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a b s t r a c t 

Current benchmark reports of classification algorithms generally concern common classifiers and their 

variants but do not include many algorithms that have been introduced in recent years. Moreover, im- 

portant properties such as the dependency on number of classes and features and CPU running time are 

typically not examined. In this paper, we carry out a comparative empirical study on both established 

classifiers and more recently proposed ones on 71 data sets originating from different domains, publicly 

available at UCI and KEEL repositories. The list of 11 algorithms studied includes Extreme Learning Ma- 

chine (ELM), Sparse Representation based Classification (SRC), and Deep Learning (DL), which have not 

been thoroughly investigated in existing comparative studies. It is found that Stochastic Gradient Boost- 

ing Trees (GBDT) matches or exceeds the prediction performance of Support Vector Machines (SVM) and 

Random Forests (RF), while being the fastest algorithm in terms of prediction efficiency. ELM also yields 

good accuracy results, ranking in the top-5 , alongside GBDT, RF, SVM, and C4.5 but this performance 

varies widely across all data sets. Unsurprisingly, top accuracy performers have average or slow training 

time efficiency. DL is the worst performer in terms of accuracy but second fastest in prediction efficiency. 

SRC shows good accuracy performance but it is the slowest classifier in both training and testing. 

© 2017 Elsevier Ltd. All rights reserved. 

1. Introduction 

Classification refers to the problem of assigning an observation 

x i to one hidden qualitative class y i ∈ {1, 2, . . ., L }, where it is 

generally assumed that L < ∞ . Data classification has important 

applications that cover a wide spectrum including engineering, 

e-commerce, and medicine. 

In the long history of machine learning, a great many classifi- 

cation algorithms have been proposed, some of which have been 

acknowledged as highly accurate, in particular Support Vector Ma- 

chines (SVM) ( Cortes & Vapnik, 1995 ) and Random Forests (RF) 

( Breiman, 2001 ). 

Stochastic Gradient Boosting Decision Trees (GBDT) 

( Friedman, 2002 ) can also achieve outstanding prediction per- 

formance, but they are not as popular as SVM and RF. This 

algorithm has commonly been neglected in classification bench- 

marking in the literature, e.g. it was not included for comparison in 

Macia and Bernado-Mansilla (2014) and Fernández-Delgado, Cer- 

nadas, Barro, and Amorim (2014) . Other algorithms, such as Ad- 

aBoost (AB) ( Freund & Schapire, 1996 ), Naive Bayes classifier (NB) 
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( Duda, Stork, & Hart, 20 0 0 ), and C4.5 ( Quinlan, 1993 ), have also 

been adopted in many classification tasks. 

In 2008, Wu et al. (2008) reported the top-10 data mining al- 

gorithms. Among them, there are 6 classifiers, including SVM, C4.5, 

KNN, AB, NB, CART (Classification And Regression Tree). Due to the 

complex nature and increasing scale of many real-world problems 

in different domains, new classifiers are continuously being pro- 

posed. Among them, the most noteworthy are Extreme Learning 

Machine (ELM) ( Huang, Zhou, Ding, & Zhang, 2012 ), Sparse Repre- 

sentation based Classification (SRC) ( Wright, Yang, Ganesh, Sastry, 

& Ma, 2009 ), and Deep Learning (DL) ( Bengio, 2009 ). 

An up-to-date comparative study of existing classifiers is essen- 

tial for two reasons: first, new classifiers need to be evaluated to 

compare their performance with the existing ones; second, both 

researchers and engineers need empirical reference/guidance in se- 

lecting the most appropriate classifiers for their specific problems. 

In this paper, we aim at comparing state-of-the-art classifica- 

tion algorithms, including both the newly proposed classifiers and 

the established ones, on a large number of data sets that cover var- 

ious application domains. This work contributes on answering the 

following questions: (a) are SVM and RF truly the best classifiers in 

terms of accuracy? If not, which classifiers are the top performers? 

(b) how do the newly proposed algorithms (i.e. ELM, SRC, and DL) 

perform in comparison with the established ones (i.e. SVM, RF, NB, 

C4.5, GBDT etc.)? (c) how do existing classification algorithms rank 

http://dx.doi.org/10.1016/j.eswa.2017.04.003 
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in terms of running time? We are motivated to solve these prob- 

lems because of the insufficiency of current comparative study, as 

summarised in Table 1 . 1 

Various researchers have addressed the problem of empirically 

comparing classifiers on multiple data sets, but most of the exist- 

ing work in the literature focuses on well-established algorithms, 

without considering recent advances in classification in the Ma- 

chine Learning field. New classifiers may have been compared to a 

reference set of classifiers by domain experts with fine-tuned set- 

tings, but the evaluation is limited to their specific domains, e.g. 

Ngai, Xiu, and Chau (2009) and Ballings, den Poel, Hespeels, and 

Gryp (2015) , and a small number of available data sets. 

Classification performance has been commonly evaluated on 

classification accuracy. However, the running time efficiency on 

classification model training, parameter-tuning, and testing is miss- 

ing, which is a very important concern for most real-world appli- 

cations. 

The value of this work lies in the following points: 

1. We compare newer classifiers, namely ELM, SRC and DL, 

with established classifiers; SVM, RF, AB, C4.5, NB, K Near- 

est Neighbours classifier (KNN) and Logistic Regression (LR). 

2. Several well-performing algorithms are firstly included in 

comparison, which are GBDT, SRC, and DL. 

3. We conduct large-scale experiments on 71 data sets to eval- 

uate the performance of the classifiers. We use accuracy, 

ranking-based methods, and statistical classifier comparison 

methods to evaluate the performance. 

4. We examine separately the training time, parameter-tuning 

time, and prediction time of both the newer and the estab- 

lished classification algorithms. As far as we know, this has 

not been studied in the literature. 

The remainder of the paper is organised as follows. In Section 2 , 

we present state-of-the-art on the problem of comparative study 

of classifiers. In Section 3 , we briefly introduce the classifiers to 

be compared and discuss common approaches to improving clas- 

sification performance. We then illustrate classifier comparison 

metrics in Section 4 . Next, we give details in experiments setup 

in Section 5 . We show and analyse the comparison results in 

Section 6 . Finally, in Section 7 , we conclude the work with direc- 

tions for future research. 

2. State-of-the-art in classifier comparison 

Comparison of classifiers is important for both academic and 

industrial fields. A number of papers have conducted comparative 

study on data classification algorithms, as summarised in Table 1 . 

We will discuss these papers in detail in this section. 

Choosing the correct algorithm for a specific classification task 

based primarily on a-priori knowledge of the classifiers’ behaviour 

across different domains is not safe, unless the evaluation is done 

in a systematic manner so that the results can be replicated and 

generalised. The recent growth of publicly available data sets and 

collaboration frameworks over the last years has enabled the Ma- 

chine Learning community to easily share and validate experi- 

ments and results. Consequently, this has advanced much broader 

investigation and more thorough analysis in comparative studies 

of the performance of different classification algorithms based on 

a large set of real-world data sets. For example, the popular UCI 

Machine Learning Repository ( Blake & Merz, 1998 ) contains about 

240 data sets, two thirds of which are for classification problems, 

1 More details of related work about comparative study of classifiers will be dis- 

cussed in Section 2 . 

such as predicting multi-scale disease severity, recognising signs 

and handwritten characters, and identifying material types. 

Zheng (1993) proposed the use of 16 dimensions (such as accu- 

racy, the number of attributes/classes/instances/density of the data 

sets, etc.) to evaluate the accuracy of 3 classification algorithms de- 

veloped up to the year of 1993, including C4.5 and ID3. 

In StatLog project, King, Feng, and Sutherland (1995) compared 

multiple classification algorithms from symbolic learning (includ- 

ing C4.5), statistics (including NB, KNN, LR), and neural networks 

(NN), on large real-world problems. They found that the perfor- 

mance depends critically on the data set investigated and there is 

no single best algorithm. This argument is in accordance with the 

No-Free-Lunch theorem ( Wolpert, 1996 ), which states that the best 

classifier will not be the same for all the data sets. 

Lessmann, Baesens, Seow, and Thomas (2015) compared differ- 

ent classifiers on 8 real-world credit scoring data sets. They found 

that individual classifiers (such as C4.5, ELM, LR, NN) predict, with 

few exceptions, significantly less accurate than RF. 

Lorena et al. (2011) presented an experimental study compar- 

ing the use of 9 classifiers (Repeated Incremental Decision Trees, 

RF, KNN, NB, LR, SVM, and Artificial Neural Networks) to model 

the potential distribution of 35 Latin American plant species. The 

results show that RF has remarkable performance in all data sets. 

While the performance of SVM is statistically similar with RF, all 

the other classifiers were outperformed by them. The authors also 

found that, LR results were not stable along different data sets. 

Brown and Mues (2012) studied the performance of 8 classi- 

fiers, including SVM, RF, GBDT, NN, C4.5, KNN, LR, and LDA, for 

credit scoring, which is a binary (2-class) imbalanced classification 

problem. The results of their experiments show that GBDT and RF 

performed well in dealing with samples where a large class imbal- 

ance was present. 

Macia and Bernado-Mansilla (2014) analysed the type, complex- 

ity, and use of UCI data sets and contrasted the accuracy rate ob- 

tained by 8 classifiers from different learning paradigms that rep- 

resent some of the fundamental algorithms of Machine Learning, 

including C4.5, RF, Multilayer Perceptron (MLP), SVM, LR, and NB. 

Using the implementations provided by Weka, they found that the 

accuracy of C4.5, LR, NB, and RF over the UCI repository is very 

similar for most of the data sets and the deviation of accuracy rates 

is small. 

Recently, Fernández-Delgado et al. (2014) evaluated 179 

classifier settings arising from 17 families, implemented in 

Weka, R, C, and Matlab and found out that parallel RF imple- 

mented in R performed best, followed by SVM (LibSVM with Gaus- 

sian kernel). Among the top-10 performers there are also two NN 

settings. The authors show that, all the classifiers of RF and SVM 

families are included among the 25 best classifiers, with accuracies 

above 79% (while the best is 82.3%), which identify both families as 

the best ones. In general, these two families perform better than 

C4.5, AB, LR, and NB settings and ensembles. However, the tested 

algorithms did not include GBDT, ELM, SRC, and DL. 

Lim, Loh, and Shih (20 0 0) conducted experiments on 32 data 

sets to compare 22 decision trees, 9 statistical, and 2 neural net- 

work algorithms in terms of classification accuracy and training 

time. The authors found that (Multinomial) LR algorithms were the 

most accurate classifiers. Yet, the tested algorithms did not include 

GBDT, RF, ELM, SVM, SRC, and DL. 

Jones, Johnstone, and Wilson (2015) examined the predictive 

performance of a wide class of binary classifiers using a large sam- 

ple of international credit rating changes data sets from the period 

1983-2013. Their results indicate that generalised boosting, AB, and 

RF strongly outperformed SVM, LDA, and LR. However, this study is 

limited to binary classifiers. 

Nanni, Brahnam, Ghidoni, and Lumini (2015a) investigated 

the performance of general-purpose heterogeneous ensembles for 
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Table 1 

Summary of related work on classifier comparison in chronological order. 

Related work Classifiers compared Missing classifiers Data sets tested Evaluation criteria Conclusions reached 

Zheng 

(1993) 

C4.5, IB1, ID3 AB, DL, ELM, GBDT, LR, RF, 

SRC, SVM 

13 UCI data sets (Diabetes, 

Hepatitis, Thyroid, 

Mushroom, etc.). 

ACC, Average Information 

Score, Relative Information 

Score, Entropy 

C4.5 is much better than 

the ID3 and IB1. 

King et al. 

(1995) 

C4.5, CART, KNN, LR, NB, 

NN 

AB, DL, ELM, GBDT, RF, SRC, 

SVM 

11 UCI data sets (Satellite, 

Vehicle, Shuttle, German, 

etc.). 

ACC, Misclassification cost, 

Confusion matrices, 

Training/testing time 

There is no single best 

algorithm. C4.5 has the 

best accuracy when the 

data is skewed; NB should 

not be considered unless 

the data set has very low 

correlations. 

Lim et al. 

(20 0 0) 

C4.5, CART, KNN, LDA, 

LR, NN, etc. 

DL, ELM, GBDT, RF, SRC, SVM 15 UCI datasets 

(Contraceptive, Breast 

cancer, Diabetes, 

Segmentation, Thyroid, 

Waveform, etc.). 

Minimum/maximum/naive 

plurality rule error rate, 

Ordering by mean error 

rate and mean rank of 

error rate, Statistical 

significance of error rates 

(ANOVA, rank analysis), 

Training time, Scalability 

tests 

(Multinomial) LR is the 

most accurate classifier. 

Caruana and 

Niculescu-Mizil 

(2006) 

LR, NB, NN, RF, SVM, 

decision/boosted/bagged 

trees, boosted stumps 

AB, C4.5, DL, ELM, SRC 8 UCI data sets for binary 

classification (Adult, 

Covertype, SLAC, etc.). 

ACC, F-measure, Lift, AUC, 

Average Precision, 

Precision/Recall break even 

point, Squared Error, 

Cross-Entropy 

NN give the best average 

performance in all 

performance metrics, 

followed by bagged trees 

and RF. Calibration 

dramatically improves RF 

and boosted methods, SVM, 

NB, and RF, but not NN, LR, 

and bagged trees. 

Lorena et al. 

(2011) 

KNN, LR, NB, NN, RF, 

SVM 

AB, DL, ELM, GBDT, SRC 35 plant species data sets 

(with 60–193 instances). 

Mean and standard 

deviation AUC values, 

Statistical significance 

comparison 

The overall performance of 

SVM and RF are statistically 

similar, while RF 

outperforms the rest 

classifiers. 

Brown and 

Mues (2012) 

C4.5, GBDT, KNN, LDA, 

LR, NN, RF, SVM 

AB, DL, ELM, SRC 5 credit data sets (binary, 

imbalanced). 

AUC, Mean ranks (Friedman 

test with Nemeyi’s critical 

difference tail) 

GBDT and RF performed 

well on binary imbalanced 

data sets. 

Macia and 

Bernado- 

Mansilla 

(2014) 

8 classifiers including 

C4.5, LR, NB, NB, RF, 

SVM 

AB, DL, ELM, GBDT, SRC 166 data sets (Abalone, 

Ecoli, Isolet, Diabetes, Page 

Blocks, Shuttle, Spambase, 

Yeast, Wine, Thyroids, 

Mush, etc.). 

ACC The accuracy of C4.5, MLP, 

SVM, RF are very similar 

for most of the data sets. 

Fernández- 

Delgado et al. 

(2014) 

AB, C5.0, ELM, KNN, 

MLP, NB, RF, SVM, etc. 

DL, GBDT, SRC 121 data sets, 108 of which 

are UCI data sets. 

Average ACC, Cohen κ , 

AUC, Friedman ranking, 

paired T-tests 

The 5 best classifiers are 

RF, SVM, ELM, C5.0, and 

MLP, respectively; ELM 

ranks first in the number 

of data sets for which a 

classifier achieves the 

highest accuracy. RF and 

SVM rank best in the 

number of data sets in 

which a classifier achieves 

95% or more of the 

maximum accuracy. 

Lessmann et al. 

(2015) 

C4.5, ELM, LR, NN, RF 

SVM 

AB, DL, GBDT, SRC 7 Credit Scoring data sets. Percentage correctly 

classified, AUC, Partial Gini 

index, H-measure, Brier 

Score, Kolmogorov-Smirnov 

statistic 

RF performs significantly 

more accurate than the 

rest. 

Jones et al. 

(2015) 

Generalised boosting, 

AB, RF, LDA, LR, NN, 

SVM, etc. 

C4.5, DL, ELM, GBDT, SRC, 

C4.5 

Credit rating datasets 

(binary classification). 

Average overall AUC, 

H-measure 

Generalised boosting, AB 

and RF strongly outperform 

the other classifiers. 

Nanni et al. 

(2015a) 

Variants of AB, DL, GPC, 

SVM, and their 

heterogeneous 

ensembles. 

C4.5, ELM, GBDT, LR, RF, SRC 14 image classification data 

sets, 11 data mining data 

sets from UCI. 

AUC General-purpose ensembles 

outperform SVM. 

Nanni et al. 

(2015b) 

SVM, ensembles based 

on AB, DT, or SVM. 

C4.5, ELM, GBDT, LR, RF, SRC 44 binary (including folds), 

6 multi-class, and 12 

strongly imbalanced data 

sets from KEEL and UCI 

repositories. 

AUC, F-measure, G-mean, 

Q-statistic 

The proposed 

HardEnsemble approach 

does not need parameter 

tuning and outperforms 

existing ensembles. 



C. Zhang et al. / Expert Systems With Applications 82 (2017) 128–150 131 

pattern classification using different feature perturbation tech- 

niques such as random subspace, over single classifiers, such as 

SVM, Gaussian Process Classifier (GPC), and Deep Learning meth- 

ods. The authors assessed the classifiers’ generalisability using 14 

image classification data sets and 11 UCI data mining data sets. 

The authors reported that, while there is no single approach that 

can outperform all the other classifiers, general-purpose systems 

are capable of handling a broader range of classification problems 

than state-of-the-art classifiers, in specific SVM. 

In comparison to our work, the authors in Nanni et al. 

(2015a) focus on heterogeneous ensemble approaches rather than 

single classifiers. Moreover, they aim to study the performance of 

these methods on image classification and data mining domains, 

while, in our work, we use a collection of data sets from various 

domains. Some of the classifiers that we have investigated are not 

included in Nanni et al. (2015a) , such as ELM, GBDT, and SRC. Fur- 

thermore, training and testing time efficiency is not considered in 

their work. Both Nanni et al. (2015a) and our work make classifier 

performance comparisons using non-parametric statistical tests. In 

our work we use Dunn’s test instead of Wilcoxon signed ranked 

test; the reasons for our choice are stated in Section 4 . 

Nanni, Fantozzi, and Lazzarini (2015b) compare different en- 

semble methods that use either AB, KNN, or SVM as the base 

classifiers. They report area under the receiver operating charac- 

teristic curve (AUC), F1-measure, and geometric mean values for 

both binary and multiclass imbalanced data sets from KEEL repos- 

itory ( Alcalá-Fdez et al., 2010; 2009 ). They propose a new ensem- 

ble construction method, namely HardEnsemble, which does not 

require parameter tuning but still outperforms all the other tested 

approaches. The aim of their work is to evaluate the performance 

of state-of-the-art classification methods for handling the imbal- 

ance problem, in particular the “ensemble of ensembles” strategy. 

In comparison, the goal of our work is to provide an up-to-date 

comparative study of classification algorithms that are known to be 

good performers with algorithms that are relatively new, as well as 

several other established classifiers. In our work, we have not con- 

sidered the class imbalance issue. 

In summary, as can be seen in Table 1 , most of existing works 

for classifier comparison have not considered several important 

classifiers, i.e. GBDT, ELM, SRC, and DL. Moreover, the findings in 

these works are not always consistent, e.g. the accuracy of RF 

and SVM were reported to be very similar in Macia and Bernado- 

Mansilla (2014) , while in Brown and Mues (2012) , Fernández- 

Delgado et al. (2014) and Lessmann et al. (2015) , RF was reported 

to outperform SVM. Therefore, it is essential to conduct an up-to- 

date comparative study on the current state-of-the-art classifica- 

tion algorithms, taking into consideration GBDT and newer classi- 

fiers, i.e. ELM, SRC, and DL. 

3. Classification algorithms to be compared 

For the sake of convenience and clarity, we group existing clas- 

sification algorithms investigated in this work into three groups. 

The first category mainly includes Support Vector Machines (SVM) 

and Random Forests (RF), which are known to be among the best 

performers (thus usually used as the default classifiers). The sec- 

ond category consists of relatively new classifiers, i.e. ELM, SRC, 

and DL. These algorithms were proposed in recent years, so they 

have not been included in most comparative studies. The last cate- 

gory contains other established classifiers, including C4.5, AdaBoost 

(AB), K Nearest Neighbours classifier (KNN), Logistic Regression 

(LR), and Stochastic Gradient Boosting Trees (GBDT). Such algo- 

rithms are not as popular as SVM and RF, but they are also im- 

portant and have found applications in many domains. In partic- 

ular, GBDT is commonly underutilised by many researchers and 

practitioners, given the fact that it has been reported in the lit- 

erature to achieve high classification accuracy, e.g. Caruana and 

Niculescu-Mizil (2006) , Brown and Mues (2012) , and Chapelle and 

Chang (2011) . 

3.1. SVM and RF 

Both SVM and RF are popular and accurate algorithms, thus 

commonly used as the default classifiers in a vast amount of ap- 

plications. SVM ( Cortes & Vapnik, 1995 ) blends linear modelling 

with instance-based learning, it selects a small number of critical 

boundary samples from each category and builds a linear discrimi- 

nate function that separates them as widely as possible. In the case 

that no linear separation is possible, the technique of kernel will 

be used to automatically inject the training samples into a higher- 

dimensional space and to learn a separator in that space. SVM is 

acknowledged to be among the most reliable and accurate algo- 

rithms in most Machine Learning applications. 

Random Forests (RF) ( Breiman, 2001 ) is an ensemble learning 

method for classification which operates by constructing a multi- 

tude of decision trees at training time and outputting the class that 

is the mode of the classes of the individual trees. RF corrects for 

decision trees’ habit of overfitting to their training set. Like SVM, 

RF has also been recognised to be among the most accurate classi- 

fiers. 

Khoshgoftaar, Golawala, and Hulse (2007) conducted experi- 

ments to analyse the performance of the RF learner implemented 

in Weka. The author suggested a default value of 100 for numTrees 

and � log 2 M + 1 � for numFeatures for binary classification in gen- 

eral. 

Pal (2005) compared the performance of RF with SVM in terms 

of classification accuracy, training time and user-defined parame- 

ters. The author found that, RF can achieve a classification accu- 

racy which is comparable to that achieved by SVM. Moreover, RF 

can handle categorical data, unbalanced data, as well as data with 

missing values, which is not possible with SVM. 

Vanschoren, Blockeel, Pfahringer, and Holmes (2012) also per- 

formed experiments with UCI data sets and they attested that RBF- 

based SVM and RF yield good results in predictive accuracy but the 

variation in the performance is large due to parameters of the data 

that heavily affect their performance. They also observed that it is 

more rewarding to fine-tune RF and SVM than to bag or boost their 

default setting, whereas for C4.5, bagging and boosting outperform 

fine-tuning. 

3.2. Newer classifiers 

Most existing works in classifier comparison have yet to fully 

research newer classifiers, in particular, ELM, SRC, and DL (for clas- 

sifying numeric data, i.e. non-image data). 

Extreme Learning Machine (ELM) ( Huang et al., 2012 ) is a re- 

cently available learning algorithm for single layer feedforward 

neural network. Compared with classical learning algorithms in 

neural networks, e.g. Back Propagation, ELM can achieve better 

performance with much shorter learning time. In some of the ex- 

isting work, it is claimed to yield better performance in compari- 

son with SVM. 

However, Liu, Loh, and Tor (2005) conducted comparisons be- 

tween ELM and SVM for text classification. They show that, while 

ELM is easy to tune with a single parameter and is robust to the 

parameter settings, SVM still outperforms ELM for the majority of 

categories. 

Nevertheless, Huang et al. (2012) compared ELM with SVM in 

regression and multiclass classification and found that ELM tends 

to have better scalability and achieve similar or much better (for 

multiclass cases) generalisation performance at much faster learn- 
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ing speed (up to thousands times) than SVM. Moreover, ELM re- 

quires less human intervention than SVM. 

Sparse Representation based Classification (SRC) ( Wright et al., 

2009 ) is a powerful tool for face recognition and classification 

( Wei et al., 2013 ). In SRC, each test sample is represented, without 

computing features, as a sparse combination of training samples, 

then assigned to the class that minimises the residual between it- 

self and the reconstruction by training samples of this class. SRC 

shows its effectiveness in face recognition experiments. However, 

except image/audio data, few experiments have been carried out 

to comprehensively investigate the accuracy of SRC on numeric 

data. 

Deep Learning (DL) ( Bengio, 2009 ) is a new and very hot area 

in Machine Learning research. It has demonstrated outstanding 

performance in image/speech recognition and related applications. 

Deep Neural Networks (DNN) are large multilayer neural networks 

(MLP). They are typically designed as feedforward networks trained 

with the standard backpropagation algorithm. Usually, a Convolu- 

tional Neural Network (CNN) is a DNN consisting of one or more 

pairs of convolutional layer(s) and max-pooling layer(s), followed 

by one or more fully-connected hidden layers. The goal of CNN is 

to find a set of locally connected neurons. It continuously extracts 

many low-level features (e.g. image pixels) into the compressed 

high-level representations and abstractions (e.g. edges, eyes, ears). 

CNNs are easier to train and have fewer parameters than DNNs. 

CNNs have been explored for speech recognition and image classi- 

fication, showing improvements over DNNs ( Krizhevsky, Sutskever, 

& Hinton, 2012 ). A Deep Belief Network (DBN) ( Hinton, Osindero, 

& Teh, 2006 ) is a type of DNN that uses restricted Boltzmann ma- 

chines to derive good initial parameters. In recent years, DL has 

drawn a great many research efforts in computer vision ( Deng & 

Yu, 2014 ). Yet, few experiments have been carried out to compre- 

hensively investigate the performance of DL on numeric data (non- 

image data). 

3.3. Other established classifiers 

The gradient boosting method represents an ensemble of sin- 

gle regression trees built in a greedy fashion. It produces a predic- 

tion model in the form of an ensemble of weak prediction models, 

such as decision trees. Stochastic Gradient Boosting Trees (GBDT) 

( Friedman, 2002; Ye, Chow, Chen, & Zheng, 2009 ) combines gradi- 

ent boosting with bootstrap bagging. At each iteration of the algo- 

rithm, a new decision tree model is built based on the residuals 

of the previous decision trees. GBDT is a simple yet very effective 

method for learning non-linear functions ( Chapelle & Chang, 2011 ). 

AdaBoost (AB) ( Freund & Schapire, 1996 ) is a technique that 

builds an ensemble of classifiers sequentially, one classifier at a 

time, until the predefined number of classifiers is reached. Each 

subsequent classifier is trained on a set of samples with weights 

to emphasise the instances misclassified by the previous classifiers. 

The ensemble decision is made by weighted voting. The weights 

are determined by the individual accuracies. AB has been found to 

be very useful (e.g. in face detection) but too sensitive to noise in 

the data. 

Naive Bayes classifier (NB) ( Duda et al., 20 0 0 ) is a probabilistic 

learner based on the Bayesian rule. It is based on the assumption 

that the features are conditionally independent given the class la- 

bel, which may not be the case for data sets such as gene expres- 

sion data because of co-regulation. Nevertheless, it is among the 

most practical approaches to certain types of learning problems 

(e.g. spam filtering). 

The K Nearest Neighbours (KNN) classifier ( Altman, 1992 ) is a 

type of non-parametric, instance-based learning algorithm, where 

objects are classified by a majority vote of their K nearest neigh- 

bours having known class labels, with K being a positive, typically 

small, integer. It is considered to be among the simplest and most 

commonly-used classification algorithms but has the disadvantage 

of high degree of local sensitivity (when the parameter K is small), 

making it highly susceptible to noise in the training data, and re- 

duced predictive power (when the value of K is high). 

Logistic Regression (LR) ( Cox, 1958 ) is a regression analysis 

method when the dependent variable is categorical. Extending lin- 

ear regression, LR measures the relationship between the depen- 

dent variable and one or more independent variables by estimat- 

ing probabilities using a logistic function. This can also be gener- 

alised to multiclass problems (i.e. multinomial logistic regression). 

Thus, it is possible to do multiclass classification-by-regression us- 

ing a multinomial logistic regression model with a ridge estimator 

( Le Cessie & Van Houwelingen, 1992 ). 

3.4. Techniques for improving classification performance 

Classifier ensemble and feature selection are two common prac- 

tices for improving classification performance. 

3.4.1. Classifier ensemble 

Ensemble classifiers are expected to perform better than single 

classifiers. 

Hu, Li, Plank, Wang, and Daggard (2006) conducted a compar- 

ative study of classification methods, namely LibSVM, C4.5, Bag- 

gingC4.5, AB, and RF for microarray data analysis. The experimen- 

tal results show that ensemble decision tree methods can improve 

the accuracy over single decision tree methods. 

Kuncheva and Rodríguez (2010) experimented on classifier en- 

sembles for fMRI data analysis. They found that the best ensemble 

group is the one where SVM is used as the base classifier in the 

ensemble. 

Kuncheva (2002) also explored the switching between selec- 

tion and fusion in combining classifiers. The author found that 

for different classifier models in the team, it is difficult to predict 

whether a combination can achieve a better accuracy than the best 

individual classifier. The result depended on the data set, the only 

consistent pattern being that the improvement from classifier en- 

sembles over the best individual classifier was negligible. 

In the “Yahoo! Learning to Rank Challenge”, Chapelle and 

Chang (2011) pointed out that decision trees (especially GBDT) 

were the most popular class of functions among the top competi- 

tors. Moreover, comparing the best solution of ensemble learning 

with the baseline of regression model (GBDT), the relevance gap is 

rather small. 

3.4.2. Feature selection and extraction 

Feature selection methods have been well studied in data clas- 

sification ( Dash & Liu, 1997; Guyon & Elisseeff, 2003; Liu & Yu, 

2005; Saeys, Inza, & Larrañaga, 2007 ). 

Li, Zhang, and Ogihara (2004) provide a comparative study on 

feature selection and multiclass classification for gene expression 

data. The study suggests that multiclass classification problems are 

more difficult than binary ones in general. SVM is shown to be the 

best classifier, followed by C4.5, NB, and KNN, for tissue classifica- 

tion based on gene expression. It achieves better performance than 

any other classifiers on almost all the data sets. 

Liu (2004) evaluates feature selection methods in dimensional- 

ity reduction for drug discovery. The author’s experiments show 

that NB benefits significantly from feature selection, while SVM 

performs better when all features are used. When information gain 

was used to select the features, SVM was much less sensitive to the 

reduction of feature space. 

Arauzo-Azofra, Aznarte, and Benitez (2011) conducted an em- 

pirical study on feature selection methods based on individual fea- 
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ture evaluation. Their experiments show that, while reducing the 

number of features used, methods such as Information Gain ratio, 

Relief and Gini ratio, improved classification results in most of the 

problems considered. 

Saeys, Abeel, and de Peer (2008) investigated on high- 

dimensional data, the use of ensemble of multiple feature selection 

methods for improving classification stability and accuracy. The au- 

thors show that ensemble of RFs clearly outperforms other feature 

selection methods in terms of stability, yet with decreased classi- 

fication accuracy in comparison to a single RF classifier. However, 

for the ensemble of other feature selection methods, the classifi- 

cation accuracy remains the same (or slightly improved), but the 

corresponding classification stability can be improved over single 

feature selection method. 

Another approach for improving classification performance is 

representing feature vectors as matrices. Several studies have ex- 

plored different feature reshaping techniques using matrix repre- 

sentations and the resulting methods have shown to significantly 

outperform existing classifiers in both accuracy and computation 

time ( Nanni, Brahnam, & Lumini, 2010 ). Nanni, Brahnam, and Lu- 

mini (2012) proposes a method that combines the Meyer con- 

tinuous wavelet approach for transforming a vector into a ma- 

trix with the a variant of the local phase quantisation for fea- 

ture extraction. Using generic pattern recognition data sets from 

the UCI repository, as well as real-world protein and peptide data 

sets, the authors show that their proposed method yields simi- 

lar or even better performance than that obtained by the state-of- 

the-art. 

4. Methodology of classifier comparison 

4.1. Statistical classifier comparison methods 

Different statistical methods have been proposed for multi- 

ple classifier comparison. Demšar (2006) and Garcia and Her- 

rera (2009) reviewed common practices in the literature for the 

comparison between different classifiers over multiple data sets 

and examined, both theoretically and empirically, the suitability 

of these methods. The authors point out that, non-parametric 

tests assume some, but limited, commensurability, while at the 

same time they do not assume normal distributions or homogene- 

ity of variance, thus they are statistically safer and more robust 

than parametric tests. Demsar recommends that the Friedman test 

( Friedman, 1937 ), with the corresponding post-hoc tests, is appro- 

priate for comparison of more than two classifiers over multiple 

data sets and it can be applied to classification accuracies, error 

ratios or any other measure for evaluation of classifiers, such as 

computation time. 

Friedman test ( Friedman, 1937 ) is a non-parametric randomised 

block analysis of variance, which is equivalent to parametric 

ANOVA with repeated measures. Thus, assumptions of a normal 

distribution and equal variances (of the residuals) are not required. 

Friedman test is used to detect differences in groups of results. 

Given k classifiers and n data sets, a classifier j = 1 , . . . , k is as- 

signed a s ij performance metric value (e.g. classification accuracy) 

in data set i = 1 , . . . , n, which can be modelled as a { s ij } n × k ma- 

trix, where each column represents a specific classifier’s accuracy 

values across all data sets, while each row represents all classifiers’ 

accuracies in a specific data set. The procedure involves ranking 

each row (or block) together, then considers the values of ranks 

by columns, which gives as an output a new matrix { r ij } n × k , with 

each entry r ij corresponding to the rank of s ij within row i . This 

ranks the algorithms for each data set separately, the best perform- 

ing algorithm getting the rank of 1, the second best ranks 2 nd , etc. 

In case of ties, average ranks are assigned. The resulting test statis- 

tic Q is computed according to Eq. (1) 

Q = n 

2 (k − 1) 

∑ k 
j=1 

(
r · j − r 

)2 

∑ n 
i =1 

∑ k 
j=1 

(
r i j − r 

)2 
(1) 
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1 

n 

n ∑ 

i =1 

r i j r = 

1 

nk 

n ∑ 

i =1 

k ∑ 

j=1 

r i j (2) 

and it follows approximately (when n or k is large, typically n > 

15 or k > 4) a chi-squared distribution. The p-value for the corre- 

sponding hypothesis testing is given by P (χ2 
k −1 

≥ Q ) . 

Another non-parametric test is the sign test , which only makes 

use of information of whether a value is greater, less than or equal 

to the other in a pair. Wilcoxon signed rank test ( Wilcoxon, 1945 ) 

calculates differences of pairs. The absolute differences are ranked 

after discarding pairs with the difference of zero. The ranks are 

sorted in ascending order. When several pairs have absolute differ- 

ences that are equal to each other, each of these several pairs is 

assigned as the average of ranks that would have otherwise been 

assigned. The hypothesis is that the differences have zero mean. 

While Friedman test (followed by post-hoc analysis) can be ap- 

plied to multiple matched or paired groups, Wilcoxon test can only 

be used in pairwise comparisons. Therefore, in the experimental 

analysis of our work, we use Friedman test to compare the perfor- 

mance of different classification algorithms. 

Dunn’s test is a multiple comparison test that controls the 

family-wise error rate ( Dunn, 1964 ). Dunn’s test can be used as 

a post-hoc analysis to Friedman test, by comparing pair-wise the 

difference in the sum of ranks between two classifiers with the 

expected average difference (based on the number of groups and 

their size) ( Daniel, 20 0 0 ). For a family of classifiers’ comparisons, 

when comparing each classifier with every other classifier, the 

number of possible comparisons is c = k (k − 1) / 2 . For a family sig- 

nificance threshold α, using a reverse lookup table or calculator, 

we calculate the critical value of z from the normal distribution 

that corresponds to the two-tailed probability α/ c . When compar- 

ing classifier j with j ′ , we check whether the ratio of the absolute 

difference value between their mean ranks and 

√ 

k (k +1) 
6 n is larger 

than z , i.e. 

r · j − r · j ′ √ 

k (k +1) 
6 n 

> z (3) 

or, equivalently, if their absolute difference value between their 

sum ranks is 

n ∑ 

i =1 

r i j −
n ∑ 

i =1 

r i j ′ > 

n √ 

k (k +1) 
6 n 

· z (4) 

If the inequality Eq. (4) holds, then the difference is statistically 

significant, otherwise it is not. 

4.2. Measuring a Classifier’s prediction performance 

Classification performance metrics can be divided into differ- 

ent groups/types; threshold metrics, which assess the discrimina- 

tory ability of the classifier, probability metrics that assess the ac- 

curacy of the classifier probability predictions, ordering/rank met- 

rics, and those that assess the correctness of the classification al- 

gorithm’s categorical predictions ( Caruana & Niculescu-Mizil, 2006; 

Lessmann et al., 2015 ). 

The predictive accuracy (ACC) is a singular assessment, thresh- 

old metric that has been the most commonly used evaluation cri- 

terion in classification. It measures the probability that a classifier 
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makes the correct prediction. It is the ratio between the number of 

correct predictions and the total number of predictions. Accuracy 

provides a simple way of describing a classifier’s performance on 

a given data set. However, since it does not take into account the 

class prior probabilities and class distribution of a dataset it can 

not provide adequate information on a classifier’s behaviour in the 

case where data is imbalanced ( He & Garcia, 2009; Zheng, 1993 ). 

A receiver operating characteristic (ROC) curve shows the bal- 

ance between a classifier’s true positive rate and false positive rate 

at various threshold settings. ROC curves are usually used for bi- 

nary (two-class) classification problems, although Landgrebe and 

Duin (2007) proposed to approximate the multiclass ROC by pair- 

wise analysis. 

AUC, namely Area Under Receiver Operating Characteristic 

(ROC) Curve, is another metric that has been widely used for as- 

sessing classification performance. AUC is equal to the probability 

that a classifier will rank a uniformly drawn, randomly chosen pos- 

itive instance higher than a randomly chosen negative example. It 

measures the classifier’s skill in ranking a set of patterns according 

to the degree to which they belong to the positive class. The AUC 

measure is very similar to Wilcoxon Rank Sum Test and Mann- 

Whitney U Test ( Bradley, 1997 ). For multiclass classification prob- 

lems, AUC can be extended to multiclass settings through pairwise 

coupling between the classes ( Hand & Till, 2001 ); there will be 

n (n − 1) / 2 combinations, where n is the number of classes. Having 

all the combinations of classes, we then average the AUC values 

from each combination, which will be considered as the multiclass 

AUC result. 

A great many different classification performance measures 

have been used in the literature; Recall and Precision, Re- 

call/Precision break-even point, F-measure ( Rijsbergen, 1979 ), 

Squared Error, Cross-Entropy, Kolmogorov-Smirnov statistic, 

Cohen’s κ ( Carletta, 1996 ), Lift ( Giudici, 2005 ), Q-statistic 

( Yule, 1900 ), Brier score ( Hernández-Orallo, Flach, & Ferri, 2012 ), 

H-measure ( Hand, 2009 ), Average/Relative information score 

( Kononenko & Bratko, 1991 ), Partial Gini index ( Baesens et al., 

2003 ), etc. In Table 1 we give the metrics that are used in related 

studies about multiple classifier comparison. 

Since different metrics capture different characteristics of a 

classifier, depending on the properties of the data, the choice 

of metrics influences how the performance of classification al- 

gorithms is measured and compared. For example, some mea- 

sures are inappropriate for imbalanced data or multiclass learning, 

while others can reveal more information in such cases ( Caruana 

& Niculescu-Mizil, 2006; He & Garcia, 2009 ). 

In this work, we use both ACC and AUC metrics for evaluating 

classification algorithms. AUC values were computed using the im- 

plementations in R-package caTools ( Tuszynski, 2008 ). To compare 

the efficiency of different classifiers, we also examine the separate 

training, parameter-tuning, and prediction time of each individual 

classifier. 

4.3. Ranking-based classifier comparison 

We also compare the classifiers based upon their ACC and AUC 

rankings. 

For each classifier, we calculate the total number of data sets 

where this classifier is ranked as top-x (x = 1 .. 5) . Then, we obtain 

the overall probability (the percentage of data sets) for each clas- 

sifier to be ranked as top-x , when classifying a data set. 

In this paper, top-1 denotes the number of data sets that a clas- 

sifier achieves the best accuracy or AUC in comparison to the rest 

of the classifiers, divided by the total number of data sets. In ac- 

cordance, top-x (x = 1 .. 5) means the number of data sets where a 

classifier ranks within the top-x classifiers in terms of ACC or AUC, 

divided by the total number of data sets. 

For a group of classifiers and a given data set, if there exists a 

classifier that ranks best in the group as top-x on the data set, then 

the group is considered as top-x on the data set. 

To investigate the best possible performance for an assemble of 

heterogeneous classifiers, we calculate, for every specified group of 

classifiers, the percentage of data sets where the group is ranked 

as top-x . 

5. Experimental setup 

We perform all the experiments on a system with dual Intel 

Xeon E5-2620 v2 CPUs at 2.10GHz and 128GB RAM, running Win- 

dows Server 2008 R2 Enterprise. 

In the experiments, we use 10-fold cross-validation to assess 

the performance of the classifiers on each data set. Each data set 

is split into 3 parts; 80% of the total instances in each data set are 

used for training a classification model (denoted as training _ data ), 

another 10% of the instances of the data set are used for tuning the 

parameters of the classification model (denoted as v alid ation _ d ata ), 

and the last 10% of the instances are used for testing only (denoted 

as test _ data ). If a classifier does not need to tune its parameters, 

v alid ation _ d ata will be merged into training _ data . All the classifiers 

use the same training and test data. 

5.1. Data sets utilised in comparison 

In total, 71 data sets are used for experiments. On these data 

sets, we give accuracy results of the 11 classifiers. For the efficiency 

evaluation of the algorithms we use a subset that includes 36 out 

of the 71 data sets, to demonstrate the running time efficiencies of 

different classification algorithms. 

All the data sets are publicly-available classification data sets 

from the UCI Machine Learning Repository 2 ( Blake & Merz, 1998 ), 

KEEL 3 ( Alcalá-Fdez et al., 2010; 2009 ), and LibSVM 

4 ( Chang & 

Lin, 2011 ). 

Since there are 71 data sets, it’s not feasible to describe all of 

them. For data sets from UCI, detailed descriptions are available 

on the UCI website. For example, the Pima (Indian Diabetes) data 

set is used for predicting diabetes. There are 8 features, including 

number of times pregnant, diastolic blood pressure, age , etc. 

Data sets from the KEEL repository are standard data sets but 

added with aleatory attribute noise. In order to corrupt each at- 

tribute A with a noise level of m%, the m% of the examples in the 

data set are chosen approximately and the value of A of each of 

these examples is assigned a random value between the minimum 

and maximum of the domain of that attribute, following a uni- 

form distribution ( Alcalá-Fdez et al., 2010; 2009; Zhu, Wu, & Yang, 

2004 ). For instance, data set spambase-10an-nn derives from the 

standard spambase data set but with 10% of the original instances 

of the training set replaced with noise for each attribute. 

Within these data sets, the number of classes is between 2 and 

26, the number of features ranges from 2 to 256, and the num- 

ber of instances ranges from 132 to 20,0 0 0. The distributions of 

the number of classes and the number of features, as well as the 

number of instances in different data sets are given in Fig. 1 , Fig. 2 , 

and Fig. 3 , respectively. 

5.2. Implementation selection for the classification algorithms 

The selected classification algorithms in this work are the most 

popular ones, including almost all the classifiers from the top-10 

data mining algorithms, reported in Wu et al. (2008) . They are 

2 http://archive.ics.uci.edu/ml 
3 http://sci2s.ugr.es/keel/datasets.php 
4 https://www.csie.ntu.edu.tw/ ∼cjlin/libsvm/index.html 

http://archive.ics.uci.edu/ml
http://sci2s.ugr.es/keel/datasets.php
https://www.csie.ntu.edu.tw/~cjlin/libsvm/index.html
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Fig. 1. Distribution of the number of classes in different data sets. 

Fig. 2. Distribution of the number of features in different data sets. 

either publicly-available with source codes in Matlab or can be 

called from the Weka software. The only two exceptions are GBDT 

and DL. 

For GBDT, for there is no publicly available implementation in 

Matlab or Weka, we adopt the GBDT implementation from the XG- 

Boost 5 library ( Chen & Guestrin, 2016 ). 

For DL, we test three different methods, which are Neural Net- 

works, DBN, implemented in Matlab using the Deep Learning Tool- 

box 6 ( Palm, 2012 ), and CNN, implemented in Python using the 

Pylearn2 7 library ( Goodfellow et al., 2013 ). 

5.2.1. Parameter tuning 

GBDT, RF, ELM, and SVM need parameter tuning to achieve the 

best performance. 

It should be mentioned that, because it is not feasible to ex- 

haustively try out all the possible values for each (numeric) pa- 

rameter of GBDT (as well as other classifiers that need fine-tuning), 

moreover, the focus of this work is to compare the performance of 

the 11 classifiers, but not on the fine-tuning techniques for these 

classifiers, thus, we only try limited number of values for each pa- 

rameter. 

There are two crucial parameters in GBDT that should be tuned 

with v alid ation _ d ata : the first parameter is the learning rate that 

shrinks the contribution of each tree and its range is (0,1); the 

other parameter is the maximum depth of the individual regres- 

sion estimators that limits the number of nodes in the tree, its 

range is {1,2,3,4}. In our experiments, with learning rate starting 

from 0.1 and increasing by 0.1, we test all the possible combina- 

tions between the two parameters and find the pair of param- 

eters that can achieve the best accuracy on the v alid ation _ d ata . 

Thus, there are in total 40 such parameter-tuning tests on 

5 https://github.com/dmlc/xgboost 
6 https://github.com/rasmusbergpalm/DeepLearnToolbox 
7 http://deeplearning.net/software/pylearn2/ 

Fig. 3. Distribution of the number of instances in different data sets. 

v alid ation _ d ata . The best pair of parameters on the v alid ation _ d ata 

will finally be used to make predictions on the test _ data . 

The two key parameters for RF are NTrees which is the number 

of individual classification trees to be trained on the training _ data 

using different subsets of features to build an ensemble of clas- 

sification trees, and NVarToSample , which denotes the number of 

variables to select at random for each decision split. In our exper- 

iments, we fix NTrees to be 100 ( Khoshgoftaar et al., 2007 ) and 

vary NVarToSample from 1 to the total number of features, to find 

out the value for NVarToSample that can achieve the best classifi- 

cation accuracy on v alid ation _ d ata . Thus, the total number of tests 

on each v alid ation _ d ata for parameter tuning in RF is the same as 

the number of features in the data set. The ensemble classification 

model having the best value for NVarToSample will then be used 

for predicting the labels of the instances in the test _ data . 

For ELM, there are also two important parameters that should 

be tuned, which are the regularization coefficient and the kernel 

parameter. In our tuning, we first use the default value of the ker- 

nel parameter to find the best regularization coefficient value that 

can achieve the best classification accuracy, by varying its value 

from 1 until 100. We next fix the value of the regularization co- 

efficient to its best value and find the best value for the kernel 

parameter with the range [1,150], using the same tuning proce- 

dure as regularization coefficient. Therefore, the total number of 

parameter-tuning tests in ELM is 250. We use the best values of 

the two parameters derived above to predict the labels of the in- 

stances in the test _ data . 

When testing SVM, we use the default type of SVM ( C-SVM ), 

for which we adopt the implementations from LibSVM ( Chang & 

Lin, 2011 ). We have tried two kernels, RBF (Radial Basis Function) 

kernel and pre-computed kernel. For RBF kernel, we tune two pa- 

rameters, the penalty parameter ( C ) and the parameter gamma ( γ ) 

in the kernel function, using the grid-search method (SVM with 

stochastic gradient, SVMcg ) ( Hsu, Chang, Lin et al., 2003 ). It has 

been proved that the linear kernel is essentially a special case of 

the RBF kernel ( Keerthi & Lin, 2003 ). 

We have not tested the polynomial and sigmoid kernels. The 

study in Lin and Lin (2003) proves that the sigmoid kernel is not 

better than the RBF kernel in general; moreover, the quality of the 

local minimum solution in parameters of the sigmoid kernel may 

not be guaranteed, it is therefore hard to select suitable parameters 

for the sigmoid kernel. 

Regarding SVM, we test three different parameter settings, as 

can be seen in Table 2 . Overall, the pre-computed kernel achieves 

the best accuracy in 40 data sets, while SVMcg is best on 31 data 

sets. Both of them significantly outperform SVM with the default 

parameters. Also, the precomputed kernel does not need parameter 

tuning, while the parameter tuning for SVMcg is time-demanding. 

https://github.com/dmlc/xgboost
https://github.com/rasmusbergpalm/DeepLearnToolbox
http://deeplearning.net/software/pylearn2/
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Table 2 

Accuracy results for different implementations of SVM. 

Data sets Accuracy 

Default ’Pre-computed Kernel’ SVMcg.m 

Yeast 0.5473 0.6284 0.3987 

Wine 0.4 4 4 4 0.94 4 4 0.94 4 4 

Wall_following 0.4451 0.9854 0.9377 

thyroid 0.9028 0.9028 0.9028 

shuttle 0.7558 0.9585 0.7558 

Seeds 0.9048 0.8571 0.8571 

Satimage 0.2205 0.9037 0.9130 

pima 0.5974 0.6494 0.7013 

penbased 0.0545 0.9727 0.9818 

page-blocks 0.8519 0.94 4 4 0.8889 

Optdigits 0.0801 0.9822 0.9911 

new_thyroid 0.7273 1.0 0 0 0 0.8636 

… … … …

Ranking Number of data sets 

# of wins (ties) 8 (2) 40 (5) 31 (5) 

# of ties 6 

# of triple ties 1 

Table 3 

Accuracy results for different parameter settings of ELM. 

Data sets Accuracy 

ELM 80%-train 90%-train 

Yeast 0.5608 0.6487 0.6351 

Wine 0.6667 0.7222 0.7222 

Wall_following 0.5586 0.5916 0.6099 

thyroid 0.9028 0.9028 0.9028 

shuttle 0.9908 0.9908 0.9908 

Seeds 0.9048 0.9048 0.9048 

Satimage 0.9255 0.9286 0.9239 

pima 0.7013 0.6623 0.7273 

penbased 0.9727 0.9727 0.9727 

page-blocks 0.8889 0.8704 0.8704 

Optdigits 0.9822 0.9822 0.9822 

new_thyroid 0.9091 0.9546 0.9091 

… … … …

Ranking Number of data sets 

# of wins (ties) 31 (5) 29 (8) 42 (13) 

# of ties 13 

# of triple ties 9 

Therefore, we finally use the precomputed kernel for our experi- 

ments. 

For KNN, we try different values for K , such as 1 ( King et al., 

1995 ) and 3. We fine-tune, on v alid ation _ d ata, the best K value for 

KNN on each dataset. 

For the rest of the algorithms (i.e. C4.5, SRC, LR, AB, NB, DL), we 

use their default parameters. 

5.2.2. Testing setting of each classifier 

We try two testing options for GBDT. The only difference 

between them is that the first method trains the classification 

model on training _ data then fine-tunes its parameters using the 

v alid ation _ d ata, whereas in the second method we train a clas- 

sification model using both training _ data and v alidation _ data, 

while still using v alid ation _ d ata for parameter tuning. That is, 

v alid ation _ d ata is used in both training and parameter tuning. Nev- 

ertheless, the overall performance of the two methods is found to 

be similar, but the first method runs faster, which is why it is se- 

lected for the benchmark experiments. 

Similarly, for ELM, we also compare the above two fine-tuning 

methods, but find that the second method has slightly better over- 

all prediction accuracy. In Table 3 , we show the accuracy results 

Table 4 

Accuracy results for different settings of Random Forests. 

Data sets Accuracy 

RF-default RF-fine-tuned 

Yeast 0.6351 0.6216 

Wine 1 0.94 4 4 

Wall_following 0.9963 0.9982 

thyroid 0.94 4 4 1 

shuttle 0.9954 0.9954 

Seeds 0.8095 0.8571 

Satimage 0.9162 0.9270 

pima 0.8052 0.8052 

penbased 0.9636 0.9727 

page-blocks 0.9074 0.9259 

Optdigits 0.9787 0.9822 

new_thyroid 0.9546 0.9546 

… … …

Ranking Number of data sets 

# of wins 25 37 

# of ties 9 

of ELM using both the default parameters (i.e. without parameter- 

tuning) and the fine-tuned parameters (i.e. the second and third 

methods in the table). 

Here, # of wins corresponds to the number of data sets where 

one method achieves the first place, regarding prediction accuracy. 

The values in the parentheses (i.e. ties ) correspond to the number 

of data sets where two or more methods share the first place. # of 

ties (i.e. 13 in Table 3 ) is the number of data sets where only two 

methods are tied in the first place. Lastly, # of triple ties denotes 

the number of data sets where all the methods have identical ac- 

curacy results. For example, # of triple ties = 9 in Table 3 implies 

that there are 9 data sets (e.g. shuttle and penbased ) where the ac- 

curacy results are the same for all the three methods. Due to the 

ties between different methods, the total number of the data sets 

for # of wins can be larger than the number of the data sets used 

in the experiments, e.g. in Table 3 , 31 + 29 + 42 −13 −9 × 2 = 71 . 

It is clear that ELM with fine-tuned parameters (i.e. second and 

third methods) significantly outperforms ELM with default param- 

eters in most cases. As the third method achieves better accuracy 

in more cases than the second, while also yielding better total av- 

erage accuracy, it is selected as the representative ELM setting for 

the benchmarks. 

For RF, we compare the algorithm with default parameters and 

the fine tuned version derived using the same tuning methodology 

as GBDT and ELM. We find that the fine-tuned RF has better pre- 

diction accuracy in 16.9% more data sets than the default one, as 

shown in Table 4 . It should be noted that the # of wins denotes 

the number of data sets where an algorithm setting outperforms 

the other, while # of ties denotes the number of data sets where 

the two settings yield identical accuracy. 

Table 5 shows the accuracy comparison of different DL imple- 

mentations. It should be noted that, while Neural Networks (NN) 

works on every data set, Deep Belief Networks (DBN) and Pylearn2 

require non-negative matrices, and Pylearn2 also requires non- 

negative integers, which represent the pixel values of the images, 

thus some data sets are not testable for them. In the 20 data sets 

where all these implementations are valid, they have similar per- 

formance in terms of best accuracy. NN, DBN, and Pylearn2 achieve 

top-1 accuracy on 8, 10, and 8 data sets respectively. We finally de- 

cide to use NN to compare with other classifiers. It is worth not- 

ing that DL does not show satisfactory results on most of the data 

sets, it has shown outstanding prediction performance on image- 

data though. 
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Table 5 

Accuracy results for different implementations of Deep Learning. 

Data sets Accuracy 

NN DBN Pylearn2 

Yeast 0.1622 0.3311 N/A 

Wine 0.2778 0.2778 N/A 

Wall_following 0.4542 0.3810 0.2857 

thyroid 0.9028 0.9028 N/A 

shuttle 0.7558 N/A 0.7512 

Seeds 0.2381 0.2381 N/A 

Satimage 0.2624 0.2205 0.2562 

pima 0.4026 0.5974 N/A 

penbased 0.0818 0.1273 0.0727 

page-blocks 0.8704 0.8519 N/A 

… … … …

Ranking Number of data sets 

# of wins (ties) 47 (10) 25 (11) 10 (1) 

# of ties 11 

# of triple ties 0 

Fig. 4. Box plots for Accuracy (raw values). 

6. Results and analysis 

6.1. Accuracy comparisons of individual classifiers 

In Table 6 , we compare the classification accuracy achieved by 

every classifier on the 71 data sets. In Fig. 4 , we depict the av- 

eraged accuracy performance of each classifier on all 71 data sets 

using a box plot ( Tukey, 1977 ). We see that RF and GBDT perform 

the best, followed by SVM and ELM. Moreover, we observe that the 

interquartile range of RF, GBDT, and SVM are the smallest, show- 

ing that these three algorithms generally perform well, in terms of 

prediction accuracy, regardless of the data sets. In Fig. 5 , we sum- 

marise the distributions of average ranks of the accuracy perfor- 

mance for each classifier on all the data sets using a box plot. By 

average ranks, we mean that we rank the algorithms in terms of 

accuracy, but in cases where two or more algorithms have iden- 

tical accuracy values (ties) on the same data set, these algorithms 

receive a rank equal to the average of the ranks they span, instead 

of the lower rank. For example, in Table 6 , GBDT and ELM are best 

performers on the data set Ecoli_reduction , having accuracy value 

of 0.8788, using the average rank measure, both algorithms will 

get a rank value of 1.5, instead of 1. It is clear that GBDT and RF 

rank high in the majority of the data sets, followed by SVM. More- 

over, RF ranks consistently high, as it can be deduced by the com- 

pact length of both the interquartile range and the whiskers. The 

Fig. 5. Box plots for Accuracy (mean ranks). 

low ranking of SVM in 3 data sets ( shuttle, ionosphere , and biodeg ) 

could be interpreted as outliers. It is easy to see that AB and DL 

are in general the worst performers, with only a few cases/data 

sets being the exceptions to the rule. 

In Table 7 , we summarise Table 6 by ranking the classifiers 

based on the number of data sets on which a classifier achieves 

the top-1, top-2 , etc., prediction accuracy. It should be noted that 

for DL, on each data set we pick the best accuracy out of the 

three DL implementations (because the accuracy of DL on these 

71 data sets is very low), but for any other classifier we pick the 

version that corresponds to the parameter set or implementation 

that yields the best overall accuracy. 

From Table 7 we can observe that GBDT ranks as the best clas- 

sifier in 42.25% of the data sets and within top-2 in 63.38% of all 

the data sets. Similarly, it ranks top-3 with a probability of 67.61%, 

top-4 with 77.46%, and top-5 with 83.10%. Comparing this with the 

remaining classifiers, we can see that GBDT is significantly better, 

in terms of accuracy, than the other classifiers in top-1 and top-2 

cases, while still being the second best in top-3, top-4 , and top-5 

cases. 

RF ranks second at top-1 and top-2 , but it is the best performer 

in top-3, top-4, top-5 cases. The commonly used SVM ranks 3 rd in 

all cases, while ELM ranks overall as 4 th , it achieves the best ac- 

curacy in 11 out of the 71 datasets. C4.5 and SRC generally rank as 

the fifth and sixth most accurate classifiers. The rest of the classi- 

fiers demonstrate unremarkable results. 

Referring only to the top-1 accuracy for each data set, with 

a tolerance of 0.2%, 0.5% and 0.8%, respectively, each classifier is 

ranked based on their accuracy, taking into account the above tol- 

erance values, as can be seen in Table 8 . We see that, when the 

variance tolerance value is 0.5% or smaller, GBDT is top-1 on accu- 

racy in approximately 50% of all the data sets. In comparison, RF 

ranks top-1 in roughly 1/3 of all the data sets, with the same tol- 

erance value; but ELM and SVM rank top-1 in only 20% of all the 

data sets. 

We check the accuracy results in Van Rijn et al. (2013) in or- 

der to validate our experiments. For example, for the mushroom 

data set, our accuracy results in this work for RF, SVM, C4.5, NB, 

and AB are close to those reported in Van Rijn et al. (2013) , be- 

ing 1, 0.9950, 1, 0.9507, 0.9991 respectively in Van Rijn et al. (2013) , 

while their according values are 0.9951, 1, 1, 0.9570, 0.9668 in this 

work. For the Mfeat-kar data set and for the same algorithms, 

the accuracy results in Van Rijn et al. (2013) are 0.9511, 0.9213, 

0.7685, 0.9299, 0.1940 , while in this work the corresponding val- 

ues are 0.950 0, 0.9750, 0.780 0, 0.940 0, 0.180 0 . These results demon- 
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Table 6 

Accuracy results for different classification algorithms on 71 data sets. 

Accuracy Classifiers 

Data sets GBDT RF ELM SVM C4.5 SRC KNN LR AB NB DL 

1 Yeast 0.6216 0.6216 0.6487 0.6284 0.5135 0.5743 0.5473 0.6216 0.4122 0.5946 0.3311 

2 Wine 1 0.94 4 4 0.7222 0.94 4 4 1 0.94 4 4 0.8333 0.8889 0.8889 0.94 4 4 0.2778 

3 thyroid 1 1 0.9028 0.9028 0.9861 0.9028 0.9028 0.9306 0.9306 0.9028 0.9028 

4 shuttle 0.9954 0.9954 0.9908 0.9585 0.9954 0.9816 0.9862 0.9724 0.9954 0.9401 0.7558 

5 Seeds 0.8571 0.8571 0.9048 0.8571 0.7143 0.9048 0.9524 0.7619 0.8095 0.8095 0.2381 

6 pima 0.7013 0.8052 0.6623 0.6494 0.7662 0.5974 0.6104 0.8052 0.8312 0.7533 0.5974 

7 penbased 0.9545 0.9727 0.9727 0.9727 0.8818 0.9818 0.9636 0.8909 0.1364 0.8727 0.1273 

8 page-blocks 0.8889 0.9259 0.8704 0.94 4 4 0.9259 0.9074 0.9074 0.9259 0.8889 0.9074 0.8704 

9 new_thyroid 0.9545 0.9546 0.9546 1 0.9546 0.9091 0.9546 0.9546 0.9546 0.9546 0.7273 

10 image_segmentation 0.9870 0.9827 0.9827 0.9437 0.9697 0.9827 0.9178 0.9697 0.2597 0.8139 0.0606 

11 IIF_Intensity 0.6667 0.7500 0.2833 0.9500 0.6667 0.4500 0.8667 0.6500 0.50 0 0 0.60 0 0 0.3667 

12 glass_reduction 0.7619 0.8095 0.9048 0.8095 0.4286 0.6667 0.7619 0.7143 0.4286 0.3810 0.4286 

13 FER 0.8977 0.9432 0.9773 0.8977 0.6591 1 0.9773 0.7841 0.3409 0.3636 0.1705 

14 Ecoli_reduction 0.8788 0.8182 0.8788 0.8485 0.8485 0.7576 0.8182 0.7879 0.6667 0.7273 0.3636 

15 dermatology 0.9730 0.9460 0.9460 1 0.9460 0.9730 0.9189 0.9730 0.5405 0.9460 0.3243 

16 contraceptive 0.5541 0.5068 0.5338 0.5405 0.5270 0.5405 0.4932 0.5270 0.4122 0.50 0 0 0.4122 

17 Cardiotocography 0.9108 0.8967 0.7465 0.8545 0.8639 0.7371 0.7183 0.8685 0.3897 0.7136 0.0188 

18 car 1 0.9711 0.9480 0.9191 0.9538 0.8613 0.8555 0.6763 0.6705 0.7861 0.6705 

19 balance 0.9683 0.9524 0.9524 0.9206 0.8571 1 0.9524 0.9365 0.8095 0.9683 0.4603 

20 autos 0.8750 0.8125 0.3750 0.6250 0.8750 0.6875 0.3125 0.5625 0.3125 0.3750 0.3125 

21 abalone 0.2657 0.2730 0.2874 0.2850 0.2101 0.2150 0.2391 0.3019 0.2295 0.2802 0.1377 

22 phoneme 0.8669 0.8946 0.8799 0.7745 0.8466 0.8983 0.8928 0.7449 0.7708 0.7338 0.2847 

23 winequality-white 0.5490 0.5490 0.4694 0.5347 0.4347 0.4327 0.4592 0.5633 0.5694 0.3959 0.5694 

24 winequality-red 0.4813 0.5688 0.4500 0.4938 0.4750 0.5438 0.4313 0.5875 0.5750 0.5313 0.4313 

25 twonorm-5an-nn 0.9459 0.9432 0.9487 0.9487 0.8257 0.5243 0.9405 0.9460 0.8500 0.9460 0.9189 

26 segment-5an-nn 0.9784 0.9740 0.8312 0.8355 0.9437 0.8831 0.7836 0.8918 0.2511 0.8182 0.1732 

27 page-blocks-5an-nn 0.9708 0.9745 0.9197 0.9380 0.9635 0.9434 0.9398 0.9307 0.9179 0.7664 0.8869 

28 spambase-10an-nn 0.9109 0.9044 0.7304 0.9044 0.8609 0.7087 0.7044 0.6870 0.8783 0.60 0 0 0.6130 

29 segment-10an-nn 0.9610 0.9481 0.8095 0.8615 0.8745 0.7879 0.6926 0.7922 0.2771 0.7792 0.1385 

30 spambase-15an-nn 0.8935 0.90 0 0 0.6761 0.8630 0.8196 0.6739 0.6500 0.6609 0.8522 0.6109 0.3913 

31 yeast-20an-nn 0.3826 0.4564 0.5168 0.5101 0.3893 0.3222 0.3423 0.4765 0.4698 0.3960 0.3960 

32 vowel_context 0.8485 0.9394 0.9899 0.9697 0.7879 0.9798 0.9495 0.6970 0.1616 0.6364 0.1111 

33 Ionosphere 0.9167 0.9167 0.8889 0.8056 0.94 4 4 0.94 4 4 0.8889 0.8889 0.9167 0.8056 0.7222 

34 german_credit 0.7600 0.7400 0.7100 0.7200 0.7400 0.6900 0.7200 0.7200 0.7100 0.7600 0.7400 

35 splice1 0.9436 0.9342 0.9248 0.9248 0.9718 0.8809 0.7743 0.8966 0.8840 0.8715 0.8746 

36 Mush 0.8958 0.8333 0.5833 0.9583 0.7500 0.8958 0.8750 0.8542 0.7292 0.7708 0.7708 

37 Wall_following 1 0.9982 0.5916 0.9854 1 0.9084 0.8865 0.7070 0.7491 0.5202 0.4542 

38 Satimage 0.9270 0.9270 0.9286 0.9037 0.8789 0.6615 0.8463 0.8603 0.4550 0.8012 0.2624 

39 Optdigits 0.9786 0.9822 0.9822 0.9822 0.8968 0.9875 0.9840 0.9448 0.1868 0.9235 0.0996 

40 hayes_roth 0.7857 0.7857 0.7857 0.7857 0.7857 0.6429 0.50 0 0 0.6429 0.2143 0.7857 0.5714 

41 BioCells 0.7959 0.7959 0.7959 0.8163 0.8367 0.7959 0.8367 0.7959 0.7755 0.7347 0.7143 

42 magic 0.8654 0.8696 0.8092 0.8307 0.8507 0.7124 0.7745 0.7944 0.7844 0.7376 0.6583 

43 yeast-5an-nn 0.5369 0.5503 0.5436 0.5503 0.4631 0.3960 0.4430 0.5168 0.4362 0.4430 0.3557 

44 spambase-5an-nn 0.9196 0.9130 0.7087 0.9152 0.8609 0.7283 0.6891 0.7478 0.8848 0.6413 0.6087 

45 satimage-5an-nn 0.8773 0.8913 0.6056 0.8665 0.8432 0.6273 0.64 4 4 0.7578 0.4922 0.6320 0.3121 

46 penbased-5an-nn 0.9809 0.9782 0.9718 0.9536 0.9055 0.9582 0.9682 0.8436 0.2009 0.7836 0.1527 

47 yeast-10an-nn 0.5436 0.5772 0.5503 0.5839 0.4966 0.4362 0.5034 0.5571 0.4765 0.5369 0.3960 

48 twonorm-10an-nn 0.9486 0.9460 0.9419 0.9500 0.8216 0.5162 0.9216 0.9297 0.8297 0.9324 0.8757 

49 satimage-10an-nn 0.8975 0.8913 0.5093 0.8820 0.7857 0.6289 0.5776 0.6 84 8 0.4565 0.6149 0.1817 

50 penbased-10an-nn 0.9627 0.9627 0.9318 0.9091 0.8600 0.9064 0.9300 0.8064 0.1864 0.7591 0.1518 

51 page-blocks-10an-nn 0.9745 0.9708 0.9069 0.9234 0.9580 0.9343 0.9252 0.8978 0.9215 0.8102 0.8923 

52 yeast-15an-nn 0.4899 0.4564 0.4161 0.4228 0.4497 0.4564 0.4094 0.4228 0.4094 0.4094 0.3557 

53 twonorm-15an-nn 0.9243 0.9243 0.9027 0.9189 0.7716 0.4946 0.8865 0.8946 0.8189 0.8960 0.8527 

54 segment-15an-nn 0.9307 0.9351 0.6450 0.8268 0.8442 0.6970 0.5584 0.7359 0.2814 0.6926 0.1342 

55 satimage-15an-nn 0.8820 0.8758 0.4099 0.8649 0.7438 0.5776 0.4534 0.6304 0.4565 0.5761 0.3121 

56 penbased-15an-nn 0.9355 0.9427 0.8891 0.8973 0.8109 0.8791 0.8909 0.7518 0.1909 0.7600 0.1455 

57 twonorm-20an-nn 0.9095 0.9027 0.8960 0.9135 0.7865 0.5216 0.8554 0.8703 0.8014 0.8770 0.7987 

58 spambase-20an-nn 0.9087 0.9022 0.6478 0.8739 0.8413 0.6587 0.6239 0.6587 0.8609 0.6022 0.3913 

59 segment-20an-nn 0.9177 0.9178 0.5498 0.8355 0.8225 0.6191 0.5498 0.7792 0.2684 0.7143 0.1429 

60 satimage-20an-nn 0.8820 0.8680 0.4146 0.8339 0.7143 0.5575 0.4301 0.5932 0.3168 0.5901 0.2019 

61 penbased-20an-nn 0.9200 0.9064 0.8464 0.8300 0.7655 0.7882 0.8455 0.6909 0.1764 0.6982 0.1345 

62 Letter 0.9470 0.9600 0.9725 0.9280 0.8720 0.7795 0.9495 0.7715 0.0700 0.6140 0.0425 

63 gesture_phase 0.9771 0.9543 0.0629 0.9771 0.9371 0.4114 0.8971 0.7771 0.6800 0.7257 0.4114 

64 mushroom 1 0.9951 0.9779 1 1 1 0.9975 0.9865 0.9668 0.9570 0.9668 

65 Waveform 0.8520 0.8580 0.8640 0.8340 0.7340 0.7560 0.7960 0.8460 0.6120 0.7880 0.3140 

66 biodeg 0.8868 0.8679 0.8491 0.7547 0.8396 0.8208 0.8019 0.8679 0.8208 0.7830 0.6415 

67 Sonar 0.9048 0.9524 0.6191 0.9048 0.7619 0.8571 0.7143 0.6667 0.8571 0.7619 0.6667 

68 Mfeat-kar 0.9250 0.9500 0.9800 0.9750 0.7800 0.9750 0.9700 0.8800 0.1850 0.9400 0.4350 

69 Gas 0.9778 0.9778 0.0889 0.9111 0.9333 0.7778 0.6889 0.9556 0.3778 0.7778 0.3111 

70 Mfeat-fac 0.9700 0.9750 0.5450 0.9800 0.8750 0.9750 0.9600 0.9850 0.1650 0.9350 0.1250 

71 usps 0.9292 0.9317 0.9582 0.9447 0.8680 0.9656 0.9467 0.8914 0.3039 0.7678 0.1789 
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Table 7 

Accuracy ranking of different classification algorithms. 

Algorithms Accuracy ranking 

Top-1 Top-2 Top-3 Top-4 Top-5 

GBDT 42.25% 63.38% 67.61% 77.46% 83.10% 

RF 21.13% 56.34% 77.46% 84.51% 92.96 % 

SVM 18.31% 30.99% 52.11% 64.79% 78.87% 

ELM 15.49% 23.94% 30.99% 47.89% 56.34% 

C4.5 12.68% 15.49% 28.17% 43.66% 56.34% 

SRC 11.27% 22.54% 23.94% 33.80% 38.03% 

LR 4.23% 11.27% 19.72% 26.76% 40.85% 

AB 4.23% 7.04% 8.45% 19.72% 18.31% 

KNN 2.82% 8.45% 12.68% 26.76% 36.62% 

NB 2.82% 5.63% 7.04% 9.86% 19.72% 

DL 1.41% 1.41% 2.82% 4.23% 4.23% 

Table 8 

Best accuracy ranking with variance (in percentage). 

Algorithms Accuracy ranking 

no var 0.2% var 0.5% var 0.8% var 

GBDT 42.25% 46.48% 53.52% 56.34% 

RF 21.13% 23.94% 33.80% 45.07% 

SVM 18.31% 18.31% 19.72% 26.76% 

ELM 15.49% 15.49% 18.31% 21.13% 

C45 12.68% 12.68% 12.68% 12.68% 

SRC 11.27% 11.27% 12.68% 14.08% 

LR 4.23% 4.23% 5.63% 5.63% 

AB 4.23% 4.23% 4.23% 4.23% 

KNN 2.82% 2.82% 5.63% 7.04% 

NB 2.82% 2.82% 4.23% 4.23% 

DL 1.41% 1.41% 1.41% 1.41% 

strate that our results are in general consistent with those re- 

ported in Van Rijn et al. (2013) . It should be noted that, the ex- 

perimental results for GBDT, ELM, and SRC are not available in 

Van Rijn et al. (2013) . 

However, we have also observed inconsistent results, such as 

the page-blocks data set, where the accuracy results for the above- 

mentioned algorithms, as reported in Van Rijn et al. (2013) , are 

0.9762, 0.9123, 0.9700, 0.8990, 0.9313 , while in this work the corre- 

sponding values are 0.9259, 0.94 4 4, 0.9259, 0.9074, 0.8889 . This in- 

consistency occurs due to the different parameters tuned/adopted, 

and the specific instances selected for training/testing can also be 

different. 

In order to demonstrate the difference in prediction accu- 

racy between classifiers, we make pairwise comparisons. How- 

ever, comparison between classifiers over multiple data sets us- 

ing just the average accuracy values is not statistically safe, be- 

cause these values are not commensurable ( Demšar, 2006 ). Nev- 

ertheless, the mean values give a rough estimate for the perfor- 

mance of the classifiers and summary results can be used as a 

guide. Demšar (2006) and Garcia and Herrera (2009) recommend 

pair significance testing for comparative studies. Moreover, because 

the accuracy values over all data sets for each classifier do not 

follow the normal distribution, significance tests should be non- 

parametric. For all the pair-wise comparisons, we apply the Fried- 

man non-parametric test for multiple groups. This test either re- 

tains or rejects the null-hypothesis test of whether these accuracy 

values come from one distribution or not. In our tests, we set the 

confidence level at 95%. Then, we follow with post-hoc analysis us- 

ing Dunn’s test, as explained in Section 4.1 . For significance level 

α = 0 . 05 , k = 11 classifiers, and n = 71 matched data points (cor- 

responding to 71 data sets), we find that the corresponding critical 

value of a two-tailed hypothesis test is z = 3 . 3173 and the compar- 

ison between a pair of classifiers is statistically significant if the 

absolute difference of their sum ranks is larger than 127.5476. The 

results of Dunn’s test are listed in Table 9 . We observe that, the 

Fig. 6. Accuracy comparison between GBDT and RF grouped by the number of 

classes. 

Fig. 7. Accuracy comparison between GBDT and RF grouped by the number of fea- 

tures. 

difference between GBDT and RF/SVM is not statistically signifi- 

cant, while the difference between GBDT/RF and ELM is significant. 

With a confidence level of 95%, only the differences between ELM 

and AB/ND/DL are significant. At the same confidence level, SVM 

sum ranking is statistically better than SRC, KNN, LR, AB, NB, and 

DL, but we can not make this claim in pair-wise comparisons with 

GBDT, RF, ELM, and C4.5. 

6.1.1. GBDT vs RF 

In Fig. 6 we compare the influence of the number of classes 

on the prediction accuracy between GBDT and RF. We can observe 

that when the number of classes is 8 or less GBDT outperforms 

RF, while RF has better prediction accuracy when the number of 

classes is 9 or more. 

From Table 6 we can also observe that in 5 data sets, pima, 

IIF_Intensity, winequality-red, yeast-20an-nn , and vowel_context , the 

accuracy difference between RF and GBDT is atypically large in 

favour of RF, over 10%. However, except these 5 data sets, GBDT 

outperforms RF in mean overall accuracy. 

Regarding the influence of the number of features on the accu- 

racy performance, RF performs better when the number of features 

is 10 or less, but GBDT is exceptional when the number of features 

is between 11 and 50, as it can be seen in Fig. 7 . When the number 

of features is greater than 50, both classifiers have similar ranking 

performance. 

Using non-parametric test, with a confidence level of 95%, as 

can be seen in Table 9 , we find that their ranking differences are 

statistically insignificant. 

6.1.2. GBDT vs SVM 

In Fig. 8 we compare the influence of the number of classes on 

the prediction accuracy between GBDT and SVM. We can observe 

that when the number of classes is 8 or less GBDT significantly 

outperforms SVM, while SVM has better prediction accuracy when 

the number of classes is 9 or more. 
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Table 9 

Dunn’s Multiple Comparisons Test for 11 classifiers on 71 data sets (confidence level: 95%). 

Classifiers Rank sum differences 

RF ELM SVM C45 SRC KNN LR AB NB DL 

GBDT −1.0 180.0 65.5 177.0 216.5 250.0 197.5 364.0 323.5 504.0 

RF 181.0 66.5 178.0 217.5 251.0 198.5 365.0 324.5 505.0 

ELM −114.5 −3.0 36.5 70.0 17.5 184.0 143.5 324.0 

SVM 111.5 151.0 184.5 132.0 298.5 258.0 438.5 

C4.5 39.5 73.0 20.5 187.0 146.5 327.0 

SRC 33.5 −19.0 147.5 107.0 287.5 

KNN −52.5 114.0 73.5 254.0 

LR 166.5 126.0 306.5 

AB −40.5 140.0 

NB 180.5 

Bold values correspond to non statistically significant comparisons (absolute rank sum differences that are < 

127.5476). 

Fig. 8. Accuracy comparison between GBDT and SVM grouped by the number of 

classes. 

Fig. 9. Accuracy comparison between GBDT and SVM grouped by the number of 

features. 

Regarding the influence of the number of features on the ac- 

curacy performance, GBDT performs significantly better when the 

number of features is 50 or less but SVM is exceptional when the 

number of features is more than 100, as it can be seen in Fig. 9 . 

Both classifiers show similar performance when the number of fea- 

tures is between 50 and 100. 

We observe that for the IIF_Intensity, winequality-red , and yeast- 

20an-nn data sets, SVM has unexpected superior accuracies than 

GBDT, but the former performs very poorly in the autos data set. 

Using non-parametric test, with a confidence level of 95%, as 

can be seen in Table 9 , we find that these differences are statisti- 

cally significant. 

6.1.3. GBDT vs ELM 

From Table 6 , it can be seen that GBDT clearly outperforms 

ELM. The total average accuracy for GBDT over 71 data sets is 

86.03% while for DL it is 74.47% over 71 data sets. In particular, 

in 17 data sets out of 71, the difference is extremely large, over 

30%. 

Fig. 10. Accuracy comparison between RF and ELM grouped by the number of 

classes. 

Using Friedman’s non-parametric test, with a confidence level 

of 95%, as can be seen in Table 9 , we find that these differences 

are statistically significant. 

6.1.4. GBDT vs DL 

From Table 6 , it can be seen that GBDT clearly outperforms DL. 

The total average accuracy of GBDT over 71 data sets is 86.03% 

while for Deep Learning it is 43.42%. There are only 2 exceptions; 

DL has better accuracy in winequality-white and yeast-20an-nn with 

an accuracy increase of 1.4% and 2%. 

Using Friedman non-parametric test, with a confidence level of 

95%, as can be seen in Table 9 , we find that these differences are 

statistically significant. 

These findings reveal that although DL is a very hot approach 

for computer vision and speech recognition, its performance is far 

beyond GBDT for classification tasks on small numerical data sets. 

6.1.5. ELM vs RF and C4.5 

Using Friedman’s non-parametric test, with a confidence level 

of 95%, as can be seen in Table 9 , we find that the differences be- 

tween ELM and RF are statistically significant. In terms of mean 

accuracy and number of winning data sets, RF is much better than 

ELM. 

In Fig. 10 we compare the influence of the number of classes 

on the prediction accuracy between RF and ELM. We can observe 

that when the number of classes is 10 or less RF outperforms ELM, 

while ELM has better prediction accuracy when the number of 

classes is 11 or more. 

In Fig. 11 , we observe that RF always performs significantly 

better, regardless of the number of features, especially when this 

number is between 11 and 30, and 51 and 100. 



C. Zhang et al. / Expert Systems With Applications 82 (2017) 128–150 141 

Fig. 11. Accuracy comparison between RF and ELM grouped by the number of fea- 

tures. 

Fig. 12. Accuracy comparison between ELM and SVM grouped by the number of 

classes. 

Fig. 13. Accuracy comparison between ELM and SVM grouped by the number of 

features. 

If we exclude IIF_Intensity and gesture_phase , ELM performs 

slightly better than C4.5, but this difference is not significant ac- 

cording to Friedman test, as can be seen in Table 9 . 

6.1.6. ELM vs SVM 

In Fig. 12 , we compare the influence of the number of classes 

on the prediction accuracy between ELM and SVM. We can ob- 

serve that when the number of classes is 8 or less SVM outper- 

forms ELM, while the latter has better prediction accuracy when 

the number of classes is 9 or above. 

In Fig. 13 , we observe that SVM has significantly better per- 

formance when the number of features is between 11 and 30 or 

greater than 51. For all other cases the two classifiers show similar 

performance. 

6.1.7. RF vs SVM 

In Fig. 14 , we compare the influence of the number of classes 

on the prediction accuracy between RF and SVM. We can ob- 

serve that RF ranks higher in more data sets with less than 8 

classes, while the two algorithms rank similarly when the number 

Fig. 14. Accuracy comparison between RF and SVM grouped by the number of 

classes. 

Fig. 15. Accuracy comparison between RF and SVM grouped by the number of fea- 

tures. 

Fig. 16. Accuracy comparison between SVM and C4.5 grouped by the number of 

classes. 

of classes is 9 or above. The difference in performance is wider 

when the number of classes is between 5 and 8. 

In Fig. 15 , we observe that RF ranks significantly better than 

SVM when the number of features is between 11 and 50. When 

the number of features is 10 or less or between 51 and 100 the two 

algorithms demonstrate similar ranking performance, while SVM is 

better when the number of features exceeds 101. 

6.1.8. SVM vs C4.5 

In Fig. 16 we compare the influence of the number of classes 

on the prediction accuracy between SVM and C4.5. We can observe 

that SVM consistently ranks better, with the gap in ranking perfor- 

mance being significant when the number of classes exceeds 9. 

In Fig. 17 we observe that SVM outperforms C4.5 in all cases, 

especially when the number of features is greater than 31. 

6.2. Accuracy comparisons among groups of classifiers 

Table 10 demonstrates the grouped accuracy results of different 

groups of classifiers. For example, when GBDT and RF are consid- 
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Fig. 17. Accuracy comparison between SVM and C4.5 grouped by the number of 

features. 

Table 10 

Accuracy ranking of different classification algorithms groups. 

Algorithms grouped Accuracy ranking 

Top-1 Top-2 

GBDT & RF 54.93 % 77.46% 

GBDT & SVM 56.34 % 80.28 % 

GBDT & ELM 54.93 % 83.10 % 

GBDT & C4.5 46.48% 69.01% 

RF & SVM 36.62% 76.06% 

RF & ELM 35.21% 70.42% 

RF & C4.5 30.99% 66.20% 

SVM & ELM 30.99% 46.48% 

SVM & C4.5 28.17% 42.25% 

ELM & C4.5 26.76% 38.03% 

GBDT & RF & SVM 67.61 % 85.92% 

GBDT & RF & ELM 67.61 % 90.14 % 

GBDT & RF & C4.5 59.15% 80.28% 

GBDT & SVM & ELM 67.61 % 90.14 % 

GBDT & SVM & C4.5 60.56 % 83.10% 

GBDT & ELM & C4.5 59.15% 87.32 % 

RF & SVM & ELM 49.30% 84.51% 

RF & SVM & C4.5 45.07% 84.51% 

RF & ELM & C4.5 45.07% 80.28% 

SVM & ELM & C4.5 40.85% 56.34% 

GBDT & RF & SVM & ELM 78.87 % 92.96 % 

GBDT & RF & SVM & C4.5 71.83 % 88.73% 

GBDT & RF & ELM & C4.5 71.83 % 92.96 % 

GBDT & SVM & ELM & C4.5 71.83 % 92.96 % 

RF & SVM & ELM & C4.5 57.75% 92.96 % 

GBDT & RF & SVM & ELM & C4.5 83.10 % 95.77 % 

GBDT & RF & SVM & ELM & SRC 88.73 % 95.77 % 

GBDT & RF & SVM & ELM & KNN 81.69% 95.77 % 

GBDT & RF & SVM & ELM & C4.5 & KNN 84.51 % 97.18 % 

GBDT & RF & SVM & ELM & SRC & KNN 91.55 % 97.18 % 

GBDT & RF & SVM & ELM & C4.5 & SRC 91.55 % 97.18 % 

ered together, the probability when either of them ranks top-1 in 

Table 6 is 54.93%, while the probability is 77.46% if any of them 

ranks top-2 . We examine all valid groups of two, three, four, five, 

and six classifiers. It should be noted that the table does not show 

the groups of classifiers where the combined performance is in- 

significant. 

In Table 10 , we observe that, quite surprisingly, for the group of 

two classifiers, the group with GBDT and SVM is the best in terms 

of accuracy at the top-1 case and the group with GBDT and ELM 

is the best at the top-2 case, despite the fact that RF has demon- 

strated better rankings than both SVM and ELM in top-1 and top-2 

cases as individual classifier, which can be seen in Table 7 . It can 

be seen from Table 10 that the group of GBDT & SVM has 56.34% 

at top-1 and 80.28% at top-2 accuracy performance. 

As for the groups of three or more classifiers we see that the 

best groups always contain both GBDT and ELM. The two best 

groups of 3 classifiers, which have GBDT, ELM, and either RF or 

SVM show the best results: 67.61% at top-1 and 90.14% at top-2 . 

The best performing groups of 4 or more classifiers always con- 

tain GBDT, RF, SVM, and ELM, which are the best 4 individual clas- 

sifiers in terms of accuracy. For groups of 4, GBDT & RF & SVM & 

ELM performs best, with 78.87% at top-1 and 92.96% at top-2 . 

For groups of 5, the one having GBDT & RF & SVM & ELM & 

SRC performs the best, with 88.73% at top-1 and 95.77% at top-2 . 

Finally, for groups of 6, the two groups having GBDT & RF & SVM 

& ELM & SRC and either C4.5 or KNN perform best, with 91.55% at 

top-1 and 97.18% at top-2. 

To summarise, for the selected 71 data sets and the 11 algo- 

rithms under test, with high probability, it is possible to achieve 

the most accurate prediction by considering just a small subset of 

the 11 algorithms, instead of exhaustively checking/testing all of 

them. For instance, the group of GBDT & RF & ELM & SVM has 

a probability of 78.87% to contain the best classifier. Therefore, 

this study can guide the practitioners, engineers and researchers 

to promptly find the most accurate classifier for their specific ap- 

plications/data. 

6.3. Influence of the number of classes and features on the prediction 

performance 

In Fig. 18 we present, for each classifier, the number of data 

sets where this classifier has the best prediction accuracy, with re- 

spect to the number of classes in the data sets. We observe that 

in general GBDT has the best accuracy, independent of the number 

of classes, while the performance of ELM is exceptional when the 

data set has more than 10 classes. RF comes third in most cases, 

while SVM is exceptional only when the number of classes is 3 

or less, but still not as good as GBDT. For the remaining classi- 

fiers, C4.5 performs better when the number of classes is 5 or less. 

In general, for two-classes data sets, GBDT, SVM, RF, ELM and C4.5 

have the best classification accuracies. When the number of classes 

reaches 10 and above, the first 4 classifiers remain the most accu- 

rate ones, but C4.5 is no longer among them. Generally speaking, 

GBDT is the classification algorithm that has the largest number of 

data sets having the best accuracies. It should be noted that, when 

the number of classes is 10 and above, the accuracy of ELM is as 

good as that of GBDT. 

In Fig. 19 , we investigate the influence of the number of fea- 

tures to the classification performance. We see that, when the 

number of features is smaller than 60, GBDT is the best classifier in 

terms of accuracy. More importantly, it is significantly better than 

the other classifiers when the number of features is less than 40. 

Specifically, when the number of features is below 20. GBDT, SVM, 

RF, and ELM have the best classification accuracies (it should be 

noted that the best classification accuracies of different classifica- 

tion algorithms may be the same). When the number of features 

is between 20 and 40, GBDT remains the best classifier, whereas 

SVM, RF, ELM and C4.5 are generally among the next best classi- 

fication algorithms. When the number of features is less than 40, 

GBDT is the best classifier, having the top-1 accuracies on 25 data 

sets, i.e. 45.4% of all the data sets in this range. RF, SVM, and ELM 

are the second best classification algorithms at this range, show- 

ing top-1 accuracies on 21.82%, 20.00%, and 18.18% of the data sets, 

respectively. When the number of features is greater than 40, the 

number of top-1 accuracy results for GBDT, SVM, RF, and C4.5 are 

approximately the same. But ELM shows outstanding classification 

performance when the number of features is over 60. 

6.4. AUC Comparisons of individual classifiers 

In Table 11 , we show the AUC values for the 11 classification 

algorithms that we examine in this work in the first 36 data sets. 

These values are depicted using box plots in Fig. 20 . We observe 

that GBDT, RF, and SVM remain the top 3 performers in AUC, while 
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Fig. 18. The number of data sets on which each classifier achieves the best accuracy, grouped by the number of classes. 

Fig. 19. The number of data sets on which each classifier achieves the best accuracy, grouped by the number of features. 

Fig. 20. Box plots for AUC (raw values). 

DL, AB, and NB are still among the worst performers. It is notice- 

able that, in contrast with ACC in Fig. 4 , SRC performs better in 

AUC than ELM, LR, and KNN. We can detect an outlier for SVM that 

corresponds to thyroid , a data set that has both categorical and or- 

dinal variables. While SVM yields 0.9028 accuracy on that data set 

(see Table 6 ), the corresponding mean rank ACC value is also an 

outlier in Fig. 4 . On the other hand, DL demonstrates uncharacter- 

istically good performance on the page–blocks and twonorm–5an–

nn data sets, as it can be deduced from Table 11 and Fig. 20 . 

In Fig. 21 , we depict the absolute difference between ACC and 

AUC mean ranks, for the first 36 data sets. We can visually verify 

that, with a few exceptions, both AUC and ACC metrics rank these 

11 classifiers consistently. Overall, with a variance of 2 in terms of 

mean rank, the two metrics agree on 81.31% of the 36 × 11 = 396 

cases. 

In the case of DL, we observe that it ranks similarly in both 

measures but we notice a high discrepancy in Pageblocks data set, 

where DL ranks 1st with regard to AUC while it was ranked 10th 

in ACC. Pageblocks is a highly skewed data set with one majority 

class and two minority classes. We notice that the corresponding 

AUC values for each pair of classes for DL are 0.98913, 0.51087, 1, 

while for SVM (which ranks 1st in ACC but 7th in AUC) the cor- 

responding values are 1, 0.75, 0.5, and for GBDT (which ranks 8th 

in ACC and 5th in AUC) the values are 0.98913, 0.57428, 0.83333, 

thus, after averaging over all 3 values, DL ranks first. 

This can be attributed to the fact that ACC ignores probability 

estimations of classification in favour of class labels ( Ling, Huang, & 

Zhang, 2003 ), that is, the percentage of the correctly predicted in- 

stances for all classes is calculated collectively. Therefore, in imbal- 

ance datasets, the number of correctly predicted instances that be- 

long to the majority class can dominate the final ACC value. While 

for AUC, by averaging the pair-wise AUC values, the influence of 
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Table 11 

AUC results for different classification algorithms on 36 data sets. 

AUC Classifiers 

Data sets GBDT RF ELM SVM C4.5 SRC KNN LR AB NB DL 

1 Yeast 0.8472 0.8370 0.8296 0.8248 0.8249 0.7992 0.8227 0.8359 0.6754 0.8382 0.50 0 0 

2 Wine 1 0.9667 0.7192 0.90 0 0 1 0.9667 0.7900 0.8733 0.9167 0.9667 0.50 0 0 

3 thyroid 1 1 0.50 0 0 0.50 0 0 0.9167 0.50 0 0 0.50 0 0 0.6667 0.8333 0.6667 0.50 0 0 

4 shuttle 0.9956 0.9956 0.9626 0.9841 0.9956 0.9825 0.9796 0.9737 0.9956 0.9175 0.50 0 0 

5 Seeds 0.8939 0.8788 0.9394 0.8939 0.7273 0.9394 0.9545 0.7455 0.8485 0.8788 0.50 0 0 

6 pima 0.6764 0.7468 0.6280 0.6171 0.7307 0.5631 0.5792 0.7738 0.8061 0.7251 0.50 0 0 

7 penbased 0.9915 0.9984 0.9888 0.9888 0.9427 0.9896 0.9834 0.9392 0.7570 0.9386 0.50 0 0 

8 page-blocks 0.7989 0.7778 0.6667 0.7500 0.7446 0.8056 0.8056 0.7391 0.8333 0.7029 0.8333 

9 new_thyroid 0.8750 0.8750 0.9688 1 0.8750 0.9375 0.9688 0.9688 0.8750 0.9688 0.50 0 0 

10 image_segmentation 0.9892 0.9882 0.9928 0.9697 0.9858 0.9900 0.9730 0.9839 0.7735 0.9269 0.6504 

11 IIF_Intensity 0.7251 0.7561 0.5273 0.9495 0.7520 0.6417 0.9454 0.7483 0.7381 0.6508 0.5238 

12 glass_reduction 0.7191 0.7477 0.9815 0.7901 0.8171 0.8750 0.9630 0.7269 0.8056 0.8148 0.50 0 0 

13 FER 0.9027 0.9111 0.9885 0.8659 0.7820 1 1 0.8409 0.5994 0.6577 0.50 0 0 

14 Ecoli_reduction 0.8747 0.9033 0.9058 0.8950 0.9075 0.8917 0.8921 0.9058 0.7633 0.8883 0.50 0 0 

15 dermatology 0.9800 0.9800 0.9600 1 0.9208 0.9800 0.9800 0.9800 0.7524 0.9600 0.6837 

16 contraceptive 0.6933 0.6386 0.6910 0.6909 0.6661 0.6597 0.6267 0.6663 0.50 0 0 0.6509 0.50 0 0 

17 Cardiotocography 0.8824 0.8739 0.8233 0.8621 0.8439 0.8313 0.8239 0.9220 0.7356 0.8212 0.50 0 0 

18 car 1 0.9508 0.9299 0.8970 0.9289 0.8776 0.8356 0.5745 0.50 0 0 0.8657 0.5089 

19 balance 0.8333 0.8333 0.8333 0.8667 0.7813 1 0.9838 0.9558 0.7238 0.8333 0.50 0 0 

20 autos 0.9389 0.8472 0.6792 0.84 4 4 0.9775 0.7986 0.7450 0.8361 0.80 0 0 0.7986 0.50 0 0 

21 abalone 0.7319 0.7390 0.7116 0.7355 0.6588 0.7276 0.7598 0.7108 0.6928 0.7056 0.6296 

22 phoneme 0.8438 0.8586 0.8417 0.6508 0.7989 0.8625 0.8561 0.6399 0.6717 0.7064 0.50 0 0 

23 winequality-white 0.8526 0.7452 0.8360 0.8795 0.8298 0.7843 0.7035 0.8343 0.50 0 0 0.8154 0.50 0 0 

24 winequality-red 0.6842 0.7662 0.7389 0.7833 0.7603 0.7889 0.6882 0.7557 0.7229 0.7750 0.50 0 0 

25 twonorm-5an-nn 0.9457 0.9540 0.9483 0.9484 0.8258 0.5245 0.9309 0.9457 0.8501 0.9457 0.9184 

26 segment-5an-nn 0.9653 0.9687 0.9153 0.8956 0.9733 0.9494 0.8941 0.9476 0.7586 0.8934 0.6548 

27 page-blocks-5an-nn 0.9642 0.8968 0.7341 0.8910 0.9670 0.7536 0.7552 0.7399 0.6714 0.7479 0.50 0 0 

28 spambase-10an-nn 0.9027 0.9594 0.7024 0.8971 0.8523 0.6702 0.6646 0.6442 0.8717 0.5940 0.50 0 0 

29 segment-10an-nn 0.9706 0.8889 0.8773 0.9382 0.9292 0.8979 0.8106 0.8825 0.7226 0.8816 0.5274 

30 spambase-15an-nn 0.9024 0.6702 0.6466 0.8558 0.8171 0.6280 0.6482 0.6163 0.8478 0.5921 0.50 0 0 

31 yeast-20an-nn 0.7401 0.9956 0.6607 0.7380 0.6910 0.7461 0.6902 0.6370 0.7282 0.7154 0.50 0 0 

32 vowel_context 0.9141 0.9345 0.9994 0.9978 0.9144 0.9970 1 0.8533 0.7126 0.7906 0.5762 

33 Ionosphere 0.8891 0.6443 0.8436 0.8345 0.9091 0.9091 0.8636 0.8691 0.8891 0.8091 0.6218 

34 german_credit 0.6994 0.9391 0.6544 0.6452 0.6847 0.6232 0.6939 0.6535 0.6131 0.7408 0.50 0 0 

35 splice1 0.9471 0.8765 0.9287 0.9259 0.9730 0.8868 0.8092 0.8994 0.8874 0.8736 0.50 0 0 

36 Mush 0.8983 0.9925 0.5652 0.9583 0.7461 0.8948 0.8930 0.8600 0.7209 0.7696 0.5070 

Table 12 

AUC ranking of different classification algorithms. 

Algorithms AUC ranking 

Top-1 Top-2 Top-3 Top-4 Top-5 

GBDT 13.89% 38.89% 58.33% 69.44% 75.00% 

RF 16.67% 33.33% 50.00% 66.67% 75.00% 

SVM 11.11% 25.00% 36.11% 52.78% 66.67% 

ELM 5.56% 11.11% 30.56% 33.33% 41.67% 

C4.5 13.89% 22.22% 27.78% 41.67% 61.11% 

SRC 8.33% 19.44% 27.78% 47.22% 50.00% 

LR 8.33% 19.44% 22.22% 33.33% 38.89% 

AB 2.78% 5.56% 11.11% 25.00% 38.89% 

KN 2.78% 5.56% 8.33% 19.44% 22.22% 

NB 0.00% 5.56% 8.33% 13.89% 19.44% 

DL 2.78% 2.78% 2.78% 2.78% 2.78% 

the majority class instances is limited only to the pairs that con- 

tain the majority class(es), but for the pairs that do not contain the 

majority class, the AUC values can be large, as in the case of DL on 

Pageblocks . After the AUC values are averaged over all the pairs, the 

final AUC rankings can differ significantly from ACC. 

Similarly, we observe on Abalone that KNN ranks significantly 

higher in AUC (1st) than in ACC (10th), while on winequality-white 

AB ranks significantly lower in AUC than in ACC (1st in ACC but 

10th in AUC). 

In Table 12 , we present the top algorithms in AUC ranking, 

where the top two algorithms, in terms of top-x ranking, remain 

GBDT and RF. However, RF achieves better top-1 performance than 

GBDT. Also, C4.5 yields significantly better results, in terms of AUC, 

than the corresponding ACC results, matching GBDT and outper- 

forming both SVM and ELM in top-1 AUC performance, which is 

inconsistent with the findings we draw in Section 6.1 , where ELM 

and SVM rank better than C4.5. But for top-x , where x = 2 .. 5 , C4.5 

still ranks lower than GBDT and SVM in AUC, as in the case of ACC. 

In Fig. 22 , we illustrate the mean rank performance of the 11 

algorithms, in terms of AUC. We observe that RF ranks first in AUC 

mean rank, followed by GBDT and SVM. The next algorithms are 

ELM and C4.5. Being consistent with the ACC results in Fig. 5 , DL, 

AB, and NB are still the worst performers. 

6.5. Running time comparisons between classifiers 

In Figs. 23–25 , we show each classifier’s training time per in- 

stance upon the first 36 data sets using box and whisker plots. 

These classifiers can be divided into three groups with regard to 

the training time. We see that the classifiers in the first group, i.e. 

in Fig. 23 , are the most efficient algorithms regarding the median 

of the training times. NB is the fastest classifier in training, fol- 

lowed by KNN, AB, and C4.5. The next fastest classifiers in training 

are SVM, ELM, and LR, whereas SRC, GBDT, DL and RF are the slow- 

est in training. We also see in Fig. 24 that the efficiency of SVM 

and ELM are very similar and they show fair running time per- 

formance. Finally, the classifiers in the last group (RF, SRC, GBDT), 

depicted in Fig. 25 , are the slowest performers in classifier training 

(we exclude SRC since it is more than 20 times slower than RF and 

GBDT in the same group). 

We also observe in Table 13 that NB is the fastest classifier in 

training. The next fastest classifiers in training are KNN, SVM and 

ELM, whereas SRC, GBDT, DL and RF are the slowest in training. 
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Fig. 21. Cell plot of absolute mean rank difference between ACC and AUC for 36 data sets. 

Fig. 22. Box plots for AUC (mean ranks). 

However, we see in Table 14 that GBDT is the fastest classifier in 

testing , it is among the slowest classifiers in training though. The 

next fastest classifiers in testing are DL, SVM and ELM, whereas LR, 

SRC, NB and RF are the slowest in testing. It is quite interesting to 

find NB to be the slowest classifier in testing, although it is the fastest 

one in training. 

In Figs. 26 and 27 , we show each classifier’s testing time per 

instance upon the 36 data sets in seconds using box and whisker 

plots. These classifiers can be divided into two groups with regard 

to the testing time. We see that the classifiers in the first group, 

Table 13 

Training efficiency ranking of different classification algorithms. 

Algorithms Training efficiency ranking 

Top-1 Top-2 Top-3 Top-4 Top-5 

NB 63.89% 86.11% 97.22% 10 0.0 0% 10 0.0 0% 

KNN 11.11% 4 4.4 4% 63.89% 72.22% 80.56% 

ELM 11.11% 22.22% 33.33% 41.67% 52.78% 

SVM 11.11% 19.44% 25.00% 38.89% 55.56% 

AB 2.78% 19.44% 50.00% 61.11% 86.11% 

C4.5 0.00% 8.33% 19.44% 69.44% 10 0.0 0% 

LR 0.00% 0.00% 13.89% 16.67% 25.00% 

GBDT 0.00% 0.00% 0.00% 0.00% 0.00% 

DL 0.00% 0.00% 0.00% 0.00% 0.00% 

RF 0.00% 0.00% 0.00% 0.00% 0.00% 

SRC 0.00% 0.00% 0.00% 0.00% 0.00% 

Table 14 

Testing efficiency ranking of different classification algorithms. 

Algorithms Testing efficiency ranking 

Top-1 Top-2 Top-3 Top-4 Top-5 

GBDT 61.11% 94.44% 10 0.0 0% 10 0.0 0% 10 0.0 0% 

DL 25.00% 77.78% 83.33% 10 0.0 0% 10 0.0 0% 

SVM 11.11% 22.22% 4 4.4 4% 61.11% 83.33% 

ELM 2.78% 5.56% 52.78% 69.44% 86.11% 

KNN 0.00% 0.00% 19.44% 4 4.4 4% 69.44% 

C4.5 0.00% 0.00% 5.56% 16.67% 25.00% 

AB 0.00% 0.00% 0.00% 5.56% 19.44% 

LR 0.00% 0.00% 0.00% 2.78% 2.78% 

SRC 0.00% 0.00% 0.00% 0.00% 11.11% 

NB 0.00% 0.00% 0.00% 0.00% 2.78% 

RF 0.00% 0.00% 0.00% 0.00% 0.00% 
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Fig. 23. Box plots for training time efficiency of KNN, NB, AB andC4.5. 

Fig. 24. Box plots for training time efficiency of SVM, LR, ELM and DL. 

Fig. 25. Box plots for training time efficiency of RF and GBDT. 

Fig. 26. Box plots for testing time efficiency of GBDT and DL. 

Fig. 27. Box plots for testing time efficiency of different classifiers. 

i.e. in Fig. 26 , are the most efficient algorithms at the median of 

the testing times. GBDT is the fastest classifier in testing, followed 

by DL. We also see in Fig. 27 that the testing efficiencies of SVM 

and ELM are very similar, followed by KNN, LR, C4.5, AB, and NB. 

It should be noted that we exclude RF and SRC since both are sig- 

nificantly slower than GBDT and DL in testing time. 

In summary, GBDT is among the slowest classifiers in training but 

it is the fastest classifier in testing. NB is the fastest classifier in train- 

ing, but it is the slowest classifier in testing. SVM and ELM are the 

only two classifiers that are fast in both training and testing . 

The training, testing, and overall running time, spent by differ- 

ent classifiers on the first 36 data sets are given in Tables 15–17 , 

respectively. 

It is worth noted that, in order to achieve the best classifica- 

tion accuracy, ELM needs parameter-tuning, which is very time- 

demanding. As can be seen in Tables 15 and 16 , an average of 98%, 

93%, and 99% of the respective running time for GBDT, RF and ELM 

is spent on parameter-tuning, in order to find the best parameters 

that achieve the best classification accuracies. 

7. Conclusion 

In this paper, we provide an update-to-date empirical compar- 

ison on the classification prediction performance and time effi- 

ciency of 11 state-of-the-art classification algorithms, using pub- 

licly available data sets from UCI, KEEL, and LibSVM repositories. 

The list of classifiers tested in this work includes widely adopted 

classifiers, in specific Support Vector Machines (SVM) and Ran- 

dom Forests (RF), other well-established classifiers, such as C4.5, 

AdaBoost (AB), K Nearest Neighbours classifier (KNN), Logistic Re- 

gression (LR), and Stochastic Gradient Boosting Trees (GBDT), and 

algorithms that have been proposed in the recent years, i.e. Ex- 

treme Learning Machine (ELM), Sparse Representation based Clas- 

sification (SRC), and Deep Learning (DL). 

While ensemble and boosting methods have been reported to 

obtain good predictive performance in supervised learning, GBDT is 

generally less popular than RF and AB, it is typically missing from 

large-scale comparative studies in the literature and, consequently, 

tends to be underutilised in machine learning applications. In our 

experiments, we show that GBDT and RF show both best total av- 

erage classification accuracy and best mean rank across all 71 data 

sets, followed by SVM. ELM also yields good accuracy results but 

this performance varies widely across all data sets. 

Using group-wise comparisons, we find that a group of 3 clas- 

sifiers that includes GBDT, and two out of RF, SVM, and ELM ranks 

top-1 , in terms of classification accuracy, in 67.61% of the data sets. 

Moreover, the group of 4 classifiers that includes GBDT, RF, ELM, 

and SVM ranks top-1 in accuracy in 78.87% of the data sets. This is 

an attractive property, since it is possible to yield high accuracy 

prediction (i.e. pick the most accurate classifier) by considering 

only a couple of classifiers instead of exhaustively checking/testing 

all of them. 

We also report the AUC performance for the first 36 data sets. 

For the AUC metric, we find that GBDT is the best performer, fol- 

lowed by RF and SVM. Generally, both ACC and AUC measures 

agree on the ranking of the 11 classification algorithms, with GBDT, 

RF, SVM being the top three performers, followed by ELM and C4.5, 

while DL, AB, NB rank last. 

Unsurprisingly, the top accuracy performers, i.e. GBDT and RF, 

show average or slow training time efficiency. But GBDT is found 

to be the fastest algorithm in testing/prediction. DL is the sec- 

ond fastest in prediction efficiency but it is the worst performer 

in terms of accuracy. SRC shows generally good accuracy perfor- 

mance but it is the slowest classifier in both training and testing. 

NB is the fastest classifier in training. KNN and SVM are generally 

the most efficient classifiers in terms of overall running time. 
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Table 15 

Training time (in seconds) efficiency results for different classification algorithms. 

Time Classifiers 

Data sets GBDT RF ELM SVM C4.5 SRC KNN LR AB NB DL 

1 Yeast 1.0521 1.8815 0.1477 0.1671 0.2237 112.6729 0.8284 0.8035 0.0116 0.0759 0.8501 

2 Wine 0.1583 0.8334 0.0026 0.0028 0.0059 0.5819 0.0185 0.0230 0.0198 0.0058 0.1198 

3 thyroid 0.2260 1.0934 0.0223 0.0143 0.0085 11.4662 0.0171 0.1432 0.0325 0.0063 0.3707 

4 shuttle 0.3495 1.2362 0.3174 0.0420 0.0220 332.8577 0.0173 0.2083 0.0694 0.0065 1.0193 

5 Seeds 0.1660 0.9347 0.0022 0.0012 0.0054 0.6242 0.0176 0.0304 0.0113 0.0037 0.1007 

6 pima 0.1011 1.0754 0.0298 0.1311 0.0137 11.8717 0.0168 0.0150 0.0228 0.0084 0.4486 

7 penbased 1.5309 3.3691 0.0874 0.0516 0.0404 26.0356 0.0169 0.4962 0.0109 0.0094 0.5661 

8 page-blocks 0.2371 1.1161 0.0147 0.0040 0.0082 5.5503 0.0171 0.0535 0.0261 0.0044 0.2698 

9 new_thyroid 0.1470 0.8170 0.0024 0.0 0 08 0.0049 0.5036 0.0171 0.0131 0.0089 0.0034 0.1191 

10 image_segmentation 2.4053 5.3743 0.3382 0.0874 0.0990 338.3258 0.0185 5.8898 0.0206 0.0111 1.2510 

11 IIF_Intensity 0.8108 1.2178 0.0235 0.1257 0.1022 5.4495 0.0167 31.1400 0.0622 0.0085 0.5025 

12 glass_reduction 0.2729 1.0080 0.0021 0.0029 0.0080 0.3505 0.0285 0.0316 0.0054 0.0055 0.1866 

13 FER 7.7745 1.3781 0.0403 0.2911 0.2582 29.5491 0.0178 0.8230 0.0349 0.0109 0.5828 

14 Ecoli_reduction 0.2636 0.8610 0.0062 0.0038 0.0062 1.0913 0.0173 0.0271 0.0063 0.0039 0.1593 

15 dermatology 0.4385 0.8113 0.0059 0.0087 0.0091 1.2382 0.0173 0.1253 0.0064 0.0067 0.2847 

16 contraceptive 0.2928 1.1075 0.1522 0.1934 0.0675 92.7528 0.0172 0.0509 0.0091 0.0052 0.7924 

17 Cardiotocography 3.0740 6.6743 0.3006 0.2500 0.1313 307.1321 0.0179 11.4475 0.0142 0.0113 1.1344 

18 car 0.8128 1.2143 0.2086 0.0545 0.0156 83.2559 0.0176 0.1160 0.0376 0.0047 0.9490 

19 balance 0.1812 0.8561 0.0194 0.0065 0.0091 4.8639 0.0173 0.0253 0.0083 0.0039 0.3078 

20 autos 0.3018 0.8433 0.0014 0.0066 0.0078 0.4576 0.0173 0.1866 0.0061 0.0039 0.0966 

21 abalone 6.5284 9.4116 0.9965 1.1806 0.5153 2146.10 0 0 0.0191 4.0051 0.0199 0.0104 2.2184 

22 phoneme 0.7393 4.1837 1.8870 0.3044 0.1052 3529.80 0 0 0.0186 0.0848 0.1326 0.0095 2.7510 

23 winequality-white 5.7383 12.0639 1.5286 3.9913 0.4731 3145.40 0 0 0.0183 1.3534 0.0235 0.0171 2.7646 

24 winequality-red 0.7510 1.9693 0.1914 0.3144 0.0866 129.8226 0.0175 0.2414 0.0194 0.0067 0.9118 

25 twonorm-5an-nn 2.3468 6.6080 3.8522 1.3126 0.6078 5977.40 0 0 0.0187 0.3970 0.6513 0.0314 3.9248 

26 segment-5an-nn 2.0823 4.4454 0.4346 0.1936 0.1302 338.0312 0.0181 1.2555 0.0269 0.0107 1.2745 

27 page-blocks-5an-nn 3.4631 6.2812 2.7946 0.7769 0.2371 3852.60 0 0 0.0251 0.7576 0.0838 0.0125 2.6745 

28 spambase-10an-nn 3.4054 5.0384 2.0552 3.4599 0.4122 2394.10 0 0 0.0208 0.3508 0.5006 0.0385 3.1951 

29 segment-10an-nn 4.4911 4.4 94 9 0.5277 0.1619 0.1522 324.8562 0.0180 0.8963 0.0300 0.0132 1.1634 

30 spambase-15an-nn 1.8127 6.0469 1.9452 5.0882 0.4850 2428.80 0 0 0.0199 0.2272 0.5932 0.0349 3.1004 

31 yeast-20an-nn 2.3236 2.1041 0.1416 0.1646 0.0829 87.7835 0.0174 0.6620 0.0105 0.0058 0.7540 

32 vowel_context 2.5268 1.9564 0.0528 0.0679 0.0656 20.2383 0.0173 0.5825 0.0147 0.0058 0.6775 

33 Ionosphere 0.1164 0.9094 0.0057 0.0059 0.0230 0.9816 0.0169 0.0293 0.0405 0.0050 0.3344 

34 german_credit 0.1593 1.9635 0.0520 0.1618 0.0589 20.6455 0.0169 0.0931 0.0533 0.0071 0.6932 

35 splice1 0.8042 2.5517 0.6661 1.6345 0.1397 962.0511 0.0179 0.3171 0.2853 0.0252 2.1243 

36 Mush 0.6141 5.2488 0.0172 0.1621 0.1579 8.0781 0.0197 0.2339 0.2244 0.0147 0.5309 

Table 16 

Testing time (in seconds) efficiency results for different classification algorithms. 

Time Classifiers 

Data sets GBDT RF ELM SVM C4.5 SRC KNN LR AB NB DL 

1 Yeast 0.0014 0.5573 0.0096 0.0167 0.0353 0.1607 0.1205 0.0346 0.0257 0.1204 0.0073 

2 Wine 0.0 0 03 0.4468 0.0 0 03 0.0 0 02 0.0056 0.0049 0.0048 0.0064 0.0078 0.0072 0.0 0 04 

3 thyroid 0.0 0 04 0.4552 0.0014 0.0014 0.0140 0.0137 0.0055 0.0297 0.0141 0.0167 0.0010 

4 shuttle 0.0 0 07 0.4488 0.0164 0.0042 0.0344 0.0542 0.0136 0.0379 0.0356 0.0368 0.0012 

5 Seeds 0.0 0 03 0.4507 0.0 0 03 0.0 0 01 0.0060 0.0023 0.0040 0.0065 0.0060 0.0062 0.0 0 07 

6 pima 0.0 0 03 0.4421 0.0016 0.0020 0.0141 0.0079 0.0049 0.0152 0.0146 0.0291 0.0010 

7 penbased 0.0020 0.4763 0.0040 0.0080 0.0202 0.0475 0.0069 0.0214 0.0190 0.0319 0.0011 

8 page-blocks 0.0 0 03 0.4256 0.0 0 09 0.0 0 03 0.0115 0.0059 0.0045 0.0120 0.0121 0.0121 0.0010 

9 new_thyroid 0.0 0 03 0.4299 0.0 0 04 0.0 0 01 0.0062 0.0020 0.0039 0.0065 0.0063 0.0061 0.0 0 07 

10 image_segmentation 0.0024 0.4719 0.0193 0.0116 0.0428 0.1689 0.0190 0.0426 0.0373 0.0458 0.0028 

11 IIF_Intensity 0.0 0 04 0.4719 0.0019 0.0083 0.0126 0.0111 0.0068 0.0148 0.0120 0.0152 0.0012 

12 glass_reduction 0.0 0 04 0.5964 0.0 0 03 0.0 0 03 0.0061 0.0028 0.0059 0.0064 0.0059 0.0079 0.0 0 06 

13 FER 0.0021 0.4497 0.0031 0.0202 0.0166 0.0302 0.0095 0.0210 0.0193 0.0212 0.0013 

14 Ecoli_reduction 0.0 0 04 0.4846 0.0 0 08 0.0 0 04 0.0079 0.0049 0.0043 0.0085 0.0078 0.0082 0.0 0 08 

15 dermatology 0.0 0 05 0.4200 0.0 0 09 0.0013 0.0085 0.0076 0.0046 0.0103 0.0085 0.0168 0.0 0 07 

16 contraceptive 0.0 0 06 0.4304 0.0110 0.0093 0.0255 0.0341 0.0085 0.0258 0.0248 0.0251 0.0049 

17 Cardiotocography 0.0040 0.5068 0.0178 0.0350 0.0355 0.14 4 4 0.0187 0.0374 0.0394 0.0492 0.0053 

18 car 0.0028 0.4638 0.0124 0.0036 0.0279 0.0680 0.0102 0.0307 0.0288 0.0289 0.0017 

19 balance 0.0 0 04 0.4342 0.0011 0.0 0 04 0.0126 0.0110 0.0044 0.0144 0.0129 0.0122 0.0010 

20 autos 0.0 0 03 0.4226 0.0 0 03 0.0 0 04 0.0053 0.0024 0.0040 0.0060 0.0053 0.0058 0.0 0 03 

21 abalone 0.0072 0.8125 0.0594 0.0981 0.0668 0.6031 0.0367 0.0733 0.0651 0.0789 0.0079 

22 phoneme 0.0017 0.5028 0.0984 0.0272 0.0814 0.3340 0.0554 0.1072 0.0841 0.0819 0.0021 

23 winequality-white 0.0106 0.7279 0.0812 0.1493 0.0749 0.4451 0.0546 0.0955 0.0768 0.0876 0.0037 

24 winequality-red 0.0010 0.4699 0.0114 0.0225 0.0279 0.0530 0.0094 0.0277 0.0272 0.0281 0.0014 

25 twonorm-5an-nn 0.0016 0.5565 0.1779 0.0733 0.1113 0.6202 0.1762 0.1419 0.1068 0.1180 0.0042 

26 segment-5an-nn 0.0019 0.5064 0.0204 0.0240 0.0368 0.2009 0.0182 0.0429 0.0359 0.0448 0.0017 

27 page-blocks-5an-nn 0.0052 0.6109 0.0966 0.0312 0.0815 0.3743 0.0880 0.0974 0.0827 0.0866 0.0021 

28 spambase-10an-nn 0.0017 0.5130 0.0795 0.1915 0.0697 0.6797 0.1609 0.1117 0.0733 0.0782 0.0024 

29 segment-10an-nn 0.0038 0.4715 0.0200 0.0188 0.0377 0.1422 0.0188 0.0398 0.0366 0.0456 0.0016 

30 spambase-15an-nn 0.0011 0.5254 0.0753 0.2414 0.0699 0.6753 0.1522 0.0748 0.0919 0.0776 0.0019 

( continued on next page ) 
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Table 16 ( continued ) 

Time Classifiers 

Data sets GBDT RF ELM SVM C4.5 SRC KNN LR AB NB DL 

31 yeast-20an-nn 0.0037 0.4841 0.0098 0.0126 0.0255 0.1024 0.0082 0.0261 0.0300 0.0267 0.0026 

32 vowel_context 0.0023 0.4632 0.0036 0.0075 0.0177 0.0686 0.0063 0.0190 0.0175 0.0204 0.0022 

33 Ionosphere 0.0 0 02 0.4270 0.0 0 08 0.0 0 07 0.0087 0.0050 0.0044 0.0095 0.0089 0.0086 0.0 0 07 

34 german_credit 0.0 0 03 0.4485 0.0036 0.0091 0.0219 0.0168 0.0093 0.0272 0.0180 0.0192 0.0014 

35 splice1 0.0 0 09 0.5083 0.0429 0.0545 0.0486 0.2120 0.0937 0.0560 0.0510 0.0565 0.0023 

36 Mush 0.0 0 02 0.4321 0.0027 0.0114 0.0108 0.0200 0.0120 0.0182 0.0122 0.0133 0.0 0 06 

Table 17 

Total running time (in seconds) efficiency results for different classification algorithms. 

Time Classifiers 

Data sets GBDT RF ELM SVM C4.5 SRC KNN LR AB NB DL 

1 Yeast 93.8526 25.9565 29.3568 0.1838 0.2590 112.8336 0.9489 0.8381 0.0373 0.1963 0.8574 

2 Wine 8.5725 19.7928 0.5683 0.0030 0.0115 0.5868 0.0233 0.0294 0.0276 0.0130 0.1202 

3 thyroid 11.7767 32.6109 6.6639 0.0157 0.0225 11.4799 0.0226 0.1729 0.0466 0.0230 0.3717 

4 shuttle 19.0177 18.8908 66.7429 0.0462 0.0564 332.9119 0.0309 0.2462 0.1050 0.0433 1.0205 

5 Seeds 9.1109 10.8117 0.4771 0.0013 0.0114 0.6265 0.0216 0.0369 0.0173 0.0099 0.1014 

6 pima 7.1861 16.5359 7.5792 0.1331 0.0278 11.8796 0.0217 0.0302 0.0374 0.0375 0.4496 

7 penbased 70.5040 51.5714 20.7990 0.0596 0.0606 26.0831 0.0238 0.5176 0.0299 0.0413 0.5672 

8 page-blocks 11.7569 16.8439 4.1260 0.0043 0.0197 5.5562 0.0216 0.0655 0.0382 0.0165 0.2708 

9 new_thyroid 8.2787 8.1473 0.5775 0.0 0 09 0.0111 0.5056 0.0210 0.0196 0.0152 0.0095 0.1198 

10 image_segmentation 103.8036 88.5705 88.5963 0.0990 0.1418 338.4947 0.0375 5.9324 0.0579 0.0569 1.2538 

11 IIF_Intensity 77.3140 252.9774 4.7348 0.1340 0.1148 5.4606 0.0235 31.1548 0.0742 0.0237 0.5037 

12 glass_reduction 15.6069 15.3914 0.5244 0.0032 0.0141 0.3533 0.0344 0.0380 0.0113 0.0134 0.1872 

13 FER 171.9570 377.9565 9.5469 0.3113 0.2748 29.5793 0.0273 0.8440 0.0542 0.0321 0.5841 

14 Ecoli_reduction 16.4886 10.9204 1.2079 0.0042 0.0141 1.0962 0.0216 0.0356 0.0141 0.0121 0.1601 

15 dermatology 20.7021 48.2502 1.5432 0.0100 0.0176 1.2458 0.0219 0.1356 0.0149 0.0235 0.2854 

16 contraceptive 28.6780 22.9369 29.0171 0.2027 0.0930 92.7869 0.0257 0.0767 0.0339 0.0303 0.7973 

17 Cardiotocography 190.7999 109.6142 64.7671 0.2850 0.1668 307.2765 0.0366 11.4 84 9 0.0536 0.0605 1.1397 

18 car 34.7088 12.7300 38.9322 0.0581 0.0435 83.3239 0.0278 0.1467 0.0664 0.0336 0.9507 

19 balance 15.4721 7.4807 4.1102 0.0069 0.0217 4.8749 0.0217 0.0397 0.0212 0.0161 0.3088 

20 autos 15.3653 40.8648 0.3305 0.0070 0.0131 0.4600 0.0213 0.1926 0.0114 0.0097 0.0969 

21 abalone 676.5194 103.6932 214.5246 1.2787 0.5821 2146.7031 0.0558 4.0784 0.0850 0.0893 2.2263 

22 phoneme 26.6357 34.5028 388.4505 0.3316 0.1866 3530.1340 0.0740 0.1920 0.2167 0.0914 2.7531 

23 winequality-white 189.5612 124.8552 321.3620 4.1406 0.5480 3145.8451 0.0729 1.4489 0.1003 0.1047 2.7683 

24 winequality-red 66.4235 43.7430 34.5401 0.3369 0.1145 129.8756 0.0269 0.2691 0.0466 0.0348 0.9132 

25 twonorm-5an-nn 165.0550 425.6094 792.3773 1.3859 0.7191 5978.0202 0.1949 0.5389 0.7581 0.1494 3.9290 

26 segment-5an-nn 133.6708 98.9874 99.9592 0.2176 0.1670 338.2321 0.0363 1.2984 0.0628 0.0555 1.2762 

27 page-blocks-5an-nn 153.7433 68.0199 542.6178 0.8081 0.3186 3852.9743 0.1131 0.8550 0.1665 0.0991 2.6766 

28 spambase-10an-nn 110.5440 727.0735 391.6938 3.6514 0.4819 2394.7797 0.1817 0.4625 0.5739 0.1167 3.1975 

29 segment-10an-nn 149.3835 109.1441 103.3961 0.1807 0.1899 324.9984 0.0368 0.9361 0.0666 0.0588 1.1650 

30 spambase-15an-nn 120.5493 739.1174 380.8176 5.3296 0.5549 2429.4753 0.1721 0.3020 0.6851 0.1125 3.1023 

31 yeast-20an-nn 122.1776 28.8895 30.9767 0.1772 0.1084 87.8859 0.0256 0.6881 0.0405 0.0325 0.7566 

32 vowel_context 112.3140 43.6930 11.1296 0.0754 0.0833 20.3069 0.0236 0.6015 0.0322 0.0262 0.6797 

33 Ionosphere 7.2201 60.1375 1.2047 0.0066 0.0317 0.9866 0.0213 0.0388 0.0494 0.0136 0.3351 

34 german_credit 13.2927 89.6951 11.9188 0.1709 0.0808 20.6623 0.0262 0.1203 0.0713 0.0263 0.6946 

35 splice1 48.2881 271.2588 133.5522 1.6890 0.1883 962.2631 0.1116 0.3731 0.3363 0.0817 2.1266 

36 Mush 35.3123 938.1919 3.8523 0.1735 0.1687 8.0981 0.0317 0.2521 0.2366 0.0280 0.5315 

In this work, by considering a broad range of data sets, we give 

a domain-agnostic evaluation report for established and more re- 

cently introduced classifiers, which could be useful as a guideline 

for researchers or practitioners that need to select a classifier for 

a specific need or would consider constructing ensembles using 

any of the examined classification algorithms as a base classifier. 

Some of the classifiers included in this report, such as DL, ELM, 

and SRC, have not been thoroughly examined in the literature. We 

report both on individual and group-wise prediction performance 

and make statistical comparisons between the classification algo- 

rithms. In order to offer an insight of the influence of the data 

properties (number of classes and features), we make pair-wise 

comparisons between the top-performing algorithms, splitting the 

list of data sets accordingly. The included time efficiency report 

could also reveal further interesting results. 

An important conclusion of this work is that GBDT, while not 

as widely utilised in classification systems as SVM and RF, per- 

forms well consistently across different data sets, even with a non- 

exhaustive hyper-parameter tuning, and even in some cases where 

SVM or RF do not perform well, which points that it can be in- 

cluded in heterogeneous ensembles. In our experimental findings, 

GBDT is the fastest algorithm in testing/prediction, which is a de- 

sirable characteristic when considering practical applications for 

real-time and dynamic systems. In general, our empirical assess- 

ment is in accordance with what has been reported in the recent 

literature ( Ayaki, Yanagimoto, & Yoshioka, 2016; Xia, Liu, Li, & Liu, 

2017 ). 

Nevertheless, our selection of UCI and KEEL data sets has not 

been done in a systematic manner, so the distributions of the data 

sets properties (see Figs. 1–3 ) should be taken into account when 

drawing conclusions and making decisions, since the robustness of 

the utilised performance metrics has not been examined. We use 

cross-validation to prevent the overfitting problem but more met- 

rics should be considered for generalisations to arbitrary problems 

if the goal is to evaluate general-purpose classifiers. 

In the future work, we will further investigate the performance 

of the 11 classifiers in specific application domains and with dif- 

ferent feature selection methods. 
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