Preprints are preliminary reports that have not undergone peer review.

6 Research Sq uare They should not be considered conclusive, used to inform clinical practice,

or referenced by the media as validated information.

Ensemble of Self-supervised Learning Methods for
Robust Skin Disease Image Diagnosis Leveraging
Unlabeled Data

Kaname Kojima (3% kojima@megabank.tohoku.ac.jp )
Tohoku Medical Megabank Organization, Tohoku University https://orcid.org/0000-0001-5713-2483

Ryu Tadokoro
Tohoku University School of Medicine

Kengo Kinoshita
Department of System Bioinformatics, Graduate School of Information Sciences, Tohoku University

Yoshihide Asano
Graduate School of Medicine, Tohoku University

Kenshi Yamasaki
Graduate School of Medicine, Tohoku University

Kosuke Shido
Tohoku University https://orcid.org/0000-0002-7764-9196

Article

Keywords:

Posted Date: September 18th, 2023

DOI: https://doi.org/10.21203/rs.3.rs-3288218/v1

License: © ® This work is licensed under a Creative Commons Attribution 4.0 International License.
Read Full License

Additional Declarations: There is NO Competing Interest.


https://doi.org/10.21203/rs.3.rs-3288218/v1
mailto:kojima@megabank.tohoku.ac.jp
https://orcid.org/0000-0001-5713-2483
https://orcid.org/0000-0002-7764-9196
https://doi.org/10.21203/rs.3.rs-3288218/v1
https://creativecommons.org/licenses/by/4.0/

10

11

12

13

14

15

16

17

18

19

20

21

Ensemble of Self-supervised Learning Methods for Robust Skin Dis-

ease Image Diagnosis Leveraging Unlabeled Data

Ryu Tadokoro!, Kaname KojimaQ’B’*, Kengo Kinoshita?4?%, Yoshihide Asano’,

Kenshi Yamasaki”®", Kosuke Shido”?

1 Tohoku University School of Medicine, 2-1 Seiryo-machi, Aoba-ku, Sendai, Miyagi 980-8575, Japan
2 Tohoku Medical Megabank Organization, Tohoku University, 2-1 Seiryo-machi, Aoba-ku, Sendai,
Miyagi 980-8573, Japan

3 RIKEN Center for Advanced Intelligence Project, 1-4-1 Nihonbashi, Chuo-ku, Tokyo 103-0027,
Japan

4 Graduate School of Information Sciences, Tohoku University, 6-3-09 Aza-Aoba, Aramaki, Aoba-ku,
Sendai, Miyagi 980-8579, Japan

5 Advanced Research Center for Innovations in Next-Generation Medicine, Tohoku University, 2-1
Seiryo-machi, Aoba-ku, Sendai, Miyagi 980-0873, Japan

6 Institute of Development, Aging and Cancer, Tohoku University, 4-1 Seiryo-machi, Aoba-ku,
Sendai, Miyagi 980-8575, Japan

7 Department of Dermatology, Graduate School of Medicine, Tohoku University, 1-1 Seiryo-machi,
Aoba-ku, Sendai, Miyagi 980-8574, Japan

8 Aloop Clinic & Lab, 1-7-7 Ginza, Chuo-ku, Tokyo 104-0061, Japan

9 Athnomedical, Inc., 2-4-1 Ichiban-cho, Aoba-ku, Sendai, Miyagi 980-0811, Japan.

*To whom correspondence should be addressed; E-mail: kojima@megabank.tohoku.ac.jp and

kenshi.yamasaki@gmail.com.



22

23

24

25

26

27

28

29

30

31

32

33

34

35

36

37

38

39

40

41

42

43

44

45

46

47

48

49

50

Abstract

Deep learning technologies have led to remarkable improvements in medical image analysis, but the
collection and annotation of medical data remain challenging. This study leverages self-supervised
learning and unlabeled images from the National Skin Disease Database of Japan (NSDD) to enhance
skin disease classification. By generating pre-trained models using three self-supervised learning meth-
ods, and comparing them to a baseline pre-trained model on ImageNet, we found that pre-training with
unlabeled images increased transfer learning performance by 1-2% on labeled images in the NSDD.
We also demonstrated the effectiveness of the pre-trained models across four public dermatological
image datasets. We further implemented a hybrid pre-training approach that combines self-supervised
and supervised learning, and observed accuracy improvements in certain datasets. Since the optimal
strategy is task and dataset-specific, we proposed an ensemble of transfer learned models from diverse
pre-training methods for robust classification. The ensemble approach consistently enhanced accuracy
across various datasets, with an improvement by up to 8.3% from the baseline, confirming the effec-
tiveness of self-supervised pre-training with unlabeled dermatological images even when the images

are mainly from one ethnic group.

Introduction

Advancements in deep learning (DL) technology have significantly improved the accuracy of medical
data analysis, including in the field of dermatology. Initially, DL-based methods were developed for bi-
nary classification tasks, such as distinguishing between malignant and benign skin diseases[1, 2, 3, 4].
In tasks such as differentiating malignant melanomas from benign nevi or squamous cell carcinomas
from benign seborrheic keratoses, an existing DL-based method has demonstrated comparable classi-
fication accuracy to that of dermatologists[2]. As the technology has advanced, the scope of DL-based
methods has broadened beyond binary classifications, and current research is focused on developing
methods capable of concurrently distinguishing a wider variety of skin diseases [5, 6, 7]. Our research
group has contributed to this effort by developing a DL-based method that can distinguish 26 types
of skin diseases using the National Skin Disease Database of Japan (NSDD), a large database of
skin disease images collected from 16 Japanese universities, including our institution (Supplementary
Fig. 1a) [8, 9]. Despite these advances, the development of DL-based methods for dermatological

images remains challenging due to the extensive variety of skin diseases; more than 2,000 skin disease
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names are recorded in major dermatological textbooks.

In order to handle the extensive variety of skin diseases, especially in diagnosing rare diseases,
the collect of large amounts of high-quality image data is essential, but the collection of such data
is hampered by several factors. One is the various restrictions on patient data enforced by personal
information protection laws. Also, while common digital cameras are widely used in dermatology,
obtaining medical image data can present difficulties due to the emergence of new specialized imaging
devices and methods, as well as their high imaging costs. Furthermore, annotating images with
disease labels is a laborious and time-consuming process. The NSDD was established to address
these data-related issues. The NSDD currently contains approximately 400,000 images covering more
than 1,500 skin diseases, including rare diseases and provides a comprehensive dataset for developing
DL-based methods for various purposes. However, while collecting skin disease data is relatively
straightforward, curating and annotating this large dataset is also challenging due to the requirement
of substantial human resources. For instance, out of approximately 400,000 images in the NSDD, only
70,196 images have been relabeled and curated by multiple dermatologists. The remaining images,
numbering approximately 330,000, are not yet adequately curated.

In this context, self-supervised learning has emerged as a promising solution to the problem of
data shortages [10, 11, 12, 13, 14, 15]. This method leverages unlabeled data to enhance the accuracy
of DL models. The approach involves representation learning, where unique labels are assigned to
each image, and the model is trained to solve ‘pseudo-tasks’ to extract features that represent the
characteristics of the data. The model, pre-trained through this process, can then be further fine-
tuned for specific tasks, such as diagnosing skin diseases. While the majority of images in the NSDD
are not adequately curated, they can be utilized as unlabeled data within this self-supervised learning
framework.

In this study, we employ three self-supervised learning methods — SimCLR [11], BYOL [12], and
DINO [10] - to generate pre-trained models using 100,000 randomly extracted images from the NSDD
that lack adequate label curation. We refer to the dataset comprising these 100,000 images as NSDD-
unlabeled. We assess the effectiveness of these pre-trained models in classifying skin diseases through
the comparison with a baseline model pre-trained on ImageNet [16]. ImageNet is a widely-used
dataset for general object classifications, such as vehicles and animals. This baseline pre-trained
model also provides the initial weights for self-supervised learning. For all models in this study, we

use ResNet-18 [17] as the underlying architecture. Fig. 1 presents a schematic representation of both
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the pre-training process (Fig. 1 a and c¢) and the evaluation procedure for the pre-trained models
considered in this study (Fig. 1 b and d).

We first evaluate the efficacy of our self-supervised pre-trained models on in-distribution data,
using 70,196 well-curated images for 59 skin diseases from the NSDD, which we refer to as NSDD-
labeled (Supplementary Fig. 1 a and b). We next examine the performance of these models on out-of-
distribution data using the following external dermatological image datasets: SD-198 [18], Fitzpatrick
17k [19], Derm7pt [20], and HAM10000 [21] (Fig. 1 b). We further fine-tune these pre-trained models
as well as the baseline pre-trained model using the NSDD-labeled dataset (Fig. 1 ¢) and measure their
accuracy on the aforementioned external dermatological image datasets. From these comparisons,
we find that the effectiveness of self-supervised learning methods can vary depending on the dataset
(Fig. 1 d). Based on these findings, we propose leveraging an ensemble of transfer learned models
derived from a variety of pre-training methods, aiming to achieve robust performance, regardless of
the target dataset. To substantiate our proposal, we evaluate its performance across these datasets

(Fig. 1 d).

Results

Performance comparison of self-supervised learning methods for skin disease clas-

sification on the NSDD-labeled dataset

We assessed the efficacy of pre-trained models obtained from self-supervised learning methods in
skin disease classification on in-distribution data using the NSDD-labeled dataset. This dataset was
partitioned into training, validation, and testing subsets (Supplementary Table 1). The training and
validation subsets were used for transfer learning of both self-supervised pre-trained models and the
baseline pre-trained model. The transfer learning accuracy of these pre-trained models was then
evaluated using the testing subset (Table 1). As multiple images per patient were available, we also
calculated patient-based accuracy by averaging prediction values for each patient in addition to image-
based accuracy. Accuracy improvements were observed in almost all indicators for the models pre-
trained with the NSDD-unlabeled dataset, compared to the baseline pre-trained model. Specifically,
the use of the self-supervised pre-trained model with BYOL showed a 1.7% improvement in top-1
image-based accuracy and a 2.2% improvement in top-1 patient-based accuracy compared to the case

of using the baseline pre-trained model.
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Evaluation of pre-trained models on external dermatological image datasets

We assessed the effectiveness of the self-supervised pre-trained models from the NSDD-unlabeled
dataset on out-of-distribution data using the following external dermatological image datasets: SD-
198, Fitzpatrick 17k, Derm7pt, and HAM10000 (Table 2). Since patient IDs were not available for
images of the above datasets, only image-based accuracies were considered for the evaluation.

Table 2a shows the transfer learning accuracy of each pre-trained model for SD-198. All the self-
supervised learning methods showed an improvement in accuracy from the baseline pre-trained model,
with varying degrees of improvement depending on the method. DINO had the highest improvement
in top-1 accuracy at 3.3%, while SimCLR had the smallest improvement at 0.3%. Table 2b shows the
transfer learning accuracy of each pre-trained model for Fitzpatrick 17k. In terms of top-1 accuracy,
all the self-supervised learning methods showed an improvement over the baseline. BYOL had the
highest improvement at 3.0%, while SimCLR had the smallest improvement at 0.3%. However, some
methods had lower accuracy than the baseline pre-trained model in top-3 and top-5 accuracy.

In the Derm7pt dataset, two types of images were taken from each patient: clinical images and
dermoscopic images. Clinical images were taken in close proximity to the disease site, but the imaging
conditions were less standardized compared to the dermoscopic images, which were captured under
consistent lighting conditions and fields of view. In order to separately evaluate the effectiveness of
self-supervised pre-trained models on these two types of images, each with distinct characteristics, we
divided the Derm7pt dataset into two subsets: Derm7pt-clinic, which is composed of clinical images,
and Derm7pt-derm, which is composed of dermoscopic images. Note that we evaluated only the top-1
accuracy for both Derm7pt-clinic and Derm7pt-derm, as these datasets were considered for binary
classification tasks only. Table 2c and d show the transfer learning accuracy of each pre-trained model
for the Derm7pt-clinic and Derm7pt-derm datasets, respectively. For the Derm7pt-clinic dataset, the
self-supervised pre-trained model by BYOL was the most effective, improving accuracy by 1.2%, while
the self-supervised pre-trained model by DINO decreased accuracy by 0.6%. On the other hand, for the
Derm7pt-derm dataset, the self-supervised pre-trained model by SimCLR was the most effective, with
an accuracy improvement of 0.8%, while the self-supervised pre-trained model by BYOL decreased
accuracy by 0.2%.

Table 2e shows the transfer learning accuracy of each pre-trained model for HAM10000. All
methods showed an improvement in accuracy from the baseline, with varying degrees of improvement

depending on the method. BYOL had the highest improvement at 2.9%, while DINO had the second
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highest improvement at 1.2%. SimCLR had the smallest improvement at 0.7%. These results suggest
that the choice of pre-training method can affect the accuracy improvement in the out-of-distribution

data.

Accuracy discrepancies across skin diseases with pre-trained models on the NSDD-

labeled dataset

We examined the discrepancies in image-based accuracy between the baseline pre-trained model and
each self-supervised pre-trained model on the NSDD-labeled dataset, breaking it down according to
individual skin disease labels (Fig. 2). The horizontal axis of the graph in Fig. 2 shows the disease
labels, ordered by the volume of available data in descending order, while the vertical axis indicates
discrepancies in image-based accuracy. There was a noticeable trend indicating that the accuracy for
certain diseases is likely to increase or decrease, irrespective of the self-supervised learning method
used. Disease labels that consistently demonstrated an improvement in accuracy across all three self-
supervised learning methods included drug-induced exanthem (including both morbilliform drug erup-
tion and maculopapular drug eruption), squamous cell carcinoma, Bowen’s disease, vitiligo, erythema
nodosum, infantile hemangioma, neurofibromatosis type 1, lipoma, discoid lupus erythematosus, se-
baceous nevus, pressure injury, and pressure ulcers (blue bars and dotted lines in Fig. 2). On the
contrary, alopecia areata (totalis and universalis) displayed a consistent reduction in accuracy across
all three self-supervised learning methods (a red bar and a dotted line in Fig. 2). Similarly, drug-
induced eczema, actinic keratosis, and epidermoid cyst (inflamed) also exhibited reduced accuracy

with all three self-supervised learning methods (red bars and dotted lines in Fig. 2).

Performance verification of additional pre-training with the NSDD-labeled dataset

on external skin disease image datasets

We prepared hybrid pre-trained models by fine-tuning self-supervised pre-trained models using the
NSDD-labeled dataset in order to examine the effectiveness of additional pre-training with the NSDD-
labeled dataset. We then evaluated their effectiveness on the SD-198, Fitzpatrick 17k, Derm7pt-clinic,
Derm7pt-derm, and HAM10000 datasets (Fig. 3a, Supplementary Table 2). For comparison, we also
considered the fine-tuned baseline pre-trained model with the NSDD-labeled dataset. When using
the fine-tuned baseline pre-trained model as a pre-trained model for transfer learning, we observed an

accuracy improvement of 2.8% for the SD-198 dataset and 0.8% for Fitzpatrick 17k, compared to the
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baseline pre-trained model. The hybrid pre-trained models further increased accuracy by up to 1.7%
in SD-198 and up to 2.8% in Fitzpatrick 17k.

In contrast, for the Derm7pt-clinic dataset, using the fine-tuned baseline pre-trained model resulted
in a 1.1% decrease in accuracy compared to the baseline pre-trained model. When using hybrid pre-
trained models, a reduction in accuracy of 0.6% was observed in the case of using SImCLR as the
self-supervised learning method, while accuracy improvements of 0.5% were observed for the cases
using BYOL and DINO. One potential reason for the decreased accuracies in the fine-tuned baseline
pre-trained model and the hybrid pre-trained model using SImCLR could be the specific characteristics
of the Derm7pt-clinic dataset, which is composed of close-up clinical images. Some of these images
include rulers, as shown in Supplementary Fig. 2, that are used for measuring lesion sizes. Since
images in the NSDD-unlabeled dataset were not adequately curated, unnecessary objects like rulers
were included in some images. Consequently, further fine-tuning with well-curated images, such as
those in the NSDD-labeled dataset, may diminish the robustness of the model when it faces images
containing such extraneous elements.

In the Derm7pt-derm dataset, the fine-tuned baseline pre-trained model improved accuracy by
2.3% compared to the baseline pre-trained model. When using SimCLR and DINO as self-supervised
learning methods in hybrid pre-training, improvements in accuracy by 2.3% and 0.5% were observed,
respectively. On the other hand, no accuracy improvement was observed when using BYOL as a self-
supervised learning method. In the case of the HAM10000 dataset, the fine-tuned baseline pre-trained
model led to a general improvement in accuracy, and a remarkable improvement of 2.7% was observed
for the hybrid pre-trained model when using SimCLR as a self-supervised learning method.

For datasets with varying shooting conditions, such as SD-198 and Fitzpatrick 17k, the hybrid
pre-trained models improved the accuracy of all self-supervised learning methods compared to the fine-
tuned baseline pre-trained model. However, for dermoscopic image datasets like the Derm7pt-derm and
HAM10000 datasets, while the fine-tuned baseline pre-trained model demonstrated higher accuracy
than the baseline pre-trained model, the effectiveness of the hybrid pre-trained models depended on

the specific self-supervised learning method used.



198

199

200

201

202

203

204

205

206

207

208

209

210

211

212

213

214

215

216

217

218

219

220

221

222

223

224

225

226

Performance verification of ensemble of transfer learned models on external skin

disease image datasets

Performance evaluations have thus far shown that the efficacy of self-supervised learning methods can
vary depending on the dataset and target disease type. With this in mind, we proposed an ensemble
of models, each obtained from transfer learning of various hybrid pre-trained models, with the aim
of achieving more robust classification. We then validated the effectiveness of this approach on each
of the aforementioned external datasets (Fig. 3b, Supplementary Table 2). The ensemble approach
improved the accuracy over the baseline pre-trained model by 8.3%, 7.7%, 2.0%, 2.3%, and 3.4% for
the SD-198, Fitzpatrick 17k, Derm7pt-clinic, Derm7pt-derm, and HAM10000 datasets, respectively.
Interestingly, the ensemble approach provided better accuracy than the best accuracy observed in the
cases of both hybrid pre-trained models and the fine-tuned baseline pre-trained model for the datasets
other than the Derm7pt-derm dataset. The improvements over the best accuracies were 3.8%, 4.1%,
1.5%, and 0.1% for the SD-198, Fitzpatrick 17k, Derm7pt-clinic, HAM10000 datasets, respectively.
Even for the Derm7pt-derm dataset, the ensemble approach provided accuracy as high as the best one
among the cases of hybrid pre-trained models and the fine-tuned baseline pre-trained model. These
results demonstrate a consistent performance through the ensemble approach and its ability to achieve

robust skin disease classification across diverse datasets.

Discussion

This study assessed the effectiveness of self-supervised learning methods for pre-training in medical
image analysis tasks. Our results suggest that pre-training with unlabeled datasets, particularly those
with similar properties to the target datasets, can enhance performance in transfer learning. For
instance, in the NSDD-labeled dataset, self-supervised learning methods exhibited about 1 to 2%
higher accuracy than the baseline pre-trained model, which was obtained from supervised learning
with ImageNet. Patient-based accuracy, a metric aggregating predictions from multiple images of the
same patient to make the final diagnosis, peaked at 60.1%, consistently outperforming image-based
accuracy which peaked at 51.0%. This aggregation in patient-based accuracy can be seen as a process
similar to test time augmentation [22, 23|, where predictions from augmented images are combined
for the final decision, thereby improving overall accuracy.

The study revealed that the optimal pre-training method might vary by dataset. For example,
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DINO outperformed BYOL on the SD-198 dataset, whereas BYOL excelled over DINO on the Fitz-
patrick 17k dataset. These results align with previous study highlighting the improved performance
of self-supervised learning methods over pre-trained models [24]. Notably, self-supervised pre-training
with the NSDD-unlabeled dataset proved beneficial for diverse datasets, including those contain-
ing only close-up and dermoscopic images. FEven with differing target ethnic groups between the
pre-training and transfer learning datasets, significant accuracy improvement was achievable. This
underscores the potential of self-supervised learning for pre-training in medical image analysis tasks,
particularly when using similar datasets for pre-training and transfer learning. However, our results
also suggest that the training dataset can influence the accuracy change per label, independent of
the pre-training method. This highlights the need for careful consideration of potential biases in the
pre-training dataset when applying transfer learning [25].

We examined how the decision-making process varied among different pre-trained models by ana-
lyzing the regions focused on during decision-making, using Grad-CAM [26]. Fig. 4a and b visualize the
original test skin lesion images from the NSDD-labeled dataset, highlighted by Grad-CAM. These fig-
ures contrast the results of the baseline pre-trained model with those of the self-supervised pre-trained
model using BYOL. We chose BYOL for this Grad-CAM analysis because it achieved the highest accu-
racy among the three self-supervised learning methods in the NSDD-labeled dataset. In Fig. 4a, skin
lesion images of vitiligo and sebaceous conditions are shown, and disease labels were correctly classified
in both cases. For vitiligo, skin lesions located on both sides of the navel were correctly highlighted
in both cases. A small white spot located in the upper left part of the figure was highlighted more
strongly in the case of the self-supervised pre-trained model than with the baseline pre-trained model.
For sebaceous conditions, the skin lesion area was correctly highlighted in both cases. While the skin
lesion was clearly highlighted when using the self-supervised pre-trained model, hair and medical tape
around the skin lesion were also highlighted with the baseline pre-trained model. Fig. 4b displays
skin lesion images of lipoma and squamous cell carcinoma, with both cases resulting in misclassified
disease labels. For lipoma, the baseline pre-trained model failed to highlight the skin lesion area, while
the self-supervised pre-trained model correctly highlighted the area. As the self-supervised model was
able to capture the skin lesion area, we anticipate that using more images for fine-tuning could be
more beneficial for this model than for the baseline. This discussion aligns with the premise of our
study that effective pre-training can enhance accuracy. For squamous cell carcinoma, the marking of

the lesion for surgery complicates the classification of its disease label. Despite the incorrect disease
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label classification, the self-supervised pre-trained model was still able to correctly highlight the lesion
area under such conditions, unlike the baseline pre-trained model. This could be attributed to the
inclusion of images showing a skin lesion with marking in the NSDD-unlabeled dataset.

We also explored a hybrid pre-training approach, combining both self-supervised and supervised
learning methods. This strategy significantly boosted accuracy for the SD-198 and Fitzpatrick 17k
datasets. Conversely, for the Derm7pt and HAM10000 datasets, the self-supervised pre-training with
the NSDD-unlabeled dataset provided higher accuracy than the baseline pre-trained model. However,
additional fine-tuning with NSDD-labeled did not consistently improve accuracy, implying that the
optimal strategy might vary depending on the specific task and dataset. We further considered an
ensemble of models, transfer learned from the hybrid pre-trained models for each external dataset. Our
results demonstrated that the ensemble approach substantially and consistently enhanced the highest
accuracy, with an improvement of up to 8.3% from the baseline pre-trained model, and displayed
robustness across varying types of datasets.

In medical data analysis, the accuracy of machine learning methods is vital, while the availability
of medical data is often constrained by privacy concerns. This constraint makes it challenging to
improve classification accuracy using only publicly available data. While sharing raw medical data
may be fraught with legal and ethical concerns, statistical data such as model parameters can be
shared publicly. Our self-supervised and hybrid pre-trained models, accessible at https://github.
com/athnomedical/NSDD-SSL, are designed to enhance classification accuracy without needing raw
medical data. Furthermore, our proposed learning strategy serves as a general framework, and we
anticipate that it will contribute to various medical studies. While our approach improves overall
accuracy across different dermatological image datasets, the importance of each label can vary greatly
in the medical domain. For instance, diseases like malignant tumors demand higher precision because
of their potential severity, while non-life-threatening conditions such as atopy might not. This disparity
emphasizes the need to consider detailed accuracy for each disease instead of focusing solely on overall
accuracy, reflecting the varying importance of different medical conditions. Addressing this issue will
be an important focus of our future work.

In conclusion, our study has shown the effectiveness of using the National Skin Disease Database
(NSDD), a large-scale skin disease image database consisting solely of Japanese patients, for pre-
training DL models. While pre-training with unlabeled dermatological images led to an overall im-

provement in accuracy compared to the baseline pre-trained model, we noticed a decline in accuracy
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for certain disease labels, likely due to unexpected biases in the unlabeled image dataset used for
pre-training. We addressed this issue by implementing an ensemble approach for robust classification,
which mitigated these decreases and consistently outperformed the baseline model across all datasets.
Our study hence highlight the potential of unlabeled, large-scale skin image data for pre-training with
the use of self-supervised learning methods for analyzing various types of skin disease image datasets,

even when that data is mainly from a single ethnic group, as is the case with the NSDD.

Methods

Ethical statements

This research was approved by the ethical committee of the Tohoku University School of Medicine

(Reference number: 2021-1-1142). It complies with all relevant ethical regulations.

Skin disease image datasets

We employed a variety of datasets to train and test our models. We used the NSDD-unlabeled dataset,
composed of 10,000 images randomly selected from those without adequate label curation in the NSDD,
as unlabeled training data to generate self-supervised pre-trained models. The NSDD-labeled dataset,
composed of 70,196 images with adequately curated labels, was used to evaluate the effectiveness
of the pre-trained models on in-distribution data. For the evaluation on out-of-distribution data,
we used the following external dermatological image datasets, which differ from the NSDD-unlabeled
datasets in terms of ethnic groups and imaging conditions: the SD-198, Fitzpatrick 17k, Derm7pt, and
HAM10000. In the Derm7pt dataset, each patient is represented by two types of images: clinical and
dermoscopic. To account for this, we divided the Derm7pt dataset into two subsets, Derm7pt-clinic
(comprising the clinical images) and Derm7pt-derm (comprising the dermoscopic images), allowing us
to evaluate images with different characteristics separately. The NSDD-labeled, SD-198, Fitzpatrick
17k, DermT7pt-clinic, Derm7pt-derm, and HAM10000 datasets were each partitioned into training,
validation, and test images for the evaluation of pre-trained models. Details on the number of im-
ages in each set are provided in Supplementary Table 1. More comprehensive information including
data preparation about the NSDD, SD-198, Fitzpatrick 17k, Derm7pt, and HAM10000 datasets is in

Section 1 of the Supplementary Information.



316

317

318

319

320

321

322

323

324

325

326

327

328

329

330

331

332

333

334

335

336

337

338

339

340

341

342

343

344

12

Implementation details for self-supervised pre-training, fine-tuning, transfer learn-

ing, and ensemble learning

We implemented self-supervised pre-training, fine-tuning, transfer learning, and ensemble learning
for DL models using Python3 and PyTorch as the deep learning framework. All computations were

conducted on a GeForce RTX 3090 GPU. The details of these learning processes are as follows.

Self-supervised pre-training using NSDD-unlabeled We prepared self-supervised pre-trained
models using the NSDD-unlabeled dataset, employing ResNet-18 as the architecture of DL models.
As state-of-the-art self-supervised learning methods, we employed SimCLR, BYOL, and DINO. All
images in the NSDD-unlabeled dataset were used as training data, and the model parameters were
updated to minimize the loss function set by each method over a specified number of epochs. For
SimCLR, we used LARS [27] as the optimizer and trained the DL model for 100 epochs. The input
size was set to 224 x 224 pixels, with a batch size of 512 and a learning rate of 0.1. Various data
augmentations, such as random resized crop, random horizontal flip, color jitter, random grayscale,
and normalization, were applied to minimize the contrastive loss. For both BYOL and DINO, we used
AdamW [28] as the optimizer and trained the DL model for 100 epochs with an input size of 224 x 224
pixels, a batch size of 64, and a learning rate of 1.0 x 107°. In the case of BYOL, we applied similar
data augmentations as with SimCLR to minimize the mean square error between the embeddings
of the two images generated by the transformation. For DINO, the same set of augmentations was
applied to minimize the cross-entropy loss between the embeddings of the two images generated by

the transformation.

Fine-tuning and transfer learning of pre-trained models The same learning procedures were
applied in both fine-tuning of hybrid pre-trained models and the baseline pre-trained model, as well
as in transfer learning for the evaluation on each dataset. In both cases, we modified the pre-trained
models by replacing the linear layer following the global average pooling layer with a new linear layer.
This new layer was initialized with weights and designed to have an output size that matched the
number of skin disease labels in the target dataset. The parameters of the pre-trained models were
then updated by minimizing the cross-entropy loss on the training images from the target dataset,
using the Adam optimizer [29], with a batch size of 32 and a learning rate of 1.0 x 10~°. Training was

stopped if the minimum loss for the validation images from the target dataset did not improve after
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20 attempts. The model parameters from the epoch with the lowest validation loss were then selected
for testing. For data augmentation, we followed the procedures suggested in [30], applying geometric
and color transformations to the training images to enhance the accuracy of skin disease classification.
We resized the shorter side of the input image to 224 pixels for the SD-198 and Fitzpatrick 17k
datasets, and to 448 pixels for other datasets. We then applied horizontal and vertical flipping,
random affine transformation, and random luminance change to the resized images as the geometric
and color transformations. After the transformation, we cropped it randomly to a size of 224 x
224 pixels for the SD-198 and Fitzpatrick 17k datasets, or 448 x 448 pixels for other datasets and

normalized the pixel values using the mean and standard deviation of the pixels in the dataset.

Ensemble of transfer learned models derived from diverse pre-training methods. En-
semble of transfer learned models derived from diverse pre-training methods. To ensure more robust
classification across the previously mentioned external datasets, we established an ensemble of transfer
learned models. This ensemble was achieved by taking the weighted sum of logits from the transfer
learned models and feeding this into the softmax function to derive the probability distribution for
the classification results. To favor the sum of the weights being one and individual weights being

non-negative, we incorporated the following regularization loss in addition to the cross-entropy loss:

3 (min(wi,0)>2 + (Zw - 1>2,

i
where w; is the weight for the logit of ith model. The weights were initialized to the reciprocal of the
total number of the transfer learned models, and then trained similarly to the process employed in
transfer learning, using the same training and validation images for each external dataset. Note that

the parameters of the transfer learned models were unchanged during this training process.

Data availability

Self-supervised pre-trained models, obtained using the NSDD-unlabeled dataset, and hybrid pre-
trained models, using both the NSDD-unlabeled and NSDD-labeled datasets, are available at https:

//github.com/athnomedical/NSDD-SSL.
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473 Table 1: Comparison of skin disease classification accuracies among various pre-trained

s+ models on the NSDD-labeled dataset.

Image-based Patient-based

Dataset Pre-training method |classification accuracy (%)|classification accuracy (%)

Top 1 Top 3| Top 5| Top 1| Top 3| Topbh

ImageNet Supervised 49.3 70.3 78.3 57.9 79.8 86.7

50.1 71.3 79.3 99.1 80.0 86.4

(+ 0.8)| (+ 1.0)| (+ 1.0)| (+ 1.2)| (+0.2)| (- 0.3)
51.0/ 71.9] 80.1| 60.1 80.8 87.5

475 SimCLR

NSDD-unlabeled |Self-supervised| BYOL
(+ 1.7)|(+ 1.6)| (+ 1.8)|(+ 2.2)|(+ 1.0)| (+ 0.8)

50.2 71.8 79.5 59.4 79.8 87.2
DINO

(+0.9)] (+ 1.5)] (+ 1.2)| (+ 1.5)| (+ 0.0)| (+ 0.5)

476

477 Dataset: Refers to the dataset used for pre-training. Values in parentheses: Indicate the improvement
478 in accuracy compared to the supervised pre-training with ImageNet. Bold values: Highlight the

479 highest accuracy achieved in each category.
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Table 2. Comparison of skin disease classification accuracies among various pre-trained

models on external skin disease image datasets.

a SD-198
Image-based classification accuracy (%)
Dataset Pre-training method
Top 1 Top 3 Top 5
ImageNet Supervised 60.3 77.8 84.1
SimCLR| 60.6 (+ 0.3)] 78.7 (+ 0.9)|84.9 (+ 0.8)
NSDD-unlabeled |Self-supervised| BYOL | 62.1 (4 1.8)| 78.1 (+ 0.3)| 84.8 (+ 0.7)
DINO [63.6 (+ 3.3)[79.1 (+ 1.3)| 84.4 (+ 0.3)
b Fitzpatrick 17k
Image-based classification accuracy (%)
Dataset Pre-training method Top 1 Top 3 Top 5
ImageNet Supervised 51.0 67.6 74.1
SimCLR|51.3 (+ 0.3)| 67.5 (- 0.1)| 74.4 (+ 0.3)
NSDD-unlabeled |Self-supervised| BYOL [54.0 (+ 3.0)|69.4 (+ 1.8)|75.3 (+ 1.2)
DINO |53.1 (+2.1)|67.7 (+0.1)| 73.8 (- 0.3)
¢ Derm7pt-clinic
Image-based classification accuracy (%)
Dataset Pre-training method Top 1
ImageNet Supervised 76.5
SimCLR 775 (+ 1.0)
NSDD-unlabeled|Self-supervised| BYOL 7.7 (+ 1.2)
DINO 75.9 (— 0.6)
d Derm7pt-derm
Image-based classification accuracy (%)
Dataset Pre-training method Top 1
ImageNet Supervised 80.0
SimCLR 80.8 (+ 0.8)
NSDD-unlabeled |Self-supervised| BYOL 79.8 (— 0.2)
DINO 80.3 (+ 0.3)
e HAM10000
Image-based classification accuracy (%)
Dataset Pre-training method
Top 1 Top 3 Top 5
ImageNet Supervised 85.9 98.4 99.9
SimCLR| 86.6 (+ 0.7)] 98.8 (+ 0.4)/100.0 (+ 0.1)
NSDD-unlabeled|Self-supervised| BYOL |88.8 (+ 2.9)|99.0 (+ 0.6)|100.0 (+ 0.1)
DINO |87.1 (+1.2)[98.6 (+0.2)] 99.9 (+ 0.0)




21

497 Values in parentheses: Indicate the improvement in accuracy compared to the supervised pre-training

208 with ImageNet. Bold values: Highlight the highest accuracy achieved in each category.
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Fig. 1: The schematic diagram illustrating the process of pre-training and evaluation of

pre-trained models.

a Preparation of the baseline pre-trained model, which is obtained form the supervised learning using

ImageNet, as well as the self-supervised pre-trained models, which uses the NSDD-unlabeled dataset

as unlabeled data.
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b Fine-tuning of both the baseline pre-trained model and self-supervised pre-trained models using the
NSDD-labeled dataset to produce the fine-tuned baseline model and hybrid pre-trained models.

¢ Evaluation of the pre-trained models from a, using an in-distribution dataset (the NSDD-labeled)
as well as out-of distribution datasets (SD-198, Fitzpatrick 17k, Derm7pt-clinic, Derm7pt-derm, and
HAM1000). Each model (ResNet-18), fine-tuned with training and validation images, is derived from
the pre-trained model (ResNet-18) represented by the same color in a.

d Evaluation of the pre-trained models from b as well as an ensemble of fine-tuned models, using the
out-of distribution datasets. Each model (ResNet-18), fine-tuned with training and validation images,

is derived from the pre-trained model (ResNet-18) represented by the same color in b.
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middle, and bottom rows represent the accuracies for self-supervised pre-training by SimCLR,

The top,

517

BYOL, and DINO, respectively. The accuracy for each skin disease classification for the case of using

518

the baseline pre-trained model is set as the zero baseline. Increases and decreases in accuracy resulting

519

training by SimCLR, BYOL, and DINO with the NSDD-unlabeled dataset

supervised pre-

from self-

520

are represented as blue and red bars, respectively. Skin disease names are arranged on the horizontal

521

from left to right, in descending order based on the number of images for each disease in the

axis

522

NSDD-labeled dataset. Blue and red dashed lines highlight disease categories where all pre-training

523

sz« methods show consistent trends in accuracy change (increase or decrease, respectively). Black dashed
lines denote disease categories without significant accuracy changes across all pre-trained models.
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Fig. 3: Comparison of image-based accuracy using pre-trained models fine-tuned with
the NSDD-labeled dataset and ensemble approach across out-of-distribution datasets.

a The barplots compare accuracies across out-of-distribution datasets when using the fine-tuned base-
line pre-trained model and the hybrid pre-trained models as initial weights. The solid line in each
barplot denotes the accuracy when using the baseline pre-trained model as the initial weights, and
the dotted line represents the accuracy when using the fine-tuned baseline pre-trained model as the
initial weights.

b The barplot present the accuracies of an ensemble of fine-tuned models, derived from the hybrid
pre-trained models, for each of the datasets. The range of accuracy values indicated by the horizontal

axis in each barplot is consistent with that in a.
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a
Original image Baseline Self-supervised
9 9 pre-trained model pre-trained model
Vitiligo
Nevus
sebaceous
b
Baseline Self-supervised
pre-trained model pre-trained model
Lipoma
Squamous

cell carcinoma

537

533 Fig. 4: Grad-CAM images highlighting regions contributing to the disease classification

533 by DL models for several test skin lesion images from the NSDD-labeled dataset.
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a Original skin lesion images of vitiligo and sebaceous conditions, paired with Grad-CAM images
using both the baseline pre-trained model and the self-supervised pre-trained model with BYOL.
Both disease labels were correctly classified. BYOL was selected for this analysis as it achieved the
highest accuracy among the three self-supervised learning methods.

b Original skin lesion images of lipoma and squamous cell carcinoma, paired with Grad-CAM images

using the same models as in a. Unlike a, the disease labels were misclassified in both cases.
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