Supplementary Table S1. Hyperparameters of the DenseNet121-CBAM models
	Parameter
	Setting

	Backbone network
	DenseNet121

	Attention module
	Convolutional block attention module

	Pretrained weights
	DenseNet121_Weights.IMAGENET1K_V1

	Input image size
	224 × 224 pixels

	Number of tabular variables in Model B
	7

	Batch size
	128

	Maximum number of epochs
	200

	Optimizer
	AdamW

	Initial learning rate
	0.001

	Weight decay
	(1 \times 10^{-5})

	Loss function
	Cross-entropy loss

	Cross-validation strategy
	Five-fold stratified cross-validation

	Dataset partition
	Training set and validation set at an 8:2 ratio

	Class-balancing strategy
	Random undersampling to obtain a 1:1 ratio between CAD and non-CAD image samples

	Balanced dataset
	898 CAD-positive and 898 non-CAD images

	Learning-rate scheduler
	ReduceLROnPlateau

	Scheduler reduction factor
	0.5

	Scheduler patience
	3 epochs

	Gradient clipping
	Maximum gradient norm of 1.0

	Random seed
	42

	Training image augmentation
	Resize, random horizontal flipping, random rotation, color jittering, and normalization

	Validation image preprocessing
	Resize and normalization only



Supplementary Methods S2. DenseNet121-CBAM palm image model
The palm-image-based prediction model (Model A) was developed using a DenseNet121 architecture enhanced with a convolutional block attention module (CBAM) for binary classification of coronary artery disease (CAD). The DenseNet121 backbone was initialized with ImageNet-pretrained weights (DenseNet121_Weights.IMAGENET1K_V1) and adapted to the present classification task.
CBAM was incorporated into the image feature-extraction network to refine the convolutional feature maps through sequential channel-attention and spatial-attention operations. The channel-attention component adaptively recalibrated the contribution of different feature channels, whereas the spatial-attention component emphasized informative spatial regions within the palm images. The attention-refined feature maps were subsequently transformed into an image-level feature representation and passed through the classification layer to generate output logits corresponding to the CAD and non-CAD classes.
The left and right palm images obtained from each participant were treated as independent image samples. All palm images were resized to 224 × 224 pixels and normalized before model input. Data augmentation was applied only to the training images and included random horizontal flipping, random rotation, and color jittering. These transformations introduced variations in image orientation, geometry, brightness, contrast, and color characteristics, thereby increasing image diversity and reducing the risk of overfitting. Validation images were resized and normalized without random augmentation.

Supplementary Methods S3. Multimodal fusion model integrating palm images and basic clinical information
The multimodal prediction model (Model B) was constructed by integrating palm image features with seven basic clinical variables. The image branch followed the DenseNet121-CBAM feature-extraction framework described in Supplementary Methods S2.
The seven tabular variables were age, sex, history of hypertension, history of diabetes, history of peripheral vascular disease, smoking history, and alcohol consumption history. These variables were selected on the basis of the univariate and binary logistic regression analyses. They could be obtained without laboratory testing and were therefore suitable for the intended use of Model B as a convenient preliminary CAD screening model.
For each sample, the palm image was processed through the DenseNet121-CBAM image branch to obtain an image-derived feature representation. The corresponding seven basic clinical variables were organized as a tabular feature vector. The image-derived representation and tabular features were subsequently integrated through the multimodal fusion module. The fused representation was passed through the final classification layer to generate output logits for the CAD and non-CAD classes.
The dataset construction, random undersampling strategy, training–validation partition, five-fold cross-validation procedure, image preprocessing, and training hyperparameters were kept consistent with those used for Model A. This consistent framework enabled direct comparison between the palm-image-only model and the multimodal model.

Supplementary Methods S4. Dataset balancing, model training, and validation
To reduce potential prediction bias arising from class imbalance, random undersampling was applied to the majority class to obtain a 1:1 ratio between CAD and non-CAD image samples. After class balancing, a total of 1,796 palm images were included, comprising 898 CAD-positive images and 898 non-CAD images.
The balanced dataset was divided into a training set and a validation set at a ratio of 8:2, resulting in 1,436 training images and 360 validation images. Five-fold stratified cross-validation was subsequently performed during model training. The data were divided into five subsets of approximately equal size using StratifiedKFold, while maintaining a balanced distribution of CAD and non-CAD samples across folds. In each cross-validation iteration, four folds were used for model training and the remaining fold was used for validation. This procedure was repeated five times so that each fold served once as the validation fold.
Before model training, the random seed was fixed at 42 to improve the reproducibility of data partitioning, model initialization, and parameter optimization. Models A and B were trained for a maximum of 200 epochs in each cross-validation round, with a batch size of 128.
Model parameters were optimized using the AdamW optimizer with an initial learning rate of 0.001 and a weight-decay coefficient of 1×10−5. Cross-entropy loss was used as the objective function for binary classification. In each training iteration, forward propagation, loss calculation, backpropagation, gradient clipping, and parameter updating were performed sequentially.
A ReduceLROnPlateau scheduler was used to dynamically adjust the learning rate according to validation performance. When the monitored validation metric did not improve for three consecutive epochs, the learning rate was reduced by a factor of 0.5. To improve training stability and reduce the risk of gradient explosion, gradient clipping was applied after backpropagation using clip_grad_norm_, with the maximum gradient norm set to 1.0.
During validation, model parameters were fixed, and predictions were generated without gradient computation or weight updating. Model performance was assessed using the area under the receiver operating characteristic curve, accuracy, sensitivity, specificity, and precision. Receiver operating characteristic curves and confusion matrices were generated for each fold. The fold-specific performance estimates were summarized as the mean and standard deviation across the five cross-validation folds.
