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Supplementary Material

Preoperative multimodal artificial intelligence for differentiating gallbladder polypoid lesion subtypes and guiding cholecystectomy decisions

Supplementary Methods

1. Contrast Limited Adaptive Histogram Equalization (CLAHE) Enhancement

Conventional global histogram equalization tends to over-amplify background noise, resulting in the loss of fine structural details. To address this limitation, we incorporated CLAHE as a key feature-enhancement step in the preprocessing pipeline. The core mechanism of CLAHE is based on localized enhancement combined with noise suppression, and consists of the following components:

Tiling: ROI is partitioned into non-overlapping tiles. Within each tile, a local gray-level histogram is computed independently. This strategy enables the enhancement process to adapt to spatially varying illumination and contrast, which is particularly important for ultrasound images that simultaneously contain hyperechoic gallbladder walls and hypoechoic polypoid lesions.

Contrast Limiting: To prevent excessive amplification of noise in homogeneous regions, histogram clipping is applied prior to computing the cumulative distribution function. Pixel counts exceeding a predefined threshold (clip limit = 2.0) are redistributed uniformly across the histogram.

Bilinear Interpolation: To mitigate blocking artifacts at tile boundaries, bilinear interpolation is employed to smoothly blend the mapping functions of adjacent tiles, thereby reconstructing a continuous and visually natural enhanced image.

Following CLAHE processing, fine intralesional structures as well as spiculated or irregular lesion margins are markedly enhanced. This results in higher-quality input data that facilitate the extraction of highly discriminative features by CNNs.

2. Dual-expert validated segmentation reference standard

Initial lesion annotation was performed by an attending radiologist with five years of clinical experience in diagnostic ultrasound, a level indicating completion of standardized training and proficiency in identifying standard imaging planes and lesion boundaries. Using the open-source medical image segmentation tool ITK-SNAP (http://www.itksnap.org/), the radiologist manually delineated the lesion ROI on a frame-by-frame basis. An explicit instruction was followed to include both the polyp body and its attachment base to the gallbladder wall. Subsequently, all annotations underwent blinded review by a senior ultrasound expert with more than 15 years of experience. Without access to pathological results, the expert performed quality control of the segmentation boundaries. In cases where boundary ambiguity arose from side-lobe artifacts or other imaging effects, and where the deviation of the initial annotation exceeded approximately 1 mm, corrections were applied.

3. GB-DualmodalNet architecture: a dual-stream design optimized for small-sample learning

3.1 Visual encoder
The baseline visual backbone is VGG16. Although architectures such as ResNet, DenseNet, and Vision Transformer (ViT) have demonstrated strong performance on natural image benchmarks such as ImageNet, VGG16 was selected for the present study based on the specific characteristics of the task and dataset. ViTs lack the inherent translation invariance and locality biases of convolutional neural networks and therefore rely heavily on extremely large datasets to learn such properties. In medical imaging scenarios with only a few hundred samples, ViTs are prone to overfitting or unstable convergence. In contrast, the purely convolutional structure of VGG16 enforces a strong locality bias, encouraging the model to focus on local texture patterns. This inductive bias confers high feature extraction efficiency and training stability in small-sample settings, making VGG16 well suited as a visual backbone. Compared with parameter-heavy models such as ResNet-101 or DenseNet-121, VGG16 has a relatively simple and transparent architecture. When combined with Dropout and L2 regularization, it demonstrates superior generalization on limited medical datasets relative to more complex models. For network fine-tuning, the last three fully connected layers of VGG16 were removed, retaining the network up to block5_conv3. After five max-pooling operations, the output feature map has a spatial resolution of 7×7×512. A subsequent 1×1 convolution reduces the channel dimension to 256, yielding the visual feature representation .

3.2 Text encoder
Clinical prompts are typically short, containing approximately 30–50 tokens. Directly deploying a 12-layer BERT-Base model with 110 million parameters would introduce substantial parameter redundancy. To address this, we designed a lightweight text encoder termed the Medical Nano-Transformer. This architecture is deliberately compact: it consists of four Transformer encoder layers, which are sufficient to capture syntactic dependencies in short texts; the hidden dimension is set to 256 to align with the visual feature channels. Specifically, the embedding layer of the Nano-Transformer directly loads the corresponding weights pretrained on large biomedical corpora. For the encoder layers, a truncated initialization scheme is applied, in which the parameters of the first four layers of PubMedBERT are reused. This strategy endows the lightweight model with an initial capacity to understand domain-specific terms such as “adenoma” and “hyperechoic,” substantially accelerating convergence on small datasets. The embedding corresponding to the [CLS] token is extracted as the global clinical context feature, denoted as .

3.3 Cross-modal attention fusion module
The core component of GB-DualmodalNet is an asymmetric cross-modal attention module designed to emulate the cognitive process by which clinicians interpret imaging findings in the context of specific clinical questions. In the mathematical formulation of this mechanism, the three attention components are defined across modalities. The Query (Q) is derived from the visual features Fv. The 7×7 feature map is flattened into 49 visual tokens, each representing information captured at a specific spatial location in the image. The Key (K) and Value (V) are derived from the textual feature ​, which encodes clinical prior knowledge such as “elderly high-risk patient.” This asymmetric design enables clinical semantics to guide the weighting and interpretation of visual features, forming the basis for deep cross-modal alignment. The attention weight at each spatial location is computed as
,
where  denotes the visual feature vector at spatial position , and the dot product  measures the semantic similarity between local visual features and the global clinical description. The Sigmoid activation function σ maps the result to the interval (0,1). This formulation has a clear interpretive meaning: when the clinical prompt includes a term such as “broad-based,” and the image region at  exhibits textural patterns consistent with basal infiltration, the dot product increases, driving  toward 1. Conversely, regions corresponding to irrelevant background (e.g., normal gallbladder wall) are automatically down-weighted.
Final feature fusion is implemented using a residual gating mechanism
,
where ⊙ denotes element-wise multiplication. Under this design, the original visual features  are fully preserved, while features that are highly aligned with the clinical description are selectively amplified by the attention map. In effect, the clinical text guides the visual model to prioritize regions that are consistent with the pathological narrative.

4. Training protocol and evaluation

Training was performed on 8 NVIDIA RTX 3090 GPUs. A stratified 70:30 patient-level split was applied so that class proportions in the training and test sets matched the overall cohort distribution. To address class imbalance, class weights were computed as total_count / (count_c × num_classes) and applied in a class-weighted cross-entropy loss. Optimization used AdamW with an initial learning rate of 1×10⁻⁶ and a weight decay of 1×10⁻⁴. Learning-rate scheduling followed ReduceLROnPlateau, monitoring validation AUC and reducing the learning rate by a factor of 0.5 when performance plateaued. Early stopping used the same criterion with a patience of 30 epochs. Models were trained for up to 100 epochs with a batch size of 16. Random seeds for Python, NumPy, and PyTorch were set to 42.



Supplementary Table S1. Clinical variable–prompt mapping and embedded medical semantics.
	Clinical variable
	Original value or category
	Textual prompt
	Embedded medical context

	Age
	< 50 years
	“Young patient”
	Lower cumulative burden of somatic mutations, corresponding to a relatively lower baseline risk of malignant transformation.

	
	≥ 50 years
	“Elderly patient”
	Age-related decline in immune surveillance, associated with a higher baseline risk of malignant transformation.

	Base
	Narrow base
	“Narrow-based sessile”
	Relatively limited attachment to the gallbladder wall, typically reflecting a less infiltrative growth pattern and more commonly associated with non-neoplastic or low-grade lesions.

	
	Broad base
	“Broad-based sessile”
	Wide attachment to the gallbladder wall, suggestive of sessile growth with an increased likelihood of adenomatous change or infiltrative behavior.

	
	Pedicle
	“Pedunculated morphology”
	Predominantly intraluminal growth pattern, more commonly observed in benign polyps.

	Echogenicity
	Low
	“Low echogenicity”
	Solid soft-tissue component indicating high cellular density, suggestive of neoplastic lesions.

	
	Medium
	“Medium echogenicity”
	Intermediate echogenicity reflecting mixed tissue composition, often observed in adenomatous polyps with variable cellular density and stromal components.

	
	Strong
	“Strong echogenicity”
	Typical acoustic feature of cholesterol crystal deposition.

	Number of polyps
	Single
	“Single lesion”
	Neoplastic lesions (adenoma or carcinoma) are more frequently solitary.

	
	Double
	“Double lesion”
	Presence of two discrete lesions, representing an intermediate pattern between solitary neoplasms and diffuse multifocal disease.

	
	Multiple
	“Multiple lesions”
	Cholesterol polyps are often multiple, reflecting underlying lipid metabolism disorders.

	Long diameter/ Short diameter
	Continuous value
	“Size [X] mm”
	Increasing lesion size is associated with a markedly increased risk of malignant transformation.



Supplementary Table S2. Univariate and multivariate analysis of clinical variables.
Cholesterol polyp vs adenoma.
	Variables
	Univariate analysis
	Multivariate analysis

	
	OR (95% CI)
	P value
	OR (95% CI)
	P value

	Sex
	
	
	
	

	    Female
	0.687 (0.461–1.024)
	0.065
	0.639 (0.385–1.059)
	0.082

	    Male
	Ref.
	.
	.
	.

	Age
	1.029 (1.014–1.044)
	<.001
	1.021 (1.003-1.040)
	0.023

	Long diameter
	1.184 (1.129–1.242)
	<.001
	1.042 (0.958-1.133)
	0.336

	Short diameter
	1.399 (1.285–1.523)
	<.001
	1.313 (1.134–1.52)
	<.001

	Wall thickening
	1.339 (1.036–1.731)
	0.026
	1.601 (1.151–2.225)
	0.005

	Polyp detection time
	0.996 (0.991–1.000)
	0.078
	1.001 (0.996–1.007)
	0.665

	Number of polyps
	
	
	
	

	Single
	3.387 (2.215–5.179)
	<.001
	2.979 (1.781–4.983)
	<.001

	Double
	1.506 (0.597–3.796)
	0.386
	1.786 (0.582–5.48)
	0.310

	Multiple
	Ref.
	.
	.
	.

	Base
	
	
	
	

	Pedicle
	0.678 (0.352–1.306)
	0.245
	1.286 (0.559–2.958)
	0.554

	Narrow
	0.203 (0.130–0.318)
	<.001
	0.313 (0.182–0.539)
	<.001

	Broad
	Ref.
	.
	.
	.

	Echogenicity
	
	
	
	

	Low
	2.271 (1.153–4.474)
	<.001
	1.256 (0.534–2.955)
	0.601

	Medium
	8.768 (3.834–20.054)
	<.001
	6.224 (2.077–18.652)
	0.001

	Strong
	Ref.
	.
	.
	.

	Polyp location
	
	
	
	

	Neck
	0.242 (0.072–0.820)
	0.023
	0.135 (0.027–0.677)
	0.015

	Body
	0.176 (0.060–0.520)
	0.002
	0.333 (0.082–1.361)
	0.126

	Bottom
	Ref.
	.
	.
	.


Cholesterol polyp vs gallbladder carcinoma.
	Variables
	Univariate analysis
	Multivariate analysis

	
	OR (95% CI)
	P value
	OR (95% CI)
	P value

	Sex
	
	
	
	

	    Female
	1.216 (0.654–2.261)
	0.537
	0.794 (0.329–1.918)
	0.609

	    Male
	Ref.
	.
	.
	.

	Age
	1.074 (1.050–1.099)
	<.001
	1.033 (1.001–1.065)
	0.040

	Long diameter
	1.360 (1.279–1.447)
	<.001
	1.162 (1.054–1.28)
	0.003

	Short diameter
	1.703 (1.534–1.890)
	<.001
	1.349 (1.135–1.603)
	0.001

	Wall thickening
	1.607 (1.118–2.310)
	0.010
	1.477 (0.834–2.617)
	0.182

	Polyp detection time
	0.970 (0.954–0.987)
	<.001
	0.991 (0.974–1.009)
	0.328

	Number of polyps
	
	
	
	

	Single
	4.355 (2.250–8.430)
	<.001
	2.148 (0.834–5.535)
	0.113

	Double
	2.120 (0.559–8.043)
	0.269
	0.647 (0.062–6.777)
	0.716

	Multiple
	Ref.
	.
	.
	.

	Base
	
	
	
	

	Narrow base
	0.196 (0.056–0.684)
	0.011
	0.536 (0.104–2.769)
	0.457

	Broad base
	0.077 (0.036–0.165)
	<.001
	0.101 (0.031–0.322)
	<.001

	Pedicle
	Ref.
	.
	.
	.

	Echogenicity
	
	
	
	

	Low
	8.257 (3.966–17.190)
	<.001
	2.374 (0.737–7.646)
	0.147

	Medium
	6.021 (1.852–19.573)
	0.003
	4.171 (0.845–20.591)
	0.080

	Strong
	Ref.
	.
	.
	.

	Polyp location
	
	
	
	

	Neck
	1.667 (0.173–16.023)
	0.658
	0.237 (0.015–3.804)
	0.309

	Body
	0.678 (0.077–5.961)
	0.726
	1.101 (0.087–14.013)
	0.941

	Bottom
	Ref.
	.
	.
	.


OR, odds ratio; CI, confidence interval; Ref indicates the reference category against which odds ratios were estimated.



Supplementary Table S3. Performance of backbone classifiers of whole-image branch or ROI-guided branch with unimodal ultrasound image input.
	Input
	Backbone Model
	AUC (95% CI)
	Accuracy
	Sensitivity
	Specificity
	PPV
	NPV
	F1 score

	Whole-image
	VGG16
	0.608 (0.524-0.678)
	0.487 
	0.364 
	0.682 
	0.389 
	0.682 
	0.369 

	
	VGG19
	0.571 (0.489-0.646)
	0.513 
	0.312 
	0.664 
	0.277 
	0.668 
	0.288 

	
	ResNet18
	0.554 (0.476-0.643)
	0.526 
	0.374 
	0.672 
	0.398 
	0.672 
	0.373 

	
	ResNet34
	0.579 (0.501-0.658)
	0.558 
	0.371 
	0.694 
	0.383 
	0.714 
	0.358 

	
	SwinT
	0.513 (0.420-0.597)
	0.539 
	0.388 
	0.686 
	0.378 
	0.698 
	0.368 

	
	ViT
	0.633 (0.557-0.704)
	0.526 
	0.399 
	0.707 
	0.445 
	0.708 
	0.411 

	
	DenseNet121
	0.580 (0.497-0.663)
	0.545 
	0.358 
	0.683 
	0.371 
	0.690 
	0.350 

	ROI-guided
	VGG16
	0.840 (0.787-0.890)
	0.662 
	0.657 
	0.810 
	0.625 
	0.789 
	0.635 

	
	VGG19
	0.829 (0.772-0.882)
	0.675 
	0.668 
	0.818 
	0.628 
	0.797 
	0.642 

	
	ResNet18
	0.801 (0.740-0.855)
	0.630 
	0.579 
	0.792 
	0.540 
	0.777 
	0.553 

	
	ResNet34
	0.766 (0.691-0.830)
	0.643 
	0.544 
	0.771 
	0.543 
	0.783 
	0.542 

	
	SwinT
	0.802 (0.742-0.855)
	0.623 
	0.620 
	0.787 
	0.565 
	0.765 
	0.583 

	
	ViT
	0.788 (0.728-0.840)
	0.630 
	0.537 
	0.765 
	0.553 
	0.772 
	0.544 

	
	DenseNet121
	0.740 (0.690-0.800)
	0.675 
	0.620 
	0.759 
	0.600 
	0.816 
	0.569 


AUC, receiver operating characteristic curve; CI, confidence interval; PPV, positive predictive value; NPV, negative predictive value; ROI, region of interest.


Supplementary Table S4. Performance comparison in the 10–15 mm gray-zone subgroup.
	Method
	True Positives
	False Positives
	Sensitivity
	Specificity
	Clinical Implication

	Size-based guideline (>10 mm)
	26 / 26
	22 / 22
	100%
	0%
	All large polyps recommended for surgery

	GB-DualmodalNet (proposed)
	26 / 26
	3 / 22
	100%
	86.4%
	Preserves cancer detection while reducing unnecessary surgery





Supplementary Table S5. Diagnostic performance of individual readers with and without AI assistance.
	Reader
	Condition
	Accuracy
	AUC (95% CI)
	Sensitivity
	Specificity
	F1-score

	Reader 1
	No AI
	0.669
	0.788 (0.731–0.840)
	91.9% (82.2%–97.3%)
	50.0% (39.4%–60.6%)
	0.691

	Reader 1
	AI-assisted
	0.799
	0.873 (0.830–0.915)
	96.8% (88.8%–99.6%)
	68.5% (58.0%–77.8%)
	0.795

	Reader 2
	No AI
	0.669
	0.773 (0.714–0.829)
	91.9% (82.2%–97.3%)
	50.0% (39.4%–60.6%)
	0.691

	Reader 2
	AI-assisted
	0.799
	0.858 (0.812–0.902)
	96.8% (88.8%–99.6%)
	68.5% (58.0%–77.8%)
	0.795


AI, artificial intelligence; AUC, receiver operating characteristic curve; CI, confidence interval.
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Supplementary Figure S1. (a) Training loss curves and accuracy curves of the nnU-Net v2 segmentation model in a 5-fold cross validation and (b) segmentation examples.
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Supplementary Figure S2. ROC curves of different classifier backbones in (a) whole-image and (b) ROI-guided unimodal models. TPR, true positive rate; FPR, false positive rate.


[image: ]
Supplementary Figure S3. Detailed performance of (a) VGG16, (b) VGG19, (c) ResNet18, (d) ResNet34, (e) SwinT, (f) ViT, (g) DenseNet121, in ROI-guided unimodal ultrasound image classification models.
[image: ]
Supplementary Figure S4. Comparison of ROC curves of different (a) fusion strategies and (b) subtypes. TPR, true positive rate; FPR, false positive rate.
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Supplementary Figure S5. Confusion matrices of (a) clinicians with and (b) without AI assistance. 
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