Appendix S1 
CCTA Acquisition Protocol
(1) Chongqing General Hospital: Coronary computed tomography angiography (CCTA) was performed using a dual-layer spectral detector CT scanner (IQon, Philips Healthcare, Best, The Netherlands) and an x-ray CT equipment (UCT760, Shanghai United-Imaging Medical Technology Co., Ltd., Shanghai, China). All patients received 0.5 mg of sublingual nitroglycerin 5 minutes before the CCTA acquisition. A bolus of 70 mL of iodinated contrast media (Visipaque Iodixanol 370; GE Healthcare, Ireland) was injected at a rate of 4-5 mL/s, followed by a 30-mL saline flush. Prospective electrocardiogram (ECG)-triggered sequential acquisition was used for scanning. The scanning parameters were as follows: tube voltage = 120 kVp, reconstructed section thickness = 0.625 mm, and reconstructed section interval = 0.625 mm.
(2) Yongchuan Hospital Affiliated to Chongqing Medical University Hospital : CCTA was performed using a 256-slice iCT (Brilliance, Philips Healthcare) and an x-ray CT equipment (UCT860, Shanghai United-Imaging Medical Technology Co., Ltd.). All patients received 0.5 mg of sublingual nitroglycerin 5 minutes before the CCTA acquisition. A bolus of 70 mL of iodinated contrast media (Ultravist 370 mg iodine/mL, Bayer) was injected at a rate of 4-5 mL/s, followed by a 20-mL saline flush. Prospective ECG-triggered sequential acquisition was used for scanning. The scanning parameters were as follows: tube voltage = 120 kVp, reconstructed section thickness = 0.625 mm, and reconstructed section interval = 0.625 mm. 
Image Feature Extraction Module (MRSPAN Block)
This system employeds a multiscale residual pyramid attention network ([MRSPAN (multiscale residual pyramid attention network) block)] to extract features from coronary CTA images. Its core design included 3 innovative components [16]:
1. Multiscale Feature Extraction Layer: By concatenating 3 × 3, 5 × 5, and 7 × 7 convolution kernels, we captured local details (such as calcified plaque on the vessel wall), medium-scale anatomical structures (such as coronary artery branches), and global contextual information, respectively.
2. Residual Pyramid Structure: A 4-stage downsampling strategy was implemented, with the number of channels increasing from 64 to 128, then to 256, and finally to 512. The spatial resolution of low-level features was preserved through skip connections. This design remarkably enhanced the localization accuracy of stenosed vessels while maintaining computational efficiency.
3. Pyramid Attention Module: The MRSPAN-block force attention mechanism was introduced at each feature pyramid stage using a learnable channel weight assignment formula:





Whererepresents the feature map of the j channel in layer i , and are trainable weights.
MRSPAN, multiscale residual pyramid attention network
Details of the Multi-Layer Perceptron Classifier Design
This system used a multilayer perceptron as the clinical feature fusion module. Its core design included the following innovations [35]:
1. Network Architecture Design
A 3-layer fully connected structure (input layer, hidden layer 1, hidden layer 2, and output layer) was used, with the number of neurons in each layer specified as follows:
Input Layer: 128 Dimensions (integrating self-image, clinical, and ECG features).
Hidden Layer 1: 64 Neurons with ReLU activation function.
Hidden Layer 2: 32 Neurons with Leaky ReLU activation function.
Output Layer: This layer consisted of 2 categories, disease and health, using a Softmax activation function.
2. Selection of Activation Functions
The hidden layer employed Leaky ReLU (α = 0.01) instead of the traditional ReLU to address the problem of "dying neurons”. The experiment demonstrated that the training convergence speed was enhanced by 35% compared to traditional ReLU.
The output layer employed the Softmax function to produce a probability distribution that aligned optimally with the cross-entropy loss function.
3. Regularization and Optimization Strategies
The L2 regularization coefficient,  λ = 0.001, helped prevent overfitting.
The AdamW optimizer was used with a weight decay coefficient of ω = 0.01.
The learning rate scheduling strategy began with an initial learning rate of 0.001, which decayed by a factor of 0.1 every 20 epochs.
Third Metaphase Fusion Strategy
The image features were extracted using the MRSPAN block, resulting in 512 dimensional features [16]. The ECG features were obtained through a dual-channel convolutional neural network (CNN), yielding 256-dimensional time–frequency features, whereas clinical features were extracted through a CNN, producing 128-dimensional features [17]. These 3 types of features were weighted and fused using a weighted approach. The weight assigned to image features was 0.5, clinical features received a weight of 0.3, and electrocardiogram features were weighted at 0.2. A 1 × 1 convolution kernel was employed to fuse the features, followed by layer normalization (LayerNorm), and the GELU activation function effectively mitigated the gradient vanishing problem caused by the dimensional discrepancies among the various modalities. These 3 types of features were weighted and fused using a weighted approach. Initial prior weights (0.5 for imaging, 0.3 for clinical, and 0.2 for ECG) were assigned to guide the early stages of multimodal fusion. Rather than remaining static, these priors provide a structured starting point for our learnable attention mechanism. A 1 × 1 convolution kernel was employed to fuse the features, followed by layer normalization (LayerNorm), and the GELU activation function effectively mitigated the gradient vanishing problem caused by the dimensional discrepancies among the various modalities.
ECG Signal Processing Procedure
The ECG features were extracted by combining wavelet transform and a dual-channel CNN. The db4 wavelet basis was used for the 3-level decomposition to obtain approximate components (low frequency, 0.5-40 Hz) and detail components (high frequency, 40-200 Hz), which correspond to the mechanical motion and electrical activity of the heart, respectively [17,36]. For the low-frequency channel, a 3-layer 3 × 1 convolution (with a step size of 1), followed by batch normalization and ReLU activation, was employed to extract ST-segment offset features. In the high-frequency channel, a 5-layer 1 × 3 convolution (with a step size of 2) was used, followed by Global Average Pooling, to capture QRS waveform distortion. Dynamic-weighted fusion was achieved through an attention gating mechanism:


Importance of Evaluating Clinical Parameters
Despite the fact that deep learning models are trained on extensive datasets with the aim of emulating human performance, the intricacies of their internal reasoning mechanisms often remain shrouded in mystery. We carried out an ablation study to elucidate the connections between the existing data and the diagnostic capabilities. The objective of this study was to determine the extent of information loss that occurs when input data, such as blood glucose levels, are deliberately withheld systematically. We employed the mutual information between the predicted labels and the ground truth labels as a means of assessing the amount of information embedded within the model’s predictions. This assessment was conducted twice for each patient in the test set. In the first instance, all input data were provided to the model. In the second instance, the same inputs were entered, with the exception of the specific input type that was the subject of our investigation. We calculated the relative reduction in mutual information and compared it to the scenario where the model had access to all available input data, so as to precisely quantify the degree of information loss when a particular input parameter is excluded.
Visualization of Attention
The MRSPAN-block network has an inherent attention mechanism. This mechanism enables a straightforward extension that can be directly interpretable. Specifically, the attention score indicates which portions of the image are assigned a higher importance weight in the decision-making procedure. Building on this understanding, we used the Grad-CAM (Gradient-weighted Class Activation Mapping) technique described in a previous study [37] for visualization purposes. Instead of the attention rollout technique, Grad-CAM calculated gradients of the target class score with respect to the last convolutional layer's activations. Direct insights can be gained into the inner working of the model by visualizing the resulting heatmap obtained from Grad-CAM, thereby highlighting the regions of the input most influential for the model's decision-making process.Visualizing the resulting heatmap obtained from Grad-CAM provides direct insights into the inner workings of the model, highlighting the regions of the input most influential for its decision-making process.
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Tables S1： Basic information of the cases
	Pathologic condition
	Internal data
	External data

	
	Age (years) 
	Menale
	WomenFemale
	Number
	Age (years) 
	Male
	Female
	Number

	Coronary atherosclerosis
	64.48 ± 11.40
	42
	42
	84
	63.74 ± 10.43 
	18
	20
	38

	Obstructive coronary artery disease
	65.45 ± 10.90 
	92
	69
	161
	69.55 ± 8.99
	31
	18
	49

	Heart failure
	68.13 ± 14.21
	36
	24
	60
	65.91 ± 6.91
	12
	11
	23

	Cardiac arrhythmia
	60.84 ± 13.98
	47
	55
	102
	60.41 ± 10.77 
	14
	44
	58

	Myocardial ischemia
	65.62 ± 12.87
	24
	29
	53
	 67.65 ± 10.18
	23
	26
	49


Data are presented as mean ± SD or n.
Table S2:  Hyperparameters used to train our model
	Batch size
	32

	Convolution kernel size
	3×3, 5×5, 7×7 (Multiscale feature extraction layer of the MRSPAN block)

	The residual pyramid structure
	Number of channels was 64→128→256→512

	Regularization of regularization
	L2 regularization coefficient λ = 0.001

	Optimizer
	AdamW, weight attenuation coefficient = 0.01

	Learning rate scheduling
	The Initial learning rate was 0.001, with a decay of 0.1 times every 20 epochs

	CNN convolutional layer (low frequency)
	3 layers 3×1 convolution (step size 1) + BatchNorm + ReLU

	CNN convolutional layer (high frequency)
	5 layers of 1×3 convolutions (step size 2) + GlobalAvgPool


Note.—: CNN = Convolutional neural network; MRSPAN, = multiscale residual pyramid attention network

Table S3: Comparison table of key indicators for multimodal diagnosis and senior physician diagnosisBoth s (enior physicians had access to all three modalities: CCTA images, 12-lead ECG, and comprehensive clinical/laboratory data.)
	 Indicators
	Multi-modal
	Scenior Physican

	Average diagnostic processing time (seconds)
	16
	380

	Diagnostic sensitivity (percentage)
	88
	73

	Missed diagnosis rate (percentage)
	8
	23

	AUC value
	0.86
	0.78

	Kappa value
	0.89
	0.92


Note.—: AUC = area under the curve



Table S4: Characteristics of the Real-World Missing Test Set

	Category
	Item
	Value

	Patient Characteristics
	Sample size
	203

	
	[bookmark: _GoBack]Age (years, mean ± SD)
	65.8 ± 11.4

	
	Sex (male/female)
	108/95

	
	Surgical records (PCI/CABG)
	42 (20.7%)

	Disease Distribution
	Coronary atherosclerosis
	43 (21.2%)

	
	Coronary artery disease
	61 (30.0%)

	
	Heart failure
	31 (15.3%)

	
	Cardiac arrhythmia
	42 (20.7%)

	
	Myocardial ischemia
	26 (12.8%)

	Major Missing Patterns
	Complete cardiac enzyme panel missing
	47 (23.2%)

	
	Partial cardiac enzyme panel missing
	38 (18.7%)

	
	NT-proBNP missing
	41 (20.2%)

	
	IMA missing
	29 (14.3%)

	
	CRP missing
	23 (11.3%)

	
	Multiple missing
	25 (12.3%)


Note: SD = standard deviation; PCI = percutaneous coronary intervention; CABG = coronary artery bypass grafting; NT-proBNP = N-terminal pro-B-type natriuretic peptide; IMA = ischemia-modified albumin; CRP = C-reactive protein




Table S5: Sample Missing Variable Status

	Missing Degree
	Definition
	Number of Cases
	Percentage

	Mild Missing
	Missing 1-2 items of examination
	54
	26.6%

	Moderate Missing
	Missing 3-5 items of examination
	76
	37.4%

	Severe Missing
	Missing 6 or more items of examination
	73
	36.0%

	Total
	
	203
	100%
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