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Identifying optimal features is critical for increasing the overall performance of data classification. This
paper introduces a supervised feature selection technique for analyzing mixed attribute data. It measures
data classification performances of features with a user-defined performance criterion and determines optimal
features to boost the overall data analysis performance. A performance evaluation is managed to highlight the
usefulness of the technique with existing feature selection techniques such as analysis of variance test, chi-

square test, principal component analysis, and mutual information. Visualization is also utilized to understand
the differences in classifying instances with different features. From a comparative performance testing and
evaluation, we found 5 ~ 10% performance improvements with the proposed technique. Overall, evaluation
results showed the usefulness of our proposed feature selection technique in mixed attribute data analysis.

1. Introduction

Analyzing data is considered a major research challenge due to
the difficulty in handling high dimensional attributes (Chen, 2009)
and mixed attribute data (Aggarwal, 2013). For handling high dimen-
sional data, dimension reduction techniques (e.g., principal component
analysis (PCA), multidimensional scaling (MDS), linear discriminant
analysis (LDA), and among others) are used. With the techniques, the
overall number of attributes can be reduced without sacrificing the
nature of the data. Most data are comprised of mixed types (i.e., a
mixture of numerical and categorical values), and existing numerical
(or statistical) and categorical data analysis cannot be applied directly
to the data. When analyzing categorical data attributes, a simple but
broadly known solution transforms the attributes into binary attribute
values, indicating each attribute’s value as a binary attribute. Alter-
native approaches to handling the categorical data attributes include
using different probabilistic models to determine the distributions of
each data attribute.

For high-dimensional mixed attribute data analysis, either feature
selection or extraction is often utilized. Although there is a slight
difference between them, they are often used to determine variables
(i.e., features) that are significant for understanding and analyzing the
data. As a part of the feature selection process, selecting critical features
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is an essential task in data analysis because features can be used as
predictors while maintaining the unique characteristics of data (Guyon
& Elisseeff, 2003; Solorio-Fernandez et al., 2020). Feature extraction
builds a new set of features from the original feature set. Dimension
reduction is a good example of feature extraction, which transforms
data into a lower dimension by reducing dimensions (Fodor, 2002;
Wang et al.,, 2014). When feature selection or extraction techniques
are applied, understanding data is critical to achieving a better re-
sult. Otherwise, under-fitting (high bias) or over-fitting (high variance)
problems might occur. These problems may degrade the overall data
analysis performance.

In this paper, a supervised feature selection technique is proposed
to support mixed attribute data analysis. It determines features that
produce high data classification performance depending on machine
learning algorithms and performance metrics by evaluating the sig-
nificance of each feature. Three mixed-attribute financial datasets are
utilized to determine the usefulness of our proposed technique. Perfor-
mance testing with five performance metrics, such as precision, recall,
F1-score, accuracy, and Area under the ROC Curve (AUC), is managed.
We also utilize five classification algorithms (i.e., decision tree (DT),
support vector machine (SVM), random forest (RF), logistic regres-
sion (LR), and k-nearest neighbors (KNN)) to measure classification
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performance differences. Lastly, we provide a visual representation of
the feature selection techniques to determine the optimal features to
examine differences in classifying instances.

Our primary research contribution is to propose an alternative
feature selection technique, which improves the data analysis per-
formances in analyzing mixed attribute data. More specifically, the
contributions of this paper include:

+ Introducing a supervised feature selection technique to analyze
mixed attribute data with maximizing classification performance

+ Conducting a performance evaluation with different classification
algorithms to evaluate the effectiveness of the proposed technique

« Integrating a visualization approach to illustrate the differences
of selected features among the feature selection techniques

This paper begins by discussing prior data analysis research in fea-
ture selection. After introducing a generalized data analysis process in
Section 3, a detailed explanation of the proposed technique is explained
in Section 4. In Section 5, descriptions of the used financial datasets
and conducted evaluation studies are included. Then, conclusions and
future work are included in Section 7.

2. Related work

Feature extraction and feature selection are broadly utilized when
performing complex data analysis. Feature extraction builds a new
set of features from the original feature set by transforming input
values. Various statistical approaches are used for feature extraction. A
commonly known feature extraction example is a dimension reduction
technique. It focuses on identifying a minimum number of significant
features while maintaining the original data’s same characteristics.
Because of this, it has been broadly applied in pattern recognition,
data compression, and database management (Ding et al., 2012; Fodor,
2002). Popular linear dimensionality reduction techniques used in data
analysis are PCA (Jolliffe, 2002) and LDA (Martinez & Kak, 2001). PCA
is a multivariate statistical technique that computes eigenvalues as well
as eigenvectors to determine correlated variables into principal com-
ponents. Among the components, sorted components are determined
to find highly dominant principal components. Therefore, the first
principal component represents most of the variance in the data. Due
to this reason, PCA has been applied in various application domains
to determine lower-dimensional forms from high-dimensional data.
When applying PCA, it is important to maintain comparable ranges
of values in the data (i.e., applying feature normalization or scaling).
Otherwise, principal components can easily be biased due to the high
variance of the data because PCA tries to maximize the variance of
each component when determining principal components. PCA is an
unsupervised learning technique that determines principal information
that represents internal data relationships. Thus, PCA is often used
to classify clusters (Ding & He, 2004). Because of the effectiveness
of understanding the data with having minimum requirements, PCA
has been broadly applied in various scientific research (Jolliffe &
Cadima, 2016). Linear regression (Rawlings et al., 1998) is considered
a similar technique due to its characteristics of identifying internal
data relationships that fit the data. It models the relationship between
variables to determine a straight line that best fits the data. It is
good for identifying the statistical relationship between two continuous
variables (i.e., dependent and independent). However, unlike PCA,
linear regression has not been used in feature extraction because of not
producing any additional information from the analysis (e.g., principal
components in PCA). LDA is also closely related to PCA because it
also transforms features into a lower-dimensional space. It measures
a linear combination of features to assess separated objects (events)
classes in the data. LDA is considered a supervised learning technique
because it predicts a categorical dependent variable. With one or more
n independent variables, it separates the classes of dependent variables
by determining k independent variables. Since it uses continuous or
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binary independent variables, it is suitable for analyzing data that
includes categorical outcomes (Pohar et al., 2004). Because of its
ability, it has been used broadly to used for dimensionality reduction
and classification (Boulgouris et al., 2010; Li, Feng et al., 2018; Tharwat
et al., 2017).

Feature selection is utilized to reduce the number of features to
generate a data analysis model. Various feature selection techniques
are often classified as supervised, unsupervised, and semi-supervised
methods (Solorio-Fernandez et al., 2020). Supervised methods select
features by utilizing the information in the dataset, whereas unsuper-
vised and semi-supervised methods use no (or limited) information
when selecting features. There is a slight difference among them, but
most feature selection techniques apply statistical approaches to score
all features. Then, unnecessary (or insignificant) features are eliminated
to produce low scores. Various statistical approaches are used to design
feature selection techniques (Chandrashekar & Sahin, 2014; Dash &
Liu, 1997; Guyon & Elisseeff, 2003). Well-known feature selection
techniques utilize Pearson correlation coefficient (PCC), analysis of
variance (ANOVA), and mutual information (MI). ANOVA is a statistical
technique that assesses differences between two or more variables by
analyzing their variations. ANOVA-based feature selection technique
use ANOVA to measure statistical significances of all features (Elssied
et al., 2014) based on the assumption that data is normally distributed
and maintains equal data variances. It removes the features that do
not satisfy the statistical significance. Due to the ability to evalu-
ate the statical significance of all features precisely, ANOVA-based
feature selection technique was used in research on microarray data
analysis (Saeys et al.,, 2007). PCC measures the correlations of two
quantitative variables. PCC-based feature selection technique deter-
mines all features’ degrees of dependencies. Guyon and Elisseeff (2003)
and Xie et al. (2006). It determines statistical relationships among
variables for selecting features. But, it has a limitation of detecting
only linear dependencies. MI is a measure of determining mutual de-
pendence between two variables. MI-based feature selection technique
uses MI to evaluate the contribution of each feature to find a feature set
that has maximum dependencies to a target class (Gao et al., 2015; Peng
et al., 2005; Ross, 2014). Since it quantifies the dependencies between
feature(s) and the class, it has been broadly used to eliminate redundant
or similar features when analyzing datasets.

In terms of evaluation criteria, feature selection can be categorized
into three different models: filter models, wrapper models, and em-
bedded (hybrid) models (Bol6n-Canedo et al., 2013; Chandrashekar &
Sahin, 2014; Kohavi & John, 1997; Saeys et al., 2007). The earliest
method is the filter model, which relies on intrinsic characteristics of
data. The selection process is performed independently of data mining
algorithms, so it tends to neglect an interaction effect between the
selected features and the performance of used ML algorithms. The
wrapper model uses the predictive accuracy or error rate of predeter-
mined learning algorithms to determine the quality of selected features.
It achieves better performance and higher accuracy compared to the
filter models, but they are computationally expensive and exposed to
over-fitting issues (Jovic et al., 2015; Li, Cheng et al., 2018). Because
of these limitations in each model, the embedded (hybrid) model has
gained increasing attention (Solorio-Ferndndez et al., 2020; Zebari
et al., 2020). By combining and integrating different methods, the
embedded (hybrid) method can utilize the advantages of each model
to achieve both accuracy and efficiency. The combination of filter
and wrapper methods is the most common embedded method, while
any combination can be used to develop hybrid models. Several in-
teresting hybrid methodologies were recently proposed, such as PCA
and ReliefF method for chronic disease classification (Jain & Singh,
2021), a combination of clustering and the modified binary ant system
(BAS) for high-dimensional data (Manbari et al., 2019), multi-strategy
feature selection and grouped feature extraction for dimension reduc-
tion (Li et al., 2020), and swarm intelligence (SI) algorithms (Brezoc¢nik
et al., 2018). Other recent developments in feature selection include
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Fig. 1. Standard data analysis process with our consideration of iterative feature selection.

deep learning based feature selection (Rashid et al., 2020; Tian et al.,
2020) and causality based feature selection (Bellizio et al., 2021; Sethi
& Mittal, 2019; Yu et al.,, 2020). Feature selection techniques are
suitable for analyzing and identifying significant features, but uti-
lizing cleaned and sanitized data is essential to produce high data
classification performance.

3. Data analysis

Data analysis has been performed broadly to analyze data, solve
real-world or business problems, and detect anomalous events or activ-
ities. It is a process of applying various statistical or logical techniques
to evaluate and discover useful information from data. Data analysis
often consists of multiple analysis processes. Although it is defined
differently depending on research domains, it simply considers utilizing
basic statistical analysis procedures (i.e., mean and standard devia-
tion) to understand data statistically. To produce high data analysis
performances, fully understanding the data is crucial. However, it is
not easy and often requires extensive data processing. To address this
limitation, various advanced machine learning approaches of utilizing
parallel processing models with multiple GPUs (Graphics Processing
Units) have been proposed (Aida-Zade et al., 2017; Li et al., 2016).

Standard data analysis process consists of five phases: collecting,
preprocessing, selecting features, applying models & algorithms, and
reporting result(s). The collecting phase is an initial and important
step in data analysis. Researchers often consider it as not part of the
data analysis process. But, it is a critical step because collected data
are used to design and validate data analysis models. Although the
amount of data is not always a primary consideration in data analysis,
collecting a reasonable amount of data with multiple attributes is vital
to understanding the data fully by performing precise data analysis. If
the data sample size is small, it may not represent the whole popu-
lation of data groups or events. Thus, in such as case, the reliability
of designed models and analyzed results cannot be guaranteed. The
preprocessing phase removes redundancies and sanitizes unwanted
features in collected data. This is a process of cleaning unformatted
data and handling unwanted missing values. Depending on data types,
it is critical to apply an appropriate data preprocessing method (Famili
et al., 1997). Otherwise, unexpected or unreliable analysis results will
be determined. The selecting features phase is an essential step in data
analysis for improving data analysis performances. We believe that
the feature selection process cannot be done as a one-time process.
Instead, it needs to incorporate multiple feature selections. As shown
in Fig. 1, the feature selection could be an iterative process (d F,/dt)
of continuously determining a list of optimal features (F,) to boost
performance on machine learning models. It handles the complexity of
data by reducing the total number of features. With selected features,
data analysis can be performed to run computational algorithms as the
applying models & algorithms phase. When analyzing different types of
data, applying appropriate models or algorithms is critical to achieving
the best data analysis results. There is no specific logic that supports
us in selecting data analysis techniques or algorithms. But different
data analysis techniques are often considered depending on the type
of data. For instance, support vector regression, polynomial regression,
and linear regression are useful in analyzing continuous data. Instead,
logistic regression, k-nearest neighbors, support vector machine, Naive

Bayes, decision tree, and random forest are widely used to analyze
categorical data or the dataset that does not follow a uniform data
format (i.e., numerical or categorical). Alternatively, k-means, density-
based clustering, mean-shift clustering, expectation-maximization (EM)
clustering, and hierarchical agglomerative clustering (HAC) are used
to determine clusters (Tan et al., 2005). Lastly, the reporting result(s)
phase indicates the process of summarizing analysis results to highlight
the significance of applied or newly proposed algorithms. To achieve
a better performance result in data analysis, each phase needs to be
managed independently. Among them, selecting features and applying
models & algorithms phases are significant because they are closely
related to producing reliable data analysis results.

4. Proposed feature selection technique

Feature selection process is critical for improving the overall data
classification performance. It is important when performing large-scale
mixed attribute data analysis because it reduces the overall data anal-
ysis time by determining optimal features. However, finding optimal
features is not easy because high bias or variance can occur due to in-
adequately selected features. Our technique evaluates the performances
of each feature with a user-defined performance metric (y). Since a
performance metric depends on the purpose of the measurement and
the context of the problem being solved, evaluating the performance
with the user-defined metric is critical to assess the importance of
features. Various performance metrics are available such as Accuracy,
Precision, Recall, F1-score, AUC, and others. However, when analyzing
imbalanced mixed attribute data, accurate evaluation information is of-
ten not available because performance can be highly biased toward the
majority of classes. The most commonly used metrics for imbalanced
data analysis are receiver operation characteristics (ROC) analysis, the
area under the ROC curve (AUC), Precision, Recall, and F-measure (He
& Ma, 2013). To determine the best candidate features, it evaluates
classification model performances of a finite set of selected features.
Assuming that data (D) consists of n features (i.e., F = {f;},i =
{1,2,...,n}), it determines an optimal feature set (F, C F) yielding
increased performance score of S(-). For instance, if AUC is used as
a performance metric (y), S,(y) for F, is measured by calculating true-
positive rate (TPR) and false-positive rate (FPR) with generating the
corresponding ROC curve. With an initial F, = {}, F, = F,u{f;}.f, € F
is evaluated to find the next follow-up feature set. This process will be
continued until no more feature influences to increase the performance
score.

argmax S.(C, F,,y,T,) with F,={x;f;},F,CF
fieF,i={1,...,n}

Eq. (1) indicates the procedure of maximizing .S.(-) of classifier (C)
with y by evaluating candidate feature sets F,, in where 7, indicates
target class, f; represents feature, and x; denotes a vector of binary
variables by numbering features from 1 to n. The datasets include T,
information denoting 1 (creditworthy application)/0 (non-creditworthy
application) in the Australian dataset, 1 (good credits case)/2 (bad
credits case) in the German dataset, and 1 (abnormal transaction)/0
(normal transaction) in the UCSD-FICO dataset. If the feature f; is
selected as a candidate feature, x; sets to 1 as the following condition.

@

x;=0orl,

1, if f, €F,
X = i c ( 2)
0, otherwise
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Algorithm 1: Proposed feature selection technique
Data: input feature set (F = {f,, f5,..., f,}), target (T), classifier (C),
termination condition (A1)
performance metric (y), cross-validation (k), repetition check

(»
Result: determined optimal feature set (F,) and its performance score
(S,

F,«<@; /* optimal feature set */
S,(y) <03 /* performance score for F, x/
T 1 /* terminator */
while r OR F, # F do

Se(y) <0 /* tracking performance score */

Fy<#; /* tracking feature set for S, */

for I < 1 to |F| - |F,| do
Perform k-fold cross-validation with C, T, y for

F. <« FU{fi}.figF;
Compute S;(y) = 1(S;, (1) + -~ + S, () ;
if S,(y) < S;(y) then
Sy(y) < S[_(}’) 5
Fy < F,;

end

end

if Sy(y) — S,(y) > 4 then

if Sy(y) is repeated > p then
T<0; /* terminate if S,(y) appeared more

than p times */

else

S,(y) < Sy(y); /* update performance score */

F,« F,UF,; /*update optimal feature set */

end

else
| 7«0

end

end

Pseudocode for the proposed technique is presented in Algorithm
1. Six input parameters are needed as input feature set F, target class
T, classifier C, user-defined performance metric y and termination
condition A, k-fold cross-validation, and repetition check p. It evaluates
combined feature sets to determine an optimal feature set through
k-fold cross-validation with the metric y. Instead of continuously evalu-
ating all combined feature sets, it terminates the evaluation if no more
feature is selected to yield maximizing the performance score. Specif-
ically, it uses the termination condition (1) to determine whether the
measured performance score appears as a global maximum. Since our
proposed technique analyzes mixed attribute data by generating one-
hot encoded variables, a minor performance score fluctuation might
happen (causing local maximum) because of the pattern similarity
among the encoded variables. Local maxima peaks are often appeared
when performing feature sub-set selection (Kohavi & John, 1997). Thus,
finding the global maximum is important in analyzing mixed attribute
data. p is also needed to determine if the same performance score
appears multiple times.

5. Evaluation
5.1. Datasets

Three financial datasets, Statlog (Australian credit approval)
dataset, German credit dataset, and UCSD-FICO data mining contest
2009 dataset, are used for performance evaluation (Table 1). In the
rest of this paper, we will call them, for short, Australian dataset,
German dataset, and UCSD-FICO dataset, respectively. The Australian
dataset includes 690 credit card applications. All datasets are pro-
vided with anonymizing personal data to address the possibility of
disclosing private information. Since they are imbalanced datasets,
applying standard classification algorithms may not work well (He
& Garcia, 2009; He & Ma, 2013; Stefanowski, 2016). The German
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dataset includes loan approval information by assessing money lending
risk based on applicants’ demographic and socio-economic profiles. It
contains one thousand loan applicants with 1000 cases. It consists of
twenty attributes (7: numerical and 13: categorical). In detail, the data
includes financial standing (i.e., credit history), personal status and
gender information, employment status, and more. The UCSD-FICO
dataset includes real e-commerce transactions. It was designed as a
data analysis competition dataset to detect fraudulent or anomalous
activities. It includes 100,000 e-commerce transactions. It includes
nineteen attributes. The German and the Australian datasets are from
the UCI repository (Dua & Graff, 2017).

5.2. Data preprocessing

Most real-world data are incomplete or inconsistent, so applying
data analysis methods directly to the dataset can be challenging and of-
ten causes poor results. Commonly used data preprocessing techniques
are missing value treatment and categorical data transformation. If the
data contains missing values, they must be handled by simply remov-
ing them or replacing them with highly related information. Various
approaches have been proposed to replace the missing values (Rey-
del Castillo & Cardefiosa, 2012; Zhu et al.,, 2011). Replacing with
computed mean and median is commonly used. Using approximately
determined values is also considered broadly. The Australian dataset
contains missing values. But, they were already replaced with mode
and mean values of the data. The other two datasets do not include any
missing values. Thus, we did not apply any missing value treatments.
For categorical data, it is not always necessary to apply categorical data
handling methods because some existing data analysis techniques can
handle the data. However, it is important to use data transformation
to a more representative numerical format when analyzing mixed
attribute data. When converting categorical values to numerical forms,
a simple approach is replacing each categorical value with an integer
value. However, it adds unnecessary ordering to the categorical values
(for example, “saving account” as 1, “checking account” as 2, and
“money market account” as 3). Since the three datasets that we used
in our study include categorical values with no ranking or ordering
information, one-hot encoding (Cerda et al., 2018; Szczepariska, 2011)
was applied. It generates one-hot encoded variables to replace each cat-
egorical variable to represent each categorical value while preserving
its own characteristics. For instance, assuming that the “account type*
variable has three values as “saving account”, “checking account”, and
“money market account”, three new binary variables are created for
each account type with a binary value of 1 or 0, indicating the existence
of each account. For the German, the Australian, and the UCSD-FICO
datasets, 52, 32, and 54 encoded variables are generated, respectively.

5.3. Performance testing

Performance evaluation was managed with five machine learning
classifier algorithms: SVM, LR, DT, RF, and KNN. For our performance
evaluation, SVM was used with Laplace Radial Basis Function (RBF)

2
kernel (K(x;,x )= exp(—@)). LR was used to estimate the prob-
ability of an event occurring with L2 regularization. For running DT
and RF, Gini impurity was measured to determine optimal splits in
tree nodes. KNN ran with euclidean distance to determine five nearest
neighbors. We compared the proposed technique with other feature
selection techniques, including MI and ANOVA F-test. For running the
proposed technique, 4 and p are empirically determined as 0.01 and
4, respectively. PCA was also used to compare the classification perfor-
mances with selecting k principal components as possible features (Guo
et al., 2002). For our evaluation, 10-fold cross-validation was applied.
Five evaluation metrics were utilized to understand the efficiency of
the proposed technique. Specifically, precision, recall (i.e., sensitivity),
Fl-score, accuracy, and AUC were used to measure the performances
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Table 1
Datasets used in our performance evaluation study.
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Normal

Abnormal

Attributes

Australian credit approval dataset
German credit dataset
UCSD-FICO data mining contest 2009 dataset

307 creditworthy applications
700 good credits cases
97,350 normal transactions

383 non-creditworthy applications
300 bad credits cases
2650 anomalous transactions

14 attributes (5: numerical and 9: categorical)
20 attributes (7: numerical and 13: categorical)
19 attributes (17: numerical and 2: categorical)

Overall performance improvement (percentage) with the proposed technique compared to other feature selection techniques.

F1-score

Accuracy AUC

Table 2
Precision Recall
German 2.60% + 1.28% 7.90% + 3.61%
Australian 7.01% =+ 2.36% 14.67% + 14.02%
UCSD-FICO 6.60% + 6.46% 4.97% + 1.28%

1.95% + 1.21%
8.88% + 8.62%
21.25% + 4.43%

3.00% =+ 1.45% 21.25% + 4.43%
6.01% + 4.89% 6.25% + 6.15%
0.12% =+ 0.14% 1.88% + 0.45%

of the techniques. Among them, measuring AUC is important for ana-
lyzing imbalanced data because it summarizes the trade-offs between
sensitivity and specificity measures through the receiver operating
characteristic (ROC) curve. Fig. 2 presents the performance results.
To understand the classification performance differences among the
datasets, the mean and standard deviation of all classification algo-
rithms were calculated. For the German dataset, we found average
classification results as precision = 0.77 + 0.05, recall = 0.93 +0.03, F1-
score = 0.82 + 0.03, accuracy = 0.73 + 0.04, and AUC = 0.73 + 0.04. There
were small performance variances depending on the applied machine
learning algorithms with the different feature selection techniques.
For instance, all raw and PCA features showed lower performances in
most algorithms. But, a slightly better performance result was observed
when using all raw and PCA features with RF. With different metrics,
we found a performance improvement with our proposed technique
compared to other feature selection techniques. For the Australian
dataset, the average performance results were determined as precision
= 0.82 + 0.05, recall = 0.80 + 0.20, Fl-score = 0.77 + 0.14, accuracy
= 0.82 + 0.07 and AUC = 0.87 + 0.08. We observed high variance
performance results for the recall, Fl-score, and AUC metrics when
using all raw and PCA features with SVM, DT, and KNN because of
high false negatives. We also observed much lower performances with
the SVM, DT, and KNN algorithms when the raw and PCA features were
used. While it is inconclusive, we suspect that the reason may be asso-
ciated with high false-negative rates. When comparing the performance
differences between the German and the Australian datasets, we found
the overall performance result for the Australian dataset was slightly
better, especially when using the accuracy and AUC metrics. We also
identified that the performance result with the precision metric was
high (on average) in the Australian dataset. But, the German dataset
showed a better performance result for the recall metric. This would
be because of relatively lower false positives in the Australian dataset
and lower false negatives in the German dataset. Detailed performance
results are added in Tables A.1-A.3 in Appendix.

For the UCSD-FICO dataset, we found much lower performance
results (less than 50%) when evaluating the dataset with the recall
and fl-score (see Fig. 2(f) and (i)). Identifying fraudulent activities in
the UCSD-FICO dataset is difficult because very few instances indicate
fraudulent activities (less than 3%). Because of the high similarity
between normal and fraudulent activities, most machine learning algo-
rithms cannot correctly classify them. In our study, we observed high
accuracy (close to 100%) when analyzing the dataset. But, since the ac-
curacy is computed based on evaluating the proportion of true positives
and negatives in the dataset, it may not be a good indicator, especially
when analyzing highly imbalanced datasets. This would be because the
impact of least represented examples (i.e., fraudulent activities in the
UCSD-FICO dataset) is relatively minor compared to the majority of
instances when running machine learning algorithms (Branco et al.,
2016). Based on the comparison of the AUC results, the Random
Forest algorithm showed slightly better performance (see Fig. 2(0)).
Overall, from the analysis, we found a better performance result with
the proposed technique than with others. Among the different feature

selection techniques, we also observed that the performance results of
the feature selection techniques (using PCA and no feature selection)
were generally low for all machine learning algorithms.

Although the datasets we used in this study are imbalanced, we
found improved classification performance with feature selection tech-
niques. Table 2 also shows average performance improvement with
the proposed technique using different metrics. Although classification
performance closely depends on applied classification algorithms, our
proposed technique showed a slightly better performance. As explained
above, there was a high variance in the performance results with
the Australian dataset, especially when running SVM, DT, and KNN
with PCA and without applying any feature selection techniques. Due
to this reason, high standard deviations were observed when using
recall, F-1 score, and AUC metrics in the Australian dataset. For the
UCSD-FICO dataset, we also found a high standard deviation using DT
with the precision metric for PCA and no feature selection technique.
The lower performance results with the Fl-score were caused by the
performance difference of the precision or recall metric because the F1-
score represents the weighted average of precision and recall. Overall,
we noticed a performance improvement with our proposed technique
in analyzing all three datasets.

Fig. 3 presents the total number of features determined by different
feature selection techniques producing maximum performances ap-
peared in Fig. 2. “No feature selection” in the figure indicates using all
features for classifications. As mentioned above, MI and ANOVA F-test
are used as they are broadly known feature selection techniques. PCA
is a commonly used feature extraction technique because it extracts k
principal components ranked from the input features by the importance
of each variable contributing with varying degrees of components. In
our study, PCA was used as an alternative feature selection approach for
testing different principal components to improve the overall classifica-
tion performances. When evaluating the German dataset, fewer features
were selected, producing the highest performances with the precision
and recall metrics for all machine learning algorithms. For evaluating
the Australian dataset, our proposed technique used one or two more
features to produce maximum performance. When analyzing the UCSD-
FICO dataset, we discovered that fewer features were required to
produce high classification performances with SVM with our proposed
technique, specifically with the metrics of prediction, recall, F-1 score,
and accuracy. With the AUC metric, we found a minor difference
between our proposed technique (five features) and MI (four features),
producing similar performances as 0.714 (our proposed technique) and
0.711 (MI) (see Fig. 2(n)). For analyzing the German dataset with KNN,
our proposed feature selection technique required nine features, but
other feature selection techniques used four to eight features.

When evaluating the classification performances, we found that
several features were commonly selected in most classification algo-
rithms. In detail, four to five features determined with the proposed
technique were selected by other feature selection techniques for run-
ning SVM, LR, RF, and KNN. But, fewer features (about two to three)
were selected with MI for the DT classification algorithm. DT measures
the impurity of data to determine purity for generating a tree. Since
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Fig. 2. Performance evaluation results with five metrics as precision, recall, F1-score, accuracy, and AUC with the five different feature selection techniques. No feature selection

® No Feature Selection

indicates the performance evaluation conducted without applying any feature selection techniques.

many variables develop more splits that result in a bigger depth of
a generated tree, it often causes an overfitting problem with poor
classification performance (Oates & Jensen, 1997). Therefore, in DT,
maximum performance is often produced using fewer features. As

uPCA

= ANOVA F-test

discussed above, MI has been used broadly as a good feature selection
technique. It measures information gain to determine dependencies
between variables. Thus, MI has been used as an alternative method
to evaluate the purity of nodes in DT (Nowozin, 2012). Due to the
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Fig. 3. Determined total number of features with different feature selection techniques, producing high classification performances as shown in Fig. 2. All raw features indicate
the total number of input features.

similarity between MI and DT, performance degradation may exist by
determining less number of features. But, further study is required to
validate this relationship. When analyzing classification performances

with different feature selection techniques by differentiating numer-
ical and categorical variables, we observed our proposed technique
determined about two ~ three variables among numerical variables to
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Fig. 4. Average time computation of using different feature selection techniques with five classification algorithms.

legend, the reader is referred to the web version of this article.)

produce maximum performances in all classification algorithms. But,
other feature selection techniques used mostly numerical variables for
maximum performance in classification algorithms (except DT).

Overall, there was no correlation between performance results and
the number of features because our analysis mainly focused on deter-
mining the total number of features to produce maximum classification
performance. Instead, to understand the difference among the feature
selection techniques, we utilized a visualization approach to understand
the distributions of instances (see the following section).

5.4. Complexity evaluation

As discussed above, our proposed technique determines the best
possible feature to produce maximum performances for mixed attribute
data. Evaluating the performance of each feature takes more time
depending on the size and number of features in the data. Since the
technique also includes k-fold cross-validation when evaluating each
feature, measuring the complexity of the technique is closely depen-
dent on the defined cross-validation. Thus, with the consideration of
using the cross-validation, the proposed technique requires the time
complexity of O(knlogn). In the worst case, it takes O(kn?).

Fig. 4 shows the average computational time of our proposed tech-
nique compared with other techniques. For a fair comparison, all fea-
ture selection techniques were performed with 10-fold cross-validation
to determine the optimal number of features. When no feature selection
was applied, it required less classification time (see red color in the
figure). As shown in Section 5.3, our proposed technique showed
an improved classification performance. But, we found that it re-
quired more computational time when determining optimal features
(see Fig. 4). In general, the classification training time complexity of
SVM is O(n®). It is much higher than other methods (Tsang et al.,
2005). Among the classification algorithms, LR, DT, RF, and KNN
takes training time complexity of O(nm), O(nlog(n)m), O(knlog(n)m), and
O(knm), respectively (Shalev-Shwartz & Ben-David, 2014; Witten et al.,
2011). n indicates the number of instances, and m denotes the number
of features. For KNN, it determines k nearest neighbors. For RF, k
represents generated number of trees. Interestingly, in our study, RF
took more computation time than others, especially when analyzing the
German and Australian datasets. RF is an ensemble tree-based learning
algorithm that builds many individual trees with bootstrapping (Schon-
lau & Zou, 2020). Thus, it took more computational time but produced
more accurate results than DT. We also found that when the data size
was small (i.e., the German and Australian datasets), RF required more
computational time than SVM (see Fig. 4(a) and (b)). But, for the UCSD-
FICO dataset, more computational time was required because the scale
of the data was large (see Fig. 4(c)). We also found an interesting result
as our proposed technique with KNN took more computational time

m No Feature Selection

PCA =M ANOVA F-test

(For interpretation of the references to color in this figure

than other classification algorithms. Although the primary cause of this
was not explainable, it is worth having a further study. But, since it is
not a major part of this study, we will leave it as future work.

6. Discussion

As shown above, different performance results were observed de-
pending on applied machine learning algorithms. The differences may
occur due to each algorithm’s distinctive characteristics in classify-
ing different imbalanced mixed datasets. To illustrate the differences
among the feature selection techniques, we applied a visualization
approach. Since the datasets include high dimensional attributes, a
dimension reduction technique is considered to plot the data. In the
visualization community, various dimensional reduction techniques,
such as PCA, MDS, and LDA, are used to represent high-dimensional
data into a lower-dimensional space (i.e., 2D space). While PCA is the
most popular method for visually representing high-dimensional data,
it must satisfy the linearity of the data requirement. Since our study
analyzes mixed-attribute data, it may require a non-linear dimension-
ality reduction. Therefore, t-distributed stochastic neighbor embedding
(t-SNE) is better suited to show the difference among the feature
selection techniques. t-SNE is an unsupervised, non-linear technique
that visualizes high-dimensional data into a lower-dimensional space
by calculating a similarity measure between pairs of instances (van der
Maaten & Hinton, 2008).

Fig. 5 shows visual representations with t-SNE. A simple color map-
ping was used to represent good credit (blue) and bad credit (red) for
the German credit dataset, creditworthy (blue) and non-creditworthy
(red) for the Australian credit approval dataset, and normal activity
(blue) and fraudulent activity (red) for the UCSD-FICO dataset, re-
spectively. t-SNE uses a stochastic neighbor embedding technique, and
similar instances are placed in a nearby location with high probabil-
ity. That is, related instances will be positioned close to each other
based on highly relevant features determined by a feature selection
technique. For the Australian dataset, we identified that creditworthy
instances appeared on the right side of the display space (see Fig. 5(b)).
Overall, with t-SNE, we found clear patterns and differences in the
German and Australian datasets. However, we observed dense repre-
sentations for the UCSD-FICO dataset because of large data instances
(102,650). Due to the dense patterns, it was difficult to determine
distinctive differences among different feature selection techniques.
With regard to different feature selection techniques, raw features
(i.e., no feature selection technique) and PCA features showed similar
visual representations. For the German dataset, three curvy lines were
generated. And, we identified that non-creditworthy instances mostly
appeared in separated clusters for the Australian dataset. Although
many non-creditworthy applicants in the Australian dataset appeared
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Fig. 6. A performance (AUC) comparison between the German and Australian datasets on different feature selection techniques including Chi-squared test.

Table A.1
Performance evaluation result for the German dataset.
SVM LR DT RF KNN
Proposed technique 0.72 + 0.05 0.78 + 0.06 0.81 + 0.05 0.81 + 0.06 0.85 + 0.04
No feature selection 0.71 + 0.05 0.79 + 0.05 0.77 + 0.06 0.77 + 0.07 0.72 + 0.06
Precision PCA 0.71 + 0.05 0.80 + 0.06 0.79 + 0.04 0.78 + 0.05 0.72 + 0.06
MI 0.72 + 0.05 0.80 + 0.06 0.80 + 0.05 0.79 + 0.05 0.79 + 0.05
ANOVA F-test 0.71 + 0.06 0.80 + 0.05 0.80 + 0.04 0.80 + 0.05 0.77 + 0.04
Proposed technique 1.00 + 0.00 1.00 + 0.00 1.00 + 0.00 1.00 + 0.00 1.00 + 0.00
No feature selection 0.99 + 0.01 0.87 + 0.05 0.74 + 0.04 0.92 + 0.03 0.85 + 0.03
Recall PCA 0.98 + 0.02 0.98 + 0.02 0.80 + 0.05 0.96 + 0.02 0.85 + 0.03
MI 1.00 + 0.00 0.94 + 0.02 0.94 + 0.02 0.99 + 0.01 0.88 + 0.05
ANOVA F-test 0.98 + 0.01 0.96 + 0.08 0.94 + 0.09 0.98 + 0.06 0.87 + 0.13
Proposed technique 0.84 + 0.03 0.84 + 0.04 0.84 + 0.04 0.84 + 0.03 0.83 + 0.03
No feature selection 0.83 + 0.04 0.83 + 0.04 0.75 + 0.04 0.84 + 0.04 0.78 + 0.04
F1-score PCA 0.82 + 0.04 0.83 + 0.03 0.78 + 0.03 0.85 + 0.03 0.78 + 0.04
MI 0.83 + 0.03 0.84 + 0.04 0.82 + 0.03 0.85 + 0.03 0.81 + 0.05
ANOVA F-test 0.83 + 0.04 0.84 + 0.04 0.80 + 0.05 0.85 + 0.04 0.81 + 0.05
Proposed technique 0.75 + 0.05 0.77 + 0.05 0.76 + 0.04 0.75 + 0.05 0.75 + 0.04
No feature selection 0.71 + 0.05 0.75 + 0.05 0.67 + 0.04 0.75 + 0.06 0.66 + 0.06
Accuracy PCA 0.71 + 0.05 0.76 + 0.04 0.70 + 0.04 0.77 = 0.05 0.66 + 0.06
MI 0.71 + 0.03 0.75 + 0.05 0.72 + 0.06 0.78 + 0.05 0.72 + 0.05
ANOVA F-test 0.71 + 0.05 0.76 + 0.05 0.71 + 0.03 0.77 + 0.05 0.73 + 0.06
Proposed technique 0.76 + 0.05 0.80 + 0.05 0.75 + 0.04 0.76 + 0.05 0.74 + 0.04
No feature selection 0.56 + 0.09 0.79 + 0.04 0.62 + 0.05 0.79 + 0.03 0.58 + 0.03
AUC PCA 0.58 + 0.07 0.79 + 0.04 0.64 + 0.06 0.80 + 0.04 0.58 + 0.03
MI 0.73 + 0.07 0.79 + 0.04 0.71 + 0.04 0.80 + 0.03 0.70 + 0.05
ANOVA F-test 0.73 + 0.07 0.80 = 0.04 0.72 + 0.07 0.80 + 0.03 0.70 + 0.07

at the bottom (see red dots in Fig. 5(n)), the distinction was still not
clear with the ANOVA feature selection. We identified similar results
between our proposed and the MI feature selection techniques.

Chi-Squared 4?2 test (Alelyani et al., 2014) is a widely used su-
pervised feature selection technique. It is often utilized to analyze
categorical or mixed-attribute data. It measures the statistical depen-
dencies of variables to determine the likelihood of correlation between
attributes. We applied the Chi-Squared test to extract features in the
German and Australian datasets. However, it works with non-negative
features. Since the UCSD-FICO dataset includes negative values, it was
not included in the comparison. Fig. 6 shows AUC performance results
with different feature selection techniques. We expected similar perfor-
mances between MI and Chi-squared test because they are related, often
resulting in approximately equivalent rankings and yielding similar
results (Ferndndez-Garcia et al., 2019; Richter et al., 2019). However,
we found interesting results between MI and Chi-squared test. In detail,
similar performance results were observed when running LR and RF.
But, MI showed better performance results with SVM, DT, and KNN.
Based on the Pearson correlation coefficient measure, we also found a
high similarity (p < .001) among the three feature selection techniques
(i.e., no feature selection, PCA, and Chi-squared test).
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7. Conclusion and future work

Feature selection is critical in data analysis because it can improve
data classification performance. Due to this reason, various feature
selection techniques have been proposed. Although they are well de-
signed to select features, most feature selection techniques only handle
the same data attribute (categorical or numerical). This paper presents
a new feature selection technique to analyze mixed attribute data. It
determines features with a user-defined computational algorithm and
a specified performance criterion. Three imbalanced financial datasets
were used to evaluate the effectiveness of the proposed technique.
From the evaluation study, we found a performance improvement in
classifying instances. Although our proposed technique is good at clas-
sifying financial datasets, an extensive evaluation should be performed
to determine the effectiveness of the technique. Thus, we plan to extend
our evaluation study with varying types of datasets and numerous
feature selection techniques.

Since our proposed feature selection technique evaluates all features
to determine a list of optimal features that boost classification per-
formances, it often requires a high computational cost. Thus, for our
future work, we plan to extend our study of addressing the limitation
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Table A.2
Performance evaluation result for the Australian dataset.
SVM LR DT RF KNN
Proposed technique 0.87 + 0.16 0.88 + 0.08 0.88 + 0.07 0.88 + 0.06 0.86 + 0.17
No feature selection 0.75 + 0.20 0.82 + 0.09 0.77 + 0.10 0.87 + 0.08 0.69 + 0.07
Precision PCA 0.75 + 0.20 0.86 + 0.09 0.74 + 0.08 0.87 + 0.06 0.69 + 0.07
MI 0.78 + 0.08 0.84 + 0.08 0.82 + 0.07 0.87 + 0.08 0.80 + 0.09
ANOVA F-test 0.82 + 0.09 0.79 = 0.08 0.81 + 0.08 0.87 = 0.09 0.81 + 0.10
Proposed technique 0.94 + 0.03 0.93 + 0.04 0.94 + 0.03 0.94 + 0.03 0.94 + 0.03
No feature selection 0.30 + 0.13 0.85 + 0.05 0.79 + 0.06 0.84 + 0.07 0.57 + 0.07
Recall PCA 0.30 + 0.13 0.89 + 0.05 0.75 + 0.08 0.84 + 0.06 0.58 + 0.07
MI 0.92 + 0.04 0.93 + 0.04 0.91 + 0.04 0.92 + 0.03 0.87 + 0.09
ANOVA F-test 0.93 + 0.04 0.92 + 0.04 0.92 + 0.04 0.92 + 0.04 0.88 + 0.10
Proposed technique 0.86 + 0.06 0.87 = 0.06 0.86 + 0.06 0.87 = 0.05 0.85 + 0.06
No feature selection 0.42 + 0.17 0.84 + 0.06 0.78 + 0.07 0.85 + 0.06 0.62 + 0.06
Fl-score PCA 0.42 + 0.17 0.86 + 0.06 0.74 + 0.05 0.85 + 0.05 0.63 + 0.06
MI 0.85 + 0.05 0.86 + 0.05 0.84 + 0.06 0.86 + 0.06 0.83 + 0.05
ANOVA F-test 0.85 + 0.06 0.85 + 0.06 0.85 + 0.06 0.87 + 0.06 0.83 + 0.06
Proposed technique 0.88 + 0.04 0.88 + 0.04 0.88 + 0.05 0.88 + 0.04 0.86 + 0.05
No feature selection 0.65 + 0.06 0.85 + 0.05 0.80 + 0.07 0.87 + 0.05 0.70 + 0.04
Accuracy PCA 0.65 + 0.06 0.87 + 0.04 0.77 + 0.06 0.87 + 0.04 0.70 + 0.04
MI 0.85 + 0.05 0.87 + 0.06 0.85 + 0.06 0.88 + 0.05 0.84 + 0.05
ANOVA F-test 0.86 + 0.05 0.86 + 0.05 0.86 + 0.05 0.88 + 0.05 0.85 + 0.05
Proposed technique 0.91 + 0.04 0.93 + 0.03 0.93 + 0.03 0.93 + 0.03 0.92 + 0.03
No feature selection 0.69 + 0.10 0.92 + 0.03 0.80 + 0.06 0.93 + 0.03 0.72 + 0.04
AUC PCA 0.69 + 0.10 0.92 + 0.03 0.77 + 0.04 0.91 + 0.04 0.73 + 0.04
MI 0.89 + 0.05 0.93 + 0.03 0.91 + 0.04 0.94 + 0.02 0.90 + 0.04
ANOVA F-test 0.91 + 0.03 0.92 + 0.03 0.91 + 0.04 0.93 + 0.03 0.90 + 0.03
Table A.3
Performance evaluation result for the UCSD-FICO dataset.
SVM LR DT RF KNN
Proposed technique 0.82 + 0.03 0.83 + 0.04 0.83 + 0.03 0.82 + 0.02 0.82 + 0.03
No feature selection 0.81 + 0.05 0.81 + 0.05 0.38 + 0.04 0.80 + 0.02 0.66 + 0.03
Precision PCA 0.81 + 0.05 0.81 + 0.05 0.46 + 0.05 0.81 + 0.02 0.66 + 0.04
MI 0.82 + 0.03 0.81 + 0.05 0.81 + 0.03 0.81 + 0.03 0.80 + 0.04
ANOVA F-test 0.82 + 0.03 0.81 + 0.05 0.82 + 0.03 0.82 + 0.03 0.82 + 0.03
Proposed technique 0.27 + 0.04 0.18 + 0.03 0.51 + 0.04 0.54 + 0.04 0.46 + 0.03
No feature selection 0.19 + 0.03 0.18 + 0.03 0.43 + 0.04 0.40 + 0.03 0.42 + 0.03
Recall PCA 0.19 + 0.03 0.18 + 0.03 0.45 + 0.05 0.45 + 0.04 0.45 + 0.03
MI 0.27 + 0.04 0.18 + 0.03 0.46 + 0.05 0.45 = 0.04 0.41 + 0.03
ANOVA F-test 0.27 + 0.04 0.18 + 0.03 0.43 + 0.04 0.42 + 0.05 0.42 + 0.03
Proposed technique 0.40 + 0.05 0.30 + 0.04 0.51 + 0.03 0.63 + 0.03 0.55 + 0.03
No feature selection 0.31 + 0.05 0.29 + 0.04 0.40 + 0.04 0.53 + 0.03 0.51 + 0.03
Fl-score PCA 0.31 + 0.05 0.30 + 0.04 0.46 + 0.04 0.57 + 0.03 0.53 + 0.02
MI 0.40 + 0.05 0.30 + 0.04 0.43 + 0.04 0.56 + 0.04 0.51 + 0.03
ANOVA F-test 0.40 + 0.05 0.30 = 0.04 0.42 + 0.03 0.54 + 0.03 0.51 + 0.03
Proposed technique 0.98 + 0.00 0.98 + 0.00 0.98 + 0.00 0.98 + 0.00 0.98 + 0.00
No feature selection 0.98 + 0.00 0.98 + 0.00 0.97 + 0.00 0.98 + 0.00 0.98 + 0.00
Accuracy PCA 0.98 + 0.00 0.98 + 0.00 0.97 + 0.00 0.98 + 0.00 0.98 + 0.00
MI 0.98 + 0.00 0.98 + 0.00 0.98 + 0.00 0.98 + 0.00 0.98 + 0.00
ANOVA F-test 0.98 + 0.00 0.98 + 0.00 0.98 + 0.00 0.98 + 0.00 0.98 + 0.00
Proposed technique 0.71 + 0.02 0.79 + 0.02 0.80 + 0.01 0.84 + 0.02 0.78 + 0.02
No feature selection 0.71 + 0.03 0.78 + 0.02 0.71 + 0.02 0.83 + 0.02 0.77 + 0.02
AUC PCA 0.71 + 0.02 0.78 + 0.02 0.73 + 0.02 0.83 + 0.02 0.78 + 0.02
MI 0.71 + 0.02 0.78 + 0.02 0.73 + 0.02 0.84 + 0.02 0.77 + 0.02
ANOVA F-test 0.71 + 0.03 0.78 + 0.02 0.75 + 0.03 0.84 + 0.02 0.77 + 0.02

by utilizing high computing resources to speed up the evaluation of
features. Specifically, the utilization of parallel distributed computing
is considered to evaluate features in multiple computing nodes simul-
taneously. In detail, a known distributed processing system (called
Apache Spark Zaharia et al.,, 2016) will be used to evaluate clas-
sification performances depending on features. Since it is designed
using a MapReduce model to support in-memory cluster computing
with providing distributed machine learning framework, it speeds up
the data analysis process through cloud-based parallel operations by
utilizing numerous computing nodes. In addition, due to the size of
the two datasets is small. We plan to extend our study to applying the
proposed technique into various large scale datasets.
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