[bookmark: _Hlk180783753][bookmark: _Hlk180587139]eMethod
Ultrasound image selection
  We observed several challenges during the data collection process: (1) many patients had multiple ultrasound and endometrial pathology records within the study period; (2) a single pathology report could contain multiple endometrial diagnoses; and (3) each ultrasound report included several images from different views, some of which focused on the uterus while others did not, with both longitudinal and transverse planes represented. These factors could lead to data redundancy, inconsistency, and ambiguity. To address these challenges, we implemented the following selection process.
Matching ultrasound with pathological records: If an ultrasound report did not have a corresponding pathology report within three months, the ultrasound report was excluded. Conversely, if a pathology report did not have a corresponding ultrasound performed within the preceding three months, it was also excluded. If multiple ultrasound reports were available within the three months preceding a pathology report, we selected the ultrasound that was closest in time to the pathology report. This step ensured that each ultrasound report was accurately paired with the most relevant pathology report.
Prioritizing diagnoses in pathology reports containing multiple conditions: In cases where multiple endometrial diagnoses were present in a pathology report, a single diagnosis was assigned to each patient according to the following hierarchy: endometrial cancer (EC), atypical hyperplasia, endometrial polyp, intracavitary myoma, hyperplasia without atypia, proliferative or secretory changes, and endometrial atrophy[1]. Endometrial pathology was diagnosed via dilatation and curettage, hysteroscopy, or hysterectomy.
Selecting the most representative ultrasound images: For each ultrasound record, only one longitudinal image that clearly depicted the endometrial boundaries and showed the largest cross-section of the endometrium was selected for further analysis. If no longitudinal image was available, a transverse image was used instead. Two gynecologists, each with more than five years of experience in gynecologic ultrasound, were responsible for selecting the representative images.

[bookmark: _Hlk180587374]Ultrasound image pre-processing 
[bookmark: _Hlk176544704]Before importing the ultrasound images for model training, several challenges needed to be addressed, such as significant noise and irrelevant areas like black backgrounds and patient information. Therefore, we first outlined two separate regions of interest (ROIs): one enclosing the endometrium and the other enclosing the uterine corpus in each selected image. Then, the rectangular region tightly containing the ROI areas was cropped for further analysis. To enhance model performance, we applied three image pre-processing techniques: super-resolution, denoising, and normalization.

Delineation of regions of interest 
Two gynecologists independently outlined the ROIs, which enclosed the endometrium and uterine corpus in each selected image. In cases of disagreement, a consensus was reached through consultation with a sonography expert with over 20 years of experience in gynecologic ultrasound. To eliminate selection bias, the gynecologists were blinded to the clinical information and pathological results of the patients by assigning a unique identifier to each case. The ROI segmentation was performed using ITK-SNAP software (version 3.8.0, available at http://www.itksnap.org).
Denoising
We applied the Non-local Means (NLM) denoising method from the Skimage package in Python to remove noise from all ultrasound images.
Normalization
[bookmark: _Hlk176544680]To normalize the images, we calculated the mean and standard deviation of pixel intensities across all cropped images and applied zero-mean normalization. The pre-trained model for normalization was sourced from a repository (https://github.com/Cadene/pretrained-models.pytorch) on GitHub.
Deep-learning based super-resolution
The architecture of super resolution generative adversarial network (SRGAN): Various super-resolution (SR) techniques have been proposed in the past decade, e.g., interpolation-based methods (e.g., nearest-neighbor, bilinear, and bicubic interpolation), reconstruction-based methods (e.g., Iterative back-projection), and deep learning-based methods (e.g., convolutional neural networks and generative adversarial networks). Among these, the SRGAN has shown superior performance on natural images  compared to most other SR techniques[2]. Therefore, we adopted SRGAN as the technique for SR of sonographic uterine images in this study. The SRGAN architecture consists of two main components: the Generator and the Discriminator. The Generator upscales low-resolution images to high-resolution ones, utilizing an initial convolutional layer with 64 filters (9x9 size), followed by residual blocks with 3x3 convolutions and Batch Normalization (BN) layers. The Generator also uses skip connections to preserve feature details and PixelShuffle layers to upscale feature maps. The final output is a high-resolution image, with a tanh activation function applied to keep pixel values within the range of [-1, 1]. The Discriminator distinguishes real high-resolution images from those generated by the Generator. It consists of convolutional layers with increasing filter sizes, followed by Leaky ReLU activation, and ends with fully connected layers to output the probability of the image being real (for details on the SRGAN architecture, see https://github.com/sgrvinod/a-PyTorch-Tutorial-to-Super-Resolution or Supplementary Figure S6a).

[bookmark: _Hlk180671821][bookmark: _Hlk193891780]Training the SRGAN: The SRGAN was trained using a private dataset of 34,117 sonographic uterine images from the Voluson-E10 machine, all from premenopausal women. The dataset was randomly split into training and testing sets with a 7:3 ratio. We adapted the SRGAN model from a popular repository (https://github.com/sgrvinod/a-PyTorch-Tutorial-to-Super-Resolution), modifying the image channel settings from RGB to grayscale. The Adam optimizer was used for training, with a batch size of 16 and an initial learning rate of 0.0001, adjusted using exponential decay. The model's performance was evaluated using Peak Signal-to-Noise Ratio (PSNR) and Structural Similarity Index (SSIM), with the trained SRGAN achieving a PSNR of 51 and an SSIM of 0.83. This demonstrated its effectiveness in generating high-resolution images faithful to the originals.

Generating high resolution ultrasound images: Once trained, the SRGAN model was used to upscale all low-resolution images, resulting in a fourfold increase in resolution (i.e., doubling the image dimensions in both height and width) (see Fig.2).

[bookmark: _Hlk180587491]Data pre-processing
We applied the following procedures to improve the model performance.
(1) First, we removed variables with variance less than 0.1.
(2) Multiple Imputation by Chained Equations (MICE) algorithm were then applied to impute the missing data by predictive mean matching. To avoid data leakage, we applied MICE for the training and testing datasets separately.
[bookmark: _Hlk171425594](3) We normalized the continuous variables using zero-mean normalization 
(4) Collinearity was detected by calculating the variance inflation factor (VIF) for each variable. We began by calculating the VIF for all variables. Then, we iteratively removed the variables with the highest VIF value, recalculating the VIF for the remaining variables after each removal. This process was repeated until the VIF of all remaining variables falls below 5.
(5) Least Absolute Shrinkage and Selection Operator (LASSO) was used to further reduce the dimensionality of the data and select only the most relevant variables for the final model. Its penalty was designated as lambda and lambda was weighted by a 10-fold cross-validation of the dataset. The lambda with 1 standard error of the minimum partial likelihood deviance was used for the selection of the variables.

[bookmark: _Hlk188782193]Supplementary Table S1: Clinical and sonographic characteristics of malignant and non-malignant groups in the training and testing sets.
	Characteristics
	The training set
	The internal testing dataset
	The external testing dataset

	
	Malignant group
(n = 133)
	Non-malignant group
(n = 927)
	P-value
	Malignant group
(n = 76)
	Non-malignant group
(n = 361)
	P-value
	Malignant group
(n = 43)
	Non-malignant group
(n = 321)
	P-value

	Age (years)
	60 (57, 65.5)
	58 (54, 64)
	0.03
	60 (57, 66)
	59 (54, 63)
	0.02
	60 (56, 66)
	58 (54, 63)
	0.006

	Endometrial thickness (mm)†
	7.8 (5.2, 11.05)
	6 (4, 8.5)
	<0.001
	7.4 (5, 11)
	6 (3, 8)
	0.001
	7 (4, 10.5)
	6 (3, 8)
	0.027

	Uterine length (mm)‡
	45 (41, 56)
	43 (36, 52)
	<0.001
	45 (40, 54)
	42 (35, 51)
	<0.001
	46 (40, 53.5)
	41 (35, 50.5)
	0.004

	Uterine thickness (mm)‡
	37 (31, 45)
	35 (28, 44)
	<0.001
	36 (32, 44)
	34 (28, 43)
	<0.001
	36.7 (32, 43.25)
	32 (27, 42.25)
	0.009

	Uterine width (mm)‡
	45 (39, 53)
	43 (36, 50)
	<0.001
	45 (38, 52)
	43 (35, 50)
	<0.001
	45.5 (37, 52)
	41 (34, 49)
	0.012

	Uterine fibroids (n%)
	45(34)
	498(54)
	<0.001
	23(30)
	203(56)
	<0.001
	11(26)
	167(52)
	0.007


[bookmark: _Hlk176635759]† There are 34 missing values in the training set (18 for the malignant group and 16 for the non-malignant group) and 11 missing values in the external testing set (5 for the malignant group and 6 for the non-malignant group).
‡ There are 54 missing values in the training set (23 for the malignant group and 31 for the non-malignant group) and 21 missing values the external testing set (10 for the malignant group and 11 for the non-malignant group).
[bookmark: _Hlk170327799]Supplementary Table S2: Fine-tuned hyper-parameters for each model.
	Classification models
	Hyper-parameters

	Logistic Regression
	C=0.3, penalty='l1', solver='liblinear'

	Support Vector Machines
	kernel = "linear", C = 0.5

	Decision Trees
	max_depth = 2, max_features = 13, min_samples_leaf = 24

	Random forest
	max_depth = 8, n_estimators = 300, max_leaf_nodes = 45, max_features = 10

	XGboost
	n_estimators = 250, max_depth = 9, subsample = 0.8, max_features = 10, colsample_bytree = 0.6, eta = 0.3

	Adaboost
	n_estimators = 50, learning_rate = 0.3




Supplementary Table S3: Discrimination metrics of models using radiomics variables (R model) to predict the risk of endometrial cancer with endometrium-level regions of interests.
	Datasets
	Models
	Performance matrix
	P-value*

	
	
	Accuracy
	Sensitivity
	Specificity
	PPV
	NPV
	AUROC*
	

	The internal testing dataset
	LR
	0.767
(0.600,0.865)
	0.654
(0.475,0.843)
	0.788
(0.564,0.928)
	0.364
(0.228,0.542)
	0.931
(0.900,0.964)
	0.766
(0.701,0.826)
	> 0.05

	
	RF
	0.686
(0.579,0.826)
	0.733
(0.5,0.897)
	0.678
(0.533,0.868)
	0.296
(0.206,0.441)
	0.939
(0.901,0.973)
	0.740
(0.667,0.804)
	> 0.05

	
	SVM
	0.767
(0.636,0.888)
	0.693
(0.479,0.873)
	0.780
(0.605,0.943)
	0.383
(0.233,0.625)
	0.938
(0.904,0.970)
	0.778
(0.711,0.839)
	Ref

	
	XGBoost
	0.677
(0.568,0.819)
	0.722
(0.484,0.871)
	0.670
(0.527,0.861)
	0.281
(0.205,0.410)
	0.935
(0.897,0.966)
	0.718
(0.648,0.786)
	< 0.01

	
	DT
	0.716
(0.675,0.760)
	0.594
(0.467,0.710)
	0.736
(0.692,0.780)
	0.277
(0.203,0.353)
	0.914
(0.881,0.945)
	0.673
(0.607,0.737)
	< 0.001

	
	Adaboost
	0.754
(0.606,0.831)
	0.553
(0.388,0.761)
	0.789
(0.586,0.893)
	0.323
(0.207,0.433)
	0.912
(0.875,0.945)
	0.673
(0.596,0.749)
	< 0.001

	The external testing dataset
	LR
	0.800
(0.745,0.843)
	0.698
(0.553,0.828)
	0.816
(0.718,0.873)
	0.379
(0.278,0.480)
	0.944
(0.915,0.970)
	0.763
(0.679,0.837)
	> 0.05

	
	RF
	0.764
(0.621,0.827)
	0.617
(0.475,0.796)
	0.788
(0.592,0.863)
	0.324
(0.214,0.429)
	0.928
(0.897,0.957)
	0.710
(0.625,0.784)
	< 0.05

	
	SVM
	0.782
(0.662,0.879)
	0.716
(0.531,0.857)
	0.792
(0.642,0.936)
	0.364
(0.245,0.538)
	0.947
(0.917,0.971)
	0.785
(0.710,0.857)
	Ref

	
	XGBoost
	0.745
(0.577,0.841)
	0.605
(0.410,0.833)
	0.767
(0.553,0.885)
	0.304
(0.188,0.434)
	0.926
(0.590,0.961)
	0.692
(0.610,0.775)
	< 0.01

	
	DT
	0.667
(0.596,0.865)
	0.525
(0.183,0.717)
	0.686
(0.599,0.956)
	0.237
(0.151,0.482)
	0.906
(0.866,0.941)
	0.632
(0.551,0.710)
	< 0.001

	
	Adaboost
	0.761
(0.668,0.835)
	0.590
(0.421,0.755)
	0.789
(0.668,0.876)
	0.317
(0.203,0.449)
	0.924
(0.890,0.955)
	0.687
(0.593,0.772)
	< 0.01




* P-values are calculated using the DeLong test to compare the AUC values between SVM and other models within each dataset. A P-value less than 0.05 indicates a significant difference in AUC between SVC and the other model.
AUROC: area under the receiver operating characteristic curve; Adaboost: adaptive boosting; DT: decision tree; LR: logistic regression; NPV: negative predictive value; PPV: positive predictive value; RF: random forest; SVM: support vector machine; XGBoost: extreme gradient boosting.




Supplementary Table S4: Discrimination metrics of CNN models to predict the risk of endometrial cancer with endometrium-level regions of interests.
	Models
	The internal testing dataset
	The external testing dataset

	
	Accuracy
	Sensitivity
	Specificity
	PPV
	NPV
	AUROC
	Accuracy
	Sensitivity
	Specificity
	PPV
	NPV
	AUROC*

	VGG19
	0.713
(0.570,0.856)
	0.697
(0.474,0.921)
	0.716
(0.510,0.922)
	0.325
(0.225,0.424)
	0.931
(0.895,0.966)
	0.758
(0.676,0.841)
	0.704
(0.556,0.853)
	0.676
(0.439,0.912)
	0.710
(0.500,0.919)
	0.314
(0.203,0.426)
	0.925
(0.885,0.965)
	0.740
(0.626,0.854)

	ResNet-18
	0.785
(0.695,0.875)
	0.699
(0.562,0.835)
	0.800
(0.682,0.919)
	0.405
(0.266,0.544)
	0.936
(0.912,0.959)
	0.810
(0.684,0.937)
	0.769
(0.652,0.885)
	0.667
(0.473,0.860)
	0.787
(0.637,0.938)
	0.382
(0.229,0.536)
	0.928
(0.895,0.962)
	0.783
(0.617,0.949)

	ResNet-50
	0.777
(0.657,0.897)
	0.737
(0.591,0.884)
	0.784
(0.626,0.943)
	0.404
(0.251,0.557)
	0.943
(0.918,0.967)
	0.828
(0.700,0.856)
	0.765
(0.639,0.891)
	0.698
(0.502,0.894)
	0.777
(0.614,0.941)
	0.384
(0.225,0.543)
	0.934
(0.899,0.970)
	0.798
(0.620,0.976)

	Inception-V3
	0.762
(0.651,0.872)
	0.686
(0.529,0.843)
	0.775
(0.633,0.918)
	0.375
(0.224,0.526)
	0.931
(0.904,0.958)
	0.785
(0.640,0.931)
	0.748
(0.611,0.885)
	0.626
(0.373,0.879)
	0.770
(0.592,0.948)
	0.351
(0.187,0.516)
	0.919
(0.580,0.896)
	0.730
(0.528,0.932)


CNN: convolutional neural network; NPV: negative predictive value; PPV: positive predictive value; ROI: regions of interest.


Supplementary Table S5: Discrimination metrics of DLR models to predict the risk of endometrial cancer among postmenopausal women with uterine-level regions of interests.
	Datasets
	Models
	Performance matrix
	P-value*

	
	
	Accuracy
	Sensitivity
	Specificity
	PPV
	NPV
	AUROC
	

	The internal testing dataset
	LR
	0.789 (0.673,0.851)
	0.713
(0.574,0.864)
	0.801
(0.645,0.887)
	0.367
(0.250,0.480)
	0.947
(0.922,0.974)
	0.800
(0.726,0.862)
	> 0.05

	
	RF
	0.741
(0.677,0.840)
	0.740
(0.567,0.868)
	0.741
(0.667,0.890)
	0.314
(0.224,0.435)
	0.949
(0.922,0.973)
	0.778
(0.732,0.830)
	< 0.05

	
	SVM
	0.731
(0.602,0.893)
	0.797
(0.564,0.949)
	0.721
(0.559,0.938)
	0.336
(0.213,0.612)
	0.960
(0.926,0.987)
	0.812
(0.762,0.859)
	Ref

	
	XGBoost
	0.696
(0.529,0.865)
	0.745
(0.489,0.920)
	0.688
(0.467,0.927)
	0.290
(0.196,0.500)
	0.947
(0.913,0.978)
	0.752
(0.682,0.801)
	< 0.05

	
	DT
	0.735
(0.693,0.778)
	0.678
(0.561,0.800)
	0.743
(0.701,0.786)
	0.291
(0.218,0.367)
	0.937
(0.908,0.964)
	0.720
(0.620,0.794)
	< 0.001

	
	Adaboost
	0.776
(0.654,0.842)
	0.593
(0.440,0.766)
	0.804
(0.651,0.894)
	0.329
(0.222,0.443)
	0.927
(0.896,0.956)
	0.706
(0.636,0.770)
	< 0.001

	The external testing dataset
	LR
	0.670
(0.571,0.787)
	0.760
(0.616,0.894)
	0.658
(0.539,0.810)
	0.222
(0.170,0.292)
	0.957
(0.929,0.977)
	0.731
(0.657,0.809)
	Ref

	
	RF
	0.753
(0.555,0.853)
	0.638
(0.442,0.819)
	0.767
(0.539,0.889)
	0.265
(0.149,0.375)
	0.946
(0.919,0.974)
	0.693
(0.598,0.782)
	< 0.01

	
	SVM
	0.725
(0.580,0.802)
	0.737
(0.541,0.872)
	0.723
(0.545,0.817)
	0.258
(0.154,0.342)
	0.957
(0.932,0.982)
	0.726
(0.608,0.809)
	> 0.05

	
	XGBoost
	0.732
(0.544,0.809)
	0.660
(0.444,0.903)
	0.741
(0.511,0.843)
	0.243
(0.158,0.337)
	0.948
(0.924,0.979)
	0.703
(0.620,0.755)
	< 0.05

	
	DT
	0.688
(0.557,0.815)
	0.473
(0.233,0.659)
	0.714
(0.552,0.862)
	0.183
(0.119,0.256)
	0.916
(0.883,0.948)
	0.598
(0.529,0.675)
	< 0.001

	
	Adaboost
	0.647
(0.489,0.765)
	0.781
(0.592,0.912)
	0.631
(0.451,0.814)
	0.209
(0.139,0.290)
	0.960
(0.935,0.980)
	0.718
(0.639,0.779)
	< 0.05





[bookmark: _Hlk193906583]* P-values are calculated using the DeLong test to compare the AUC values between SVM and other models within the internal testing dataset, and between LR and other models within the external testing dataset. A P-value less than 0.05 indicates a significant difference in AUC between SVM and the other models, or between LR and the other models.
AUROC: area under the receiver operating characteristic curve; Adaboost: adaptive boosting; DT: decision tree; LR: logistic regression; RF: random forest; SVM: support vector machine; XGBoost: extreme gradient boosting.



Supplementary Figure S1: The study design of the present study.
[image: ]


Supplementary Figure S2: Decision and calibration curves for DLR models using endometrium-level ROIs on the internal and external testing sets.

[image: ](a) The decision curve of SVM model on the internal testing set. (b) The decision curve of SVM model on the external testing set. (c) The calibration curve of SVM model on the internal testing set. (d) The calibration curve of SVM model on the external testing set.



Supplementary Figure S3: Model Diagnostics for R models using endometrium-level ROIs on the internal and external testing sets.
[image: ]
(a) Receiver operating characteristic (ROC) curves of R models on the internal testing set. (b) Receiver operating characteristic (ROC) curves of R models on the external testing set.



Supplementary Figure S4: Decision curves for R models using endometrium-level ROIs on the internal and external testing sets.
[image: ]
(a) The decision curve of SVM model on the internal testing set. (b) The decision curve of SVM model on the external testing set. (c) The calibration curve of SVM model on the internal testing set. (d) The calibration curve of SVM model on the external testing set.


Supplementary Figure S5: Model Diagnostics for CNN models using endometrium-level ROIs on the internal and external testing sets. 

[image: ]
(a) Receiver operating characteristic (ROC) curves of CNN models on the internal testing set. (b) Receiver operating characteristic (ROC) curves of CNN models on the external testing set.
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