Appendix S1: MRI Protocol
MRI examinations were performed using a GE Discovery MR750 3.0T scanner(GE Healthcare, Piscataway, NJ, USA) or a Siemens Magnetom Trio Tim 3.0T scanner(Siemens Healthineers, Erlangen, Germany). The routine MRI protocol included T1-weighted imaging(T1WI), T2-weighted imaging(T2WI), and fat-suppressed T2-weighted imaging(T2FS) in axial, coronal, and/or sagittal planes, according to the clinical scanning protocol. Imaging parameters included a repetition time(TR) of 400–800ms and an echo time(TE) of 10–30ms for T1WI, and a TR of 2,500–4,000ms and a TE of 50–120ms for T2WI. Gadopentetate dimeglumine(Beilu Pharmaceutical, Beijing, China), a gadolinium-based contrast agent, was administered intravenously via the antecubital vein at a dose of 0.2mL/kg and an injection rate of 1mL/s using a power injector. Contrast-enhanced fat-suppressed T1-weighted imaging(T1CE) was then performed, with a TR of 571–652ms and a TE of 9.8–11.2ms.
Appendix S2: Radiomics Feature Definitions and Categorization
Radiomic features can be categorized into four distinct types: (1) intensity statistic features, (2) shape-based features, (3) filter and wavelet features, and (4) texture features. The texture features comprise those derived from the gray-level co-occurrence matrix (GLCM), gray-level run-length matrix (GLRLM), gray-level size zone matrix (GLSZM), gray-level dependence matrix (GLDM), and neighboring gray-tone difference matrix (NGTDM).
The PyRadiomics library largely adheres to standardized feature definitions established by the Imaging Biomarker Standardization Initiative (IBSI). Its development is closely aligned with the IBSI guidelines, ensuring compliance with established benchmarks and protocols. Detailed documentation for these features is available in the PyRadiomics documentation (Version 3.0) at https://pyradiomics.readthedocs.io.
Appendix S3: Deep-Learning Feature Extraction Using ResNet50
Deep-learning features were extracted using a ResNet50 model. For each patient, four MRI sequences, including T1, T2, T2FS, and T1CE, were used. For each sequence, the slice containing the largest tumor area was selected according to the three-dimensional ROI. A tumor-centered image patch was cropped using the ROI bounding box with an additional margin of 10% of the bounding-box size to preserve peritumoral contextual information. The cropped image was clipped at the image boundary, resized to 224 × 224 pixels, and normalized using z-score normalization. Because ResNet50 requires three-channel input, the single-channel MR image was duplicated into three channels.
The ResNet50 model was initialized with ImageNet-pretrained weights. The final fully connected layer was replaced with a one-neuron binary classification head, and the network was fine-tuned using only the training cohort. The model was trained using binary cross-entropy loss and the Adam optimizer, with an initial learning rate of 1×10^-4, a batch size of 16, and a maximum of 50 epochs. No additional data augmentation was applied. Early stopping was applied based on the validation loss within the training cohort. The internal validation cohort and external test cohort were not used for network training, hyperparameter tuning, or early stopping.
[bookmark: _Hlk228377694]After training, the classification layer was removed, and the 2,048-dimensional feature vector from the global average pooling layer was extracted for each MRI sequence. The four 2,048-dimensional vectors were concatenated to generate an 8,192-dimensional deep-learning feature vector for each patient. The internal validation and external test cohorts were used only for feature extraction and model evaluation and were not involved in network training, hyperparameter tuning, or feature selection.
The ResNet50 architecture employs a residual learning framework to address the vanishing gradient problem in deep networks, making it suitable for extracting discriminative features from 2D MRI slices. The network consists of an input stem, four sequential convolutional stages (stages 1–4), and a classification head.
The input stem begins with a 7 × 7 convolutional layer, followed by a 3 × 3 max pooling layer, reducing the feature map resolution to one-quarter of the input. The four core stages contain 3, 4, 6, and 3 residual blocks, respectively. Each residual block adopts the classic “bottleneck” structure (1 × 1 → 3 × 3 → 1 × 1 convolutions), which effectively reduces the number of parameters while enhancing feature representation capability. Transition between stages is achieved using 1 × 1 convolutions with a stride of 2 for downsampling, simultaneously increasing the channel dimensionality. All convolutional layers are followed by batch normalization and ReLU activation functions to stabilize and accelerate the training process.
Finally, the classification head incorporated a global average pooling layer to aggregate the spatial dimensions of the feature maps into a 2,048-dimensional feature vector, which was then fed into a one-neuron fully connected layer for binary classification. The one-neuron output was used as a logit, and the probability of solitary spinal metastasis was obtained by sigmoid transformation during inference. The residual connections within this architecture ensured effective gradient propagation throughout the deep network, making it suitable for feature extraction from 2D MRI slices. After fine-tuning, the binary classification head was removed, and the 2,048-dimensional feature vector from the global average pooling layer was extracted as the deep-learning feature representation for each MRI sequence.
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Supplementary Figure Legends
[image: ]
Figure S1. Feature Selection and Model Performance for the Radiomics Model (Rad-M). (a) Tuning parameter (λ) selection in the Lasso logistic model was chosen using tenfold cross-validation based on the minimum criteria. The optimal values of the LASSO tuning parameter (λ) are indicated by the vertical dashed lines. (b) LASSO coefficient profiles of the features. A coefficient profile plot was generated versus the selected log (λ) value using tenfold cross-validation. (c) Composition and coefficients of the final feature set, comprising 15 radiomic features, including three from T1, five from T2, two from T2FS, and five from T1CE sequences. (d) Comparative performance of the seven machine learning classifiers implemented with the Rad-M features, summarized by an accuracy distribution histogram.
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Figure S2. Feature Selection and Model Performance for the Deep Learning–Radiomics Model (DRad-M). (a) Tuning parameter (λ) selection in the Lasso logistic model was chosen using tenfold cross-validation based on the minimum criteria. The optimal values of the LASSO tuning parameter (λ) are indicated by the vertical dashed lines. (b) LASSO coefficient profiles of the features. A coefficient profile plot was generated versus the selected log (λ) value using tenfold cross-validation. (c) Composition and coefficients of the final feature set, comprising two deep-learning features and 15 radiomic features, including one from T1, six from T2, five from T2FS, and three from T1CE sequences. (d) Comparative performance of the seven machine learning classifiers implemented with the DRad-M features, summarized by an accuracy distribution histogram.
Table S1. The distribution of scanner models across institutions
	
	Institution A
	Institution B

	GE Discovery MR750 3.0T scanner
	257
	39

	Siemens Magnetom Trio Tim 3.0T scanner
	153
	61




Table S2. Number of features retained after feature-selection step.
	Model
	Initial features
	Features filtered out
	Final selected features

	Rad-M
	4788 radiomics features
	4773 radiomics features
	15 radiomics features

	DRad-M
	4788 radiomics features+8192 DL features
	4773 radiomics features+8190 DL features
	15 radiomics features+2 DL features

	CRad-M
	4788 radiomics features+age
	4771 radiomics features
	17 radiomics features+age



Table S3. Distribution of Primary Spinal Tumors and Solitary Spinal Metastases
	Training Set
	Internal Validation Set
	External Test Set

	Primary disease
	Count
	Primary Tumor of Metastasis
	Count
	Primary disease
	Count
	Primary Tumor of Metastasis
	Count
	Primary disease
	Count
	Primary Tumor of Metastasis
	Count

	Chordoma
	59
(26.9%)
	Lung Carcinoma
	36
(33.0%)
	Chordoma
	16
(29.1%)
	Lung Carcinoma
	7
(25.9%)
	Hemangioma
	20
(29.0%)
	Lung Carcinoma
	9
(29.0%)

	Giant Cell Tumor of Bone
	32
(14.6%)
	Renal Cell Carcinoma
	11
(10.1%)
	Giant Cell Tumor of Bone
	9
(16.4%)
	Breast Carcinoma
	3
(11.1%)
	Giant Cell Tumor of Bone
	9
(13.0%)
	Breast Carcinoma
	6
(19.4%)

	Hemangioma
	25
(11.4%)
	Breast Carcinoma
	9
(8.3%)
	Hemangioma
	4
(7.3%)
	Prostate Adenocarcinoma
	3
(11.1%)
	Langerhans Cell Histiocytosis
	8
(11.6%)
	Hepatocellular Carcinoma
	4
(12.9%)

	Langerhans Cell Histiocytosis
	15
(6.8%)
	Prostate Adenocarcinoma
	9
(8.3%)
	Langerhans Cell Histiocytosis
	3
(5.5%)

	Cervical Carcinoma
	2
(7.4%)
	Chondrosarcoma
	7
(10.1%)
	Thyroid Carcinoma
	3
(9.7%)

	Osteoblastoma
	14
(6.4%)
	Thyroid Carcinoma
	7
(6.4%)
	Chondrosarcoma
	3
(5.5%)
	Renal Cell Carcinoma
	2
(7.4%)
	Angiolipoma
	3
(4.3%)
	Esophageal Carcinoma
	2
(6.5%)

	Aneurysmal Bone Cyst
	10
(4.6%)
	Hepatocellular Carcinoma
	5
(4.6%)
	Osteoblastoma
	3
(5.5%)
	Thyroid Carcinoma
	2
(7.4%)
	Lipoma
	2
(2.9%)
	Renal Cell Carcinoma
	1
(3.2%)

	Chondrosarcoma
	8
(3.7%)
	Cervical Carcinoma
	3
(2.8%)
	Osteosarcoma
	3
(5.5%)
	Gastric Adenocarcinoma
	1
(3.7%)
	Osteosarcoma
	2
(2.9%)
	Rectal Adenocarcinoma
	1
(3.2%)

	Ewing Sarcoma
	8
(3.7%)
	Gastric Adenocarcinoma
	3
(2.8%)
	Giant Cell Tumor of Tendon Sheath
	3
(5.5%)
	Hepatocellular Carcinoma
	1
(3.7%)
	Rhabdomyosarcoma
	2
(2.9%)
	Osteosarcoma
	1
(3.2%)

	Osteosarcoma
	8
(3.7%)
	Nasopharyngeal Carcinoma
	3
(2.8%)
	Aneurysmal Bone Cyst
	2
(3.6%)
	Malignant Pleural Mesothelioma
	1
(3.7%)
	Malignant Peripheral Nerve Sheath Tumor
	1
(1.4%)
	Non-Hodgkin Lymphoma (NHL)
	1
(3.2%)

	Giant Cell Tumor of Tendon Sheath
	7
(3.2%)
	Cholangiocarcinoma
	3
(2.8%)
	Gastrointestinal Stromal Tumor
	1
(1.8%)
	Melanoma
	1
(3.7%)
	Ameloblastoma
	1
(1.4%)
	Leiomyoma
	1
(3.2%)

	Leiomyosarcoma
	5
(2.3%)
	Rectal Adenocarcinoma
	3
(2.8%)
	Malignant Peripheral Nerve Sheath Tumor
	1
(1.8%)
	Nasopharyngeal Carcinoma
	1
(3.7%)
	Epithelioid Hemangioma
	1
(1.4%)
	Gastric Adenocarcinoma
	1
(3.2%)

	Angiolipoma
	3
(1.4%)
	Melanoma
	2
(1.8%)
	Chondroma
	1
(1.8%)
	Ovarian Carcinoma
	1
(3.7%)
	Ewing Sarcoma
	1
(1.4%)
	Ameloblastoma
	1
(3.2%)

	Osteochondroma
	3
(1.4%)
	Angiosarcoma
	1
(0.9%)
	Ewing Sarcoma
	1
(1.8%)
	Soft Tissue Sarcoma, NOS
	1
(3.7%)
	Fibroma
	1
(1.4%)
	
	

	Solitary Fibrous Tumor
	3
(1.4%)
	Colon Adenocarcinoma
	1
(0.9%)
	Langerhans Cell Histiocytosis
	1
(1.8%)
	Urothelial Carcinoma
	1
(3.7%)
	Fibrous Dysplasia
	1
(1.4%)
	
	

	Fibrous Dysplasia
	2
(0.9%)
	Diffuse Large B-Cell Lymphoma
	1
(0.9%)
	Leiomyosarcoma
	1
(1.8%)
	
	
	Hemangioendothelioma
	1
(1.4%)
	
	

	Hemangioendothelioma
	2
(0.9%)
	Gallbladder Carcinoma
	1
(0.9%)
	Osteochondroma
	1
(1.8%)
	
	
	Hibernoma
	1
(1.4%)
	
	

	Sarcoma, NOS
	2
(0.9%)
	Leiomyosarcoma
	1
(0.9%)
	Perihemangioma
	1
(1.8%)
	
	
	Leiomyosarcoma
	1
(1.4%)
	
	

	Ameloblastoma
	1
(0.5%)
	Liposarcoma
	1
(0.9%)
	Solitary Fibrous Tumor
	1
(1.8%)
	
	
	Malignant Myoepithelioma
	1
(1.4%)
	
	

	Angiosarcoma
	1
(0.5%)
	Malignant Pleural Mesothelioma
	1
(0.9%)
	
	
	
	
	Mesenchymal Tumor, NOS
	1
(1.4%)
	
	

	Chondroma
	1
(0.5%)
	Oral Squamous Cell Carcinoma
	1
(0.9%)
	
	
	
	
	Ossifying Fibroma
	1
(1.4%)
	
	

	Follicular Lymphoma
	1
(0.5%)
	Osteosarcoma
	1
(0.9%)
	
	
	
	
	Osteochondroma
	1
(1.4%)
	
	

	Gastrointestinal Stromal Tumor
	1
(0.5%)
	Ovarian Carcinoma
	1
(0.9%)
	
	
	
	
	Sarcoma, NOS
	1
(1.4%)
	
	

	Melanoma
	1
(0.5%)
	Pheochromocytoma
	1
(0.9%)
	
	
	
	
	Solitary Fibrous Tumor
	1
(1.4%)
	
	

	Malignant Peripheral Nerve Sheath Tumor
	1
(0.5%)
	Sarcoma, NOS
	1
(0.9%)
	
	
	
	
	Giant Cell Tumor of Tendon Sheath
	1
(1.4%)
	
	

	Neurofibroma
	1
(0.5%)
	Soft Tissue Sarcoma, NOS
	1
(0.9%)
	
	
	
	
	
	
	
	

	Non-Hodgkin Lymphoma
	1
(0.5%)
	Thymoma
	1
(0.9%)
	
	
	
	
	
	
	
	

	Perihemangioma
	1
(0.5%)
	Urothelial Carcinoma
	1
(0.9%)
	
	
	
	
	
	
	
	

	Rhabdomyosarcoma
	1
(0.5%)
	
	
	
	
	
	
	
	
	
	

	Small Cell Malignant Tumor
	1
(0.5%)
	
	
	
	
	
	
	
	
	
	

	Undifferentiated Pleomorphic Sarcoma
	1
(0.5%)
	
	
	
	
	
	
	
	
	
	


Primary tumors are listed according to the World Health Organization (WHO) classification of tumors of soft tissue and bone. Tumors in the “Primary Tumor of Metastasis” column specify the histologic type of the tumor at its primary site prior metastasizing to the spine. NOS, Not Otherwise Specified.

Table S4. Comparison of baseline characteristics between Institution A and Institution B
	Characteristic
	Institution A(n=410)
	Institution B(n=100)
	p-value

	Age, years
	46.29±18.64
	47.34±15.93
	0.89

	Sex
	
	
	0.48

	  Male
	226 (55.1%)
	59 (59.0%)
	

	  Female
	184 (44.9%)
	41 (41.0%)
	

	Lesion location
	
	
	0.03

	  Cervical
	189 (46.1%)
	30 (30.0%)
	

	  Thoracic
	91 (22.2%)
	30 (30.0%)
	

	  Lumbar
	102 (24.9%)
	29 (29.0%)
	

	  Sacrum-coccyx
	28 (6.8%)
	11 (11.0%)
	

	Diagnosis group
	
	
	0.77

	Solitary primary spinal tumors
	274 (66.8%)
	69 (69.0%)
	

	Solitary spinal metastases
	136 (33.2%)
	31 (31.0%)
	

	Size
	
	
	

	All patients
	46.6±18.6
	47.1±18.3
	0.82

	Primary
	47.1±18.8
	45.8±16.7
	0.71

	Metastasis
	45.6±18.4
	50.1±21.4
	0.33


Institution A included patients from the training and internal validation cohorts, and Institution B included patients from the external test cohort. Data are presented as mean±standard deviation for continuous variables and n (%) for categorical variables. The Mann–Whitney U test was used for comparisons of age and maximum lesion diameter between institutions. Pearson’s χ² test was used for comparisons of categorical variables, including sex, lesion location, and diagnosis group. Size indicates maximum lesion diameter in millimeters. 

Table S5. Biological behavior and pathological composition of solitary primary spinal tumors in each institution
Institution A included patients from the training and internal validation cohorts, and Institution B included patients from the external test cohort.
	Biological behavior of primary spinal tumors
	Institution A (primary tumors, n=274)
	Institution B (primary tumors, n=69)
	Total (n=343)

	Benign
	73 (26.6%)
	32 (46.4%)
	105 (30.6%)

	Intermediate
	76 (27.7%)
	20 (29.0%)
	96 (28.0%)

	Malignant
	125 (45.6%)
	16 (23.2%)
	141 (41.1%)

	Unclassified
	0 (0.0%)
	1 (1.4%)
	1 (0.3%)



Table S6 Features and their corresponding coefficients in the Rad-M, DRad-M, and CRad-M logistic regression models.
	Feature
	Rad-M label
	DRad-M label
	CRad-M label
	Clinical-M label

	Const
	0.335060565
	0.335083923
	0.124965706
	-3.8618

	Age
	
	
	0.010032
	0.0634

	DL_T2FS_12
	
	0.000356
	
	

	DL_T2FS_16
	
	-0.026823
	
	

	log_sigma_2_0_mm_3D_glszm_SmallAreaHighGrayLevelEmphasis_T1CE
	
	
	-0.005055
	

	log_sigma_4_0_mm_3D_glszm_SmallAreaEmphasis_T2
	-0.020678
	-0.003057
	-0.002082
	

	log_sigma_5_0_mm_3D_firstorder_10Percentile_T2
	
	0.020182
	
	

	log_sigma_5_0_mm_3D_firstorder_InterquartileRange_T2FS
	
	
	-0.012345
	

	log_sigma_5_0_mm_3D_firstorder_RootMeanSquared_T2
	0.077524
	0.045259
	0.074513
	

	log_sigma_5_0_mm_3D_glszm_HighGrayLevelZoneEmphasis_T2FS
	-0.007966
	-0.000653
	-0.036999
	

	wavelet_HHH_gldm_DependenceVariance_T2
	0.043785
	0.02393
	0.041425
	

	wavelet_HLH_glszm_SmallAreaLowGrayLevelEmphasis_T1
	
	
	0.016118
	

	wavelet_HLL_firstorder_Maximum_T1CE
	
	
	-0.04303
	

	wavelet_HLL_firstorder_Skewness_T1CE
	-0.02763
	-0.011707
	-0.006761
	

	wavelet_HLL_gicm_Correlation_T1
	0.037246
	0.020949
	0.007213
	

	wavelet_LHH_firstorder_Mean_T1
	-0.009273
	
	-0.024134
	

	wavelet_LHH_firstorder_RootMeanSquared_T2FS
	
	-0.010673
	
	

	wavelet_LHH_glszm_SmallAreaLowGrayLevelEmphasis_T1CE
	0.009272
	0.0054
	0.00311
	

	wavelet_LHH_ngtdm_Complexity_T2FS
	
	-0.006588
	
	

	wavelet_LHH_ngtdm_Complexity_T2
	
	
	0.006053
	

	wavelet_LHH_gldm_LargeDependenceHighGrayLevelEmphasis_T1
	-0.009626
	
	
	

	wavelet_LHH_ngtdm_Complexity_T2
	-0.001035
	-0.004149
	
	

	wavelet_LHH_ngtdm_Complexity_T2FS
	-0.05356
	-0.001329
	-0.003195
	

	wavelet_LHH_firstorder_10Percentile_T1CE
	0.01686
	
	0.000433
	

	wavelet_LLL_firstorder_RootMeanSquared_T2
	-0.026873
	-0.037191
	
	

	wavelet_LLL_glszm_SmallAreaHighGrayLevelEmphasis_T2FS
	
	
	-0.021442
	

	wavelet_LLL_ngtdm_Complexity_T1CE
	-0.002065
	
	-0.0038
	

	wavelet_LLL_ngtdm_Complexity_T2FS
	-0.005439
	
	
	

	wavelet_HLL_firstorder_Maximum_T1CE
	-0.055455
	-0.051764
	
	


The table lists the features retained in each final model after feature selection, along with their standardized regression coefficients (β) in the logistic regression classifier. Blank cells indicate that the corresponding feature was not selected for that particular model. The “Const” row represents the model intercept. Abbreviations: Rad-M, radiomics model; DRad-M, deep learning–radiomics fusion model; CRad-M, clinical–radiomics model.
Table S7. Performance Comparison of Logistic Regression Classifiers Based on the Clinical Model
	Task
	AUC
	ACC
	Sensitivity
	Specificity
	PPV
	NPV
	Precision
	Recall
	F1

	Training Set
	0.784(0.734-0.834)
	0.720
	0.477
	0.840
	0.598
	0.764
	0.598
	0.477
	0.531

	Internal Validation Set
	0.738(0.622-0.853)
	0.720
	0.556
	0.800
	0.577
	0.786
	0.577
	0.556
	0.566

	External Test Set
	0.671(0.559-0.784)
	0.690
	0.387
	0.826
	0.500
	0.750
	0.500
	0.387
	0.436


The 95%CIs for AUCs were calculated using DeLong’s non-parametric method. Clinical model=−0.975+1.149×Age_z−0.086×Size_z−0.179×Sex_M+0.474×Location_Lumbar−0.533×Location_Sacrum-coccyx+0.290×Location_Thoracic
Table S8. Age and location-stratified diagnostic performance of CRS, DLRS, RS, and age-only models in the external test cohort
	Model
	Group
	AUC (95%CI)
	ACC (95%CI)

	CRad-M
	Overall
	0.824(0.727-0.920)
	0.830(0.745-0.891)

	CRad-M
	50 years
	0.800(0.656-0.944)
	0.836(0.717-0.911)

	CRad-M
	>50 years
	0.833(0.694-0.973)
	0.778(0.687-0.907)

	CRad-M
	Cervical
	0.825(0.644-1.000)
	0.867(0.703-0.947)

	CRad-M
	Thoracic
	0.795(0.596-0.994)
	0.833(0.664-0.927)

	CRad-M
	Lumbar/Sacrum-coccyx
	0.828(0.681-0.974)
	0.800(0.652-0.895)

	DRad-M
	Overall
	0.716(0.607-0.824)
	0.720(0.625-0.799)

	DRad-M
	50 years
	0.696(0.545-0.847)
	0.691(0.560-0.797)

	DRad-M
	>50 years
	0.772(0.610-0.933)
	0.756(0.613-0.858)

	DRad-M
	Cervical
	0.735(0.547-0.923)
	0.700(0.521-0.833)

	DRad-M
	Thoracic
	0.770(0.559-0.981)
	0.800(0.652-0.895)

	DRad-M
	Lumbar/Sacrum-coccyx
	0.646(0.455-0.836)
	0.675(0.520-0.799)

	Rad-M
	Overall
	0.737(0.626-0.848)
	0.780(0.689-0.850)

	Rad-M
	50 years
	0.720(0.556-0.884)
	0.745(0.617-0.842)

	Rad-M
	>50 years
	0.778(0.616-0.939)
	0.822(0.687-0.907)

	Rad-M
	Cervical
	0.775(0.595-0.955)
	0.767(0.591-0.882)

	Rad-M
	Thoracic
	0.765(0.531-0.999)
	0.833(0.664-0.927)

	Rad-M
	Lumbar/Sacrum-coccyx
	0.680(0.493-0.868)
	0.750(0.598-0.858)

	Age
	Overall
	0.688(0.577-0.799)
	0.750(0.657-0.825)

	Age
	50 years
	0.722(0.560-0.883)
	0.764(0.637-0.856)

	Age
	>50 years
	0.663(0.486-0.839)
	0.733(0.590-0.840)

	Age
	Cervical
	0.710(0.513-0.907)
	0.733(0.566-0.858)

	Age
	Thoracic
	0.580(0.324-0.836)
	0.767(0.591-0.882)

	Age
	Lumbar/Sacrum-coccyx
	0.777(0.636-0.919)
	0.750(0.598-0.858)


CI, confidence interval. The 95%CIs for AUCs were calculated using DeLong’s method, and the 95%CIs for accuracy were calculated using the Wilson score method.

[bookmark: _Hlk211296334]Table S9. Performance of Various Machine Learning Classifiers Based on the Radiomics Model
	Classifier
	Training cohort
	Internal validation cohort
	External test cohort

	
	ACC (95% CI)
	AUC (95% CI)
	ACC (95% CI)
	AUC (95% CI)
	ACC (95% CI)
	AUC (95% CI)

	Logistic Regression
	0.729 (0.678-0.774)
	0.802 (0.754-0.849)
	0.732 (0.627-0.816)
	0.870 (0.794-0.946)
	0.780 (0.689-0.850)
	0.737 (0.626-0.848)

	NaiveBayes
	0.738 (0.688-0.782)
	0.799 (0.750-0.847)
	0.793 (0.693-0.866)
	0.837 (0.746-0.929)
	0.540 (0.443-0.634)
	0.649 (0.538-0.760)

	SVM
	0.829 (0.785-0.886)
	0.899 (0.864-0.933)
	0.744 (0.640-0.826)
	0.824 (0.737-0.911)
	0.720 (0.625-0.799)
	0.712 (0.600-0.825)

	Random Forest
	0.994 (0.978-0.998)
	0.9997 (0.9993-1.00)
	0.683 (0.576-0.774)
	0.769 (0.666-0.872)
	0.660 (0.563-0.745)
	0.630 (0.512-0.748)

	XGBoost
	0.994 (0.978-0.998)
	0.9999 (0.9997-1.00)
	0.695 (0.589-0.784)
	0.738 (0.629-0.848)
	0.610 (0.512-0.700)
	0.585 (0.464-0.707)

	LightGBM
	0.909 (0.872-0.935)
	0.946 (0.923-0.969)
	0.720 (0.614-0.805)
	0.747 (0.634-0.861)
	0.630 (0.532-0.718)
	0.613 (0.490-0.737)

	Gradient Boost
	0.878 (0.838-0.909)
	0.927 (0.900-0.955)
	0.659 (0.551-0.752)
	0.733 (0.617-0.849)
	0.660 (0.563-0.745)
	0.652 (0.540-0.764)


ACC, accuracy; AUC, area under the receiver operating characteristic curve; CI, confidence interval.
SVM, Support Vector Machine, XGBoost; eXtreme Gradient Boosting; LightGBM, Light Gradient Boosting Machine. The 95%CIs for AUCs were calculated using DeLong’s non-parametric method, and the 95%CIs for accuracy were calculated using the Wilson score method.

Table S10. Performance of Various Machine Learning Classifiers Based on the Deep Learning–Radiomics Model
	Classifier
	Training cohort
	Internal validation cohort
	External test cohort

	
	ACC (95% CI)
	AUC (95% CI)
	ACC (95% CI)
	AUC (95% CI)
	ACC (95% CI)
	AUC (95% CI)

	Logistic Regression
	0.732 (0.681-0.777)
	0.805 (0.758-0.852)
	0.756 (0.653-0.836)
	0.873 (0.797-0.948)
	0.720 (0.625-0.799)
	0.716 (0.607-0.824)

	NaiveBayes
	0.732 (0.681-0.777)
	0.799 (0.751-0.847)
	0.793 (0.693-0.866)
	0.826 (0.732-0.919)
	0.610 (0.512-0.700)
	0.659 (0.550-0.769)

	SVM
	0.805 (0.758-0.844)
	0.890 (0.852-0.927)
	0.805 (0.706-0.876)
	0.845 (0.761-0.930)
	0.690 (0.594-0.772)
	0.716 (0.606-0.825)

	Random Forest
	0.994 (0.978-0.998)
	0.9997 (0.9991-1.00)
	0.744 (0.640-0.826)
	0.749 (0.638-0.860)
	0.550 (0.452-0.644)
	0.574 (0.461-0.687)

	XGBoost
	0.994 (0.978-0.998)
	0.999 (0.998-1.000)
	0.780 (0.679-0.857)
	0.793 (0.691-0.895)
	0.650 (0.552-0.736)
	0.633 (0.519-0.747)

	LightGBM
	0.902 (0.864-0.929)
	0.956 (0.936-0.976)
	0.793 (0.693-0.866)
	0.783 (0.681-0.885)
	0.700 (0.604-0.781)
	0.658 (0.546-0.771)

	Gradient Boost
	0.878 (0.838-0.909)
	0.936 (0.909-0.963)
	0.780 (0.679-0.857)
	0.752 (0.638-0.866)
	0.680 (0.583-0.764)
	0.698 (0.590-0.805)


ACC, accuracy; AUC, area under the receiver operating characteristic curve; CI, confidence interval.
SVM, Support Vector Machine, XGBoost; eXtreme Gradient Boosting; LightGBM, Light Gradient Boosting Machine. The 95%CIs for AUCs were calculated using DeLong’s non-parametric method, and the 95%CIs for accuracy were calculated using the Wilson score method.

Table S11. Performance Comparison of Machine Learning Classifiers Based on the Radiomics Model
	
	Sensitivity
	Specificity
	PPV
	NPV
	Precision
	Recall
	F1
	Task

	Logistic Regression
	0.872
	0.658
	0.559
	0.911
	0.559
	0.872
	0.681
	Training Set

	Logistic Regression
	0.963
	0.618
	0.553
	0.971
	0.553
	0.963
	0.703
	Internal Validation Set

	Logistic Regression
	0.645
	0.841
	0.645
	0.841
	0.645
	0.645
	0.645
	External Test Set

	NaiveBayes
	0.826
	0.694
	0.573
	0.889
	0.573
	0.826
	0.677
	Training Set

	NaiveBayes
	0.667
	0.855
	0.692
	0.839
	0.692
	0.667
	0.679
	Internal Validation Set

	NaiveBayes
	0.935
	0.362
	0.397
	0.926
	0.397
	0.935
	0.558
	External Test Set

	Support Vector Machine
	0.945
	0.772
	0.673
	0.966
	0.673
	0.945
	0.786
	Training Set

	Support Vector Machine
	0.963
	0.636
	0.565
	0.972
	0.565
	0.963
	0.712
	Internal Validation Set

	Support Vector Machine
	0.645
	0.754
	0.541
	0.825
	0.541
	0.645
	0.588
	External Test Set

	Random Forest
	0.991
	0.995
	0.991
	0.995
	0.991
	0.991
	0.991
	Training Set

	Random Forest
	0.815
	0.618
	0.512
	0.872
	0.512
	0.815
	0.629
	Internal Validation Set

	Random Forest
	0.613
	0.681
	0.463
	0.797
	0.463
	0.613
	0.528
	External Test Set

	XGBoost
	1.000
	0.991
	0.982
	1.000
	0.982
	1.000
	0.991
	Training Set

	XGBoost
	0.778
	0.655
	0.525
	0.857
	0.525
	0.778
	0.627
	Internal Validation Set

	XGBoost
	0.581
	0.623
	0.409
	0.768
	0.409
	0.581
	0.480
	External Test Set

	LightGBM
	0.835
	0.945
	0.883
	0.920
	0.883
	0.835
	0.858
	Training Set

	LightGBM
	0.704
	0.727
	0.559
	0.833
	0.559
	0.704
	0.623
	Internal Validation Set

	LightGBM
	0.645
	0.623
	0.435
	0.796
	0.435
	0.645
	0.519
	External Test Set

	GradientBoosting
	0.890
	0.872
	0.776
	0.941
	0.776
	0.890
	0.829
	Training Set

	GradientBoosting
	0.815
	0.582
	0.489
	0.865
	0.489
	0.815
	0.611
	Internal Validation Set

	GradientBoosting
	0.677
	0.652
	0.467
	0.818
	0.467
	0.677
	0.553
	External Test Set


XGBoost; eXtreme Gradient Boosting; LightGBM, Light Gradient Boosting Machine. PPV, Positive Predictive Value; NPV, Negative Predictive Value.

Table S12. Performance Comparison of Machine Learning Classifiers Based on the Deep Learning–Radiomics Model
	Model
	Sensitivity
	Specificity
	PPV
	NPV
	Precision
	Recall
	F1
	Task

	Logistic Regression
	0.826
	0.685
	0.566
	0.888
	0.566
	0.826
	0.672
	Training Set

	Logistic Regression
	0.889
	0.691
	0.585
	0.927
	0.585
	0.889
	0.706
	Internal Validation Set

	Logistic Regression
	0.645
	0.739
	0.526
	0.823
	0.526
	0.645
	0.580
	External Test Set

	NaiveBayes
	0.771
	0.712
	0.571
	0.862
	0.571
	0.771
	0.656
	Training Set

	NaiveBayes
	0.667
	0.855
	0.692
	0.839
	0.692
	0.667
	0.679
	Internal Validation Set

	NaiveBayes
	0.742
	0.551
	0.426
	0.826
	0.426
	0.742
	0.541
	External Test Set

	Support Vector Machine
	0.954
	0.731
	0.638
	0.970
	0.638
	0.954
	0.765
	Training Set

	Support Vector Machine
	0.852
	0.782
	0.657
	0.915
	0.657
	0.852
	0.742
	Internal Validation Set

	Support Vector Machine
	0.774
	0.652
	0.500
	0.865
	0.500
	0.774
	0.608
	External Test Set

	Random Forest
	0.991
	0.995
	0.991
	0.995
	0.991
	0.991
	0.991
	Training Set

	Random Forest
	0.704
	0.764
	0.594
	0.84
	0.594
	0.704
	0.644
	Internal Validation Set

	Random Forest
	0.839
	0.420
	0.394
	0.853
	0.394
	0.839
	0.536
	External Test Set

	XGBoost
	0.991
	0.995
	0.991
	0.995
	0.991
	0.991
	0.991
	Training Set

	XGBoost
	0.778
	0.782
	0.636
	0.878
	0.636
	0.778
	0.700
	Internal Validation Set

	XGBoost
	0.677
	0.638
	0.457
	0.815
	0.457
	0.677
	0.545
	External Test Set

	LightGBM
	0.927
	0.890
	0.808
	0.961
	0.808
	0.927
	0.863
	Training Set

	LightGBM
	0.704
	0.836
	0.679
	0.852
	0.679
	0.704
	0.691
	Internal Validation Set

	LightGBM
	0.581
	0.754
	0.514
	0.800
	0.514
	0.581
	0.545
	External Test Set

	GradientBoosting
	0.908
	0.863
	0.767
	0.950
	0.767
	0.908
	0.832
	Training Set

	GradientBoosting
	0.593
	0.873
	0.696
	0.814
	0.696
	0.593
	0.640
	Internal Validation Set

	GradientBoosting
	0.742
	0.652
	0.489
	0.849
	0.489
	0.742
	0.590
	External Test Set


XGBoost; eXtreme Gradient Boosting; LightGBM, Light Gradient Boosting Machine. PPV, Positive Predictive Value; NPV, Negative Predictive Value.


Table S13. Performance Comparison of Machine Learning Classifiers Based on the Clinical–Radiomics Model
	[bookmark: _Hlk228838788]Model
	Sensitivity
	Specificity
	PPV
	NPV
	Precision
	Recall
	F1
	Task

	Logistic Regression
	0.835
	0.785
	0.659
	0.905
	0.659
	0.835
	0.737
	Training Set

	Logistic Regression
	0.889
	0.855
	0.750
	0.940
	0.750
	0.889
	0.814
	Internal Validation Set

	Logistic Regression
	0.742
	0.870
	0.719
	0.882
	0.719
	0.742
	0.730
	External Test Set

	NaiveBayes
	0.936
	0.626
	0.554
	0.951
	0.554
	0.936
	0.696
	Training Set

	NaiveBayes
	0.926
	0.582
	0.521
	0.941
	0.521
	0.926
	0.667
	Internal Validation Set

	NaiveBayes
	0.710
	0.681
	0.500
	0.839
	0.500
	0.710
	0.587
	External Test Set

	Support Vector Machine
	0.936
	0.562
	0.515
	0.946
	0.515
	0.936
	0.664
	Training Set

	Support Vector Machine
	0.963
	0.745
	0.65
	0.976
	0.650
	0.963
	0.776
	Internal Validation Set

	Support Vector Machine
	0.839
	0.551
	0.456
	0.884
	0.456
	0.839
	0.591
	External Test Set

	Random Forest
	1.000
	0.982
	0.965
	1.000
	0.965
	1.000
	0.982
	Training Set

	Random Forest
	0.815
	0.727
	0.595
	0.889
	0.595
	0.815
	0.687
	Internal Validation Set

	Random Forest
	0.548
	0.768
	0.515
	0.791
	0.515
	0.548
	0.531
	External Test Set

	XGBoost
	1.000
	1.000
	1.000
	1.000
	1.000
	1.000
	1.000
	Training Set

	XGBoost
	0.963
	0.709
	0.619
	0.975
	0.619
	0.963
	0.754
	Internal Validation Set

	XGBoost
	0.677
	0.826
	0.636
	0.851
	0.636
	0.677
	0.656
	External Test Set

	LightGBM
	0.972
	0.813
	0.721
	0.983
	0.721
	0.972
	0.828
	Training Set

	LightGBM
	0.963
	0.782
	0.684
	0.977
	0.684
	0.963
	0.800
	Internal Validation Set

	LightGBM
	0.903
	0.609
	0.509
	0.933
	0.509
	0.903
	0.651
	External Test Set

	GradientBoosting
	0.917
	0.872
	0.781
	0.955
	0.781
	0.917
	0.844
	Training Set

	GradientBoosting
	0.889
	0.836
	0.727
	0.939
	0.727
	0.889
	0.800
	Internal Validation Set

	GradientBoosting
	0.742
	0.739
	0.561
	0.864
	0.561
	0.742
	0.639
	External Test Set


XGBoost; eXtreme Gradient Boosting; LightGBM, Light Gradient Boosting Machine. PPV, Positive Predictive Value; NPV, Negative Predictive Value.

Table S14. Interpretation of representative radiomic features selected in the CRad-M.
	Feature
	Sequence
	Coefficient
	Feature category
	Imaging interpretation

	log_sigma_5_0_mm_3D_firstorder_RootMeanSquared_T2
	T2
	0.074513
	First-order intensity
	Overall magnitude of T2 signal intensity; may reflect water content, edema, necrosis, or heterogeneous tissue composition

	wavelet_HLL_firstorder_Maximum_T1CE
	T1CE
	-0.04303
	First-order intensity
	Peak enhancement intensity; may reflect focal contrast uptake and vascular heterogeneity

	wavelet_HHH_gldm_DependenceVariance_T2
	T2
	0.041425
	GLDM texture
	Variability of gray-level dependencies; may reflect heterogeneous internal architecture

	log_sigma_5_0_mm_3D_glszm_HighGrayLevelZoneEmphasis_T2FS
	T2FS
	-0.036999
	GLSZM texture
	Prominence of high-gray-level zones; may relate to high-signal regions on fat-suppressed T2 images

	wavelet_LHH_firstorder_Mean_T1
	T1
	-0.024134
	First-order intensity
	Average transformed T1 intensity; may reflect baseline marrow replacement or tissue composition

	wavelet_HLH_glszm_SmallAreaLowGrayLevelEmphasis_T1
	T1
	0.016118
	GLSZM texture
	Small low-intensity zones; may reflect fine-scale hypointense heterogeneity



[bookmark: _GoBack]Table S15. Hyperparameter settings of machine-learning classifiers used in this study.
	Classifier
	Hyperparameters

	Logistic Regression
	penalty=L1, C=0.0747, solver=liblinear

	SVM
	kernel=rbf, C=1.52, gamma=0.00255

	Random Forest
	n_estimators=320, max_features=sqrt, max_depth=50, min_sample_split=5, min_samples_leaf=7

	XGBoost
	n_estimators=512, eta=0.0456, max_depth=7, min_child_weight=1, gamma=0, subsample=1.0, colsample_bytree=0.6, reg_lambda=2.5, alpha=1.0

	LightGBM
	n_estimators=256, learning_rate=0.166, max_depth=4, subsample=0.6, colsample_bytree=0.8, reg_lambda=0.5

	Gradient Boosting
	n_estimators=200, learning_rate=0.1, max_depth=3

	Naïve Bayes
	GaussianNB(default settings)
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