Dataset and Preprocessing
We utilize a three-dimensional prostate MRI image dataset, which includes three modalities: T2-weighted imaging (T2WI), apparent diffusion coefficient (ADC), and diffusion-weighted imaging (DWI). All images are stored in NPZ format, with the data dimension of a single case being 3, D, H, W, where the channel order corresponds to T2WI, ADC, and DWI in sequence. The information of original MRI dataset is provided as supplementary table 1. All data have undergone the following processing procedures:
(1) Multimodal independent normalization:
Data of each modality are first scaled to the range [0,1] using min-max scaling to avoid division-by-zero errors, and then Z-score standardization is performed on non-background regions (signal values > 0). The formula is as follows:
[image: descript]
where the mask represents the region with signal values greater than 0. Finally, the values are clipped to [-3, 3] to limit the impact of extreme values.
(2) Three-dimensional scale unification:
Trilinear interpolation is used to resize all volume data to the target size of 32×128×128, ensuring spatial consistency of the input to the network. After processing, any existing NaN values are replaced with 0.
(3) Data augmentation strategies:
In the training phase, the same spatial transformations are applied to the three modalities to maintain feature consistency, including: Basic transformations: random horizontal/vertical flipping (with a probability of 50%), intensity perturbation (±10%, with a probability of 30%); Strong augmentation options (optional): rotation at 90° intervals (in the xy plane, with a probability of 30%), Gaussian noise injection (σ=0.03, with a probability of 20%), brightness/contrast adjustment (±10%, with a probability of 30%), and slight shearing transformation (factor ranging from -0.1 to 0.1, with a probability of 20%). After augmentation, two sets of transformed samples are generated for contrastive learning.

	Item
	Value

	Number of patients
	1044

	Imaging modalities
	T2WI，DWI (with ADC maps)

	Scanner/field strength
	3.0 T MRI systems (multiple vendors)

	MRI parameters
	Heterogeneous (multi-centric study)

	Image format
	NIfTI

	Label type
	Binary (Prostate Capsule Invasion Present / Absent)


Supplementary Table 1: Summary of the multi-institutional MRI dataset used for binary classification of prostate capsule invasion

Overview of the Proposed Framework
The framework is composed of four main stages: (A) the input-output processing pipeline, (B) the automated 3D prostate segmentation model, (C) the multimodal integration system for ECE classification, and (D) the triple-phase validation framework. The following sections provide a detailed description of each component.

Training of the Segmentation Model
The segmentation model was trained using a combination of private and public datasets. A total of 176 private ROI (Region of Interest) data samples were obtained and divided into five folders through 5-Fold Cross-Validation. Among them, Folder 1, Folder 2, Folder 3, and Folder 4 each contained 35 validation cases, while Folder 5 had 36 validation cases. Additionally, 78 public ROI data samples from QIN-Prostate-Repeatability and Medical Segmentation Decathlon were collected for model training.
Initially, four nnU-Net2 models were trained using the data from Folder 1 to Folder 4. After training, cases with a Dice similarity coefficient (DSC) greater than 0.85 were selected from these four folders, resulting in 98 private ROI data samples. These selected private data samples were then merged with the 78 public ROI data samples to form a merged dataset of 176 ROI data samples. A new nnU-Net2 model was trained using this merged dataset.
Subsequently, the model trained on the merged dataset was used to process the data in Folder 5. Cases with a DSC greater than 0.85 were selected from Folder 5, obtaining 28 private ROI data samples. Meanwhile, another nnU-Net2 model was trained using the data in Folder 5, and cases with a DSC greater than 0.85 were selected from this training process, resulting in 22 private ROI data samples.
Finally, the 28 private ROI data samples selected from Folder 5 and the 22 private ROI data samples obtained from the separate training of Folder 5 were combined. It was observed that the model performance was improved by 80.56% through this data combination and selection process, and the final nnU-Net2 model was formed. 

Network Architecture Design
We propose M3A-Net (Multi-Modal 3D Attention Network), an end-to-end deep learning framework specifically designed for multi-modal prostate MRI data. Its primary goal is to enable cross-modal feature learning and adaptive fusion of 3D medical images. Through a modular design, this architecture effectively captures complementary information among different sequence images, providing accurate feature representation and decision support for prostate disease diagnosis.
The architecture comprises the following key components:
(1) Modal Feature Encoder. For the three modalities (T2WI, ADC, and DWI), the model is equipped with an independent 3D residual encoding network for each modality. It extracts spatial structural features and deep semantic information of each modality layer by layer through multi-stage convolution operations. The network incorporates a squeeze-and-excitation (SE) attention mechanism, which can adaptively enhance feature components critical to the classification task. Ultimately, it outputs a high-level feature vector with a dimension of 2048 for each input 3D volume data, achieving effective condensation of key information from each modality.
(2) Intra-Modal Attention Mechanism. For the high-level features extracted by the encoder for each modality, the model is designed with a corresponding intra-modal attention module for feature optimization.
(3) Multi-Modal Fusion Layer. The three modality features weighted by attention are concatenated into a unified high-dimensional feature vector, enabling effective integration of multi-modal information. This fusion strategy preserves the unique features of each modality while promoting the synergy of complementary information between different modalities.
(4) Dual Output Head Structure. The fused features are processed through two parallel output heads: The classification head, composed of fully connected layers and activation functions, is responsible for outputting the predicted probability of disease diagnosis. The projection head maps the features to a low-dimensional space through two layers of linear transformation, which is used for contrastive learning to enhance the robustness and discriminability of the features.

Modal Feature Encoder
The modal feature encoder is the core component of M3A-Net for capturing modality-specific information. Independent 3D residual encoding networks are designed respectively for the three prostate MRI sequences (T2WI, ADC, and DWI). Each encoder is built based on the SEResNet101 architecture, and realizes the progressive extraction from original 3D images to high-level semantic features through the combination of multi-stage convolution operations and the Squeeze-and-Excitation (SE) attention mechanism.
Specifically, each modal encoder consists of 2 core modules, whose structures are as follows:
(1) Initial convolution layer: A convolution kernel with a stride of 2 and a size of 3×3×3 is used to perform preliminary feature extraction on the input single-modal 3D volume (with a shape of [1, D, H, W]), generating 64-dimensional feature maps.
(2) Stacked residual blocks: Each group of residual blocks is composed of two 3D convolution layers, and uses skip connections to alleviate the gradient vanishing problem in deep networks. Among them, the first group of residual blocks contains 3 units, outputting feature maps with a dimension of 256; the second group contains 4 units, with the output dimension increased to 512; the third group contains 23 units, and the feature dimension is further expanded to 1024; the last group contains 3 units, finally outputting 2048-dimensional high-level feature maps, thus completing the transformation from original images to deep semantic features.
Intra-Modal Attention Mechanism
To further optimize the feature representation of each modality, M3A-Net is equipped with an independent intra-modal attention module after each modal feature encoder. By dynamically learning channel importance weights, it enhances task-relevant feature components while suppressing noise and redundant information. The specific implementation process is as follows:
Global information aggregation: Adaptive average pooling is used to compress the 3D feature maps output by the encoder into channel-level statistics, capturing the global response of each channel.
Attention weight learning: A channel attention map is constructed through a two-layer fully connected network, with the formula as follows:
[image: descript]
where[image: descript] and [image: descript]are the weight matrices of the first and second fully connected networks, respectively; [image: descript]represents the global statistic of the c-th channel;[image: descript] and denotes the attention weight of the c-th channel.
Feature reweighting: The learned attention weights are multiplied with the original feature maps channel by channel to achieve dynamic feature selection:
[image: descript]
where [image: descript]denotes the original feature map of the c-th channel output by the encoder, [image: descript]is the attention weight of the c-th channel calculated by Formula X, and[image: descript] represents the c-th channel feature map after attention weighting.

Multi-Modal Fusion Layer
The multi-modal fusion layer is responsible for integrating the attention-optimized features of T2WI, ADC, and DWI, and achieving the collaborative expression of cross-modal information through feature concatenation and high-dimensional mapping. The specific implementation process is as follows:
Feature aggregation: Condensing the high-level features of the three modalities into a unified representation. Specifically, for the 3D feature maps of each modality optimized by the attention module, spatial dimension compression is first performed through global average pooling, converting the feature map of each modality into a 1D vector with a dimension of 2048. This process preserves the channel-level semantic information of each modality's features while eliminating integration obstacles caused by differences in spatial dimensions. Subsequently, the three 2048-dimensional vectors corresponding to T2WI, ADC, and DWI are concatenated along the channel dimension to form a joint feature vector with a dimension of 6144, realizing the initial integration of multi-modal information. The feature aggregation process can be expressed as:
[image: descript]
where [image: descript], [image: descript]and[image: descript]are the pooled feature vectors of T2WI, ADC, and DWI modalities respectively; [image: descript] denotes the concatenation operation along the channel dimension; and [image: descript]is the fused high-dimensional feature vector.
Dual-output head mapping: The fused feature vector completes feature mapping through a dual-output head structure:
Classification head: Focusing on the disease diagnosis task, the classification head uses a single-layer fully connected network to directly map the 6144-dimensional fused features to the target class space, outputting inactivated logits values to provide a basis for subsequent probability calculation. Its mapping relationship is:
[image: descript]
where [image: descript] and [image: descript] are the weight matrix and bias term of the classification head, respectively, and [image: descript] is the raw output of the classification task.
Projection head: The projection head is used for the contrastive learning task, mapping the fused features to a 128-dimensional latent space through two layers of linear transformation. The first layer of transformation compresses the 6144-dimensional features to 512 dimensions and introduces non-linearity via the ReLU activation function. The second layer of transformation further compresses the features to 128 dimensions, forming a low-dimensional representation suitable for contrastive learning. Its mapping relationship is:
[image: descript]
where [image: descript] and [image: descript] are the weight matrices of the two layers of linear transformation, respectively; [image: descript] and [image: descript] are the corresponding bias terms; [image: descript]denotes the ReLU activation function; and [image: descript] is the low-dimensional feature vector used for contrastive learning.
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