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Abstract

The amount of data for machine learning (ML) applications is constantly growing. Not only the

number of observations, especially the number of measured variables (features) increases with ongoing

digitization. Selecting the most appropriate features for predictive modeling is an important lever for

the success of ML applications in business and research. Feature selection methods (FSM) that are

independent of a certain ML algorithm—so-called filter methods—have been numerously suggested, but

little guidance for researchers and quantitative modelers exists to choose appropriate approaches for typ-

ical ML problems. This review synthesizes the substantial literature on feature selection benchmarking

and evaluates the performance of 58 methods in the widely used R environment. For concrete guid-

ance, we consider four typical dataset scenarios that are challenging for ML models (noisy, redundant,

imbalanced data and cases with more features than observations). Drawing on the experience of earlier

benchmarks, which have considered much fewer FSMs, we compare the performance of the methods

according to four criteria (predictive performance, number of relevant features selected, stability of the

feature sets and runtime). We found methods relying on the random forest approach, the double input

symmetrical relevance filter (DISR) and the joint impurity filter (JIM) were well-performing candidate

methods for the given dataset scenarios.

Keywords: Businss analytics, big data analytics, feature selection, filter methods, machine learning,

benchmark
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1 Introduction

Machine Learning (ML) is a core technology of artificial intelligence (Russell and Norvig, 2016), which has

rendered current outstanding applications of speech processing, image recognition, self-driving cars, and

others possible. Next to these remarkable technological developments, ML and related techniques also alter

the data processing in business and research. Davenport and Harris (2007) were right in their prediction

that firms today build competitive advantages through analytics (Kraus et al., 2020; Müller et al., 2018;

Wu et al., 2019). Firms do so by employing effective data analysis and ML to extract relevant information

faster and make more informed decisions. Likewise, researchers benefits fromML-related techniques allowing

them to explore new patterns in data and thus to discover new insights or theories (Berente et al., 2019;

Shmueli and Koppius, 2011).

1.1 Feature selection as a core activity in pursuing ML data analysis

A core task in setting up ML is to identify the relevant features from the wide variety of input data. Fea-

ture selection mitigates the “curse of dimensionality” problem (Jain and Zongker, 1997; Keogh and Mueen,

2011), which is known to lower the quality of ML predictions. It allows learning less complex models, which

are less likely to be over-fitted to the data, lowers training times, and requires less storage space of data and

models (Guyon et al., 2003; Kudo and Sklansky, 2000). Feature selection, thus, reduces computing costs of

data analyses (Li et al., 2017).

The necessity of feature selection has increased in recent years: Whereas in the last decades, a number

of 50 to 100 features was called a “large” feature set (Kudo and Sklansky, 2000, p. 25), today we are

confronted with hundreds or even thousands (Hua et al., 2009) of features that are measured on every entity.

Further digitization will aggravate this, as it allows measuring even more variables in business operations

through connected devices and novel sensors (Feng and Shanthikumar, 2018). Although some studies argue

that modern neural networks (i.e., deep learning) can be applied directly to raw data without requiring

feature selection (Kraus et al., 2020; LeCun et al., 2015), it seems that their predictive performance can

still be improved in some areas by selecting suitable features before applying ML (Semwal et al., 2017;

Borisov et al., 2019). Moreover, not for all application areas of ML are deep learning approaches the most

suitable ones (Fernández-Delgado et al., 2014). Thus, feature selection remains an essential task in setting

up ML.

When ML is adopted by wider ranges of applications, related data analysis techniques, like Feature

Selection Methods (FSMs), similarly have to cope with the challenges of ML use (L’Heureux et al., 2017;

Bosu and MacDonell, 2013; Kaur et al., 2019; Branco et al., 2016). Those challenges are, for example,

missing values, low data quality (e.g., redundancies and noise in the data), and small datasets (e.g., few ob-

servations but many variables, and the infrequent occurence of interesting events, which leads to imbalanced
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datasets).

1.2 The multitude of available feature selection methods complicates their

choice

Several software libraries offer an extensive number of FSMs to researchers, ML users, and data scientists

with ready-to-use interfaces (Robnik-Sikonja and Savicky, 2020; Bischl et al., 2016; Romanski and Kotthoff,

2018; Kursa, 2020; Li et al., 2017). With regard to the feature selection strategy, literature typically clas-

sifies the approaches into three categories (Blum and Langley, 1997; Guyon et al., 2003; Li et al., 2017):

Wrapper, embedded, and filter methods. Wrappers utilize ML models that are trained and tested to assess

the predictive power of single feature sets and to find feature sets with a local maximum of the model

performance. Embedded methods are bound to specific ML algorithms. Filter methods, by contrast, obtain

a score for each feature based on the dataset, independent of the applied ML algorithm. They either select

a set of the best features or they rank features based on their estimated merit based on this scoring.

Due to the large number of available FSMs, it is difficult to choose the most appropriate method

for a given ML problem. There is a series of reviews that describe the various available FSMs available

(Li et al., 2017; Bommert et al., 2020; Chandrashekar and Sahin, 2014; Guyon et al., 2003; Liu et al., 2010;

Saeys et al., 2007). More or less comprehensive FSM benchmark studies also investigated how well existing

FSMs behave—in combination or without ML algorithms. This research found that filter methods show a

comparable good performance in comparison to other approaches (Haury et al., 2011; Saeys et al., 2008).

Filters also usually need less computational resources than wrapper methods and the selection of features

does not depend on the choice of the learning algorithm or the evaluation metric. Given that filter methods

evaluate features independently of any particular classifier, the extracted features are “generic, having

incorporated few assumptions” (Brown et al., 2012).

When focusing on studies that compare filtering methods for feature selection, we notice that, while

there are some comparative studies, they provide only a partial overview. One reason is that existing studies

consider different sets of FSMs and that many of them use domain-specific datasets (e.g., bioinformatics, text

analysis, energy retailing). Another reason is that these works often only focus on the high dimensionality

of data, but not other dataset properties, like noise, skewed class distributions or redundant features.

Finally, the studies come to different conclusions. This gives rise to the assumption that the no free lunch

theorem (Wolpert, 1996) applies for feature selection as well. This theorem states, in basic words, that

different optimization problem strategies perform equally well when averaged over all possible problems

(Gómez and Rojas, 2016). Yet, when applying ML and related methods, it is of little relevance that there

is no all-surpassing method in theory. In the data analysis practice, usually not all theoretical dataset

problems occur at the same time, but analysts are often confronted with few but severe dataset problems
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(noisy data, skewed data, small datasets, etc.), which are manifested to varying degrees. Therefore, it is

rather important to know those FSMs which have turned out to be the most helpful for specific problem

classes.

1.3 Objectives of this work

Our work extends previous efforts to obtain actionable knowledge for researchers andML through benchmark

studies of ML algorithms (Baumann et al., 2019; Fitzpatrick and Mues, 2016; Gartner et al., 2015) and ML

platforms (Roy et al., 2019). Thus, we seek to address the lack of an overview to effective FSMs in particular

problem classes. In doing so, our paper makes two contributions. First, we provide an overview to the current

state of benchmark experiments on FSMs and conduct a meta-review of 33 studies. This overview will help

ML users as a reference to more specific analyses in already existing benchmark studies. We also derive a

synthesized benchmark method, which we apply in the latter part of our study. Second, we report on an

extensive benchmark study involving 58 available in the widely used statistical programming environment

GNU R, which represents—to the best of our knowledge—the most comprehensive benchmark of FSMs so

far. Our experiment builds on learnings from the earlier benchmark studies. Thereby, we evaluated the

performance of FSMs in four dataset scenarios that are typical ML problems: We use two problems from

the area of low data quality (Lee and Shin, 2020; Bosu and MacDonell, 2013; Alonso, 2015), namely (I)

noise in the data (class and attribute noise) and (II) redundancy. Besides, we use two problems from the

area of small datasets (L’Heureux et al., 2017; Bosu and MacDonell, 2013), namely (III) few observations

with many features and (IV) few observations of a minority class (i.e., imbalanced classes). Moreover, we

examine whether methods that are described as particularly well suited for specific dataset problems (e.g.

noisy and imbalanced data) also perform better than other methods in these scenarios.

With the no free lunch theorem in mind, our benchmark study cannot be expected to lead to a selection

of methods that always outperform others. Rather than aiming for a general recommendation, we attempt

to provide assistance for concrete dataset scenarios and focus on our benchmark analysis on four scenarios.

1.4 Structure of the paper

This paper proceeds with our survey of earlier FSMs benchmark studies. section 3 continues with presenting

our benchmark of currently available FSMs in the GNU R environment. Thereby, we compile a holistic

benchmark approach for FSMs as a result of the literature survey and apply it to 58 FSMs in the widely-used

GNU R environment. We report the performance of each method for four dataset challenges. We conclude

this paper with a summary and discussion our results.
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2 Background

Several software libraries offer an extensive number of FSMs to researchers, ML users, and data scientists

with ready-to-use interfaces (Robnik-Sikonja and Savicky, 2020; Bischl et al., 2016; Romanski and Kotthoff,

2018; Kursa, 2020; Li et al., 2017). This section gives an overview to FSMs and reviews earlier benchmark

studies that compare different approaches.

2.1 Overview to FSMs

With regard to the feature selection strategy, literature typically classifies the approaches into three cate-

gories (Blum and Langley, 1997; Guyon et al., 2003; Li et al., 2017): Wrapper, embedded, and filter meth-

ods. Wrappers utilize ML models that are trained and tested to assess the predictive power of single feature

sets and to find feature sets with a local maximum of the model performance. Embedded methods are

bound to specific ML algorithms. Filter methods, by contrast, obtain a score for each feature based on the

dataset, independent of the applied ML algorithm. They either select a set of the best features or they rank

features based on their estimated merit based on this scoring.

Due to the large number of available FSMs, it is difficult to choose the most appropriate method

for a given ML problem. There is a series of reviews that describe the various available FSMs available

(Li et al., 2017; Bommert et al., 2020; Chandrashekar and Sahin, 2014; Guyon et al., 2003; Liu et al., 2010;

Saeys et al., 2007). More or less comprehensive FSM benchmark studies also investigated how well existing

FSMs behave—in combination or without ML algorithms. This research found that filter methods show a

comparable good performance in comparison to other approaches (Haury et al., 2011; Saeys et al., 2008).

Filters also usually need less computational resources than wrapper methods and the selection of features

does not depend on the choice of the learning algorithm or the evaluation metric. Given that filter methods

evaluate features independently of any particular classifier, the extracted features are “generic, having

incorporated few assumptions” (Brown et al., 2012).

When focusing on studies that compare filtering methods for feature selection, we notice that, while

there are some comparative studies, they provide only a partial overview. One reason is that existing studies

consider different sets of FSMs and that many of them use domain-specific datasets (e.g., bioinformatics, text

analysis, energy retailing). Another reason is that these works often only focus on the high dimensionality

of data, but not other dataset properties, like noise, skewed class distributions or redundant features.

Finally, the studies come to different conclusions. This gives rise to the assumption that the no free lunch

theorem (Wolpert, 1996) applies for feature selection as well. This theorem states, in basic words, that

different optimization problem strategies perform equally well when averaged over all possible problems

(Gómez and Rojas, 2016). Yet, when applying ML and related methods, it is of little relevance that there

is no all-surpassing method in theory. In the data analysis practice, usually not all theoretical dataset
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problems occur at the same time, but analysts are often confronted with few but severe dataset problems

(noisy data, skewed data, small datasets, etc.), which are manifested to varying degrees. Therefore, it is

rather important to know those FSMs which have turned out to be the most helpful for specific problem

classes. Yet, with the no free lunch theorem in mind, our benchmark study cannot be expected to lead to a

selection of methods that always outperform others. Rather than aiming for a general recommendation, we

attempt to provide assistance for concrete dataset scenarios and focus on our benchmark analysis on four

scenarios.

2.2 Earlier benchmark studies for FSMs

To obtain an overview to existing benchmark studies on FSMs, we queried premier scientific databases

(e.g., ACM digital library, Google Scholar, EBSCO Business Source Ultimate). We used a combination

of the search terms feature selection or variable selection with one of the words benchmark, comparison,

experiment. Based on the title, abstract, keywords, and if necessary the full-text, we decided whether the

respective paper is relevant to our review. Based on the initial set of studies, we also included studies that

the most recent articles referenced (backward search). We found several studies that suggest new FSMs and

compare their method(s) to existing ones, merely to demonstrate their superiority. We included such studies

only when they considered more than five other methods in their comparison (as, for example, Brown et al.

(2012) and Meyer et al. (2008) did). In total, our literature search resulted in a collection of 33 studies.

We reviewed all identified studies and pulled out the number and type of considered FSMs, the used

data for the benchmark (i.e., number of datasets, if they are real or artificial data, the number of features

and observations), and the application subject (e.g., general ML, biomedical, text analysis). We also

analyzed which specific dataset challenges the works are concerned with at their core (i.e., more features

than observations, imbalanced class distributions, noisy data, redundant features, certain variable types).

Finally, we surveyed which evaluation metrics the papers used in evaluating FSMs.

Table 1 shows the results of our review with the study characteristics. Except from Bommert et al.

(2020), who compare 22 methods with 16 datasets and Hopf (2019), who compares 43 methods with one

dataset from electricity retailing, studies include only some, at most eleven, feature filters in their benchmark.

Many works use only a limited set of performance criteria and mostly focus on prediction accuracy alone.
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Table 1: Earlier FSM benchmark studies (in chronological order)
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Dash and Liu

(1997)

General ML 3 (S) 12 122 X X NB, DT 8 (F,

W)

X X

Kudo and Sklansky

(2000)

Diverse do-

mains

8 (R,

S)

65 1,000 IB 9 (W) A X X

Liu et al. (2002) Biomedical 2 (R) 15,154 327 X IB, DT,

NB

6 (F) A X

Forman (2003) Text classifi-

cation

1 (R) 16 229 X NB,

DT, LR,

SVM

11 (F) AFR X

Reunanen (2003) Diverse

datasets

7 (R) 112 1,000 X IB 2 (W) A X

Robnik-Šikonja

(2003)

General ML 12(S) 25 1,000 X - 13 (F) X

Hall and Holmes

(2003)

Diverse do-

mains

18 (R) 1,555 29,598 X DT, NB 6 (F,

W)

A X X X

Inza et al. (2004) Biomedical

data

2 (R) 7,129 72 IB, NB,

DT

7 (F,

W)

A X

Peng et al. (2005) Medical data

and handwrit-

ten digits

4 (R,

S)

9,703 2,000 X X NB,

SVM,

LDA

3 (F) A X

Lai et al. (2006) Biomedical

data

7 (R) 5,963 102 X X SVM,

Fisher,

IB

7 (F,

W, E)

A X

Sánchez-Maroño et al.

(2007)

General ML 2 (S) 200 400 X X X - 4 (F) X

Kalousis et al.

(2007)

Biomedical

data

11 (R) 4,031 7,977 X - 5 (F) X

Saeys et al.

(2008)

Biomedical

data

6 (R) 15,154 322 RF, IB,

SVM

4 (F,

E)

A X X

Meyer et al.

(2008)

Biomedical

data

12(R,

S)

15 308 X SVM, IB 6 (F) A X X

Dougherty et al.

(2009)

Biomedical

data

2

(S,R)

20 295 X X LDA, IB 4 (F,

W)

A X X

Hua et al. (2009) Biomedical

data

1 (S) 20 180 X X IB, SVM 8

(F,W)

A X X

Haury et al.

(2011)

Biomedical

data

4 (R) 100 286 X NC,

SVM,

NB,

LDA

8 (F,

W, E)

R X X

Alelyani et al.

(2011)

General ML 5 (R) 22,283 718 - 5 X X

Brown et al.

(2012)

Diverse do-

mains

15 (R) 256 6,435 X IB 9 (F) A X

Bolón-Canedo et al.

(2013)

General ML 11(S,

R)

4,060 2,915 X X X DT,

SVM,

NB, IB

12 (F,

W, E)

A X X

Chandrashekar and Sahin

(2014)

Electrical en-

gineering

6 (R) 34 n.a. SVM,

ANN

4 (F,

W)

A X

Bolón-Canedo et al.

(2014)

Biomedical

data

9 (R) 24 254 X DT,

SVM,

NB

7 (F) AS

Aphinyanaphongs et al.

(2014)

Text 20 (R) 7,549 11,162 SVM,

LR,

NB, Ad-

aBoost

F, W R
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Khoshgoftaar et al.

(2015)

Software

defects

3 (R) 209 661 X X SVM,

ANN

5 (F,

W, E)

R X

Xue et al. (2015) Diverse do-

mains

24 (R) 617 6,435 X IB,

SVM,

DT, NB

10 (F,

W)

A X X X

Adams et al.

(2017)

General ML 10 64 20 DT, IB,

RF

5 (F,

W)

A X

Liu et al. (2018) General ML 9 (S) 120 1,650 X SVM 9 (F) AFR X

Darshan and Jaidhar

(2018)

Malware data 2 (R) 1,877 600 X X LR, RF,

DT

4 (F) AS

Wah et al. (2018) Biomedical

data

5 (S) 57 1,000 X X LR 8 (F,

W)

ASR X X

Nogueira et al.

(2018)

General ML 1 (S) 100 2,000 LR 2 (E) X

Hopf (2019) Energy retail-

ing

1 (R) 308 451 LR 43 (F) A X X X

Bommert et al.

(2020)

General ML 16 (R,

S)

22,283 7,000 X X X IB, LR,

SVM

22 (F) A X X

Kou et al. (2020) Text 10 (R) 27,973 1,000 X SVM,

IB, NB

10 (F) AFR X

This study 13 (S) 1,000 2,500 X X X X SVM,

RF, NB

58 (F) R X X X X

a) S: Synthetic, R: Real

b) ANN: Artificial Neural Networks, DT: Decision trees (e.g., C4.5), IB: Instance based learners (e.g., k nearest neighbor,

nearest centroid, IB1), LDA: Linear Discriminant Analysis, LR: Logistic Regression, NB: Näıve Bayes, RF: Random Forest,

SVM: Support Vector Machines

c) F: Filter, W: Wrapper, E: Embedded

d) A: Accuracy or error rate, F: F-Measure, R: ROC or AUC, S: sensitivity and specificity

In detail, we identified three streams of literature. The first one (Dash and Liu, 1997; Kudo and Sklansky,

2000; Reunanen, 2003, and others) compares wrapper and filter methods on the basis of different datasets

in terms of classification accuracy. From these studies, no single method was found to be superior to others.

A major drawback of these works is that FSM benchmarks only considered the classification performance.

However, some evidence suggests that filter methods show a comparable good performance in comparison

to other approaches, or can even outperform more computationally complex wrapper or embedded methods

(Haury et al., 2011; Saeys et al., 2008). The second stream compares filter methods with regard to the

stability of their selection and whether they identify relevant features (Alelyani et al., 2011; Kalousis et al.,

2007; Robnik-Šikonja and Kononenko, 2003; Sánchez-Maroño et al., 2007). While these evaluation results

are independent of any classification algorithm, the actual performance gains of the FSMs for classification

tasks cannot be drawn. A third and more recent stream suggestst to also include the stability of FSMs

(similarity of selected feature sets by slightly varied data caused by randomized subsampling) and the al-

gorithm runtimes in the comparison of FSMs (Haury et al., 2011; Saeys et al., 2008; Bommert et al., 2020;

Hopf, 2019).

To sum up our review, studies with comprehensive benchmark experiments (i.e., considering multiple

criteria such as predictive performance, stability, and runtime) cover only few FSMs. Those studies with

larger numbers of FSMs do not focus on different dataset challenges that we, for example, selected for our

study. Furthermore, the fields of applications are dominated by studies in the area of bioinformatics with mi-

croarray, mass spectrometry datasets, etc. with domain-specific prediction problems (Bolón-Canedo et al.,
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2014; Dougherty et al., 2009; Haury et al., 2011; Hua et al., 2009; Kalousis et al., 2007; Lai et al., 2006;

Saeys et al., 2007, 2008).

3 Benchmark of FSMs in GNU R

Given the suggestions and the limitations of earlier benchmark studies, we developed a holistic benchmark

approach for FSMs that we present below. This benchmark method draws on approaches of earlier works

and considers four evaluation criteria.

For the benchmark of the FSMs we first generated synthetic data covering four scenarios of dataset

challenges (noisy and redundant data, few observations with many features and imbalanced classes). Then,

we applied the FSMs to the data under these scenarios and computed evaluation metrics based on the

outcomes. Finally, we analyzed the results statistically.

3.1 Evaluation scenarios and datasets

According to the four scenarios of datset challenges, we created 13 artificial datasets that form the base of our

benchmark experiments (see Table 2). For each dataset, we specified which features are relevant and varied

the dataset characteristics like the class distribution, the number of observations, the number of (ir-)relevant,

and redundant features. For dataset generation, we used the scikit-learn method “make classification”

(Pedregosa et al., 2011), which is an adaption of Guyon’s (2003) algorithm that generates binary classifi-

cation problems with numerical features of a continuous value range. The method first generates relevant

features using clusters with normally distributed points around corners of a multidimensional hypercube

whose dimension equals to the specified number of features. For each class, it generates the same number of

clusters. Then, the method adds interdependence between features and redundant features through linear

combinations of relevant features together with randomly generated noise. Finally, the values of the features

are shifted and randomly re-scaled. Datasets that were generated with this method were used in the NIPS

2003 Feature Selection Challange and were used in earlier benchmark studies for FSM (Bommert et al.,

2020; Bolón-Canedo et al., 2013; Nogueira et al., 2018).

We used the dataset Baseline for all later analyses and combine this dataset without special character-

istics with the other datasets. For ClassNoise *, we added noise to the dependent variable of the baseline

dataset in that we swapped the values of one class with the others for the degree of noise (Zhu and Wu,

2004). For AttNoise *, we added noise to the features by adding a random number to the original value

of each feature. The datasets with noise were only used during feature selection and classifier training, the

baseline dataset was used for evaluation (Sáez et al., 2013). We used the datasets Redundant * to investi-

gate the suitability of filter methods in the presence of redundant features. The two datasets each contained
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Table 2: Summary of the datasets and their properties

Features Noise

Name Observations Total Relevant Redundant Class Attribute Minority class

Baseline 2,500 100 10 0 0 0 0.5
ClassNoise 1 2,500 100 10 0 0.1 0 0.5
ClassNoise 2 2,500 100 10 0 0.2 0 0.5
ClassNoise 3 2,500 100 10 0 0.3 0 0.5
AttNoise 1 2,500 100 10 0 0 0.1 0.5
AttNoise 2 2,500 100 10 0 0 0.2 0.5
AttNoise 3 2,500 100 10 0 0 0.3 0.5
Redundant 1 2,500 100 10 10 0 0 0.5
Redundant 2 2,500 100 10 20 0 0 0.5
Imbalanced 1 2,500 100 10 10 0 0 0.2
Imbalanced 1 2,500 100 10 10 0 0 0.1
Dimensionality 1 2,500 500 15 0 0 0 0.5
Dimensionality 2 500 1000 30 0 0 0 0.5

ten relevant features and ten and twenty redundant features, respectively. The datasets Imbalanced * had

a class distribution where the smaller class has a relative frequency of 0.2 and 0.1 respectively. This allowed

to evaluate the suitability of filter methods on imbalanced datasets. Dimensionality * were datasets with

many features compared to the number of observations (i.e., large p small n problem). In Dimensional-

ity 1, we increased the number of features to 500 and in Dimensionality 2, we set the number of features

higher than the number of observations, which is a typical problem of small datasets. For each dataset, we

randomized the order of columns and rows to avoid unintended disturbance of our experiments.

3.2 Measurement of performance metrics

We used four performance metrics to evaluate the FSMs. Each metric is explained below.

3.2.1 Predictive performance

All earlier studies that evaluate FSMs in combination with ML algorithms consider the predictive perfor-

mance, mostly as the core criterion (see Table 1). Thereby, a wide variety of ML algorithms are used to

obtain predictions. Most frequently, Support Vector Machine (SVM) (17 studies), instance-based learners

(15 studies), Näıve Bayes (NB) (12 studies) were used.

Our study employs three well-known classification algorithms that belong to different categories of

learners1: NB, Random Forest (RF), and SVM. NB is a classifier based on the application of Bayes’ theorem

and assumes, for simplicity, that the features are stochastically independent of each other (Dougherty, 2013).

Based on the feature values, the classifier calculates conditional probabilities for each new observation for

1Another quite popular class of ML algorithms is neural networks. Following our argumentation in the introduction, we do
not consider them in our study. In addition to the already reviewed organizational issues, two reasons led us to focus on other
ML methods: First, neural networks depend on large amounts of training data. Since business data analysis often has to work
with small data sets, the use of neural networks is often limited. Second, in earlier benchmark experiments with real data sets
(Fernández-Delgado et al., 2014), neural networks did not clearly outperform the predictive performance of RF and SVM.
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each class and assigns the class with the highest probability to the observation. We use the implementation

of Meyer et al. (2019). The RF algorithm composes several decision trees whose results are aggregated to

determine the final outcome. This process of training multiple versions of a classifier on bootstrap samples

and then aggregating them is called bootstrap aggregation or “bagging” (Breiman, 2001). To reduce the

correlation of the resulting trees, RF uses just a random sample of the feature sets at every split in the tree.

We use the implementation of Liaw and Wiener (2002) with the standard parameter of 500 trees. SVMs

(Vapnik and Vapnik, 1998) are a class of learning algorithms that search for a hyperplane in the feature

space as a decision boundary that separates the data points with largest possible distance. The complete

separation of data points by a hyperplane is only possible in the case of linearly separable data. In the

case of nonlinearly separable data, a kernel function is used to transform the data into a higher-dimensional

space. We use the SVM implementation of Meyer et al. (2019) with a radial basis function kernel, with the

parameters cost = 1 and γ = (number of features)−1.

To assess the predictive performance, we compare the true classes of the test set with the predicted

classes and use the Receiver Operating Characteristic (ROC) curve. The curve graphically represents the

trade-off between the true positive and the false postive rate for different classification thresholds in a unit

square. Based on the curve, the Area Under ROC Curve (AUC) is a reliable classification performance

metric that ranges between 0 and 1, where 0.5 represents random classification and values above indicate

a better predictive performance. The majority of earlier FSM benchmark studies (see Table 1) use weaker

metrics that simply count correct or wrong classified examples (e.g., accuracy, precision, recall, F-measure).

We decided to use AUC, because it is not biased by the class distribution of the dependent variable (Fawcett,

2006). Therefore, AUC values can be compared across different classification problems.

We used stratified 10-fold cross-validation to estimate performance metrics (Kohavi, 1995). With this

apporach, the data is divided into ten equally sized subsets, taking into account the class distribution. In ten

iterations, each of these subsets were used as the test dataset and the remaining nine subsets as the training

dataset for feature selection and model training. We estimate the predictive performance by computing

the mean of the ten individual values. Given that the observations are allocated into the ten folds using

random sampling, the model performance is affected by this sampling. To lower this effect, we repeated the

stratified tenfold cross-validation five times. This means that each filter method was applied a total of 50

times per dataset and the 50 values of the performance metric were averaged.

3.2.2 Number of relevant features selected

As a second criterion, we propose to consider the number of relevant features that each FSM selected.

This metric is common to all studies that do not consider classification algorithms in their benchmark of

FSMs (see Table 1). Given that we employ synthetic data for the comparison of filter methods, we know in
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advance what features are relevant, redundant or irrelevant.

3.2.3 Stability of selected feature sets

Due to random components in the FSMs, and given that only subsets of data are used to evaluate them,

several runs of FSMs might produce different feature sets that cause variations in the ML models. To

measure the stability, we suggest to use the distance metric recently suggested by Nogueira et al. (2018).

They suggest a metric that overcomes several undesirable properties of other pairwise similarity or frequency

based metrics that were used in earlier studies that compare FSMs.

Given X1, . . . , Xp available features (p is the number of available features) in m datasets, a FSM obtains

V1, . . . , Vm sets of chosen features based on the datasets. When hj denotes the number of sets that contain

feature Xj so that hj is the absolute frequency with which featureXj is chosen and q =
∑p

j=1 hj =
∑m

i=1 |Vi|

is the average number of features chosen for the m datasets, then

N̂ (V ) = 1−

1
p

∑p

j=1
m

m−1
hj

m

(

1− hj

m

)

q

mp
(1 − q

mp
)

is a stability metric for a FSM that is fully defined, is strict monotonic, has upper and lower bounds,

has its maximum value when all feature sets are equal, and is corrected for chance (Nogueira et al., 2018).

3.2.4 Runtime

Finally, the time (e.g., in seconds) that the execution of each FSM takes in an analysis is a practically

relevant criterion. Especially in the case of large datasets this matters as a selection criterion for practical

use.

Our study focuses on selected dataset characteristics, but not on the size of the datasets, as this was

already subject of earlier studies (Bommert et al., 2020; Saeys et al., 2008; Aphinyanaphongs et al., 2014).

Thus, we include the criterion to complete our picture on the investigated methods.

For the benchmark experiments, we used an instance of Amazon Elastic Compute Cloud (Amazon

EC2) and kept the hardware configuration similar throughout all experiments. The instances were of type

m5.2xlarge, had eight virtual CPUs and 32 gibibibytes of RAM. The software environment was Ubuntu

18.04 LTS and we used R version 3.6.0.

4 Filter methods in GNU R

The focus of our benchmark study is the statistical programming environment GNU R, which is open

source software and has gained high popularity in academia and practice2. We searched the Comprehensive

2See Robert A. Muenchen’s website for latest popularity figures: http://r4stats.com/articles/popularity/ (last access
on August 18, 2020)
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R Archive Network (CRAN), a repository for open source R software libraries, for implemented FSMs that

could be used by analysts and ML users. We found the packages CORElearn, FSelector, mlr, and praznik

that in total contain 58 unique methods. We considered the FSMs only once, even if they were implemented

in multiple methods. One exception is the method gain ratio, because FSelector and CORElearn use differ-

ent data discretization methods. We excluded the m:variance filter from our benchmark, which identifies

relevant features based on their variance. As our experiments are based on synthetically generated data, this

method almost perfectly separated relevant from irrelevant ones which we consider is not the true behavior

of the method with real data. Table 3 lists all considered FSMs with a brief description and, if we found, a

literature reference. We denote the package that contains a method with the leading letters C, F, m, and p

respectively. If there is no literature reference given, we point readers to the package documentation in the

respective library.

Table 3: Feature filter methods considered in the benchmark study

Name Description Ref. Noise Cost Multi-

Class Attribute sensitive variate

C:Accuracy Filter based on Accuracy of resulting split

C:DistAngle Cosine of angular distance between splits

C:DistAUC AUC distance between splits

C:DistEuclid Euclidean distance between splits

C:DistHellinger Hellinger distance between class distributions in branches

C:DKM A measure that is suitable for two class problems (Dietterich et al., 1996)

C:DKMcost Cost-sensitive variant of DKM (Robnik-Šikonja, 2003) ×

C:EqualDKM DKM with equal weights for splits

C:EqualGini Gini index with equal weights for splits

C:EqualHellinger Two equally weighted splits based Hellinger distance

C:EqualInf Information gain with equal weights for splits (Hunt et al., 1966)

C:GainRatio Gain ratio, which is normalized information gain to pre-

vent bias to multi-valued attributes

(Quinlan, 1986)

C:GainRatioCost Cost-sensitive variant of GainRatio (Robnik-Šikonja, 2003) ×

C:Gini Gini-index of the attributes (Breiman, 2001)

C:ImpurityEuclid Euclidean distance as impurity function on within node

class distributions

C:ImpurityHellinger Hellinger distance as impurity function on within node

class distributions

C:InfGain Information Gain as used in the original decision tree (Quinlan, 1986)

C:MDL Minimum Description Length, a method with favorable

bias for multi-valued and multi-class problems

(Kononenko, 1994)

C:MDLsmp Cost-sensitive variant of MDL where costs are introduced

through sampling

(Robnik-Šikonja, 2003) ×

C:MyopicReliefF Myopic version of the ’ReliefF’ algorithm resulting from

assumption of no local dependencies and attribute depen-

dencies upon class

(Kononenko, 1994) × ×

C:Relief Calculates scores for each feature, based on the Euclidean

distance to nearest neighbor training instance pairs

(Kira and Rendell,

1992)

× × ×

C:ReliefFavgC Cost-sensitive ’ReliefF’ version with average costs (Robnik-Šikonja, 2003) × × × ×

C:ReliefFbestK ’ReliefF’ variant testing all possible k nearest instances

for each feature and returns the highest score

(Robnik-Šikonja, 2003) × × ×

C:ReliefFdistance ’ReliefF’ variant where k nearest instances are weighed di-

rectly with its inverse distance from the selected instance

(Robnik-Šikonja, 2003) × × ×

C:ReliefFequalK ’ReliefF’ algorithm where k nearest instances have equal

weight

(Robnik-Šikonja, 2003) × × ×

C:ReliefFexpC Cost-sensitive ’ReliefF’ algorithm with expected costs (Robnik-Šikonja, 2003) × × × ×

13



Name Description Ref. Noise Cost Multi-

Class Attribute sensitive variate

C:ReliefFexpRank ’ReliefF’ algorithm where k nearest instances have weight

exponentially de-creasing with increasing rank; ranks are

determined by the increasing (Manhattan) distance from

the selected instance; conditional dependencies among at-

tributes are taken into account

×

C:ReliefFmerit ’ReliefF’ algorithm where for each random instance the

merit of each feature is normalized by the sum of differ-

ences in all attributes

(Robnik-Šikonja, 2003) × × ×

C:ReliefFpa Cost-sensitive ’ReliefF’ algorithm with average probabil-

ity

(Robnik-Šikonja, 2003) × × × ×

C:ReliefFpe Cost-sensitive ’ReliefF’ algorithm with expected proba-

bility

(Robnik-Šikonja, 2003) × × × ×

C:ReliefFsmp Cost-sensitive ’ReliefF’ algorithm with cost sensitive sam-

pling

(Robnik-Šikonja, 2003) × × × ×

C:ReliefFsqr-

Distance

’ReliefF’ variant where k nearest instances are weighed

with its inverse square distance from the selected instance

(Robnik-Šikonja, 2003) × × ×

C:ReliefKukar Cost-sensitive ’Relief’ variant (Kukar et al., 1999) × × × ×

C:UniformAccuracy Accuracy with uniform priors

C:UniformDKM DKM measure with uniform priors

C:UniformGini Gini index with uniform priors

C:UniformInf Information gain with uniform priors

F:cfs The algorithm finds attribute subset using correlation

and entropy measures for continuous and discrete data

(Hall, 1999) × × ×

F:chi.squared The algorithm finds weights of discrete attributes basing

on a chi-squared test

(Liu and Setiono, 1995)

F:consistency The algorithm finds attribute subset using consistency

measure for continuous and discrete data

(Dash et al., 2000) × ×

F:gain.ratio The algorithms find weights of discrete attributes basing

on their correlation with continuous class attribute

(Quinlan, 1986)

F:oneR Find weights of discrete attributes basing on very simple

association rules involving only one attribute in condition

part

(Holte, 1993)

F:random.forest.-

importance

The algorithm creates a weighting of the features using

the Random Forest algorithm.

(Breiman, 2001) ×

F:relief The algorithm calculates scores for each feature, based

on the Euclidean distance to nearest neighbor training

instance pairs

(Kira and Rendell,

1992)

× × ×

F:symmetrical.-

uncertainty

Weighting of discrete features based on the correlation to

the target variable; unlike information gain, no preference

for features with many values

(Yu and Liu, 2003)

m:anova The algorithm finds weights of features based on an anal-

ysis of variance.

(Bommert et al., 2020)

m:auc AUC filter for binary classification problems. Weight of a

feature is based on achieved AUC when used directly and

separately from other features for prediction.

(Bommert et al., 2020)

m:kruskal.test The algorithm finds weights of features based on a

Kruskal test.

(Bommert et al., 2020)

m:ranger impurity Variable importance based on ranger impurity importance ×

m:ranger per-

mutation

Variable importance based on ranger permutation impor-

tance

×

p:CMIM First selects the feature with the greatest maximum mu-

tual information with the target variable, then featires

are iteratively selected, which supply most information

about the target variable, whereby the information of the

features already selected is considered

(Fleuret, 2004) ×

p:DISR Normalized version of JMI (Meyer and Bontempi,

2006)

×

p:JIM Joint impurity filter ×

p:JMI First selects feature with the greatest maximum mutual

information with the target variable, then features are se-

lected iteratively, which maximize the cumulative summa-

tion of the common mutual information with the already

selected feature subset

(Yang and Moody,

2000)

×

p:JMIM Modification of JMI using minimal common information

about already selected features instead of a sum

(Bennasar et al., 2015) ×
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Name Description Ref. Noise Cost Multi-

Class Attribute sensitive variate

p:MIM Calculates the mutual information between all features

and the target variable

(Battiti, 1994) ×

p:MRMR The method first selects the feature with the greatest

maximum mutual information with the target variable.

Afterwards features are iteratively selected on the basis

of measures of relevance and redundancy

(Peng et al., 2005) ×

p:NJMIM Normalized version of JMIM (Bennasar et al., 2015) ×

With regard to the investigated scenarios of dataset challenges of low data quality and small datasets,

we determined whether the methods are suitable for applying it to noisy data (i.e., class and attribute noise)

and imbalanced class distributions, based on the method documentation. For this, we reviewed the method

documentations in order to find respective descriptions. In addition, we determined whether each methods

considers features individually or in combination (multivariate). Multivariate methods can be assumed to

be more suitable to exclude redundant features. In total, we found 16 methods with special support for

class noise, 15 methods for attribute noise, 9 methods that are cost-sensitive which means they have special

support for imbalanced class problems, and 27 methods that are multivariate, whereas 31 were not.

The nine cost-sensitive methods require a cost matrix as an additional parameter to be considered

in the feature selection. We followed the recommendation of Robnik-Šikonja (2003) and weighted the

misclassification of the minority class 20 times more than the misclassification of the majority class. When

data sets are imbalanced, there is usually a greater interest in correctly classifying the minority class, so

higher costs are assigned to misclassification of the minority class. The nine cost-sensitive methods were

used exclusively for the two datasets with an imbalanced class distribution, since the application of these

methods with a cost matrix is not useful when the class distribution is balanced Robnik-Šikonja (2003).

5 Results

We organize the presentation of the results in three steps. First, we present the results of each evaluation

with respect to the four dataset scenarios that are (I) class and attribute noise, (II) redundant features (both

are data quality problems in the data), (III) imbalanced data, and (IV) more features than observations

(both are problems of small datasets). Second, we test whether methods that expose special support in

their documentation for one of the dataset scenario outperform other methods with this respect. Finally,

we make a multi-criteria comparison of the FSMs considering all evaluation criteria to obtain an overall

comparison of the benchmarked methods. Before we start describing the results, we briefly introduce the

method used to analyze the results.
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5.1 Analysis of benchmark results

We analyze the benchmark results using a multiple linear regression with ordinary least squares estimation

and robust standard errors (White, 1980; Zeileis, 2004). This approach is common when investigating

several control variables on an outcome variable (Rawlings et al., 1998). For the analyses, we use the

following model specification:

Y γ = β
γ
0 + β

γ
1 ∗ FSM + β

γ
2 ∗C1 + . . .+ βγ

m ∗ Cm−1 + ǫ

The dependent variable is one of the evaluation criteria γ, namely γ = { predictive performance (AUC),

number of relevant features, stability, runtime }. We dedicate separate subsections to each of the dependent

variables in the following.

FSM is a categorical variable with a dummy-encoding that contains the name of the FSM (see Table 3

for the full list). In total, our benchmark comprises 58 methods. Nine of them are variants of other methods

that add cost-sensitivity to better handle class imbalance (Robnik-Šikonja, 2003). Given that in a uniform

class distribution, the results of these are similar to the original methods, we only computed results for the

imbalanced dataset scenario for these cost-sensitive variants. For the analysis of the results, we consider

no feature selection as a reference case. This means that the coefficients of the estimates labeled with

“method*” are deviations from a prediction model without feature selection.

C1, . . . , Cm−1 are control variables that help us to quantify the impact of model characteristics that we

vary during the simulation experiments. Table 4 lists all used control variables together with their values.

These values result from the generated datasets (see subsection 3.1), bold values are the respective baseline

value in the models.

Table 4: Control variables in the statistical models for benchmark analyses

Control variable Explanation Values

C1 classnoise Percent of noise added to the dependent variable 0, 0.1, 0.2, 0.3
C2 attributenoise Percent of noise added to the features 0, 0.1, 0.2, 0.3
C3 classifier Supervised ML algorithm used NB, SVM, RF
C4 num redundant features Number of redundant features 0, 10, 20
C5 minClassDev Deviation of the equal distribution in percentage points, mul-

tiplied with factor 10.
0, 3, 4

C6 relFeatObs Relation of the number of features p to the number of obser-
vations n

100

2500
, 500

2500
, 1000

500

The unit of analysis for the regression models are the performances of each method under a certain

combination of control variables and one fold of the 10-fold cross validation. For all analyses, we kept the

same random allocation of data examples in the cross-folds to ensure comparability. For regression analysis

this leads to relatively large samples (745-5250 measurements), which quickly lead to statistically significant

results. For completeness, we report the levels of significance in this paper, but focus our evaluation on
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effect sizes and ranks.

The analysis method allows to compare the performance metrics with the reference case (no feature

selection), but cannot express the performance differences between single FSMs. This is, however, without

detriment given that such a comparison would allow little conclusion to be drawn due to the relatively

high variance and closely divergent results of several methods. In addition, such a comparison is also not

recommended as it misleads conclusions (Demšar, 2006).

5.2 Predictive performance

We computed linear models based on the predictive performance for the four dataset scenarios and show

the results in Table 5. The reference case—a model trained with the NB classifier, without feature selection,

using the Baseline data for training—shows classification performance that is higher than AUC = 0.5 in all

four scenarios, which indicates a classification performance that is better than random.

The estimated coefficients in Table 5 show the performance deviation from the base case, which means

that all methods with a positive estimate that is significantly different from zero (as indicated by the star

notation of the significance levels) showed a better performance than no feature selection. The overall best

performance in this analysis showed F:random.forest.importance, p:DISR in all scenarios. p:ranger impurity,

p:ranger permutation, and p:JMI perform very well in some scenarios.

The models explain between 65 and 77 percent of variance (Adjusted R2) and the control variables show

meaningful estimates: The use of RF and SVM improves the classification by several percentage points

compared to the base case of NB. This effect is particularly strong in scenario II (Redundant). In Scenario

I (Noise), the performance decreases strongly with noise (if the dependent variable is noisy much more

than if the features are noisy), with very strong noise the estimated AUC decreases as expected below 0.5.

In Scenario III (Imbalanced), the performance decreases with increasing skew of the dependent variable

distribution. In scenario IV (Dimensionality), the performance decreases with an increasing ratio of the

number of features to the number of observations. All in all, the estimates of the control variables are as

we expected and the model quality is sufficient. This allows us to analyze the effects of the FSMs on the

model performance.

5.3 Percentage of relevant features

For the percentage of relevant features that each FSM selects, we computed linear models for each dataset

scenario. We list the complete model in Table 10 in the appendix (on page 27) and illustrate the estimated

loss of performance (here: percentage of relevant features selected) compared with no feature selection in

Figure 1. In order to compare the number of relevant features selected in the four dataset scenarios, we

computed the rank of each FSM for each scenario separately and we ordered the methods in the figure
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Table 5: Models for the criterion ’predictive performance’ (AUC) in the four dataset scenarios

Noise Redundant Imbalanced Dimensionality

(Intercept) 0.60 (0.00)∗∗∗ 0.56 (0.01)∗∗∗ 0.62 (0.01)∗∗∗ 0.58 (0.00)∗∗∗

FSMs
C:Accuracy 0.02 (0.00)∗∗∗ 0.03 (0.01)∗∗∗ −0.01 (0.01) 0.06 (0.01)∗∗∗

C:DistAngle −0.01 (0.00)∗∗∗ −0.01 (0.01) −0.02 (0.01)∗∗ 0.03 (0.01)∗∗∗

C:DistAUC 0.02 (0.00)∗∗∗ 0.03 (0.01)∗∗∗ 0.00 (0.01) 0.06 (0.01)∗∗∗

C:DistEuclid 0.02 (0.00)∗∗∗ 0.03 (0.01)∗∗∗ 0.00 (0.01) 0.06 (0.01)∗∗∗

C:DistHellinger 0.04 (0.00)∗∗∗ 0.06 (0.01)∗∗∗ 0.04 (0.01)∗∗∗ 0.08 (0.01)∗∗∗

C:DKM 0.04 (0.00)∗∗∗ 0.06 (0.01)∗∗∗ 0.04 (0.01)∗∗∗ 0.08 (0.01)∗∗∗

C:DKMcost 0.01 (0.01)
C:EqualDKM −0.05 (0.00)∗∗∗ −0.04 (0.01)∗∗∗ −0.04 (0.01)∗∗∗ −0.01 (0.01)
C:EqualGini −0.05 (0.00)∗∗∗ −0.04 (0.01)∗∗∗ −0.04 (0.01)∗∗∗ −0.01 (0.01)
C:EqualHellinger −0.05 (0.00)∗∗∗ −0.04 (0.01)∗∗∗ −0.03 (0.01)∗∗ −0.01 (0.01)
C:EqualInf −0.05 (0.00)∗∗∗ −0.04 (0.01)∗∗∗ −0.04 (0.01)∗∗∗ −0.01 (0.01)
C:GainRatio −0.04 (0.00)∗∗∗ −0.04 (0.01)∗∗∗ −0.03 (0.01)∗∗ −0.01 (0.01)
C:GainRatioCost −0.03 (0.01)∗∗∗

C:Gini 0.05 (0.00)∗∗∗ 0.06 (0.01)∗∗∗ 0.04 (0.01)∗∗∗ 0.07 (0.01)∗∗∗

C:ImpurityEuclid −0.05 (0.00)∗∗∗ −0.04 (0.01)∗∗∗ −0.04 (0.01)∗∗∗ −0.01 (0.01)
C:ImpurityHellinger −0.05 (0.00)∗∗∗ −0.04 (0.01)∗∗∗ −0.04 (0.01)∗∗∗ −0.01 (0.01)
C:InfGain 0.05 (0.00)∗∗∗ 0.06 (0.01)∗∗∗ 0.05 (0.01)∗∗∗ 0.08 (0.01)∗∗∗

C:MDL 0.05 (0.00)∗∗∗ 0.06 (0.01)∗∗∗ 0.05 (0.01)∗∗∗ 0.08 (0.01)∗∗∗

C:MDLsmp −0.00 (0.01)
C:MyopicReliefF 0.02 (0.00)∗∗∗ 0.03 (0.01)∗∗∗ 0.01 (0.01) 0.06 (0.01)∗∗∗

C:Relief −0.05 (0.01)∗∗∗ −0.00 (0.02) −0.04 (0.01)∗∗∗ −0.05 (0.01)∗∗∗

C:ReliefFavgC −0.01 (0.01)
C:ReliefFbestK −0.04 (0.01)∗∗∗ −0.00 (0.02) −0.01 (0.01) −0.05 (0.01)∗∗∗

C:ReliefFdistance 0.04 (0.01)∗∗∗ 0.06 (0.01)∗∗∗ 0.05 (0.01)∗∗∗ 0.05 (0.01)∗∗∗

C:ReliefFequalK −0.01 (0.00)∗∗∗ 0.03 (0.01)∗ 0.01 (0.01) −0.00 (0.01)
C:ReliefFexpC −0.01 (0.01)
C:ReliefFexpRank 0.00 (0.00) 0.04 (0.01)∗∗∗ 0.02 (0.01)∗ 0.02 (0.01)∗∗

C:ReliefFmerit 0.00 (0.00) 0.04 (0.01)∗∗∗ 0.02 (0.01)∗∗ 0.02 (0.01)∗∗∗

C:ReliefFpa 0.04 (0.01)∗∗∗

C:ReliefFpe 0.04 (0.01)∗∗∗

C:ReliefFsmp −0.02 (0.01)
C:ReliefFsqrDistance 0.04 (0.01)∗∗∗ 0.06 (0.01)∗∗∗ 0.05 (0.01)∗∗∗ 0.05 (0.01)∗∗∗

C:ReliefKukar −0.01 (0.01)
C:UniformAccuracy 0.02 (0.00)∗∗∗ 0.03 (0.01)∗∗ 0.00 (0.01) 0.06 (0.01)∗∗∗

C:UniformDKM 0.04 (0.00)∗∗∗ 0.06 (0.01)∗∗∗ 0.04 (0.01)∗∗∗ 0.08 (0.01)∗∗∗

C:UniformGini 0.05 (0.00)∗∗∗ 0.06 (0.01)∗∗∗ 0.05 (0.01)∗∗∗ 0.07 (0.01)∗∗∗

C:UniformInf 0.05 (0.00)∗∗∗ 0.06 (0.01)∗∗∗ 0.05 (0.01)∗∗∗ 0.08 (0.01)∗∗∗

F:cfs 0.03 (0.00)∗∗∗ 0.02 (0.01)∗ 0.03 (0.01)∗∗∗ 0.04 (0.01)∗∗∗

F:chi.squared 0.04 (0.00)∗∗∗ 0.06 (0.01)∗∗∗ 0.04 (0.01)∗∗∗ 0.05 (0.01)∗∗∗

F:consistency −0.00 (0.00) −0.04 (0.01)∗∗∗ −0.00 (0.01) 0.02 (0.01)∗∗∗

F:gain.ratio 0.04 (0.00)∗∗∗ 0.06 (0.01)∗∗∗ 0.05 (0.01)∗∗∗ 0.05 (0.01)∗∗∗

F:oneR 0.02 (0.00)∗∗∗ 0.04 (0.01)∗∗∗ −0.01 (0.01) 0.03 (0.01)∗∗∗

F:random.forest.importance 0.11 (0.01)∗∗∗ 0.10 (0.01)∗∗∗ 0.13 (0.01)∗∗∗ 0.12 (0.01)∗∗∗

F:relief −0.06 (0.01)∗∗∗ −0.13 (0.01)∗∗∗ −0.06 (0.01)∗∗∗ −0.06 (0.01)∗∗∗

F:symmetrical.uncertainty 0.04 (0.00)∗∗∗ 0.06 (0.01)∗∗∗ 0.04 (0.01)∗∗∗ 0.05 (0.01)∗∗∗

m:anova −0.02 (0.00)∗∗∗ −0.03 (0.01)∗ −0.04 (0.01)∗∗∗ 0.03 (0.01)∗∗∗

m:auc −0.03 (0.00)∗∗∗ −0.04 (0.01)∗∗ −0.04 (0.01)∗∗∗ 0.02 (0.01)∗

m:kruskal.test −0.03 (0.00)∗∗∗ −0.04 (0.01)∗∗ −0.04 (0.01)∗∗∗ 0.02 (0.01)∗∗

m:ranger impurity 0.10 (0.01)∗∗∗ 0.09 (0.01)∗∗∗ 0.06 (0.01)∗∗∗ 0.12 (0.01)∗∗∗

m:ranger permutation 0.10 (0.01)∗∗∗ 0.09 (0.01)∗∗∗ 0.12 (0.01)∗∗∗ 0.11 (0.01)∗∗∗

p:CMIM 0.04 (0.00)∗∗∗ 0.06 (0.01)∗∗∗ 0.04 (0.01)∗∗∗ 0.05 (0.01)∗∗∗

p:DISR 0.10 (0.01)∗∗∗ 0.09 (0.01)∗∗∗ 0.08 (0.01)∗∗∗ 0.13 (0.02)∗∗∗

p:JIM 0.07 (0.01)∗∗∗ 0.08 (0.01)∗∗∗ 0.06 (0.01)∗∗∗ 0.11 (0.01)∗∗∗

p:JMI 0.07 (0.01)∗∗∗ 0.09 (0.01)∗∗∗ 0.07 (0.01)∗∗∗ 0.12 (0.02)∗∗∗

p:JMIM 0.04 (0.00)∗∗∗ 0.07 (0.01)∗∗∗ 0.03 (0.01)∗∗ 0.07 (0.01)∗∗∗

p:MIM 0.04 (0.00)∗∗∗ 0.06 (0.01)∗∗∗ 0.04 (0.01)∗∗∗ 0.05 (0.01)∗∗∗

p:MRMR −0.02 (0.00)∗∗∗ −0.08 (0.01)∗∗∗ −0.04 (0.01)∗∗∗ 0.01 (0.01)
p:NJMIM 0.06 (0.01)∗∗∗ 0.08 (0.01)∗∗∗ 0.05 (0.01)∗∗∗ 0.08 (0.01)∗∗∗

Controls
classnoise −0.44 (0.01)∗∗∗

attributenoise −0.23 (0.01)∗∗∗

classifierRandom Forest 0.04 (0.00)∗∗∗ 0.11 (0.00)∗∗∗ 0.03 (0.00)∗∗∗ 0.05 (0.00)∗∗∗

classifierSupport Vector Machine 0.04 (0.00)∗∗∗ 0.12 (0.00)∗∗∗ 0.03 (0.00)∗∗∗ 0.05 (0.00)∗∗∗

num redundant features 0.00 (0.00)∗∗∗

minClassDev −0.03 (0.00)∗∗∗

relFeatObs −0.06 (0.00)∗∗∗

R2 0.75 0.78 0.65 0.66

Adj. R2 0.74 0.77 0.65 0.65
Num. obs. 5250 2250 2520 2235
F statistic 288.71 148.30 76.42 80.89

Asterisks indicate statistical significance (∗∗∗p < 0.001; ∗∗p < 0.01; ∗p < 0.05), standard
errors are in parentheses
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according to their average rank—from left (best) to right (worst).

Among the top five methods according to this evaluation criterion, there is no clear picture which one

is best overall, as it depends on the dataset scenario. However, the filters based on RF feature importance

measures (F:random.forest-importance and m:ranger impurity) together with F:cfs seem to perform partic-

ularly well in selecting relevant features with noisy and imbalanced data. p:DISR is also among the top five

methods and performs well across all dataset scenarios.
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Figure 1: Loss in percentage of relevant features selected per method and dataset scenario

5.4 Stabiliy of selected feature sets

We proceeded similarly for the stability of selected feature sets, which we measured in the distance N̂ of

Nogueira et al. (2018), and computed linear models for each dataset scenario (see Table 11 in the appendix

on page 28). We illustrate the estimated stability loss per method, compared to no feature selection, ordered

by average rank, in Figure 2.

The four dataset scenarios have a strong influence on the stability of selected features sets, especially in

the noise scenario, selected feature sets were less stable than in others. Similarly to the earlier evaluation

metrics, there is no method that clearly outperforms all others, but apparently, the RF-based methods

(m:ranger impurity, F:random.forest.importance, and m:ranger permutation) rank again among the top

performing methods. p:DISR is also among the top five methods.

5.5 Runtime

For the method runtime, we estimated linear models that we show in Table 6. Given that we ran all tests

on the same R instance, we considered no control variable in the models. The methods in the first three
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Figure 2: Stability deviation from no selection per method and dataset scenario

scenarios (noise, redundant, imbalanced) have a very low runtime. Thus, only some methods have higher

than one second runtime (they need significantly more computational resources). In the dataset scenario

with more features than observations, especially the methods F:cfs, F:consistency, and F:relief showed

higher execution times. Methods with the lowest runtime (on average below 5 seconds in all four dataset

scenarios) are m:auc, p:MRMR, p:MIM, and p: JIM.

In addition, we compare the runtime of all methods with the predictive performance, as we would

intuitively assume that computationally more expensive methods lead to higher predictive performance.

Our experiments, however, could not support this hypothesis, as we found no correlation between method

runtime and predictive performance (Pearson’s r(56) = −.08, p = .543). This result is also illustrated in

Figure 3.

5.6 FSM characteristics

In our review of the FSMs, we found three properties that make methods appear particularly suitable for

certain dataset scenarios. These are robustness to noise, cost sensitivity to counteract class imbalance and

the consideration of feature combinations (multivariate methods) for the detection of redundant features. In

the following we investigate whether the method properties contribute with statistical evidence to a better

handling of the respective dataset challenges. Table 7 gives an overview to these results.

Performance of noise robust methods with noisy data: We tested whether the methods that speci-

fied that they support attribute or class noise perform better than other methods. We found neither support

for the 11 methods for attribute noise (t(47) ≤ −1.44, p ≥ .922, d ≤ −0.51), nor for the 10 class noise resis-

tant methods (t(47) ≤ −1.65, p ≥ .947, d ≤ −0.57). Given that our experiments with noise do not include
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Table 6: Models for the criterion ’method runtime’ in the four dataset scenarios

Noise Redundant Imbalanced Dimensionality

(Intercept) 0.00 (0.00)∗∗∗ 0.00 (0.00)∗∗∗ 0.00 (0.00)∗∗∗ 0.00 (0.00)∗∗∗

FSMs
C:Accuracy 0.09 (0.00)∗∗∗ 0.08 (0.00)∗∗∗ 0.08 (0.00)∗∗∗ 0.66 (0.11)∗∗∗

C:DistAngle 0.10 (0.00)∗∗∗ 0.09 (0.00)∗∗∗ 0.09 (0.00)∗∗∗ 0.72 (0.12)∗∗∗

C:DistAUC 0.09 (0.00)∗∗∗ 0.08 (0.00)∗∗∗ 0.08 (0.00)∗∗∗ 0.70 (0.12)∗∗∗

C:DistEuclid 0.09 (0.00)∗∗∗ 0.09 (0.00)∗∗∗ 0.09 (0.00)∗∗∗ 0.69 (0.11)∗∗∗

C:DistHellinger 0.09 (0.00)∗∗∗ 0.08 (0.00)∗∗∗ 0.09 (0.00)∗∗∗ 0.69 (0.11)∗∗∗

C:DKM 0.09 (0.00)∗∗∗ 0.08 (0.00)∗∗∗ 0.08 (0.00)∗∗∗ 0.74 (0.12)∗∗∗

C:DKMcost 0.10 (0.01)∗∗∗

C:EqualDKM 0.09 (0.00)∗∗∗ 0.09 (0.00)∗∗∗ 0.08 (0.00)∗∗∗ 0.86 (0.21)∗∗∗

C:EqualGini 0.09 (0.00)∗∗∗ 0.09 (0.00)∗∗∗ 0.08 (0.00)∗∗∗ 0.69 (0.11)∗∗∗

C:EqualHellinger 0.09 (0.00)∗∗∗ 0.08 (0.00)∗∗∗ 0.08 (0.00)∗∗∗ 0.70 (0.12)∗∗∗

C:EqualInf 0.09 (0.00)∗∗∗ 0.09 (0.00)∗∗∗ 0.08 (0.00)∗∗∗ 0.69 (0.12)∗∗∗

C:GainRatio 0.10 (0.00)∗∗∗ 0.09 (0.00)∗∗∗ 0.09 (0.00)∗∗∗ 0.71 (0.12)∗∗∗

C:GainRatioCost 0.10 (0.00)∗∗∗

C:Gini 0.09 (0.00)∗∗∗ 0.09 (0.00)∗∗∗ 0.09 (0.00)∗∗∗ 0.70 (0.12)∗∗∗

C:ImpurityEuclid 0.09 (0.00)∗∗∗ 0.09 (0.00)∗∗∗ 0.08 (0.00)∗∗∗ 0.69 (0.11)∗∗∗

C:ImpurityHellinger 0.09 (0.00)∗∗∗ 0.08 (0.00)∗∗∗ 0.08 (0.00)∗∗∗ 0.70 (0.11)∗∗∗

C:InfGain 0.09 (0.00)∗∗∗ 0.09 (0.00)∗∗∗ 0.10 (0.00)∗∗∗ 0.71 (0.12)∗∗∗

C:MDL 0.12 (0.00)∗∗∗ 0.11 (0.00)∗∗∗ 0.11 (0.00)∗∗∗ 0.78 (0.13)∗∗∗

C:MDLsmp 0.10 (0.00)∗∗∗

C:MyopicReliefF 0.10 (0.00)∗∗∗ 0.09 (0.00)∗∗∗ 0.09 (0.00)∗∗∗ 0.71 (0.11)∗∗∗

C:Relief 9.61 (0.08)∗∗∗ 9.25 (0.01)∗∗∗ 9.15 (0.01)∗∗∗ 27.44 (7.20)∗∗∗

C:ReliefFavgC 9.24 (0.01)∗∗∗

C:ReliefFbestK 11.76 (0.08)∗∗∗ 11.43 (0.03)∗∗∗ 11.61 (0.04)∗∗∗ 38.53 (10.28)∗∗∗

C:ReliefFdistance 1.93 (0.02)∗∗∗ 1.87 (0.02)∗∗∗ 1.85 (0.02)∗∗∗ 7.67 (2.06)∗∗∗

C:ReliefFequalK 1.90 (0.01)∗∗∗ 1.85 (0.01)∗∗∗ 1.83 (0.01)∗∗∗ 7.54 (2.04)∗∗∗

C:ReliefFexpC 9.24 (0.01)∗∗∗

C:ReliefFexpRank 2.00 (0.02)∗∗∗ 1.88 (0.01)∗∗∗ 1.88 (0.01)∗∗∗ 7.55 (1.99)∗∗∗

C:ReliefFmerit 9.76 (0.08)∗∗∗ 9.40 (0.01)∗∗∗ 9.33 (0.01)∗∗∗ 27.98 (7.33)∗∗∗

C:ReliefFpa 9.25 (0.01)∗∗∗

C:ReliefFpe 9.24 (0.01)∗∗∗

C:ReliefFsmp 9.24 (0.01)∗∗∗

C:ReliefFsqrDistance 1.92 (0.02)∗∗∗ 1.86 (0.01)∗∗∗ 1.84 (0.01)∗∗∗ 7.73 (2.10)∗∗∗

C:ReliefKukar 9.10 (0.01)∗∗∗

C:UniformAccuracy 0.09 (0.00)∗∗∗ 0.09 (0.00)∗∗∗ 0.09 (0.00)∗∗∗ 0.69 (0.11)∗∗∗

C:UniformDKM 0.10 (0.00)∗∗∗ 0.09 (0.00)∗∗∗ 0.09 (0.00)∗∗∗ 0.72 (0.12)∗∗∗

C:UniformGini 0.09 (0.00)∗∗∗ 0.08 (0.00)∗∗∗ 0.08 (0.00)∗∗∗ 0.70 (0.12)∗∗∗

C:UniformInf 0.10 (0.00)∗∗∗ 0.10 (0.00)∗∗∗ 0.09 (0.00)∗∗∗ 0.71 (0.12)∗∗∗

F:cfs 15.04 (0.37)∗∗∗ 6.68 (1.04)∗∗∗ 14.80 (0.88)∗∗∗ 1500.61 (479.84)∗∗

F:chi.squared 0.61 (0.00)∗∗∗ 0.60 (0.00)∗∗∗ 0.60 (0.00)∗∗∗ 3.13 (0.49)∗∗∗

F:consistency 157.66 (1.14)∗∗∗ 153.38 (1.06)∗∗∗ 143.97 (2.76)∗∗∗ 403.67 (61.52)∗∗∗

F:gain.ratio 0.68 (0.00)∗∗∗ 0.68 (0.00)∗∗∗ 0.68 (0.00)∗∗∗ 3.43 (0.52)∗∗∗

F:oneR 0.67 (0.00)∗∗∗ 0.66 (0.00)∗∗∗ 0.66 (0.00)∗∗∗ 3.53 (0.56)∗∗∗

F:random.forest.importance 37.76 (0.06)∗∗∗ 36.97 (0.15)∗∗∗ 37.37 (0.08)∗∗∗ 66.49 (13.66)∗∗∗

F:relief 82.42 (0.22)∗∗∗ 83.11 (0.28)∗∗∗ 82.78 (0.29)∗∗∗ 472.34 (72.48)∗∗∗

F:symmetrical.uncertainty 0.68 (0.00)∗∗∗ 0.68 (0.00)∗∗∗ 0.69 (0.01)∗∗∗ 3.48 (0.54)∗∗∗

m:anova 0.20 (0.00)∗∗∗ 0.20 (0.01)∗∗∗ 0.20 (0.01)∗∗∗ 1.00 (0.18)∗∗∗

m:auc 0.05 (0.00)∗∗∗ 0.05 (0.00)∗∗∗ 0.05 (0.00)∗∗∗ 0.13 (0.02)∗∗∗

m:kruskal.test 1.34 (0.01)∗∗∗ 1.33 (0.01)∗∗∗ 1.35 (0.01)∗∗∗ 3.97 (0.57)∗∗∗

m:ranger impurity 7.85 (0.01)∗∗∗ 7.55 (0.04)∗∗∗ 7.34 (0.09)∗∗∗ 8.96 (1.60)∗∗∗

m:ranger permutation 14.10 (0.02)∗∗∗ 13.66 (0.07)∗∗∗ 13.72 (0.06)∗∗∗ 23.40 (4.53)∗∗∗

p:CMIM 0.09 (0.00)∗∗∗ 0.09 (0.00)∗∗∗ 0.10 (0.00)∗∗∗ 2.30 (0.52)∗∗∗

p:DISR 0.05 (0.00)∗∗∗ 0.05 (0.00)∗∗∗ 0.05 (0.00)∗∗∗ 0.50 (0.09)∗∗∗

p:JIM 0.01 (0.00)∗∗∗ 0.01 (0.00)∗∗∗ 0.01 (0.00)∗∗∗ 0.02 (0.00)∗∗∗

p:JMI 0.04 (0.00)∗∗∗ 0.04 (0.00)∗∗∗ 0.04 (0.00)∗∗∗ 0.38 (0.07)∗∗∗

p:JMIM 0.06 (0.00)∗∗∗ 0.06 (0.00)∗∗∗ 0.06 (0.00)∗∗∗ 0.87 (0.16)∗∗∗

p:MIM 0.02 (0.00)∗∗∗ 0.02 (0.00)∗∗∗ 0.02 (0.00)∗∗∗ 0.03 (0.00)∗∗∗

p:MRMR 0.04 (0.00)∗∗∗ 0.03 (0.00)∗∗∗ 0.03 (0.00)∗∗∗ 0.25 (0.04)∗∗∗

p:NJMIM 0.07 (0.00)∗∗∗ 0.06 (0.00)∗∗∗ 0.07 (0.00)∗∗∗ 1.16 (0.23)∗∗∗

R2 1.00 1.00 1.00 0.52

Adj. R2 1.00 1.00 1.00 0.48
Num. obs. 1750 750 840 745
F statistic 20426.65 12355.62 2913.56 15.25

Asterisks indicate statistical significance (∗∗∗p < 0.001; ∗∗p < 0.01; ∗p < 0.05), standard
errors are in parentheses

class imbalance, we did not include the cost-sensitive variants of methods in this comparison. The statistics

of attribute and noise robust methods are almost similar, because there is only one method difference in

the set of methods.

Appropriateness of cost-senstive methods on imbalanced data: According to the method descrip-

tions, cost-sensitive filter methods are particularly designed for imbalanced datasets (Robnik-Šikonja, 2003).

In our experiments with the imbalanced class dataset scenario, however, the methods had a lower average

predictive performance than other methods. The differences are statistically significant with t(56) ≥ 1.80,

p ≤ .038, d ≥ 0.65.
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Figure 3: Runtime and predictive performance for each method over all experiments

Performance of multi-dimensional methods on redundant features: In the case of datasets with

correlations and redundant features, filter methods that take into account dependencies between features

(multivariate methods) should perform significantly better than univariate methods. We find support for

this hypothesis based on our experiments, as the multivariate methods performed significantly better than

others in our redundant feature dataset scenario with the RF and SVM classifier (t(47) ≥ 1.81, p ≤ .036,

d ≥ 0.53).

Table 7: Mean and standard deviation (in brackets) of predictive performance for three method characteristics

Subset of methods Methods AUCNB AUCRF AUCSVM

Robust for attribute noise 10 0.552 (0.02) 0.577 (0.04) 0.577 (0.04)
Other 39 0.564 (0.02) 0.605 (0.06) 0.612 (0.06)

Robust for class noise 11 0.552 (0.02) 0.577 (0.04) 0.577 (0.04)
Other 38 0.564 (0.02) 0.606 (0.06) 0.613 (0.06)

Cost-sensitive 9 0.555 (0.02) 0.548 (0.03) 0.539 (0.03)
Other 49 0.568 (0.02) 0.606 (0.05) 0.607 (0.06)

Multivariate 20 0.626 (0.03) 0.749 (0.07) 0.766 (0.08)
Univariate 29 0.618 (0.02) 0.714 (0.06) 0.727 (0.07)
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5.7 Multi-criteria benchmark of methods

Finally, we compare the benchmark results for the methods with all evaluation criteria in Table 8. This

table denotes the predictive performance with a positive / negative sign when the AUC is significantly

higher / lower than no feature selection. The top / bottom five methods are denoted with ++ / −−. We

denote percentage of relevant features and the stability with the symbols based on the 10, 25, 50, 75, an

90 percent quantile. The runtime performance is denoted with a ++ when the runtime was lower than 0.1

seconds, with + when the runtime was less than 1 seconds, with a 0 when the runtime was between 1 and

10 seconds, with − when it is between 10 and 60 seconds, and with −− when it exceeded 60 seconds.

6 Discussion and Implications

This study provided an overview to existing benchmark studies on FSMs and compared the peformance of 58

FSMs in four typical dataset scenarios that are challenging for ML models, namely: Noisy data, redundant

data, imbalanced datasets, and datasets with more features than observations. To examine the performance

of FSMs in these scenarios, we created 13 synthetic datasets with characteristics that represent these dataset

challenges. We measured the performance of the methods using four criteria that earlier studies have found

to be reasonable. The criteria were (1) predictive performance (we used AUC as a reliable metric and tested

three ML algorithms), (2) the number of selected relevant features, (3) the stability of the feature sets (for

this purpose we used a recently developed distance metric for feature sets (Nogueira et al., 2018) which

overcomes limitations of previous metrics), and (4) the method runtime.

Over all dataset scenarios and criteria, those methods that are based on random forest rankings

(F:random.forest.importance, m:ranger impurity, m:ranger permutation) show a good performance, however

their runtime was higher than average in our experiments. Similarly well performed the methods p:DISR

(a normalized version of p:JMI, which also showed a good performance) and p:JIM, considering all criteria

and dataset scenarios. We compiled a summary of the results for each dataset scenario and criterion in

Table 8.

6.1 Implications of the results

Based on our empirical comparison, we can recommend researchers and quantitative modelers to start their

search for an appropriate FSM with these filter methods.

We also tested three characteristics that the respective documentation of the methods exhibited as

special features. The results of these statistical analyses were suprising: Methods that were described as

noise robust did not perform better with noisy data than other methods (neither for class nor for attribute

noise). Also, the use of cost-senstive methods, which implement approaches to encounter class imbalance
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Table 8: Benchmark results overview

Method Pred. performance Relevant features Stability Run-
Noi Red Imb Dim Noi Red Imb Dim Noi Red Imb Dim time

C:Accuracy + + 0 + – – – 0 0 0 0 + +
C:DistAngle – 0 – + – – – – 0 – 0 0 +
C:DistAUC + + 0 + – – – 0 + 0 – + +
C:DistEuclid + + 0 + – 0 – 0 + 0 – ++ +
C:DistHellinger + + + + 0 0 0 0 – 0 + + +
C:DKM + + + + 0 0 0 0 0 + + 0 +
C:EqualDKM – – – – – 0 – – – – – – – – – – – – – – – +
C:EqualGini – – – – – 0 – – – – – – – – – – – – – – 0 +
C:EqualHellinger – – – 0 – – – – – – – – – – – 0 – +
C:EqualInf – – – – – 0 – – – – – – – – – – – – – – 0 +
C:GainRatio – – – 0 – – – – – – – – – – – – 0 – +
C:Gini + + + + + + 0 + + + + 0 +
C:ImpurityEuclid – – – – 0 – – – – – – – – – – – – – – 0 +
C:ImpurityHellinger – – – – 0 – – – – – – – – – – – – – – – +
C:InfGain + + + + + + + 0 0 + 0 0 +
C:MDL + + + + 0 + 0 0 0 + 0 0 +
C:MyopicReliefF + + 0 + – – – 0 0 0 + + +
C:Relief – – 0 – – – – – – – – – – – – – – – – – – – –
C:ReliefFbestK – 0 0 – – – – – – – – – – – – – – – – –
C:ReliefFdistance + + + + 0 0 + 0 0 – ++ – 0
C:ReliefFequalK – + 0 0 – – – – – – – – – – – 0
C:ReliefFexpRank 0 + 0 0 – – – – – – + – – 0
C:ReliefFmerit 0 + + 0 – – – – – – + – – –
C:ReliefFsqrDistance + + + + 0 0 + 0 – – ++ – 0
C:UniformAccuracy + + 0 + – – – – 0 0 – + +
C:UniformDKM + + + + 0 0 0 0 – 0 0 0 +
C:UniformGini + + + + + + + + + ++ 0 0 +
C:UniformInf + + + + + + + + 0 + 0 0 +
F:cfs + + + + ++ ++ ++ ++ – – – – – – – – –
F:chi.squared + + + + 0 – 0 – – 0 – – – 0
F:consistency 0 – 0 0 – – – – – – – – – – – – – – – –
F:gain.ratio + + + + 0 0 0 0 – 0 – – 0
F:oneR + + 0 + – – – – 0 – – – – 0
F:random.forest.importance ++ ++ ++ ++ ++ ++ ++ ++ ++ ++ ++ – –
F:relief – – – – – – – – – – – – – – – – – – – – – – – – – –
F:symmetrical.uncertainty + + + + 0 0 0 – – 0 – – 0
m:anova – – – + – – – – – 0 – – + +
m:auc – – – + – – – – – – – + – 0 ++ ++
m:kruskal.test – – – + – – – – – – – + – 0 ++ 0
m:ranger impurity ++ + + ++ ++ ++ ++ ++ ++ ++ ++ ++ 0
m:ranger permutation ++ + ++ + ++ ++ ++ + ++ ++ ++ – –
p:CMIM + + + + 0 0 0 – – 0 – – +
p:DISR ++ ++ ++ ++ ++ ++ ++ ++ ++ ++ + ++ +
p:JIM + + + + + + + + ++ + 0 0 ++
p:JMI + + ++ ++ + + + ++ + + – + +
p:JMIM + + + + 0 0 0 + – – – – – – +
p:MIM + + + + 0 0 0 – – 0 – – – ++
p:MRMR – – – – 0 – – – – – – – – – – – – – – – – ++
p:NJMIM + + + + + 0 0 + 0 – – – – – +
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(Robnik-Šikonja, 2003), did not achieve better results on imbalanced data than other methods. One reason

for this result may be that methods that claim to be particularly suitable for noisy data or imbalanced

datasets were developed at a time when the methods that performed well in our benchmark did not exist.

Based on this finding, future research should further develop well-performing approaches in our benchmark

for these specific dataset scenarios. Conversely, developers and maintainers of methods should be careful in

labeling their methods as particularly suitable for a certain dataset scenario.

Only multi-dimensional methods showed a better performance with redundant features than other meth-

ods. As a consequence of this result, users do not need to apply special methods for noisy data and imbal-

anced datasets and can use those that have performed well in our benchmark in these scenarios or in general.

This saves effort and resources during implementation and when training experts. Only for datasets with

redundant features, we recommend to use multi-dimensional methods.

6.2 Limitations and future research

We consider four limitations of our study, which we believe are areas for future research. First, our bench-

mark is based on synthetic data. This allowed us to deliberately evaluate FSMs regarding the dataset

characteristics in the focus of our study, under laboratory conditions and independent of any application

field. Although we have used established data generation methods from the ML-field, the data generation

is subject to assumptions from which reality will differ. Earlier studies on the comparison of FSMs used

synthetic as well as real datasets. Therefore, we motivate future research that validates our results with

data from various application domains. Second, we measured the runtime for all our experiments with the

same hardware and the same datasets to be valid internally. This measurement is likely to be different in

magnitude when the employed hardware and software environment is modified. Given that the focus of

our study was the comparison of FSMs with respect to different dataset scenarios, we refer readers who are

interested in more detailed analysis of the algorithms runtime with very large datasets to previous studies,

e.g., Bommert et al. (2020), Aphinyanaphongs et al. (2014), and Xue et al. (2015). Third, we considered

three well-known ML algorithms to obtain the predictive performance. A promising approach for business

data analytics is deep learning which is capable to use raw data directly without the need of feature selection

(Kraus et al., 2020). However, such neural networks are “data hungry” (Marcus, 2018, p. 6) and therefore

only usable in some applications. We motivate future research to examine how classical ML algorithms

together with FSMs perform in comparison with deep learning approaches. Fourth, the dataset challenges

considered in this study are only a selection of challenges and further ones should be addressed. For example,

the problem of missing values usually makes data analysis difficult. Even though there are numerous basic

approaches how to deal with missing values, we could not find FSMs that explicitly address this problem.

We motivate future research to further develop the methods in this respect.
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7 Conclusion

Feature selection is an important task in setting up ML models in business analytics. Identifying most

appropriate features for predictive modeling enables the creation of less complex models that are more

interpretable in decision situations, can improve model performance, and saves computational effort in later

analysis steps. These are particular requirements in big data analytics tasks, not only today, given that

digitization will allow measuring a wide variety of new variables in the future.

As feature selection is important, many methods have been suggested so far: In the widely used sta-

tistical software environment GNU R, we found over fifty different methods—ready to use by analysts and

researchers. A comprehensive comparison of these methods, however, is currently missing, which makes the

decision on which method to use difficult.

Our study narrowed this gap and first provided a comprehensive literature review to benchmarks of

FSMs. We outlined limitations of current studies and suggested—based on the learnings of earlier benchmark

studies—a multi-criteria benchmark method for FSMs, which we applied in the second part of our paper.

There, we provided a benchmark of 58 currently available feature filter methods in the GNU R environment.

For the comparison of methods, we used four dataset challenges that are typical in ML applications. The

method overview and comparison guides the automatic feature selection task of researchers and quantitative

modelers. Our benchmark method provides a base for further studies that employ it to case-specific datasets.
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Appendices

Additional statistical models are listed in Table 10 and Table 11.
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Table 10: Models for the criterion ’number of relevant features selected’ in the four dataset scenarios

Noise Redundant Imbalanced Dimensionality

(Intercept) 1.00 (0.00)∗∗∗ 1.00 1.00 (0.00)∗∗∗ 1.00 (0.00)∗∗∗

FSMs
C:Accuracy −0.58 (0.02)∗∗∗ −0.57 (0.03)∗∗∗ −0.71 (0.06)∗∗∗ −0.63 (0.05)∗∗∗

C:DistAngle −0.68 (0.02)∗∗∗ −0.66 (0.02)∗∗∗ −0.72 (0.03)∗∗∗ −0.71 (0.03)∗∗∗

C:DistAUC −0.59 (0.02)∗∗∗ −0.56 (0.03)∗∗∗ −0.63 (0.05)∗∗∗ −0.63 (0.05)∗∗∗

C:DistEuclid −0.59 (0.02)∗∗∗ −0.56 (0.03)∗∗∗ −0.63 (0.05)∗∗∗ −0.63 (0.05)∗∗∗

C:DistHellinger −0.55 (0.03)∗∗∗ −0.52 (0.05)∗∗∗ −0.54 (0.06)∗∗∗ −0.59 (0.07)∗∗∗

C:DKM −0.55 (0.03)∗∗∗ −0.52 (0.05)∗∗∗ −0.54 (0.06)∗∗∗ −0.59 (0.07)∗∗∗

C:DKMcost −0.62 (0.04)∗∗∗

C:EqualDKM −0.83 (0.01)∗∗∗ −0.70 (0.00)∗∗∗ −0.82 (0.03)∗∗∗ −0.84 (0.03)∗∗∗

C:EqualGini −0.83 (0.01)∗∗∗ −0.70 (0.00)∗∗∗ −0.82 (0.03)∗∗∗ −0.84 (0.03)∗∗∗

C:EqualHellinger −0.83 (0.01)∗∗∗ −0.70 (0.00)∗∗∗ −0.76 (0.02)∗∗∗ −0.84 (0.03)∗∗∗

C:EqualInf −0.83 (0.01)∗∗∗ −0.70 (0.00)∗∗∗ −0.82 (0.03)∗∗∗ −0.84 (0.03)∗∗∗

C:GainRatio −0.83 (0.01)∗∗∗ −0.70 (0.00)∗∗∗ −0.76 (0.02)∗∗∗ −0.84 (0.03)∗∗∗

C:GainRatioCost −0.82 (0.01)∗∗∗

C:Gini −0.48 (0.02)∗∗∗ −0.49 (0.04)∗∗∗ −0.53 (0.05)∗∗∗ −0.57 (0.06)∗∗∗

C:ImpurityEuclid −0.83 (0.01)∗∗∗ −0.70 (0.00)∗∗∗ −0.82 (0.03)∗∗∗ −0.84 (0.03)∗∗∗

C:ImpurityHellinger −0.83 (0.01)∗∗∗ −0.70 (0.00)∗∗∗ −0.82 (0.03)∗∗∗ −0.84 (0.03)∗∗∗

C:InfGain −0.50 (0.03)∗∗∗ −0.49 (0.04)∗∗∗ −0.51 (0.05)∗∗∗ −0.57 (0.06)∗∗∗

C:MDL −0.52 (0.03)∗∗∗ −0.49 (0.04)∗∗∗ −0.53 (0.06)∗∗∗ −0.58 (0.07)∗∗∗

C:MDLsmp −0.74 (0.02)∗∗∗

C:MyopicReliefF −0.58 (0.02)∗∗∗ −0.56 (0.03)∗∗∗ −0.59 (0.03)∗∗∗ −0.63 (0.05)∗∗∗

C:Relief −0.86 (0.01)∗∗∗ −0.75 (0.03)∗∗∗ −0.82 (0.01)∗∗∗ −0.92 (0.01)∗∗∗

C:ReliefFavgC −0.70 (0.03)∗∗∗

C:ReliefFbestK −0.85 (0.01)∗∗∗ −0.75 (0.02)∗∗∗ −0.67 (0.04)∗∗∗ −0.91 (0.01)∗∗∗

C:ReliefFdistance −0.53 (0.04)∗∗∗ −0.56 (0.06)∗∗∗ −0.46 (0.04)∗∗∗ −0.61 (0.07)∗∗∗

C:ReliefFequalK −0.74 (0.02)∗∗∗ −0.67 (0.03)∗∗∗ −0.61 (0.01)∗∗∗ −0.81 (0.03)∗∗∗

C:ReliefFexpC −0.70 (0.03)∗∗∗

C:ReliefFexpRank −0.66 (0.02)∗∗∗ −0.63 (0.04)∗∗∗ −0.58 (0.01)∗∗∗ −0.73 (0.04)∗∗∗

C:ReliefFmerit −0.66 (0.02)∗∗∗ −0.64 (0.04)∗∗∗ −0.58 (0.01)∗∗∗ −0.73 (0.04)∗∗∗

C:ReliefFpa −0.60 (0.00)∗∗∗

C:ReliefFpe −0.60 (0.00)∗∗∗

C:ReliefFsmp −0.71 (0.03)∗∗∗

C:ReliefFsqrDistance −0.53 (0.04)∗∗∗ −0.56 (0.06)∗∗∗ −0.46 (0.04)∗∗∗ −0.61 (0.07)∗∗∗

C:ReliefKukar −0.82 (0.01)∗∗∗

C:UniformAccuracy −0.59 (0.02)∗∗∗ −0.57 (0.03)∗∗∗ −0.63 (0.05)∗∗∗ −0.63 (0.05)∗∗∗

C:UniformDKM −0.55 (0.03)∗∗∗ −0.52 (0.05)∗∗∗ −0.54 (0.06)∗∗∗ −0.59 (0.07)∗∗∗

C:UniformGini −0.48 (0.02)∗∗∗ −0.49 (0.04)∗∗∗ −0.51 (0.05)∗∗∗ −0.57 (0.06)∗∗∗

C:UniformInf −0.50 (0.03)∗∗∗ −0.49 (0.04)∗∗∗ −0.50 (0.05)∗∗∗ −0.57 (0.06)∗∗∗

F:cfs −0.17 (0.01)∗∗∗ −0.44 (0.09)∗∗∗ −0.18 (0.03)∗∗∗ −0.28 (0.08)∗∗∗

F:chi.squared −0.56 (0.02)∗∗∗ −0.57 (0.03)∗∗∗ −0.57 (0.04)∗∗∗ −0.64 (0.06)∗∗∗

F:consistency −0.73 (0.02)∗∗∗ −0.78 (0.03)∗∗∗ −0.72 (0.03)∗∗∗ −0.79 (0.04)∗∗∗

F:gain.ratio −0.54 (0.02)∗∗∗ −0.55 (0.04)∗∗∗ −0.53 (0.05)∗∗∗ −0.63 (0.07)∗∗∗

F:oneR −0.62 (0.02)∗∗∗ −0.65 (0.03)∗∗∗ −0.70 (0.04)∗∗∗ −0.69 (0.04)∗∗∗

F:random.forest.importance −0.28 (0.04)∗∗∗ −0.40 (0.08)∗∗∗ −0.18 (0.04)∗∗∗ −0.42 (0.10)∗∗∗

F:relief −0.91 (0.01)∗∗∗ −0.91 (0.01)∗∗∗ −0.88 (0.01)∗∗∗ −0.94 (0.01)∗∗∗

F:symmetrical.uncertainty −0.54 (0.02)∗∗∗ −0.56 (0.04)∗∗∗ −0.54 (0.04)∗∗∗ −0.63 (0.06)∗∗∗

m:anova −0.71 (0.01)∗∗∗ −0.68 (0.01)∗∗∗ −0.78 (0.02)∗∗∗ −0.72 (0.02)∗∗∗

m:auc −0.74 (0.01)∗∗∗ −0.74 (0.01)∗∗∗ −0.80 (0.02)∗∗∗ −0.74 (0.02)∗∗∗

m:kruskal.test −0.74 (0.01)∗∗∗ −0.74 (0.01)∗∗∗ −0.80 (0.02)∗∗∗ −0.74 (0.02)∗∗∗

m:ranger impurity −0.30 (0.04)∗∗∗ −0.40 (0.07)∗∗∗ −0.43 (0.08)∗∗∗ −0.41 (0.09)∗∗∗

m:ranger permutation −0.32 (0.04)∗∗∗ −0.42 (0.08)∗∗∗ −0.22 (0.04)∗∗∗ −0.44 (0.10)∗∗∗

p:CMIM −0.56 (0.02)∗∗∗ −0.56 (0.04)∗∗∗ −0.55 (0.05)∗∗∗ −0.63 (0.06)∗∗∗

p:DISR −0.36 (0.04)∗∗∗ −0.42 (0.08)∗∗∗ −0.39 (0.09)∗∗∗ −0.33 (0.12)∗∗

p:JIM −0.46 (0.04)∗∗∗ −0.46 (0.06)∗∗∗ −0.46 (0.07)∗∗∗ −0.43 (0.10)∗∗∗

p:JMI −0.45 (0.04)∗∗∗ −0.45 (0.07)∗∗∗ −0.45 (0.08)∗∗∗ −0.40 (0.10)∗∗∗

p:JMIM −0.55 (0.03)∗∗∗ −0.52 (0.04)∗∗∗ −0.56 (0.06)∗∗∗ −0.57 (0.07)∗∗∗

p:MIM −0.56 (0.02)∗∗∗ −0.56 (0.04)∗∗∗ −0.55 (0.05)∗∗∗ −0.63 (0.06)∗∗∗

p:MRMR −0.75 (0.01)∗∗∗ −0.86 (0.04)∗∗∗ −0.78 (0.03)∗∗∗ −0.80 (0.03)∗∗∗

p:NJMIM −0.50 (0.03)∗∗∗ −0.50 (0.05)∗∗∗ −0.52 (0.07)∗∗∗ −0.52 (0.08)∗∗∗

R2 0.65 0.48 0.58 0.41

Adj. R2 0.64 0.44 0.55 0.37
Num. obs. 1750 750 840 745
F statistic 63.71 13.13 18.52 9.76

∗∗∗p < 0.001; ∗∗p < 0.01; ∗p < 0.05
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Table 11: Models for the criterion ’stability’ in the four dataset scenarios

Noise Redundant Imbalanced Dimensionality

(Intercept) 1.26 (0.03)∗∗∗ 1.14 (0.02)∗∗∗ 1.06 (0.01)∗∗∗ 1.06 (0.02)∗∗∗

FSMs
C:Accuracy −0.64 (0.03)∗∗∗ −0.31 (0.02)∗∗∗ −0.40 (0.02)∗∗∗ −0.36 (0.02)∗∗∗

C:DistAngle −0.67 (0.03)∗∗∗ −0.38 (0.03)∗∗∗ −0.40 (0.02)∗∗∗ −0.39 (0.03)∗∗∗

C:DistAUC −0.63 (0.03)∗∗∗ −0.31 (0.02)∗∗∗ −0.41 (0.02)∗∗∗ −0.36 (0.02)∗∗∗

C:DistEuclid −0.63 (0.03)∗∗∗ −0.31 (0.02)∗∗∗ −0.40 (0.02)∗∗∗ −0.36 (0.02)∗∗∗

C:DistHellinger −0.70 (0.03)∗∗∗ −0.31 (0.02)∗∗∗ −0.34 (0.02)∗∗∗ −0.39 (0.02)∗∗∗

C:DKM −0.70 (0.03)∗∗∗ −0.31 (0.02)∗∗∗ −0.34 (0.02)∗∗∗ −0.39 (0.02)∗∗∗

C:DKMcost −0.50 (0.04)∗∗∗

C:EqualDKM −0.90 (0.04)∗∗∗ −0.51 (0.02)∗∗∗ −0.58 (0.02)∗∗∗ −0.44 (0.03)∗∗∗

C:EqualGini −0.90 (0.04)∗∗∗ −0.51 (0.02)∗∗∗ −0.58 (0.02)∗∗∗ −0.44 (0.03)∗∗∗

C:EqualHellinger −0.90 (0.04)∗∗∗ −0.51 (0.02)∗∗∗ −0.40 (0.03)∗∗∗ −0.44 (0.03)∗∗∗

C:EqualInf −0.90 (0.04)∗∗∗ −0.51 (0.02)∗∗∗ −0.58 (0.02)∗∗∗ −0.44 (0.03)∗∗∗

C:GainRatio −0.89 (0.04)∗∗∗ −0.51 (0.02)∗∗∗ −0.40 (0.03)∗∗∗ −0.44 (0.03)∗∗∗

C:GainRatioCost −0.36 (0.02)∗∗∗

C:Gini −0.60 (0.03)∗∗∗ −0.24 (0.02)∗∗∗ −0.33 (0.02)∗∗∗ −0.39 (0.03)∗∗∗

C:ImpurityEuclid −0.90 (0.04)∗∗∗ −0.51 (0.02)∗∗∗ −0.58 (0.02)∗∗∗ −0.44 (0.03)∗∗∗

C:ImpurityHellinger −0.90 (0.04)∗∗∗ −0.51 (0.02)∗∗∗ −0.58 (0.02)∗∗∗ −0.44 (0.03)∗∗∗

C:InfGain −0.64 (0.03)∗∗∗ −0.26 (0.02)∗∗∗ −0.36 (0.03)∗∗∗ −0.40 (0.02)∗∗∗

C:MDL −0.66 (0.03)∗∗∗ −0.27 (0.02)∗∗∗ −0.35 (0.03)∗∗∗ −0.40 (0.02)∗∗∗

C:MDLsmp −0.70 (0.03)∗∗∗

C:MyopicReliefF −0.64 (0.03)∗∗∗ −0.31 (0.02)∗∗∗ −0.32 (0.02)∗∗∗ −0.36 (0.02)∗∗∗

C:Relief −0.91 (0.04)∗∗∗ −0.55 (0.04)∗∗∗ −0.54 (0.03)∗∗∗ −0.63 (0.02)∗∗∗

C:ReliefFavgC −0.40 (0.02)∗∗∗

C:ReliefFbestK −0.91 (0.04)∗∗∗ −0.55 (0.04)∗∗∗ −0.41 (0.05)∗∗∗ −0.62 (0.02)∗∗∗

C:ReliefFdistance −0.70 (0.03)∗∗∗ −0.34 (0.02)∗∗∗ −0.26 (0.03)∗∗∗ −0.47 (0.03)∗∗∗

C:ReliefFequalK −0.87 (0.03)∗∗∗ −0.44 (0.04)∗∗∗ −0.41 (0.04)∗∗∗ −0.58 (0.03)∗∗∗

C:ReliefFexpC −0.40 (0.02)∗∗∗

C:ReliefFexpRank −0.81 (0.03)∗∗∗ −0.39 (0.04)∗∗∗ −0.33 (0.04)∗∗∗ −0.50 (0.03)∗∗∗

C:ReliefFmerit −0.81 (0.03)∗∗∗ −0.40 (0.03)∗∗∗ −0.32 (0.04)∗∗∗ −0.50 (0.02)∗∗∗

C:ReliefFpa −0.22 (0.02)∗∗∗

C:ReliefFpe −0.22 (0.02)∗∗∗

C:ReliefFsmp −0.43 (0.02)∗∗∗

C:ReliefFsqrDistance −0.70 (0.03)∗∗∗ −0.34 (0.01)∗∗∗ −0.26 (0.03)∗∗∗ −0.47 (0.03)∗∗∗

C:ReliefKukar −0.54 (0.02)∗∗∗

C:UniformAccuracy −0.63 (0.03)∗∗∗ −0.31 (0.02)∗∗∗ −0.41 (0.02)∗∗∗ −0.36 (0.02)∗∗∗

C:UniformDKM −0.70 (0.03)∗∗∗ −0.31 (0.02)∗∗∗ −0.34 (0.02)∗∗∗ −0.39 (0.02)∗∗∗

C:UniformGini −0.60 (0.03)∗∗∗ −0.24 (0.02)∗∗∗ −0.34 (0.03)∗∗∗ −0.39 (0.03)∗∗∗

C:UniformInf −0.64 (0.03)∗∗∗ −0.26 (0.02)∗∗∗ −0.37 (0.03)∗∗∗ −0.40 (0.02)∗∗∗

F:cfs −0.81 (0.03)∗∗∗ −0.45 (0.01)∗∗∗ −0.46 (0.01)∗∗∗ −0.62 (0.05)∗∗∗

F:chi.squared −0.71 (0.03)∗∗∗ −0.33 (0.03)∗∗∗ −0.41 (0.02)∗∗∗ −0.50 (0.02)∗∗∗

F:consistency −0.85 (0.04)∗∗∗ −0.85 (0.02)∗∗∗ −0.79 (0.02)∗∗∗ −0.77 (0.03)∗∗∗

F:gain.ratio −0.70 (0.03)∗∗∗ −0.31 (0.02)∗∗∗ −0.41 (0.02)∗∗∗ −0.49 (0.03)∗∗∗

F:oneR −0.70 (0.03)∗∗∗ −0.34 (0.02)∗∗∗ −0.46 (0.04)∗∗∗ −0.49 (0.03)∗∗∗

F:random.forest.importance −0.42 (0.04)∗∗∗ −0.18 (0.04)∗∗∗ −0.19 (0.03)∗∗∗ −0.48 (0.09)∗∗∗

F:relief −1.00 (0.04)∗∗∗ −1.11 (0.02)∗∗∗ −0.99 (0.02)∗∗∗ −0.99 (0.03)∗∗∗

F:symmetrical.uncertainty −0.71 (0.03)∗∗∗ −0.32 (0.03)∗∗∗ −0.41 (0.02)∗∗∗ −0.48 (0.02)∗∗∗

m:anova −0.66 (0.03)∗∗∗ −0.42 (0.02)∗∗∗ −0.41 (0.02)∗∗∗ −0.37 (0.03)∗∗∗

m:auc −0.61 (0.03)∗∗∗ −0.40 (0.02)∗∗∗ −0.39 (0.02)∗∗∗ −0.35 (0.02)∗∗∗

m:kruskal.test −0.61 (0.03)∗∗∗ −0.40 (0.02)∗∗∗ −0.39 (0.02)∗∗∗ −0.35 (0.02)∗∗∗

m:ranger impurity −0.42 (0.04)∗∗∗ −0.18 (0.03)∗∗∗ −0.21 (0.02)∗∗∗ −0.29 (0.05)∗∗∗

m:ranger permutation −0.47 (0.04)∗∗∗ −0.20 (0.03)∗∗∗ −0.25 (0.03)∗∗∗ −0.47 (0.07)∗∗∗

p:CMIM −0.71 (0.03)∗∗∗ −0.32 (0.03)∗∗∗ −0.43 (0.02)∗∗∗ −0.49 (0.02)∗∗∗

p:DISR −0.51 (0.04)∗∗∗ −0.19 (0.04)∗∗∗ −0.34 (0.06)∗∗∗ −0.26 (0.07)∗∗∗

p:JIM −0.59 (0.03)∗∗∗ −0.29 (0.03)∗∗∗ −0.40 (0.02)∗∗∗ −0.40 (0.04)∗∗∗

p:JMI −0.60 (0.03)∗∗∗ −0.27 (0.03)∗∗∗ −0.41 (0.04)∗∗∗ −0.36 (0.05)∗∗∗

p:JMIM −0.71 (0.03)∗∗∗ −0.44 (0.02)∗∗∗ −0.57 (0.03)∗∗∗ −0.58 (0.03)∗∗∗

p:MIM −0.71 (0.03)∗∗∗ −0.32 (0.03)∗∗∗ −0.43 (0.02)∗∗∗ −0.49 (0.02)∗∗∗

p:MRMR −0.88 (0.03)∗∗∗ −0.75 (0.02)∗∗∗ −0.69 (0.02)∗∗∗ −0.63 (0.04)∗∗∗

p:NJMIM −0.68 (0.03)∗∗∗ −0.40 (0.02)∗∗∗ −0.55 (0.03)∗∗∗ −0.54 (0.04)∗∗∗

Controls
classnoise −1.83 (0.03)∗∗∗

attributenoise −1.17 (0.03)∗∗∗

mean informativeFeatures −0.01 (0.00)∗∗∗

minClassDev −0.03 (0.00)∗∗∗

relFeatObs −0.09 (0.00)∗∗∗

R2 0.85 0.83 0.76 0.72

Adj. R2 0.84 0.82 0.74 0.70
Num. obs. 1750 750 840 745
F statistic 181.85 68.70 41.50 36.50

∗∗∗p < 0.001; ∗∗p < 0.01; ∗p < 0.05
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David Gómez and Alfonso Rojas. An Empirical Overview of the No Free Lunch Theorem and Its Effect on

Real-World Machine Learning Classification. Neural Computation, 28(1):216–228, January 2016. ISSN

0899-7667. doi: 10.1162/NECO a 00793. URL https://doi.org/10.1162/NECO_a_00793.

Isabelle Guyon, André, and Elisseeff. An introduction to variable and feature selection. Journal of Machine

Learning Research, 3:1157–1182, 2003.

M.A. Hall and G. Holmes. Benchmarking attribute selection techniques for discrete class data mining.

IEEE Transactions on Knowledge and Data Engineering, 15(6):1437–1447, November 2003. doi: 10.

1109/TKDE.2003.1245283.

Mark A. Hall. Correlation-based feature selection for machine learning. PhD thesis, The University of

Waikato, Hamilton, New Zealand, April 1999.

Anne-Claire Haury, Pierre Gestraud, and Jean-Philippe Vert. The Influence of Feature

Selection Methods on Accuracy, Stability and Interpretability of Molecular Signatures.

PLOS ONE, 6(12):e28210, December 2011. doi: 10.1371/journal.pone.0028210. URL

http://journals.plos.org/plosone/article?id=10.1371/journal.pone.0028210.

Robert C. Holte. Very simple classification rules perform well on most commonly used datasets. Machine

Learning, 11(1):63–90, 1993. URL http://link.springer.com/article/10.1023/A:1022631118932.

Konstantin Hopf. Predictive Analytics for Energy Efficiency and Energy Retailing, volume 36 of Con-

tributions of the Faculty Information Systems and Applied Computer Sciences of the Otto-Friedrich-

32

https://linkinghub.elsevier.com/retrieve/pii/S0377221715008383
http://search.ebscohost.com/login.aspx?direct=true&AuthType=ip&db=bsu&AN=114699847&site=ehost-live
https://doi.org/10.1162/NECO_a_00793
http://journals.plos.org/plosone/article?id=10.1371/journal.pone.0028210
http://link.springer.com/article/10.1023/A:1022631118932


University Bamberg. University of Bamberg, 1 edition, 2019. ISBN 978-3-86309-669-4. URL

https://doi.org/10.20378/irbo-54833.

Jianping Hua, Waibhav D. Tembe, and Edward R. Dougherty. Performance of feature-selection methods in

the classification of high-dimension data. Pattern Recognition, 42(3):409–424, March 2009. doi: 10.1016/

j.patcog.2008.08.001. URL http://linkinghub.elsevier.com/retrieve/pii/S0031320308003142.

Earl B Hunt, Janet Marin, and Philip J Stone. Experiments in induction. Academic Press, Oxford, 1966.
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José A Sáez, Mikel Galar, JuliáN Luengo, and Francisco Herrera. Tackling the problem of classification with

noisy data using multiple classifier systems: Analysis of the performance and robustness. Information

Sciences, 247:1–20, 2013.

Vijay Bhaskar Semwal, Kaushik Mondal, and G. C. Nandi. Robust and accurate feature selection for

humanoid push recovery and classification: deep learning approach. Neural Computing and Applications,

28(3):565–574, March 2017. ISSN 0941-0643, 1433-3058. doi: 10.1007/s00521-015-2089-3.

Galit Shmueli and Otto R. Koppius. Predictive analytics in information systems research. MIS Quarterly,

35(3):553–572, 2011.

Noelia Sánchez-Maroño, Amparo Alonso-Betanzos, and Maŕıa Tombilla-Sanromán. Filter Methods for Fea-
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