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Abstract

Malignant melanoma is a type of skin cancer
originating from melanocytes. To enhance the
accuracy of early diagnosis and improve patient
survival rates, this study focuses on predictive
methods for melanoma by integrating dermoscopic
images and non-image data (such as age, sex, lesion
location, and lesion features like pigment network and
streaks). The research evaluates single-modality deep
learning models for image data, four multimodal deep
learning architectures that combine image and non-
image data, multimodal deep ensemble learning
architectures, and multimodal architectures integrating
transfer learning with machine learning. The ISIC2018
dataset was used for model development and
evaluation, aiming for early prediction of melanoma
[1,2]. The results indicate that the multimodal deep
ensemble learning architecture, which integrates

dermoscopic images and non-image data, achieves the
best classification performance in the binary
classification task of melanoma. This approach
effectively improves the diagnostic accuracy
compared to using medical images alone. Multimodal
data processing architectures show significant
application potential in the field of medical
informatics.

Keywords : Dermoscopic Image Classification, Deep
Learning Models, Machine Learning Models,
Multimodal Architectures, Ensemble Learning
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Densnet201 1.000 0.697
EfficientnetV2B2 1.000 0.697
Resnet50 1.000 0.742
VGG16 1.000 0.742

%zﬁﬁﬁw‘ﬁﬁi%&#%mﬁﬁ R

2 R VAR | R
Densnet201 1.000 0.784
EfficientnetV2B2 0.845 0.782
Resnet50 1.000 0.768
VGG16 1.000 0.812
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[L1,1,1] 1.000 0.790
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[1,1,0,1] 1.000 0.796
[1,1,0,0] 1.000 0.784
[1,0,1,1] 1.000 0.784
[1,0,1,0] 0.954 0.720
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HistGBClassifier 1.000 0.784
XGBClassifier 1.000 0.762
GBClassifier 0.987 0.756
RBF SVM 0.877 0.754
Logistic Regression 0.884 0.751
Random Forest 1.000 0.739
Neural Net 1.000 0.725
DTBagging 0.978 0.720
Linear SVM 0.926 0.714
Nearest Neighbors 0.802 0.686
Decision Tree 1.000 0.639
Naive Bayes 0.629 0.569
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