Supplementary Table 1: MRI Acquisition Parameters
	
	GE 1.5 T
	uMR780 3.0T

	
	T1WI
	T2WI
	DWI
	T1WI
	T2WI
	DWI

	Repetition time (ms)
	5320
	6210
	8300
	543
	3334
	4000

	Echo time (ms)
	99
	94
	73
	8.9
	77.6
	71.8

	Matrix (frequency x phase)
	288 × 224
	288 x 288
	96 × 128
	320 x 256
	256 × 256
	128 x 128

	Field of view (mm)
	280 x 280
	280 × 280
	280 x 280
	240 × 220
	240 × 240
	240 x 240

	Thickness (mm)
	4
	4
	6
	4
	5
	5

	Interslice gap (mm)
	1
	1
	1
	0.8
	1
	1


Abbreviations: T2WI, T2-weighted sequence; T1WI, T1-weighted sequence; DWI, diffusion-weighted imaging.

Supplementary Table 2: Texture Features Extracted by MATLAB
	Form
	Texture Features

	GLH
	Energy 、Entropy 、Peak 、Maximum、Mean Absolute Error (MAE) 、Mean 、Median 、Minimum 、Gray Level Range、Root Mean Square (RMS)、Skewness 、Standard Deviation 、Uniformity 、Variance

	GLCOM
	Energy、Contrast 、Correlation、Homogeneity、Variance 、Sum Average、Entropy 、Dissimilarity

	GLRLM
	Short Run Emphasis (SRE) 、Gray Level Non-Uniformity (GLN) 、Run Length Non-Uniformity (RLN) 、Long Run Emphasis (LRE)、Low Gray-Level Run Emphasis (LGRE) 、High Gray-Level Run Emphasis (HGRE) 、Short Run Low Gray-Level Emphasis (SRLGE) 、Short Run High Gray-Level Emphasis (SRHGE) 、Long Run Low Gray-Level Emphasis (LRLGE) 、Long Run High Gray-Level Emphasis (LRHGE) 、Gray-Level Variance (GLV) 、Run Length Variance (RLV)

	GLSZM
	Small Area Emphasis (SAE) 、Large Area Emphasis (LAE) 、Gray Level Non-Uniformity (GLN) 、Size-Zone Non-Uniformity (SZN)、Size-Zone Percentage (SZP) 、Low Gray-Level Zone Emphasis (LGZE) 、High Gray-Level Zone Emphasis (HGZE) 、Small Area Low Gray-Level Emphasis (SALGLE) 、Small Area High Gray-Level Emphasis (SAHGLE) 、Large Area Low Gray-Level Emphasis (LALGLE) 、Large Area High Gray-Level Emphasis (LAHGLE) 、Gray-Level Variance (GLV) 、Zone Size Variance (ZSV)

	GLCM
	Roughness、Contrast、Busyness、Complexity 、Strength



Supplementary Table3: Patient Clinical Characteristics
	Characteristic
	Benign（25）
	Malignant（35）
	P

	Age， mean ± SD, years
	54.2±17.6
	50.7±13.1
	0.375

	Menopausal 
	15(60)
	18(54.3)
	0.109

	Treatment 
	
	
	0.844

	Primary surgery
	18(72.0)
	26(74.3)
	

	After primary chemotherapy
	7(28.0)
	9(25.7)
	

	Clinical presentation
	
	
	0.610

	Pelvic pain
	10(40.0)
	9(25.7)
	

	Vaginal bleeding
	7(28.0)
	15(42.9)
	

	Palpable mass or increasing 
	5(20.0)
	7(20.0)
	

	Urinary symptoms
	3(12.0)
	4(11.4)
	


Note-Data are numbers of lesions, with percentages in parentheses. Percentages may not add up to 100% owing to rounding.

Supplementary Table 4: Optimal Texture Feature Combinations Selected by Sparse Representation
	[bookmark: _Hlk160031216]Sequence
	Feature
	P
	Coefficient

	T2WI
	[bookmark: _Hlk160025452]vavelet2. textures. gray - level size zone matrix. high gray-level zone emphasis
	0.384
	-0.796

	[bookmark: _Hlk160024677]
	[bookmark: _Hlk160029716][bookmark: _Hlk162170166]vavelet5. textures. gray - level run - length matrix. short run high gray level emphasis
	0.045
	-0.117

	[bookmark: _Hlk160025128]ADC
	[bookmark: _Hlk160025475]image. Textures. gray-level run-length matrix.  long run low gray-level emphasis
	0.045
	-3.843

	
	[bookmark: _Hlk160024693][bookmark: _Hlk160029729]wavelet3.textures. gray -level size zone matrix. small zone emphasis
	0.069
	-1.525

	[bookmark: _Hlk160025119]
	[bookmark: _Hlk160029741]vavelet6. textures. Gray -level size zone matrix. Small zone high gray-level emphasis
	0.002
	-3.695

	CE-T1WI
	[bookmark: _Hlk160025495]wavelet4.textures.gray-level co-occurrence matrix， correlation 
	0.045
	2.924

	
	wavelet5， textures. gray-level run-length matrix. high ray-level emphasis
	0.262
	-0.631



Feature Selection Based on Sparse Representation
The extracted high-throughput features contain certain redundant information. This paper employs the sparse representation method for feature selection. As illustrated in Supplementary Figure 1, the feature selection model based on sparse representation first uses sample features to sparsely represent the sample labels. Then, the absolute values of the representation coefficients are sorted in descending order, and the features corresponding to the top-ranked coefficients are selected. In Supplementary Figure 1, each row corresponds to a sample, while each column corresponds to a feature or label.”

Sample Labels
​​Sample Features
Sparse Representation Coefficients

Supplementary Figure 1 Based on sparse representation
The mathematical expression of the sparse representation-based feature selection model can be represented as:

               
Sparse Representation Classification
Once high-throughput features and well-prepared datasets are determined, radiomics employs methods such as artificial intelligence, machine learning, and statistical estimation to establish classification and recognition models that link imaging features with lesion phenotypes. Currently, commonly used pattern recognition classifiers can be broadly categorized into two types: parameter-trained models and non-parameter-trained models.
Typical representatives of parameter-trained models include Support Vector Machines (SVM) and Neural Networks (NN). These classifiers require training model parameters using labeled data before applying the trained model to test new datasets.
Non-parameterized models mainly include K-Nearest Neighbors (KNN) classifiers and Sparse Representation Classifiers (SRC), among others. The Sparse Representation Classifier does not require model parameter training during classification, thereby simplifying the complexity of model construction. Additionally, by imposing sparse constraints, the Sparse Representation Classifier can effectively control noise and suppress overfitting, making it widely applicable in medical diagnostic classification problems.
The sparse representation model can be expressed as:




[image: ]
Supplementary Fig. 2: The ROC curves of the different machine learning classification models.
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