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exposure to sun, history of sunburns, less melanin, Precancerous skin lesions, moles, etc. This

occur when unrepaired DNA damages the cells of the skin. It is one of the diseases that are
viewed on its quick evolution and the most common type of cancer that endangers life. Researchers
have implemented several machine learning and deep learning techniques for classification of skin
cancer. In this research paper, different cancer categories are classified using significant attributes.
We have used International Skin Imaging Collaboration (ISIC) dataset for classification purposes.
This dermoscopic attributes dataset includes 1000 images and 10016 instances, seven categories, 5
features and 2 Meta attributes. We implemented K-Nearest Neighbor, Logistic Regression,
Convolutional Neural Network, Naive Bayes, and Decision Tree for classification and compared
their performance. In order to implement classification algorithm, we used Orange which is an
open-source machine learning, data mining, and data visualization toolkit. The models are evaluated
based on matrices that include Accuracy, C. Automation, F1 score, Precision, Recall, and AUC.
Furthermore, frequency of features is visualized using graphical method and the ROC analysis is
also performed for the classifiers. It is observed that CNN technique provided the highest accuracy
of 89% and the mentioned results are the highest results of classification with the state of the art
techniques. For future, the improved and recent dataset and ensemble modelling techniques based
on deep learning can used to enhance classification results. The research can also be extended for
other cancer types using CNN.
Keywords: skin cancer; classification;

: ; kin cancer is an uncontrolled development of abnormal skin cells potentially due to excessive
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Introduction

Skin is the principal and greatest organ of the human body. Skin covers the bones, muscles,
and all body parts. Even a small problem can lead to major damage. Various types of skin cancers
may occur due to some infections. Usually, people visit the consultant when cancer reaches its
critical stage and the patient may face trouble in recovering [1]. Skin cancer is an aggressive form
of cancer amongst various types of cancers. The number of patients affected by skin cancer has
risen to 53% over the last decade. In the United States, 01 in 52 women, and 01 in 32 men were
infected with melanoma, and approximately 10 million people have died from melanoma. Latest
studies revealed that 98% of the patients who survive early identified with melanoma and only 17%
survive when melanoma was left incurable at its initial level [2][3]. Approximately 178,560 new
melanoma cases have been reported in the US since 2018, including non-invasive 87,290 and
invasive 91,270 cases. Furthermore, melanoma-related deaths have reached up to 9,320, which
involves 3330 women and 5990 men [4][5].

Figure 1. shows the different types of skin lesions.
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Figure 1. Skin lesion classification tree

Skin cancer is categorized into seven forms. Actinic keratoses (akiec) Is a rough, scaly patch,
which is commonly found at face, lips, and back. Basal Cell Carcinoma (BCC) is a category of a
non-melanocytic malignant lesion. It is a public type, but the least dangerous form of a tumor. It
grows slowly and is most common in areas of skin that is exposed to the sun more often like face.
Mostly on the neck, skull, and upper torso. Squamous Cell Carcinoma (SCC) is mostly on dark skin
color. It is mostly on the legs and feet. Benign keratosis (bkl) natural, harmless, non-cancerous
growth on the skin is seborrheic keratosis. It occurs generally as a red, black, or brown growth on
the back, arms, chest, or face, dermatofibroma (df) is a common type of benign skin tumor seen
most often on the legs, small, slow-growing, typically firm, red-to-brown bump, Pigmented nevi
(moles) are skin lesions that are generally black, brown or skin-colored, melanoma (melanoma), and
vascular skin (vascular), is the most commonly diagnosed lesions in skin cancer. The physicians
developed various strategies for skin lesion assessment comprising CASH, 7-point checklist, and
ABCD rule [6].

ISIC database is the world’s biggest publicly available repository for dermoscopic images
of skin lesions. In 2018 ISIC conducted an image analysis competition in which participants were
to practice a dermoscopic image using the HAM 10,000 dataset to recognize one of seven classes:
melanoma, melanocytic NV, bcc, actinic keratosis, bkl, df, and vascular lesion [7]. This initiative is
a follow-up to a similar approach last year, which was held in collaboration with the 2017
International Biomedical Imaging Symposium [8].
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Dubal et al. [9] used a Neural Network and ABCD rule has been used to classify the image
to a high degree of accuracy. Their techniques were applied as an expert software program, where
users provide input in terms of cancer images and identified skin lesions are beginning or malignant.
Farooq et al. [10] applied different algorithms on the different datasets and provided comparative
analysis. They used SVM and NN classifiers to classify the segmented moles. R. Ashraf et al.
presented the use of deep learning in their research work for the classification of skin cancer images
in an effective way [11]. Mhaske et al. [12] compared different ML algorithms by using the ph2
dataset. They classified melanoma skin cancer on supervised and unsupervised Machine learning.
Murthi et al. suggested a computer-aided melanoma skin cancer identification using ANN. They
calculate accuracy on MATLAB and achieved the highest accuracy of 96%. Ramlakhan et al. [13]
used the classical machine learning techniques to design a technique to classify benign and
malignant lesions. When tests were conducted on 83 images, with an accuracy of 66.7 percent.
Some scientists also focus on skin diseases other than skin cancer. AUR Butt et al. presented a
computer-aided diagnosis for segmentation and classification of burnt human skin by using
different machine learning algorithms by incorporating the comparison between all the used
algorithms [14].

Islam et al. [15] concentrated on the development of a portable classification system for
pigmented skin lesions. The classification system proposed for skin lesions uses image processing
and artificial intelligence to evaluate the texture-based characteristics derived from the image of the
disease. The arsenic detection accuracy and recall rates were 88% and 84%. A mobile-based
optimization approach for the classification of benign and malignant lesions were implemented by
Aleem et al. [10]. Trained and tested on the dataset, the smartphone app contained only 84 images.
Research and testing on small dataset, results in 80% sensitivity and 75% specificity. Hekler et al.
[17] integrated human intelligence and artificial intelligence to identify skin cancer. Using 11,444
dermoscopic images a specific CNN was trained to classify skin lesion images into five groups.
These images have also been classified by dermatologists, and it has been discovered that human
and artificial intelligence combines to accomplish superior results. Their proposed methodology
achieved 82.95% accuracy. Mobile phones are also utilized in the field to classify skin lesions.

F. A. Khan et al. presented the use of deep convolutional neural networks in their research
work for the segmentation and classification of burnt skin images of human beings [18]. One such
attempt Ahmed et al. [19] did where 48,373 dermoscopic images were trained for binary
classification of skin lesions using the Convolutional Neural Network model MobileNetV2. Using
the qualified model, a skin lesion image with an accuracy rate of 91.33% was graded as benign or
malignant. After the classification model was trained, an iOS-based mobile app was designed to
assess its efficiency on unseen images. Abbas et al. [20] used the standard approach to machine-
learning to identify benign and malignant skin lesions. 900 images were included in their proposed
approach. Second, segmentation of the image using an edge detection technique to remove the
ROL. Texture-based characteristics were extracted and SVM was applied to them to achieve the
overall classification mark and 99.02% accuracy was obtained. F. A. Khan et al. presented the use
of DCNN for segmentation and depth classification of burnt human skin by claiming that their
obtained results are the best and highest results among the previous results of the state-of-the-art
techniques of related works [21].

Deep learning methods are also being used for the classification of skin lesions by using
pre-trained learning models. Mahbod et al. [22] have suggested a fully automated classification
scheme. Features were produced using AlexNet [23], VGG16 [24], and ResNet-18 [25] in the
implemented classification scheme, and passed for final prediction to the SVM classifier. The
experimental classification scheme was tested on 150 images and the melanoma and seborrheic
keratosis yielded a region under the curve of 83.83 % and 97.55% respectively.

In this article, the flow is the programmert's design section in which the system's mathematical
model that defines the console's input and the output state is clarified. The classification results
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obtained by these algorithms and their precision are also discussed. Finally, the results are discussed
in terms of accuracy for various kinds of classifiers.

In this work, we experimented with the ISIC 2018 dataset. The classification is performed
using Convolutional Neural Network, Logistic Regression, K-Nearest Neighbor, Naive Bayes, and
Decision Tree.

Material and Methods
Dataset site

HAM 1000 [8] (Human against a machine with 10000 images) released by International
Skin Imaging Collaboration (ISIC) including 10016 instances. The dataset is a multi-classification
with seven different labels. The main objective of using a dataset is to classify the different
categories of skin cancer. It is publicly available for academics used to perform machine learning
processes. The dataset consists of dermoscopic attributes. 40% dataset are considered as training
and 60% are considered as testing. The dataset consists of 5 features and 2 Meta attributes. The
description of data is defined in Table 2.

Table 2. Dataset description.

Dx Akies, bcc, bkl df, mel, nv, vasc
dx-type Confocal, consensus, follow-up, Histo
Sex Female, male, unknown
Age 25-80
Localization | Abdomen, acral, back, chest, ear, face, foot, genital, hand, lower
extremity, neck, scalp, trunk, unknown, upper extremity

Decision Tree

Decision Tree (DT) is supervised learning among which one of the dissimilar methods is
built for classification. It uses inductive reasoning to generate a tree structure in which each node
indicates an attribute while the node’s each descending branch represents one of the possible
outcomes for that attribute. Each node of the tree is the distinguishing equation when classifying
all data. It is a common method that provides both classification and predictive function at the
same time [15]. We applied DT for the classification of skin cancer by setting criterion gain ratio,
highest depth of the tree measured as 100. The minimal instance in leaf size = 2, and did not split
the minimal size that is less than 5. DT showed an overall accuracy of 86%, precision 67%, and
recall 70%.
Naive Bayes

Naive Bayes (NB) is essentially developed on the basis of base theorem that is used to test
the theory of probability. It utilizes the theory of probability for data classification. The algorithm
provides accuracy, precision, and recall rate were 87%, 66%, and 69% respectively.
Logistic Regression

Logistic Regression (LR) is a classification algorithm for Machine Learning employed to
predict the probability of categorical dependent variables. We apply LR for skin cancer
classification. We used ridge regularization (L2) and set the probability as 1. We achieved 88%
overall accuracy by using logistic regression and 62% precision and 70% recall.
Convolutional Neural Network

A convolutional neural network is a kind of machine learning which consists of many neural
network layers. Two different types of convolutional and pooling layer. The last stage is typically
made by a fully connected layer. In our proposed method ReL.U is an activation function and the
learning rate is set 0.001. The maximum number of iterations was 200 and the number of hidden
layer neurons was 100. CNN achieved the highest accuracy which is 89% and is best among all.
K-Nearest Neighbor

K-Nearest Neighbor is also one of the supervised learning methods being used for
classification problems. KINN selects data on the base of the k value of the nearest neighbor then
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decides the relevance with the given points. We apply K-Nearest Neighbor with k value 5 and 40%
data split for training and 60% for testing then made a 2-fold of cross-validation. By using KNN
we achieved a precision of 67%, and recall 66%, whereas we achieved an accuracy of 81% by using
the KINN algorithm.
Result

The proposed work has been evaluated using core i3 with 4 GB of RAM and developed
using an open-source machine learning, data visualization, and data mining toolkit known as
Orange (Version: 3-3.26.0). ISIC dataset was used for classification which contains 10016 instances.
Seven categories of skin cancer are used for classification. We have used multiple algorithms in our
work for determining the cancer type classification, which is represented in Table 3.

Table 3. An average accuracy of all model

Model Accuracy [C.Automation | F1 |Precision |Recall
IKNN 81% 0.68 0.67 0.67 0.68
Decision Tree 86% 0.70 0.68 0.67 0.70
Neural Network 89% 0.70 0.67 0.65 0.70
Naive Bayes 87% 0.69 0.67 0.66 0.69
Logistic Regression | 88% 0.70 0.65 0.62 0.70

Discussion

We have observed that CNN offers the highest accuracy of 89% and has recall rate of 0.70
which is similar decision tree and logistic regression. Meanwhile, all the other algorithms offer
comparable accuracy. Logistic regression has the second highest accuracy of 88% while KNN
provides the lowest accuracy for the classification, 81%. Moreover, CNN offers precession of 0.65
which is as average value when compared to the precision value of other algorithms. Decision tree
and KNN provides the highest precision of 0.67. Furthermore, Decision tree, neural network and
logistic regression has highest recall of 0.70. The F1 score is highest for decision tree which is
perhaps due to the highest values attained by this classifier for recall and precision among other
classifiers.

The specificity and sensitivity of all classifier based on seven categories of skin cancer can
be noted from the graphs in Figure 3.2. The X-axis shows that FP (specificity) and Y-axis shows
TP (sensitivity). The visualizing frequencies of sex vs dx (a) and age vs dx (b) can be observed from
Figure 3.3. In (b) age contain < 42 to > = 67. Nv affects a patient of male and female as compared
to other categories.

The graphical representation of performance of algorithms is presented below in Figure 2.
Accuracy, precision, Recall and F1 score

AUC ca Fi Precision

Recall
BENN ®mTree mNeuwralNetwork o Naive Bayes W Logistic Regression
Figure 2. An average accuracy of all models
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Figure 3. shows ROC analysis for the algorithm implemented in this paper.
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Figure 3. ROC Analysis
Figure 4. shows the visualizing frequencies of sex vs dx (a) and age vs dx (b).
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Figure 4. Graphical method for visualizing frequencies.
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Conclusion

This research article discusses the classification technique for skin cancer. The investigation
was conducted on the Intel Core 13 CPU having 4GB of RAM. Orange v3-3.26.0 has been used to
examine & train the classification model. Few existing classification methods for the medical
diagnosis of cancer patients have been discussed on basis of accuracy. Five machine learning
technique was applied to the ISIC dataset. The results showed that CNN outperforms other
models. We achieved 89% accuracy to classify 7 categories of skin cancer. In future, recent and
improved dataset can be used for achieving even better accuracy. Furthermore, ensemble models
of deep leaning algorithms can also be used to enhance the performance of classification model. In
addition to this, the proven classification algorithms can be used for detection of less common skin
cancers like Kaposi sarcoma, Merkel cell carcinoma, Sebaceous gland carcinoma.
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