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Abstract
According to diagnostic criteria, skin tumors can be divided into three categories: benign, low degree and high degree malig-
nancy. For high degree malignant skin tumors, if not detected in time, they can do serious harm to patients’ health. However, in
clinical practice, identifyingmalignant degree requires biopsy and pathological examination which is time costly. Furthermore, in
many areas, due to the severe shortage of dermatologists, it’s inconvenient for patients to go to hospital for examination.
Therefore, an easy to access screening method of malignant skin tumors is needed urgently. Firstly, we spend 5 years to build
a dataset which includes 4,500 images of 10 kinds of skin tumors. All instances are verified pathologically thus trustworthy;
Secondly, we label each instance to be either low-risk, high-risk or dangerous in which Junctional nevus, Intradermal nevus,
Dermatofibroma, Lipoma and Seborrheic keratosis are low-risk, Basal cell carcinoma, Bowen’s disease and Actinic keratosis are
high-risk, Squamous cell carcinoma and Malignant melanoma are dangerous; Thirdly, we apply the Xception architecture to
build the risk degree classifier. The area under the curve (AUC) for three risk degrees reach 0.959, 0.919 and 0.947 respectively.
To further evaluate the validity of the proposed risk degree classifier, we conduct a competition with 20 professional dermatol-
ogists. The results showed the proposed classifier outperforms dermatologists. Our system is helpful to patients in preliminary
screening. It can identify the patients who are at risk and alert them to go to hospital for further examination.
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Introduction

Skin tumor is a common disease and most of them are benign.
However, a small fraction of skin tumors could turn to malig-
nant skin cancers which are fatal to patients [1]. Take melano-
ma for example, although it only makes up 1% of all skin
cancers, melanoma processes an extremely high fatality rate
[2] and becomes a major public health concern [3–7]. Besides
melanoma, there’re also other high-risk skin cancers, like
squamous cell carcinoma which is also a common malignant
neoplasm. The incidence rate of skin cancers is increasing
worldwide [1], only in US, more than 5 million people are
diagnosed to be skin cancer each year. Due to the severe im-
pact and high incidence rate of skin cancer, evaluating the
malignancy degree of skin tumors become an important task.

In clinical setting, the golden diagnosis of benign and ma-
lignant skin tumors requires biopsy and pathological examina-
tion, which are time-consuming and costly for patients.
Moreover, in China, there is a severe shortage of dermatolo-
gists, the dermatologist and patient ratio is as large as 1:60000.
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In the rural area of China, there are few dermatologists.
Therefore, it’s very inconvenient for patients to go to hospital,
as theymay need to go to superior hospital in big city and wait a
long queue for examination. In this case, if there is an easy-to-
access preliminary screening method, we can identify the pa-
tients who are at risk and alert them to go to hospital for further
examination. For example, if the skin lesions are recognized as
benign, there is no need for patients to worry, just keep moni-
toring the condition. If the skin lesions are recognized as low-
malignant, it may be necessary for patients to go to nearby
hospital for confirmation. If the skin lesions are recognized as
high-malignant, patients need to go to superior hospital urgent-
ly. In this case, patients can avoid delaying treatment because of
no awareness of malignant melanoma, or worrying too much
about their lives because of a pigmented plaque, while it only is
pigmented nevus. Therefore, design an automatic grading sys-
tem for skin tumors will bring great convenience to patients
which lack of adequate medical knowledge.

To help patients to conduct preliminary screening, in this
paper, we explore the deep neural network to automatically
grade the malignancy of skin tumors. Recently, the rapid de-
velopment in deep learning have made great achievements in
many computer vision tasks. Deep learning is a class of ma-
chine learning algorithms which use a cascade of multiple
layers of nonlinear processing units for feature extraction and
transformation. The convolutional neural network (CNN) is
one of the deep learning models and have achieved great em-
pirical successes in field of computer aided diagnosis, such as
diabetic retinopathy [8], genetic disorders [9] and radiology
[10]. Dermatology is another case demonstrating promising
results by using CNNs. Liao H et al. trained multi-class CNN
classifiers for universal skin diseases, achieving high accura-
cies [11–13]. Sun X et al. have attempted to classified 128 skin
diseases by using CNNs [14]. Moreover, skin tumors have
been focused on particularly by many researches in this filed
because of its fatalness. For instance, [15–17] were based on
dermoscopic images and [18, 19] were based on clinical im-
ages. As a landmark publication, Esteva et al. used 129450
images to train a binary (benign/malignant) classifier and the
performance can reach the same level as that of board-certified
dermatologists [18]. Haenssle et al. demonstrated that the
CNN’s diagnostic performance was superior to most but not
all dermatologists, in conjunction with results from the reader
study level-I and -II (level-I: dermoscopy only; level-II:
dermoscopy plus clinical information and images) [20].
Walker et al. proposed a novel two-stage bedside skin cancer
diagnosis system and achieved a high accuracy in a prospec-
tive study [21]. However, all studies are about the classification
of specific species of skin tumors but automatic grading of
malignant degree for patients to conduct initial screening by
themselves has not been well explored.

In this paper, we propose a deep learning model to evaluate
the risk level of skin tumors. Firstly, since the quality of deep

learning model heavily relies on the quality of training data,
we spend 5 years to collect data from in Xiangya hospital
which is top hospital in China. This data set includes 10 kinds
of skin tumors and each instance is verified pathologically,
thus the label is trustworthy; Secondly, we design a classifier
which could grade malignant degree into three levels: low-
risk, high-risk and dangerous. Our model can reach the accu-
racy of 82.7%, and the ROC for these risk degrees reach 0.959
for low-risk, 0.919 for high-risk and 0.947 and dangerous
respectively. To further verify the performance of the pro-
posed classifiers, we conduct a competition with 20 profes-
sional dermatologists in which the proposed risk degree clas-
sifier outperforms professional dermatologists. Based on our
classification results, for low-risk, we recommend patients
keep monitoring condition; For high-risk, we recommend pa-
tients go to nearby hospital; For dangerous, we recommend
patients take pathological examination in superior hospital
immediately.

Material and methods

The dataset was considered for use in this study, named as
XiangyaDerm, which was collected from Xiangya Hospital
by using professional digital camera (Canon, Resolution:
350dpi). A total of 150,223 clinical images taken from 2014
through 2018 were contained in this dataset. This dataset in-
volved 543 skin diseases, from which we selected 10 types of
skin tumors for studying grading of malignant degree, consid-
ering data volume and data balance. The sample of 10 types of
skin tumors is shown in Fig. 1. Each image has a correspond-
ing medical history and pathological diagnosis.

Data filter

We conduct a data pre-processing over collected images be-
fore training a classifier. In particular, the images of skin le-
sions coated by colored potion may mislead CNNs to learn the
incorrect color characteristic of a disorder. The lesions of some
special parts like finger terminal have not enough area to rep-
resent more feature, and most images of them have more
background than skin area. Hence, we remove them from
dataset. Other types of images like skin lesions covered by
hair and excessive exudate on the skin surface was also con-
sidered to be abandoned.

Annotation

Annotation is conducted by professional dermatologists. The
ground truth labels need to be verified by pathological exam-
ination and confirmed by the information of medical record
and doctor’s experience accumulate over a long period of
time. Two types of annotation containing bounding box and
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the name of its class were provided by using labeling tool.
Hence, a standardized dataset could be accessed for detection
and classification tasks.

Method

The core algorithm of our system is deep learning method.
The Google team proposed GoogLeNet in 2014 and then pro-
posed various modifications, further producing networks,
such as Inception v3, InceptionResNet V2, and Xception, with
a lower error rate. Xception adopts depth-wise separable con-
volution to replace the convolution action of the original
Inception v3 and improves the network performance. We
fine-tuned the Xception pretrained on ImageNet to complete
the task of soring degree. Software tools for deep learning

were available widely, which we chose was Tensorflow
(https://www.tensorflow.org; Google Brain Team, Mountain
View, CA).

The training of deep learning method can be understood as
the process of super-high dimension parameter fitting. Cross
entropy as the loss function of the model was used to depict
the distance between the real label of the picture and its pre-
dicted label. The formula was expressed as follows:

L ¼ −
1

N
∑
N

n¼1
ynlogŷn þ 1−ynð Þlog 1−ŷn

� �h i

Where N is the number of sample in a batch, yn is the true
label, ŷn is predicted label. In order to achieve a smaller loss
function as soon as possible, a reasonable weight updating
strategy needs to be set up. We used RMSprop as the

Fig. 1 The sample of 10 types of skin tumors in our dataset. The images with green boxes in the first row are from low-risk diseases; the images with
yellow boxes in the second row are from high-risk diseases; the images with red boxes in the second row are considered from diseases

Fig. 2 Procedure of risk grading system for skin tumor based on deep learning
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optimizer, decay rate was set as 0.9, learning rate was set as
0.001. And epoch was set as 100 for better training effect.

The test set was chosen from 4500 images in accordance
with a ratio of 1/4 of the entire data set. The rest were used for
training. We input images into networks in batches and the
batch size was set to be 25 considering the computing power
of graphics card and the fitting efficiency of the algorithm. To
avoid similar pictures in same batch, we shuffled the order of
the data in the import process.

The procedure of our system can be summarized into four
steps as shown in Fig. 2. In step one, patients are asked to
obtain clinical images using smartphones, which are accessi-
ble device for most people. In step two, the captured images
were submitted by a purpose-built application to the classifier
trained by deep learning method, and core algorithm often
operate in the cloud. In step three, three degrees of malignancy
are output. According to textbooks andmedical guidelines, we
define Junctional nevus, Intradermal nevus, Dermatofibroma,
Lipoma and Seborrheic keratosis as benign, Basal cell

carcinoma, Bowen’s disease and Actinic keratosis as low-ma-
lignant, Squamous cell carcinoma and Malignant melanoma
as high-malignant. When predicted skin tumor is benign, we
regard it as low-risk to health. There is no need to worry too
much about condition for patients, and they only need to keep
monitoring the condition and take some preventive measures
such as reduce sun exposure. When predicted skin tumor is
low-malignant, we regard it as high-risk to health. Patients are
suggested to visit a nearby hospital; If predicted skin tumor is
high-malignant, it will dangerous for patients to do nothing.
They are urgent to do pathological examination in major hos-
pital. In the last step, all predicted results and corresponding
recommendation will be sent to the uploader.

Results

In this section, we conduct two tests to evaluate performance.
Firstly, our classifier was test on 1125 clinical images. Then,

Fig. 3 Receiver operating characteristic (ROC) curves for malignant de-
gree grading. Test1(dark blue curve) was tested with 1125 images using
Xception; test2 usingXception (dodger blue curve) and 20 dermatologists

(orange dot 20 dermatologists; green triangle average value of 20 derma-
tologists) were tested with 60 chosen images from the Xiangya dataset.
(a)Benign. (b)Low degree. (c)High degree
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sensitivity which represents the proportion of correct predic-
tion in positive samples and specificity which represents the
proportion of correct prediction in negative samples were cal-
culated. And both of them could reflect the condition of
missed diagnosis and misdiagnosis. In our prediction system,
the output class of networks determined bywhether exceeding
the set threshold. By adjusting the threshold, we could obtain a
series of sets consisting of sensitivity and specificity, and re-
ceiver operating characteristic curves (ROC) were shown in
Fig. 3. The area under the curve (AUC) for the grade of be-
nign, low degree and high degree were 0.959, 0.919 and
0.947. Youden index is defined for all points of ROC curve
(sensitivity + specificity −1). We used maximum value of the
index for selecting the optimum threshold and results. From
the Fig. 3, we could know that sensitivity (1 – the probability
of missed diagnosis) and specificity (1 – the probability of
misdiagnosis) were 0.93, 0.88 for benign, low degree of those
were 0.85, 0.85, and high degree of those were 0.86, 0.91. It
indicated that our Artificial intelligence (AI) system has a very
small probability of misdiagnosis and missed diagnosis to
three malignant degrees. In this test, the overall accuracy
could achieve 0.827, which also indicated our classifier have
good performance.

For practical purposes, 60 test images were chosen
from Xiangya dataset to compare the performances of
the AI system with 20 dermatologists. Each grade
contained 20 pictures. The false positive rate and true
positive rate of every dermatologist were plotted and
shown in Fig. 3. For 20 dermatologists, Average value
of false positive rate and true positive rate were (0.049,
0.61), (0.29, 0.495) and (0.29, 0.64), which were worse

than deep learning method. We found that most of these
points are below the curve, which indicated our AI system
could outperform the dermatologists in the Malignant de-
gree grading. Moreover, Fig. 4 shown the confusion ma-
trix of our method in comparison to the 20 tested derma-
tologists. Element (i, j) of each confusion matrix repre-
sents the empirical probability of predicting class j given
that the ground truth was class i. We could get the result
from the figure that low degree and high degree were
easier to be confused than benign by both AI system
and dermatologists. However, AI system have better over-
all performance.

Discussion

The low accuracy of human dermatologists can be explained.
In clinical practice, there is no strict criteria for the grades of
skin tumors malignant degree, and there is no clear boundary
for the different degrees. Hence, some doctors will have dif-
ferent grading results for skin diseases being on the boundary
and deviate from our preset boundaries, so the final result is
that benign diseases are easy to be confused with low-
malignant skin diseases, low-malignant diseases are easy to
be confused with high-malignant diseases, while high-
malignant diseases are difficult to confuse with benign dis-
eases. However, our AI system is mainly used in the initial
screening for patients, we don’t need to accurately diagnose
individual diseases. As long as it has a good grading result
under a given boundary, the system will help most patients
and doctors.

Fig. 4 Confusion matrices on test set which contains 60 chosen images from the Xiangya dataset. (a) average result of 20 dermatologists. (b) Deep
learning method
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The training set in this paper does not cover all types of
skin tumors. In order to verify whether it has the function of
preliminary malignant screening when encountering diseases
not contained in training set. We selected 540 pictures of hem-
angiomas and syringomas belonging to benign dermatosis as
the new test set. The experimental results show that the accu-
racy of our AI system can reach 0.72. We supposed that our
algorithm can learn the uniform depth features of specific
malignant degrees. Even if we encounter other diseases not
included in the training set, we can grade the malignant degree
with a higher accuracy. The corresponding APP have been
working on. We hope that in the future, patients in areas with
insufficient medical resources can utilize this APP to deter-
mine the malignant degree initially, and according to the re-
sults, they can consider whether there is an urgent need to do
biopsy and pathological examination.

However, this AI system still has obvious shortcomings.
We tried to test our system with datasets from other races. A
total of 1015 images were selected from Atlas Derm dataset,
DermIS dataset and Derm101 dataset and divided into three
malignant levels to build a new test set. The ROC curve is
shown in Fig. 5. Compared with the previous results, the per-
formance on this dataset have obviously decreased. We sup-
posed that different races have contributed to this situation. In
fact, similar phenomena have occurred in Han S S et al.
Therefore, for better generalization performance, it will be
important to increase the number of available clinical images
of patients of different ages and ethnicities in future study.

Conclusions

In this paper, we built a new dataset accumulated from
Xiangya Hospital Central South University for malignant de-
gree grading. All images were annotated by professional

dermatologists and verified pathological. We have divided
the risk grades into three levels through the degree of malig-
nancy: low-risk, high-risk and dangerous. The experimental
results and human-versus-machine competitions prove that
our system is capable of automatically grading a given clinical
image of skin tumors. This is the first time that deep learning
method have been attempted to be used in automatic risk
grading for skin tumors. These results may have implications
in the computer aided systems for skin diseases and our sys-
tem are helpful to patients in preliminary screening before
diagnosis by themselves.
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