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A Multi-Head Cross Attention—-based Skin Lesion Classification
Model Exploiting Multimodal Data
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Abstract

In this paper, we propose a skin lesion classification model utilizing multimodal data. For accurate diagnosis of
skin lesions, we combined lesion images, lesion mask images, and metadata, and applied a multi-head cross-attention
mechanism. We conducted model training and classification experiments using 26,526 data points and 5 skin lesion
classes compiled from the International Skin Imaging Collaboration dataset. Our proposed model showed an
improvement of 2.5 percentage points in accuracy and 2.7 percentage points in F1-Score compared to single models.
Additionally, analysis of the Receiver Operating Characteristic curve indicated that the proposed model achieved an
average Area Under the Curve value of over 0.98 for each class, confirming its effectiveness in skin lesion
classification. This suggests that more accurate skin lesion classification is possible by combining multimodal data.
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Fig. 1. Example images for each class in the dataset
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Table 1. Composition of the experimental dataset

No. Skin lesion class Num of images
0 Melanocytic nevi 11,027
1 Nevus 5,150
2 Benign keratosis-like 2370
3 Melanoma 4723
4 Basal cell carcinoma 3,256
Total 26,526
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Table 2. Detailed composition of metadata variables

No. Variables Component
0: 0-9, 1: 1019,
1 Ade 2: 20-29, 3: 30-39,
g 4 40-49, 5 50-50,
6: 6069, 7: 70-79, 8 =80
2 Sex 0: female, 1: male

Head and neck: head/neck,
scalp, ear, face, neck

Upper body: anterior torso,
chest, back, lateral torso,
posterior torso, torso, trunk

Lower body: lower extremity,
3 Skin lesion | oot

location

Extremities: upper extremity,
lower extremity, hand, foot,
palms/soles

Genital and oral: genital,
oral/genital

Special areas: abdomen, acral
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Table 5. Model performance based on multi-modal data and fusion methods
Method Meta data Mask image Accuracy Precision Recall | F1-Score
EfficientNet B3 + Combine Age, sex, skin Used 0.880 0882 | 080 | 0879
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attention combine lesion location
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Proposed model Age, sex, skin Used 0.894 0897 | 08% | 08%
lesion location
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