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ABSTRACT

The high-dimensionality of Big Data poses challenges in data
understanding and visualization. Furthermore, it leads to lengthy
model building times in data analysis and poor generalization
for machine learning models. Consequently, there is a need for
feature selection, which allows identifying the more relevant part
of the data to improve the data analysis (e.g., building simpler
and more understandable models with reduced training time and
improved model performance).

This study aims to (i) characterize the factors (i.e., dataset char-
acteristics) that influence the performance of feature selection
methods, and (ii) assess the impact of feature selection on the
training time and accuracy of binary and multiclass classifica-
tion problems. As a result, we propose a systematic method to
select representative datasets (i.e., considering the distributions
of several dataset characteristics) in a given repository. Next, we
provide an empirical study of the impact of eight feature selec-
tion methods on Naive Bayes (NB), Nearest Neighbor (KNN),
Linear Discriminant Analysis (LDA), and Multilayer Perceptron
(MLP) classification algorithms using 32 real-world datasets and
a relative performance measure.

We observed that feature selection is more effective in re-
ducing training time (e.g., up to 60% for LDA classifiers) than
improving classification accuracy (e.g., up to 5%). Furthermore,
we observed that feature selection gives slight accuracy improve-
ment for binary classification (i.e., up to 5%), while it mostly leads
to accuracy degradation for multiclass classification. Although
none of the studied feature selection methods is best in all cases,
for multiclass classification, we observed that correlation based
and minimum redundancy maximum relevance feature selection
methods gave the best results in accuracy. Through statistical
testing, we found LDA and MLP to benefit more in accuracy
improvement after feature selection than KNN and NB.

1 INTRODUCTION

Nowadays, organizations store data without proper problem def-
inition, hoping to gain some insight from the gathered data in
the future. This ‘blind’ data collection leads to datasets that have
a large number of features, often irrelevant or redundant [5] and
raises challenges in data storage, understanding, visualization,
model training time and explainability. In addition to these, there
is a problem of insufficient number of samples (compared to the
number of features) to build a model of sufficiently good quality
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[5]. This is the case in fields like bioinformatics, where Microar-
ray data could contain thousands of gene expressions as features
but a few tens or hundreds of samples.

To fight these challenges, effective techniques to reduce the
dimensionality of datasets are necessary. A common technique
for this is Feature Selection (FS). FS reduces the dimensionality
of a dataset by selecting a subset of the datasets’ features that
are most relevant based on a defined criteria. FS methods can
be classified by their reliance on a learning algorithm to select
the most relevant features into filter, wrapper, and embedded FS
methods [3].

Filter methods evaluate and select features independent of
any learning algorithm by solely relying on the characteristics of
the dataset to determine the relevance of a feature. This approach
returns a subset of features that is not biased towards any learning
algorithm and is thus highly generalizable but not optimal for
any chosen learning algorithm.

Wrapper methods select features by going through an itera-
tive process of selecting a subset of features and evaluating its
quality by the performance (e.g., accuracy) of a model built using
a particular learning algorithm. The cycle continues until arriv-
ing at a subset of features that optimizes the model performance
or a pre-set halt condition is satisfied. Wrapper methods select a
subset of features with the aim of optimizing the performance of
the used learning algorithm hence lacking generalizability. Also,
their iterative approach makes them time inefficient.

Embedded methods refer to learning algorithms that have FS
encapsulated. Embedded methods are optimal and time-efficient
because they use the target learning algorithm in the selection of
features however, not iteratively. Examples of embedded methods
are tree-based learning algorithms such as decision trees which
prune irrelevant features while building the model, using criteria
like Entropy or Gini (defined by Equations 1 and 9 respectively).

A FS method is affected by various dataset characteristics, like
its number of features or instances. Therefore, it is imperative to
understand the dataset characteristics that affect the performance
of each FS method. Furthermore, depending on the data analy-
sis task at hand, FS methods may impact the training time and
accuracy of a model. Thus, the impact could differ for classifica-
tion (binary, multiclass), clustering, and regression tasks. Besides
impacting various tasks differently, their effect could differ per
learning algorithm. Hence, a context-specific understanding of
the impact of FS is essential.

In this work, we focus on binary and multiclass classification
tasks and study the impact of eight filter FS methods on four
classification algorithms. To select representative datasets from
the OpenML! repository for the experiments, we use clustering
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discretization to find two clusters each for three dataset charac-
teristics, namely: number of features, number of instances, and
class balance; while the number of classes fits by default into two
clusters (binary and multiclass). This leads to 16 possible combi-
nations of the dataset characteristics, and for each combination,
we choose two representative datasets.

In particular, we make the following contributions:

(1) We identify the factors that influence the runtime of each
FS method.

(2) We propose a systematic method to select representative
datasets from a given repository.

(3) We perform an extensive set of experiments, with vary-
ing sizes of datasets, and show the scalability of the FS
methods.

(4) We study the effect of FS on the accuracy and training
time of binary and multiclass classification models and for
both model types, we statistically determine the significant
factors responsible for the observed effects and highlight
the differences in the outcomes of both model types.

(5) We perform an extensive set of experiments with various
feature subset sizes, and investigate how this impacts the
observed changes in the accuracy and training time of the
classifiers after FS.

2 RELATED WORK

The objective of FS is to build simpler and more understandable
models, improve model performance, reduce their training time,
and prepare data that are clean, understandable, and easier to
visualize [17]. Due to its relevance in Big Data, researchers have
focused on it, especially in recent decades. An essential aspect of
this ongoing research has been: investigating the efficacy of the
many proposed FS methods through benchmarks and compar-
isons. Many field-specific FS benchmarks have been conducted
in which the datasets used are all related to a particular subject.
For example, software defection data was used in [32], object-
based imagery data in [16], biomedical data in [10], cancer data
in [19], intrusion detection data in [21], and text categorization
datasets in [2]. This re-emphasizes the usefulness of FS across
domains. However, there is an intrinsic relationship between
dataset characteristics and the performance of FS methods’ [22].
Therefore the dataset homogeneity questions the robustness of
these benchmarks as there is but little deviation in the dataset’s
characteristics. For example, with biomedical datasets, it is often
the case that there are a large number of features and a relatively
small number of instances. A benchmark using only biomedical
datasets could be biased towards this factor.

The efficacy of an FS method is usually evaluated using a
learning algorithms’ performance. The choice of learning algo-
rithms to use depends on the intended analysis task. By this, we
mean tasks like binary or multiclass classification, regression,
clustering, or any other data analysis task. For classification tasks,
past benchmarks [4, 10, 22, 32] mainly focused on binary classi-
fication, generally considered easier. Some field-specific bench-
marks [2, 16, 18, 21] have also focused on multiclass classification.
However, there is a lack of comparative studies highlighting the
distinct impact of FS on both analysis tasks.

Using learning algorithms to evaluate and compare FS meth-
ods means comparing the performance of models built with the
features selected by each FS method. The most commonly used
metric is the model accuracy [4, 16, 21, 22]. Some others include:
ROC [2, 19], AUC [2, 10, 32], F-Score [2, 19], Precision [2], Recall

[2], and Kappa index [16]. Indeed, one can compare the perfor-
mance of various FS methods using any of these metrics. How-
ever, these metrics alone, do not take into account the relative
impact (i.e., in comparison to the models built without FS). [4]
benchmarks 23 models, 22 built using the features selected by 22
FS methods, and one built without FS. Using the mean accuracy
(from 10-fold cross-validation), they compared the FS methods by
counting the number of datasets (out of 16) on which the mean
accuracy of each model is higher than others.

In this work, we first propose a systematic method to find rep-
resentative datasets in a given repository in order to remedy the
problem of *non-representative’ or homogeneous’ datasets. Next,
using this method we select 32 datasets from the OpenML[28]
repository and benchmark eight filter FS methods with a relative
measure, that is calculated as the change in training time (16)
and accuracy (17) after FS. We use four classification algorithms
in binary and multiclass classification tasks. Finally, we validate
the significance of our results using statistical tests.

3 BACKGROUND

In the following, we provide the necessary definitions of the
concepts appearing throughout this work.

3.1 Preliminaries

Entropy quantifies the uncertainty of a discrete random variable

X with sample space X = {x1,x2,...,%n} and is defined as:
H(X) == > P(x;) log(P(x1)), (1)
x;eX

where x; € X and P(x;) is the prior probability of x; over all
possible outcomes of X i.e. X.

Conditional entropy measures the remaining uncertainty
of X given another discrete variable Y with sample space Y =
{y1,Y2, ..., yn} and is defined as:

H(X|Y) == ) P(y;) ) P(xily)) log(P(xily;),  (2)

yieY xieX

where P(x;|y;) is the conditional probability of x; given y;.
Mutual information is the measure of information shared
between two discrete random variables X, Y and is defined as:

I(X;Y) = H(X) - HX|Y). 3)

Conditional mutual information quantifies the amount of
information shared between two discrete random variables X, Y
when a third discrete random variable Z is known. It is defined
as:

I(X;Y|Z) =H(X|Z) - H(X|Z,Y). (4)

Bayes’ theorem states that given two events A and B, with
P(B) # 0, then:

P(B|A)P(A)

P(AIB) = =

®)

3.2 Classification Algorithms

The classification task is a common problem in practice and
is categorized into (i) binary classification where subjects are
assigned to one of two classes; for instance the bank wants to
know if a loan applicant is likely to default or not before issuing a
loan and, (ii) multiclass classification where subjects are assigned
to one of more than two classes, as in classifying the image of a
plant into one of many species.



In this work, four classification algorithms that do not have FS
embedded, and that are applicable to both binary and multiclass
problems were used. Their details are discussed below.

Naive Bayes (NB) is a collection of classification algorithms
that are based on Bayes’ theorem and the assumption that every
pair of features Fj, F; in a dataset are conditionally independent
given the class feature Y i.e.:

P(F; N Fj|Y) = P(Fi[Y)P(Fj[Y). (6)

NB classifies an instance to the most probable class value y given
its feature vector (fi, f2,..., fm) and has a time complexity of
O(m.n) [11] for a dataset with m features and n instances.

K-Nearest Neighbours (KNN) is a commonly used classi-
fication algorithm that works on the ‘bird of the same feather
flock together’ principle. The class of an unknown instance is
determined by that of its K closest neighbors whose classes are
known. KNN is considered a lazy algorithm because it does not
build a classifier once for reuse, rather it scans through the train-
ing data to determine the class of an unknown instance each time
it is called [20], and has a time complexity of O(m.n) [9].

Linear Discriminant Analysis (LDA) is a classic classifica-
tion algorithm that uses linear decision boundary(ies) to build a
classifier for unknown instances. Its closed-form solution? with
no need for hyperparameter tuning makes it easier to compute
and it has demonstrated good performance in practice [23]. Given
an unknown instance x, the probability of x belonging to a class
y of the target feature Y with c classes is estimated by:

P(y)P(x|y)

P(Y =ylX =x) = i, POP(xD)

™)
However, p(x|y) can be estimated with a Gaussian distribution
function which when substituted leads to a simplified discrimi-
nant function for class y given instance x defined as:

2
Dy(x) = x4 — 2 s in(P(y), ®

where py is the mean value of x for the class y and o? is the
variance across all inputs x [6]. LDA works under the assumption
that the data is normally distributed and that the variance of all
features are equal. It can also be used for dimensionality reduction
by projecting the training data into a linear subspace such that the
separability between classes is maximized [23]. LDA has a cubic
time complexity of O(m.n.t + t3) [7], where t is the min(m, n).

Multilayer Perceptron (MLP) is a type of feedforward ar-
tificial neural network consisting of three layers of nodes; an
input layer, output layer®, and an arbitrary number of hidden
layers. A full pass of data (epoch) through the MLP comprises
forward and backward passes. In the forward pass, data is passed
from the input layer through the hidden layer(s) to the output
layer adjusting the weights of the nodes based on the ground
truth. The backward pass goes in the opposite direction from the
output layer to the input layers to minimize the error of the MLP.
The classification model is built by several epochs of the training
data through the MLP after which it is used to classify unknown
instances.

The time complexity of MLP, O(nlm.hk.o.i) [1], depends on
its architecture and configuration, i.e. the number of iterations i,
output neurons o, and hidden layers k each with s neurons. MLP

2 A closed-form solution (expression) is any formula that can be evaluated in a finite
number of standard operations.

3The number of classes in the target feature is the number of nodes in the output
layer.

is applied in various fields including speech and image recogni-
tion, and natural language processing. [30] This classifier has the
option of regularization which can be considered embedded FS,
however this option was disabled for this work.

3.3 Feature Selection Algorithms

The generalizability of filter methods allow for easier compar-
ison of their impact on multiple learning algorithms since the
resulting subset of features is derived independently of any learn-
ing algorithm (unlike wrapper and embedded FS methods). Also,
filter methods are less time-consuming than wrapper methods
because they do not require an iterative training of the learning
algorithm to select a subset of dataset features. For these reasons,
eight filter methods were studied in this work and presented
below.

Gini index is a very common statistical measure used to quan-
tify the ability of a feature to separate instances between classes
[17]. A feature Fp with r distinct values is scored as:

Joini(F) = min (p(Wr,) (1= 3" p(CyIWr,)?)
Fre y=1
©)

p(Wr) (1= )" p(Cy[Wr)D)
y=1

where Cy is the y,, (< c total classes) class, and Wr, and WFk
denotes instances with Fj value < ¢ and > ¢ respectively where
@ is some j’ h value of Fy, this implies that ¢ separates the dataset
into Wp, and W_Fk The maximum gini score in binary classifica-
tion is 0.5 and lower values imply higher relevance.

ReliefF is a similarity based method which extends the classic
relief method, not just for binary, but also multi-class classifi-
cation [15]. The idea of this method is to select features that
maximally distinguish between instances that are near to each
other [25]. The score of a feature F, is defined as:

1< 1 )
Jretiefr (Fi) = — JZl(—m—j g{m d(X(j.k) = X(r.k))
- xre (10)

1 Py
> by 1- P(y) 2

y#y; xreNM(j,y)

d(X(j. k) — X(r,k))),

where [ is the number of randomly selected instances (< n),
NH(}j) of size mj is the set of instances closest to instance x; and
in the same class, NM(j, y) with size h; is the set of instances
closest to x; and in class y, P(y) is the probability of instances
belonging to class y, and d(.) is the distance estimator between
two instances.

Spectral Feature Selection (SPEC) is a similarity-based
method that works for supervised and unsupervised tasks [17].
SPEC selects features from a dataset X by the following three
steps [33]: (i) it builds a similarity set S from X using a similarity
measure, e.g., Radial Basis Function (RBF) kernel, (ii) it extracts
a representative graph G from S, and (iii) lastly, the structural
information of G obtained from its spectrum* determines the
relevance of each feature.

Conditional Mutual Information Maximization (CMIM)
is an information theoretical-based method which iteratively
picks features that maximize mutual information to the class
feature conditioned on the already selected features [29]. Where
S is the subset of already selected features, Y the class feature, and

4The spectrum of a graph refers to its eigenvalues and their multiplicities.



Fi. an unselected feature, the feature score of Fi can be defined
as:

Jemim (Fy) = min I(Y; Fi|Fj). (11)
FjeS

This approach ensures that the selected features are good predic-
tors of the class label but minimally redundant.

Minimum Redundancy Maximum Relevance (mRMR) is
also an information theoretical-based method proposed to select
features that balance relevance and redundancy. A feature Fy. is
scored as:

1

JMRMR(F) = I(Y; Fy) — 5] Z I(Fy; F), (12)
FjeS

where the mutual information between the feature and
target feature I(Y;Fy) is the measure of relevance while
ﬁ > Fies 1 (Fy; Fj) tells the features redundancy compared to
already selected features [4].

Joint Mutual Information (JMI) is an information
theoretical-based method which iteratively selects features that
complement already selected features with respect to the class
feature. Its score is defined as:

Imi(Fi) = Y 1(Ys Fi|F)). (13)

P}ES

Efficient and Robust Feature Selection (RFS) is a sparse
learning based method that uses a joint I; ;-norm minimization
on both the loss function and the regularization. This approach
is more robust to noise and achieves group feature sparsity [17].
The objective function for RFS is:

mMi/nIIXW— Y|lz,1 + al|[W]l2,1, (14)

where W, X, and Y are the matrix of feature weights, matrix
of feature values and one-hot encoding of the target feature,
respectively and « is a parameter of the regularization term
1Wllz,1.

Correlation-based Feature Selection (CFS) is a statistical
based method with the basic idea of selecting a feature subset
S in which features are highly correlated with the class and
uncorrelated with other selected features [13]. This implies that
redundant features are less likely to be selected. The CFS score
of a feature subset dubbed "merit" is defined as:..

ISirer
Jers(8) = :
JIsi+1s1sl - V777

(15)

where 7.7 is the average feature-class correlation and r is the
average feature-feature inter-correlation.

CFS begins with an empty set of features, computes the sym-
metric uncertainty of each feature and then greedily adds features
to the set using forward best-search heuristic strategy [13]. It
stops after five consecutive searches with improvement in merit

4 METHODOLOGY

To evaluate the impact of the presented FS methods on classifi-
cation, we followed a systematic approach to define the compo-
nents of the experiments carried out in this work and to select
the datasets used. In what follows, we present the details.

SYSTEM

R » FS Method

Full
Dataset

Classification < .

Y

Algorithm
—_ - >
Legend: Data [ Process | Baseline  Target
Flow Flow

Figure 1: System definition showing components and flow.

4.1 Performance Evaluation

The number of features to select, parameters of FS methods and
classification algorithms, and dataset characteristics culminate
into more factors than we can control in this work. Therefore, it
is essential to clearly define the components of the experiments,
as failing to do so can lead to mistakes (such as unrepresenta-
tive workload, erroneous analysis, or too complex analysis). We
followed the systematic approach for performance evaluation
proposed in [14] to avoid these common mistakes.

In what follows, we present the details of the ten steps in the
systematic approach for performance evaluation.

(1) Goals and System Definition

In this work, the system under performance evaluation

consists of the datasets (full and filtered), FS methods, and

classification algorithms as shown in Figure 1. Within this

system, we define two subsystems: (i) the target which

represents the flow (Full Dataset — FS Method — Fil-

tered Dataset — Classification Algorithm), where FS is

performed before model building and (ii) the baseline

which represents the path (Full Dataset — Classification

Algorithms) where the full dataset, without FS, is used to

build the model.

The experiments we execute benchmark the target against

the baseline subsystem for all the combinations of dataset,

FS method, and classification algorithm in this work.

The goals of the experiments conducted are to:

o Measure the FS runtime for each dataset.

e Measure the model training time of the classifiers built
in the baseline and target subsystems.

o Measure the performance of the classifiers built in the
baseline and target subsystems.

Services and Outcomes

The FS methods and learning algorithms deliver the ser-

vices of the system. Both processes take a dataset as input;

the former outputs a subset of the datasets’ features while

the latter produces a classifier model.

Metrics

Metrics are the criteria used to evaluate the performance

of a system. The metrics used to evaluate the system under

performance evaluation (Figure 1) are:

e FS runtime, which is the time taken to obtain the fea-
ture subset/ranked features of a dataset.

e Model Training Time (TT) change is the ratio of the
difference in time between training the baseline and
target classifiers to the baseline classifier training time.

@

~
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It is expressed as:

Baseline TT — Target TT

TT change® =
change Baseline TT

(16)

tem.

e Hyper-parameters, this refers to the several parameters
in FS and classification algorithms that can be set to dif-
fering values to control the model building process [31].
These parameters affect the output of the algorithms
and thus the system.

Lastly, the system parameters are the characteristics

of the hardware used to execute the experiments for the

system performance evaluation and include among others:

e Processor speed
o RAM/Disk size
e Operating system context switching overhead

o Classifier accuracy change is the ratio of the differ- (5) Factors to Study . .
. The number of parameters controlled in an experiment
ence between the balanced accuracy of the target classi- o L .
. . determines its workload and completion time. Consider-
fier and the baseline classifier to the balanced accuracy . . . .
. . ) ing the exponential growth of the experimental design
of the baseline classifier expressed as: ) . >
) space with an increasing number of parameters, we con-
Accuracy change® = Target Accuracy — Baseline Accuracy' sidered the five parameters: number of features, instances,
Base Accuracy and classes, class balance, and feature subset size, as more
17 important because they control the time complexity of
(4) Parameters the FS methods as shown in Table 4, as well as classifica-
Several characteristics of the system components (datasets tion accuracy [22]. Also, some other workload parameters
and algorithms) affect the performance of the system. are derived from the selected factors or are known to not
These are called parameters and are categorized into work- influence the results of FS methods. for instance. dimen-
load a.nd systfem parameters. The wor k.load p aran.leter § are sionality is simply the feature-instance ratio and most FS
associated with the dataset and algorithms and include: methods do not factor in the average correlation of fea-
Dataset parameters tures during FS, but rather assess features individually.
* Number of .features (m) Hence, dimensionality and average feature correlation are
* Number of instances (n) not included in the study.
* Number of classes (c) Factors such as processor speed or storage size, associ-
e Dimensionality, which is the feature-instance ratio of a ated with the hardware on which the experiments were
dataset defined as: executed were constant as one machine was used for all
Dimensionality = n (18) executions. However, to mitigate the effects of context
o n o ) switches, especially for execution time, we employed 10
o Class Balance (CB), .thls is the dlstrl.butlon ?f Instances fold cross-validation to ensure accurate results. Lastly, the
amongst the classes in the target variable. It is measured default hyper-parameters of the classification and FS al-
by the Shannon entropy which is defined as: gorithms were used since the same setting was applied
- %’ log(%) to both baseline and target classifiers. Controlling all pa-
CB=- logc (19) rameters for all algorithms would not only explode the
. . design space but also shift our focus to hyper-parameter
where there are s; instances in class i. A perfectly bal- .80 5P Lo . YPEr'p
) . . optimization, which is outside the scope of this work.
anced dataset with equal number of instances in each . .
s (6) Evaluation Technique
class has a class balance of one while an extemely un- . . .
The experiments were programmed with Python, which
balanced dataset has a class balance of zero. o 7 . o 3 .9
. . has the scikit-feature’ repository, scikit-learn®, and time
e Class Entropy, this measures the entropy (Equation 1) . . . . .
; libraries that implement the studied FS and learning algo-
of the classes in the target feature. . L
. . . rithms as well as allow us to measure execution times.
o Average feature correlation, this measures the interde-
dence between all features and is quantified b (7) Worldoad
pendence between all features and 1s quantied by The datasets used in the evaluation of the system consti-
1 c oml m tute its workload. Considering four datasets characteristics
r= T Z Z Z |P Jjl A (20) with two clusters each (see Section 4.2), we systematically
=1 j=1 I=j+1 selected 32 real-world datasets from the OpenML repos-
where Pj; is the Pearson’s correlation coefficient of fea- itory for this work. We considered only datasets with
tures j and [, and T is the total number of P;;’s summed. no missing values as candidates to save time in the pre-
A p value of zero indicates independence of all features processing stage and avoid the potential effect of missing
while a value of one indicates high correlation between values on the classifier’s performance (especially in cases
features and thus feature redundancy [27]. with missing values being dropped. Lastly, datasets with
Algorithm parameters only numeric values were considered due to the input
e Feature subset size (k), which is the number of features constraint by the FS methods studied.
to be selected; affects the results derived from the sys- (8) Experiment Design

Out of the eight FS methods studied, Gini, RFS, ReliefF,
SPEC, and CFS methods return a ranking of the features
in order of relevance, while JMI, MRMR, and CMIM re-
turn a subset of the features according to the specified
size. Five possible subset sizes were studied, specifically
(number of features)i, for i€ [0.5, 0.6, 0.7, 0.8, 0.9]. This
means that a total of 20 runs (Table 1) were required for the
eight FS methods and two classifiers (baseline and target)
for each of the four classification algorithms. Therefore

"https://github.com/jundongl/scikit-feature
8https://scikit-learn.org/stable
“https://docs.python.org/3

SThere is an expected decrease in runtime i.e., Baseline TT > Target TT.
There is an expected increase in accuracy i.e., Target Accuracy > Baseline
Accuracy.



Table 1: Required number of runs for each feature selection
method.

Feature selection Method Required runs

Gini, RFS, ReliefF, SPEC,CFS 1
JMI, MRMR, CMIM
Total 20

with all 32 datasets, a full factorial experimental design
with 5,120 (32*20*8) experiments will be used.
(9) Data Analysis and Interpretation

To derive insights from the results of the experiments,
Z-test, Friedman, and Nemenyi statistical methods were
used to analyze our results (i.e., measured metrics). For
each of these tests, a null and alternative hypothesis were
formulated and based on the test result, we either reject
or fail to reject the set null hypothesis.

(10) Results
Lastly, conclusions from the analysis of the results of the
experiments are presented and discussed in Section 5.

4.2 Data Selection

Several data repositories provide open data which enables re-
search; OpenML was used in this work. Considering the input
constraint of some of the algorithms studied, not all datasets in
OpenML (over 21,000) could be used.

Available datasets were pruned based on the following eligibility
criteria:

o Number of features < 1.000

e Number of instances < 10.000

o No missing values

o Numerical types (excluding timestamps)
e Single target variable

After pruning, there were 380 candidate datasets available and
the metadata (number of features, instances, classes, and the
class balance) of these datasets showed a wide range of values
for the factors to be studied; for example, the number of features
of the datasets ranged from 2 to 971. Also, we noticed repeated or
highly identical datasets. So, we selected a subset that properly
represents the available datasets while reducing redundancy.

Using the clustering discretization method which takes into
account the intrinsic distribution of data values, each of the fac-
tors in the metadata were discretized into two bins. This was
done for both the metadata values and the logarithm of the values
as shown in Tables 2 and 3 respectively. It is indeed possible to
discretize into more than two bins, however, this will lead to an
exponential increase in the full factorial of the design space. With
two bins and 4 dataset factors, we had 2% possible factor combi-
nations all of which need representative datasets. However, with
three bins, only nine out of 81 combinations had representative
datasets. Increasing the number of bins will therefore result in
more factor combinations with no representative datasets.

The discretization results from applying clustering on the
log values was used to guide the selection of the datasets from
OpenML because it best describes the distribution of the datasets
in the repository and contained candidate datasets for all 16
combinations of the studied factors.

After the discretization, two datasets were selected randomly
for each of the 16 factor combinations with a total of 32 datasets.

Table 2: Discretization of values of studied factors using
the clustering method.

Factor Bin Number of datasets
Number of instances  0: [27, 2.600] 320

1: [3.107, 9.989] 60
Number of features 0: [2, 618] 373

1: [785, 971] 7
Class balance 0: [0,0385, 0,8083] 84

1: [0,8232, 1,0] 296

Table 3: Discretization of log values of studied factors using
the clustering method.

Factor Bin Number of datasets
Number of instances  0: [27, 846] 246
1: [937, 9.989] 134
Number of features 0: [2, 16] 205
1: [19, 971] 175
Class balance 0: [0,0385, 0,8083] 84
1:[0,8232, 1,0] 296

4.3 Execution

To begin, all features of the dataset were discretized using the
uniformed discretization method; setting the number of bins to
max{min{%, 10}, 2} where n is the number of instances in the
dataset [4]. Discretizing the features is done to meet the input
constraint of most FS methods which work with only discrete
features.

Next, the dataset was split into ten partitions; nine partitions
formed the training set, while one partition was used as the test
set. After this split, the entire training set was used for FS as
well as building the base classifier while the training data con-
taining only the selected subset of features were used to build
the target classifier. Both classifiers were tested on the test set
and the accuracy was measured. The FS, model building, and
testing are repeated ten times for each dataset (i.e., 10-fold cross-
validation); each time a new partition is used as the test data
while the remaining nine are used as the training data. Figure 2
gives an overview of the described execution, from discretization
to measure recording. At the end of each of the 10-fold execu-
tion, the median runtime and average balanced accuracy were
recorded. The median was used in the runtime for robustness
against possible variations due to context switching, and since
we use a different training set for each fold, there might be slight
differences in the accuracy, hence the average serves as a global
accuracy.

Due to the poor stability of some FS methods, different fea-
tures might be selected with a change of data samples. Hence,
FS and model building were executed together for each iteration
to ensure that the performance evaluation is done on the same
data. The Python source code and datasets information for the
experiments are publicly available on Github'?.

5 RESULTS

There is an expectation for improved model runtime and accuracy
after FS. However, FS itself could be time expensive leading to
an overhead that causes the total time needed for FS and model

WOhttps://github.com/F-U-Njoku/filter-fs-impact-on-classification
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Figure 2: Experiment execution flow, from data ingestion
to metric result collection.

building to increase beyond the time it takes to build the model
without FS. In this section, we present and discuss the results
of our experiments on eight FS methods and four classification
algorithms using 32 datasets with feature subset size set to m
m%, mO%7 m%8 and m%° where m is the number of features.

5.1 FS Runtime

The runtime of a FS method is affected by various factors and in
differing proportions. Some are influenced more by the number
of features, others by the number of instances, and so on. The
time complexity of the studied FS methods are presented in Table

4, this shows the factors which affect the runtime of each method.

Gini has the lowest runtime and is influenced mainly by the
feature and class size. ReliefF and SPEC are controlled by the
instance and feature size, with the former having a quadratic
impact on the runtime. CMIM, MRMR, and JMI all have the
same time complexity, with feature and subset size being the
factors that predominantly influence their runtime. Lastly, RFS
and CFS have the longest runtimes due to the numerous matrix
multiplication operations required.

Table 4: Time complexity of FS methods.

Algorithm  Time complexity Source
Gini O(me) [17]
ReliefF O(n®m) [26]
SPEC O(n®m) [33]
CMIM O(mk) [12]
MRMR O(mk) [24]
JMI O(mk) [17]
RFS O(t(2m?n + (m+c)n® + mnc +m)) [17]
CFS O((n + 1)((1712 - m)/2)+ [13]

(m? —m)/2+k+ (K> —k)/2

Figure 3 shows the recorded average runtime for FS on the 32
datasets for each FS method spanning from less than a second
to over 80 minutes. Of the eight methods, CFS had the longest
runtime for feature selection taking an average of 80 minutes for
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Figure 3: Average runtime for FS by each method on all
datasets.

all datasets; this is due to the multiple computations of pairwise
correlations between features required by this method. Second
to CFS was RFS which took an average of 14 minutes. The other
methods took less than 50 seconds on average, while Gini was
the most efficient, taking less than a second on average.

Although FS is time expensive for some methods, the advan-
tage of filter methods is their generalizability. The selected fea-
tures can be used repeatedly across various learning algorithms
for model selection since they were obtained independently of
any learning algorithm.

5.2 Model Training Time

The dataset size, particularly the feature and instance sizes, con-
trol the time it takes to build a classifier, as discussed in Section 3.
For learning algorithms that build classifiers after training, such
as NB, LDA, and MLP, FS reduces the model training runtime
as expected. For LDA, we recorded on average for all datasets
(i-e., both binary and multiclass classification), over 50% training
time reduction when the feature subset size, k was set to m%->
09 as shown in Figure 4a. In this case,
as expected, selecting fewer features led to faster model building.

On the other hand, a lazy learning algorithm like KNN does
not build a classifier at the point of training; rather, it stores useful
metadata that is used at the point of classification. Hence, KNN
does not benefit from FS in the expected manner. As shown in
Figure 4b, KNN follows a pattern different from other algorithms
and gives the best training time improvement with k set to m®-8
in most cases. Therefore, the benefit of reduced model runtime
after FS depends on the learning algorithm.

and over 13% for k set to m

5.3 Accuracy

Accuracy is one of the methods used to measure the performance
of a model and due to the presence of unbalanced datasets in the
workload, we specifically use the balanced accuracy.

Since one of the objectives for FS is to build models with
improved performance that generalize the data better, the expec-
tation is to have an improvement in the model accuracy after FS.
However, as shown in Figure 6, the change in accuracy after FS
differs for binary and multiclass classifications. For binary classi-
fication, there was an average improvement of the accuracy after
FS for all methods except SPEC. In contrast, reducing the num-
ber of features generally led to accuracy decrease for multiclass
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Figure 4: Average percentage change in the training time
of LDA and KNN classifers after applying each FS method
to all datasets (i.e., binary and multiclass classification),
with varying subset sizes. Positive and negative percent-
ages imply a reduction and an increase in the training time,
respectively, compared to the baseline training time.

classification. Although SPEC is applicable to both supervised
and unsupervised learning tasks, it gave the worst performance
for both binary and multiclass classification as shown in Figures
5 and 6; this is because it performs FS independent of the target
variable; hence, the selected features by SPEC tend to be less
relevant compared to those selected by other methods.

Also shown in Figure 5, CFS yielded good results in most
cases; this is because it uses the correlation of features to the
target feature as well as the pairwise correlation of features for
FS. This is useful because it ensures minimal redundancy in the
selected features. For multiclass classification, CFS and MRMR
gave the best result (i.e. the least accuracy degradation). There-
fore, although FS generally results in a decrease in multiclass
classification accuracy, in the case that the dataset is too large
and FS is indeed needed, CFS and MRMR methods are suggested.

Since the improvement in accuracy is different for binary and
multiclass classifications, we analyze the change in accuracy for

both classification types separately with the aim of identifying
the factors that most influence the accuracy change.

5.3.1 Statistical Analysis.
By visualization, we appreciate a difference in the accuracy
change obtained for binary and multiclass classifications (Figure
5) and this is irrespective of the FS method used (Figure 6). We
further our investigation by testing the significance of this ob-
servation statistically for the subset size set to m*7 and an alpha
level of 0.05.

We begin by making the following hypothesis:

o Hj: The classification type does not influence the change
in accuracy derived from applying FS.

e Hj: The classification type influences the change in accu-
racy derived from applying FS.

To test the aforementioned hypothesis, we consider two indepen-
dent groups. The binary and multiclass groups, each made up
of accuracy change between baseline and target classifiers after
FS on the 16 datasets (512 result points). Testing the previous
hypotheses using Z-test, the results show the impact of FS on bi-
nary classification in terms of accuracy change (¢ = 0.0058, 0 =
0.0506, N = 508) was significantly higher than on multiclass
classification (g = —0.0627,0 = 0.1483,N = 512), Z = 9.2589,
p < 0.001. Therefore, the classification type indeed influences
the change in accuracy derived from applying FS.

Besides the type of classification, the various classification
algorithms could interact with the FS methods to give different
results in terms of accuracy change. Hence, using Freidmans’
test, we evaluate the accuracy changes for binary and multiclass
classification separately. Friedman (Fy) test [8] ranks the accuracy
change of the four classifiers for each dataset-FS method pair with
the highest rank being 1 and the smallest rank 4. In the case of
ties, the average rank is used. We test the null hypothesis that all
algorithms benefit equally from FS. Therefore there should be an
equal ranking of the derived accuracy change for each dataset
and FS selection pair.

For binary classification, using 16 datasets!!, eight FS methods,
and four classification methods, the Fe-statistic is distributed
according to the F distribution with (4 — 1) and (4 — 1)(127 -
1) = 378 degrees of freedom. The critical value of F(3,378) is
2.6285, and the derived F-statistic is 2.47405553 giving p = 0.0612.
Therefore, we fail to reject the null hypothesis and conclude that
the studied classification algorithms similarly gain from FS for
binary classification.

For multiclass classification, using 16 datasets, eight FS meth-
ods, and four classification methods, the F¢-statistic is distributed
according to the F distribution with (4—1) and (4—1)(128—-1) =
381 degrees of freedom. The critical value of F(3,381) is 2.6283 and
the derived F-statistic is 11.41980269 giving p < 0.001 . Therefore
we reject the null hypothesis and proceed to do a post-hoc test.
We use the Nemenyi test with critical value 2.569 to compare the
classifiers to each other, which yields a Critical Difference (CD)
of 0.4145. Using the CD, we identify two groups of algorithms
as shown in Figure 7: LDA and MLP benefit more in terms of
accuracy improvement after FS compared to KNN and NB. There-
fore, for multiclass classification, the impact of FS on accuracy is
affected by the choice of the algorithm.

"For CFS FS method, the largest dataset was left out as it was not completed within
reasonable time.
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Figure 5: Average percentage change in the accuracy of the
LDA classifer after applying each FS method to all datasets,
with varying subset sizes.

5.4 Recommendations

From the results of our experiments presented previously and
in the supplementary material'?, it is clear that there is no FS
method that is best for all cases, i.e., all datasets, tasks, and learn-
ing algorithms. Choosing a feature selection method is, therefore,
use-case dependent. The first step is to define the analysis task for
which we considered binary and multiclass classification. Feature
selection behaves differently for these tasks, particularly in terms
of how it impacts model performance and execution time.

For multiclass classification, feature selection does not im-
prove the model performance (i.e., accuracy); on the contrary, it
degrades it; and the smaller the feature subset size, the worse the
decline in the performance. For this reason, our analysis suggests
that feature selection should be avoided for multiclass classifica-
tion. Yet, in case necessary (e.g., for performance/training time
reasons), then either CFS (for small-sized datasets) or MRMR (for
large-sized datasets) can be used, because they gave the least

2https://github.com/F-U-Njoku/filter-fs-impact-on-classification
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Figure 6: Percentage change in the classification accuracy
of the classifiers built before and after FS on all 32 datasets
for each FS method.
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Figure 7: Comparison of all four classifiers (multiclass)
against each other using Nemenyi test. Groups of classifiers
that are not significantly differenti.e.classifiers that benefit
similarly from FS are connected.

accuracy degradation and improvement in a few cases compared
to the other studied methods.

In the case of binary classification, we observed improvements
in the classification accuracy, which depends on the chosen classi-
fication algorithm. For all five feature subset sizes that we set, CFS
and MRMR increased the model accuracy for the NB classifier.
For the KNN classifier, CFS, ReliefF, Gini, and CMIM improved
accuracy in that order. For the LDA classifier, CFS, ReliefF, Gini,
and CMIM improved accuracy in that order , and lastly, the MLP
classifier with CFS led to improvement in accuracy. It is tempting
to assume that CFS is the best choice to make when the goal
is to improve performance for binary classification. However,
we must recall from Figure 3 that this method is computation-
ally expensive and is unsuitable for large datasets. Hence these
recommendations must be considered taking into account the
dataset size and FS methods complexity as presented in 5.1.

Finally, whether binary or multiclass classification, Gini is
a time-efficient method, and especially for very large datasets,
we propose this feature selection method to improve runtime.
Figure 8, summarizes our recommendations based on the results
of our experiments and given the goal, task, and classification
algorithm.

6 CONCLUSIONS AND FUTURE WORK

In this work, we studied the impact of eight filter FS methods on
four classification algorithms using 32 real-world datasets. We
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found that on average, FS improves the accuracy for binary clas-
sification, however, for multiclass classification, feature selection
leads to a decline in model accuracy.

With regards to FS runtime, the Gini FS method was the most
efficient with an average runtime of less than a second making
it the recommended FS method when minimizing runtime is
the objective. However, when the goal is to improve classifier
accuracy, none of the studied FS methods gives best accuracy
improvement in all cases. Although FS on multiclass classification
on the average led to a degradation in classifier accuracy, we
observed that CFS and MRMR methods gave the best result in
that they yielded the least degradation in accuracy and led to
improvement in some cases.

As further work, we plan to extend this work to larger datasets
with more clusters of dataset factors using multiple repositories
to facilitate finding representative datasets. Also, we intend to in-
vestigate the dependence of multiclass classification performance
degradation after FS on the multiclass classification strategy and
the KNN training time degradation with the reduction in the
number of features for some cases.

Since FS applies to supervised and unsupervised tasks, this
work can be extended to regression and clustering tasks. Lastly,
several existing methods have polynomial runtimes and do not
scale efficiently; more efficient implementations of these methods
aiming for linear or sub-linear time complexity are highly needed,
especially with Big Data being ubiquitous..
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