were robust to changes  
in image preprocessing parameters and variations in contour 
delineation (intraclass correlation coefficient with two-way  
random effects model .0.80) (28) and also not highly corre-
lated with each other (Spearman r ,0.95) were retained for  
subsequent analysis. Based on those retained features, an  
initial random forest (RF) classifier was trained to determine the  
predictive power of individual features. The top five features 
were retained, and a final RF classifier based on these five  
features was trained and then applied to the independent test  
set. To account for class imbalance, the majority class was  
downsampled in bootstrapped folds during the training with use 
of the imbalanced-learn package (29).

Radiologists’ Readings
In the training set, five board-certified radiologists (with at least 
5 years of experience in gyne-
cologic MRI interpretation)  
prospectively performed FIGO 
staging at multiparametric  
MRI in accordance with re-
cent guidelines during routine  
clinical assessment (30,31). In 
addition, each woman’s com-
plete imaging file including 
the pelvic MRI examinations, 
histologic results, and physical 
examination was reviewed by 
an interdisciplinary gynecologic 
tumor board panel before sur-
gery for quality assurance, as is 
standard of care.

Statistical Analysis
Diagnostic performance met-
rics obtained on both sets in-
clude receiver operating char-
acteristic (ROC) curves with 
associated areas under the 
ROC curve (AUCs), sensitiv-
ity, specificity, balanced accu-
racy, positive predictive value, 
and negative predictive value 

for the threshold maximizing the Youden index. Balanced ac-
curacies (ie, [sensitivity 1 specificity]/2) were reported to miti-
gate the effect of imbalanced class distribution in the training 
and test sets in the RF models. McNemar tests were performed 
to compare the binary predictions of radiomics models and  
radiologists’ readings (32).

ROC analysis for classifying tumors in dichotomized groups 
for each histopathologic outcome was performed individually 
for each single radiomics feature. Based on AUCs obtained for 
the whole training set, the top three most discriminative features 
were also identified. As a reference, MRI volumetry was also 
computed on T2-weighted images, and the predictive value of 
the extracted volumes, expressed as the AUC, was reported.

Radiomics feature correlation with surgical and histopatho-
logic outcomes of interest and other clinical variables (age, FIGO 
stage, cervical stromal invasion, MI, grade, LVSI, lymph node 
metastasis, and adenomyosis) was explored, and Spearman rank 
or point-biserial correlation coefficients were reported in a corre-
lation heatmap. Nonparametric comparisons of clinical variables 
and radiomics features in each set and each disease group, respec-
tively, were performed with a Mann-Whitney U test for binary 
groups and a Kruskal-Wallis test for multiple groups.

All RF modeling and statistical analyses were conducted 
in Python 3.7.4 and using the Scikit-learn 0.24.2 machine 
learning package (33). Code used for radiomics analyses can 
be found online in the repository for the article (https://www.
github.com/thierleft/mri-3Dradiomics-endometrialcancer). 
Additional methodologic details regarding the developed ra-
diomics pipeline are provided in Appendix E1 (online), with 
a particular focus on reproducibility.

Figure 2: Flowchart of patient selection at the two recruiting institutions (training and test sets). DCE-MRI = dynamic 
contrast-enhanced MRI, DWI = diffusion-weighted imaging.



Lefebvre et al

Radiology: Volume 000: Number 0—Month 2022  n  radiology.rsna.org 5

Results

Patient Characteristics and Surgical Histopathologic Findings
Of the 165 and 99 women eligible at institutions 1 and 2, respec-
tively, 48 (29%) and eight (8.0%) had a maximum tumor diam-
eter less than 1 cm; eight (4.8%) and 14 (14%) had an incom-
plete MRI examination; five (3.0%) and four (4.0%) had severe 
motion artifacts; five (3.0%) and five (5.1%) had an incomplete 
histopathology report; three (1.8%) and one (1.0%) received 
neoadjuvant therapy; and two (1.2%) and four (4.0%) had ma-
lignant neoplasms other than endometrial carcinoma (Fig 2). The 
final sample comprised 94 women in the training set (institution 
1; mean age, 66 years 6 11 [SD]) and 63 women in the test set  
(institution 2; mean age, 67 years 6 12). Characteristics of 
women recruited at both institutions are presented in Table 1.

Final postoperative histopathologic assessment was used to 
diagnose advanced FIGO stage in 52 of 94 women (55%) and 
44 of 63 women (70%) in the training and test sets, respectively; 
deep MI in 43 of 94 (46%) and 36 of 63 (57%); LVSI in 49 
of 94 (52%) and 19 of 63 (30%); and high-grade tumor in 33 
of 94 (35%) and 15 of 63 (24%). The histopathologic subtype 
was endometrioid carcinoma in 80 of 
94 women (85%) and 60 of 63 women 
(95%) in the training and test sets, respec-
tively; serous carcinoma in 11 of 94 (12%) 
and two of 63 (3.2%); clear cell carcinoma 
in two of 94 (2.1%) and one of 63 (1.6%); 
and mixed or undifferentiated carcinoma 
in one of 94 (1.1%) and 0 of 63. Histo-
pathologic findings did not differ between 
training and test sets (range, P = .05–.80), 
except for the distribution of women with 
LVSI (training set, 49 of 94 [52%] vs test 
set, 19 of 63 [30%]; P = .007).

Radiomics Analysis
The initial reproducibility analysis re-
vealed that the preprocessing parameters 
that led to the highest overall intraclass 
correlation coefficient across all MRI 
series were resampled isotropic voxels 
of 1 mm3 and normalized absolute dis-
cretized images with a fixed bin size of 
25. With this set of preprocessing steps, 
56 radiomics features were excluded from 
further analysis because their associated 
intraclass correlation coefficients were 
below the predefined 0.80 reproducibil-
ity threshold (Appendix E1 [online]).  
Thus, there were 580 features left from 
the 636 (91%) originally extracted fea-
tures (ie, 106 features per MRI series) af-
ter this first feature selection step. Next, 
highly correlated multicollinear features 
were removed (Spearman r .0.95), re-
sulting in the retention of only 361 of the 
580 selected reproducible features (57% 

of the 636 originally extracted features). Before RF modeling 
was conducted, the top three most discriminative radiomics fea-
tures based on ROC analysis, as ranked by the resulting AUC  
for each classification task, were identified and are reported in  
Table 2, in addition to tumor volumes computed on T2-
weighted images for reference. The volumes extracted from seg-
mentations performed on each MRI series did not differ from 
each other within women (P . .99).

The sets of five radiomics features selected by the RF fea-
ture selection and included in each final model are shown in  
Table 3 along with the MRI sequence from which they were 
derived and their importance during the RF feature selection 
process. These selected features were individually among the 
most discriminating in single-feature ROC analysis performed 
on the full training set (Table 2), confirming that the RF selec-
tion process was able to detect important features. There was no 
strong correlation (Spearman rank or point-biserial correlation 
coefficient , |0.5|) between these selected radiomics features 
and clinical variables in the training set (Fig 3A). The five se-
lected features for dichotomizing advanced FIGO stage lesions 
and the presence of deep MI, LVSI, and high-grade tumors were 

Table 1: Surgical Histopathologic Findings in Women Recruited at Each Enrolling 
Institution (Training and Test Sets)

Finding
Training Set,  
Institution 1 (n = 94)

Test Set,  
Institution 2 (n = 63) P Value

Age (y)* 66 6 11 [43–90] 67 6 12 [44–88] .55
Overall FIGO stage .80
 IA 42 (45) 19 (30)
 IB 21 (22) 17 (27)
 II 3 (3.2) 13 (21)
 IIIA 6 (6.4) 5 (7.9)
 IIIC1 13 (14) 3 (4.8)
 IIIC2 8 (8.5) 2 (3.2)
 IVB 1 (1.1) 4 (6.3)
Deep myometrial invasion .13
 Absent 51 (54) 27 (43)
 Present 43 (46) 36 (57)
Lymphovascular space invasion .007
 Absent 45 (48) 44 (70)
 Present 49 (52) 19 (30)
Histopathologic subtype .16
 Endometrioid 80 (85) 60 (95)
 Serous 11 (12) 2 (3.2)
 Clear cell 2 (2.1) 1 (1.6)
 Mixed or undifferentiated 1 (1.1) 0 (0)
Histopathologic grade .22
 Low (grade 1 or 2) 61 (65) 48 (76)
 High (grade 3 or  

 nonendometrioid)
33 (35) 15 (24)

Pelvic lymph node metastasis .05
 Absent 71 (76) 57 (90)
 Present 23 (24) 6 (10)

Note.—Unless otherwise specified, data are numbers of women, with percentages in 
parentheses. FIGO = International Federation of Gynecology and Obstetrics.
* Data are means 6 SDs, with ranges in brackets.
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all significantly different between the groups with and without 
the histopathologic outcome of interest (range, P , .001 to  
P = .03) (Fig 3B). Figure 4 shows an example of two cor-
rectly classified lesions belonging to different histopathologic 
categories.

Diagnostic Performance of the Radiomics-based RF Models
In Table 4, the diagnostic performance of RF modeling is  
reported for each of the four end points, with ROC curves in 
Figure 5. For the four outcomes, the developed RF models  
resulted in higher diagnostic performance than simple MRI  
volumetry using tumor volumes extracted on T2-weighted  
images (P , .05) (Table 2).

Diagnostic Performance of Radiologists
The diagnostic performance of the radiologists’ readings for 
FIGO staging and assessment of deep MI is detailed in Table 4. 
In the sample recruited at the first institution, the diagnostic per-
formance of the radiomics models was not significantly different 
from the radiologists’ readings for identifying advanced FIGO 
stage (balanced accuracy, 80% vs 78%, respectively; P = .27) and 
was superior for identifying deep MI (balanced accuracy, 86% 
vs 79%; P = .03).

Discussion
In this study, radiomics-based diagnostic machine learning 
models were developed for the noninvasive identification of 

Table 2: Most Discriminative Single Radiomics Feature Based on Receiver Operating Characteristic Curve Analysis for Each 
Histopathologic End Point of Endometrial Cancer and Comparison with Tumor Volume for MRI Volumetry Reference

Histopathologic Feature and Radiomics Feature*
AUC (Training  
Set, Institution 1)

AUC (Test Set,  
Institution 2)

Advanced FIGO stage
 1. Zone entropy, GLSZM, delayed-phase DCE-MRI (ZoneEntropy 

 GLSZM, DCE-MRI, FBS:25, RS:3s, CSI:3D:1 mm)
0.81 (0.74, 0.88) 0.75 (0.64, 0.86)

 2. Large dependence high gray-level emphasis, GLDM, second-phase DCE-MRI  
 (LargeDependenceHighGrayLevelEmphasisGLDM, DCE-MRI, FBS:25, RS:3s, CSI:3D:1 mm)

0.78 (0.69, 0.85) 0.77 (0.66, 0.88)

 3. Least axis length, T2WI (LeastAxisLengthMORPH, T2WI, CSI:3D:1 mm) 0.77 (0.69, 0.84) 0.77 (0.66, 0.87)
 MRI volumetry reference: Volume, T2WI (VoxelVolumeMORPH, T2WI, CSI:3D:1 mm) 0.74 (0.66, 0.82) 0.77 (0.67, 0.87)
Deep myometrial invasion
 1. Least axis length, delayed-phase DCE-MRI (LeastAxisLength 

 MORPH, DCE-MRI, CSI:3D:1 mm)
0.83 (0.73, 0.91) 0.75 (0.60, 0.86)

 2. Dependence entropy, GLDM, delayed-phase DCE-MRI  
 (DependenceEntropyGLDM, DCE-MRI, FBS:25, RS:3s, CSI:3D:1 mm)

0.81 (0.71, 0.88) 0.70 (0.56, 0.83)

 3. Zone entropy, GLSZM, delayed-phase DCE-MRI (ZoneEntropy 
 GLSZM, DCE-MRI, FBS:25, RS:3s, CSI:3D:1 mm)

0.80 (0.70, 0.88) 0.66 (0.51, 0.79)

 MRI volumetry reference: Volume, T2WI (VoxelVolumeMORPH, T2WI, CSI:3D:1 mm) 0.73 (0.64, 0.82) 0.72 (0.62, 0.83)
Lymphovascular space invasion
 1. Large dependence high-gray level emphasis, GLDM, third-phase DCE-MRI  

 (LargeDependenceHighGrayLevelEmphasisGLDM, DCE-MRI, FBS:25, RS:3s, CSI:3D:1 mm)
0.75 (0.64, 0.84) 0.76 (0.61, 0.87)

 2. Inverse difference moment normalized, GLCM, ADC  
 (InverseDifferenceMomentNormalizedGLCM, ADC, FBS:25, RS:3s, CSI:3D:1 mm)

0.75 (0.64, 0.83) 0.76 (0.60, 0.87)

 3. Minor axis length, T2WI (MinorAxisLengthMORPH, T2WI, CSI:3D:1 mm) 0.74 (0.62, 0.83) 0.68 (0.51, 0.80)
 MRI volumetry reference: Volume, T2WI (VoxelVolumeMORPH, T2WI, CSI:3D:1 mm) 0.71 (0.63, 0.80) 0.71 (0.60, 0.83)
High grade
 1. Inverse difference moment normalized, GLCM, DWI  

 (InverseDifferenceMomentNormalizedGLCM, DWI, FBS:25, RS:3s, CSI:3D:1 mm)
0.71 (0.60, 0.80) 0.70 (0.55, 0.83)

 2. Inverse difference normalized, GLCM, DWI  
 (InverseDifferenceMomentNormalizedGLCM, ADC, FBS:25, RS:3s, CSI:3D:1 mm)

0.71 (0.58, 0.80) 0.69 (0.55, 0.82)

 3. Long run high gray level emphasis, GLRLM, third-phase DCE-MRI  
 (LongRunHighGrayLevelEmphasisGLRLM, DCE-MRI, FBS:25, RS:3s, CSI:3D:1 mm)

0.70 (0.57, 0.80) 0.69 (0.52, 0.82)

 MRI volumetry reference: Volume, T2WI (VoxelVolumeMORPH, T2WI, CSI:3D:1 mm) 0.59 (0.47, 0.70) 0.68 (0.56, 0.81)

Note.—Data in parentheses are bootstrapped 95% CIs. 3D = three-dimensional, ADC = apparent diffusion coefficient, AUC = area 
under the receiver operating characteristic curve, CSI = cubic spline interpolation, DCE-MRI = dynamic contrast-enhanced MRI, DWI = 
diffusion-weighted imaging, FBS = fixed bin size, FIGO = International Federation of Gynecology and Obstetrics, GLCM = gray-level co-
occurrence matrix, GLDM = gray-level dependence matrix, GLRLM = gray-level run length matrix, GLSZM = gray-level size zone matrix, 
MORPH = morphology, RS = resegmentation, T2WI = T2-weighted imaging.
* Image Biomarker Standardization Initiative nomenclature is included in parentheses to provide a comprehensive description of feature 
extraction performed for each feature.
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Table 3: Description of the Selected Radiomics Features in the Random Forest Models and Their Importance for Classifying Each 
Histopathologic End Point of Interest

Histopathologic  
Feature and  
Radiomics Feature Category MRI Sequence IBSI Nomenclature

Mann-
Whitney  
U Test  
P Value

Feature 
Importance

Advanced FIGO stage
 Zone entropy GLSZM, texture Delayed-phase 

DCE-MRI
ZoneEntropy 

GLSZM, DCE-MRI, FBS:25, RS:3s, CSI:3D:1 mm

,.001 0.043

 Large dependence high  
 gray-level emphasis

GLDM, texture Second-phase  
DCE-MRI

LargeDependenceHighGrayLevelEmphasis 
GLDM, DCE-MRI, FBS:25, RS:3s, CSI:3D:1 mm

.002 0.020

 Inverse difference  
 moment normalized

GLCM, texture Delayed-phase 
DCE-MRI

InverseDifferenceMomentNormalized 
GLCM, DCE-MRI, FBS:25, RS:3s, CSI:3D:1 mm

.002 0.014

 Joint average GLCM, texture Second-phase  
DCE-MRI

JointAverage 
GLCM, DCE-MRI, FBS:25, RS:3s, CSI:3D:1 mm

.007 0.011

 Least axis length Shape T2WI LeastAxisLengthMORPH, T2WI, CSI:3D:1 mm .03 0.010
Deep myometrial  

 invasion
 Zone entropy GLSZM, texture Delayed-phase 

DCE-MRI
ZoneEntropy 

GLSZM, DCE-MRI, FBS:25, RS:3s, CSI:3D:1 mm

,.001 0.040

 Dependence entropy GLDM, texture Delayed-phase 
DCE-MRI

DependenceEntropy 
GLDM, DCE-MRI, FBS:25, RS:3s, CSI:3D:1 mm

,.001 0.023

 Maximum two- 
 dimensional diameter  
  section

Shape ADC Maximum2DdiameterSlice 
MORPH, ADC, CSI:3D:1 mm

,.001 0.017

 Least axis length Shape Delayed-phase 
DCE-MRI

LeastAxisLengthMORPH, DCE-MRI, CSI:3D:1 mm ,.001 0.014

 Dependence  
 nonuniformity

GLDM, texture Delayed-phase 
DCE-MRI

DependenceNonUniformity 
GLDM, DCE-MRI, FBS:25, RS:3s, CSI:3D:1 mm

,.001 0.011

Lymphovascular space  
 invasion

 Inverse difference  
 moment normalized

GLCM, texture ADC InverseDifferenceMomentNormalized 
GLCM, ADC, FBS:25, RS:3s, CSI:3D:1 mm

,.001 0.024

 Skewness First order statistics Delayed-phase 
DCE-MRI

SkewnessIH, DCE-MRI, RS:3s, CSI:3D:1 mm
.002 0.020

 Large area high gray- 
 level emphasis

GLSZM, texture T2WI LargeAreaHighGrayLevelEmphasis 
GLSZM, T2WI, FBS:25, RS:3s, CSI:3D:1 mm

,.001 0.014

 Mesh volume Shape T2WI MeshVolumeMORPH, T2WI, CSI:3D:1 mm ,.001 0.011
 Minor axis length Shape T2WI MinorAxisLengthMORPH, T2WI, CSI:3D:1 mm ,.001 0.011
High grade
 Contrast NGTDM, texture T2WI ContrastNGTDM, T2WI, FBS:25, RS:3s, CSI:3D:1 mm

.003 0.019
 Gray-level variance GLSZM, texture ADC GrayLevelVariance 

GLSZM, ADC, FBS:25, RS:3s, CSI:3D:1 mm

.03 0.015

 Long run high gray- 
 level emphasis

GLRLM, texture Third-phase  
DCE-MRI

LongRunHighGrayLevelEmphasis 
GLRLM, DCE-MRI, FBS:25, RS:3s, CSI:3D:1 mm

.01 0.014

 Inverse difference  
 moment normalized

GLCM, texture DWI InverseDifferenceMomentNormalized 
GLCM, DWI, FBS:25, RS:3s, CSI:3D:1 mm

.001 0.012

 Gray-level  
 nonuniformity

GLDM, texture Second-phase  
DCE-MRI

GrayLevelNonUniformity 
GLDM, DCE-MRI, FBS:25, RS:3s, CSI:3D:1 mm

.02 0.010

Note.—Feature importance in the random forest is assessed as the mean decrease in Gini impurity across the forest. P values for the 
comparison of radiomics features in dichotomized groups for each end point are reported. Image Biomarker Standardization Initiative 
(IBSI) nomenclature is included to provide a comprehensive description of feature extraction performed for each feature. 3D = three-
dimensional, ADC = apparent diffusion coefficient, CSI = cubic spline interpolation, DCE-MRI = dynamic contrast-enhanced MRI, 
DWI = diffusion-weighted imaging, FBS = fixed bin size, FIGO = International Federation of Gynecology and Obstetrics, GLCM = gray-
level co-occurrence matrix, GLDM = gray-level dependence matrix, GLRLM = gray-level run length matrix, GLSZM = gray-level size zone 
matrix, IH = intensity histogram, MORPH = morphology, NGTDM = neighboring gray-tone difference matrix, RS = resegmentation, 
T2WI = T2-weighted imaging.
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high-risk histopathologic features of endometrial carcinoma 
at multiparametric MRI. Recently, several groups of au-
thors have studied associations between radiomics signatures  
derived from clinical MRI examinations and histopatho-
logic outcomes in women with endometrial carcinoma  
(15–23,26,34). Some used a single MRI series to extract  
radiomics features (16,17,20) or extracted radiomics features 
on two-dimensional sections only (26,34). In our study, we 
focused on standardized validation and reproducibility of 
computational methods. We observed a consistent and clini-
cally acceptable performance between the training and test 
sets (test set areas under the receiver operating characteristic 

curve [AUCs], 0.84 for advanced International Federation 
of Gynecology and Obstetrics [FIGO] stage; 0.81 for deep 
myometrial invasion [MI]; 0.80 for lymphovascular space in-
vasion [LVSI]; and 0.74 for high-grade status), despite factors 
such as contouring variability and image acquisition on MRI 
scanners from different vendors, which are likely to increase 
variability between data coming from two independent in-
stitutions. This points to the robustness of the methodology 
proposed in our study.

In contrast with our study, many prior studies did not 
include an external independent test set (15–22). For iden-
tifying advanced–FIGO stage endometrial carcinoma, the 

Figure 3: (A) Correlation heatmap of clinical variables and top five radiomics features selected with random forest modeling for each outcome. (B) Normalized mean 
of radiomics features in dichotomized disease groups with or without advanced International Federation of Gynecology and Obstetrics (FIGO) stage, deep myometrial 
invasion (MI), lymphovascular space invasion (LVSI), and high-grade endometrial carcinoma. Black lines overlaid on the heatmap represent the split between clinical 
variables and radiomics features. Spearman rank correlation coefficients are reported except for dichotomous variables, where point-biserial correlation coefficients are re-
ported. ADC = apparent diffusion coefficient, DCE = dynamic contrast enhancement, DWI = diffusion-weighted imaging, GL = gray level, glcm = GL co-occurrence matrix, 
gldm = GL dependence matrix, glrlm = GL run length matrix, glszm = GL size zone matrix, IDMN = inverse difference moment normalized, LAHGLE = large area high GL 
emphasis, LDHGLE = large dependence high GL emphasis, LRHGLE = long run high GL emphasis, ngtdm = neighboring gray-tone difference matrix, 2D = two-dimensional, 
T2WI = T2-weighted imaging.
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extracted radiomics signature had diagnostic performance 
(AUC = 0.84) similar to that reported by Yan et  al (23) 
in their validation group (AUC = 0.85). Many previous 
studies have performed radiomics analyses for the identifi-
cation of deep MI, which constitutes a predictive risk fac-
tor. However, the inclusion of lesions with superficial MI 
but with other risk factors, such as lymph node metastases, 
confounds the risk stratification of women with endome-
trial carcinoma, as only FIGO stage IA lesions are truly low 
risk according to European Society for Medical Oncology 
guidelines (24). Differentiating lesions with FIGO stage IA 
from lesions with higher stage may be of greater clinical rel-
evance (23) compared with radiomics studies considering 
only the presence or absence of deep MI without explicitly 
accounting for FIGO stage, potentially confounding the re-
sults (15,17,34).

For detecting LVSI, our radiomics signature was similar to 
that proposed by Luo et  al (19), which was built from two 
shape-based features (one of which was extracted from T2-
weighted imaging) and two texture-based features extracted 
from DCE-MRI and ADC maps, akin to our model. This 

model similarity suggests consistency and reproducibility of 
radiomics-based signatures of LVSI.

Prior studies have also shown that features extracted from 
ADC maps could differentiate low-grade from high-grade en-
dometrial carcinomas (16,35). In our sample, one feature (from 
a texture feature category) extracted from ADC maps was in-
cluded in the final radiomics model for this outcome. Interest-
ingly, a recent study by Yamada et al (16) also included ADC-
based texture features from the same category in the final RF 
model, suggesting a consistent radiomics-based signature of 
high-grade tumors. As ADC maps characterize the density of 
tumor cellularity by assessing the impedance of water molecule 
diffusion, the radiomics feature selected by our model reflects the 
discriminative value of ADC maps in detecting the more het-
erogeneous cellularity seen in high-grade endometrial lesions. In 
the study by Yamada et al (16), the RF model achieved a higher 
AUC than in our study for predicting high grade (0.89 vs 0.74), 
albeit using a single-institution set. In contradistinction, Fasmer 
et al (18) reported similar AUC for identifying nonendometri-
oid (0.73) and grade 3 (0.63) endometrial carcinoma with their 
radiomics signatures extracted from delayed-phase DCE-MRI.

Figure 4: Endometrial carcinoma in two women at preoperative multiparametric MRI. (A) Axial oblique T2-weighted image, (B) axial oblique delayed-phase dynamic 
contrast-enhanced MRI (DCE-MRI) scan 240 seconds after gadolinium chelate injection, and (C) sagittal apparent diffusion coefficient (ADC) map in a 75-year-old 
woman with International Federation of Gynecology and Obstetrics (FIGO) stage IIIA endometrial carcinoma with deep myometrial invasion (MI) and lymphovascular 
space invasion (LVSI) (upper row); and (D) axial oblique T2-weighted image, (E) axial oblique delayed-phase DCE-MRI scan 240 seconds after gadolinium chelate 
injection, and (F) sagittal ADC map in a 53-year-old woman with FIGO stage IA endometrial carcinoma without deep MI or LVSI (lower row). Lesions were correctly clas-
sified for FIGO stage (radiomics risk, 0.89 in the first woman and 0.16 in the second), deep MI status (0.94 and 0.11), LVSI status (0.88 and 0.20), and grade status (0.76 
and 0.22). The axial oblique plane was perpendicular to the endometrial cavity, resulting in a short-axis view.
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The reported performance of radiomics modeling for differ-
entiating early from advanced FIGO stage was not significantly 
different from that of the clinical readings of the five radiolo-
gists in the training set (P = .27), as evidenced by the largely 
overlapping confidence intervals, in particular for balanced ac-
curacy. The dedicated radiomics model for identifying deep MI 
outperformed radiologists in preoperative patient stratification 
in the training set (P = .03). Considering the current workload 
of radiologists, having preoperative MRI–derived radiomics risk 
stratification with similar to higher diagnostic performance when 
compared with readings of experienced radiologists may provide 
more junior radiologists with enhanced decision-making capa-
bilities while alleviating the pressure on radiology departments.

Our study had limitations. First, regions of interest were 
drawn by two different radiologists for the training and test 
sets. Second, our sample was relatively small. Third, the com-
parison between radiomics and radiologist readings was per-
formed on the training set, as radiologist readings were not 
available for the test set. This is a limitation because the per-
formance of radiomics on the training set is generally optimis-
tic. However, our results from an independent test set do not 

show evidence of overfitting; thus, the optimistic effect of com-
parison based on the training data can be considered limited. 
Finally, our sample had an imbalance in the distribution of 
histopathologic features, specifically histopathologic grade. For 
machine learning strategies to be effective in small sample sizes, 
the distribution of data for model building should ideally be 
similar between the training and test sets.

In conclusion, our MRI three-dimensional radiomics-based 
machine learning models provided consistent clinically accept-
able performance for differentiating early– from advanced–  
International Federation of Gynecology and Obstetrics (FIGO) 
stage endometrial carcinoma and low- from high-risk histologic 
markers (tumor grade, myometrial invasion [MI], and lym-
phovascular space invasion) as evaluated in two independent 
sets from different institutions at preoperative multiparametric 
MRI. Our classifiers had performance similar to or higher than 
radiologists in identifying advanced FIGO stage and deep MI, 
respectively. Accurate noninvasive preoperative identification 
of women with low-risk endometrial carcinoma may decrease  
surgical time by obviating the need for sentinel lymph node  
dissection and the potential attendant lymphadenectomy- 

Table 4: Diagnostic Performance of the Best-Performing Random Forest Models for Each Histopathologic Feature

Histopathologic  
Feature and Data Set AUC Sensitivity (%) Specificity (%)

Balanced 
Accuracy (%) PPV (%) NPV (%) P Value

Advanced  
FIGO stage

.27

 Training,  
 institution 1

0.85 (0.77, 0.92) 87 (45/52)  
[76, 96]

74 (31/42)  
[62, 88]

80 [72, 88] 80 (45/56) 
[68, 89]

82 (31/38) 
[68, 92]

 Test, institution 2 0.84 (0.72, 0.92) 84 (37/44)  
[75, 94]

79 (15/19)  
[55, 92]

82 [71, 91] 90 (37/41) 
[75, 97]

68 (15/22) 
[47, 88]

 Radiologists’  
 readings

… 75 (39/52) 
[61, 86]

81 (34/42)  
[65, 91]

78 [68, 85] 83 (39/47) 
[69, 92]

72 (34/47) 
[57, 84]

Deep myometrial  
 invasion

.03

 Training,  
 institution 1

0.86 (0.75, 0.93) 84 (36/43)  
[71, 93]

88 (45/51)  
[77, 95]

86 [78, 92] 84 (36/43) 
[71, 93]

88 (45/52) 
[75, 94]

 Test, institution 2 0.81 (0.68, 0.88) 86 (31/36)  
[68, 94]

74 (20/27)  
[60, 93]

80 [70, 91] 82 (31/38)  
[67, 91]

80 (20/25) 
[60, 90]

 Radiologists’  
 readings

… 81 (35/43)  
[65, 91]

77 (39/51)  
[63, 87]

79 [68, 85] 74 (35/47) 
[59, 85]

83 (39/47) 
[69, 92]

Lymphovascular  
 space invasion

…

 Training,  
 institution 1

0.86 (0.76, 0.92) 84 (41/49)  
[71, 91]

84 (38/45)  
[72, 92]

84 [76, 90] 84 (41/49) 
[72, 93]

84 (38/45) 
[71, 93]

 Test, institution 2 0.80 (0.67, 0.93) 84 (16/19)  
[65, 100]

75 (33/44)  
[60, 85]

80 [63, 90] 61 (16/26) 
[46, 75]

89 (33/37) 
[76, 98]

High grade …
 Training,  

 institution 1
0.74 (0.63, 0.83) 91 (30/33)  

[76, 98]
61 (37/61)  

[52, 72]
76 [57, 86] 55 (30/54) 

[41, 69]
92 (37/40) 

[80, 98]
 Test, institution 2 0.74 (0.61, 0.86) 67 (10/15)  

[46, 84]
83 (40/48)  

[70, 92]
75 [65, 86] 56 (10/18) 

[41, 68]
89 (40/45) 

[75, 95]

Note.—Radiologists’ readings of the institution 1 data set are included for paired comparisons with radiomics-based random forest 
modeling for identifying advanced International Federation of Gynecology and Obstetrics (FIGO) stage and deep myometrial invasion. 
Data in parentheses are numerators and denominators, with 95% CIs in brackets. P values denote the statistical significance of the 
difference between radiologists and radiomics performance in the set acquired at institution 1, which was calculated using a McNemar test. 
AUC = area under the receiver operating characteristic curve, NPV = negative predictive value, PPV = positive predictive value.
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related complications. Although more evidence is needed before 
radiomics is used for clinical decision-making, our study sug-
gests that the proposed technique may provide a comprehensive 
tool for preoperative risk stratification at MRI in women with 
endometrial cancer.
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