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[ Abstract ] Objective To explore a method to improve the accuracy and generalization ability of medical diagnostic
neural network models under conditions of small data volumes, and to address the issue of poor neural network model
performance in computer-aided diagnosis of nail diseases due to limited training data. Methods A dual-model strategy
integrating instance segmentation with fine-grained feature classification was proposed. The neural network model based on
dual-model strategy was trained using the dataset of Image-Based Intelligent Diagnosis of Nail Disease Model task of the
first National Digital Health Innovation Application Competition & Health and Medical Big Data Theme Competition. This
dataset covered 8 types of nail diseases, including nail matrix nevi, paronychia, nail psoriasis, onychomycosis, subungual
hemorrhage, melanonychia, periungual warts, and nail melanoma, with class imbalance present. The diagnostic performance
of the dual-model strategy was evaluated and compared with single-model strategies (image classification models [ ResNet50
and Swin Transformer ] and target detection model based on faster region-based convolutional neural network [ Faster R-CNN ])
under the same hardware and software training conditions. Results The dataset included 1 048 samples, including 210 cases
of nail matrix nevi, 186 cases of paronychia, 69 cases of nail psoriasis, 203 cases of onychomycosis, 149 cases of subungual
hemorrhage, 71 cases of melanonychia, 93 cases of periungual warts, and 67 cases of nail melanoma, with 90% used for

training various models and 10% for evaluation. The micro F1 score was 0.324 in the image classification model based on
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ResNet50, 0.381 in the image classification model based on Swin Transformer, 0.572 in the target detection model based on

Faster R-CNN, and 0.714 in the dual-model strategy model Mask R-CNN -+ Swin Transformer. The accuracy rates for diagnosing

different nail diseases in the dual-model strategy were: nail matrix nevi 80.95% (17/21), paronychia 89.47% (17/19), nail
psoriasis 100.00% (7/7), onychomycosis 70.00% (14/20), subungual hemorrhage 73.33% (11/15), melanonychia 14.29% (1/7),
periungual warts 55.56% (5/9), and nail melanoma 42.86% (3/7). The micro F1 score for evaluating the dual-model strategy on a

test set of 1 000 cases was 0.844. Conclusion The dual-model strategy can effectively combine models with different functions

to well accomplish the task of intelligent diagnosis of nail diseases under small data volume training conditions.

[ Key words ] nail disease; intelligent diagnosis; neural network; instance segmentation; fine-grained feature

classification
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Fig1 Training data examples for diagnosing nail diseases

A: Nail matrix nevi (arrow); B: Onychomycosis (arrow); C: Paronychia; D: Nail psoriasis.
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Step 1. Using polygonal annotations to mark the
digit regions in the original image

Instance segmentation training set

Step 3. Train the instance
segmentation model

The training set in this study

Step 2. Crop the polygonal digit regions in the
original images, and label each region with
the corresponding disease
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Step 4. Train the fine-grained feature
classification model

Original > Instance segmentation > Nail region > Fine-grained feature
image model image classification model
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Fig 2 Processing workflow of dataset
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Fig3 Two analytical prediction stages and prediction result output of dual-model strategy
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micro F1 {HiA% 0.714, e H T 52560 i lg- 10
BB R 3R Mg —— 3 T Faster R-CNN [ H Fp A& ] 454

4 24.8%,
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Tab 1 Distribution of nail disease types in training set for each model

n

Single-model strategy

Dual-model strategy

Type of nail diseases ResNet50 Swin Transformer Faster R_CNI\.I Mask R-CNN Swin Transforr.ner
(original images)  (original images) (rectangl{la.r region (polygox?al‘ region (polygon.al. region
of digits) of digits) of digits)
Nail matrix nevi 189 189 201 201 201
Paronychia 183 183 191 191 191
Nail psoriasis 167 167 231 231 231
Onychomycosis 134 134 277 277 277
Subungual hemorrhage 84 84 144 144 144
Melanonychia 64 64 71 71 71
Periungual warts 62 62 113 113 113
Nail melanoma 60 60 60 60 60
Normal 878 878 878

R-CNN: Region-based convolutional neural network.
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