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Abstract
Background: This study aims to develop and externally validate a multi-sequence MRI-based radiomics nomogram for preoperatively differentiating low-grade
and high-grade tumors in FIGO stage I endometrial carcinoma (EMC).

Methods: A primary cohort was established with a total of 100 patients enrolled from our hospital between Jan. 2017 and Apr. 2021. A consecutively enrolled
internal validation cohort (n=41) and an external validation cohort (n=50) were used to test the models. Radiomics features were extracted from T1-weighted
contrast-enhanced (T1-CE) and T2-weighted (T2W) MRI and selected with the least absolute shrinkage and selection operator (LASSO) to build the radiomics
signature (RS). Clinical factors were analyzed with Mann-Whitney U test and Chi-square test. A radiomics nomogram model was constructed incorporating the
RS and the most discriminative clinical parameter. Performance of the RS, clinical parameter and nomogram were validated with receiver operating
characteristic (ROC), calibration and decision curve analysis (DCA).

Results: The multi-sequence MRI-based RS was built integrating 3 selected features, all from T1-CE MRI. The deep myometrial invasion was considered as the
most important clinical parameter (P<0.05). The nomogram model incorporates RS and deep myometrial invasion yielded the best discriminative performance
with AUCs of 0.845 (95% con�dence interval [CI] 0.759-0.910, SEN=0.900, SPE =0.650), 0.756 (95% CI 0.597-0.876, SEN=0.818, SPE =0.632) and 0.779 (95% CI
0.639-0.884, SEN=0.800, SPE =0.720) in the primary, internal validation and external validation cohorts, respectively. Calibration curves and DCA suggested
good potential of our nomogram in clinical uses.

Conclusions: The developed radiomics nomogram can be used as a potential non-invasive tool for preoperatively differentiating low- and high-grade tumors in
stage I EMC patients.

Introduction
Endometrial carcinoma (EMC) has been the fourth most common cancer in women globally 1. The grading of EMC is known as a signi�cant prognostic factor,
since the EMC patients with low-grade tumors usually have favorable prognosis with more than 85% 5-year disease-free survival (DFS) rate 2. While, patients
with high-grade tumors are often associated with poor outcomes 3. Therefore, histopathological assessment of the tumor grade in EMC is crucial for making
individual treatment decisions, and guiding the extent of surgery and application of adjuvant treatment 4.

In clinical, routine assignment of the EMC is based on biopsy, curetting specimen or hysterectomy specimen, which are invasive 5. However, some patients
could not accept endometrial biopsy because of cervical stenosis and other reasons, and the limitations of local biopsy could lead to the inconsistent between
biopsy pathological results and the �nal surgical pathological results. Magnetic resonance imaging (MRI) could play a vital role in the preoperative and non-
invasive evaluation of EMC 6. Some functional imaging techniques, such as diffusion-weighted imaging (DWI) and quantitative dynamic contrast-enhanced
imaging (DCE), also show some value in the pathological classi�cation of EMC 7,8. Lower apparent-diffusion-coe�cient (ADC) of DWI were observed in the
tumor with high grade compared with a low-grade group 7, and low tumor blood �ow (Fb) and low rate constant for contrast agent intravasation (kep) of DCE-
MRI were associated with high-risk histological subtype and tended to be associated with poor prognosis 8. While, some studies have concluded that ADC
values have no value on identifying pathologic types of EMC 9,10. Thus, there is still no generally accepted marker in the MRI image can be preoperatively
recognized and used for accurate prediction of the pathologic grade for EMC. Therefore, a non-invasive method for early identi�cation of the pathologic grade
is urgently needed to help guide treatment strategies in EMCs.

MRI-based radiomics involves high-throughput extraction and quantitative evaluation of huge amounts of features, and has been widely applied in oncology
researches 11–17. Several studies have reported that radiomics features derived from the MRI image can favor the identi�cation of pathologic grades in soft-
tissue sarcomas 12,13, breast cancer 14, prostate cancer 15, gliomas 16 and pancreatic neuroendocrine tumor 17. While, there are only a few studies, to our
knowledge, have explored value of radiomics analyses on the histological grades in EMC, and revealed that MRI features can provide information related to
the high histological grade (G3 and nonendometriod) EMC 5,18,19. While, these studies have inherent limitations (e.g. performing analysis based on a single
image plane 18,19 and very limited number of features 5,18,19, and used a single MRI sequence of mixed samples with stage I-IV EMCs, and failed to validate
their �ndings in a independent validation set. Besides, the studies only provided numerical results (e.g. AUC values) that cannot be incorporated into clinical
practice, which hindered clinical values of the works.

In the present study, we aim to comprehensively analyze conventional MRI sequences and clinical data on the differentiation of pathologic grades in EMC
before surgery, and develop and externally validate a clinical-radiomics nomogram for potential clinical applications.

Materials And Methods

Patients
The retrospective study was approved by the ethics committee of our hospital (202104013X). The informed consent form was waived due to the retrospective
nature. A total of 100 FIGO stage I EMC patients who underwent T1-CE and T2W MRI were enrolled between Jan. 2017 and Apr. 2021 to be a primary cohort.
An internal validation cohort consists of 41 patients were consecutively enrolled in our hospital from Jan. 2017 to Nov. 2021. Fifty patients from another
hospital enrolled between Aug. 2017 and Apr. 2021 were used as an external validation cohort. All patients underwent the surgicopathological staging to be
graded as low-grade (G1/2) or high-grade (G3 and nonendometriod) EMC according to the FIGO 2009 criteria [20]. The inclusion criteria were as follows: (i)
pathologically con�rmed stage I EMC: (ii) underwent T1-CE and T2W MR scans two weeks before surgery; and (iii) without any treatment before treatment.
The excluding criteria were: (i) harboring other tumor diseases and (ii) the size of the tumor is less than 10 mm. Clinical parameters containing age, body
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mass index, cancer antigen 125 (CA-125), deep myometrial invasion, maximum diameters of tumor in three orthogonal planes, menopause, and number of
productions were obtained from the medical records.

MRI image acquisition and tumor segmentation
The MRI screenings were performed using a 3.0-T (Vero Siemens) or 1.5-T (General Electric) MRI scanner. The gadoterate meglumine (Gd-DTPA) was used as
the contrast agent with the injection dose of 0.1 mmol/kg. In the �rst center, the T1-CE MRI was scanned with the following parameters: TR/TE = 590ms
/11ms, section thickness = 5 mm, gap = 1.25 mm, and matrix = 544mm ×640mm. While, the T2W MRI was scanned with parameters: TR/TE = 677ms /11ms,
section thickness = 5 mm, gap = 1 mm, and matrix = 432mm ×640mm. In the second center, parameters for the T1-CE MRI were: TR/TE = 3.4ms /1.32ms,
section thickness = 5 mm, gap = 1.5 mm, and matrix = 200mm ×171mm. While, parameters for the T2W MRI were: TR/TE = 4326ms /102ms, section thickness 
= 5 mm, gap = 1 mm, and matrix = 288mm ×254mm.

A radiological fellow with 4 years of working experience draw the regions of interest (ROIs) slice by slice along the tumor edge in the pelvic sagittal T2WI and
T1-CE MRI images, and stored in a NII format. The radiomics feature extraction was performed used the open-source Itk-Snap software (version 3.6.0;
www.itksnap.org). In order to assess the feature stability, the tumor segmentation was independently performed by another radiologic fellow, three years of
experience on 50 randomly selected patients. The ROI segmentation was under the supervision of a senior radiologist with 16 years of experience to make
sure the segmentation was correct. The three readers were blinded to the pathologic results of the patients. Maximum diameters of tumor were measured on
the axial, sagittal and coronal T2W MRI separately by two radiological fellows. Two surveyors’ results were averaged and used as the �nal result for statistical
analyses. The deep myometrial invasion was evaluated according to the T1-CE and T2W MRI by two radiological fellows. The inconsistent results were
determined by a senior radiologist.

Radiomics feature extraction
In total, 3748 radiomics features were calculated from the T1-CE and T2W MRI using the Pyradiomics package (available from url:
https://pyradiomics.readthedocs.io/en/latest/index.html) in Python v.3.6. The features included 720 �rst-order features, 28 shape-based features, 3000
textural features and 3534 �ltered features. The textural features contained 960 gray-level co-occurrence matrix (GLCM) features, 640 gray-level run-length
matrix (GLRLM) features, 640 gray-level size zone matrix (GLSZM) features, 560 gray-level dependence matrix (GLDM) features and 200 neighborhood gray-
tone difference matrix features. The �ltered features were calculated from MRI images transformed with eight �lters (laplacian of gaussian, square,
localbinarypattern2D, exponential, logarithm, gradient, wavelet and squareroot). Details of the procedures for the calculation of radiomics features are
described in a previous report 21.

Feature selection and radiomics model development
The selection of radiomics features was performed on the primary cohort to identify reliable and non-redundant features. First, the intraclass correlation
coe�cient (ICC) analysis was performed to test robustness of all features using 30 randomly selected patients, 15 with low-grade and 15 with high-grade
EMC. Features with ICCs over 0.85 were remained. Next, the features were treated with the LASSO regression with 10-fold cross-validation for further selection
22. Finally, the remained features were selected using the logistic regression with the Akaike Information Criterion (AIC) 23 to develop the radiomics signature
(RS). The clinical-radiomics nomogram was constructed incorporating the RS with the most important clinical parameter.

Statistical analysis
All statistical analysis was performed with R language 3.6 (www.rproject.org). Differences of clinical factors between the primary and external cohorts and
between the low- and high-grade groups were evaluated with the Mann–Whitney U test and x2 test. The statistical signi�cance level was set at 0.05. ROC
curves were plotted using the proc package in R. Calibration curves were plotted using the rms package to evaluate the predictive accuracy of the nomogram.
The decision curve analysis (DCA) was employed using the rmda package to evaluate clinical utilities of the developed models.

Results

Patients’ characteristics
The primary and external cohorts represented even distributions in patient characteristics (Table 1). The deep myometrial invasion showed signi�cant
differences (P < 0.05) between the low-grade and high-grade groups in the primary and external cohorts. No signi�cant difference (P < 0.05) was found in age,
body mass index, CA-125, maximum diameter of tumor, menopause and number of productions.

http://www.itksnap.org/
http://www.itksnap.org/
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Table 1
Statistical analysis of patients’ characteristics in primary, internal validation and external validation cohorts.

  Primary training

(n = 100)

  Internal validation

(n = 41)

  External validation

(n = 50)

 

  Low-grade

(n = 60)

High-grade

(n = 40)

p Low-grade

(n = 22)

High-grade

(n = 19)

p Low-grade

(n = 25)

High-grade

(n = 25)

p

Age (Mean ± SD) 55.50 ± 
10.16

58.55 ± 
6.70

0.151 51.54 ± 9.79 58.53 ± 
11.06

0.362 59.68 ± 
8.02

56.96 ± 
8.37

0.159

BMI (Mean ± SD) 26.90 ± 
3.89

24.46 ± 
3.02

< 
0.001*

25.25 ± 3.82 24.66 ± 
3.50

0.470 24.73 ± 
3.47

24.43 ± 
2.65

0.392

CA125 (Mean ± SD) 36.47 ± 
72.35

22.74 ± 
15.50

0.822 100.49 ± 
219.41

32.01 ± 
21.25

0.340 52.94 ± 
69.07

19.44 ± 
16.96

0.003*

Tumor transverse diameter
(Mean ± SD)

23.90 ± 
10.67

22.68 ± 
9.10

0.645 28.41 ± 17.97 27.74 ± 
14.96

0.391 25.16 ± 
9.22

20.64 ± 
8.50

0.064

Tumor sagittal diameter (Mean ± 
SD)

37.65 ± 
12.39

34.93 ± 
15.99

0.144 31.63 ± 24.58 41.00 ± 
22.83

0.434 39.92 ± 
16.01

32.44 ± 
13.25

0.074

Tumor coronal diameter (Mean ± 
SD)

34.13 ± 
12.57

31.60 ± 
10.44

0.486 34.81 ± 19.17 34.89 ± 
17.36

0.135 37.64 ± 
13.27

29.08 ± 
9.45

0.025*

Uterus transverse diameter
(Mean ± SD)

43.78 ± 
12.16

52.05 ± 
47.53

0.762 59.86 ± 16.11 59.53 ± 
15.84

0.505 44.28 ± 
10.14

40.00 ± 
8.24

0.137

Uterus sagittal diameter (Mean ± 
SD)

56.05 ± 
16.24

52.35 ± 
11.61

0.211 61.86 ± 22.37 68.16 ± 
24.91

0.372 57.84 ± 
15.49

50.40 ± 
13.98

0.041*

Uterus corona diameter (Mean ± 
SD)

51.15 ± 
12.09

51.75 ± 
11.06

0.725 65.13 ± 15.47 66.11 ± 
17.59

0.373 56.64 ± 
11.87

48.84 ± 
8.82

0.024*

Transverse diameter ratio (Mean 
± SD)

0.55 ± 0.18 0.51 ± 0.19 0.357 0.46 ± 0.23 0.59 ± 0.19 0.426 0.57 ± 0.15 0.52 ± 0.18 0.295

Sagittal diameter ratio (Mean ± 
SD)

0.68 ± 0.18 0.66 ± 0.22 0.425 0.47 ± 0.22 0.53 ± 0.19 0.383 0.68 ± 0.15 0.64 ± 0.15 0.443

Coronal diameter ratio (Mean ± 
SD)

0.66 ± 0.13 0.62 ± 0.18 0.479 0.51 ± 0.21 0.46 ± 0.19 0.470 0.66 ± 0.17 0.59 ± 0.14 0.088

Number of pregnancies, n (%)     0.056     0.043*     0.254

<3 40 (66.7%) 19 (47.5%)   14 (63.6%) 6 (31.6%)   9 (36.0%) 13 (52.0%)  

≥ 3 20 (33.3%) 21 (52.5%)   8 (36.4%) 13 (68.4%)   16 (64.0%) 12 (48.0%)  

Number of miscarriages, n (%)     0.084     0.529     0.015*

<2 47 (78.3%) 25 (62.5%)   17 (77.3%) 13 (68.4%)   13 (52.0%) 21 (84.0%)  

≥ 2 13 (21.7%) 15 (37.5%)   5 (22.7%) 6 (31.6%)   12 (48.0%) 4 (16.0%)  

Menopause, n (%)     0.104     0.987     0.649

No 49 (81.7%) 27 (67.5%)   7 (31.8%) 6 (31.6%)   21 (84.0%) 21 (84.0%)  

Yes 11 (18.3%) 13 (32.5%)   15 (68.2%) 13 (68.4%)   4 (16.0%) 4 (16.0%)  

Deep myometrial invasion, n (%)     0.001*     0.006*     0.048*

No 41 (68.3%) 14 (35.0%)   20 (90.9%) 10 (52.6%)   9 (36.0%) 16 (64.0%)  

Yes 19 (31.7%) 26 (65.5%)   2 (9.1%) 9 (47.4%)   16 (64.0%) 9 (36.0%)  

Number of productions, n (%)     0.143     0.101     0.018*

<2 43 (71.7%) 23 (57.5%)   16 (72.7%) 9 (47.4%)   12 (48.0%) 20 (75.0%)  

≥ 2 17 (28.3%) 17 (42.5%)   6 (27.3%) 10 (52.6%)   13 (52.0%) 5 (25.0%)  

SD: standard deviation; CA 125: cancer antigen 125; BMI: body mass index; *, P < 0.05.

Features selection and radiomics signature development
A total of 3 features were selected as the most predictive features with the LASSO logistic regression (Fig. 1), all from the T1-CE MRI. Table 2 listed the
prediction capability of each selected feature. The features showed statistical signi�cances (P < 0.05) between the low- and high-grade groups in both primary
and external cohorts. Boxplots and results of the unsupervised cluster analysis of the selected features were shown in Fig. 2 and Fig. 3, respectively. By
integrating the features with the corresponding coe�cients, the formula of RS was developed and shown as following:
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Radiomics signature (RS) = -25.41778 + 21.87112 × wavelet-LHH_glcm_Idn + 0.03477 × wavelet-HLL_glrlm_LongRunHighGrayLevelEmphasis + 1.44688 × log-
sigma-3-0-mm-3D_glcm_SumEntropy

As depicted in Fig. 4, most patients represent obvious differences of RS values between the low-grade and high-grade groups, which indicated that the patients
with different pathological grades can be roughly differentiated by the RS.

Table 2
Prediction performance of the selected radiomics features.

Feature Cohort Mean ± SD AUC P

Low-grade High-grade

wavelet-LHH_glcm_Idn Primary training 0.878 ± 0.030 0.900 ± 0.016 0.721 < 0.001

Internal validation 0.892 ± 0.263 0.892 ± 0.278 0.424 0.834

External validation 0.888 ± 0.285 0.858 ± 0.032 0.741 0.030

wavelet-HLL_glrlm_LongRunHighGrayLevelEmphasis Primary training 35.300 ± 19.217 56.129 ± 21.484 0.750 < 0.001

Internal validation 42.60 ± 38.374 52.787 ± 28.315 0.631 0.007

External validation 63.954 ± 27.822 53.360 ± 19.548 0.571 0.388

log-sigma-3-0-mm-3D_glcm_SumEntropy Primary training 2.490 ± 0.464 0.431 ± 1.056 0.756 < 0.001

Internal validation 2.652 ± 0.538 2.912 ± 0.432 0.621 0.025

External validation 3.253 ± 0.418 3.099 ± 0.437 0.608 0.190

SD, standard deviation.

Development and validation of the radiomics nomogram
The deep myometrial invasion was considered as the most discriminative clinical parameter (P < 0.05), and integrated with the RS to build a radiomics
nomogram. As shown in Fig. 5A, the developed nomogram contains the deep myometrial invasion in the second row and RS in the third row. Calibration
curves demonstrated favorable calibrations of the nomogram-predicted and actual values in the primary (Fig. 5B), internal validation (Fig. 5C) and external
validation(Fig. 5D) cohorts.

Radiomics models evaluation
Discrimination performance of the RS, deep myometrial invasion and nomogram on both primary and external cohorts were compared and shown in Fig. 6
and Table 3. The nomogram achieved the best performance among the three models in regard to AUC, accuracy and sensitivity. The Delong test’s results
revealed signi�cant differences between the deep myometrial invasion and nomogram on both primary and external cohorts. DCA curves were depicted in
Fig. 7, showing that more bene�ts can be obtained by using the nomogram compared with the deep myometrial invasion or RS.
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Table 3
Comparisons of the deep myometrial invasion, RS and nomogram.

  Primary   Internal validation   External validation  

  AUC
(95%
CI)

Acc Sen Spe P AUC
(95%
CI)

Acc Sen Spe P AUC
(95%
CI)

Acc Sen Spe P

M1 0.667
(0.565–
0.758)

0.670 0.683 0.650   0.691
(0.528–
0.826)

0.707 0.909 0.474   0.640
(0.492–
0.771)

0.640 0.640 0.640  

M2 0.833
(0.746–
0.900)

0.780 0.767 0.800   0.725
(0.563–
0.852)

0.707 0.773 0.632   0.758
(0.617–
0.868)

0.740 0.680 0.800  

M3 0.845
(0.759–
0.910)

0.800 0.900 0.650   0.756
(0.597–
0.876)

0.731 0.818 0.632   0.779
(0.639–
0.884)

0.760 0.800 0.720  

M1
vs.
M2

        0.005*         0.716         0.198

M1
vs.
M3

        < 
0.001*

        0.393         0.045*

M2
vs.
M3

        0.529         0.199         0.480

M1, Deep myometrial invasion; M2, RS; M3, Nomogram.

Discussion
This study supports the promising role of MRI-based radiomics for accurate and preoperative histologic grading in FIGO stage I EMC. The developed RS
combining T1-CE and T2W MRI generated good prediction performance with AUCs ranging from 0.725 to 0.833 in the primary and external validation cohorts.
While, previous studies only evaluated very limited number of features (5 19, 15 5 and 180 18 features in total) from samples with mixed stage I-IV EMCs, and
validate their �ndings in the same dataset, which had inherent limitations. In this study, we analyzed 3748 radiomics features from the two MRI sequences
and identi�ed 3 features as the most important predictors and validated in the external cohort. All features belong to the textural feature class, which can
re�ect information regarding the intra-tumor heterogeneity and gray distribution 24. Our �ndings suggested that the heterogeneity within EMC was highly
associated with the histologic grades, and was consistent with previous works that also found texture features were predictive on the histological grades in
EMC 5,18. Since our selected features were all derived from transformed images, which may explained why the differentiation of histological grades in stage I
EMC via visual assessments on the MRI image is very poor. Besides, the most important features were all from T1-CE MRI, with no features remained from the
T2W MRI after the feature selection, which indicate that T1-CE may hold more discriminative information related to the histologic grades compared to T2W.

We found the deep myometrial invasion is a predictive clinical parameter for the histologic grading in EMC. This was not reported before our work. When the
deep myometrial invasion was used alone, the predictive AUCs ranged from 0.640 to 0.691 in the primary and external cohorts. When comparing the deep
myometrial invasion with the nomogram model, we found signi�cant differences in their diagnostic performance (P < 0.05), which indicated that the deep
myometrial invasion can add complementary information to the nomogram. Preoperative tumor measurements based on MRI may potentially predict
preoperative deep myometrial invasion and high risk pathological type in EMC 25,26. There was no difference in the size of the lesion between two different
pathological grades in the study, which may be related to the fact that the patients included in this study were all I stage patients with relatively small lesions
con�ned to the uterus. Fasmer et al also found that tumor volume yielded signi�cantly lower AUC compared to the whole-tumor radiomic signatures for high-
grade endometrioid tumors 27.

Previous studies related to our work only provided ROC curves and AUCs which cannot be incorporated into clinical practice 5,18,19. While, we constructed a
clinical-radiomics nomogram incorporating the RS and deep myometrial invasion, and yielded the best prediction performance ranging from 0.756 to 0.845 on
the primary and external cohorts. This was higher than previous reported AUCs on for the G3 EMC ranging from 0.630 to 0.830, partially because they failed to
integrate clinical factors into their models 5,18,19. The speci�city of our nomogram was also improved compared with the RS or deep myometrial invasion
alone. DCA analysis con�rmed clinical usefulness of the nomogram over a wide range of threshold probabilities. To use our nomogram, clinicians need to
calculate the RS value for a patient using the proposed formula, then integrate the value with the deep myometrial invasion status to calculate possibilities of
being low-grade or high-grade according to the nomogram.

There are limitations in this study. First, although this is a multi-center study, the number of samples was still relative small, due to the data collecting
challenges. Our �ndings would be con�rmed in larger studies. Second, in ACR and IKNC DWI imaging is recommended as standard for endometrium
carcinoma, but we only evaluated T1-CE and T2W MRI data because some patients did not underwent DWI sequence, and values of other MRI sequences on
the prediction of pathologic grades in EMC should be studied in the next prospective study. Third, the patients were separated into a G1/2 and a
G3/nonendometriod group. A future investigation to classify G1 and G2 groups is needed to guide personalized treatment strategies. Finally, manual
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segmentations of ROIs in the MRI slices were time-consuming for the radiologists involved in this study. Automated mask segmentation algorithms (e.g. deep
neural networks) would be addressed to decrease workload.

Conclusions
This study revealed values of MRI-based radiomics features from conventional sequences on the pathologic grades in FIGO stage I EMC. The developed
nomogram can be considered as a potential tool for non-invasive assessments and tailored treatment strategies in EMC.
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Figures

Figure 1

Radiomics feature selection using the LASSO algorithm. (A) Selection of the tuning parameter λ with 10-fold cross-validation based on the minimum criteria.
The optimal λ and log (λ) were 0.1615989 and -1.822638, respectively. (B) LASSO coe�cient pro�les of the radiomics features.

Figure 2
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Boxplots of the selected radiomics features. (A) wavelet-LHH_glcm_Idn. (B) wavelet-HLL_glrlm_LongRunHighGrayLevelEmphasis. (C) log-sigma-3-0-mm-
3D_glcm_SumEntropy. The x-axis represents the low-grade and high-grade groups, whereas the y-axis indicates values of the features.

Figure 3

Unsupervised clustering of the selected features and all EMC patients. The x axis indicates the features, whereas the y axis indicates the patients. The blue
color shows low-grade patients, whereas the red color shows high-grade patients. The color coding indicates normalized values of the features.

Figure 4

The developed multi-sequence MRI-based RS for differentiating low-grade and high-grade EMCs in the primary training (A), internal validation (B) and external
validation (C) cohorts. The red bars indicate low-grade patients, whereas the green bars indicate high-grade patients.
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Figure 5

The radiomics nomogram for preoperative predicting the histologic grade of stage I EMC. (A) The nomogram integrating RS and deep myometrial invasion.
(B), (C) and (D), calibration curves of the nomogram in the primary training (B), internal validation (C) and external validation (D) cohorts.

Figure 6

ROC curves of the developed radiomics models in the primary training (A), internal validation (B) and external validation (C) cohorts.
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Figure 7

DCA curves of the developed radiomics models. The black line indicates the assumption that all patients were with low-grade EMC. The blue line indicates the
assumption that all patients were with high-grade EMC. The red, blue and green lines represent the RS, deep myometrial invasion and nomogram, respectively.
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