CANADIAN

=  UNIVERSITY DUBAI

s apnnsll aealyl

cusamusvoun  YOUr portal to Canadian education

CUD Digital Repository

This work is licensed under Creative Commons License and full text is openly
accessible in CUD Digital Repository.

Title (Article) | XyGen: Synthetic data generator for feature selection

Author(s) Kamalov, Firuz

Elnaffar, Said

Sulieman, Hana
Cherukuri, Aswani Kumar

Journal Title Software Impacts

Citation Kamalov, F., Elnaffar, S., Sulieman, H., & Cherukuri, A. K.
(2023). XyGen: Synthetic data generator for feature
selection. Software Impacts, 15, 100485.
https://doi.org/10.1016/j.simpa.2023.100485.

W' QN o IRV S I hitps://doi.org/10.1016/j.simpa.2023.100485

Repository

BEICEET [ [o R (e NS{UIDADIs[|-IM September 11, 2023

Repository

|
Link to CUD Digital CUD Digital Repository
|

Creative Commons Attribution (CC BY 4.0)

Term of Use



https://doi.org/10.1016/j.simpa.2023.100485
https://repository.cud.ac.ae/items/be6da0b6-c85e-479d-bc29-79dee566cd40
http://creativecommons.org/licenses/by/4.0/

Software Impacts 15 (2023) 100485

journal homepage: www.journals.elsevier.com/software-impacts

Contents lists available at ScienceDirect

Software Impacts

Original software publication

XyGen: Synthetic data generator for feature selection () M)

Firuz Kamalov **, Said Elnaffar?, Hana Sulieman ®, Aswani Kumar Cherukuri ¢

2 Canadian University Dubai, Dubai, United Arab Emirates
b American University of Sharjah, Sharjah, United Arab Emirates
¢ Vellore Institute of Technology, Vellore, India

Check for
updates

ARTICLE INFO ABSTRACT

Keywords:
Feature selection
Synthetic data
Machine learning
Data mining

Given the large number of feature selection algorithms, it has become imperative to have a uniform procedure
for evaluating the performance of the algorithms. We propose a library of synthetic datasets designed
specifically to test the effectiveness of feature selection algorithms. The datasets are inspired by applications in
the field of electronics and have a range of characteristics to provide a variety of test scenarios. The software
comes in the form of a Python library with standard interface for loading and generating datasets. Each dataset

is implemented as a function that allows control of various parameters of the data.
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1. Synthetic data generator for feature selection

Feature selection has been an active area of research with dozens of
new algorithms being proposed every year. In this software package,
we provide a Python library for generating synthetic datasets that
are designed specifically to test the effectiveness of feature selection
algorithms. The library consists of functions that allow to load and
generate 5 different datasets. Each dataset consists of a number of
relevant, redundant, correlated, and irrelevant variables. The target
variable is calculated based on a predetermined rule/formula using
the relevant features as described in [1]. The redundant variables are
linear transformations of the relevant features, while the correlated
features are obtained by randomly flipping 30% of the target variable
labels. The library functions allow to specify dataset parameters such

as the number of irrelevant variables, the number of instances, and the
random seed. Since the relevant variables are known a priori, synthetic
data enables direct evaluation of feature selection algorithms. To mimic
real life scenarios, the datasets are inspired by applications in the field
of electronics.

Feature selection has become an important part of the process in
many data science and machine learning applications. As a result, a
large number of feature selection algorithms have been proposed in the
literature [2-6]. However, there does not exist a universal benchmark
for evaluating these algorithms. To fill this gap, we propose a software
package called XyGen that allows to generate synthetic data tailored
explicitly to assess feature selection algorithms. We aim that the pro-
posed software package and the corresponding datasets would be used
in evaluating the existing and future feature selection algorithms and

The code (and data) in this article has been certified as Reproducible by Code Ocean: (https://codeocean.com/). More information on the Reproducibility
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Fig. 1. Results of y’-univariate feature selection based on the ADDER dataset generated using XyGen with sample size 20 (top) and 50 (bottom).

Table 1

Summary the XyGen datasets.
Name Relevant Redundant Correlated Irrelevant Samples Target
ORAND 3 3 2 92 50 Binary
ANDOR 4 4 2 90 50 Binary
ADDER 3 3 2 92 50 4-class
LED-16 16 16 2 66 180 36-class
PRC 5 5 2 88 500 Continuous

Table 2

Rankings of the first 10 features in the ADDER dataset according to various feature
selection algorithms.

1 2 3 4 5 6 7 8 9 10

Boruta [7,8] 1 1 1 1 1 1 1 1 61 63
reliefF [9,10] 6 6 0 3 1 3 2 5 51 52
Fisher [11,12] 6 6 3 4 0 1 5 2 61 48
mRMR [13,14] 6 0 1 2 7 51 3 4 5 8
CIFE [15,16] 6 0 1 2 41 4 5 13 33 39
RFS [17,18] 61 34 63 44 35 66 35 35 25 59
F-score [3] 7 6 0 1 3 4 2 5 61 48
RFE [19,20] 6 5 4 3 1 2 14 8 56 57
GA_1 [21] 1 1 0 0 1 1 1 0 0 0
GA_2 [22] 0 0 0 1 0 0 0 1 0 0

provide a standard approach to measure and analyze the effectiveness
of algorithms.

A summary of the datasets generated via XyGen is presented in
Table 1. The table shows the default parameter values of the datasets.
The datasets include different types of the target variable including bi-
nary, multi-class, and continuous values. While the number of relevant,
redundant, and correlated features is fixed, the number of irrelevant
features and the sample size can be specified through the corresponding
data generating functions. In addition, the random seed can be specified
to generate different irrelevant features for algorithm stability analysis.
The details of the datasets used in the XyGen library can be found
in [1].

2. Impact and use cases

The majority of the existing synthetic datasets used to evaluate
feature selection algorithms were originally designed for classification
tasks [23-29]. On the other hand, the XyGen data is designed specif-
ically for use in feature selection. The XyGen data includes redundant

as well as correlated features to provide a rich setting to test the
algorithms. There are two primary advantages of using synthetic data
over real life data: (i) the knowledge of the relevant features, and (ii)
control of the data characteristics. In the traditional approach using
real life data, feature selection algorithms are evaluated based on the
accuracy of the classifier trained on the selected features. On the other
hand, the nature of all the variables in synthetic data is known so the
selected features can be evaluated directly.

As an example, the ANDOR dataset generated via XyGen was used
to compare the performance of several feature selection algorithms
in [1]. The study showed that while most of the algorithms are able
to distinguish between the relevant and irrelevant variables, they fail
to separate the relevant variables from the redundant and correlated
variables. Several XyGen generated datasets were used to evaluate
the performance of a new feature selection algorithm called Nested
Ensemble Selection.

Synthetic data enables an in-depth analysis of feature selection
algorithms by controlling the parameters of the dataset. In particular,
XyGen allows to specify the number of irrelevant features and the
size of the dataset. By varying the number of irrelevant variables the
corresponding performance of the selection algorithm can be observed
and analyzed [30]. Similarly, the sensitivity of an algorithm to the size
of the dataset can be investigated by varying the number of instances
in XyGen.

As an illustration of the use of XyGen, consider the results of
applying the »? univariate feature selection algorithm on the ADDER
dataset. The results are shown in Fig. 1, where the top and bottom
subfigures are based on sample size 20 and 50, respectively. It shows
that increase in the sample size increases the difference between the
relevant and irrelevant features. On the other hand, the algorithm
fails to distinguish between the relevant and redundant variables. It
also shows that the algorithm assigns high scores to the (randomly)
correlated variables. Thus, we obtain a better understanding of the
performance of the algorithm and its characteristics.

To illustrate the application of XyGen for comparative studies,
consider the results of feature selection on the ADDER dataset using ten
popular algorithms. The rankings of the first 10 features are presented
in Table 2, where the features 1-3 are relevant, features 4-6 are re-
dundant, features 7-8 are correlated, and features 9-10 are irrelevant.
Note that the genetic algorithms provide only the feature support. It can
be seen in Table 2 that the genetic algorithm GA_1 produces the most
robust results with only the redundant feature 5 included incorrectly in
the selected subset. On the other hand, the RFS algorithm completely



F. Kamalov, S. Elnaffar, H. Sulieman et al.

Software Impacts 15 (2023) 100485

Table 3
Rankings of the first 15 features in the PRC dataset according to various feature selection algorithms.
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
Boruta 1 1 1 1 1 1 1 1 1 1 1 1 52 4 44
R_regression 40 46 37 51 35 3 4 3 5 3 3 2 76 71 75
F_regression 32 27 40 28 29 3 3 4 3 4 2 4 8 80 62
mRMR 10 48 8 1 0o 11 3 9 6 5 2 30 4 99 7
RFS 78 65 43 60 62 52 79 64 59 68 50 73 31 46 51
RFE 100 99 98 97 96 95 94 93 92 91 90 89 88 87 86
GA_2 0 0 0 0 1 0 0 0 0 0 1 1 0 0 1
fails to identify the relevant features. Another important observation [8] R. Tang, X. Zhang, Cart decision tree combined with boruta feature selection for
is that most of the algorithms fail to properly differentiate the relevant medical dat? classification, in: 2020 5th IEEE International Conference on Big
features from the redundant and correlated features. The above analysis Data Analytics (ICBDA), IEEE, 2020, pp. 80-84. o )
. d ible by the k led f th iabl d the diff [9] I. Kononenko, E. Simec, M. Robnik-Sikonja, Overcoming the myopia of inductive
ls made possible by the knowledge of the variables and the different learning algorithms with RELIEFF, Appl. Intell. 7 (1) (1997) 39-55.
types of features incorporated in the ADDER dataset. While XyGen [10] L. Sun, T. Yin, W. Ding, Y. Qian, J. Xu, Multilabel feature selection using
generates synthetic datasets, it is derived from real life applications in ML-relieff and neighborhood mutual information for multilabel neighborhood
electronics which enhances their plausibility. decision systems, Inform. Sci. 537 (2020) 401-424. '

The XyGen package can also be used to generate data with con- [11] );.rOI;I:;SD.S;iu,ll; (l\zhggsg)l, Laplacian score for feature selection, Adv. Neural Inf.
tinuous valued ta'rget variable. In partlcu'lar, th.e target‘ variable in [12] M. Li, H. Wang, L. Yang, Y. Liang, Z. Shang, H. Wan, Fast hybrid dimensionality
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and mRMR assign importance to the relevant variables, they fail to [14] X. Yan, M. Jia, Intelligent fault diagnosis of rotating machinery using improved
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[16] G. Wei, J. Zhao, Y. Feng, A. He, J. Yu, A novel hybrid feature selection method
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allows to generate synthetic data designed for feature selection. While [17] F. Nie, H. Huang, X. Cai, C. Ding, Efficient and robust feature selection via joint
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