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Abstract

in China due to lack of dermatologists. A deep learning-based
Background: Diagnoses of Skin diseases are frequently delayed
diagnosis supporting system can facilitate pre-screening patients to prioritize dermatologists’ efforts. We aimed to evaluate the
classification sensitivity and specificity of deep learning models to classify skin tumors and psoriasis for Chinese population with a
modest number of dermoscopic images.
Methods: We developed a convolutional neural network (CNN) based on two datasets from a consecutive series of patients who
underwent the dermoscopy in the clinic of the Department of Dermatology, Peking UnionMedical College Hospital, between 2016
and 2018, prospectively. In order to evaluate the feasibility of the algorithm, we used two datasets. Dataset I consisted of 7192
dermoscopic images for a multi-class model to differentiate three most common skin tumors and other diseases. Dataset II consisted
of 3115 dermoscopic images for a two-class model to classify psoriasis from other inflammatory diseases. We compared the
performance of CNN with 164 dermatologists in a reader study with 130 dermoscopic images. The experts’ consensus was used as
the reference standard except for the cases of basal cell carcinoma (BCC), which were all confirmed by histopathology.
Results:The accuracies of multi-class and two-class models were 81.49%± 0.88% and 77.02%± 1.81%, respectively. In the reader
study, for the multi-class tasks, the diagnosis sensitivity and specificity of 164 dermatologists were 0.770 and 0.962 for BCC, 0.807
and 0.897 formelanocytic nevus, 0.624 and 0.976 for seborrheic keratosis, 0.939 and 0.875 for the “others” group, respectively; the
diagnosis sensitivity and specificity of multi-class CNN were 0.800 and 1.000 for BCC, 0.800 and 0.840 for melanocytic nevus,
0.850 and 0.940 for seborrheic keratosis, 0.750 and 0.940 for the “others” group, respectively. For the two-class tasks, the
sensitivity and specificity of dermatologists and CNN for classifying psoriasis were 0.872 and 0.838, 1.000 and 0.605, respectively.
Both the dermatologists and CNN achieved at least moderate consistency with the reference standard, and there was no significant
difference in Kappa coefficients between them (P> 0.05).
Conclusions: The performance of CNN developed with relatively modest number of dermoscopic images of skin tumors and
psoriasis for Chinese population is comparable with 164 dermatologists. These two models could be used for screening in patients
suspected with skin tumors and psoriasis respectively in primary care hospital.
Keywords: Artificial intelligence; Convolutional neural network; Skin tumor; Psoriasis; Dermoscopy

a considerable number of Chinese dermatologists and
Introduction
general physicians, especially those in the remote areas,
In China, the dermatologist to patient ratio is as low as
1:60,000. Also, most well-trained and experienced
dermatologists are located in large cities, increasing
scarcity of dermatologists in rural China.[1] Furthermore,
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due to limited clinical experience and learning opportu-
nities, have low diagnostic accuracy for skin diseases.
Therefore, a lot of patients with skin diseases could not see
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a professional dermatologist in time or at all. So their
diseases are often misdiagnosed or the treatments are

inflammatory cutaneous diseases for developing a two-
class model; other inflammatory diseases included sebor-

Figure 1: The annotation process of dermoscopic images.
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delayed. There is an urgent need to improve the diagnosis
accuracy of skin diseases in China.

As the most common malignant and benign skin tumors in
the Chinese population, basal cell carcinoma (BCC),
melanocytic nevus (MN), and seborrheic keratosis (SK)
usually share similar clinical features, and are easily
misdiagnosed. However, the preferred treatments for these
tumors are quite different and a misdiagnosis could result
in improper healthcare.[2-6] So it is of great significance to
correctly diagnose BCC, MN, and SK.

As a major skin inflammatory disease, psoriasis has a
prevalence of 2% to 4% worldwide.[7,8] It can lead to
psychological problems for young people and decrease
quality of life. For psoriasis diagnosis, it is crucial to rule
out other conditions that result in delay of appropriate
therapy, such as pityriasis rosea, lichen planus, eczema,
and so on. Additionally, when scalp scaling occurs, it is
necessary to rule out seborrheic dermatitis.[9] Therefore,
the accurate diagnosis of psoriasis is very important.

The problem of classifying skin lesions has been a focus for
the machine learning. Automated image classification can
support dermatologists in their daily clinical practice and
create faster and less expensive diagnosis assistance. Deep
learning, a branch of machine learning, attempts to extract
high-level information from data.[10] The convolutional
neural network (CNN) can perform feature extraction
implicitly and learn sophisticated representations of the
image.[10,11] One advantage of CNN is that it is not
necessary to pre-process the images for classification,
which is a key step of traditional machine learning.[12]

CNN systems become more accurate as the data volume
increases. However, one of the largest barrier to using deep
learning effectively in the medical field is the lack of
datasets.[13]

Our current study was designed to investigate whether a
CNN-based artificial intelligence (AI) model can be used to
develop an efficient skin tumor or psoriasis classification
system with a modest number of dermoscopic images. We
chose dermoscopic images rather than clinical pictures for
the following reasons: (1) most skin diseases have specific
characteristics under dermoscopy, which is useful for
improving the diagnostic accuracy of cutaneous dis-
eases[14-17]; and (2) the dermoscopic image is a magnified
image of the lesion with a simple background, few
interference factors, and obvious structures, suitable for
input into the computer.

In order to evaluate the feasibility of the algorithm, we used
two datasets. First, BCC, MN, and SK were selected as the
three main target diseases in dataset I to build a multiclass
model; psoriasis, acne vulgaris, dermatofibroma, and
cutaneous haemangioma, which are common types of
tumors or skin inflammatory diseases, were collectively
called “others.” The “others” group was used to represent
the images that did not belong to the three target categories
to increase the model’s screening specificity. Then, we
collected dataset II to include psoriasis and other
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rheic dermatitis, eczema, lichen planus, and pityriasis
rosea. Furthermore, the two models’ performances were
compared with the diagnoses of 164 board-certified
Chinese dermatologists. This tool could potentially be
used as a pre-screening tool to assist general physicians to
make recommendations or for dermatologists to prioritize
their efforts and lay the foundation for precision medicine
and remote consultation.

Methods
Ethical approval

All procedures involving humans were carried out in
accordance with the ethical standards of the 2013
Declaration of Helsinki and were approved by theMedical
Ethics Committee of Peking Union Medical College
Hospital. Informed consent was obtained from all
participants.

Datasets
All images were consecutively collected from the clinic of
the Department of Dermatology, Peking Union Medical
College Hospital, between 2016 and 2018 prospectively.
The patients were all Asian with the type IV of Fitzpatrick
skin types. The images were all obtained by MoleMax HD
1.0 dermoscope (DermaMedical Systems, Vienna, Austria).
All BCCs were confirmed by histopathology. The diagnosis
of other disease was made according to the criteria in the
expert consensus or guidelines published[18-21] and the
annotation process is seen in Figure 1. The annotation
process in details is as follows: (1) two experts who were
with more than 5 years of work experience blinded with
each other provided a consistent interpretation of the
dermoscopic image combining the clinical image and
medical histories; (2) If there is a disagreement, a third
expert would be the tie breaker; (3) If the three experts still
could not get an agreement, the confusing cases would be
excluded. The images which have poor focus, include
multiple lesionsor show interference factors such as clothing
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fiber, written notes or hair (except for scalp psoriasis and
scalp seborrheic dermatitis), and the lesions located in the

dimension of 2592� 1000. A feature mapwas obtained by
applying a linear filter and a non-linear function to the

Table 1: Characteristics of dataset I and II for the multi- and two-class model respectively.
∗

Development set Test set of the reader study

Characteristics Images Patients Images Patients

Dataset I
Years 2016–2018 2016–2018 2018 2018
Number included in study (n) 7192 1484 70 70
Mean age (years), mean ± SD (range) – 47± 19 (4–95) – 49± 19 (12–95)
Female, n (%) – 881 (59.36) – 39 (55.71)
Basal cell carcinoma, n (%) 368 (5.12) 82 (5.53) 10 (14.29) 10 (14.29)
Melanocytric nevus, n (%) 1872 (26.03) 464 (31.27) 20 (28.57) 20 (28.57)
Seborrheic keratosis, n (%) 1887 (26.24) 448 (30.19) 20 (28.57) 20 (28.57)
Others, n (%) 3065 (42.49) 490 (33.02) 20 (28.57) 20 (28.57)

Dataset II
Years 2016–2018 2016–2018 2018 2018
Number included in study (n) 3115 501 60 60
Mean age (years), mean ± SD (range) – 40± 16 (6–87) – 43± 19 (14–89)
Female, n (%) – 249 (49.70) – 33 (55.00)
Psoriasis, n (%) 2101 (67.45) 326 (65.07) 22 (36.67) 22 (36.67)
Other inflammatory diseases, n (%) 1014 (32.55) 175 (34.93) 38 (63.33) 38 (63.33)

The CNN model trained by dataset I, which involved four categories, was named as multi-class model; similarly, the CNN model trained by dataset II,
which involved two categories, was named as two-class model. CNN: Convolutional neural network; SD: Standard deviation.
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nail or mucosa were also excluded. The datasets used and
patient demographic characteristics are in Table 1. The
category of SK did not include solar lentigo and lichen
planus-like keratosis. In most cases, multiple dermoscopic
images of a single lesion, including different angles or close-
ups,were photographed. Some example pictures of dataset I
and dataset II are shown in Figure 2.

CNN and deep learning algorithm
029
Both datasets were divided into training, validation, and
testing sets in an 8:1:1 ratio.[22] Ten-fold cross-validation
was performed to verify the robustness of the model. The
validation set was separated from the training set to avoid
overfitting.[23] The images were divided by patient to
prevent images of the same patient being used in both
training/validating and testing. In order to verify the
methodology published by the Stanford University[24] and
to test the applicability for the cases of Chinese hospitals,
we developed our algorithm based on the pre-trained
CNN parameters from GoogLeNet Inception v3 using
the ImageNet dataset.[25] ImageNet contains over 1.28
million images for over 1000 normal life objects.[22] We re-
trained the final layer with our images as input, using
“ReLU” as our activation function and “Gradient Descent
Optimizer” as our optimizer with a learning rate of
“0.01.” “Cross entropy mean” was used to minimize the
loss function.

The format of the input vectors in the input layer is a
numeric matrix, where each element in the matrix is one
pixel in the input image. For example, if an image has 864
pixels, multiplied by red, green, and blue layers, the
number of elements in the matrix would be 2592. If there
are 1000 input images, the input matrix will have the
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input matrix. For example, the hidden layer Ak, where k is
the kth feature map. The filters consisted of weightWk and
bias bk. The feature map Ak was calculated using Formula
1. Then, the feature map calculated from extraction was
classified. Each hidden layer was composed of multiple
feature maps. There were a total of 28 layers in our model,
including input and output layers. The simplified frame-
work of our CNN model structure is shown in Figure 3.
More detailed code regarding the retraining process
publicly released on Github can be found at: https://
github.com/tensorflow/hub/blob/master/examples/image_
retraining/retrain.py.

Ak
ij ¼ tanhððWk⋅xÞij þ bkÞ ð1Þ

Visualization of internal features
T-distributed Stochastic Neighbor Embedding (t-SNE)
plot, a method for visualizing high-dimensional data, was
employed to show the internal features learned by the
CNN.[24] Each point represents a skin lesion image
projected from the output of the CNN’s last hidden layer
into two dimensions.[24]

Evaluation
Performance of CNN for the multi and two-class
models

Each test image was given a probability for each of the two
or four disease categories, summing to 1. The highest
probability was regarded as the classification category. We
calculated the accuracy, specificity, sensitivity, and area
under the receiver operating characteristic (ROC) curve

https://github.com/tensorflow/hub/blob/master/examples/image_retraining/retrain.py
https://github.com/tensorflow/hub/blob/master/examples/image_retraining/retrain.py
https://github.com/tensorflow/hub/blob/master/examples/image_retraining/retrain.py
http://www.cmj.org


Figure 2: Example dermoscopic images: basal cell carcinoma (A), melanocytic nevus (B), seborrheic keratosis (C), “others” (D) including psoriasis (upper left), acne vulgaris (upper right),
dermatofibroma (bottom left), and cutaneous haemangioma (bottom right). These images highlight the difficulty of classification: Psoriasis (E), other inflammatory diseases (F) involving
eczema (upper left), lichen planus (upper right), seborrheic dermatitis (bottom left), and pityriasis rosea (bottom right).

Chinese Medical Journal 2020;133(17) www.cmj.org
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(AUC) for each category. The confusion matrix[26] was
also employed to evaluate the multiclass models. It is a

dermatologists (or CNN) and the reference standard on
the classification of each disease. Kappa coefficient >0.75

Figure 3: The simplified framework of convolutional neural network.

Chinese Medical Journal 2020;133(17) www.cmj.org
specific table layout that visualizes the performance of the
algorithm. The abscissa represents the true label, the
ordinate represents the prediction label, and the number in
each column shows the instances in a predicted class.

Comparison between CNN and dermatologists
031
The classification sensitivity and specificity of our CNN-
based classifier was compared against Chinese board-
certified dermatologists in a reader study. In the experi-
ment, 164 dermatologists who finished more than 10 h
of systematic dermoscopic knowledge training and our
algorithm classified the same 130 images; the images were
selected on a patient-by-patient basis and there was no
overlap of patients between the 130 images and the
training, validation, and testing sets.

Each dermatologist was given a questionnaire that
comprised two parts of images (70 images for the
multiclass model and 60 images for the two-class model)
through screen sharing. All participating dermatologists
were required to answer this questionnaire in the same
room at the same time. The corresponding clinical pictures
were provided in a small size and no other information was
offered. We should note that the clinical picture was
provided to dermatologists but not to the AI. The reason is
that the dermatologists will definitely look at the clinical
picture firstly in the real clinical practice, they rarely
directly gave a diagnosis according to the dermoscopic
picture only. On the other hand, according to our
experience, training AI with clinical pictures and dermo-
scopic images will reduce the accuracy. Therefore, when
training and testing AI, solely dermoscopic images were
provided. The gold standard was created by biopsy (BCC)
and expert consensus (all others).

Statistical analysis

In the reader study, sensitivity, specialty, and their 95%
confidence interval (CI) were calculated. Kappa coeffi-
cients were used to assess the consistency between
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indicates good consistency, 0.40 to 0.75 indicates moder-
ate consistency, and <0.40 indicates poor consistency.
Adjusted Z-tests were used to assess differences in Kappa
coefficients between dermatologists and CNN. Results
were considered statistically significant at the P< 0.05
level. All analyses were carried out using SAS 9.4 (SAS
Institute Inc., Cary, NC, USA).

Results
Performance of CNN for the multiclass model

The average accuracy ± standard deviation was
81.49%± 0.88%. The fluctuation of the accuracy of
classification was only ± 0.88%, demonstrating robustness
of the CNN. The diagnosis sensitivity and specificity were
0.825± 0.060 and 0.960± 0.007 for BCC, 0.789± 0.015
and 0.923± 0.008 for MN, 0.749± 0.029 and
0.920± 0.008 for SK, 0.869± 0.017 and 0.936± 0.010
for the“others” group. TheAUC scores of diagnosing BCC,
MN, SK, and “others”were 0.972± 0.011, 0.952± 0.014,
0.933± 0.014, and 0.965± 0.005, respectively. The ROC
graphs and the corresponding confusion matrix for each
category from one experiment are shown in Figure 4A–4D
and Table 2.

Performance of CNN for the two-class model
The average accuracy of the “psoriasis vs. other
inflammatory diseases” group was 77.02%± 1.81%.
The two-class model achieved 0.797± 0.040 sensitivity
and 0.719± 0.078 specificity for psoriasis. The ROC
graphs for each category from one experiment are shown
in Figure 4E and 4F. And the average AUC for this binary
classification model is 0.840± 0.022.

Comparison between CNN and dermatologists
The general information of the 164 board-certified
dermatologists is shown in Table 3. As Table 4 shows,
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in the multi-class tasks, the diagnosis sensitivity and
specificity of 164 dermatologists were 0.770 (95% CI

ofmulti-class CNNwere 0.800 (95%CI 0.442–0.965) and
1.000 (95% CI 0.925–1.000)] for BCC, 0.800 (95% CI

Figure 4: Receiver operating characteristic (ROC) graphs for basal cell carcinoma (A), melanocytic nevus (B), seborrheic keratosis (C), and other groups (D) for one test of the ten-fold cross-
validation, which comes from the same test as Table 4. ROC graphs for psoriasis (E) vs. other inflammation conditions (F) for one test of the ten-fold cross-validation.
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0.415–0.952) and 0.962 (95% CI 0.868–0.992) for BCC,
0.807 (95% CI 0.565–0.938) and 0.897 (95% CI 0.770–
0.961) for MN, 0.624 (95% CI 0.386–0.818) and 0.976
(95% CI 0.874–0.998) for SK, 0.939 (95% CI 0.716–
0.995) and 0.875 (95% CI 0.744–0.947) for the “others”
group, respectively; the diagnosis sensitivity and specificity

2

0.557–0.934) and 0.840 (95% CI 0.703–0.924) for MN,
0.850 (95% CI 0.611–0.960) and 0.940 (95% CI 0.825–
0.984) for SK, 0.750 (95% CI 0.506–0.904) and 0.940
(95% CI 0.825–0.984) for the “others” group, respective-
ly. In the two-class tasks, the sensitivity and specificity of
dermatologists and CNN for classifying psoriasis were

http://www.cmj.org


0.872 (95% CI 0.650–0.968) and 0.838 (95% CI 0.677–
0.932), 1.000 (95% CI 0.815–1.000) and 0.605 (95% CI

together. We used the test set from one experiment for the
multiclass model in Figure 5A. All images in the experiment

Table 3: Demographics of 164 board-certified Chinese dermatolo-
gists.

Characteristics Results, n (%)

Age (years)
<30 39 (23.8)
31–40 70 (42.7)
41–50 40 (24.4)
>50 15 (9.1)

Sex
Male 41 (25.0)
Female 123 (75.0)

Experience of dermatology (years)
1.0–3.0 38 (24.8)
3.1–5.0 24 (15.7)
5.1–10.0 33 (21.6)
10.1–20.0 32 (20.9)
>20.0 26 (17.0)

Table 2: Confusion matrix of CNN in one test of ten-fold cross-
validation.

True label

Predicted label BCC MN SK Others

BCC 30
∗

4‡ 6‡ 6‡

MN 3† 154
∗

14† 14‡

SK 3† 16† 152
∗

12‡

Others 1‡ 13† 17† 275
∗

Total 37 187 189 307
Accuracy (%) 81.08 82.35 80.42 89.58

The abscissa of the confusionmatrix represents the true label, the ordinate
represents the prediction label, and the number in each column shows the
instances in a predicted class. The diagonal line represents the correct
numbers of cases in which each group of diseases was diagnosed correctly.
Based on the confusion matrix, all categories reached 80% classification
accuracy, and the probability of each disease beingmisdiagnosed as one of
the other three categories was less than 12%. Percentage within each
column:

∗
Greater than 50%, †Greater than 5% but less than 12%, ‡less

than 5%. BCC: Basal cell carcinoma; CNN: Convolutional neural
network; MN: Melanocytric nevus; SK: Seborrheic keratosis.

Table 4: The classification sensitivity, specificity, and Kappa coefficient compared with reference standard of 164 board-certified
dermatologists and the CNN.

Disease category Dermatologists CNN P value

Multi-class model
Basal cell carcinoma
Sensitivity (95% CI) 0.770 (0.415–0.952) 0.800 (0.442–0.965) –

Specificity (95% CI) 0.962 (0.868–0.992) 1.000 (0.925–1.000) –

Kappa coefficient (95% CI)
∗

0.732 (0.500–0.964) 0.873 (0.700–1.000) 0.459
Melanocytic nevus
Sensitivity (95% CI) 0.807 (0.565–0.938) 0.800 (0.557–0.934) –

Specificity (95% CI) 0.897 (0.770–0.961) 0.840 (0.703–0.924) –

Kappa coefficient
∗

0.690 (0.503–0.877) 0.604 (0.404–0.804) 0.537
Seborrheic keratosis
Sensitivity (95% CI) 0.624 (0.386–0.818) 0.850 (0.611–0.960) –

Specificity (95% CI) 0.976 (0.874–0.998) 0.940 (0.825–0.984) –

Kappa coefficient (95% CI)
∗

0.662 (0.461–0.864) 0.790 (0.630–0.950) 0.331
Others
Sensitivity (95% CI) 0.939 (0.716–0.995) 0.750 (0.506–0.904) –

Specificity (95% CI) 0.875 (0.744–0.947) 0.940 (0.825–0.984) –

Kappa coefficient (95% CI)
∗

0.757 (0.595–0.920) 0.711 (0.525–0.897) 0.714
Two-class model
Psoriasis
Sensitivity (95% CI) 0.872 (0.650–0.968) 1.000 (0.815–1.000) –

Specificity (95% CI) 0.838 (0.677–0.932) 0.605 (0.435–0.755) –

Kappa coefficient (95% CI)
∗

0.688 (0.502–0.875) 0.529 (0.502–0.875) 0.232

CI: Confidence interval; CNN: Convolutional neural network.
∗
Compared with reference standard.

Chinese Medical Journal 2020;133(17) www.cmj.org
0.435–0.755), respectively. Both the dermatologists and
CNN achieved at least moderate evaluation consistency
with the reference standard, and there was no significant
difference in Kappa coefficients between them (P > 0.05).

Visualization of internal features
033
Each point in the t-SNE plot represents a dermoscopic
image. Similar images are more likely to be clustered

2

for the multiclass model are plotted in Figure 5B.

Discussion
In recent years, several studies have reported the application
of deep learning for the classification of skin diseases,
especially skin tumors.[27-37] Most of them used the pre-
trained ResNet50 CNN network,[33-37] using images from
the International Skin Imaging Collaboration. To verify the

http://www.cmj.org


consistency of results published by the Stanford Universi-
ty[24] for Chinese hospital use cases, we developed the

cases in total. However, it contains only 25 cases of
malignant melanoma (188 dermoscopic images); and

Figure 5: The Stochastic Neighbor Embedding (t-SNE) plot of the multi-class model. (A)
The red cluster below represents the BCC cluster. The blue cluster has several subgroups,
corresponding to multiple disease types in the “others” group. The patterns for MN and SK
classes are not revealed. (B) When using all the images, the pattern of MN is seen to
distribute mostly in the bottom right corner. The clusters for SK are split crossed. The
pattern for the “others” and BCC groups is similar to Figure (A). BCC: Basal cell carcinoma;
CNN: Convolutional neural network; MN: Melanocytic nevus; SK: Seborrheic keratosis.

Chinese Medical Journal 2020;133(17) www.cmj.org

034
algorithmbasedon thepre-trainedGoogLeNet Inception v3
CNN network for our own dataset. As for the disease
spectrum, they were mostly focused on distinguishing
melanoma, nevi or skin cancer images. Images of inflam-
matory skin conditions, including psoriasis and acne
vulgaris, were innovatively added to the multiclass training
dataset for skin tumor classification in this study toverify the
CNN’s ability to learn dermoscopic features of inflamma-
tory skin diseases, and to determine whether CNN can
distinguish skin tumors from inflammatory skin conditions.
This is the first study, to the best of our knowledge, focusing
on using deep-learning-based approach to automatically
classify dermoscopic images formost common skin diseases
inChinesepopulation.The study includes themost common
skin tumorsand inflammatorydiseases inChina.Melanoma
is excluded from the classification list because the incidence
of malignant melanoma in the Chinese population is
relatively low (less than 1/100,000[38]) and the number of
pictures is limited. From 2014 to 2018, we collected about
130,000 dermoscopic images that include about 14,000

2

89/188 images are further excluded because they are
located in the nail or with notes. Moreover, the most
common type is the acral malignantmelanoma (41.8%),[38]

and the superficial type is relatively rare. It is relatively easy
to diagnosis acral malignant melanoma as the associated
features are usually easy to be distinguished from other
tumors. Therefore, the skin tumors in this study do not
contain malignant melanoma, but focus on three most
common skin tumors (BCC, melanocytic nuvus, and SK).

In previous studies, Esteva et al[24] used 129,450 images
and demonstrated that a CNN could achieve dermatolo-
gist-level classification of skin cancer, including keratino-
cytic and melanocytic tumors. In the study of Fujisawa
et al,[22] CNNs were trained on approximately 5% (4867
images) that number of images; for 14 skin tumors, the
overall classification accuracy of the CNN was 76.5%,
which was a statistically higher accuracy than the board-
certified dermatologists. Similar to Fujisawa’s study,
satisfactory overall classification accuracies (81.49%
and 77.02%) were achieved using modest datasets
(7192 and 3115 images) in our study, which showed
that, as long as the images were correctly labeled, a well-
performed CNN classifier can be developed using a much
smaller training dataset.

Our previous study, which tested over 1000 dermoscopic
images for the model of four classes, had an average
accuracy of 87.25% ± 2.24%.[28] The robustness of our
algorithm improved; however, the accuracy decreased
from 87.25% to 81.49%. A possible reason could be the
images in the “others” group, which included inflamma-
tory skin conditions. It might be difficult for CNN to
generate key features for classification of many different
skin diseases within the same category. The results of the
“Performance of CNN for the multiclass model” showed
that the SK group had the worst performance, while the
accuracy of SK in the reader study was the best. It
demonstrated that the differences in the level of difficulty
inherent to images of the test set will directly impact the
diagnostic performance of the algorithms.

To serve as a reference comparator to the automated
algorithm, it is of the utmost importance to include a large
group of dermatologists.[39] This study compared CNN
diagnostic performance to 164Chinese dermatologists with
more than 10 h of systematic dermoscopy training. To
the best of our knowledge, this was the largest group of
dermatologists involved for such studies. In Fujisawa’s
study, the accuracy of 13board-certifieddermatologists and
nine dermatology trainees was compared to the accuracy of
their CNN.[22] Han et al[29] compared the accuracy of a
computer classifier to16dermatologist boardmembers.The
publication of Haenssle et al[27] included 58 dermatologists
in the comparisonwithCNN’s diagnostic performance.Our
previous study included 95 experienced dermatologists
who had received dermoscopy training in the differential
diagnosis of pigmented nevus and SK. We concluded that
performance of CNN automatic classification model is
similar to that of experienced dermatologists in the two
classification of pigmentednevus andSK.[40]And recently, it
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has been reported that deep learning outperformed 112
dermatologists or 136 of 157 dermatologists in a dermo-

Based on a single dermoscopic image, the performance of
this CNN was comparable to 164 board-certified

1. Zhao S, Xie B, Li Y, ZhaoX, Kuang Y, Su J, et al. Smart identification
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scopicmelanoma image classification task ormulticlass skin
cancer image classification.[33,36]This demonstrates that our
models are as accurate as large-scale trained dermatologists,
andmay potentially be used as a pre-screening tool to assist
general physicians to make recommendations or for
dermatologists to prioritize their efforts, especially since a
considerable number of Chinese dermatologists do not have
systematic training in dermoscopy.

Furthermore, we developed a two-class model for psoriasis
and other inflammatory diseases as a pilot test and achieved
anaverageaccuracyof77.02%.Theprevalenceofpsoriasis is
about 0.59% in China[41] and the involved population
reachedup to8.26million. It is a cosmeticallydebilitatingand
chronic disease which occurs both in developing and
developed countries. In many hospitals in China, misdiagno-
sis and missed diagnosis of psoriasis occur often. To the best
of our knowledge, there is currently no differential diagnosis
model for dermoscopic images of psoriasis and other
inflammatory diseases for Chinese population. This model
achieved 100% sensitivity during the competition of 164
dermatologists vs. computer algorithm which has the
potential to help dermatologists improve the early diagnosis
and treatment of psoriasis significantly. It shows that our
model prefers to classify the image under the category of
“psoriasis,” and all the real psoriasis images are classified
correctly. Wemight need to adjust the weights of two classes
during the training process. Since the size of our second
testing set is relatively small, 22 images for psoriasis group
and 38 images for the other group, the accuracy, sensitivity,
and specificity results from ten-fold cross validation aremore
valued.And these results also indicate that ourmodelwas not
over-fitting. Unfortunately, other inflammatory disease
groups here included only seborrheic dermatitis, eczema,
lichen planus, and pityriasis rosea. Larger datasets including
data onmore psoriasis-related diseases are needed to develop
amore efficient classificationmodel forpsoriasis in the future.

There are several limitations to our study. First, our dataset
was created using only the database of the dermatology
department of the Peking UnionMedical College Hospital;
due to the lack of diversity, it is possible that the sensitivity
and specificity will be different when a different dataset is
used. Second, although CNN achieved equal accuracy to
the dermatologists in our study, this classification was
based on the information obtained from only dermoscopic
images (for CNN) or dermoscopic and clinical images (for
dermatologists). If additional information, such as loca-
tion, tactility, clinical course, subjective symptoms, age,
and sex of the patients, were provided, the classification
accuracy may be different.[42] Further studies are needed to
clarify this hypothesis. Third, the dataset covered only 11
diseases and lacked the full spectrum of skin lesions
encountered in clinical practice. To overcome this issue,
future research can focus on ensuring the diagnostic
sensitivity and specificity of the CNN model for each
disease while increasing the categories of diseases.

In conclusion, we used a CNN trained with modest
numbers of dermoscopic images from the Chinese
population to develop two efficient skin disease classifiers.

2

dermatologists with more than 10 h of dermoscopy
systematic training in the classification of skin tumors and
psoriasis. Next, we will apply this system to a professional
medical network platform open to dermatologists in China
(https://ai.dxy.cn) to find more ways to improve the
models’ classification performance.
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