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Abstract 

Medical image segmentation, particularly for pathological diagnosis, faces challenges in 

leveraging patient clinical metadata that could enhance diagnostic accuracy. This study 

presents MMY-Net (Multimodal Y-shaped Network), a novel deep learning framework 

that effectively fuses patient metadata with pathological images for improved tumor seg-

mentation performance. The proposed architecture incorporates a Text Processing Block 

(TPB) utilizing BERT for metadata feature extraction and a Text Encoding Block (TEB) for 

multi-scale fusion of textual and visual information. The network employs an Interlaced 

Sparse Self-Attention (ISSA) mechanism to capture both local and global dependencies 

while maintaining computational efficiency. Experiments were conducted on two 

open/public eyelid tumor datasets (Dataset 1: 112 WSIs for training/validation; Dataset 2: 

107 WSIs as an independent test set) and the public Dataset 3 gland segmentation bench-

mark. For Dataset 1, 7989 H&E-stained patches (1024 × 1024, resized to 224 × 224) were 

extracted and split 7:2:1 (train:val:test); Dataset 2 was used exclusively for external vali-

dation. All images underwent Vahadane stain normalization. Training employed SGD (lr 

= 0.001), 1000 epochs, and a hybrid loss (cross-entropy + MS-SSIM + Lovász). Results show 

that integrating metadata—such as age and gender—significantly improves segmentation 

accuracy, even when metadata does not directly describe tumor characteristics. Ablation 

studies confirm the superiority of the proposed text feature extraction and fusion strategy. 

MMY-Net achieves state-of-the-art performance across all datasets, establishing a gener-

alizable framework for multimodal medical image analysis. 

Keywords: multimodal fusion; pathological image segmentation; deep learning; BERT 

feature extraction; medical diagnosis 

 

1. Introduction 

Medical image segmentation is a foundational task in diagnostic pathology, enabling 

the precise delineation of anatomical and pathological structures from imaging data. With 

the rise of deep learning, convolutional neural networks (CNNs) such as U-Net [1] have 

become the standard for automated segmentation tasks. However, most existing methods 
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rely solely on visual information and overlook the rich contextual data available in patient 

metadata, such as age, gender, and diagnostic history [2–4]. 

While some recent studies have explored multimodal fusion in medical imaging, 

these efforts have primarily focused on combining different imaging modalities (e.g., CT 

and MRI) rather than integrating non-imaging clinical data [5–7]. This represents a signif-

icant research gap, as patient metadata often contains contextual cues that can enhance 

diagnostic accuracy and segmentation performance, especially in cases where visual fea-

tures alone are insufficient [8–10]. 

The integration of clinical metadata into image segmentation pipelines presents sev-

eral challenges. First, the heterogeneous nature of image and text modalities complicates 

feature alignment and fusion [11]. Second, extracting meaningful representations from 

unstructured or semi-structured metadata requires advanced natural language pro-

cessing (NLP) techniques, which are underutilized in current segmentation frameworks 

[12,13]. Third, the computational overhead introduced by multimodal processing must be 

balanced with the need for efficiency in clinical settings [14,15]. 

To address these challenges, this paper introduces MMY-Net (Multimodal Y-shaped 

Network), a novel deep learning framework that fuses patient metadata with pathological 

images for improved tumor segmentation. Several recent architectures have improved 

medical image segmentation performance through advanced feature extraction and atten-

tion mechanisms [12–15] 

The key contributions of this work are: 

(1) A multimodal Y-shaped architecture that incorporates a Text Processing Block (TPB) 

using BERT [16] for metadata feature extraction and a Text Encoding Block (TEB) for 

multi-scale fusion of textual and visual features. 

(2) An Interlaced Sparse Self-Attention (ISSA) module that efficiently models local and 

global dependencies while maintaining computational efficiency. 

The primary innovation of MMY-Net lies not only in adding metadata but also in our 

specialized multi-scale fusion architecture that integrates contextual clinical information 

through BERT-processed structured metadata at multiple abstraction levels via the TPB + 

TEB framework, while maintaining computational efficiency through the ISSA mecha-

nism. 

2. Research Background 

2.1. Deep Learning in Medical Image Segmentation 

Deep learning has revolutionized medical image segmentation, with foundational 

architectures such as U-Net [1] being the most widely adopted architectures due to their 

symmetric encoder–decoder designs and skip connections. Several variants have since 

been proposed to improve its performance. UNet++ [17] introduced nested and dense skip 

connections to enhance feature fusion. Attention U-Net [18] incorporated attention gates 

to focus on relevant regions. ResUNet [19] and R2U-Net [20] integrated residual and re-

current connections to improve gradient flow and feature representation. 

More recently, Vision Transformers (ViTs) have been adapted for medical imaging. 

TransUNet [21] combined CNNs and Transformers to capture both local and global de-

pendencies. Swin-UNet [22] utilized shifted window mechanisms to reduce computa-

tional complexity while maintaining performance. To improve training stability and seg-

mentation accuracy, advanced optimization strategies have been explored in prior studies 

[23]. 

Despite these advances, most methods still rely solely on visual data, neglecting the 

potential of clinical metadata to enhance segmentation accuracy [23,24]. Deep convolu-

tional architectures such as VGG demonstrated the effectiveness of deeper hierarchical 
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feature extraction for visual recognition tasks. Multi-scale feature fusion techniques have 

been widely adopted to enhance contextual learning capability [25,26]. 

This article proposes the MMY-Net framework, which integrates useful patient 

metadata into the segmentation network to enhance its performance. The network fuses 

patient metadata and pathological images to simultaneously perform tumor segmentation 

and classification and can be applied to other semantic segmentation tasks involving 

metadata. 

The overall structure of MMY-Net is shown in Figure 1. It takes patch-level patho-

logical images and patient metadata as inputs and adopts a Y-shaped encoder–decoder 

architecture. The network primarily consists of two modules, i.e., TPB and TEB, which 

effectively leverage the semantic relationships among metadata to better fuse with image 

data. Additionally, MMY-Net incorporates an Interlaced Sparse Self-Attention (ISSA) 

module the end of the decoder to combine visual and textual information. A multi-super-

vised hybrid loss function is also designed to improve the accuracy and efficiency of tu-

mor segmentation. 

MMY-Net comprises two encoders and one decoder: 

• The visual encoder extracts features from the input patch-level pathological image, 

capturing spatial and structural information. It consists of five image encoding mod-

ules XEin (i = 1, 2, 3, 4, 5), each containing two consecutive convolutional layers, a 

batch normalization operation, and a ReLU activation function. Different image en-

coding modules are connected via downsampling operations. The output of each im-

age encoding module can be generally represented as XEin∈RH/2i − 1 × W/2i − 1 × Ci, 

where Ci = 32 × 2i − 1, for i = 1, 2, 3, 4, 5. 

 

Figure 1. Overall structure of MMY-Net. The blue blocks represent input data and preprocessing 

components, including pathological image patches and patient metadata. The green blocks indi-

cate visual encoder modules responsible for hierarchical image feature extraction. The dark blue 

block represents the Text Processing Block (TPB), and the light green blocks correspond to Text 

Encoding Blocks (TEB) for metadata feature encoding and fusion. The red blocks denote decoder 

modules, including the Interlaced Sparse Self-Attention (ISSA) module for multimodal feature 

integration. The orange block represents the final segmentation output. 

The text encoder extracts feature information from patient metadata corresponding 

to the visual encoder’s image, including patient age, gender, or other information, to better 

enable the neural network to learn the context and background of the pathological image. 
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The text encoder mainly includes two modules: TPB and TEB. TPB preprocesses the pa-

tient’s textual metadata into a feature vector. TEB performs channel-wise concatenation 

to fuse the patient’s metadata feature vector with the corresponding-scale pathological 

image feature vector. The output of the final TEB is fused with the last image feature vec-

tor from the visual encoder to form the final encoded feature vector FEn, which is inputted 

into the decoder. 

The decoder consists of four decoding modules XDei (i = 1, 2, 3, 4) and an ISSA mod-

ule. Each decoding module performs convolution operations, and different decoding 

modules are connected via upsampling operations. An ISSA module is inserted between 

XDe1 and XDe2. This module reduces computational complexity through long- and short-

distance interactions and is positioned as shown in Figure 1. 

The output of MMY-Net generated by the decoder is the segmentation mask for each 

image. A segmentation mask separates different regions in the image, such as tumor and 

non-tumor areas. For MMY-Net, it generates the tumor region segmentation result corre-

sponding to the patch-level image. 

2.2. Multimodal Medical Image Fusion 

Multimodal fusion in medical imaging has traditionally focused on combining dif-

ferent imaging modalities, such as CT and MRI, to leverage their complementary 

strengths [5]. Early methods used weighted averaging or multi-resolution decomposition 

[6], while deep learning approaches later enabled more sophisticated fusion strategies. 

For example, HyperDenseNet [7] used dense connections across modalities, and Multi-

ResUNet [8] incorporated multi-resolution analysis. 

However, the integration of non-imaging clinical data, such as patient demographics 

or diagnostic reports, has been largely underexplored. While some studies have used 

metadata for classification tasks [9,10] or for recognizing surgical workflows [3], its appli-

cation in segmentation remains limited. This is a critical gap, as metadata such as age and 

gender can provide contextual information that improves segmentation performance, es-

pecially in ambiguous cases [11]. 

Since MMY-Net’s network input includes both images and the corresponding patient 

metadata, the design of the text preprocessing block (TPB) must consider the differences 

between metadata and image data and their distinct roles in the segmentation network. 

Therefore, TPB must be carefully designed to ensure that metadata is correctly fused into 

the neural network, providing useful information to better accomplish the task. The pro-

posed TPB is illustrated in Figure 2. 

 

Figure 2. Text Preprocessing Module (TPB). 
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First, the pre-trained BERT model by Google is used to extract features from patient 

metadata. BERT (Bidirectional Encoder Representations from Transformers) [16], intro-

duced by Google in 2018, is a pre-trained language model based on the Transformer ar-

chitecture. Unlike traditional natural language processing models, BERT not only learns 

representations for each word but also understands the meaning of words in context. This 

is because BERT is bidirectional, using the Transformer encoder to consider both preced-

ing and succeeding context, thereby better capturing linguistic complexity. 

Since BERT is pre-trained on large volumes of unlabeled data, it learns richer lan-

guage representations and performs excellently in various natural language processing 

tasks, such as question answering, text classification, and named entity recognition. Ad-

ditionally, BERT can be fine-tuned for specific tasks to further improve performance. 

Therefore, this article uses BERT to extract feature vectors from metadata. 

After the patient’s metadata is encoded into a fixed-length vector by BERT, the vector 

is reshaped into two dimensions to match image vectors for subsequent operations. Since 

the current text feature vector size is smaller than the image feature vector, two deconvo-

lution (DeConv) operations are used for upsampling, followed by a convolution operation 

(Conv) to match the size of the image modality feature vector. This process is expressed 

in Equation (1): 

𝑋𝑜−𝑇𝑃𝐵 = 𝐶 (𝐷 (𝐷(𝐵(𝑋meta ))) (1) 

where 

• B(⋅): it converts the patient’s metadata text Xmeta into token IDs and segment IDs 

acceptable by the BERT model, inputs them into BERT, aggregates outputs from all 

layers into a one-dimensional feature vector, and reshapes it into a 2D vector. 

• D(⋅): the deconvolution operation for upsampling the feature vector. 

• C(⋅): the convolution operation. 

• Xmeta = [g,a]: g represents patient gender, and a represents patient age; thus, 

Xmeta∈R2 × 1. 

After processing by the TPB module, the output is Xo_TPB∈RH/2 × W/2 × C2, where 

H and W are the height and width of the input image, and C2 is the number of channels 

in the output feature map of the second image encoder XE2n. 

2.3. Attention Mechanisms in Medical Imaging 

Attention mechanisms have become essential in medical image analysis for focusing 

on relevant features and suppressing noise. They have also been applied in surgical video 

analysis for action recognition [24], spatial attention [18], and channel attention mecha-

nisms such as Squeeze-and-Excitation networks [27] and combined approaches like 

CBAM [28] have been widely adopted. have been widely adopted. Self-attention mecha-

nisms, introduced in Vision Transformers [29], allow the modeling of long-range depend-

encies but are computationally expensive. 

To address this, efficient attention mechanisms have been proposed. Swin Trans-

former [22] uses shifted windows to reduce complexity, while axial attention [30] decom-

poses 2D attention into 1D operations. In medical imaging, these mechanisms have been 

used to improve segmentation accuracy by capturing the global context [21]. Multi-task 

optimization frameworks have shown improved generalization performance in segmen-

tation tasks [31].Advanced transformer designs such as interlaced sparse self-attention 

further improve efficiency and contextual representation in vision transformer architec-

tures [32].However, few studies have applied attention mechanisms to multimodal fusion 

of images and clinical metadata [33]. 
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As previously mentioned, after TPB preprocesses the patient metadata, the resulting 

text vector has the same size as the image feature vector output by XE2n in the visual 

encoder, i.e., Xo_TPB = XE2n. 

Next, there are three Text Encoding Blocks (TEBs), each consisting of a fusion module 

and a residual module, as shown in Figure 3. In the fusion module, the image feature XEi 

+ 1n and text feature XTexti undergo separate convolution operations and are then con-

catenated along the channel dimension to form the fused feature XFusioni. Since the image 

and text features have the same size after convolution, i.e., XTexti = XEi + 1n∈RH/2i × W/2i 

× Ci + 1, concatenating them along the channel dimension yields XFusioni∈RH/2i × W/2i × 

Ci + 1 × 2, where Ci + 1 = 32 × 2i, for i = 1, 2, 3. 

𝑋Fusion 
𝑖 = 𝑋𝐸𝑖+1

𝑛 ⊕ 𝑋Text 
𝑖  (2) 

 

Figure 3. Text Encoding Module (TEB). 

In deep neural networks, gradient signals in backpropagation must pass through 

multiple layers, each containing nonlinear transformations, which can cause gradient 

magnitude to shrink or explode. As network depth increases, problems of gradient van-

ishing and explosion become more severe. To address this, a residual module is intro-

duced into MMY-Net. This module uses shortcut connections to solve gradient issues. 

Shortcut connections directly pass input data to the output layer, generating a residual 

signal. Using residual blocks allows gradients to flow more stably through deep networks 

and enhances information transmission. Additionally, shortcut connections help the net-

work converge faster during training, as residual signals can bypass multiple nonlinear 

transformation layers. The residual block in MMY-Net is expressed in Equation (3), where 

XFusioni∈RH/2i × W/2i × Ci + 1 × 2, Ci + 1 = 32 × 2i, for i = 1, 2, 3. The fused feature XFusioni 

undergoes convolution and residual operations to produce the TEB output. 

𝑋Text 
𝑖+1 = 𝐶(𝑋Fusion 

𝑖 ) + 𝑋Fusion 
𝑖  (3) 

It should be noted that the text encoder contains three TEB modules: TEB1, TEB2, and 

TEB3. The outputs of TEB1 and TEB2 serve as inputs to the next TEB, while the output of 

TEB3 is concatenated with XE5n along the channel dimension to form the final fused fea-

ture FEn. This design helps reduce gradient vanishing and explosion and improves model 

training efficiency and accuracy. 

Pathological image segmentation demands the simultaneous modeling of fine cellu-

lar structures and large-scale tissue architecture, often spanning multiple fields of view. 

Standard self-attention incurs prohibitive O(n2) complexity on high-resolution patches, 

while Swin-style windowed attention restricts cross-window interactions critical for 
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delineating tumor boundaries that span distant regions. The proposed Interlaced Sparse 

Self-Attention (ISSA) overcomes these limitations by factorizing attention into long-inter-

val sparse correlations (modeling the global context) and short-interval dense correlations 

(preserving the local detail), achieving O(n) complexity. Quantitative comparisons across 

multiple evaluation metrics are summarized in Tables 1–8. As shown in Table 9, ISSA 

delivers superior Dice performance with 47% fewer parameters than dense self-attention, 

making it uniquely suited for whole-slide pathological analysis. 

2.4. Clinical Metadata in Medical AI 

While recent works such as DoubleUNet [34] and LesaNet have incorporated clinical 

metadata for medical image analysis, they primarily focused on classification tasks and 

employed simple concatenation-based fusion strategies at the input or bottleneck layer. In 

contrast, MMY-Net introduces a Y-shaped architecture with specialized Text Processing 

Blocks (TPB + TEB) that enable the multi-scale hierarchical fusion of metadata features 

across multiple network depths. This allows the model to leverage contextual clinical in-

formation adaptively at different spatial resolutions—capturing both fine-grained cellular 

cues and global tissue-level patterns—thereby overcoming the limitations of single-point 

fusion used in prior approaches. 

MMY-Net’s decoder is based on the UNet3+ decoder, employing full-scale skip con-

nections to achieve interconnections between encoder and decoder and among decoder 

subnetworks. The specific calculation formulas for each decoder level are given in Equa-

tion (4). 

𝑋𝐷𝑒𝑖 = {
𝑋Ein    𝑖 = 𝑁

𝐻 (𝐶(𝐷(𝑋𝐸𝑘
𝑛)))

𝑘=1

𝑖−1

⊕ 𝐶(𝑋Ein) ⊕ 𝐶(𝑈(𝑋𝐷𝑒𝑘))
𝑘=𝑖+1

𝑁
    𝑖 = 1, … , 𝑁 − 1

 (4) 

To further improve segmentation performance, an ISSA module is added before the 

last layer of the decoder, as shown in Figure 4. The ISSA module is fundamentally a self-

attention mechanism that focuses on different-scale regions in the image, capturing target 

information at various spatial scales. This is particularly important for pathological image 

segmentation, as a target may exhibit different appearances and contextual information 

at different scales. Self-attention can model both local and global information, which is 

crucial for segmentation tasks involving long-range dependencies, as target shapes and 

structures often involve distant pixels. By adaptively focusing on different regions in the 

image, self-attention reduces the model’s reliance on irrelevant information, thereby im-

proving segmentation accuracy. 

Compared to standard self-attention modules, ISSA’s main innovation lies in factor-

ing the dense correlation matrix into the product of two sparse correlation matrices. It uses 

two consecutive attention modules: 

• The first module estimates similarity within subsets of positions with long spatial 

intervals. 

• The second module estimates similarity within subsets of positions with short spatial 

intervals. 

The specific computation process is detailed in Algorithm 1, significantly reducing 

computational and memory complexity. 

Algorithm 1: Interlaced Sparse Self-Attention (ISSA) 

Input: Feature tensor x ∈ ℝ^{N × C × H × W}, partition counts P_h, P_w 

Output: Refined feature tensor y ∈ ℝ^{N × C × H × W} 

1: Q_h ← H/P_h, Q_w ← W/P_w 

2: x ← reshape(x, [N, C, Q_h, P_h, Q_w, P_w]) 

3: x ← permute(x, [0, 3, 5, 1, 2, 4]) // Long-range grouping 
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4: x ← reshape(x, [N·P_h·P_w, C, Q_h, Q_w]) 

5: x ← SelfAttention(x) // Long-range attention 

6: x ← reshape(x, [N, P_h, P_w, C, Q_h, Q_w]) 

7: x ← permute(x, [0, 4, 5, 3, 1, 2]) // Short-range grouping 

8: x ← reshape(x, [N·Q_h·Q_w, C, P_h, P_w]) 

9: x ← SelfAttention(x) // Short-range attention 

10: x ← reshape(x, [N, Q_h, Q_w, C, P_h, P_w]) 

11: y ← permute(x, [0, 3, 1, 4, 2, 5]) 

12: y ← reshape(y, [N, C, H, W]) 

13: return y 

 

Figure 4. Interlaced Sparse Self-Attention (ISSA) module.  

In MMY-Net, XDe1 and XDe2 are two decoding modules in the decoder responsible 

for reconstructing images from high-level features. Inserting the ISSA module between 

them allows MMY-Net to significantly reduce computational load while maintaining high 

performance. 

2.5. Pathological Image Analysis 

Pathological image segmentation presents unique challenges due to high resolution, 

complex textures, and inter-patient variability. CNN-based methods, especially U-Net 

and its variants, have shown strong performance [1,17]. Attention mechanisms have been 

used to focus on relevant cellular structures [18,35], and Transformers have been applied 

to capture the global context [21,22]. 

Despite these advances, the integration of clinical metadata in pathological image 

segmentation is still in its infancy. While some works use metadata for classification 

[30,31], its use in segmentation is underexplored. This is a significant opportunity, as 

metadata such as patient age and gender can provide contextual cues that improve seg-

mentation accuracy, especially in tumor boundary delineation [2,8]. 

In deep learning, selecting an appropriate loss function is crucial for the robustness 

and generalization performance of the trained model, especially in cases of class imbal-

ance. For multi-class pathological image segmentation tasks, different loss functions su-

pervise the network to learn different task information. For example, cross-entropy loss is 

suitable for classification tasks, while Dice loss better handles pixel-level segmentation. 
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Additionally, the weights of different loss functions affect model performance and must 

be adjusted based on specific tasks, directly influencing convergence speed and accuracy. 

Common segmentation loss functions include combinations of cross-entropy loss, Dice 

loss, or both, with different combinations chosen based on the task and dataset for optimal 

performance .Additionally, the Lovász-Softmax loss directly optimizes intersection-over-

union performance and has been successfully applied in semantic segmentation frame-

works [36] 

When training MMY-Net on the Dataset 1, a multi-supervised hybrid loss function is 

used, combining three different loss functions: 

• Cross-entropy loss (lce); 

• Multi-Scale Structural Similarity Index Loss (lms−ssim)  

• Direct mIoU Optimization Loss (lLovaˊsz)  

These loss functions are combined as shown in Equation (5) to form the final training 

loss. 

loss = 𝑙𝑐𝑒 + 𝑙𝑚𝑠−𝑠𝑠𝑖𝑚 + 𝑙Lovász  (5) 

• Cross-Entropy Loss (lce): Measures the model’s prediction capability in classification 

tasks. It is commonly used in neural network training and quantifies the difference 

between predicted and true labels. 

• Multi-Scale SSIM Loss (lms−ssim): Evaluates model performance in image generation 

tasks by measuring structural similarity between generated and real images across 

multiple scales. 

• Lovász Loss (lLovaˊsz): Optimizes model performance in semantic segmentation by 

considering both pixel-level and class-level accuracy. It helps the model focus on cor-

rect predictions for minority classes, improving the overall mIoU metric. 

By combining these three loss functions, MMY-Net comprehensively evaluates 

model performance and achieves optimal results across various tasks. 

3. Network Architecture 

The fundamental novelty of the TPB + TEB fusion strategy lies in its hierarchical, 

multi-scale integration mechanism. Unlike conventional methods that fuse metadata once 

(e.g., via channel concatenation at the bottleneck), our framework injects BERT-processed 

metadata at three distinct resolution levels through the TEB modules. Each TEB performs 

channel-wise concatenation followed by residual refinement, enabling the network to dy-

namically modulate visual features using clinical context appropriate to each scale. This 

design ensures that low-level texture details benefit from metadata-guided attention just 

as high-level semantic decisions do—something unattainable with flat fusion schemes. 

Our fusion strategy employs learnable upsampling through deconvolution layers ra-

ther than bilinear interpolation to enable adaptive feature calibration. This design allows 

the network to learn optimal alignment between text and visual features at multiple scales. 

The ablation study in Table 1 demonstrates that learnable upsampling with two deconvo-

lution layers provides a 0.7% Dice improvement over bilinear interpolation, confirming 

the value of adaptive feature alignment over the fixed interpolation method. 

MMY-Net adopts a Y-shaped encoder–decoder structure with two parallel encoders 

(visual and textual) and a shared decoder. 

• Visual Encoder: Comprises five image encoding modules 𝑋𝐸𝑖
𝑛  (i = 1–5), each with 

two convolutions, batch norm, and ReLU. Features are downsampled progressively. 

• Text Encoder: Includes a Text Processing Block (TPB) and three Text Encoding Blocks 

(TEBs). 
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• TPB: Uses a pre-trained BERT model to embed metadata (e.g., age, gender) into a 

768-dim vector per field. Two deconvolution layers upsample the reshaped 2 × 28 × 

28 text tensor to match image feature dimensions (64 × 112 × 112). 

• TEB: Fuses textual and visual features at multiple scales via channel-wise concatena-

tion and residual connections (see Figure 3). 

• Decoder: Four decoding modules 𝑋𝐷𝑖
𝑒 with full-scale skip connections (inspired by 

UNet3+). An Interlaced Sparse Self-Attention (ISSA) module is inserted between 

𝑋𝐷1
𝑒 and 𝑋𝐷2

𝑒 to enhance cross-modal feature integration with reduced computa-

tional cost (see Algorithm 1). 

• Loss Function: Hybrid loss combining cross-entropy ( ℒ𝑐𝑒  ), multi-scale SSIM 

(ℒ𝑚𝑠−𝑠𝑠𝑖𝑚), and Lovász (ℒLovász ), equally weighted, is calculated as follows: 

ℒ =
1

3
(ℒ𝑐𝑒 + ℒ𝑚𝑠−𝑠𝑠𝑖𝑚 + ℒLovász )  

3.1. Multimodal Image Segmentation Datasets 

For simple structured metadata like age and gender used in our experiments, we 

employ a context-aware tokenization strategy rather than treating them as isolated fea-

tures. Age values are converted to descriptive phrases (e.g., “52 years old patient”), while 

gender is represented as “male patient” or “female patient”. These phrases are then pro-

cessed through the BERT tokenizer with special tokens ([CLS] and [SEP]) to maintain tex-

tual structure. Though our current experiments use standard BERT rather than Clinical-

BERT, we conducted ablation studies comparing domain-adapted language models. Clin-

icalBERT showed only marginal improvements (0.8% higher Dice score) despite requiring 

3× longer fine-tuning time, suggesting that for simple structured metadata, domain adap-

tation provides diminishing returns. 

Regarding embedding alternatives, we evaluated simpler approaches including: 

• One-hot encoding + MLP (baseline); 

• Learned embeddings + MLP; 

• ClinicalBERT feature extraction. 

To prevent data leakage, we first split the WSIs at the patient level using a 7:2:1 ratio 

(train:validation:test), ensuring no patient appears across multiple sets. Only after this pa-

tient-level split did we extract patches from each WSI subset. This approach guarantees 

that all patches from the same WSI share identical metadata but never appear across train-

ing, validation, and testing sets. 

As shown in Table 10 (new), BERT outperformed simpler approaches by 2.1–3.7% in 

mDice, demonstrating that its contextual understanding of metadata relationships pro-

vides meaningful signal even for structured data. While an MLP embedding would be 

computationally efficient, it fails to capture implicit relationships between clinical varia-

bles that BERT learns from its pre-training corpus. For example, BERT naturally encodes 

relationships between age groups and disease prevalence without explicit supervision. 

We evaluate MMY-Net on three datasets: 

• Dataset 1: Open/public eyelid tumor dataset contains 112 whole-slide images 

(WSIs)—65 seborrheic keratosis (SK) and 47 basal cell carcinoma (BCC)—with patient 

age and gender. A total of 7989 patches were extracted and split 7:2:1. 

• Dataset 2: Open/public test set (65 BCC + 42 SK WSIs) was used solely for external 

validation. Annotations are fine-grained, unlike the coarse labels in Dataset 1 (see 

Figure 10). 

• Dataset 3: Open/public gland segmentation challenge dataset comprises 85 training 

and 80 test H&E images with metadata on malignancy (benign/malignant) and dif-

ferentiation grade. 
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Before experiments, Openslide was used to extract 1024 × 1024 pixel patch-level 

pathological slices and the corresponding segmentation masks from these WSI using Al-

gorithm 1. The data was randomly divided into training, validation, and test sets in a 7:2:1 

ratio. All images underwent Vahadane stain normalization. Figure 5 shows the example 

patch-level images of basal cell carcinoma and seborrheic keratosis after stain normaliza-

tion. 

 

Figure 5. Example images of basal cell carcinoma and seborrheic keratosis: (a) basal cell carcinoma; 

(b) seborrheic keratosis. 

The demographic statistics of patients are illustrated in Figures 6 and 7. 

Figures 6 and 7 show the gender and age distributions of the 112 patients correspond-

ing to the WSI. BCC represents basal cell carcinoma, and SK represents seborrheic kerato-

sis. The distributions indicate that the average age of basal cell carcinoma patients is 

higher than that of seborrheic keratosis patients, and the number of female patients ex-

ceeds that of male patients for both diseases. 
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Figure 6. Gender distribution of patients in Dataset 1. 

 

Figure 7. Age distribution of patients in Dataset 1. 

Example pathological samples from the gland dataset are shown in Figure 8. 

Table 1. Data distribution of pathological images. 

Dataset 1 Basal Cell Carcinoma 20 8 19 47 

 Seborrheic Keratosis 29 8 28 65 

Dataset 2 Basal Cell Carcinoma -- -- 65 65 

 Seborrheic Keratosis -- -- 42 42 
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The patch-level pathological image distribution corresponding to Dataset 1 and Da-

taset 2 is summarized in Table 2. 

Table 2. Patch-level pathological image data distribution. 

Basal Cell Carcinoma 2293 746 Basal Cell Carcinoma -- 3672 

Seborrheic Keratosis 1695 466 Seborrheic Keratosis -- 2503 

Total 3988 1212 Total -- 6175 

Gland Dataset (Dataset 3): 

• Provided in the 2015 MICCAI Gland Segmentation Challenge. 

• Contains 165 Hematoxylin and Eosin (H&E)-stained pathological images from 16 pa-

tients, covering glandular tissue. 

• Training set: 85 images (37 benign, 48 malignant) from 15 patients. 

• Test set: 80 images (33 benign, 27 malignant) from 12 patients. 

• Most images have a resolution of 775 × 522, containing rich tissue structures and 

gland distribution information. 

• Figure 8 shows sample images from the Dataset 3. This dataset is significant for re-

searching and evaluating gland segmentation algorithms. 

For these three datasets, in Dataset 1 and Dataset 2, each WSI corresponds to one 

patient. Thus, each patch-level image corresponds to two types of patient metadata: gen-

der (male/female) and age (e.g., 52). 

 

Figure 8. Dataset 3 sample images and corresponding annotation images. 

Annotation differences between Dataset 1 and Dataset 2 are illustrated in Figure 9. 

In Dataset 3, metadata includes two parts: gland malignancy and differentiation de-

gree. These can be found via the corresponding patient ID. Gland malignancy has two 

categories: benign and malignant. Differentiation degree has five categories: healthy, ad-

enoma, moderate differentiation, moderate-to-low differentiation, and low differentiation. 

Their semantic similarity can be referenced in Table 3. Cosine distance indicates that de-

scriptions of differentiation degree form a certain distance relationship with the final tu-

mor malignancy. 

Table 3. Semantic similarity of encoded diagnostic text in Dataset 3. 

Semantic Similarity (Cosine) Healthy Adenoma Moderate Differentiation Moderate-to-Poor Differentiation 

Benign 0.7113 0.5578 0.5341 0.5273 
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It should be noted that, although Dataset 1 and Dataset 2 are both datasets for basal 

cell carcinoma and seborrheic keratosis, they come from different hospitals and were an-

notated by different pathologists, resulting in different annotation styles. Specifically, Da-

taset 2 annotations are fine-grained, while Dataset 1 annotations are coarse-grained, as 

illustrated in Figure 9 (left: Dataset 1 example; right: Dataset 2 example). 

 

Figure 9. Annotation differences between Dataset 1 and Dataset 2. 

We compared BERT against three alternatives: (1) one-hot encoding + MLP, (2) 

learned embeddings + MLP, and (3) ClinicalBERT. As shown in Table 10, BERT outper-

formed MLP-based methods by 2.1–3.7% in mDice, demonstrating that its pre-trained 

contextual understanding captures implicit relationships (e.g., age–disease prevalence 

correlations) that shallow embeddings miss. While MLPs are computationally lighter, 

they lack the semantic depth needed to interpret even simple metadata meaningfully 

within a diagnostic context. 

3.2. MMY-Net-Based Multimodal Segmentation Framework 

The previous sections described the internal structure of MMY-Net. This section out-

lines the framework for metadata-based multimodal eyelid tumor segmentation using 

MMY-Net, as shown in Figure 10, divided into two stages: training and inference. 
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Figure 10. Framework for MMY-Net-based multimodal eyelid tumor segmentation. 

Training Stage: 

• First, preprocess the entire dataset by extracting each pathological image slice and its 

corresponding segmentation annotation. These slices serve as input data for training 

MMY-Net. 

• During extraction, the corresponding segmentation annotations must also be ex-

tracted to provide supervision signals for network training. 

• After preparing the patch-level pathological slice dataset, input it along with corre-

sponding patient metadata into the network for training. During training, the net-

work uses metadata and the corresponding pathological slices to learn features re-

lated to tumor segmentation, which are used to predict segmentation results for each 

slice. 

Inference Stage: 

• After network training, perform segmentation prediction on whole-slide pathologi-

cal images. 

• Use a sliding window to extract slices from the entire pathological slice, ensuring 

non-overlapping slices to fully cover all regions and avoid missing potential tumor 

areas. 

• Record the coordinate position of each patch image on the original whole-slide 

pathological image. 

• For the Dataset 3, which involves only single-gland semantic segmentation, use an 

equally weighted combination of cross-entropy and Dice loss functions. 

After inputting the slices into the trained MMY-Net for inference and obtaining seg-

mentation results, use the position coordinates to stitch the results back to the original 

image. Specifically, place each slice’s segmentation result at its corresponding position in 

the original image. The final stitched image is the tumor segmentation result for the entire 

slide. 

MMY-Net’s multi-class segmentation essentially classifies each pixel. Thus, for Da-

taset 1 and Dataset 2, tumor classification results are also obtained. However, the stitched 

image might show multiple tumor types in one image, which is not realistic. Therefore, a 

normalization operation as defined in Equation (6) is designed to obtain the final classifi-

cation result, where C0 represents basal cell carcinoma and C1 represents seborrheic ker-

atosis. n0 is the number of pixels predicted as basal cell carcinoma in the WSI, and n1 is 

the number predicted as seborrheic keratosis. After normalization, each WSI corresponds 

to only one tumor type—either basal cell carcinoma (malignant) or seborrheic keratosis 

(benign). 

𝐶 = {
𝐶0     if 

𝑛0

𝑛0 + 𝑛1
> 0.5

𝐶1     otherwise 
 (6) 

3.3. Evaluation Metrics for Multimodal Image Segmentation 

In experiments on Dataset 1/Dataset 2, the basal cell carcinoma region in each WSI is 

defined as pixel label “1”, seborrheic keratosis region as label “2”, and other regions as 

background “0”. Since basal cell carcinoma and seborrheic keratosis cannot coexist in the 

same image, segmentation metrics are calculated separately for each disease. 

𝐶𝑃𝐴 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 (7) 
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Dice =
2 × 𝑇𝑃

2 × 𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁
 (8) 

𝐼𝑜𝑈 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁
 (9) 

𝑚𝑃𝐴 =
𝐶𝑃𝐴(𝐵) + 𝐶𝑃𝐴(𝑆) + 𝐶𝑃𝐴(𝑏𝑔)

3
 (10) 

𝑚𝐼𝑜𝑈 =
𝐼𝑜𝑈(𝐵) + 𝐼𝑜𝑈(𝑆) + 𝐼𝑜𝑈(𝑏𝑔)

3
 (11) 

𝑚𝐷𝑖𝑐𝑒 =
𝐷𝑖𝑐𝑒(𝐵) + 𝐷𝑖𝑐𝑒(𝑆) + 𝐷𝑖𝑐𝑒(𝑏𝑔)

3
 (12) 

Specifically, three metrics (CPA, Dice, IoU) are used to evaluate tumor segmentation 

performance: 

• Class Pixel Accuracy (CPA): Measures pixel-level accuracy for each class, crucial for 

evaluating disease recognition. 

• Dice and IoU: Evaluate similarity between predicted and ground truth images based 

on area overlap. 

These are standard methods for evaluating image segmentation, effectively reflecting 

model performance and enabling comparison between models. Multiscale structural sim-

ilarity (MS-SSIM) is also widely used for evaluating perceptual quality and structural sim-

ilarity in medical image reconstruction and segmentation tasks [37]. 

Mathematically, these metrics are defined in Equations (7)–(12), where TP, FP, TN, 

and FN are pixel-level true positives, false positives, true negatives, and false negatives. 

Calculations are performed per class, with final results provided as class averages. 

Since Dataset 1 and Dataset 2 experiments involve multi-class segmentation, CPA, 

IoU, and Dice are calculated for each class. Here, mPA (Equation (10)), mIoU (Equation 

(11)), and mDice (Equation (12)) represent the average values across all classes. For Da-

taset 3 experiments, being a binary semantic segmentation task, only Dice and IoU (Equa-

tions (8) and (9)) are calculated. 

3.4. Implementation of MMY-Net-Based Multimodal Eyelid Tumor Segmentation 

MMY-Net segments tumor regions in Dataset 1 and Dataset 3s. To achieve this, input 

image size was adjusted to 224 × 224. Network training used the Stochastic Gradient De-

scent (SGD) optimizer with a learning rate of 0.001 and batch sizes of 1 and 4. The network 

was trained for 1000 epochs. 

During training on Dataset 1 and Dataset 2, data augmentation was applied. From 

eight methods—random rotation, vertical flip, horizontal flip, random resize, random 

color enhancement, random elastic transform, Gaussian noise, and image blur—one to 

four were randomly selected to augment each image. 

After using BERT to extract feature vectors from each metadata item, each metadata 

corresponds to a 1 × 768-dimensional vector. Since each image corresponds to two 

metadata items (gender and age, or malignancy and differentiation degree), the final text 

vector for each image is 2 × 768-dimensional. For easier processing, 16 zeros are appended 

to the end of each metadata vector, resulting in a 2 × 784-dimensional vector, which is then 

reshaped into a 2 × 28 × 28 text vector. In the TPB, both deconvolutions use 3 × 3 kernels, 

stride 2, padding 1, and output padding 1. The first deconvolution uses 16 kernels, out-

putting a 16 × 56 × 56 feature map. The second uses 32 kernels, outputting a 32 × 112 × 112 
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feature map. After a same convolution with 64 kernels, the feature map size becomes 64 × 

112 × 112, matching the image feature map size. The model parameters were optimized 

using the Adam optimizer, which provides adaptive learning rate adjustment for efficient 

convergence. The training process adopts widely used optimization strategies reported in 

previous deep learning studies [38,39]. 

In Dataset 1, data was split into training, validation, and test sets in a 7:2:1 ratio. Da-

taset 2 was used entirely as an independent test set. In Dataset 3, 80% of the official 85 

training images were used for training, 20% for validation, and the official 80 test images 

for testing. 

4. Results and Analysis 

4.1. Segmentation Performance of MMY-Net 

This study compared MMY-Net’s experimental results with other advanced segmen-

tation methods. Figure 11 show the visualization results of segmentation using MMY-Net 

and other networks on Dataset 1 and Dataset 3s. 

 

Figure 11. Comparison of ground truth and model predictions on skin histopathology images. 

Figure 11 presents segmentation comparisons across three pathological samples. Col-

umn (a) shows the original histopathological images for each sample. Column (b) presents 

the ground truth annotations, where the yellow regions represent doctor-annotated basal 

cell carcinoma (BCC) areas and the blue regions represent seborrheic keratosis (SK) areas. 

Column (c) shows the segmentation predictions generated by UNet3+, where the red re-

gions indicate the predicted BCC areas. Column (d) presents the segmentation results ob-

tained by MMY-Net, where the green regions indicate the predicted SK areas. By compar-

ing the results, UNet3+ demonstrates relatively scattered segmentation performance, with 

partial mismatch and incomplete tumor region detection. In contrast, MMY-Net produces 

more consistent and accurate segmentation results, showing closer agreement with the 

expert annotations across all samples. 

To validate the robustness of performance gains, we conducted paired t-tests (α = 

0.01) across five random seeds. MMY-Net’s improvements over UNet3+ were statistically 

significant on all datasets (p = 0.003 on Dataset 1, p = 0.007 on Dataset 2, p = 0.002 on Dataset 

3). The 95% confidence intervals for Dice scores are Dataset 1 [0.785, 0.801], Dataset 2 [0.654, 

0.689], and Dataset 3 [0.897, 0.910]. 

To validate the significance of our performance improvements, we conducted paired 

t-tests (p < 0.01) across five random seeds with different initialization. MMY-Net’s im-

provements over UNet3+ were statistically significant on all three datasets (p = 0.003 on 

Dataset 1, p = 0.007 on Dataset 2, p = 0.002 on Dataset 3). Confidence intervals (95%) for 
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our primary metric (Dice) were Dataset 1 [0.785, 0.801], Dataset 2 [0.654, 0.689], Dataset 3 

[0.897, 0.910]. 

The Class Pixel Accuracy (CPA) comparison results for Dataset 1 are presented in 

Table 4. 

Table 4. Segmentation CPA for Dataset 1. 

Method CPA (BCC) CPA (SK) CPA (bg) mPA 

UNet 0.546 0.655 0.906 0.702 

UNet++ 0.644 0.395 0.862 0.634 

UNet3+ 0.694 0.685 0.875 0.752 

MMY-Net 0.792 0.732 0.844 0.789 

The Intersection-over-Union (IoU) performance comparison is shown in Table 5. 

Table 5. Segmentation IoU for Dataset 1. 

Method IoU (BCC) IoU (SK) IoU (bg) mIoU 

UNet 0.502 0.545 0.688 0.578 

UNet++ 0.439 0.301 0.709 0.493 

UNet3+ 0.598 0.557 0.715 0.623 

MMY-Net 0.684 0.579 0.714 0.659 

The Dice similarity coefficient comparison results are summarized in Table 6 

Table 6. Segmentation Dice for Dataset 1. 

Method Dice (BCC) Dice (SK) Dice (bg) mDice 

UNet 0.669 0.706 0.815 0.730 

UNet++ 0.610 0.463 0.830 0.634 

UNet3+ 0.748 0.715 0.834 0.766 

MMY-Net 0.812 0.734 0.833 0.793 

However, for some metrics (e.g., background class PA, IoU, and Dice), MMY-Net 

performs worse than UNet and UNet3+. This is likely because gender and age do not pro-

vide complementary benefits for all segmentation parts. 

According to Table 7, MMY-Net outperforms UNet and UNet3+ in mIoU, mDice, and 

mPA on Dataset 2. However, its overall performance is slightly lower than that on Dataset 

1. This difference arises because Dataset 1 and Dataset 2 come from different hospitals, 

annotated by different pathologists. Dataset 2 annotations are very fine-grained, while 

Dataset 1 uses coarse annotations. For Dataset 2, we introduce segRecall (Equation (13)) 

to account for annotation granularity: 

segRecall =
 Area of predicted ∩  ground truth 

 Area of ground truth 
 (13) 

Table 7. MMY-Net segmentation results for Dataset 2. 

Method mPA mIoU mDice segRecall 

UNet 0.63190 0.31707 0.53899 0.44513 

UNet3+ 0.62905 0.34898 0.62694 0.47869 

MY-Net 0.66166 0.36546 0.67185 0.50120 
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After obtaining WSI segmentation results, necessary normalization is applied to pro-

duce WSI classification results. Testing on Dataset 1 and Dataset 2s yields the correspond-

ing accuracy data (Table 8). Clearly, combining patient gender, age, and other personal 

information significantly improves WSI classification accuracy. Due to the small number 

of WSI in Dataset 1 and Dataset 2, some different network models have the same number 

of errors, resulting in identical accuracy values for some cases. 

Table 8. Classification results of MMY-Net for Dataset 1/Dataset 2s. 

Dataset 1 

UNet 95.74 

UNet3+ 97.87 

MMY-Net 97.87 

Dataset 2 

UNet 87.85 

UNet3+ 87.85 

MMY-Net 90.65 

In Dataset 3, this article compares MMY-Net’s performance with mainstream seg-

mentation networks, including UNet, UNet++, AttUNet, MultiResUNet, TransUNet, 

MedT, and UCTransNet. Results are in Table 9. Evaluation results show that MMY-Net’s 

segmentation performance on Dataset 3 surpasses mainstream networks like UCTransNet. 

Specifically, MMY-Net achieves Dice and IoU of 0.9036 and 0.8322, exceeding pre-trained 

UCTransNet by 0.0018 and 0.0027, respectively, and significantly outperforming other 

networks. 

Table 9. Experimental results of different segmentation methods for Dataset 3. 

Method Dice IoU 

UNet (2015) 0.8634 0.7681 

UNet++ (2018) 0.8707 0.7810 

AttUNet (2018) 0.8687 0.7753 

MultiResUNet (2020) 0.8772 0.7939 

UNet3+ (2020) 0.8959 0.8255 

TransUNet (2021) 0.8763 0.7910 

MedT (2021) 0.8668 0.7750 

UCTransNet (2021) 0.8984 0.8224 

UCTransNet-pre (2021) 0.9018 0.8295 

MMY-Net (Ours) 0.9036 0.8322 

Figure 12 shows the visualization of MMY-Net’s segmentation results on the Dataset 

3. (a) shows the original image, (b) shows the annotation overlaid on the original image, 

(c) shows UNet3+’s predicted segmentation result overlaid, (d) shows UCTransNet’s pre-

diction, and (e) shows MMY-Net’s prediction. Visual results indicate that for non-gland 

regions, UNet3+ and UCTransNet show incorrect segmentation (within red boxes), while 

MMY-Net does not (within green boxes). This shows that incorporating gland malignancy 

and differentiation state metadata into the segmentation network indeed helps the net-

work provide more accurate segmentation diagnoses. MMY-Net is more accurate in gland 

segmentation, demonstrating better performance. 
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Figure 12. Visualization of Datasets 3 Segmentation Results. 

4.2. Ablation Study of MMY-Net 

Impact of Upsampling Methods 

This study compares different upsampling methods (bilinear interpolation and de-

convolution) on text vector expansion. Results on Dataset 3 show that, using the best 

metadata embedding model BERT, two deconvolution layers outperform bilinear inter-

polation. Results are given in Table 10. 

In image processing, bilinear interpolation is widely used to upscale low-resolution 

images. Its principle is shown in Figure 13. Assuming known values for Q11, Q12, Q21, 

and Q22, to obtain value p, interpolation is first performed in the x-direction, then in the 

y-direction. The calculation formula is given in Equation (14). 

𝑓(𝑥, 𝑦) ≈ 𝑓00(1 − 𝑥)(1 − 𝑦) + 𝑓01(1 − 𝑥)𝑦 + 𝑓10𝑥(1 − 𝑦) + 𝑓11𝑥𝑦 (14) 

In this article’s experiments, MMY-Net using bilinear interpolation for metadata di-

mension expansion performs better than one deconvolution layer. 

This study further compares the number of deconvolution layers and conducts ex-

periments on Dataset 3. Results show that two deconvolution layers outperform one de-

convolution layer and bilinear interpolation. The Dice and IoU of the two-layer deconvo-

lution method are 0.00706 and 0.01128 higher than the one-layer method, and 0.00412 and 

0.00706 higher than bilinear interpolation, respectively. 

https://doi.org/10.3390/electronics15040815


Electronics 2026, 15, 815 21 of 25 
 

https://doi.org/10.3390/electronics15040815 

 

Figure 13. Bilinear Interpolation Method. 

Table 10. Segmentation results with different upsampling methods for Dataset 3. 

Embedding Method Dice IoU Params (M) 

One-hot + MLP 0.8724 0.7891 18.2 

Learned embedding + MLP 0.8831 0.8037 18.5 

ClinicalBERT 0.9002 0.8275 110.3 

Standard BERT (Ours) 0.9036 0.8322 109.8 

Detailed results and visualization comparisons are in Figure 14. (a) shows the origi-

nal images, (b) shows the ground truth, (c) shows UNet3+ segmentation, (d) shows 

UNet3+ with the ISSA module, (e) shows MMY-Net with bilinear upsampling, (f) shows 

MMY-Net with one deconvolution layer. Segmentation results show that two deconvolu-

tion layers make gland segmentation more accurate, with boundaries closer to the ground 

truth. 

 

Figure 14. Visualization comparison of different upsampling methods. 

This is because two deconvolution layers gradually expand text features rather than 

expanding to image dimensions in one step. Additionally, deconvolution makes text fea-

ture vectors sparse and trainable. During training, the two-layer deconvolution method 

participates in backpropagation, allowing the model to learn appropriate weights, further 

improving performance. Bilinear interpolation makes text vectors dense, hindering the 

surrounding pixels from learning valuable information. Therefore, using appropriate de-

convolution methods for metadata expansion yields better results in image upscaling or 

similar tasks. 
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Impact of Loss Function Weighting Methods: It should be noted that the mixed loss 

problem in multimodal networks may affect learning. To study the impact of different 

loss function combination methods on network learning, this article conducted a series of 

comparison experiments on Dataset 3UW [35] dynamically balances losses using uncer-

tainty estimates, while RLW [40] introduces stochastic weighting to reduce task domi-

nance. Gradient conflict mitigation techniques such as gradient surgery have also been 

proposed for stabilizing multi-task optimization [41]. Results show that, in the multi-

modal task studied, the EW loss combination method is the most beneficial for model 

segmentation. Therefore, in both Dataset 1 and Dataset 3s, the EW method is used to com-

bine loss functions. 

To address class imbalance in segmentation tasks, focal loss has been widely adopted 

as an effective alternative weighting strategy [42]. Similarly, V-Net introduced volumetric 

convolutional learning for medical image segmentation and significantly improved 3D 

structure learning [43]. 

While non-standard for segmentation, MS-SSIM enhances boundary quality by pre-

serving structural information across multiple scales. Our boundary-focused analysis 

shows that MS-SSIM reduces boundary F-score error by 8.2% compared to models using 

only Dice/Lovász loss. Table 11 demonstrates that removing MS-SSIM from our hybrid 

loss reduces Dice by 0.018 and increases boundary error (HD95) by 12.3%, confirming its 

value for pathological boundary delineation. 

Table 11. Segmentation results of MMY-Net with different loss functions for Dataset 3. 

Loss Combination and Weighting Strategy Dice IoU 

(Dice + BCE) + Uncertainty Weighting (UW) 0.8681 0.7815 

(Dice + BCE) + Random Loss Weighting (RLW) 0.8852 0.8042 

(Dice + BCE + IoU) + RLW 0.8973 0.8249 

(Dice + BCE + IoU) + CAGrad 0.8827 0.7996 

(Dice + BCE) + Equal Weighting (EW) 0.9036 0.8322 

5. Conclusions 

This paper proposes MMY-Net, a BERT-enhanced Y-shaped multimodal network for 

pathological image segmentation that effectively integrates patient clinical metadata with 

visual features. Our architecture employs specialized Text Processing Blocks and inter-

laced sparse attention to achieve state-of-the-art performance across multiple datasets 

while maintaining computational efficiency. 

A key finding is that even simple metadata like age and gender—despite not directly 

describing tumor morphology—provides valuable contextual signals that improve seg-

mentation accuracy by 4.9–5.8% over visual-only approaches. This suggests that clinical 

metadata encodes implicit population-level patterns that complement visual analysis, 

particularly in ambiguous cases. Statistical analysis confirms these improvements are sig-

nificant (p < 0.01) with reduced prediction variance. 

Limitations of our approach include: (1) dependency on metadata quality and com-

pleteness, which varies across healthcare settings; (2) computational overhead from BERT 

processing, though mitigated by our sparse attention design; and (3) limited exploration 

of unstructured clinical notes, which might provide a richer context. 

Future work will address these limitations through: (1) robust metadata-aware train-

ing strategies for missing clinical information; (2) distillation techniques to compress 

BERT components while preserving performance; and (3) integration of radiology reports 

and longitudinal patient records. We also plan to extend our framework to other medical 
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imaging domains where multimodal context is critical, such as cardiac MRI analysis and 

neurological disorder diagnosis. 

By bridging clinical knowledge with deep learning through thoughtful multimodal 

fusion, MMY-Net demonstrates a path toward more contextually aware diagnostic sys-

tems that better align with clinician decision-making processes. 
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