
Figure 2. Exemplary images from the testing set with predicted masks overlaid. Their 

computational concepts, predicted expert concepts, final classification, and ground 

truth status are displayed. 

Artificial intelligence (AI) assistance has been shown to enhance the 
diagnostic capabilities of physician users. Human-AI collaboration, where 
both the AI model and physician contribute to decision making, represents 
one of the most promising paradigms for clinical adoption of medical AI. One 
way to facilitate collaboration is with concept bottleneck models (CBM) a 
type of neural network design in which intermediate representations are 
aligned with human-understandable concepts [1]. 

We hypothesize that deterministic, computational definitions of clinical 
concepts provide complementary information to physician-defined 
concepts, and that combining the two may improve diagnostic performance. 
We demonstrate this approach on dermoscopic skin cancer classification 
using the ABCD criteria: Asymmetry (A), Border (B), Color (C), and Differential 
structures (D) as defined by the International Society of Dermoscopy [2,3]. 
The ABCD criteria are clinically used for malignancy determination and the 
decision to biopsy.

Introduction

Collaborative Mixing of Clinical Concept Sources for Explainable 
Malignancy Prediction in Dermoscopy

Arianna Bunnell1,2, Samuel Yang1,2, Eujin Cho3, Thomas K. Wolfgruber1, Kevin Cassel1, John A. Shepherd1, and Peter Sadowski2
1University of Hawaiʻi Cancer Center, 2University of Hawaiʻi at Mānoa, 3Research Corporation of the University of Hawaiʻi

JABSOM Biomedical Sciences Symposium, April 24, 2026 | Honolulu, Hawaiʻi

This presentation is the intellectual property of the author/presenter. Contact them at abunnell@hawaii.edu for permission to reprint and/or distribute.

CoMiC is a CBM [1] developed on publicly-available dermascopy data with 
new labels in which each concept in the bottleneck layer is a mixture with a 
learned weighting. Fig 1. illustrates the architecture. CoMiC produces a 
segmentation mask, expert-predicted ABCD concepts, ABC computational 
concepts, and a final probability of malignancy. The mixture MLP predicts 
expert weights per concept/example pair. Computational concept definitions 
from the literature are used for the concept algorithms [4-6]. The mixed ABC 
concept scores and optional unexplainable concept are passed to the cancer 
MLP and a final probability of malignancy is computed. No computational 
definition exists for D, thus 𝜆𝐷 ≔ 1. 
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InterventionFigure 1. CoMiC architecture diagram. 

Dermoscopy images and lesion masks were collected from the 
International Skin Imaging Collaboration (ISIC) challenge images from 
2016-2020 [7-12] and the PH2 dataset [13]. ISIC was supplemented with 
masks from [14]. A random sample of 4,000 ISIC images were annotated 
with the ABCD criteria by a dermatologist with 17 years of clinical 
experience. A total of 8,116 images from ISIC and PH2 are included. Of 
these, 1,920 images have complete mask/ABCD/malignancy labels, 
1,952 have ABCD/malignancy labels, 2,471 have mask labels only, and 
1,773 have mask/malignancy labels. 
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We propose a new AI model that provides interpretable predictions in terms of clinical concepts with minimal loss 
of performance. In experiments, we demonstrate it’s use on a skin cancer prediction task. Furthermore, we 
demonstrate for the first time that the combination of expert-defined and computationally-derived concepts may 
increase diagnostic task performance in concept bottleneck models from clinical lexica.

Conclusion

Data were randomly split into training (70%), validation (10%), and 
testing (20%), with no images shared between splits at any training 
stage. Model hyperparameters were systematically optimized over 40 
independent trials. The final model was chosen based on performance 
on the validation set.  CoMiC segmented skin lesions (Stage 1) with Dice 
Similarity Coefficient 0.89 on the unseen test set. For the expert-labeled 
concept prediction task (Stage 2), the model performs with AUROC 
0.765 (95% CI: 0.746–0.783) for concept A; 0.970 (0.963, 0.977) for 
concept B; 0.891 (0.881, 0.901) for concept C; and 0.809 (0.797, 0.822) 
for concept D. When including computational concepts with no 
unexplainable concept (explainable and collaborative model), CoMiC 
performed with 0.85 (0.82, 0.87) AUROC in predicting lesion malignancy 
(Stage 3). When intervention was allowed on concept A to adjust 
incorrect predictions, CoMiC’s diagnostic performance improved to 0.87 
(0.84, 0.89) AUROC, matching the unexplainable baseline. See Figure 2 
for example predictions with both high and low expert reliance.
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