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Appendix E1
Diagnostic criteria for CSVD
MRI images showed any of the following signs: white matter hypersignal, new subcortical infarcts and/or lacunae, cerebral microbleeds, enlarged perivascular Spaces, and cerebral atrophy. 
[bookmark: OLE_LINK2][bookmark: _Hlk137039843][bookmark: _Hlk142040785]The definitions and imaging standards of these signs were according to the Standards for Reporting Vascular Changes on Neuroimaging (STRIVE) criteria proposed by Wardlaw et al[1]. Lacunae were defined as ovoid or round, subcortical, hypointense cavities with a diameter between 3 and 15 mm on T1 and FLAIR images. New subcortical infarcts were identified as a hyperintense signal on diffusion weighted imaging (DWI) and a reduced apparent diffusion coefficient (ADC) in the corresponding brain region. Moreover, it’s were also defined as acute subcortical lesions in the territory of penetrating arteries, located in the deep grey or white matter of the cerebral hemispheres or brainstem and with a maximum diameter of 20mm in the axial plane on DWI. WMH were described as hyperintensities on FLAIR images, without cavitation. WMHs were assessed using the Fazekas scale on the FLAIR sequence. Cerebral microbleeds are defined as small low signals on the DWI sequence (B=0). The enlarged perivascular space (PVS) is defined as the perivascular extracerebral fluid space, similar to the cerebrospinal fluid signal. Cerebral atrophy is defined as loss of cerebral volume in the upper or subcortical T1 sequence not associated with extensive trauma or infarction. In addition, three-dimensional time-of-flight magnetic resonance angiography (MRA) showed no obvious abnormality.
Possible clinical symptoms: ischemic or hemorrhagic stroke, cognitive decline, mental emotional disorders (indifference, mania), gait disorder, difficulty in urination[2]. The diagnosis was evaluated comprehensively by two senior clinical neuropsychologists.

Appendix E2
Descriptions of these base classifiers from AutoGluon
AutoGluon is a robust automated machine learning library offering a diverse suite of algorithms tailored to various data types and machine learning tasks. It integrates advanced models such as support vector machine (SVM), a supervised learning algorithm that finds the optimal hyperplane to separate data points into different classes for classification or regression tasks; k-nearest neighbor (KNN), an instance-based algorithm that predicts outcomes by identifying the nearest data points; K-means, an unsupervised clustering algorithm that partitions data into K clusters by minimizing the distance between data points and their corresponding cluster centroids; decision tree (DT), a supervised learning algorithm that splits data into subsets based on feature values, forming a tree structure for classification or regression tasks; random forest (RF), a classification and regression method that constructs multiple decision trees; extremely randomized tree (ET), which adds randomness to tree construction for enhanced model diversity; linear regression (LR), designed for predictive analysis by modeling linear relationships between independent and dependent variables.
Additionally, AutoGluon includes state-of-the-art gradient boosting frameworks like gradient boosting machine (GBM), optimized for high-performance machine learning, categorical boosting (CatBoost), particularly effective with categorical data, and extreme gradient boosting (XGBoost), a highly efficient gradient boosting library commonly applied in diverse machine learning scenarios. Moreover, neural networks powered by PyTorch and FastAI backends further extend its capabilities to model complex, non-linear relationships. The library also employs WeightedEnsemble, an ensemble learning technique that fuses predictions from multiple models to boost overall performance.
This versatile combination of models and algorithms makes AutoGluon a comprehensive tool capable of handling a wide range of machine learning tasks, from basic to highly complex.

Appendix E3
The formulas calculate these six quantitative performance metrics:






Here, TP, TN, FP, and FN represent True Positives, True Negatives, False Positives, and False Negatives, respectively.

References：
1	Wardlaw JM, Smith EE, Biessels GJ et al (2013) Neuroimaging standards for research into small vessel disease and its contribution to ageing and neurodegeneration. Lancet Neurol 12:822-838
2	Zanon Zotin MC, Sveikata L, Viswanathan A, Yilmaz P (2021) Cerebral small vessel disease and vascular cognitive impairment: from diagnosis to management. Curr Opin Neurol 34:246-257



Table S1. The parameters of the algorithms from AutoGluon
	Machine learning algorithms
	Parameters

	SVM
	sigmoid kernel; C parameter: 1.0; kernel parameter: RBF; gamma: 0.02

	KNN
	n_neighbors: 5; leaf_size: 30

	K-means
	num_clusters: 3; max_num iterations: 200

	DT
	max_depth: 18; min_samples_split: 2

	XGBoost
	num_boost_round: 100  learning_rate: 0.1 max_depth: 6 n_estimators: 100

	RF
	num_trees: 100; min_samples_split: 2

	ET
	n_estimators: 100; min_samples_split: 2

	GBM
	num_leaves: 31 max_depth: -1  learning_rate: 0.1

	CatBoost
	iterations: 1000 learning_rate: 0.1 depth: 6

	LR
	fit_intercept: True  normalize: False

	WeightEnsemble
	use_orig_features: False

	NN_TORCH
	epochs: 10  learning_rate: 0.001

	NN_FASTAI
	emb_drop: 0.1  ps: [0.1]  bs: 256  lr: 1e-2  epochs: 30




Table S2. Three-year follow-up scores of MMSE and MoCA.
	Neuropsychological
Assessments
	Patients with MCI
	Patients with NCI

	
	Baseline
	Follow-up
	p value
	Baseline
	Follow-up
	p value

	MMSE
	27.00
(23.50, 27.00)
	27.00
(25.00, 27.00)
	0.529
	27.00
(26.50, 28.00)
	27.00
(26.00, 28.00)
	0.062

	MoCA
	19.50 
(17.00, 27.00)
	19.50 
(18.00, 27.00)
	0.284
	25.00 
(24.00, 26.00)
	25.00 
(23.50, 26.00)
	0.317




[bookmark: _GoBack]Figure S1. Precision-recall (PR) curves of different models. (A) The PR curves to differentiate between MCI and NCI using AutoGluon plateform based on single-modality (T1, rs-fMRI, and DTI) and multimodal MRI (combined) features. (B) The PR curves to differentiate between MCI and NCI using different machine learning models that were built using multimodal MRI features.
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