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Abstract. Melanoma, the most dangerous skin cancer, is sometimes associated 

with nevus, a relatively common skin lesion. To early find melanoma, nevus 

and other lesions, dermoscopy is often used. In this context, intelligent methods 

have been applied in dermoscopic images to support decision making. A typical 

computer-aided diagnosis method comprises three steps: (1) extraction of fea-

tures that describe image properties, (2) selection of important features previ-

ously extracted, (3) classification of images based on the selected features.  In 

this work, traditional data mining approaches underexploited in dermoscopy 

were applied: information gain for feature selection and an ensemble classifica-

tion method based on gradient boosting. The former technique ranks image fea-

tures according to data entropy, while the latter one combines the outputs of 

single classifiers to predict the image class. After evaluating these approaches 

in a public dataset with 104 dermoscopic images, we found that they are com-

petitive with a state of the art approach. 
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1 Introduction 

Cancer and related diseases are of extreme importance to health agents and Societies. 

In particular skin cancer, which is one of the deadliest forms of cancer. Recent epi-

demiological studies have shown that the occurrence of new cases of skin cancer each 

year is higher than the combined incidence of breast, prostate, lung and colon cancers 

[1, 2, 3]. 
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To understand and manage suspicious skin lesions, it is important to early detect 

morphological changes to the skin, in which, digital imaging technologies play a cen-

tral role. Due importance of early diagnosis in skin cancer, a detailed exam of the 

melanocytic skin lesions is crucial. To help health agents and researchers in this task, 

a non-invasive imaging technique has been used with great success known as Epilu-

minescence Microscopy or Dermoscopy [4]. 

Currently, it has established the advantage of combining Dermoscopy with a de-

tailed physical examination of the skin, mostly due to the subjectivity of the human 

eye assessment, and to the proven increase in early detection of melanoma signs when 

this imagery technique is applied. As an example, the most dangerous type of skin 

cancer (malignant melanoma) can  often be associated with a form of nevus (a rela-

tively common skin lesion). In this case, the use of digital imaging techniques is key 

to assess some specific clues to guide an accurate diagnosis. This clinical and digital 

information obtained by Dermoscopy has been applied to support decision making 

using computer-aided diagnosis (CAD) algorithms based on Data Mining and Ma-

chine Learning methodologies [5, 6]. 

In this work, traditional data mining approaches underexploited in Dermoscopy 

were applied, in particular, information gain and ensemble methods [7, 8, 9, 10, 11]. 

The results using this approach are compared with other classical methodologies often 

applied in automatic classification in dermoscopy assisted diagnosis.  In the remain-

der of this work, in Section 2 material and methods are presented and in Section 3 the 

results are shown. Finally, in Section 4 some conclusions and future work are ad-

dressed. 

2 Material and Methods 

Machine Learning (ML) methodologies have been applied in recent years to assist 

with diagnosis in a broad range of medical areas. In particular, due to the absence of 

ionizing radiation in the acquisition, to the portable nature of the device, and to the 

huge commercial pressure and advances around photographic sensors, Dermoscopy 

emerged as a natural imaging modality at the forefront in ML usage to assist clinician 

diagnosis in Dermatology. 

To test the proposed methodology a dataset comprising of 104 dermoscopic images 

(46 melanomas and 58 benign lesions) RBG true colored (24-bit color) and JPEG 

compressed with a minimum resolution of 300 dpi were used. The acquisition was 

conducted according to clinical protocols in Dermoscopy and following all legal re-

quirements. These images were already used in related works to validate image pro-

cessing techniques in Dermoscopic image processing, as presented in [5, 12]. 

Classical ML algorithms using several paradigms have been tested and published 

showing huge success, as can be found in [5, 13-26]. In particular, for decision tree 

J48, Nearest Neighbours (NN) and Support Vector Machines (SVM) ML algorithms, 

in [5], a comparative study regarding classification performance was conducted. The 

dataset, pre-processing and results of the abovementioned paper [5] will be used to 

assess the results obtained by the proposed methodology at the present work. 
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2.1 Machine Learning Methodology 

Regarding ML, comparing to the methods applied in [5], a distinct methodological 

approach was followed by testing the performance of Ensemble algorithms for classi-

fication. The Ensemble methodology applied in this work is named XGBoost, a.k.a. 

eXtreme Gradient Boosting. This ensemble method has been highlighted in scientific 

papers and machine learning challenges as a flexible, portable and efficient imple-

mentation of gradient boosting framework, providing a parallel tree boasting to solve 

scientific problems in a fast and accurate way [27, 28]. Different from traditional 

classification methods, such as decision trees, the ensemble builds a series of N trees. 

Although XGBoost uses information gain (Section 2.2) internally as a feature selec-

tion measure, we decided to perform feature selection before building the ensemble 

classifier to keep control of which features would be used as an input for classifica-

tion. 

Following the same approach as in [5], and for comparison purposes, 166 features 

grouped according to whether their nature in terms of Texture (T), Shape (S) or Local 

Binay Pattern (L), were extracted in each image. The allocation of the elicited features 

was used to create an arrangement of feature groups as shown in Table 1: Texture, 

Shape and LBP (TSL), Texture and Shape (TS), Texture and LBP (TL) and Texture 

(T). 

Table 1. Feature combinations and their properties. 

Group 

ID’s 

Features 

Shape and 

geometric 

features 

NGTDM 
Haralik’s 

descriptors 

Fractal 

dimension 

Law’s texture 

energy 

measures 

LBP 

TSI. ✔ ✔ ✔ ✔ ✔ ✔ 

TS ✔ ✔ ✔ ✔ ✔  

TL.   ✔ ✔ ✔ ✔ 

T   ✔ ✔ ✔  

2.2 Feature Selection 

Regarding Feature Selection (FS), the approach presented in this work is distinct from 

those followed in [5] where ReliefF [26] was applied. In the present work, Infor-

mation Gain (IG) FS was conducted. Information gain, also implemented in the Weka 

library [29], is a supervised technique that scores each feature by measuring its infor-

mation gain (entropy) regarding the class [30]. We used IG to rank features, from 

higher to lower scores, providing us with an ordering of the most relevant attributes. 

By using IG to remove irrelevant features, the dimensionality of the training sam-

ples and the complexity of classification algorithms are effectively reduced. This step 
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is central in ML performance, once it will generate a subset from the original feature 

set, obtained so that some specific evaluation criteria will be optimized. 

2.3 Experimental Setting 

The experimental setup followed the same pipeline as in [5] and was organized in 

four steps as illustrated in Fig. 1. 

 

Fig. 1. Experimental setup. This figure is an adaptation of material published in [5]. Any cita-

tion to the material should consider that paper. 
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After acquisition and cropping, each Dermoscopic image in the dataset was initially 

converted to the corresponding grayscale version by selecting the channel with the 

highest entropy (Step 1–Medical Images Acquisition). Afterward, according to Table 

1, features based on texture, shape, and local binary patterns were extracted from each 

one of the preprocessed images. The Feature Selection was conducted according to 

the Information Gain methodology for each feature group (TSL, TS, TL, and T) and, 

by adopting a threshold value four feature subsets were created. These 16 subsets (i.e., 

4 feature groups × 4 threshold settings) are composed of 10%, 20%, 40% and 80% of 

the best-ranked features (Step 2–Data Preprocessing). Each subset was then submitted 

to Ensemble for Classification (Step 3–Classification). We used the Caret package 

from the R programming language to search for parameter values for the XGBoost 

ensemble method. Caret was configured with the following settings: 

• Learning approach (“method” parameter): xgbtree; 

• Number of XGBoost parameter values combinations to be tested (“tuneLength” 

parameter): five; 

• Resampling approach to evaluating parameter tuning (“trControl” parameter): 

cross-validation with five folds. 

Steps 2 and 3 were performed within the 10-fold stratified cross-validation approach. 

In particular, we submitted the training folds for Feature Selection and classifier 

building, keeping the corresponding testing folds to evaluate the classifier in terms of 

Sensitivity-SE, Specificity-SP and Accuracy-Acc (Step 4–Evaluation of Results). We 

then averaged the results across the folds to estimate the performance of the proposed 

method. 

3 Results and Discussion 

One of the first aspects regarding classification results is the known difficulty in com-

paring methodologies due to the metrics used to assess classification outputs. In some 

cases, not all standard metrics (e.g., Sensitivity-SE, Specificity-SP and Accuracy-

Acc) are shown, and in others, the criteria used to select image subsets from the pub-

licly available datasets are not explicitly stated (e.g. selecting a percentage of images 

instead of all dataset regardless the properties of the images). This will induce bias in 

the obtained results when one needs to compare the performance of ML algorithms. 

In the present work, the same images as in [5] were enrolled in the experimental pro-

cedure, allowing a fair comparison of results. 

In order to assess the performance of the results, the three metrics (SE, SP and 

Acc) were calculated for each feature group (full data can be accessed online). As in 

the previous studies, a slight degree of dispersion was found, excluding in this way 

the existence of a subset of features having distinct scores regarding the calculated 

metrics (both higher or lower). In addition, no statistical difference can be reported 

between groups when an unpaired Kruskal-Wallis test is performed. The results for 

Accuracy for the four groups of features and the associated variability (standard devi-

ation) can be seen in Fig. 2. 
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Fig. 2. Accuracy (average and standard deviation) for the classifiers built from the four groups 

of features described in Table 1. 

Regarding TSL10 subset of features, in [5] this group show the worst values for all 

metrics and in particular presenting Acc values ranging from 0.4 and 0.6. When using 

the proposed methodology, Acc values for the same group is 0.8 and presents reduced 

variability (see Fig. 2). 

In line with the conclusions in [5] and following the aforementioned criteria for se-

lection of ML methodologies, the optimal score was obtained using a Nearest Neigh-

bors classifier and the TSL20 feature subset. Following a similar methodology as in 

the cited work, and using Ensemble and Information Gain as explained above, the 

best combination of features are shown in Table 2. 
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Table 2. Comparison between the best result from [5] and the best results from this work in 

terms of the number of features. 

Machine 

learning 

algorithm 

Feature 

selection 

method 

Subset of 

features 
# features 

SE 

(%) 

SP 

(%) 

Acc 

(%) 
Ref. 

Nearest 

neighbors 
Relief TSL_20 33 86.00 73.00 89.91 [5] 

Ensemble IG 

TL_10 15 84.67 80.00 82.55 

 T
h

is
 w

o
rk

 

TS_10 10 85.00 76.50 80.85 

T_10 9 84.33 78.00 81.55 

From the results in Table 2 it is possible to observe a remarkable decrease in the 

number of features necessary to produce similar classification scores when the En-

semble ML and Information Gain is applied. This finding can be explained, among 

other factors, by the use of the same measure (IG) during feature selection and the 

learning of trees in the ensemble method. In particular, in this work, IG FS was ap-

plied to all the 166 features extracted from images to yield 16 subsets of features. In 

turn, the tree learning procedure performed embedded feature selection based on IG 

on each subset. Finally, although IG is a frequently used measure in the FS literature, 

it has been little explored in dermoscopy [5]. 

It should be emphasized that the ensemble method used by us builds a series of N 

trees (classifiers) [27]. In particular, the classification of instances incorrectly predict-

ed by a tree is prioritized by the next tree in the series. As a result, this method can 

occasionally outperform algorithms that generate a single classifier, such as Nearest 

Neighbors. This possibility was verified in the dataset evaluated in this work, after 

comparing the best ensemble models with the best classifier found in [5] in terms of 

the number of features. However, the Nearest Neighbors model previously built is 

still useful due to its higher simplicity, as it does not require a chain of classifiers to 

label images. 

Moreover, the best score using the work in [5] was obtained in a heterogeneous 

subset formed by all types of the enrolled features (T, S and, L). In the results ob-

tained using the presented methodology, texture features gained more relevance, as by 

their self, T10 achieved similar results using a reduced number and fewer types of 

features. (e.g., nine texture features). 

Another difference between the results of the proposed methodology and those re-

ported in [5], is the observed trend in the scores (for all metrics) when the percentage 

of features in each group increases. In fact, the best performance when the Ensemble 

ML is applied is obtained mostly in the 10% group of features. Although a minor 

difference was observed, this trend was not observed regarding the Accuracy for the 

TSL10 group. 



8 

4 Conclusions 

In this work, a machine learning paradigm not widely used in Dermosocpy was tested 

against classical ML methodologies. The Ensemble algorithm together with Infor-

mation Gain for Feature Selection was applied to a set of Dermoscopic images al-

ready tested for classical ML algorithms and Relief. Although the conclusions regard-

ing data dispersion were broadly the same and, in both cases, no statistical differences 

were found among the tested group of features for both methodologies, the proposed 

approach discussed in this work revealed similar performance with fewer features. 

This result is associated with the proposed approach using Information Gain for Fea-

ture Selection and to choose the features that compose the trees learned by the ensem-

ble classification method. 

These results need to be reinforced by using other datasets of dermoscopic imagens 

with distinct properties regarding acquisition, number and type of images. The binary 

classification between malignant melanoma and non-melanoma can be expanded to 

other types of dermatological diagnosis (e.g. typical versus atypical naevus; inflam-

matory versus non-inflammatory lesion). 
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