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Combining feature selection technique and classification method are widely used in the
improvement of the predictive performance of classifiers. Not so many studies have been
able to highlight the importance of prediction that selects a perfect combination of feature
selection and classification techniques for certain performance measures. Accordingly, for
this research, we intend to select the highest ranked results from the combinations of four
concepts adopted as feature selection methods and two classification techniques utilizing a
multi-criteria decision support model based on three credit datasets. The feature selection
methods considered are t-test, correlation, entropy measures, similarity and entropy
measures which are implemented before prediction. Logistic regression and K- Nearest
Neighbour (KNN) are used as classifiers. Accuracy and specificity performance measures
were utilized for evaluating the results of the classifiers. Weighted Sum Model (WSM) was
used as the Multi-Criteria Decision Making (MCDM) support model for selecting the
highest ranked combination concerning the impact of feature selections and classification
methods on performance measures. Three dissimilar credit datasets were used to
experiment and administer a solid outcome which is namely Australian, German, and
Japanese creditdatasets. The results of this study are borne out of minimizing feature
selected and maximizing performance measure in the ranking phase for the data utilized in
experimentation. The results achieved when all four feature selection methods are combined
with the two classifiers based on threedatasets describe in previous paragraph are ranked
based on performance measure metrics accuracy and specificity. The highest ranked

combination for Australian credit data set when the process described in previous



paragraph is considered for accuracy performance measure is t-test and LogisticRegression
(LR). Similar approach was used in ranking the combination for specificity performance
measure for Australian data set, where the highest ranked is achieved with combination of
t-test and both classifiers explored for this study. Similar approach is also use for German
credit data set as described for the Australian credit dataset. The results achieved for
accuracy performance measure in German credit dataset is entropy measure combine with
LR. Same approach was utilized for specificity performance measure for German credit
data and the result shows that the highest ranked combination is with entropy measure and
KNN. Japanese credit dataset ranking method alsofollows the German credit dataset, where
the result shows that for accuracy performance measure similarity and entropy measure
and LR is the highest ranked. Similarly, the highest ranked for specificity performance
measure for Japanese credit data is the combination of Similarity and entropy measure with
LR. The results give an overview on reasons to use both feature selections and
classifications methods when predicting using credit datasets. As seen in almost all data
sets outcomes, when feature selection is not in place the performance result of a
classification technique is affected tremendously. Classification method without feature
selection method ranked the lowest for all the credit datasets. Therefore, using feature
selection and classification method is vital when performance measure is of outmost

importance.
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1. INTRODUCTION

The goal of this research is to rank the results that is achieved from the combination of chosen
feature selections and classification method using three datasets, namely Australian,German,
and Japanese. To get the desired ranking MCDM model was use as a ranking method, where

the specific model utilized was WSM.

1.1. Background

Data mining is a concept that is associated with discovering the techniques and patterns in a
large database to guide decisions relating to future activities (Pal, 2013). Data mining was first
mentioned in the academic literature by Lovell in 1983 and academicians started to use the term
(Lovell, 1983). Data mining concepts cut across numerous concept descriptions like clas-
sification, prediction, and clustering (Pal, 2013). Predicting the outcome of a future occurrence
or event is essential for handling eventualities that might arise from it. Prediction tasks can be
implemented in machine learning by using either a classification or regression algorithm in the
form of supervised learning. Financial risk prediction has been a major topic for years because
of its huge importance. Bankruptcy prediction or default is widely discussed in financial risk
management due to the number of bankruptcies continuously outnumbering non-bankruptcies
(Song and Peng, 2019). The results of this process are important for both businesses and indi-
viduals in the context of day-to-day activities. Nevertheless, practitioners and researchers find

ways to continuously improve the accuracy of results achieved in the process of prediction.

Numerous attempts have been utilized in the improvement of prediction results, where the use
of feature selection method is one of them. In the feature selection method, features are selected
manually or automatically which impacts most to desired prediction variable. The improvement
is achieved because of the removal of irrelevant features that might affects the accuracy of

classification negatively.

Fuzziness measure is described as the distinction between fuzzy sets and their complement,
where a fuzzy subset is defined as that with a constant membership function that equals to 0.5
(Delgado et al., 1998). The inferential statistic is another method adopted in the feature selec-
tion method and is defined as a method computed for the aim of generalizing the findings from
a sample to the whole population of the study (Allua and Thompson, 2009). We utilized entropy

measure, and similarity and entropy measure as a feature selection method from fuzziness



measure to improve prediction outcome. Similarly, for inferential statistics, t-test and correla-
tions are explored. The method stated in the previous paragraph focuses on improving predic-

tion performance only.

Ranking the combination of feature selection methods and classifiers concerning performance
measure are carried out using multi-criteria decision support model. To do this, a multi-criteria
decision-making model was utilized to compare the result from each feature selection method's
combination with the classification algorithm. Focusing on two peculiar performancemeasures
in prediction, which are accuracy and specificity. MCDM is defined as a decision- making
process that is concerned with outlining problems related to numerous criteria, whereit is vital
to resolve the design of the problem and directly assess numerous criteria (Aruldoss et al.,
2013). The MCDM explored in this study is the Weighted Sum Method (WSM), wherethe
ranking of all method combinations is carried out for selection.

1.2 Research question, motivation, objectives, and delimitation

Numerous research carried out in the field of machine learning highlight only the importance
of feature selection usage with classifier in the improvement of classifier performance meas-
ure. Most of the research focuses more on the performance measure value without creating a
clear connection or linkage on how features selected impact the performance measure of the
classifier. As a result of the lack of concrete connection between feature extracted and classi-
fier performance measure in literature, the research question intends to create ways in under-
standing the relationship between both concepts of feature selection and performance measure
which in turn leads to selecting the best from the list of method available in research. Our
research question is selecting the highest ranked feature selection method that com- bines well
with classifier based on decision making model through minimizing feature selected in a data

and gets a good, maximized performance measures result?

This work is motivated by the possibilities of understanding the feature selection method and
classifier outcome beyond just the value achieved when performance measures are calculated.
We believe the impact of feature selected in prediction can be understood more in-depth when
subjected to a decision-making model. Application of MCDM model on the performance result
achieved during from both feature selection and classification techniques are ranked based on
WSM score.

10



The objectives of this research was to ranked the performance of feature selection method and
classification method based on their performance measure outcome and number of features

utilized in achieving it

To achieve the objectives, the number of features used was based on the feature selected
method selected and the classifier performance measure result from accuracy and specificity
calculated is subjected to the MCDM model. Aruldoss, Lakshmi & Venkatesan (2013) defines
WSM as an MCDM method that is utilized for examining several alternatives concerning nu-
merous criteria that are reported in a similar unit. Results from our analysis on the experi-
mented data show that when less data is selected in classification phase, value of performance
measure improves. The selected alternatives from the combination are determined by the high-
est-ranked WSM score from all alternatives concerning individual data set, and performance
metrics accuracy and specificity.

1.3 Organization of work

This report is divided into chapters, where each chapter has its elements and still part of the

whole report.

Chapter 2 performs a literature review on recent advances in prediction study particularly

related to data mining techniques, feature selection, and ranking using MCDM.

Chapter 3 provides a theoretical background to understand the basics of feature selection
methods which include t-test, correlation, entropy measure, and similarity and entropy
measures. Basic development of classification algorithms which include Logistic regression
and KNN. MCDM model type like weighted sum model was described based on the usage and

development.

Chapter 4 deals with the implementation of the proposed methodology. starting from the data
pre-processing, variable selection, building models, and calculation of the performance meas-

ure of the model built mainly accuracy and specificity.

Chapter 5 provides an analysis of the results based on the number of features selection and
results from two performance measures for feature selection and classification method. The

outcomes from such a combination are also ranked using the WSM model.

Chapter 6 concludes the report with the discoveries, constraints, and possible extension of

11



this research in the future.
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2 LITERATURE REVIEW

This chapter focuses on recent research in prediction using data mining techniques, feature
selection, and multi-criteria decision-making model methods.

2.1 Prediction using data mining techniques

Canbas et al. (2005) utilized Discriminant Analysis (DA) and Logistic Regression (LR) to
predict commercial bank failure. The selected data sets explored in the study are within the
year range between 1994 to 2001 and includes the financial ratios of 40 privately owned Turk-
ish commercial banks. They formulated the problem by using financial ratios as independent
variables to evaluate the model. Principal Component Analysis (PCA) was constructed to be
utilized as an integrated early warning signs system (IEWS), where it aids better understand-
ing of the relationship and pattern between financial ratios. The PCA was designed primarily
to select important financial factors that explain the most needed changes in the financial sit-
uations of banks. Three common factors were extracted using PCA through calculation of the
percentage of total variances explained by each factor. Furthermore, estimation of factor score
was carried out for all banks corresponding to three factors decided, and the scores achieved
are used as an independent variable in evaluating all three-model used. Every parametric
model was combined to create IEWS that has a high predictive capacity to separate banks that
are in distress or not. To understand the explanation of financial factors varimax factor rotation

technique was explored in PCA in this literature.

Kou et al. (2020) utilized the Linear Discriminant Analysis LDA, Logistic Regression (LR),
Support Vector Machines (SVM), Decision Tree (DT), Random Forest (RF), eXtreme Gradi-
ent Boosting (XGB), Neural Networks (NN) in creating models for small and medium-sized
enterprises (SMEs) that uses transactional data and payment network-based variable in a sit-
uation where accounting data is needed. The model was developed by making use of account-
ing-related financial ratios. A two-process multi-objective feature selection was developed to
enhance the number of features and model classification accomplishment. Feature selection

helps to avoid the issue of high dimension problems as this reduces model interpretation and
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improves feature acquisition cost. For the first process, the importance between features and
labels is ranked based on their relevance through integrating the four most used methods which
are Chi-Square, Relief, Information gain, and gains ratio. The second process, feature selec-
tion was aimed to get a concise subgroup that enhances model understanding and achievement
from the best subgroup from the first process. The model achievement they consider was AUC
(Area Under the Curve) and model profit, where the main interest was centred around model
economic achievement, it is specifically to examine the supposed (mean) profit of the classi-
fication model. The final analysis indicated that utilizing small and medium enterprise pay-
ment details in bankruptcy prediction enhances the model’s predictive ability.

Shin et al. (2005) examined the efficacy of utilizing SVM to investigates bankruptcy predic-
tion scenarios. They formulated the problem by comparing the accuracy and general perfor-
mance of SVM with the Backward Propagation Neural Network (BPN), where it was noticed
that as the training size gets smaller SVM performs better. BPN a kind of neural network was
shown in the study that selecting a suitable neural network is an art that depicts problem char-
acteristics due to huge numbers of restraining variables and processing elements in the layer.
Furthermore, the gradient descent search process to impute the synaptic weights can intersect
to a local minimum result which is suitable for the train scenarios. The efficacy of support
vector machines in the detection of fundamental methods for institution breakdown prediction
circumstances. SVM classification task obtains hyperplanes in the feasible space for boosting
the distance via the hyperplane to the data points and it is like deciphering a quadratic optimi-
zation task. The results of stringent convex issues for SVM are distinctive and global. The
structural risk reduction principle as a concept has a feature that is familiar to possess huge
generalization performance is implemented by support vector machines. SVM catches geo-
metric attributes of features space by not gaining weights of networks via train data, it can get
the best result with little training set size. To validate the argument on the importance of SVM
as compared to BPN, the Korea Credit Guarantee fund in Korea was utilized which contains
non-audited 2320 medium size manufacturing firms. The duration of data used was within
1996 to 1999 on firms that applied for non-bankruptcy and bankruptcy which amounts to 1160
cases, respectively. SVM and BPN predictive model was built for the data set after two-stage
feature extraction is applied. The accuracy results from both models show SVM with the high-
est accuracy as compared to BPN, where the accuracy of SVM further increases as the train
size increases. Final accuracy showed that BPN only increases when 25 percent of training

size is used, and it decreases downward as the training size is reduced. The research was
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primarily designed as a starting point for the credit rating system in the bankruptcy prediction

area.

Lensberg et al. (2006) made used of a genetic algorithm to examine 28 possible prediction
variables which were noted to be important. The data used to span from 1993 through 1998
from a data set of 422 non-bankrupt and bankrupt Norwegian firms, where only six variables
were considered significant. The research focused first on the explanation of the genetic algo-
rithm, then how variable selection, data selection, variable reduction, and final model devel-
opment. For the research, an individual rule behaviour rule was a string of fundamental spec-
ifications in the language given and it is subjected to genetic combination and selection as in
the traditional genetic algorithm. The data used was extracted from The Norwegian register
that manages the record of business that goes into bankruptcies. Since they focus on the model
used for the development of prediction, this comes after the variable analysis was carried out
where it was reduced from 28 to 6. To predict the model, the computer was run once with the
genetic programming algorithm with six variable which is made up of 2,020,000 tournaments.
To prevent overtraining in the model random noise was introduced in train data, where the
genetic program merges on a balanced hit rate of 81.5 % before the end of 2,020,000 tourna-
ments. Finally, 500 models were developed that had hit rates of about 82 percent on train data
and 81 percent on test data. They selected one from all the models randomly for more inves-
tigation which had a hit rate of 81.7 percent on train data and 80.9 percent on test data. To
evaluate the representativeness of the selected model they check the difference in the model
were significant or insignificant. The research showed that newly started firms are most likely

to fall into bankruptcy.

Tsakonas et al. (2006) utilized a neural network through genetic programming to form an
efficient classifier in deciphering the classification tasks of bankruptcy. The data utilized for
this research contains 118 cases consisting of two different subgroups depicting the train set
(eighty instances) and test set (thirty-eight instances), which were from 80 Greek firms from
1986 to 1990 for 40 bankrupt and 40 nonbankrupt firms. The research focuses on providing
moderate results with regards to accuracy and ability to comprehend human reasonable clas-
sification rules. They implemented an up-to-date computational intelligence foremost method
titled the evolutionary neural logic networks model, which is known to combine neural logic
networks and genetic programming. To ensure the system that produced random-sized and
associated neural networks with the explanation they adopted a BNF (Backus Normal Form)-
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grammar-guided genetic programming technique that employs cellular encoding to outline the
neural logic network. Furthermore, to get interpretability for the to derive solution they made
use of procedure search among candidate’s networks solutions that maintain network weight
that matches with to specific logical operators. They performed 10 runs utilizing the neural
logic network and compare the classification accuracy with those gotten from the rough set
approach comprising of discriminant analysis and logit model. The results from the prediction
models show that the evolutionary neural logic network got the best classification score in the
entire test set the same as the model for rough sets with relatively discriminant rules. They
were able to get a solution that predicted the bankruptcy firms achieved 100% in both learning
and testing samples, where the highest for partly discriminant rules is 76.3 percent for the
whole testing data. Important selected attributes were also extracted from the model that per-
forms well, where attributes such as net gross profit, total assets, current liabilities, and net

worth.

Wu et al. (2007) developed a genetic approach SVM that can automate the determination of
the best variable of SVM that has the topmost prognostic accuracy and generalization at the
same time for bankruptcy predictions. The method was computed to predict the financial crisis
in Taiwan and to contrast its accuracy with alternative models in multivariate statistics and
artificial intelligence. The GA (Genetic Algorithm)-SVM model was developed by dynami-
cally optimizing the SVM parameters via the RGA (Robust Genetic Algorithm) evolutionary
process, where the SVM model carries out the prediction function utilizing best values. The
RGA helps to explore the best values to ensure SVM fits the numerous data set. Optimal values
of SVM were extracted from the searching done by GAs through an arbitrarily gener- ated
early population involving chromosomes and this suggested model can utilize the roulette
wheeled method for choosing chromosomes. The variables used for prediction were 19 finan-
cial variables which have been utilized in the former study and found to be important to predict
bankruptcy. This financial variable was grouped into four-part, consisting of asset manage-
ment, financial structure, liquidity, and profitability. The results from the model show that the
artificial intelligence model GA-SVM produces a higher precise result in the prediction of
financial distress when compared to multivariate statistical models with over 90% prediction
accuracy. Experimentally, the outcome indicated that the proposed GA-SVM achieves the
best, showing that the hybrid system has a better possibility to drastically improve predictive

accuracy if combining GA with classical SVM models.
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Hosaka (2019) utilized CNN (Convolutional Neural Networks) to forecast corporate bank-
ruptcy. The sample set of the research is the financial statement of 102 companies that were
no longer in the Japanese stock market because of actual bankruptcy, and it also includes a
financial statement of 2062 recently recorded firms within four financial periods. They for-
mulated the problem by using financial ratios developed through the financial statement and
denoted as a greyscale image. Every financial ratio refers to aspecific pixel, and the brightness
of the pixel is decided via the value of the proportionating financial ratios. Image produced by
this process indicates an individual enterprise for a specific fiscal year and is used for training
and testing a CNN, where the dimensions of the dataset are expanded utilizing the weighted
means to build artificial data points. Overall, 7520 images classes were used as bankrupt and
ongoing enterprises are utilized for training the CNN based on Google net, where bankruptcy
prediction developed via this model performed higher when compared to methods using DT,
LDA, SVM, MLP (Multi-Layer Perceptron), and AdaBoost (Adaptive Boosting). The conclu-
sion indicated that numerical evaluations show that assigning neighbouring pixel locations to
highly match up financial ratios is much suitable for their study rather than selecting at ran-
dom. However, the method does not show which financial ratio has much impact on bank-
ruptcy prediction. This makes the model less suitable for estimating the cause of bankruptcy.

Wang et al. (2014) developed a new improved FS (Forward Stagewise)-boosting for the pre-
diction of corporate bankruptcy. The method was utilized through infusing of feature selection
procedure into boosting, where FS-boosting gives superior accomplishment as a base learner
leading to higher accuracy and diversity. The developed model was examined in two real-
world bankruptcy data sets to evaluates the efficacy and practicality. Preliminary results show
that FS-boosting can be utilized as a substitute technique in corporate bankruptcy prediction.
The first real-world data set includes 240 companies that contain 112 failed companies, where
the duration is from 1997 to 2001 before bankruptcy took place. 30 financial variables were
explored for predicting motive. The second data set includes 132 companies divided equally
into non-risk instances and risk instances of 66 value, respectively. duration of 1970-1982
financial period was used and an aggregate of 24 financial variables was utilized for each of
the 132 companies with data extracted via Compustat and the Moody’s Industrial Manual. In
the prediction of the model, they utilized FS-boosting in combination with 1G-based feature
selection with the standard boosting method. 1G-based feature selection was used to improve
the accuracy and variety of base learners, where models were evaluated with the standard

measures used in corporate bankruptcy prediction. FS-boosting model results were compared
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with alternating seven commonly explored techniques incorporate bankruptcy predictions like
LRA, NB (Naive Bayes), DT, ANN (Artificial Neural Networks), SVM, bagging, and boost-
ing. The result from experimenting with the first dataset shows that FS-booting gets the high-
est accuracy of 81.50%, where two other ensemble techniques such as bagging and boosting
gave a value of 76.12% and 77.42%, respectively. FS-boosting gives a higher accuracy due to
a reduction in type I error for the first data. Similarly, for the second data FS-booting gets the
highest accuracy of 86.79%, where two other ensemble methods such as bagging and boosting
gave a value of 81.22% and 79.04%, respectively. FS-boosting gives a higher accuracy due to
a reduction in type Il error for the second data.

Lopez and Sanz (2015) developed an amalgam neural network to investigate the bankruptcy
of US banks. The method is a combination of multilayer perceptron’s and self-organizing maps
that comes in the form of apparatus which shows the likelihood of trouble close to threeyears
before bankruptcy occurrence. The data used for the research was gotten from the Fed-eral
Deposit insurance corporations from 2002 through 2012. They divided the structure of the
research into twofold of descriptive and predictive, where the first focus description of major
characteristics of US distressed bank and later is how bank declines emerged since the
beginning of the financial crisis in late 2000. The prediction of bankruptcy using NN provides
an effective way to create a dynamic model as it considers the financial situations of firms and
creates a good means for early warning systems models. MLP network utilized for this model
has shown their capacity in the prediction of financial distress compared to other methods,
where it contains one input, hidden layer, and output layer. The MLP creates a detailed and
designed identification procedure. SOM (Self Organising Map) is an unsupervised network
that creates a visible depiction of banks concerning their profile risk in distinct intervals of
time. Results indicate that bankrupted banks focused more on real estate loans and have extra
requirements, where this is assumed to be caused by the risky expansion that leads to less
equity and interest income. Information on distressed banks was drawn to develop a model
that detects the failure and a means to access bank risk in the short, medium, and long term
that took place from May 2012 until December 2013. The results show that the model devel-
oped detects 96.15% of the failure within the period specified of 52 banks a year before oc-
currence. In comparison to traditional models such as the discriminant analyses of bankruptcy

prediction, the new model performed better.
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Luukka (2010) utilized an Atrtificial Intelligence-based method on two different data set for
the analysis of bankruptcy. The method combines the pre-processing method and classifier to
analyse credit data, where the principal component analysis method and similarity classifier is
used, respectively. The data used for this research is the Australian and Japanese credit card
screening which is gotten from the UCI machine learning database. The process of tackling
bankruptcy analysis from his research starts with the pre-processing of the data set utilizing
two new nonlinear fuzzy robust principal component analysis methods, after which principal
component values were utilized as new data and finally classified via similarity classifier. The
idea of similarity is viewed as a numerous- valued idea of the traditional concept of equiva-
lence. Equivalence is a popular means to categorize similar objects. For classification purposes
data were first divided into half, where half was utilized for train and another half for the test.
The process was continued arbitrarily 30 times and average classification accuracies and var-
iance were gotten. The results show that pre-processing the Australian credit data before clas-
sification gives an accuracy of 88.39% using the first nonlinear FRPCA (Fuzzy Robust Prin-
cipal Component Analysis) as compared to raw data with 87.50%. the lowest is seen with the
second nonlinear FRPCA and similarity classifier followed by PCA and similarity with values
of 86.10% and 86.23%, respectively. The results show that pre-processing the Japanese credit
data before classification gives an accuracy of 86.59% using the first nonlinear FRPCA as
compared to raw data with 86.24%. the lowest is seen with PCA and similarity classifier fol-
lowed by second nonlinear FRPCA and similarity with values of 85.29% and 85.86%, respec-

tively.

Son, Hyun, Phan, and Hwang (2019) utilized skewness as a characteristic of financial data in
proffering solutions to the tasks of prediction accuracy in bankruptcy models. The model de-
veloped employs financial statement data for bankruptcy prediction, where it focuses on gra-
dient boost machine method and data pre-processing. Dataset is drawn from the Korean Credit
rating agency that contains numerous types of financial detailed data for each company from
2011 to 2016. The model was built by first pre-processing the data to useable format, where
they applied numerous methods to make the data relevant and enhance classification accuracy.
Missing data were filled with zero and outlier adjusted with winsorization. All features in the
data were used for building the model, where five techniques were applied namely LR, RF,
XGBoost, LightGBM (Grading Boosting Machine), and ANN. Methods such as dropout and
batch normalization were used to avoid overfitting in NN, regularization for logistic regression

of loss function, and cross-validation for all models. Two most used accuracy measures were
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implemented to evaluates the performances of the model namely True Positive Rate (TPR),
and False-Positive Rate (FPR). These measures are like the likelihood of identification and
false alarm. Their result indicates that when the models were evaluated using testing dataset
machine learning algorithms like XGBoost, ANN, and LightGBM give better accuracy than
the classical logistic regression model. Three of the models stated help in increasing the AUC
close to 12% based on the dataset when compared to the model that currently exists signalling
a tangible improvement. They also performed both Friedman and Nemenyi tests to measure
all models trained in which the null hypothesis was rejected for both which denotes the per-
formance of all models is statistically significantly different. Finally, they compare the result
of the actual model utilizing the logistic model, where logistic regression in combination with
BoxCox conversion shows a 17 percent improvement of AUC that tells that skewness of data

was a significant hindrance to modelling.

The chapters show the different types of predictive model used in literature and the impact of
end results achieved when subjected to different datasets. Different predictive model is ex-
plored depending on the data type and end the desired end results. From this we can understand

the type of predictive model needed depending on the features required.

2.2 Feature selection method in literature

Numerous research areas such as pattern recognition and system modelling utilized feature
selection due to the possibility of selecting attributes with more predictive information. Scal-
ing down the number of unnecessary features helps to minimize the running period of a learn-
ing method (Wang et al., 2014). Feature selection methods come with various benefits which
are challenging the problem of dimensionality to ameliorate prediction achievement. (Tsali,
2008). However, feature selection might sometimes lead to loss of information in the context

of a data set with fewer variables.

Ozturk and Akdemir (2018) utilized GLCM (Grey Level Co-occurrence Matrix), LBP (Local
Binary Pattern), LBGLM (Local Grey Level Co-occurrence Matrix), GLRLM (Grey Level
Run Length Matrix and SFTA feature selection method to select the feature of tissue patches
in Histopathologic images. The selection was carried out because of difficulties in differenti-

ating between normal and cancerous tissue. Therefore, utilizing only one or few features might
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cause poor classification results. Feature selection was applied on the pre-processed image in
the training sets to compare the result of diverse feature selection algorithms, where GLCM,
LBP, LBGLCM, GLRLM, and SFTA algorithm were all applied to the individual image in
sequential order. GLCM algorithm produces a feature matrix with 22 images feature and 1
class information for individual image. LBP algorithm creates a feature matrix with 10 image
features and 1 class information. The LBGLCM algorithm creates a feature matrix with 22
images features and 1 class information. GLRLM algorithm creates a feature matrix with 7
image features and 1 class information. SFTA algorithm creates a feature matrix with 27 im-
age features and 1 class information. All methods were carried out in the training phase. Fea-
tures derived from the feature extraction method are classified with SVM, KNN, LDA,
Boosted tree classifiers (Oztirk and Akdemir, 2018).

2.3 Ranking of performance measure result with MCDM

The use of the MCDM model cut across numerous disciplines depending on the intended result
for the research. A typical application of the MCDM method is seen in the comparison of the
predictive performance of the classification algorithm (Wang et al., 2010). MCDM methods
contain WSM, WPM (Weighted Product Method), AHP (Analytic Hierarchy Process), Fuzzy
AHP, TOPSIS (Technique for Order of Preference by Similarity to Ideal Solution), Fuzzy TOP-
SIS, ELECTRE (Elimination Et Choice Translating Reality) to mention a few (Aruldoss et al.,
2013). Individual methods have their merits and demerits also their application area. None of
the methods predominate other methods and multiple methods can be utilized in solving similar
multi-criteria decision problems, therefore, providing more in-depth decision information (Lee
and Chang, 2018).

Song and Peng (2019) proposed MCDM based method to analyse imbalance classifiers in credit
risk prediction by taking into consideration more than one performance metric together. They
highlight that the conventional idea of utilizing a single performance metric for classifier
evaluation is not adequate for imbalanced classification. An experimental study was created to
give a holistic assessment of imbalanced classifier using the MCDM evaluation approach over
seven financial imbalanced data sets which are Polish companies’ bankruptcy. TOPSIS was

applied to rank three categories of imbalanced classifiers utilizing six popular evaluation
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criteria namely G-mean, F-measure, AUC, False Positive (FP) rate, False Negative (FN) rate,
and time. TOPSIS method was designed to find the best alternatives by minimizing the distance
to the idea solution and maximizing the distance to the negative ideal solution. The weight of
criteria used in their research was developed using the entropy method which is described as a
measure of the average unpredictability of a random variable. Four standard classifiers namely
LR, SVM, MLP, and C4.5 (Decision Tree) were integrated with three groups of imbalanced
techniques, namely, cost-sensitive learning, resampling (RUS (Random Under sampling) and
SMOTE (Synthetic Minority Oversampling Technique)) and hybrid approach (Song and Peng,
2019).

This chapter gives a description how MCDM models is utilized for selection of alternatives

from list of different options available. The type of MCDM model utilize depend also on the

end results desired and component of the alternatives.
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3 THEORETICAL BACKGROUND

Advancement in computational power has led to the huge amount of data produced, inferential
statistics tools and fuzziness measures method have become persuasive in the selection of
important variables for prediction in numerous industries. For this chapter, we explored the
four concepts as feature selection methods namely, t-test, correlation, entropy measure and
similarity and entropy measure that has been used by practitioners to handle series of feature
selection problems. WSM a type MCDM model of is explained describing its formulation and

usage.

3.1 t-test

Kim (2015) defines a t-test as a kind of statistical test for comparing the averages of two groups
and its usage is common in statistical hypothesis tests for diverse studies. The t-test was
developed by William Sealy Gosset in 1908 as a statistical measure to control the quality of
dark beers. Statistical inference is divided into two types namely parametric and non-para-
metric methods, a parametric method is a statistical approach where the probability distribu-
tion is outlined for probability variables and builds inferences concerning the framework of
the distribution (Kim, 2015).

According to Shlens (2014), the technique is explored to decide if there is a meaningful dis-
similarity among the two group’s means. t-test aids in answering the hidden question on if two
groups come from a similar population or is there some outstanding deviation among the two
groups. The greater the deviations between the two means, the less likely the deviations are
caused by sampling inaccuracies, where smaller variance within participants indicates that the

deviation was created by sampling inaccuracies (Shlens, 2014).

Since the independent t-test is the focus of our research, more in-depth about its formulation
is discussed. Independent t-test is utilized to compare the means of two independent groups, it
comes in two forms namely the Student’s and Welch’s t-test. The student’s t-test presumes that
the mean of the two groups is equal when comparing to Welch’s that one does not assume that
the mean is the same in the two groups and leads to fractional degrees of freedom (Al-

boukadel, 2018). A mathematical description of the student’s t-test is described below:
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When the means of two groups of data are equivalent, the t-test value, comparing the two

groups (a and b), can be estimated as follow.

Ma— Mbp
t =
NV @)

Where Ma and Mb denote the mean value of group a and b, respectively. naand n» represents
the sizes of the group a and b, respectively. s2 is an estimator of the pooled variance of the two
groups. This is calculated by the equation stated below:

(x — Ma)? — (x — Mp)* (3.2)

Na +np — 2

s2=

Degrees of freedom (df):
df=na +np —2 (3.3)

The student t-tests for the significance of means, differences of means, and other linear
functions of observations on a single variate. An important attributes of these tests is that they

yield exact probabilities independent of unknown parameters.

3.2 Correlation

According to Schober and Schwarte (2018), correlation is defined in the broad sense as the
measure of the association between variables. It is utilized in the circumstances of a linear
connection between two continuous variables and conveyed as Pearson product-moment cor-
relation and the method was developed by Karl Pearson. Correlation is used to outline data, as
an input into a more preliminary investigation and as a system for preliminary investigation. It
is used to communicate the correlation of quantitative groups, and to analyse if one group
influences the other. CC (Correlation Coefficient) is deducted due to the mathematical simi-
larity of how intimately connected two variables are. The selection of suitable variables
influencing much more parts of theresults by this method could create similar benefits.

Correlation is established based on effective relationship, where three forms of it exist that are

used widely and practiced (Madhuri, 2020). The forms of correlation are namely:
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I.  Positive correlation: This is defined as a type of correlation where a positive relation-
ship exists between two variables and in turn leads to both variables moving in similar
direction.

II.  Negative correlation: This is defined as a type of correlation where a negative relation-
ship exists between two variables and in turn leads to both variables moving in oppo-
site direction.

[Il.  No correlation: This is defined as a type of correlation where no relationship exists

between two variables and in turn no movement exists between both variables.

The formula for calculation is described in equation (3.4) below:

Cov (rx,Ty)

p =
Xy 040 4

Where pxy denotes the correlation between two variables x and y. Cov (rx, ry) is the covari-
ance of variable x and variable y. ox oy represent the standard deviation of x and y, respec-

tively.

3.3 Entropy measure

Al-sharhan, Karray, & Basir (2001) describes entropy as a measure of a quantity of fuzzy
information gained from a fuzzy set. Further emphasis was described on the difference that
exists between fuzzy entropy and classical Shannon entropy in which no probabilistic concept
is required to define the latter. This is a result of fuzzy entropy containing vagueness and
ambiguity uncertainties whereas Shannon entropy includes the randomness uncertainties

(Probabilistic). De Luca and Termini in 1972 defined fuzzy entropy concerning Shannon’s
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function and initiated a set of properties a fuzzy entropy should satisfy (Al-Sharhan et al.,
2001).

The fuzzy entropy H (utilizing the log function), is given is described by De luca and Termini
(1972)

H(A) =- Xika(x )logha(xi) + (1 = fa(x))log(1 — Ha(xi))] (3.5)
i=1 .
where ua(xi) € [0, 1] is the membership degree of xi to the fuzzy set A.

The approach we utilized in Entropy Measure (EM) designed for examining uncertainties
present in a data set is described below:

Divide dataset according to the classes they belong to.

New data formulation based on the grouped classes.

Removal of the class variable.

Normalize the dataset into the unit interval.

Calculating the entropy of each column of the normalized data using Equation (3.5).
Mean of the entropy value from step 4 calculated.

The mean value is set as a threshold for feature selected.

© N o a bk~ w e

Features with entropy values above the threshold value are removed.

3.4 Similarity and Entropy measure (SEM)

The feature selection algorithm FSAE was developed by Lohrmann, Luukka, and Jablonska
in 2018. This is because of pointing out the deficiency present in Luukka (2011) which is based
on combining fuzzy entropy measures and similarity classifier. The deficiency was primarily
targeted at deficiencies that took place for certain data structures, providing measures to
identify such data structures and proffer a solution to the deficiency with an adapted feature
selection algorithm. They present the solution from the new feature selection method as a
supervised filter method. Furthermore, the presentation was made on the application as a
wrapper method combined with a similarity classifier that utilizes backward elimination of
features which is quite like the method developed by Luukka (2011) (Lohrmann and Luukka,

2019). The idea behind similarity and entropy measures was borne out of the idea developed
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by Lohrmann et al. (2019) in their paper: A combination of fuzzy similarity measures and
fuzzy entropy measures for supervised feature selection. Our approach for selection of feature
is given in the subsequent paragraph and similarity measured use was Lukasiewicz similarity

measure in Equation 3.6.

1 n
S= TVT=1G)" = Gl

i=1

3|

Where x; represent data normalized and y: is the mean of data. p is a natural number. S is the
similarity measure. Similarity and Entropy Measure (SEM) steps for computation is explained

below:

a) Divide dataset according to classes they belong to.
b) New data formulation based on the grouped classes.
¢) Removal of the class variable.

e) Normalize the dataset into the unit interval, then calculate the mean of the dataset ac-
cording to the classes they belong to.

f) Similarity measure in Equation (3.6) is estimated for normalized data and mean from
both classes.

g) A combination of similarities results from both classes together in a matrix.

h) Application of entropy measure as described in Equation (3.5) above on the combine
similar data developed in step (g).

i) Athreshold value was set for feature removal.

J) A new data formed without the feature below the threshold value.

3.5 Weighted sum model

In decision-making problems, the concept of the weighted sum model was first mentioned in
literature by (Fishburn, 1967). According to Alanazi, Abdullah, & Larbani (2013), decision-
making is an area of study that deals with detecting and selecting alternatives regarding the
values and priority of the decision-maker. Furthermore, Multi-criteria decision-making is a

branch within operations research that proffer solutions to numerous criteria in decision-
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making cases. Many methods have been developed for providing the solution to multi-criteria
decision-making issues, yet the weighted sum method (WSM) is well known and extensively
utilized procedure of Multiple-Criteria Decision Making. WSM is time-independent and
viewed as a static weight sum method (Alanazi et al., 2013). The equation for solving the
weighted sum method is defined by (Zavadskas et al., 2012).

n
AWSM—score — Z W;j * aij,/b?” /=123, ...,m.

t . (3.7)

Jj=1

Where (w;), shows the relative weight of the significance of the criterion. (a;; ), denotes the
performance value of alternatives i and it is estimated concerning criterion j.

AWsM—score represents the significance of alternative i.

Triantaphyllou, Sanchez, & Ray (1998) described the typical component of a weighed sum
model needed for computation. The components are alternatives, decision weights, and deci-
sion matrix. Alternatives imply numerous options of actions present to the decision-maker.
Decision weight is vital in most multi-criteria decision-making techniques because attributes

need to be allocated weight of significance, where it is commonly normalized and sum to one.
The process utilized for the decision in this study is described below:

Utilizing all alternatives for determiming our specific decision goal.
Identification of set of criteria for evaluation of alternatives.
Assumption of relative weights of criteria base on preference of the decision-maker.

Data collection of the selected alternatives for the selected criteria (in the same unit).

o B~ w DN e

Multiplication of the relative weight of criteria with collected data of the alternatives
for that criterion.
6. Summation of all the Aysm-score for the alternatives as it relates to all the criteria

will give the weights of importance for that alternative.
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7. Similarly, summation of all A for the alternatives with respect to the criteria will give
the weight of importance for the respective alternatives which can be compared to find
the best alternative.

8. If the decision problem is of maximization, then the alternative with maximum value

of summation of A WSM score will be the selected alternative.

3.6  Logistic regression

Olson in 1980 developed logistic regression to design the posterior probabilities of the classes
utilizing linear functions of the independent variable and making sure that it aggregates to 1 and
stays within the unit interval to proffer a probabilistic explanation (Veganzones and Séverin,
2018). According to Veganzones and Severin (2018), logistic regression utilizes a log-likelihood
ratio to select if a firm is in a failed or non-failed group, where log-ratio acquires the pattern of a
linear function. This technique permits the usage of non-linear maximum likelihood to assess
firms’ probabilities of failing to utilize a logistic function for dependent variables. Logistic

regression is denoted mathematically below:

1 (3.8)
1 4+ e—(Wotwix;)

7Z =

Where xi, means explanatory variables, w: denotes weights estimated utilizing maximum

likelihood estimation and z means a score of a given enterprise.

The steps involved in the modelling of the classifier using logistic regression highlighted be-
low:

Step 1: Train the classifier using train response variable and train predictor variable indicating
the distribution and link-type as binomial and logit, respectively.

Step 2: Prediction is made from the output of the trained classifier in step 1 using the test
predictor variable.

Step 3: Transformation of the predicted and response outcomes from step 2 to unit interval
within 0 and 1.

Step 4: Computation of confusion matrix using test response variable in step 3. The output

from step 5 is examined for each class as a percentage of the true class.
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3.7 KNN technique

KNN was developed by Evelyn Fix and Joseph in 1951 as a nonparametric classification method
in statistics (Altman, 1992). Bafandeh and Bolandraftar (2013) described that the rule of KNN
directly stores the whole training set in the process of learning and allocates to individual query
a class depicted by most labels of its K nearest neighbours in the training set. In the KNN method
individual sample needs to be classified correspondingly to its surrounding instances. Hence,
instances when the classification of a sample is not known then it might be predicted by taking
into consideration the classification of its closest neighbour instances. If an unknown sample and
training set is given, all the distance within the unknown sample and samples in the training set
may be determined. The interval of the least value correlates to the instance in the training set
nearest to the unknown instance. Consequently, the instance not known can be classified
concerning the classification of these closest neighbours. The formal definition of K nearest

neighbour is highlighted below as summarized by (Mailagaha Kumbure et al., 2020)

Let X(xq,x3,...,xyy be atraining set, created by N samples, C(w;w,, = wc) classes (thatis,
X = {x;,¢;}}-1, Where c;e C). Each sample x;(x;, x7, ....xjsxcj) consists S features. If a new

query sample y is given, then it is assigned into class (w*) correctly by using the following

procedures:

1. Chose the number of KNN between (1 < k < N) to the new sample.

2. Compute the Euclidean distance from y to x; for all j. furthermore, other distances
measure can be utilized.

3. Search the set of k nearest neighbours from the X by using sorted distances in an
ascending other.

4. Locate the classes represented by the K nearest neighbours.

5. Classify y into the class to which the largest number of k nearest neighbours belong to.
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4 IMPLEMENTATIONS

This chapter describes the implementation strategy of feature selection application on three
credit data sets. Outcomes from the feature selection method were subjected to classification
algorithms for prediction purposes. The results from the classification algorithm are evaluated
using two common performance measures namely, accuracy and specificity which are appro-
priate for assessment in credit or bankruptcy-related data. Two classification algorithms were
used, namely: Logistic Regression (LR) and KNN.

4.1 Datasets

Three dissimilar data sets extracted from UCI Machine Learning Repository were considered,
Australian, German, Japanese credit data sets (Dua and Graff, 2019). Major characteristics of

the data sets are given in Table 4.1.

Table 4.1: Characteristics of the data sets

Name of the country’s | Amount of classes | Amount of features | Amount of cases | Class-1 /Class 2
Data

Australian 2 14 690 383/307
German 2 20 1000 700/300
Japanese 2 15 690 383/307

The Australian credit data is primarily concerned with credit data application, where the main
decision is if a credit card request is accepted or rejected. The data set was extracted via UCI
machine learning data archive and readily available for download (Dua and Graff, 2019). The
data is made up of 690 instances and 14 attributes excluding the class column. There are eight

categorical and six numerical attributes.

The German credit data is majorly concerned with credit data application, where the main
decision is if a credit card request is accepted or rejected based on certain attributes defined.
The data set was extracted via UCI machine learning data archive (Dua and Graff, 2019) and
readily available for access. The data is made up of 1000 instances and 20 attributes. There

are thirteen categorical and seven numerical attributes.
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Japanese credit application data set was also extracted via UCI machine learning data archive
(Dua and Graff, 2019). The description of the data set describes the situation of people who
got both positive and negative responses concerning credit approval. This data set is made up
of 150 instances and 15 attributes. In the data set are six numerical and nine categorical attrib-
utes.

4.2 Data pre-processing

Australian credit data set

A histogram plot is carried out to understand frequency and attribute type, which aids easy
interpretation. This helps us to understand how credit card application data is distributed based
on frequency and data types. Australian credit card application plot shown in figure 4.1 shows
the frequency of each attribute present in each column of the entire data sets on Y-axis and the
attribute or data type is shown on the x-axis. Frequency shows the number of times each data
attribute or data type appears in the column. Data type or attributes indicates the type of data
present in each column. The histogram presented below shows what each column in the data
set contains in terms of occurrence and distribution. Furthermore, the form of value pre-sent
in each column and their relevance can be understood. For instance, histogram titled col-umn6
in Figure 4.1 shows that data type numbered 4 appear most among other data types. Figure 4.1

shows the histogram of all columns in the Australian credit dataset.
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Figure 4.1 Histograms of the features of Australian data set
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German credit dataset

A similar plot carried out for the Australian credit data set is done on the German credit data
set. German credit card application plot in figure 4.2 shows the frequency of each attribute
present in each column of the entire data sets on the Y-axis and the attribute or data type is
shown on the x-axis. For instance, histogram titled columnl shows that character variables
such as All, Al12, A13, and Al4 as seen in the x-axis. The plot further shows that the data
type numbered A14 appears most in its y-axis compared to other data types in columnl. Figure

4.2 shows the histogram of all columns in the German dataset.
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Figure 4.2: Histograms of the features of the German dataset

Japanese credit dataset

The same plot carried out for the German credit data set is done on the Japanese credit data
set. Japanese credit card application plot shown in figure 4.3 shows the frequency of each
attribute present in each column of the entire data sets on Y-axis and the attribute or data type
is shown on the x-axis. For instance, character variables which consist of bb, dd, ff, h, j, n, o,
v, and z and a symbol? are present in histogram plot titled column7. Data type numbered v
appear most as seen in its Y-axis when compared to other data types in column7. Figure 4.3

shows the histogram of all variables in the Japanese dataset.
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Figure 4.3: Histograms of the features of the Japanese data set

4.3 Dataconversion

Two out of the three datasets used for this Thesis work contain categorical and numeric values,
one of them is pre-processed already containing numerical values alone. We converted cate-
gorical values into numeric values to make it easy to apply feature selection and make a pre-
diction, statistical techniques, and machine learning methods performances might be influ-

ence by categorical variables.

According to Yu et al., (2020), one hot encoding is a type of technique where the feature vector
is elongated into a multi-dimensional matrix, where the size of the matrix is the numberof states
in this feature and individual size denoting an absolute state. The application of one hot
encoding varies across types of features in discrete type each feature is elongated to a new
column of feature and produce a matrix, whereas with continuous values are first fixed into a
decreasing sequence and dealt with as a discrete feature to create a feature matrix. Prepro-
cessing of the dataset by reforming the categorical values into numerical was carried out uti-
lizing the one-hot encoding method for columns with two unordered forms of data. Columns
with categorical variables were processed and assigned numerical value base on the ranking
of their position in frequency using a histogram. This helps prevent the loss of vital information

from a particular column.
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Data sets pre-process

Australian credit data set is already in numerical form therefore the need for further pre-pro-
cessing was not needed. However, the data was only converted from table format to array to

access each column for visualization and prediction.

Columns 1, 3,4, 6,7, 9, 10, 12, 14, 15, 17, 19, and 20 in the German credit dataset variable are
all character vectors, thereby making it difficult to apply feature selection and used for the
prediction of the model. To convert the character variable present in each column of the dataset,
information developed from the histogram shown in figure 4.2 was utilized for assigning the
numeric value to each character. The numeric range was developed based on the number of

characters present in a column.

Columns 1, 4,5,6,7,9, 10, 12, 13, and 16 in the Japanese credit dataset variable are all char-
acter vectors, thereby making it difficult to apply feature selection and used for the prediction
of the model. To convert the character variable present in each column of the dataset, infor-
mation extracted from the histogram presented in figure 4.3 was utilized for assigning the nu-
meric value to each character. The numeric range was developed based on the number of char-

acters present in a column.

4.3.1 Dealing with missing values

According to Ben-Gal (2006), in many data analysis assignments, many variables are being
recorded, it is essential to know that during the recording process errors occur and need to be
detected. The missing value is defined as values that were not recorded during the formation
of data, it comes in different forms such as been empty or symbol format. The concept is
typical in the data generation stage because of either human or machine error which is bound
to happen. Isnan is a function that determines which array of an element is not a number. In
this present study, missing values present in the datasets were treated in the pre-processing
stage of the categorical variable where value between 0 and 1 was assigned to missing values.
For numerical variables, values are allocated based on the frequency of occurrence in the da-
tasets as this occurs very few times in the dataset. This approach does not affect the data set as
reasonable allocations were done as explained in section 4.3, it was carried out using the

function isnan. This method described above was utilized for removing outliers as well.

New data formulation

New data formed is the combination of pre-process data from the original datasets. The new
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data formulated contains only numerical values and no missing data when compared with the
original dataset. A similar approach was used for the German and Japanese credit datasets to
form new data, where Australian credit data was maintained in its original form due to having
only numerical values. The last columns of each newly formed data represent the class labels

for all dataset types.

4.4 Feature selection Phase

The feature selection method is employed to the newly formed data to draw out a tangible
variable for prediction in this thesis, which are namely, t-test, correlation, fuzzy entropy meas-
ure, and similarity and entropy measures. Real-world problems usually involve feature inter-
action where the need for reliable and practically efficient ways to remove irrelevant features
is important (Wu et al., 2007). The amount of features selected is based on the properties
described from each feature selection method as this is useful for prediction purposes. Rele-
vant features lead to better performance in the prediction model and reasonable interpretation.
However, feature selection might sometimes lead to loss of interpretation in data set with little
variable. In our study, we have reasonably many variables that will not alter our interpreta-
tions. This was checked through having a baseline model that contains all columns so as to

compare with feature selection techniques.

4.4.1 t-testselection

The process of selecting data through a t-test was carried out by fitting a linear regression on
the new data formulated using function fitlm to build a model using the class label as the
response variable y and all datasets as a predictor (x). The output from the model is then access
based on the statistical significance of the coefficient. Statistical significance of each column
coefficient is decided by using p-value threshold of 5 percent, where coefficient below thresh-
old is considered statistically significant and above not. Columns considered statistically sig-
nificant are counted to know how many variables are important using function count. Finally,

statistically significant variables are selected from the new data for prediction purposes.

To build the Australian model for feature selection, the class label (y) was removed from the
main data used as the response variable and the remaining variable as predictor variable x. The
count functions count the number of coefficients below 5 percent, where those variables are
used for predictive function. Table 4.2 shows the result when Australian credit data is
subjected to a t-test selection algorithm, where columns 1,2,3,6,7,11, and 12 are not statisti-
cally significant, since their coefficient are over p-value 5 percent margin and therefore re-

moved. Columns 4,5,8,9,10,13, and 14 were selected for prediction because their coefficient
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value are below p-value threshold of 0.5.

A similar approach used for the Australian credit data set was utilized in building the German
model for feature selection, the class label (y) was removed from the main data used as the
response variable and the remaining variable as predictor variable x. The output shown in
Table 4.3 indicates that variables 4,7,10,11,12,15,16,17 and 18 are not statistically significant
since their coefficient value is over p-value 5 percent margin and removed. Columns
1,2,3,5,6,8,9,13,14,19, and 20 were selected for prediction because their coefficient value are

below p-value threshold of 0.5.

The same approach used in the German credit data set was utilized for Japanese credit data. In
building the Japanese model for feature selection, the class label (y) was removed from the
main data used as the response variable and the remaining variable as predictor variable x. The
output shown in Table 4.4 indicates that variables 1,2,3,6,9,12,13, and 14 are not statisti-cally
significant since their coefficient value are over a 5 percent margin and removed. Col- umns
4,5,7,8,10,11, and 15 were selected for prediction because their coefficient value are below p-
value threshold of 0.5.

Table 4.2: t-test coefficient output of Australian credit dataset.

1 2 3 4
Estimate SE tStat pVWalue
1 (Intercept}| -0.3142 0.1082 -2.9041 0.0038
2 x1 -0.0023 0.0265 -0.0876 0.9302
3 x2 5.0327e-04 0.0012 0.4364 0.6627
4 x3 -0.0029 0.0027 -1.0525 0.2930
5 x4 0.0786 0.0291 2.6988 0.0071
6 x5 0.0196 0.0038 5.0899 4.6507e-07
7 %6 0.0052 0.0069 0.7558 0.4500
8 x7 0.0070 0.0044 1.5834 0.1138
9 %8 0.5613 0.0299 18.7866| 1.1733e-63
10 %9 0.1034 0.0322 3.2151 0.0014
11 %10 0.0077 0.0032 2.3987 0.0167
12 x11 -0.0266 0.0251 -1.0587 0.2901
13 %12 0.0596 0.0423 1.4093 0.1592
14 %13 -1.82174e-04 7.4761e-05 -2.4363 0.0151
15 x14 9.4161e-06 2.4100e-06 3.9071 1.0283e-04
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Table 4.3: t-test coefficient output of German credit dataset.

1 (Intercept)
2 x1

3 x2
4 x3
5x4
b x5
7 x6
8 x7
9 x8
10 x9
11 x10
12 x11
13 x12
14 x13
15 x14
16 x15
17 x16
18 x17
19 x18
20 x19
21 %20

1
Estimate

0.3761

-0.1069
0.0039
-0.0359
4.8140e-04
1.6473e-05
0.0284
-0.0065
0.0424
-0.0489
0.0039
-0.0035
-0.0079
-0.0028
-0.0629
0.0441
-0.0281
8.6360e-04
0.0281
0.0579
0.1510

2
SE

0.2380
0.0109
0.0015
0.0136
0.0069
6.9637e-06
0.0116
0.0107
0.0132
0.0166
0.0299
0.0130
0.0145
0.0013
0.0257
0.0236
0.0244
0.0173
0.0380
0.0287
0.0712
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3
tStat

1.5802
-9.7682
2.5908
-2.6473
0.0695
2.3655
244472
-0.6125
3.2111
-2.9486
0.1311
-0.2681
-0.5460
-2.1930
-2.4436
1.8659
-1.1506
0.0499
0.7400
2.0195
2.1213

4
pValue

0.1144
1.4348e-21
0.0097
0.0082
0.9446
0.0182
0.0147
0.5404
0.0014
0.0033
0.8957
0.7886
0.5852
0.0285
0.0147
0.0624
0.2502
0.9602
0.4595
0.0437
0.0341



Table 4.4: t-test coefficient output of Japanese credit dataset.

2 x1
3 x2
4 x3
5 x4
6 x5
7 xb
8 x7
9 x8
10 x9
11 x10
12 x11
13 x12
14 x13
15 x14
16 x15

1
Estimate

1 (Intercept)

0.1421

-0.0117
0.0018
0.0034
0.4331

-0.3759

-0.0050
0.0300
0.0259

-0.0204

-0.3335
0.0144

-0.0094

-0.0254

2
SE

0.3575
0.0316
0.0014
0.0035
0.1/790
0.1719
0.0047
0.0115
0.0055
0.0362
0.0548
0.0042
0.0327
0.0528

-1.7834e-04 9.6706e-05

1.6329e-05 3.3477e-06

4.4.2 Correlation selection

3

t5tat

0.3975
-0.3715
1.2543
0.9592
24190
-2.1870
-1.0515
2.6001
46953
-0.5641
-6.0885
3.3908
-0.2858
-0.4805
-1.8442
48776

4
pValue

0.6912
0.7104
0.2102
0.3378
0.0158
0.0291
0.2934
0.0095
3.2269e-06
0.5728
1.9141e-09
7.3757e-04
0.7751
0.6310
0.0656
1.3407e-06

Correlation is vital in the multivariate analysis because it captures the pairwise degrees of

connection within distinct elements of a random vector (Pham-Gia and Choulakian, 2014).
Correlation coefficients within the range of (0.80 - 1.00), (0.60 -0.80), (0.40 - 0.60), under

0.40 indicate very high, high, moderate, low correlation between variables. A similar approach

is utilized for negative correlation when the values are negative in the previous paragraph,

where the only difference arises from the relationship defined as negatively correlated. No

correlation exists when the value is 0. In this study, the corr function is used to understand the

correlation that exists between each variable in the pre-process data, which helps to understand

how similar variables are to one another. The corr function takes an input value of the data,
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rows, and pairwise, where data type signifies the matrix data formed after pre-process, rows,
and pairwise indicates utilizing rows with no values missing in the column. The output value
is rho which represents the pairwise linear correlation coefficient, and the p-value represents

the corresponding element of rho.

The rho values from the output of corr function indicate the correlation that exists between
Columns from a data set, whereas the p-value indicates if the relationship between them is
statistically significant in the Australian data set. The output of rho and p-value shows the
correlation that exists between columns in the Australian credit dataset, we can see that the
highest rho values are 0.57, 0.43, 0.40 between columns (9 and 10), (8 and 9), (5 and 6)
indicating moderately, weakly correlated, respectively as shown in Table 4.5. Furthermore,
the p-value of columns (9 and 10), (8 and 9), (5 and 6) as shown in Table 4.6 are less than 0.05
indicating the statistical significance of the rho values. Therefore, column 9 was removed as it
is correlated with more than one column, such as columns 8 and 10. Similarly, column 5 was
removed from the correlation relationship between columns 5 and 6, since the removal of either
of them would not alter the data set. Columns 5 and 9 were removed respectively as both
columns get the highest value of rho and p value less than the threshold of 0.5 when compared

with other columns.

Similarly, the output of the rho and p-value symbolize the correlation that exists between col-
umns in the German data set, we can see that the highest rho value is 0.63, minus 0.49 between
columns (2 and 5), (12 and 15) as seen in Table 4.7 indicating a strong positive correlation,
and moderate negative correlation, respectively. The p-value of columns (2 and 5), (12 and
15) are all less than 0.05 as shown in Table 4.8 indicates the statistically significant rho value.
Therefore, one out of the columns was removed since the removal would not affect the data.

Columns 5 and 12 were removed from the data set.

The same approach from the German credit data set was utilized for the Japanese credit data
set. The output of rho and p-value represents the correlation that exists between columns in
the Japanese data set. We can see that the highest rho value is 0.98, minus 0.57, 0.54, 0.77
between columns (4 and 5), (10 and 11), (9,11), and (9,10) as presented in Table 4.9. This
indicates a strong positive correlation, moderate and strong correlation, respectively. The p-
value for the variable (4 and 5), (9,11) (10 and 11), (9,10) are less than 0.5 indicating the
statistical significance of the rho value as shown in Table 4.10. Columns 4 was removed
between the correlation relationship of columns (4 and 5), as removal of either of them would
not distort the data
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set. Similarly, Column 11 was removed from the correlation relationship between columns

(9,11), due to less impact it caused when removed.

Table 4.5: Correlation Rho coefficient output of Australian credit dataset.

B 14x14 double
1 2 3 4 5 6 7 8 9 10 1 12 13 14
1 00367  -00282  -00635  -0.0053 0.0527 00970 9.1823¢-04  -0.0633  -0.0084 00540  -0.0599 0.0586 0.0036
2 0.0367 1 02013 00895  -0.0939 0.0285 03928 0.2043 0.0837 0.1856 0.0548 00207 -0.0772 0.0185
3 -0.0282 0.2013 1 0.0915 0.0277 0.0945 0.2989 0.2443 0.1748 02712 -00130 00938 -0.2223 0.1231
4 -0.0635 0.0895 0.0915 1 0.0888 0.0466 0.0806 0.1299 0.1625 0.1065 0.0050 00064  -0.0018 0.1201
5 -0.0053  -0.0939 0.0277 0.0888 1 04023 0.1448 03118 0.2230 0.1502 0.0247 0.0702 0.0881 0.0307
6 0.0527 0.0285 0.0945 0.0466 04023 1 0.2404 0.2462 0.0804 0.0988 0.0936 0.0364 0.0707 0.0648
7 0.0970 0.3928 0.2989 0.0806 0.1448 0.2404 1 0.3457 0.2230 03223 0.1381 00163 -0.0764 0.0513
8 9.1823¢-04 0.2043 0.2443 0.1299 03118 0.2462 03457 1 04320 03795 0.0913 0.0451 -0.0674 0.0900
9 -0.0633 0.0837 0.1748 0.1625 0.2230 0.0804 0.2230 04320 1 05715 0.0170 0.1761 -0.0533 0.0777
10 -0.0084 0.1856 02712 0.1065 0.1502 0.0988 03223 03795 0.5715 1 0.0069 01015 -0.1198 0.0637
" 0.0540 00548  -0.0130 0.0050 0.0247 0.0936 0.1381 0.0913 0.0170 0.0069 1 -0.0444 0.1443 0.0192
12 -00599 0.0207 0.0938 0.0064 0.0702 00364  -0.0163 0.0451 0.1761 01015  -0.0444 1 -00793 0.1397
13 0058  -00772  -02223  -0.0018 0.0881 00707  -00764  -00674  -00533  -0.1198 01443 -0.0793 1 0.0656
14 0.0036 0.0185 0.1231 0.1201 0.0307 0.0048 0.0513 0.0900 0.0777 0.0637 0.0192 0.1397 0.0656 1
Table 4.6: Correlation p-value coefficient output of Australian credit dataset.
EE 14x14 double
1 2 3 4 5 6 I 8 9 10 11 12 13 14

1 03363 04601 00954 08890 01671 00108 09808 0099 08251 01566 01159 01241 09245

2 03363 1 9648308 00187 00136 04546 7.0956e-27 6.1241e-08 00280 9.1783e-07 01506 05872 00427 06269

3 04601 9.6483¢-08 1 00162 04681 00130 1.0458e-15 7.7762e-11 3.834%-06 4.2497e-13 07327 00138 35473e-09  0.0012

4 00954 00187 00162 100196 02211 00342 62729%-04 1799805 00051 08964 08667 09632  0.0016
508890 00136 04681 0019 1 31703e-28 13581e-04 50160e-17 32063e-09 7.4995-05 05165 00653 00206 04202

6 01671 04546 00130 02211 3.1703e-28 1 15807e-10 5511811 00347 00094 00139 03393 00636 00888

7 00108 7.0956e-27 10458e-15 00342 13581e-04 1.5807e-10 1 84442e-21 31933¢-09 3.8075e-18 27316e-04 06691 00449 01779

8 09808 6.1241e-08 7.7762e-11 6.2729e-04 5.0160e-17 55118e-11 8.4442¢-21 1 95469-33 46056e-25 00165 02372 00769  0.0180

9 0099 00280 3834906 1.7998e-05 32063e-09  0.0347 3.1933¢-09 9.5469e-33 1 4450d4e-61 06549 3259906 01618  0.0414

10 08251 9.1783e-07 42497e-13 00051 74995e-05 00094 3.8075e-18 4.6056e-25 44504e-61 1 0855 00076 00016 00946

1 01566 01506 07327 08964 05165 00139 27316e-04 00165 06549 08555 1 02439 1433804 06146

12 01159 05872 00138 08667 00653 03393 06691 02372 3259%-06 00076 02439 1 00373 23292¢-04

13 01241 00427 3547309 09632 00206 00636 00449 00769 01618 00016 14338e04 00373 1 00850
1409245 06269 00012 00016 04202 00888 04779 00180 00414 00946 06146 23292¢-04  0.0850 1
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Table 4.7:

Correlation rho-value coefficient output of German credit dataset.
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Table 4.8: Correlation p-value coefficient output of German credit dataset.
£ 2020 double
i 2 3 4 5 6 1 8 9 0 ] 1 3 14 5 16 1 i 19 )

A ] om0 OS% O e 0 DI 00 ODR DI 6D OO 02 WD OUR 05 0B 0BG 0
) 1 2Teld ANG0H 18519 0745 O 00 00 OS2 0288 OMSH 0% 00M) 1%Bels ORI O 04515 16D 115K

3 02576 23475e-06 1| 17481061 8.1666e-07 08869 047 0.7082 0.0054 00942 01578 0.1136 00245 21517e-10 01780 14520e-24 03115 0.0089 03164 05579

4 01566 42964e-04  1.7481-06 1 7131908 0734 02624 01943 0997 0,2534‘ 0019 1.7800e-04 00798 00530 0.0015‘ 02865 6.8355e-04 0.1962‘ 3637304 02099

5 01772 186206109 8.1866e-07  7.1319-08 1 02199 0128 247318 145024 02309 03608 1.0670e-04 03083 01477 A7682€-08 05113 58521e-09 03882 45146e-19 0.1137

6 13l 08 0ME 0B 029 1082 0T A5 0N O 0K 032 0% OAMS DA 0B 0% 0M  0RD
709 0o 0B 084 R 0w 1 O 005 M 02 0MB 030 OB 0N 7R 2MThels 06 009 05

8 08T 00 O O 24T3els 0T 04T | asedd  0BW  0NR  OM0 O 0Z3 08N 0AF 030 008 088 00M

9 O OM 0NN NG 14NN 0MM5 OIS 205eM 1 0N O 3D OMSels  OOVB  OMGS 0N 0AM 2MBel 02 07

10 oW 0B 00 OB 03N 00N 04 OB 03 1008 00T 04 09 08 OSTR  0900 O OIO0) 630G

1 01820 02818 01578 0.01% 03608 00813 02868 0192 0.0034 0.6886 1) 1539005 103717 02755 7:8964e-23 0,04 07566 0178 00025 00873

12 6.0909-04 00294 01136 17600e-04  1.0670e-04 06602 00286 06407 33381e-04 0.0707‘ 1,5390e-05 1 978410 06690 1.13595-63‘ 05845 0001 0.0092‘ 00801 04051

B 00K 0% 05 OU% OB 0302 03 0065 el 04 1BBell 9TBMed) 1 0499 300804 202006 1elT 170D 3D 0
00 00W9 25Tl O OMT 0% OB® 03 00 09 0% 06 049 1031 OBB 4 oM 03 024

15 LGN 129005 OTR  OOS ATGRelS  04M5 0297 OGN0 0BG OB TR 18NR el 039 1 0m oo om0 0d6

1 OME 076 14ed 025 0SB O OT%  O4F 0N 05T 0006 OS5 20eds  O0BB 04T 1008 SIS 0mR 07
05 0619 03015 6ENeld SHZed 00N M!S 020 O4MT 0000 07 0NN 108D 00T 000 0508 1090 1800609 0513

18 06550 04515 0.0089 01962 05882 09609 02863 0043 2260314 07265 01718 00092 1.7946e-04 00687 00213 512554 00910 1 06412 00148

19 00361 1621907 03164 36373-04  45146e-19 04384 01229 0,649 01239 01070 00025 00801 3.9839-06 03321 00151 00382 1.8800e-09 06412 1 66916e-04

20 03980 11559-05 05579 02099 01137 08 0.5544‘ 00044 07172 6.5083e-04 00873 04051 0,840 02438 0.1635‘ 07589 05135 0.0148‘ 6,6916e-04 1

42



Table 4.9: Correlation rho-value coefficient output of Japanese credit dataset.

Ej] 15x15 double
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
1 00258  -00140  -00380 00381  -00278 00777 00999 00392 00458 00068  -00524 00561 00336  0.0085
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Table 4.10: Correlation p-value coefficient output of Japanese credit dataset.
E] 15x15 double
1 2 3 4 5 6 / 8 9 10 1 12 13 14 15

1 04983 0.7142 03183 03180 04665 00414 0.0087 03034 0.2295 0.8585 0.1692 0.1412 03778 08235
2 04983 1 1193607 00100 00343 00024 52348¢-08 8645923 00133 00075 3.1561e-07 02798 07348 00124 06120
3 07142 1.1936e-07 1 00242 0.0057 04098 0.0038 1.0458e-15 2.7147e-04 3.8349¢-06 4.2497e-13 07321 0.0021 7.3768e-09 0.0012
4 03183 0.0100 0.0242 1 0 1.0359-04 23003e-05 0.0444 00254 1.4518e-07 9.3503e-04 07625 1.2720e-09 0.8096 0.0029
5 03180 00343 0.0057 0 1 26178e-06 9.7476e-06 0.0196 00295 1.5520e-07 0.0010 03864 1.1178e-14 03847 0.1912
6 04665 00024 04098 1.0359-04 2.6178¢-06 162727e20 06883 04135 00261 0317 09467 1.7856e-06 05662  0.2033
7 00414 5.2348¢-08 0.0038 2.3003e-05 9.7476e-06 6.2727e-20 1 0.3221 06628 04565 0.7649 01727 0.0061 00012 1.2446e-04
8 00087 8.6459-23 1.0458e-15 0.0444 0.0196 06883 03221 1 2141305 3.1933e-09 3.8075¢-18 2.7316e-04 02125 0.0643 01779
9 03034 00133 27147e-04 00254 00295 04135 06628 2.1413e-05 139282¢-138 2.2885e-52 04845 50172¢-06 00406  0.0270
10 0.2295 00075 3.8349-06 1.4518e-07 1.5520e-07 0.0261 04565 3.1933e-09 3.9282¢-138 1 44504e-61 06549 1.4738e-10 0.2400 00414
11 08585 3.1561e-07 4.2497e-13 9.3503¢-04 0.0010 03171 07649 3.8075¢-18 2.2885¢-52 4.4504e-61 1 08555 2.6752¢-04 0.0030 0.0946
12 0.1692 02798 0.7327 0.7625 03864 09467 01727 2.7316e-04 04845 0.6549 0.8555 1 04456 4.3483e-05 0.6146
13 01412 07348 00021 1.2720e-09 1.1178¢-14 1.7856e-06  0.0061 02125 50172¢-06 1.4738e-10 26752e-04 04456 1 03555 00073
14 03778 00124 7.3768e-09 0.8096 03847 05662 0.0012 0.0643 0.0406 0.2400 0.0030 4.3483e-05 03555 1 0.1203

15 08235 06120 00012 00029 01912 02033 1.2446e-04 01779 00270 00414 00946 06146 00073 01203

4.4.3 entropy measures selection

The function creates a global degree of the indefiniteness of the condition of concern, it is
referred to as average intrinsic information which is gotten when one must decide in pattern
analysis to categorize ensembles of the object depicted by averages of fuzzy sets. Since en-
tropy depicts the uncertainties that a feature possesses, we decided to use a filter rank feature
selection method in this thesis to evaluate the informativeness of columns. Less informative
features are characterized by having a high entropy value and vice versa. The fuzziness en-
tropy proffered by De Luca and Termini as illustrated in Equation (3.5) on each variable of

the data set, where the column matrix showing the entropy value of each feature is created.
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The feature was extracted by setting a threshold value using the mean of entropy as a baseline,

where features having a value above the threshold are removed.

Australian credit data set was first divided according to the type of class it belongs to, sec-
ondly, normalized into the unit interval, and lastly, each feature was calculated using the en-
tropy formula stated in Equation (3.8). To remove less informative columns, the mean of the
entropy values was calculated from the grouped data and set as a threshold. Columns
2,3,4,5,6,12, and 13 were removed since they are above the mean threshold. Table 4.11 shows
the entropy value of each feature for this dataset from the Australian credit data set, where
accept and rejects indicates features to keep and remove respectively.

A similar approach carried out for the Australian credit data set was utilized in the German
credit pre-process dataset. Columns 2,3,4,5,7,8,9,11,12,13, and 16 were removed since they
were beyond the mean threshold. Accept and reject specified in Table 4.12 indicates features

to keep and remove for entropy value of German credit dataset features.

The same procedure carried out for the pre-process German credit data set was utilized in the
Japanese credit pre-process dataset. Columns 1,2,3,4,5,6,7,8, and 9, and 14 were removed
since they were over the mean threshold. Accept and reject specified in Table 4.13 indicates
features to keep and remove concerning entropy value of Japanese credit dataset features. The
columns removed from each of the data sets are predicted to have high uncertainties which
will affect the prediction result carried out in the prediction phase as described in the illustra-

tion of entropy measure.

Table 4.11: Entropy value of Australian credit data feature

Features (Austrlian data set Entropy value Threshold value=179.73
Variable 1 0 Accept
Varihle 2 345.39 Reject
Variahle 3 241.20 Reject
Variable 4 363.90 Reject
Variable 5 342.78 Reject
Variable 6 372.94 Reject
Variahle 7 139.91 Accept
Variahle 8 0 Accept
Variahle 9 0 Accept
Variable 10 72.98 Accept
Variable 11 0 Accept
Variahle 12 433.21 Reject
Varigble 13 182.24 Reject
Varigble 14 21.61 Accept
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Accept: Keep feature, reject: Remove feature

Table 4.12: Entropy value of German credit data feature.

Features (German dataset) Entropy value Threshold value=229.33
Variable 1 211.32 Accept
Variable 2 476.38 Reject
Variable 3 253.32 Reject
Variable 4 368.59 Reject
Variable 5 373.91 Reject
Variable 6 209.73 Reject
Variable 7 359.60 Reject
Variable 8 246.97 Reject
Variable 9 255.88 Reject
Variable 10 36.04 Accept
Variable 11 290.89 Reject
Variable 12 327.17 Reject
Variable 13 505.13 Reject
Variable 14 96.35 Accept
Variable 15 124.07 Accept
Variable 16 229.78 Reject
Variable 17 22151 Accept
Variable 18 0 Accept
Variable 19 0 Accept
Variable 20 0 Accept
Accept: Keep feature, reject: Remove feature
Table 4.13: Entropy value of Japanese credit data feature.
Features (Japanese dataset) Entropy value Threshold value=77.22
Variable 1 145.56 Reject
Variable 2 418.91 Reject
Variable 3 241.21 Reject
Variable 4 107.57 Reject
Variable 5 105.02 Reject
Variable b 295.14 Reject
Variable 7 137.02 Reject
Variable 8 139.91 Reject
Variahle 9 228.05 Reject
Variable 10 0 Accept
Variable 11 72.98 Accept
Varigble 12 0 Accept
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Variable 13 39.51 Accept

Varigble 14 179.37 Reject

Variable 15 2161 Accept

Accept: Keep feature, reject: Remove feature

4.4.4 Similarity and entropy measures selection

Similarity and entropy measure approach as described in section 3.4 was utilized for compu-
tation of selection process for this method. Lukasiewicz similarity measure was used, and
parameter p is set to 1. Mean of the entire feature similarity and entropy values was calculated
and utilize as threshold. The threshold used for this method is based on a similarity and entropy
value above the mean value slightly to accommodate features reasonably. Australian credit
data set was applied to the similarity and entropy measure method described in section 3.4.
Columns 1,5,8,9 and 11 were removed since they were above the threshold value set. Accept
and reject signifies features that are kept and removed from Australian credit data as shown in
Table 4.14.

The pre-process data of the German credit data set was applied to similarity and entropy meas-
ure as described in section 3.4. Columns 1,7,8,11,12,15,18, and 19 are removed since they are
above the threshold. Accept and reject indicates features that are kept and removed respec-
tively based on the set threshold for German credit data as shown in Table 4.15.

A similar approach used on the German data set was used for the Japanese credit data set.
Columns 1,2,3,4,5,6,7,9,10, and 12 were removed since they are above the threshold. Accept
and reject indicates features that are kept and removed respectively based on the set threshold
for Japanese credit data as shown in Table 4.16. The columns removed from each of the data
sets were predicted to have high uncertainties which will alter the prediction result carried out

in the prediction phase as described in the description of similarity and entropy measure.

Table 4.14: SEM value Australian data features.

Features (Australia data set) Similarityand Entropy measlre value Threshold value=L.12
Variahle 1 1.37 Reject
Varihle 2 0.81 Accept
Variahle 3 0.82 Accept
Variahle 4 0.93 Accept
Variahle 5 1.12 Accept
Variahle 6 0.98 Accept
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Variable 7 0.58 Accept
Variable 8 1.39 Reject
Variable 9 1.38 Reject
Variable 10 0.39 Reject
Variable 11 1.39 Reject
Variable 12 0.53 Accept
Variable 13 0.46 Accept
Variable 14 0.17 Accept
Accept: Keep feature, reject: Remove feature
Table 4.15: SEM value German data feature
Features (German data sef) Similarityand Entropy measure value Threshold valug=L.12
Variable 1 1.34 Reject
Variable 2 0.83 Accept
Variable 3 1.01 Accept
Variable 4 0.92 Accept
Variable 5 0.73 Accept
Variable 6 1.08 Accept
Variable 7 1.18 Reject
Variahle 8 1.26 Reject
Variahle 9 1.09 Accept
Variable 10 0.75 Accept
Variable 11 1.27 Reject
Varizble 12 1.24 Reject
Variable 13 0.88 Accept
Varizble 14 0.99 Accept
Variable 15 1.20 Reject
Varizble 16 0.91 Accept
Varizble 17 1.09 Accept
Variable 18 1.15 Reject
Varizble 19 1.39 Reject
Varizble 20 0.48 Accept
Accept: Keep feature, reject: Remove feature
Table 4.16: SEM value Japanese data feature
Features (Japanese (ata set) Similarityand Entropy measure value Threshold value=0.7
Variahle 1 1.08 Reject
Varihle 2 0.75 Reject
Variable 3 0.82 Reject
Variable 4 0.77 Reject
Variable 5 0.78 Reject
Variable 6 1.06 Reject
Variable 7 0.73 Reject
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Variable 8 0.58 Accept
Variable 9 1.23 Reject
Variable 10 1.38 Reject
Variable 11 0.39 Accept
Variable 12 1.39 Reject
Variable 13 0.63 Accept
Variable 14 0.47 Accept
Variable 15 0.17 Accept

Accept: Keep feature, reject: Remove feature

45 Classification Phase

Logistic regression was utilized in the implementation of this master study due to the benefit
of fitting models that humans easily understood and gives a good prediction outcome in clas-
sification assignment (Moro et al., 2014). KNN was also used as it helps with the classification
tasks where the information about data distribution is not known (Suguna and Thanushkodi,
2010). Both classification methods are easy to build and cheap as compared to sophisticated
when compared with a sophisticated methods like neural networks. To carry out this phase, all
extracted feature is combined with the class labels that create data used for classification

purpose.

Scaling of data
The preselected data described in section 4.4 is combined with the class label of each dataset
and it is then normalized into a unit interval of 0 and 1. The input value for the algorithm
utilized is the combined feature, the column of class vector, and all column of data required
for prediction and output is a new data concerning classes, size of classes, and starting point
of classes in the new data matrix. The extracted columns were scaled to ensure all values in

each column are in the same numerical range for effective prediction purposes.

Data splitting

The output from the normalized data sets was utilized to randomly split data based on three
split methods of 50, 70, 90 training set and 50,30,10 testing set, where the random split was
carried out 30 times. This process gives splits normalized data set into test data, train data, test
labels, and train labels. Outcomes results from this process are applied to classifier algorithms

LR and KNN in the subsequent paragraph.

According to Mishra and Silakari (2012), Predictive analytics is defined as an advanced field
of data engineering that in general predicts some event based on data, where data mining

technique is used to make recommendations based on prediction. The concept combines busi-
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ness knowledge and a statistical analytical approach that is applied to business to get the in-
sight that is used for decision-making in a business environment. Classification is a method
that uses an observation’s attributes to allocate it to discrete classes, where the relationship

between attributes and class label is modelled approximately (Mishra et al., 2012).

KNN development

KNN is described as a classification technique in pattern recognition used in the classification
of objects for the nearest training instances in the feature space (Bolandraftar et al., 2013). The
output result from the data split describe in the previous paragraph for all datasets is ap- plied
on the KNN algorithm following the process described in section 3.6, k is set from 1-10in our
case. A similar approach was done for all three data sets. The output results from each of K

was calculated based on the accuracy and specificity performance measure.

Confusion matrix

Rechentin (2014) defined the confusion matrix as a contingency table used to visualize the
achievement of a supervised learning approach. A typical classification task with m number
of classes needs a confusion matrix of m by m where rows denote the defined main class and
the columns showing classifier prediction class. Confusion matrix contains TP (true positive)
is the range of positives properly detected, TN (true negative) is the range of negatives appro-
priately spotted, FP (false positive) is the range of negatives wrongly found as positive, and
FN (false negative) is the range of positives inaccurately sighted as negatives. Table 4.2 below
shows a confusion matrix. Equations (4.2) and (4.3) below are derived from this matrix.

Table 4.17: Confusion matrix (Rechenthin, 2014)

Predicted class

_+_ _
Actual + | TP I'N
Class | — FP TN

Accuracy

The concept of accuracy is defined as the summation of right predictions divided by all num-
ber of predictions, where it gives wholistic information concerning the number of samples
misclassified similarly as the error rate (Raschka, 2014). Accuracy might be a familiar metric
still it might not be explanatory enough when utilized in the measurement related to the per-

formance of a great inequality dataset, this means a model may possess huge accuracy and not
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get the identification of class intended to be predicted (Rechenthin, 2014). The accuracy for-

mula is shown in the equation below:

TP+ TN
Accuracy = (4.2)
TP + TN + FP + FN

Specificity

Chen (2011) defines specificity (also known as true negative rate) as measure of how well a
classifier can detect normal records. The quality of the model is evaluated by forecasting TN
for the individual class present, where the value range is between 0 and 1 (Chen, 2011). The

formula for estimating specificity is shown below:

TN
Specificity = TN + FP 4.3)

4.6 Performance measure

Numerous methods are used to evaluate classification outcomes such as performance
measures, this concept is readily used in literature. Accuracy alone is not sufficient as perfor-
mance measures when there is a clear class imbalance towards a specific class label in the
dataset (Dertimanis et al., 2018). In our case, as described in Table (4.1) the imbalance be-
tween class in two of the datasets utilized for experimentation is quite low with a difference of
just ten percent. This makes accuracy suitable for both Australian and Japanese data sets in
evaluation. However, this is not enough for the German data set as the imbalance between
class labels is quite much. This leads to the introduction of specificity measures. This measure
deals with negative sample prediction accuracy. Both accuracy and specificity measures were

considered for this thesis due to the reasons stated above.

The classification method utilized in this study is the two-class method since the class label
for all data set is within the two-class value. Koyejo et al. (2014) described performance met-
rics concerning two-class classification as a method used in getting among four basic popula-
tion aggregate, which is TP (True Positive), FP (False Positive, TN (True Negative, and FN
(False Negative) (Koyejo et al., 2014).
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4.7 Classification outputs

Classification outputs are gotten from each of the classifiers utilized in the previous section
and formulation was done randomly 30 times, to select the mean of all computations and get
a single value. A similar approach was done for training and test split used for classification
concerning the two classification algorithms used for this research. Furthermore, performance
measures accuracy and specificity of each data sets were calculated using the formula stated

in Equations (4.2) and (4.3) from both Logistic regression and KNN classifiers. The mean and

variance that arise in the result of each performance measure are also calculated using both
mean and variance functions. Feature selection method in combination with classifier having
the highest mean value and lowest variance for each of the performance measures were bold
to indicate superiority over other combinations. The approach used for the logistic classifier is
computed in such a way that a confusion matrix was created for parameters in Table 4.17.
Afterward, the estimate of both accuracy and specificity was calculated using the formula
given in Equations (4.2) and (4.3), respectively. The result for each of the performance
measures was stored in a matrix containing accuracy and specificity value for each of the
random number use in our case 30. Both accuracy and specificity results have the length of
(30 by 1), where the average from row matrix calculated utilized as mean accuracy and
specificity described below in each measure. Furthermore, the variance of the matrix storing
the results was estimated which was utilized as the variance on the tables shown below. A
similarapproach was used for both accuracy and specificity measures computed in the next

para- graphs.

The same approach was used for KNN, where the accuracy and specificity results of each K
were calculated. The number of k used was from 1-10 and each k has resulted from 30 random
computations for both accuracy and specificity. The accuracy of KNN was calculated by di-
viding the number of hits by the length of test labels. Specificity of KNN was calculated
following the formula in Equation (4.3). The mean accuracy and specificity of KNN were
estimated by first calculating the mean of independent k having 30 results each having a size
of (30 by 10). Next, the mean of all K from previous results now having size (1 by 10) was
used as the mean results for accuracy and specificity.

4.7.1 Classification outcomes of mean accuracies of Australian credit data.
The result shown in Table 4.18 is extracted from the classification process done on the Aus-
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tralian credit data sets when 50% training and the testing split are utilized, respectively. KNN
approach is a bit different with each KNN accuracies randomly generated 30 times for all 10
nearest neighbours, afterwards the mean of total nearest is estimated to get an output value.
The result presented in Table 4.18 shows the data without feature selection, which is the base-
line, and with feature selection methods namely: t-test, correlation, entropy measures, and
similarity and entropy measure. Baseline and other feature selection methods were combined
with logistic regression and KNN classifiers. The results from all models show that the com-

bination with logistic regression gives the highest mean accuracy between them having 86%,

87%,86%, 86%, and 78%, respectively for baseline, t-test, correlation, entropy measures, and
similarity and entropy measures in all methods. The lowest variance for baseline and t-test,
correlation, entropy measures, and similarity and entropy measures values are 0.00015,
0.00021, 0.00013, 0.00013, and 0.00029, respectively.

In addition, Table 4.19 shows the classification outcomes when the Australian credit data is
divided into 70% and 30% training and test, respectively. The outcomes from all models show
that both baseline and feature selection combination with logistic regression gives the highest
mean accuracy and less variance in almost all models, except in the case when correlation and
entropy measures are applied KNN. Mean accuracies for all models is 86%, 87%,86%, 85%,
and 77%, respectively for baseline, t-test, correlation, entropy measures, and similarity and
entropy measures. The lowest variance for baseline and t-test, correlation, entropy measures,
and similarity and entropy measures values are 0.00031, 0.00049, 0.00042, 0.00042, and
0.00054, respectively.

Furthermore, Table 4.20 shows the classification outcomes when the Australian credit data is
divided into 90% and 10% training and test, respectively. The outcomes from all models show
that both baseline and feature selection combination with logistic regression gives the highest
mean accuracy and less variance in almost all models, except in the case when correlation and
entropy measures are applied KNN. Mean accuracies for all model is 87%, 87%,86%, 85%,
and 78%, respectively for baseline, t-test, correlation, entropy measures, and similarity and
entropy measures accuracies. The lowest variance for baseline and t-test, correlation, entropy
measures, and similarity and entropy measures values are 0.00011, 0.0011, 0.016, 0.0014, and

0.0017, respectively.

Overall, the Australian credit data set shows that the highest mean accuracy for classification

is achieved with the combination t-test and baseline model with the logistic regression classi-
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fier having 87%. The lowest variance between accuracies is achieved with the combination of
baseline and LR when divided in the ratio 90-10 % train and test data which gives 0.00011.

Table 4.18: Mean accuracy of Australian credit data for 50 percent training sets.

Techniques/Australian | Dimension| Mean accuracy (%) | Variance
Baseline + LR 14 86 0.00015
Baseline + KNN 14 84 0.00019
Test + LR 1 87 0.00022
T-test + KNN 1 84 0.00021
Cor + LR 12 86 0.00013
Corr + KNN 12 83 0.00031
EM +LR 1 86 0.00013
EM + KNN 1 82 0.00029
SEM +LR 9 78 0.00029
SEM + KNN 9 71 0.00036

Bold:

Highest mean accuracy and lowest variance.

Table 4.19: Mean accuracy of Australian credit data for 70 percent training sets.

Techniques/Australian | Dimension| Mean accuracy (%) | Variance
Baseline + LR 14 86 0.00058
Baseling + KNN 14 83 0.00031
T-est + LR 1 87 0.00049
T-test + KNN 1 84 0.00059
Corr + LR 12 86 0.00049
Corr + KNN 12 83 0.00042
EM +LR 1 85 0.00042
EM + KNN 1 82 0.00044
SEM +LR 9 77 0.00054
SEM + KNN 9 72 0.00064

Bold: Highest mean accuracy and lowest variance.

Table 4.20: Mean accuracy of Australian credit data for 90 percent training sets.

Techniques/Australian | Dimension| Mean accuracy (%) | Variance
Baseling + LR 14 87 0.00011
Baseling + KNN 14 83 0.00180
Test + LR 1 87 0.0011
T-test + KNN 1 84 0.0016
Corr + LR 12 86 0.0016
Corr + KNN 12 83 0.0016
EM +LR 1 85 0.0014
EM + KNN 1 82 0.0018
SEM +LR 9 78 0.0032
SEM + KNN 9 73 0.0017
Bold: Highest mean accuracy and lowest variance.
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4.7.2 Classification outcomes of mean specificities Of Australian credit data.

The result presented in Table 4.21 is gotten from the classification process done on the Aus-
tralian credit data sets when 50% training and the testing split are used, respectively. A similar
approach from accuracy in Australian credit data is used for specificities values. The result as
seen in Table 4.21 shows the data without feature selection method, t-test, correlation, entropy
measures, and similarity and entropy measure are utilized as feature selection methods with
logistic regression, and KNN classifiers. The outcomes from baseline, t-test, correlation and
SEM models show that the combination with logistic regression gives the highest mean
specificity and lowest variance. The entropy measure has the highest mean specificity and
lowest variance when combined with KNN. The results from all models based on the highest
mean classification specificities concerning their combination with classifiers are 86%,
87%,84%, 85%, and 88%, respectively for baseline, t-test, correlation, entropy measures, and
similarity and entropy measures specificities. The lowest variance for baseline and t-test,
correlation, entropy measures, and similarity and entropy measures values are 0.00039,
0.00052, 0.00047,0.00046, and 0.00059, respectively.

Table 4.22 shows the classification outcomes when the Australian credit data is divided into
70% and 30% training and test, respectively. The random approach employed in the previous
paragraph is adopted for the selection of test and training data. The outcomes from SEM mod-
els show that the highest specificity and lowest variance are achieved in combination with
logistic regression. Baseline and correlation highest specificity and lowest variance are gotten
with LR and KNN, respectively. The t-test and EM model has both the highest mean specific-
ity and lowest variance when combined with KNN classifier. The outcomes from all models
based on the highest mean classification specificities as it relates to their combination with
classifiers are 87%, 87%,84%, 85%, and 89%, respectively for baseline, t-test, correlation,
entropy measures, and similarity and entropy measures specificities. The lowest variance for
baseline and t-test, correlation, entropy measures, and similarity and entropy measures values
are 0.00092, 0.0011, 0.0010, 0.00094, and 0.0010, respectively.

Table 4.23 shows the classification outcomes when the Australian credit data is divided into
90% and 10% training and test, respectively. The random approach used in the previous par-
agraph is adopted for the selection of test and training data. The outcomes show that the base-
line, correlation, and SEM models combined with logistic regression give the highest mean
specificity and the lowest variance. t-test and EM model's highest mean specificity and lowest

variance are achieved in combination with the KNN classifier. Mean specificity for all models
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is 86%, 87%,84%, 85%, and 90%, respectively for baseline, t-test, correlation, entropy
measures, and similarity and entropy measures specificities. The lowest variance for baseline
and t-test, correlation, entropy measures, and similarity and entropy measures values are
0.0021, 0.0016, 0.0038, 0.0032, and 0.0022, respectively.

Overall, the Australian credit data set shows that the highest mean specificity for classification
is achieved with the combination of SEM and Logistic regression classifier with a data split of
90% training and 10% test having 90%. The lowest variance between specificities is achieved
with the combination of baseline and LR when divided in the ratio 50-50 % train andtest data
which gives 0.00039.

Table 4.21: Mean specificity of Australian credit data for 50 percent training sets.

Techniques/Australian | Dimension| Mean specificity (%) | Variance
Baseline + LR 14 86 0.00039
Baseling + KNN 14 85 0.00079
T-test + LR l 87 0.00052
T-test + KNN 7 86 0.0010

Cor + LR 12 84 0.00047
Corr + KNN 12 83 0.00084
EM +LR 1 82 0.00063
EM + KNN 1 85 0.00046
SEM +LR 9 88 0.00059
SEM + KNN 9 81 0.00073

Bold: Highest mean specificity and lowest variance.

Table 4.22: Mean specificity of Australian credit data for 70 percent training sets

Techniques/Australian | Dimension| Mean specificity (%) | Variance
Baseline + LR 14 87 0.0015
Baseline + KNN 14 85 0.00092
T-test + LR 1 86 0.0012
T-test + KNN 1 87 0.0011
Corr + LR 12 84 0.0017
Corr + KNN 12 83 0.0010
EM +LR 1 82 0.0022
EM + KNN 7 85 0.00094
SEM +LR 9 89 0.0010
SEM + KNN 9 83 0.0018

Bold: Highest mean specificity and lowest variance.
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Table 4.23: Mean specificity of Australian credit data for 90 percent training sets.

Techniques/Australian | Dimension| Mean specificity (%) | Variance
Baseline + LR 14 86 0.0021
Baseline + KNN 14 84 0.0035
T-est + LR 1 86 0.0020
T-test + KNN 1 87 0.0016
Corr + LR 12 84 0.0038
Corr + KNN 12 83 0.0041
EM +LR 1 81 0.0042
EM + KNN 1 85 0.0032
SEM +LR 9 90 0.0022
SEM + KNN 9 84 0.0032

Bold: Highest mean specificity and lowest variance.

4.7.3 Classification outcomes of mean accuracies Of German credit data.

The result shown in Table 4.24 is extracted from the classification process done on the German
credit data sets when 50% training and the testing split are utilized. A similar method from
Australian credit data for computing the output results of KNN is used for German credit data
accuracy calculation. The result as shown in Table 4.24 shows the data without feature selec-
tion method, t-test, correlation, entropy measures, and similarity and entropy measure are uti-
lized as a feature selection method with logistic regression, and KNN classifiers. The results
from all models show that the combination with logistic regression gives the highest mean
accuracy 73%, 74%,73%, 71%, and 71%, respectively for baseline, t-test, correlation, entropy
measures, and similarity and entropy measures accuracies. Baseline, t-test, correlation, SEM
highest mean accuracies, and lowest variances are achieved when combined LR classifier. EM
model has the highest mean accuracy with LR and lowest variance with KNN. The lowest
variance for baseline and t-test, correlation, entropy measures, and similarity and entropy
measures values are 0.00014, 0.00017, 0.00014, 0.0016, and 0.00023, respectively.

Table 4.25 shows the classification outcomes when the German credit data is divided into 70%
and 30% training and test, respectively. Results achieved show that all models have the highest
mean classification accuracy when combined with logistic regression classifier. Differences
concerning the lowest variance combination are seen for entropy measure and KNN, where
other models have the lowest variance in combination with logistic regression. The results
from all models with the highest mean accuracy are 73%, 74%,74%, 71%, and 72%, respec-
tively for baseline, t-test, correlation, entropy measures, and similarity and entropy measures
accuracies. Baseline, t-test, correlation, SEM models highest mean accuracies, and lowest var-
iance are achieved when combined with LR classifier. EM model gets the highest accuracy
and lowest variance with both LR and KNN, respectively. The lowest variance for baseline
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and t-test, correlation, entropy measures, and similarity and entropy measures values are
0.00019, 0.00032, 0.00029, 0.00023, and 0.00023, respectively.

Table 4.26 shows the classification outcomes when the German credit data is divided into 90%
and 10% training and test, respectively. The baseline model’s highest mean accuracy is
achieved with the LR classifier and equal variance with both KNN and LR classifiers. t-test,
correlation, and SEM models show that combination with logistic regression gives the highest
mean accuracy and lowest variance. EM model gets the highest mean accuracy and lowest
variance with its combination with LR and KNN classifier, respectively. Mean accuracies for
all models are 74%, 75%,74%, 72%, and 72%, respectively for baseline, t-test, correlation,
entropy measures, and similarity and entropy measures accuracies. The lowest variance for
baseline and t-test, correlation, entropy measures, and similarity and entropy measures values
are 0.0012, 0.00083, 0.0011, 0.00094, and 0.00079, respectively.

Overall, the German credit data set shows that the highest mean accuracy for classification is
achieved with the combination of t-test and Logistic regression classifier, and this is achieved
with a data split of training and test of (90-10) with a percentage value of 75. The lowest
variance between accuracies is achieved with the combination of baseline, correlation, and LR
classifier when divided in the ratio of 50-50 % train and test data which gives 0.00014.

Table 4.24: Mean accuracy of German credit data for 50 percent training sets.

Techniques/German | Dimension| Mean accuracy (%) | Variance
Baseline + LR 20 73 0.00014
Baseline + KNN 20 72 0.00015
T-test + LR 11 74 0.00017
T-test + KNN 11 72 0.00022
Corr +LR 18 73 0.00014
Corr + KNN 18 72 0.00019
EM+LR 9 71 0.00019
EM + KNN 9 69 0.00016
SEM +LR 12 71 0.00023
SEM + KNN 12 69 0.00029

Bold: Highest mean accuracy and lowest variance.

Table 4.25: Mean accuracy of German credit data for 70 percent training sets.

Techniques/German | Dimension| Mean accuracy (%) | Variance
Baseline + LR 20 73 0.00019
Baseline + KNN 20 72 0.00033
T-test + LR 11 74 0.00032
T-test + KNN 11 72 0.00042
Corr + LR 18 74 0.00029
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Corr + KNN 18 72 0.00035
EM+LR 9 71 0.00040
EM + KNN 9 69 0.00023
SEM +LR 12 12 0.00023
SEM + KN 12 69 0.00033

Bold: Highest mean accuracy and lowest variance.

Table 4.26: Mean accuracy of German credit data for 90 percent training sets.

Techniques/German | Dimension| Mean accuracy (%) | Variance
Baseline + LR 20 74 0.0012
Baseline + KNN 20 73 0.0012
T-est + LR 11 75 0.00083
T-test + KNN 11 73 0.0013
Cor + LR 18 74 0.0011
Corr + KNN 18 72 0.0013
EM +LR 9 72 0.0015
EM + KNN 9 70 0.00094
SEM +LR 12 72 0.00079
SEM + KNN 12 70 0.0014

Bold: Highest mean accuracy and lowest variance.

4.7.4 Classification outcomes of mean specificities Of German credit data.

The same approach from Australia credit data computation of specificities was utilized for
German credit data. The result presented in Table 4.27 is gotten from the classification process
done on the German credit data sets when 50% training and the testing split are used, respec-
tively. The result shown in Table 4.27 shows the data without feature selection method, t-test,
correlation, entropy measures, and similarity and entropy measure are utilized as a feature
selection method with logistic regression, and KNN classifiers. The results from the t-test,
correlation, and SEM get the highest mean specificity and lowest variance with their combi-
nation with the logistic regression classifier. The baseline model also has the highest mean
specificity when combined with both classifiers and the lowest variance with LR only. The
entropy measure has the highest mean specificity and lowest variance when combined with
KNN classifier. The results from all models based on the highest mean classification specific-
ities concerning their combination with classifiers are 87%, 88%,87%, 89%, and 92%, respec-

tively for baseline, t-test, correlation, entropy measures, and similarity and entropy measures

specificities. The lowest variance for baseline and t-test, correlation, entropy measures, and
similarity and entropy measures values are 0.00022, 0.00032, 0.00028, 0.00046, and 0.00035,

respectively.

A similar approach from Australia credit data computation of specificities was utilized for

German credit data. Table 4.28 shows the classification outcomes when the German credit
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data is divided into 70% and 30% training and test, respectively. The results from the t-test,
correlation, and SEM gets the highest mean specificity and lowest variance when combined
with the logistic regression classifier. The baseline model also has the highest mean specificity
when combined with both classifiers and lowest variance with logistic regression classifier
only. The entropy measure has the highest mean specificity and lowest variance when com-
bined with KNN classifier. The outcomes from all models based on the highest mean speci-
ficities as it relates to their combination with classifiers are 87%, 88%,88%, 90%, and 93%,
respectively for baseline, t-test, correlation, entropy measures, and similarity and entropy
measures specificities. The lowest variance for baseline and t-test, correlation, entropy
measures, and similarity and entropy measures values are 0.00037, 0.00048, 0.00046, 0.00053,
and 0.00035, respectively.

The same procedure from Australia credit data computation of specificities was utilized for
German credit data. Table 4.29 shows the classification outcomes when the German credit
data is divided into 90% and 10% training and test, respectively. The outcomes show that the
baseline model combination with both classifiers gives the highest mean specificity and the
lowest variance with KNN only. The t-test model achieved the highest mean specificity when
combined with logistic regression and the lowest variance achieved with both KNN and LR
classifier. The correlation model’s highest specificity is achieved with its combination with
logistic regression classifier, lowest variance is with the KNN classifier only. Entropy measure
combination gives the highest mean specificity with its combination with KNN, and the lowest
variance achieved with the same classifier. SEM model combination achieves the highest
specificity and lowest variance achieve with its combination with Logistic regression classi-
fier. Mean specificity for all models is 87%, 88%,88%, 91%, and 94%, respectively for base-
line, t-test, correlation, entropy measures, and similarity and entropy measures accuracies. The
lowest variance for baseline and t-test, correlation, entropy measures, and similarity and en-
tropy measures values are 0.00013, 0.0015, 0.0015, 0.0012, and 0.0012, respectively.

Overall, the German credit data set shows that the highest mean specificity for classification
is achieved with the combination of SEM and Logistic regression classifier with a data split of
90-10 training and test having 94%. The lowest variance between specificities is achieved with
the combination of correlation and LR classifier when divided in the ratio 50-50 % trainand
test data which gives 0.00028.
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Table 4.27: Mean specificity of German credit data for 50 percent training sets.

Techniques/ German Dimension| Mean specificity (%) | Variance
Baseline + LR 20 87 0.00022
Baseline + KNN 20 87 0.00029
T-test + LR 11 88 0.00032
T-test + KNN 11 85 0.00048
Corr + LR 18 87 0.00028
Corr + KNN 18 85 0.00042
EM +LR 9 87 0.00093
EM + KNN 9 89 0.00046
SEM +LR 12 92 0.00035
SEM + KNN 12 85 0.00053

Bold: Highest mean specificity and lowest variance

Table 4.28: Mean specificity of German credit data for 70 percent training sets.

Techniques/German | Dimension| Mean specificity (%) | Variance
Baseline + LR 20 87 0.00037
Baseline + KNN 20 87 0.00060
T-fest + LR 11 88 0.00048
T-test + KNN 11 85 0.00088
Corr + LR 18 88 0.00046
Corr + KNN 18 85 0.00061
EM +LR 9 88 0.0014

EM + KNN 9 90 0.00053
SEM +LR 12 93 0.00035
SEM + KNN 12 84 0.00064

Bold: Highest mean specificity and lowest variance

Table 4.29: Mean specificity of German credit data for 90 percent training sets.

Techniques/German | Dimension| Mean specificity (%) | Variance
Baseline + LR 20 87 0.0019
Baseling + KNN 20 87 0.0013
T-est + LR 11 88 0.0015
T-test + KNN 11 85 0.0015
Corr + LR 18 88 0.0018
Corr + KNN 18 85 0.0015
EM +LR 9 88 0.0022
EM + KNN 9 91 0.0012
SEM +LR 12 94 0.0012
SEM + KNN 12 85 0.0019

Bold: Highest mean specificity and lowest variance

4.7.5 Classification outcomes of mean Accuracies of Japanese credit data.

The outcome shown in Table 4.30 is extracted from the classification process done on the
Japanese credit data sets when 50% training and the testing split are utilized, respectively. A
similar method from German credit data for computing the output results of KNN and LR is
used for Japanese credit data accuracy estimation. The result shown in Table 4.30 shows the

data without feature selection method, t-test, correlation, entropy measures, and similarity and
60



entropy measure are utilized as a feature selection method with logistic regression, and KNN
classifiers. The results from all models show that the combination with logistic regression
gives the highest mean accuracy 83%, 78%,83%, 75%, and 77%, respectively for baseline, t-
test, correlation, entropy measures, and similarity and entropy measures accuracies. Baseline
and correlation models show the combination with the KNN classifier gives the highest mean
accuracy and lowest variance. Both t-test and SEM achieved their highest mean accuracies and
lowest variances when combined with logistic regression classifier. The entropy measuresthe
highest mean accuracy in combination with LR and the lowest variance is seen with the KNN
classifier. The lowest variance for baseline and t-test, correlation, entropy measures, and
similarity and entropy measures values are 0.00021, 0.00033, 0.00019, 0.00027, and 0.00019,

respectively.

Table 4.31 shows the classification outcomes when the Japanese credit data is divided into
70% and 30% training and test, respectively. The results from all models with the highest mean
accuracy are 83%, 77%,83%, 75%, and 76%, respectively for baseline, t-test, correla- tion,
entropy measures, and similarity and entropy measures accuracies. The baseline model's
highest mean accuracy and lowest variance are achieved with KNN and LR classifier, respec-
tively. SEM and t-test achieved their highest mean accuracies and lowest variances when com-
bined with logistic regression classifier. Correlation model combination with KNN achieves

the highest mean accuracy and lowest variance. Entropy measure highest means accuracy and
lowest variance is achieved with LR and KNN classifiers, respectively. The lowest variance
for baseline and t-test, correlation, entropy measures, and similarity and entropy measures
values are 0.00037, 0.00031, 0.00022, 0.00037, and 0.00029, respectively.

Table 4.32 shows the classification outcomes when the Japanese credit data is divided into
90% and 10% training and test, respectively. Mean accuracies for all model is 83%, 77%,83%,
75%, and 76%, respectively for baseline, t-test, correlation, entropy measures, and similarity
and entropy measures accuracies. The correlation and baseline model shows the combination
with KNN classifiers gives the highest mean accuracy and lowest variance. SEM and t-test
achieved their highest mean accuracies and lowest variances when combined with logistic
regression classifier. Entropy measure gets highest mean accuracy in combination with LR
classifier and lowest variance is seen with KNN classifier. The lowest variance for baseline
and t-test, correlation, entropy measures, and similarity and entropy measures values are
0.00021, 0.00033, 0.00019, 0.00027, and 0.00019, respectively.
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Overall, the Japanese credit data set shows that the highest mean accuracy for classification is
achieved with baseline, correlation, and KNN combination, where this is achieved with all
data split of train and test with a percentage value of 83. The lowest variance between accu-

racies is achieved in all models is 0.00019.

Table 4.30: Mean accuracy of Japanese credit data for 50 percent training sets.

Techniques | Dimension| Mean accuracy (%) | Variance
Baseline + LR 15 77 0.00062
Baseline + KNN | 15 83 0.00021
T-test + LR 1 78 0.00033
T-test + KNN 1 72 0.00044
Corr + LR 13 76 0.00081
Corr + KNN 13 83 0.00019
EM +LR 5 75 0.00037
EM + KNN 5 71 0.00027
SEM +LR 5 77 0.00019
SEM + KNN 5 71 0.00033

Bold: Highest mean accuracy and lowest variance.

Table 4.31: Mean accuracy of Japanese credit data for 70 percent training sets.

Techniques/ Japanese | Dimension| Mean accuracy (%) | Variance
Baseline + LR 15 77 0.00037
Baseline + KNN 15 83 0.00045
T-est + LR 1 77 0.00031
T-test + KNN 1 73 0.00073
Corr + LR 13 76 0.00060
Corr + KNN 13 83 0.00022
EM +LR 5 75 0.00068
EM + KNN 5 71 0.00037
SEM +LR 5 76 0.00029
SEM + KNN 5 72 0.00073

Bold: Highest mean accuracy and lowest variance.

Table 4.32: Mean accuracy of Japanese credit data for 90 percent training sets.

Techniques/Japanese | Dimension| Mean accuracy (%) | Variance
Baseline + LR 15 77 0.0023
Baseling + KNN 15 83 0.0013
Test + LR 1 77 0.00020
T-est + KNN 1 74 0.0021
Corr +LR 13 78 0.0023
Corr + KNN 13 83 0.00026
EM +LR 5 75 0.0021
EM + KNN 5 71 0.0017
SEM +LR 5 76 0.0021
SEM + KNN 5 71 0.0022

Bold: Highest mean accuracy and lowest variance.
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4.7.6 Classification outcomes of mean specificities Of Japanese credit data.

The result presented in Table 4.33 is gotten from the classification process done on the Japa-
nese credit data sets when 50% training and the testing split are used, respectively. A similar
method from German credit data for computing the output results of KNN and LR is used for
Japanese credit data specificity estimation. The result shown in Table 4.33 shows the data
without feature selection method, t-test, correlation, entropy measures, and similarity and en-
tropy measure are utilized as a feature selection method with logistic regression, and KNN
classifiers. Baseline model outcomes give an equal highest mean specificity when combine
with both LR and KNN classifiers and the lowest variance is achieved with the LR classifier
alone. Both EM and correlation achieved their highest mean specificity and lowest variance
when combined with KNN classifier. t-test highest mean specificity and lowest variance are
achieved with LR and KNN classifier combination, respectively. SEM's highest mean speci-
ficity and lowest variance are gotten when combined with LR classifier. The results from all

models based on the highest mean classification specificities concerning their combination

with classifiers are 83%, 85%,83%, 84%, and 89%, respectively for baseline, t-test, correla-
tion, entropy measures, and similarity and entropy measures specificities. The lowest variance
for baseline and t-test, correlation, entropy measures, and similarity and entropy measures
values are 0.00025, 0.0014, 0.00083, 0.00068, and 0.00081, respectively.

Table 4.34 shows the classification outcomes when the Japanese credit data is divided into
70% and 30% training and test, respectively. The outcomes from all models based on the
highest mean classification specificities as it relates to their combination with classifiers are
84%, 85%,84%, 84%, and 90%, respectively for baseline, t-test, correlation, entropy measures,
and similarity and entropy measures specificities. The baseline model shows the combination
with both LR and KNN classifiers gives equal highest mean specificity and low-est variance
with KNN classifier only. SEM and t-test achieved their highest mean specifici- ties and lowest
variances when combined with logistic regression classifiers. EM and correla-tion models'
highest specificities and lowest variances are gotten when combined with KNN classifier. The
lowest variance for baseline and t-test, correlation, entropy measures, and sim-ilarity and
entropy measures values are 0.0011, 0.0013, 0.0011, 0.00069, and 0.00063, respec-tively.

Table 4.35 shows the classification outcomes when the Japanese credit data is divided into
90% and 10% training and test, respectively. The outcomes show that the baseline model

combination with the LR classifier gives the highest mean specificity, and the lowest variance
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is achieved with the KNN classifier. The t-test model and SEM achieved the highest mean
specificity and lowest variance when combined with logistic regression. EM and correlation
model’s highest specificity and lowest variance are achieved with KNN. Mean specificity for
all models is 87%, 85%,87%, 84%, and 89%, respectively for baseline, t-test, correlation, en-
tropy measures, and similarity and entropy measures specificities. The lowest variance for
baseline and t-test, correlation, entropy measures, and similarity and entropy measures values
are 0.0027, 0.0030, 0.0027, 0.0028, and 0.00028, respectively.

Overall, the Japanese credit data set shows that the highest mean specificity for classification
is achieved with the combination of SEM and Logistic regression classifier with a data split of
70-30 training and test having 90%. The lowest variance between specificities is achieved with
the combination of baseline and LR classifier when divided in the ratio 50-50 % train andtest
data which gives 0.00025.

Table 4.33: Mean specificity of Japanese credit data for 50 percent training sets.

TechniquesiJapanese | Dimension| Mean specificity (%) | Variance
Baseline + LR 15 83 0.00025
Baseline + KNN 15 83 0.00085
T-test + LR 1 85 0.0021
T-test + KNN 1 78 0.0014
Cor + LR 13 80 0.0026
Corr + KNN 13 83 0.00083
EM +LR 5 83 0.0031
EM + KNN 5 84 0.00068
SEM +LR 5 89 0.00081
SEM + KNN 5 80 0.0012

Bold: Highest mean specificity and lowest variance

Table 4.34: Mean specificity of Japanese credit data for 70 percent training sets.

Techniques/Japanese | Dimension| Mean specificity (%) | Variance
Baseline + LR 15 84 0.0016
Baseline + KNN 15 84 0.0011
T-test + LR 1 85 0.0013
T-test + KNN 1 80 0.0018
Corr + LR 13 80 0.0027
Corr + KNN 13 84 0.0011
EM +LR 5 84 0.0024
EM + KNN 5 85 0.00069
SEM +LR 5 90 0.00063
SEM + KNN 5 80 0.0012

Bold: Highest mean specificity and lowest variance
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Table 4.35: Mean specificity of Japanese credit data for 90 percent training sets.

Techniques/Japanese | Dimension| Mean specificity (%) | Variance
Baseline + LR 15 87 0.0032
Baseline + KNN 15 84 0.0027
T-est + LR 1 87 0.0030
T-test + KNN 1 82 0.0038
Cor + LR 13 84 0.0049
Corr + KNN 13 84 0.0027
EM +LR 5 86 0.0028
EM + KNN 5 85 0.0035
SEM +LR 5 89 0.0028
FSEM + KNN 5 81 0.0043

Bold: Highest mean specificity and lowest variance
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5 ANALYSIS OF RESULTS

The goal of this study was to select the highest ranked combination of different feature
selections and classifiers uisng decision making model. This ranking was done for both
combination with and without feature selection. Selection methods affect the quality
performance metrics of a classifier in the prediction tasks. Real-world data from databases
usually comes with random error and this error often leads to data having high dimensions
which in turn leads to the problem in computational time for the pattern recognition
algorithms, the situation causes a reduction in the accuracy of some algorithms (Dertimanis et
al., 2018). To decide what combination of feature selection methods and classifiers gives the
highest ranked performance measures, a multi- criteria decision-making model is utilized.
Weighted Sum Model was used for this purpose due to the ease to formulate and explain the
end results. The problem is set up based on the performance measure outcomes achieved
during the implementations presented in chapter 4 as it relates to the goal of the study. The
main goal is to get which combination of feature selection and classifier gives less feature and
high accuracy and specificity based on the decision support model. The method described in
section 3.7 is utilized for computation and analysis of the result for this chapter. Feature
selection and classifier algorithm were used as an alternative for the setup. Performance
measure accuracy and specificity calculated in chapter 4, and feature selected based on
selection method is used as criteria for estimation. The weighting approach is the direct
assigning of both criteria based on the aim of the study. The setup described in Table 3.1 was
satisfied based on a component of a decision matrix. The subsequent paragraph explains the

approach in detail.

5.1 Selection of best-ranked combination

Classification outputs from the procedure carried out in section 4.7 are utilized as a data source
in the formulation of the decision matrix as the first approach formulation. Similar action is
carried out for all output of classifications based on the data split, and performance metrics
which consist of accuracy and specificity. All the feature selection methods and classifiers
described in section 4.7 are utilized as alternatives since we intend to get the best ranked for
each model as related to the goal of this study. In total 10 alternatives were computed with
four feature selection methods, combining with the two classifiers including the baseline

model.
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The number of features selected (dimensions) and performance measures were selected as

criteria for assessment of the decision matrix. This assessment was chosen to understand the

impact of feature selection on performance measures: accuracy and specificity. Only two cri-
teria were used for the assessment of the alternatives. The study is concerned with feature
selection methods and amount of feature selected (dimension). In addition, the number of fea-
tures selected was further divided as a cost type criterion. Performance measures accuracy and

specificity are set as benefit type, the higher it is the better in the model.

Furthermore, the relative weight of the significance of criteria was scaled on a level of 2, where
2 denote excellent. Weight was assigned as 2 for each criterion based on the scale given and
the importance of the criteria for our decision. For this, we assigned both dimension selection
and performance measures are equally important. The weight was normalized by dividing
individual weight by total which leads to both combinations summing to one after
normalization and each criteria weight after normalizing was 0.5. Appendix 1 shows all the

decision matrixes for all datasets based on the split percentage.

In addition, data from decision matrix of individual dataset were standardized to be ina similar
unit as dimension and performance measures values differ in their initial unit. To standardized,
we utilized the mean value standardization method which involves calculating the mean of all
values for both criteria values in the decision matrix column wise. Furthermore, we divide the
individual value of the criteria by the mean achieved in the previous step based on the criteria
type. For dimension, it is a cost type criterion the mean of the whole value is divided by indi-
vidual criteria value, and performance measures are a benefit criterion individual criterion is
divided by mean of whole value. The relative weight assigned earlier is multiplied column-
wise across all standardize criteria for both dimension and performance measure. The value
from the multiplication is summed row-wise based on each alternative. Appendix 2 shows the

results of mean value standardization method.

The problem is designed as a maximization problem since we intend to get the highest-ranked
alternative for individual dataset and split. Alternatives are ranked and plotted based on the
highest aggregate value and selected as the best model. The method for selection of highest
ranked combination concerning performance measure: accuracy and specificity follow the de-
scription stated in section 3.7 for implementation. The aggregative value represents the im-
portance of comparing the number of features selected and performance measures when both

factors are viewed as equally important.
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5.2 Accuracy selection based on data sets

Yokum and Armstrong (1995) explain the importance of accuracy in forecasting as compared
to other criteria such as speed, cost savings, and credibility to mention a few. From their re-
search, it was observed that though other criteria performed close to accuracy in some aspect,
however, researchers rated accuracy higher when compared to other criteria in evaluation
(Yokuma and Armstrong, 1995). The research also stated that accuracy is comparable in all
methods and circumstances which makes it vital in prediction purposes as well. For this re-

search, we considered accuracy as it shows the general performance of our model.

5.2.1 Australian ranked accuracy

The data utilized for ranking the best selection of combination of feature selections and clas-
sifiers for performance measures on the Australian credit data set were from Table 4.18 when

data split ratio is 50-50, train and test respectively.

First step: The data from Table 4.18 were used as alternatives, dimension and mean accuracy
of Australian credit data are considered as two criteria for ranking. Dimension was further
classified as a cost type criterion as a result of the need to minimize feature selected, meaning
the lower the better. Mean accuracy was classified as benefit type to maximize the value,
indicating the higher the better.

Second step: Assigning of weight on a scale of 2, where 2 denotes excellent. furthermore, the
weight was normalized by adding the value of the assigned weight together and divided by
each assigned weight. Dimension and mean accuracy are assigned an equal weight of 2 from
the scale and 0.5 after normalizing.

Third step: Standardization of the value of each alternative for each criterion. The mean of
values across dimension and mean accuracy criteria was calculated which gave 9.8 and 82.70
respectively. Next, the mean value from dimension criteria 9.8 was divided by each alternative
value row-wise. Similarly, for mean accuracy 82.70 was used for division across each alter-
native row-wise.

Fourth step: Aggregating of weight to alternative was done by multiplying normalized weight
assigned in step 2, by all normalized values in the third step row-wise for each of the criteria.
Next, the values are then summed column-wise to get an overall ranking score of all
alternatives.

The data utilized for selecting the highest ranked combination of feature selections and clas-

sifiers for performance measures on the Australian credit data set were from Table 4.18 when
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data split ratio is 50-50, train and test respectively. The values achieved for 50-50 data split
are 0.87, 0.86, 1.23, 1.21, 0.93, 0.91, 1.22, 1.20, 1,02, and 0.97 for alternatives baseline +LR,
baseline +KNN, t-test +LR, t-test +KNN, correlation +LR, correlation +KNN, EM +LR, EM

+KNN, SEM +LR, SEM +KNN, respectively. The highest ranked value is selected and in this

case is the combination of t-test +LR.

The data utilized for selecting the highest ranked combination of feature selections and clas-
sifiers for performance measures on the Australian credit data set were from Table 4.19 when
data split ratio is 70-30, train and test respectively. Similarly, the approach utilized on the
Australian credit data split of 50-50 was further used on the 70-30 data split. The values
achieved for 70-30 data split are 0.87, 0.85, 1.23, 1.21, 0.93, 0.91, 1.22, 1.20, 1,01, and 0.98
for alternatives baseline +LR, baseline +KNN, t-test +LR, t-test +KNN, correlation +LR, cor-
relation +KNN, EM +LR, EM +KNN, SEM +LR, SEM +KNN, respectively. The highest

ranked value is selected and in this case is the combination of t-test +LR.

The data utilized for selecting the highest ranked combination of feature selections and clas-
sifiers for performance measures on the Australian credit data set were from Table 4.20 when
data split ratio is 90-10, train and test, respectively. The same approach utilized on the Aus-
tralian credit data split of 70-30 was further used on the 90-10 data split. The values achieved
are 0.88, 0.85, 1.23, 1.21, 0.93, 0.91, 1.21, 1.20, 1,02, and 0.99 for alternatives baseline +LR,
baseline +KNN, t-test +LR, t-test +KNN, correlation +LR, correlation +KNN, EM +LR, EM

+KNN, SEM +LR, SEM +KNN, respectively. The highest ranked value is selected and in this

case is the combination of t-test +LR.

Table 5.1 shows the WSM score of all data split and overall highest -ranked method for Aus-
tralian credit data set for accuracy. The score value from the WSM model shows that t-test and
LR are 1.23 times better than other combinations to mean accuracy for Australian credit data.
The results indicate that when feature selected minimization and mean accuracy maxi-
mization is considered, t-test and LR give the best result combination-wise. The highest ranked

is selected from the combination with the highest WSM score.
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Table 5.1:WSM score of all Australian data set (Accuracy)

Techniques | Alternative WSM score Alternative WSM score Alternative WSM score Best
50-50 (train and test) 70-30 (train and test) 90-10 (train and test)

Baseline + LR 0.87 0.87 0.88

Baseline + KNN | 0.86 0.85 0.85

Test + LR 1.23 1.23 1.23 Selected
T-test + KNN 121 121 1.21

Cor + LR 0.93 0.93 0.93

Corr + KNN 0.91 0.91 0.91

EM +LR 1.22 1.22 1.21

EM + KNN 1.20 1.20 1.20

SEM +LR 1.02 1.01 1.02

SEM + KNN 0.97 0.98 0.99

Bold values show the selected and dominating combination.

5.2.2 German ranked accuracy

The data utilized for selecting the highest ranked combination of feature selections and clas-
sifiers for performance measures on German credit data set were from Table 4.24 when data
split ratio is 50-50, train and test respectively. Similarly, the approach utilized on the Austral-
ian credit data split of 50-50 was further used on the German 50-50 data split. The values
achieved are 0.86, 0.85, 1.15, 1.14, 0.90, 0.89, 1.27, 1.26, 1,08, and 1.07 for alternatives base-
line +LR, baseline +KNN, t-test +LR, t-test +KNN, correlation +LR, correlation +KNN, EM

+LR, EM +KNN, SEM +LR, SEM +KNN, respectively. The highest ranked value is selected
and in this case is the combination of EM +LR.

The data utilized for selecting the highest ranked combination of feature selections and clas-
sifiers for performance measures on German credit data set were from Table 4.25 when data
split ratio is 70-30, train and test, respectively. Similarly, the approach utilized on the German
credit data split of 50-50 was further used on the 70-30 data split. The values achieved are
0.86, 0.85, 1.15, 1.14, 0.90, 0.89, 1.27, 1.26, 1,08, and 1.06 for alternatives baseline +LR,
baseline +KNN, t-test +LR, t-test +KNN, correlation +LR, correlation +KNN, EM +LR, EM

+KNN, SEM +LR, SEM +KNN, respectively. The highest ranked value is selected and in this

case is the combination of EM +LR.
The data utilized for selecting the highest ranked combination of feature selections and clas-

sifiers for performance measures on German credit data set were from Table 4.26 when data

split ratio is 90-10, train and test respectively. The same approach utilized on the German
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credit data split of 70-30 was further used on the 90-10 data split. The values achieved are
0.86, 0.85, 1.15, 1.14, 0.90, 0.89, 1.27, 1.26, 1,08, and 1.07 for alternatives baseline +LR,
baseline +KNN, t-test +LR, t-test +KNN, correlation +LR, correlation +KNN, EM +LR, EM
+KNN, SEM +LR, SEM +KNN, respectively. The highest ranked value is selected and in this
case is the combination of EM +LR and EM KNN.

Table 5.2 shows the WSM score of all data split and overall highest ranked method for German
credit data set for accuracy. The score value from the WSM model shows that EM and LR are
1.27 times better than other combinations for mean accuracy for German credit data in almost
all data splits. The results indicate that when feature selected minimization and mean accuracy
maximization is considered EM and LR gives the best result combination-wise. The highest
ranked is selected from the combination with the highest WSM score.

Table 5.2: WSM score of all German data set (Accuracy)

Techniques | Alternative WSM score Alternative WSM score Alternative WSM score Best
50-50 (train and test) 70-30 (train and test) 90-10 (train and test)

Baseline + LR 0.86 0.86 0.86

Baseline + KNN | 0.85 0.85 0.85

T-test + LR 1.15 1.15 1.15

T-test + KNN 1.14 1.14 1.14

Corr + LR 0.90 0.90 0.90

Corr + KNN 0.89 0.89 0.89

EM +LR 1.27 1.27 1.27 Selected
EM + KNN 1.26 1.26 1.26

SEM + LR 1.08 1.08 1.08

SEM + KNN 1.07 1.06 1.07

Bold values indicate the selected and dominating combination.

5.2.3 Japanese ranked accuracy

The data utilized for selecting the highest ranked combination of feature selections and clas-
sifiers for performance measures on Japanese credit data set were from Table 4.30 when data
split ratio is 50-50, train and test respectively. Similarly, the approach utilized on the German
credit data split of 50-50 was further used on the Japanese 50-50 data split. The values achieved
are 0.80, 0.84, 1.15, 1.11, 0.84, 0.89, 1.39, 1.37, 1,40, and 1.37 for alternatives base-line +LR,
baseline +KNN, t-test +LR, t-test +KNN, correlation +LR, correlation +KNN, EM

+LR, EM +KNN, SEM +LR, SEM +KNN, respectively. The highest ranked value is selected
and in this case is the combination of SEM +LR.
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The data utilized for selecting the highest ranked combination of feature selections and clas-
sifiers for performance measures on Japanese credit data set were from Table 4.31 when data
split ratio is 70-30, train and test respectively. Similarly, the approach utilized on the Japanese
credit data split of 50-50 was further used on the 70-30 data split. The values achieved are
0.80, 0.84, 1.15, 1.12, 0.84, 0.89, 1.39, 1.37, 1,40, and 1.37 for alternatives baseline +LR,
baseline +KNN, t-test +LR, t-test +KNN, correlation +LR, correlation +KNN, EM +LR, EM

+KNN, SEM +LR, SEM +KNN, respectively. The highest ranked value is selected and in this

case is the combination of SEM +LR.

The data utilized for selecting the highest ranked combination of feature selections and clas-
sifiers for performance measures on Japanese credit data set were from Table 4.32 when data
split ratio is 90-10, train and test, respectively. The same approach utilized on the Japanese
credit data split of 70-30 was further used on the 90-10 data split. The values achieved are
0.80, 0.84, 1.15, 1.13, 0.86, 0.89, 1.39, 1.36, 1,40, and 1.36 for alternatives baseline +LR,
baseline +KNN, t-test +LR, t-test +KNN, correlation +LR, correlation +KNN, EM +LR, EM

+KNN, SEM +LR, SEM +KNN, respectively. The highest ranked value is selected and in this
case is the combination of SEM +LR.

Table 5.3 shows the WSM score of all data split and overall best-ranked method for Japanese
credit data set for accuracy. The score value from the WSM model shows that SEM and LR
are 1.40 times better than other combinations for mean accuracy. The results indicate that when
feature selected minimization and mean accuracy maximization is considered SEM andLR
give the best result combination-wise. The highest ranked is selected from the combinationwith
the highest WSM score.

Table 5.3: WSM score of all Japanese data set (Accuracy)

Techniques | Alterative WSM score Alternative WM score Alternative WSM score Best
50-50 (train and test) 70-30 (train and test) 90-10 (train and test)

Baseline + LR 0.80 0.80 0.85

Baseline + KNN | 0.84 0.84 0.86

T-est + LR 1.15 1.15 1.15

T-test + KNN 1.11 1.12 1.15

Corr + LR 0.84 0.84 0.89

Corr + KNN 0.89 0.89 0.89

EM +LR 1.39 1.39 1.27

EM + KNN 1.37 1.37 1.27

SEM + LR 1.40 1.40 1.40 Selected
SEM + KNN 1.37 1.37 1.07

Bold values indicate the selected and dominating combination.
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In general, the outcomes from the decision support model create a linkage between feature
selection and classifiers that performs well based on the decision-makers assertion. The results
show that the Australian credit dataset using t-test as a feature selection technique with a lo-
gistic regression classifier gives the highest-ranked result based on criteria considered. Simi-
larly, outcomes from the German credit dataset symbolize that entropy measure as a feature
selection with logistic regression gives the highest-ranked results. The output from Japanese
indicates similarity and entropy measure with logistic regression gives the highest-ranked re-
sult. The model further shows the importance of logistic regression in a situation when accu-

racy performance measure is considered.

5.3 Specificity selection based on data sets

According to Yager (1998) specificity is a concept that estimates the degree to which a fuzzy
subgroup points only one component as its member. The concept is like the inverse of the
cardinality of a set and is defined as the specific understanding of some attribute. Specificity
is vital in decision making and utilizes in a system concerning inductive learning. It was pro-
posed by Yager to evaluate the degree to which a fuzzy subset consists of one and only one
component (Yager, 1998).

5.3.1 Australian ranked specificity

The data utilized for selecting the highest ranked combination of feature selections and clas-
sifiers for performance measures on the Australian credit data set were from Table 4.21 when

data split ratio is 50-50, train and test respectively. A similar approach carried out for the

selection of highest-ranked method when accuracy is considered is utilized for specificity, as
described in section 5.2.1. The values achieved are 0.86, 0.85, 1.21, 1.21, 0.90, 0.90, 1.18,
1.20, 1,06, and 1.02 for alternatives baseline +LR, baseline +KNN, t-test +LR, t-test +KNN,
correlation +LR, correlation +KNN, EM +LR, EM +KNN, SEM +LR, SEM +KNN, respec-
tively. The highest ranked value is selected and in this case is combination of t-test + (LR and
KNN).

The data utilized for selecting the highest ranked combination of feature selections and clas-
sifiers for performance measures on the Australian credit data set were from Table 4.22 when

data split ratio is 70-30, train and test respectively. The same procedures carried out for the
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selection of highest-ranked method when accuracy is considered is utilized for specificity, as
described in with 50-50 data split. The values achieved are 0.86, 0.85, 1.21, 1.21, 0.90, 0.90,
1.18, 1.20, 1,07, and 1.03 for alternatives baseline +LR, baseline +KNN, t-test +LR, t-test
+KNN, correlation +LR, correlation +KNN, EM +LR, EM +KNN, SEM +LR, SEM +KNN,
respectively. The highest ranked value is selected and in this case is the combination of t-test
+ (LR and KNN).

The data utilized for selecting the highest ranked combination of feature selections and clas-
sifiers for performance measures on the Australian credit data set were from Table 4.23 when
data split ratio is 90-10, train and test respectively. The same steps carried out for the selection
of highest-ranked method when accuracy is considered is utilized for specificity, as described
in with 70-30 data split. The values achieved are 0.86, 0.84, 1.21, 1.21, 0.90, 0.90, 1.18, 1.20,
1,07, and 1.04 for alternatives baseline +LR, baseline +KNN, t-test +LR, t-test +KNN, corre-
lation +LR, correlation +KNN, EM +LR, EM +KNN, SEM +LR, SEM +KNN, respectively.
The highest ranked value is selected and in this case is the combination of t-test + (LR and
KNN).

Table 5.4 shows the WSM score of all data split and overall highest-ranked method for Aus-
tralian credit data set for specificity. The score value from the WSM model shows that t-test
+ (LR and KNN) are 1.21 times better than other combinations for mean specificity for Aus-
tralian credit data. The results indicate that when feature selected minimization and mean
specificity maximization is considered t-test + (LR and KNN) gives the highest ranked result
combination-wise. The highest ranked is selected from the combination with the highest WSM
score.

Table 5.4: WSM score of all Australian data set (Specificity)

Techniques | Alternative score Alternative score Alternative score Best
50-50 (train and test) | 70-30 (train and test) | 90-10 (train and test)

Baseline + LR 0.86 0.86 0.86

Baseline + KNN | 0.85 0.85 0.84

Test + LR 1.21 1.21 121 Selected
T-test + KNN 1.21 1.21 121

Corr + LR 0.90 0.90 0.90

Corr + KNN 0.90 0.90 0.89

EM +LR 1.18 1.18 1.18

EM + KNN 1.20 1.20 1.20

SEM + LR 1.06 1.07 1.07

SEM + KNN 1.02 1.03 1.04

Bold values show the selected and dominating combinations.
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5.3.2 German ranked specificity

The data utilized for selecting the highest ranked combination of feature selections and clas-
sifiers for performance measures on German credit data set were from Table 4.27 when data
split ratio is 50-50, train and test respectively. A similar approach carried out for the selection
of highest-ranked method when accuracy is considered is utilized for specificity, as described
in section 5.2.2. The values achieved are 0.85, 0.85, 1.14, 1.12, 0.89, 0.88, 1.28, 1.29, 1,11,
and 1.07 for alternatives baseline +LR, baseline +KNN, t-test +LR, t-test +KNN, correlation
+LR, correlation +KNN, EM +LR, EM +KNN, SEM +LR, SEM +KNN, respectively. The

highest ranked value is selected and in this case is the combination of EM + KNN.

The data utilized for selecting the highest ranked combination of feature selections and clas-
sifiers for performance measures on German credit data set were from Table 4.28 when data
split ratio is 70-30, train and test respectively. The same procedures carried out for the selec-
tion of highest-ranked method when accuracy is considered is utilized for specificity, as de-
scribed in with 50-50 data split. The values achieved are 0.85, 0.85, 1.14, 1.12, 0.89, 0.87,
1.28, 1.29, 1,11, and 1.06 for alternatives baseline +LR, baseline +KNN, t-test +LR, t-test
+KNN, correlation +LR, correlation +KNN, EM +LR, EM +KNN, SEM +LR, SEM +KNN,
respectively. The highest ranked value is selected and in this case is the combination of EM +
KNN.

The data utilized for ranking the best selection of combination of feature selections and clas-
sifiers for performance measures on German credit data set were from Table 4.29 when data

split ratio is 90-10, train and test respectively. The same steps carried out for the selection of

highest-ranked method when accuracy is considered is utilized for specificity, as described in
with 70-30 data split. The values achieved are 0.85, 0.85, 1.14, 1.12, 0.89, 0.87, 1.28, 1.30,
1,12, and 1.07 for alternatives baseline +LR, baseline +KNN, t-test +LR, t-test +KNN, corre-
lation +LR, correlation +KNN, EM +LR, EM +KNN, SEM +LR, SEM +KNN, respectively.
The highest ranked value is selected and in this case is the combination of EM + KNN.

Table 5.5 shows the WSM score of all data split and overall highest-ranked method for Ger-
man credit data set for specificity. The score value from the WSM model shows that EM +
KNN is 1.30 times better than other combinations for mean specificity for German credit data
in a data split of 90-10. The results indicate that when feature selected minimization and mean

specificity maximization is considered EM + KNN gives the best result combination-wise.
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Table 5.5: WSM score of all German data set (Specificity)

The highest ranked is selected from the combination with the highest WSM score.

Techniques | Altemative score Alternative score Alternative soore Ranking
50-50 (train and test) | 70-30 (train and test) | 90-10 (train and test)

Baseline + LR 0.85 0.85 0.84

Baseline + KNN | 0.85 0.85 0.85

T-test + LR 1.14 1.14 1.14

T-test + KNN 1.12 1.12 1.12

Corr + LR 0.89 0.89 0.89

Corr + KNN 0.88 0.87 0.87

EM +LR 1.28 1.28 1.28

EM + KNN 1.29 1.29 1.30 Selected
SEM +LR 111 111 1.12

SEM + KNN 1.07 1.06 1.07

Bold values show the selected and dominating combination.

5.3.3 Japanese ranked specificity

The data utilized for selecting the highest ranked combination of feature selections and clas-
sifiers for performance measures on Japanese credit data set were from Table 4.33 when data
split ratio is 50-50, train and test respectively. A similar approach carried out for the selection
of highest-ranked method when accuracy is considered is utilized for specificity, as described
in section 5.2.3. The values achieved are 0.80, 0.80, 1.16, 1.11, 0.83, 0.85, 1.40, 1.41, 1,44,

and 1.38 for alternatives baseline +LR, baseline +KNN, t-test +LR, t-test +KNN, correlation
+LR, correlation +KNN, EM +LR, EM +KNN, SEM +LR, SEM +KNN, respectively. The

highest ranked value is selected and in this case is the combination of SEM + LR.

The data utilized for selecting the highest ranked combination of feature selections and clas-
sifiers for performance measures on Japanese credit data set were from Table 4.34 when data
split ratio is 70-30, train and test respectively. The same procedures carried out for the selec-
tion of highest-ranked method when accuracy is considered is utilized for specificity, as de-
scribed in with 50-50 data split. The values achieved are 0.80, 0.80, 1.15, 1.12, 0.82, 0.85,
1.40, 1.41, 1,44, and 1.38 for alternatives baseline +LR, baseline +KNN, t-test +LR, t-test
+KNN, correlation +LR, correlation +KNN, EM +LR, EM +KNN, SEM +LR, SEM +KNN,
respectively. The highest ranked value is selected and in this case is the combination of SEM
+ LR.
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The data utilized for selecting the highest ranked combination of feature selections and clas-
sifiers for performance measures on Japanese credit data set were from Table 4.35 when data
split ratio is 90-10, train and test respectively. The same steps carried out for the selection of
highest-ranked method when accuracy is considered is utilized for specificity, as described in
with 70-30 data split. The values achieved are 0.81, 0.79, 1.16, 1.13, 0.84, 0.84, 1.41, 1.40,
1,42, and 1.38 for alternatives baseline +LR, baseline +KNN, t-test +LR, t-test +KNN, corre-
lation +LR, correlation +KNN, EM +LR, EM +KNN, SEM +LR, SEM +KNN, respectively.

The highest ranked value is selected and in this case is the combination of SEM + LR.

Table 5.6 shows the WSM score of all data split and overall highest-ranked method for Japa-
nese credit data set for specificity. The score value from the WSM model shows that SEM

+LR is 1.44 times better than other combinations for mean specificity for Japanese credit data
in a data split of 50-50 and 70-30. The results indicate that when feature extracted minimiza-
tion and mean specificity maximization is considered SEM + LR gives the best result combi-

nation-wise. The highest ranked is selected from the combination with the highest WSM score.

Table 5.6: WSM score of all Japanese data set (Specificity)

Techniques | Altemative score Alternative score Alternative score Ranking
50-50 (train and test) | 70-30 (train and test) | 90-10 (train and test)
Baseline + LR 0.80 0.80 0.81
Baseline + KNN | 0.80 0.80 0.79
T-test + LR 1.16 1.15 1.16
T-test + KNN 111 1.12 1.13
Corr + LR 0.83 0.82 0.84
Corr + KNN 0.85 0.85 0.84
EM +LR 1.40 1.40 141
EM + KNN 1.41 141 1.40
SEM + LR 1.44 1.44 1.42 Selected
SEM + KNN 1.38 1.38 1.38

Bold values show the selected and dominating combination.

Overall, the outcomes from the decision support model show the connection that exists be-
tween feature selections and classifiers which performs well based on the decision-makers
assertion. The results show that feature selection when combined with a logistic regression
classifier outperforms the KNN classifier when accuracy is considered for all three data sets.

Furthermore, the analysis shows that depending on the data sets feature selection method used
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varies as seen with Australian, German, and Japanese credit data set performs better with t-
test, Entropy measure, and Similarity and entropy measure, respectively. The results show that
feature selection when combined with logistic regression classifier outperforms the KNN clas-
sifier when specificity is considered for the Japanese data set. However, In the German credit
dataset when specificity is evaluated KNN outperforms LR. Both classifiers performed equally

when Australian credit data is ranked with specificity.
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6 CONCLUSIONS

For this work, we have handled the prediction tasks first by pre-processing the German and
Japanese data sets using one-hot coding, where the Australian dataset is already pre-processed.
Furthermore, four feature selection methods namely t-test, correlation, entropy measures, and
similarity and entropy measure were applied to select important features, and then the selected
data are classified using logistic regression and KNN classifiers.

We build five models for each of the three datasets used for this study based on the baseline
and feature selection method. A similar pre-processing method was utilized for German and
Japanese data sets. VValues of variables from the data set were assigned based on the frequency
property possess by each feature and ranked based on that, where numeric values were assign
based on the number of the feature present in a variable. After assigning numeric values to
each variable a matrix was used to form new data that is used for further processes such as
feature selection and classification. New data created after pre-processing without using fea-
ture selection is used as the baseline model for comparison with models where feature selec-
tion is implemented. t-test and correlation feature selection methods were implemented by
checking the statistical significance of the coefficient value from each variable formed through
the pre-processed data. Features with coefficient value that are not statistically significant are
removed from the dataset for classification purposes. Both entropy measures and similarity
entropy measures were deployed as a feature ranking selection method, where a threshold is

set to rank variables with less uncertainty and selected based on that.

Selected variable after feature selection method was normalized into a unit interval of 0 and 1,
data is further divided into training and test set where random validation was used to split data
into 50-50, 70-30, 90-10, percent training and test. The split data is applied to both Lo- gistic
regression and KNN classifiers, where performance measures for each of the data sets are

gotten from each classifier used.

Two of the performance measures defined in this study show an improved outcome when the
feature selection method is utilized as compared to using the baseline model. We can see that
even with an effective pre-processing method, feature selection is also vital to get a better

result as shown in most of the models that were investigated.

The classification outcomes were subjected to a weighted sum method decision support model

79



to evaluate the best combination concerning dimension and performance metrics. The support
model helps to rank which feature selection combined with classifier is better for both accu-
racy and specificity performance metrics. Each data set was evaluated based on the classifi-
cation outcome concerning train and test data split with the addition of their dimensions after
the feature selected is applied. The highest ranked is selected from the combination with the
highest WSM score.

6.1 DISCUSSION

We intended to create a different perspective on the evaluation of a classification model beyond
just the concept of performance measure value only. This research further shows the importance
of feature selection in credit related datasets before classification method is applied. As seen in
the overall ranking of all feature selection method combination with classifiers, they ranked
better than combination without application of feature selection (baseline). In all of the three-
credit dataset utilized for this research datasets without feature selection ranked the lowest with
respect to performance measure. The research shows that with credit related dataset usage of
feature selection method helps in improving the performance measures. Our research can also
be used as a template for knowing which combination of feature selection and classifier are
preferable when performance measure is the main goal of the research. Furthermore, the
research creates a connection in assessment of feature selection combination and classifier with

respect to performance measure. We believe this research will act as a toolbox for researchers

6.2 Limitation of this Research

There are many methods to pre-process data in the pre-processing stage and only one was
chosen for this study. However, we admit during this research, testing with two or more methods
is appealing. Notwithstanding, the core of this work was on ensuring two of three data setsare
pre-process similarly to access their performance based on the feature selection method. Less
importance was given to the real meaning of features used in the dataset since the sourcefrom
which data was gotten does not give real meaning to them. Our focus was more on classifier
results comparison which in turn led also little focus on the in-depth mean-ing of variables.
Furthermore, we focus more on simple statistical and fuzzy feature selection methods to
unify the results in similar ways. Notwithstanding, in this research, we acknowledge the
possibility of using a sophisticated feature selection method. Also, we uti- lized simple

classifiers such as logistic regression and KNN for model prediction, but we be- lieve that
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sophisticated classifiers such as Neural networks might give a better performance measure.
Notwithstanding, this might also be expensive to build and manage as well for com-panies. To
select the highest ranked combination, we utilized a simple weighted sum method of the multi-
criteria decision-making model, we believe a more sophisticated method such asTOPSIS can

be utilized and evaluate the result more in-depth.

6.3 Futurework

In this present study, we explore only one pre-processing method, four feature selection meth-
ods, and two classifiers on three data sets. Further research can explore either different pre-
processing methods and use the same feature selection and classifier to assess the impact of

the pre-processing method.

Furthermore, sophisticated feature selection and classifier method can be utilized in compari-
son with simple statistical and fuzzy method use in this research to see the level of difference

that occurs in each performance measure defined in this master thesis.

Sensitivity analysis can be done on the model built using the decision support model by either
adding or removing more classifiers and feature selection methods to see the difference that
takes place for ranking. Similarly, the criteria used in the model can be increase and change of

standardization method to see the changes that take place.
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Appendix 1: The decision matrix of all datasets based on the split method.

Table 6.1: Classification outcomes Accuracy with 50 % Training and 50 % test Australia dataset

Weight Specification excellent excellent

Cost Benefit type/
Criteria type/ unit type/amount percentage
Criteria: Dimension Mean accuracy (%)
Baseline + LR 14 86
Baseline + KNN 14 84
T-test + LR 7 87
T-test + KNN 7 84
Corr + LR 12 86
Corr + KNN 12 83
EM+ LR 7 86
EM + KNN 7 82
SEM + LR 9 78
FSEM + KNN 9 71

Table 6.2: Classification outcomes Accuracy with 70 % Training and 30 % test Australia dataset

Weight Specification excellent excellent

Cost Benefit type/
Criteria type/ unit type/amount percentage
Criteria: Dimension Mean accuracy (%)
Baseline + LR 14 86
Baseline + KNN 14 83
T-test + LR 7 87
T-test + KNN 7 84
Corr + LR 12 86
Corr + KNN 12 83
EM + LR 7 85
EM + KNN 7 82
FSEM + LR 9 77
FSEM + KNN 9 72

Table 6. 3: Classification outcomes Accuracy with 90 % Training and 10 % test Australia dataset

Weight Specification excellent excellent

Cost type Benefit type/
Criteria type/ unit Jamount percentage
Criteria: Dimension Mean accuracy (%)
Baseline + LR 1 87
Baseline + KNN 14 83
T-test + LR 7 87
T-test + KNN 7 84
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Corr + LR 12 86
Corr + KNN 12 83
EM + LR 7 85
EM + KNN 7 82
FSEM + LR 9 78
FSEM + KNN 9 73

Table 6.4: Classification outcomes Specificity with 50 % Training and 50 % test Australia dataset

Weight Specification excellent excellent

Cost Benefit type/
Criteria type/ unit type/amount percentage
Criteria: Dimension Mean Specificity (%)
Baseline + LR 14 86
Baseline + KNN 14 85
T-test + LR 7 87
T-test + KNN 7 86
Corr + LR 12 84
Corr + KNN 12 83
EM + LR 7 82
EM + KNN 7 85
SEM + LR 9 88
SEM + KNN 9 81

Table 6.5: Classification outcomes Specificity with 70 % Training and 30 % test Australia dataset

Weight Specification excellent excellent

Cost Benefit type/
Criteria type/ unit type/amount percentage
Criteria: Dimension Mean Specificity (%)
Baseline + LR 14 87
Baseline + KNN 14 85
T-test + LR 7 86
T-test + KNN 7 87
Corr + LR 12 84
Corr + KNN 12 83
EM + LR 7 82
EM + KNN 7 85
SEM + LR 9 89
SEM + KNN 9 83

Table 6.6: Classification outcomes Specificity with 90 % Training and 10 % test Australia da

taset

Weight Specification

Criteria type/ unit
Criteria:

excellent

Cost

type/amount

Dimension

excellent

Benefit type/
percentage

Mean Specificity (%)
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Baseline + LR 14 86
Baseline + KNN 14 84
T-test+ LR 7 86
T-test + KNN 7 87
Corr + LR 12 84
Corr + KNN 12 83
EM + LR 7 81
EM + KNN 7 85
SEM + LR 9 20
SEM + KNN 9 84

Table 6.7: Classification outcomes Accuracy with 50 % Training and 50 % test German dataset

Weight Specification excellent excellent

Cost Benefit type/
Criteria type/ unit type/amount percentage
Criteria: Dimension Mean accuracy (%)
Baseline + LR 20 73
Baseline + KNN 20 72
T-test + LR 11 74
T-test + KNN 11 72
Corr +LR 18 73
Corr + KNN 18 72
EM+ LR 9 71
EM + KNN 9 69
SEM + LR 12 71
SEM + KNN 12 69

Table 6.8: Classification outcomes Accuracy with 70 % Training and 30 % test German dataset

Weight Specification excellent excellent

Cost Benefit type/
Criteria type/ unit type/amount percentage
Criteria: Dimension Mean accuracy (%)
Baseline + LR 20 73
Baseline + KNN 20 72
T-test + LR 11 74
T-test + KNN 11 72
Corr +LR 18 73
Corr + KNN 18 72
EM+ LR 9 71
EM + KNN 9 69
SEM + LR 12 72
SEM + KNN 12 69
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Table 6.9: Classification outcomes Accuracy with 90 % Training and 10 % test German dataset

Weight Specification excellent excellent

Cost Benefit type/
Criteria type/ unit type/amount percentage
Criteria: Dimension Mean accuracy (%)
Baseline + LR 20 74
Baseline + KNN 20 73
T-test + LR 11 75
T-test + KNN 11 73
Corr + LR 18 74
Corr + KNN 18 72
EM + LR 9 72
EM + KNN 9 70
SEM + LR 12 72
SEM + KNN 12 70

Table 6.10: Classification outcomes Specificity with 50 % Training and 50 % test German dataset

Weight Specification excellent excellent

Cost Benefit type/
Criteria type/ unit type/amount percentage
Criteria: Dimension Mean Specificity (%)
Baseline + LR 20 87
Baseline + KNN 20 87
T-test + LR 11 88
T-test + KNN 11 85
Corr + LR 18 87
Corr + KNN 18 85
EM+ LR 9 87
EM + KNN 9 89
SEM + LR 12 92
SEM + KNN 12 85

Table 6.11: Classification outcomes Specificity with 70 % Training and 30 % test German dataset

Weight Specification excellent excellent

Cost Benefit type/
Criteria type/ unit type/amount percentage
Criteria: Dimension Mean Specificity (%)
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Baseline + LR 20 87
Baseline + KNN 20 87
T-test+ LR 11 88
T-test + KNN 11 85
Corr + LR 18 88
Corr + KNN 18 85
EM+LR 9 88
EM + KNN 9 20
SEM + LR 12 93
SEM + KNN 12 84

Table6.12: Classification outcomes Specificity with 90 % Training and 10 % test German dataset

Weight Specification excellent excellent

Cost Benefit type/
Criteria type/ unit type/amount percentage
Criteria: Dimension Mean Specificity (%)
Baseline + LR 20 87
Baseline + KNN 20 87
T-test + LR 11 88
T-test + KNN 11 85
Corr + LR 18 88
Corr + KNN 18 85
EM +LR 9 88
EM + KNN 9 91
SEM + LR 12 94
SEM + KNN 12 85

Table6.13: Classification outcomes Accuracy with 50 % Training and 50 % test Japanese dataset

Weight Specification excellent excellent

Cost Benefit type/
Criteria type/ unit type/amount percentage
Criteria: Dimension Mean accuracy (%)
Baseline + LR 15 77
Baseline + KNN 15 83
T-test + LR 7 78
T-test + KNN 7 72
Corr +LR 13 76
Corr + KNN 13 83
EM +LR 5 75
EM + KNN 5 71
SEM + LR 5 77
SEM + KNN 5 71
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Table 6.14: Classification outcomes Accuracy with 70 % Training and 70 % test Japanese dataset

Weight Specification excellent excellent

Cost Benefit type/
Criteria type/ unit type/amount percentage
Criteria: Dimension Mean accuracy (%)
Baseline + LR 15 77
Baseline + KNN 15 83
T-test + LR 7 77
T-test + KNN 7 73
Corr +LR 13 76
Corr + KNN 13 83
EM+ LR 5 75
EM + KNN 5 71
SEM + LR 5 76
SEM + KNN 5 72

Table 6.15: Classification outcomes Accuracy with 90 % Training and 10 % test Japanese dataset

Weight Specification excellent excellent

Cost Benefit type/
Criteria type/ unit type/amount percentage
Criteria: Dimension Mean accuracy (%)
Baseline + LR 15 77
Baseline + KNN 15 83
T-test + LR 7 77
T-test + KNN 7 74
Corr +LR 13 78
Corr + KNN 13 83
EM + LR 5 75
EM + KNN 5 71
SEM + LR 5 76
SEM + KNN 5 71

Table 6.16: Classification outcomes Specificity with 50 % Training and 50 % test Japanese dataset

Weight Specification excellent excellent

Cost Benefit type/
Criteria type/ unit type/amount percentage
Criteria: Dimension Mean Specificity (%)
Baseline + LR 15 83
Baseline + KNN 15 83|
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T-test+ LR 85
T-test + KNN 78
Corr + LR 13 80
Corr + KNN 13 83
EM+LR 5 83
EM + KNN 5 84
SEM + LR 5 89
SEM + KNN 5 80

Table 6.17: Classification outcomes Specificity with 70 % Training and 30 % test Japanese dataset

Weight Specification excellent excellent

Cost Benefit type/
Criteria type/ unit type/amount percentage
Criteria: Dimension Mean Specificity (%)
Baseline + LR 15 84
Baseline + KNN 15 84
T-test + LR 85
T-test + KNN 80
Corr + LR 13 80
Corr + KNN 13 84
EM+ LR 5 84
EM + KNN 5 85
SEM + LR 5 90
SEM + KNN 5 80

Table 6.18: Classification outcomes Specificity with 90 % Training and 10 % test Japanese dataset

Weight Specification excellent excellent

Cost Benefit type/
Criteria type/ unit type/amount percentage
Criteria: Dimension Mean Specificity (%)
Baseline + LR 15 87
Baseline + KNN 15 84
T-test + LR 87
T-test + KNN 82
Corr +LR 13 84
Corr + KNN 13 84
EM + LR 5 86
EM + KNN 5 85
SEM + LR 5 89
SEM + KNN 5 81
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Appendix 2 shows the results of mean value standardization method.

Table 6.19: Mean value of classification outcomes Accuracy with 50 % Training and 50 % test Australia dataset

Mean Values 9,8 82,70
Cost Benefit type/
type/amount percentage
Criteria: Dimension Mean accuracy (%)
0,70 1,04
0,70 1,02
1,40 1,05
1,40 1,02
0,82 1,04
0,82 1,00
1,4 1,04
1,4 0,99
1,09 0,94
1,09 0,86

Table 6.20: Mean value of classification outcomes Accuracy with 70 % Training and 30 % test Australia dataset

Mean Values 9,8 82,50
Cost Benefit type/
type/amount percentage
Criteria: Dimension Mean accuracy (%)
0,70 1,04
0,70 1,01
1,40 1,05
1,40 1,02
0,82 1,04
0,82 1,01
1,4 1,03
1,4 0,99
1,09 0,93
1,09 0,87

Table 6.21: Mean value of classification outcomes Accuracy with 90 % Training and 10 % test Australia dataset

Mean Values 9,8 82,80
Cost Benefit type/
type/amount percentage
Criteria: Dimension Mean accuracy (%)

0,70 1,05
0,70 1,00
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1,40 1,05
1,40 1,01
0,82 1,04
0,82 1,00

1,4 1,03

1,4 0,99
1,09 0,94
1,09 0,88

Table 6.22: Mean value of classification outcomes Specificity with 50 % Training and 50 % test Australia da-

taset
Mean Values 9,8 84,70
Cost Benefit type/
type/amount percentage
Criteria: Dimension Mean accuracy (%)
0,70 1,02
0,70 1,00
1,40 1,03
1,40 1,02
0,82 0,99
0,82 0,98
1,4 0,97
1,4 1,00
1,09 1,04
1,09 0,96

Table 6.23: Mean value of classification outcomes Specificity with 70 % Training and 30 % test Australia da-

taset
Mean Values 9,8 85,10
Cost Benefit type/
type/amount percentage
Criteria: Dimension Mean accuracy (%)
0,70 1,02
0,70 1,00
1,40 1,01
1,40 1,02
0,82 0,99
0,82 0,98
1,4 0,96
1,4 1,00
1,09 1,05

[ | 1,09 0,98
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Table 6.24: Mean value of classification outcomes Specificity with 90 % Training and 10 % test Australia da-

taset
Mean Values 9,8 85,00
Cost Benefit type/
type/amount percentage
Criteria: Dimension Mean accuracy (%)
0,70 1,01
0,70 0,99
1,40 1,01
1,40 1,02
0,82 0,99
0,82 0,98
1,4 0,95
1,4 1,00
1,09 1,06
1,09 0,99

Table 6.25 Mean value of classification outcomes Accuracy with 50 % Training and 50 % test German dataset

Mean Values 14 71,60
Cost Benefit type/
type/amount percentage
Criteria: Dimension Mean accuracy (%)
0,70 1,02
0,70 1,01
1,27 1,03
1,27 1,01
0,78 1,02
0,78 1,01
1,56 0,99
1,56 0,96
1,17 0,99
1,17 0,96

Table 6.26: Mean value of classification outcomes Accuracy with 70 % Training and 30 % test German dataset

Mean Values 14 71,80
Cost Benefit type/
type/amount percentage
Criteria: Dimension Mean accuracy (%)
0,70 1,02
0,70 1,00
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1,27 1,03
1,27 1,00
0,78 1,02
0,78 1,00
1,56 0,99
1,56 0,96
1,17 1,00
1,17 0,96

Table 6.27: Mean value of classification outcomes Accuracy with 90 % Training and 10 % test German dataset

Mean Values 14 72,50
Cost Benefit type/
type/amount percentage
Criteria: Dimension Mean accuracy (%)
0,70 1,02
0,70 1,01
1,27 1,03
1,27 1,01
0,78 1,02
0,78 0,99
1,56 0,99
1,56 0,97
1,17 0,99
1,17 0,97

Table 6.27: Mean value of classification outcomes Specificity with 50 % Training and 50 % test German dataset

Mean Values 14 87,20
Cost Benefit type/
type/amount percentage
Criteria: Dimension Mean specificity (%)
0,70 1,00
0,70 1,00
1,27 1,01
1,27 0,97
0,78 1,00
0,78 0,97
1,56 1,00
1,56 1,02
1,17 1,06
1,17 0,97

95



Table 6.28 Mean value of classification outcomes Specificity with 70 % Training and 30 % test German dataset

Mean Values 14 87,50
Cost Benefit type/
type/amount percentage
Criteria: Dimension Mean Specificity (%)
0,70 0,99
0,70 0,99
1,27 1,01
1,27 0,97
0,78 1,01
0,78 0,97
1,56 1,01
1,56 1,03
1,17 1,06
1,17 0,96

Table 6:29: Mean value of classification outcomes Specificity with 90 % Training and 10 % test German dataset

Mean Values 14 87,80
Cost Benefit type/
type/amount percentage
Criteria: Dimension Mean Specificity (%)
0,70 0,99
0,70 0,99
1,27 1,00
1,27 0,97
0,78 1,00
0,78 0,97
1,56 1,00
1,56 1,04
1,17 1,07
1,17 0,97

Table 6.30: Mean value of classification outcomes Accuracy with 50 % Training and 50 % test Japanese dataset

Mean Values 9 76,30
Cost Benefit type/
type/amount percentage
Criteria: | Dimension Mean accuracy (%)
0,60 1,01
0,60 1,09
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1,29 1,02
1,29 0,94
0,69 1,00
0,69 1,09
1,80 0,98
1,80 0,93
1,80 1,01
1,80 0,93

Table 6:31: Mean value of classification outcomes Accuracy with 70 % Training and 30 % test Japanese dataset

Mean Values 9 76,30
Cost Benefit type/
type/amount percentage
Criteria: Dimension Mean accuracy (%)
0,60 1,01
0,60 1,09
1,29 1,01
1,29 0,96
0,69 1,00
0,69 1,09
1,80 0,98
1,80 0,93
1,80 1,00
1,80 0,94

Table 6:32: Mean value of classification outcomes Accuracy with 90 % Training and 10 % test Japanese dataset

Mean Values 9 76,50
Cost Benefit type/
type/amount percentage
Criteria: Dimension Mean accuracy (%)
0,60 1,01
0,60 1,08
1,29 1,01
1,29 0,97
0,69 1,02
0,69 1,08
1,80 0,98
1,80 0,93
1,80 0,99

T 1,80 0,93
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Table 6:33: Mean value of classification outcomes Specificity with 50 % Training and 50 % test Japanese da-

taset
Mean Values 9 82,80
Cost Benefit type/
type/amount percentage
Criteria: Dimension Mean Specificity (%)
0,60 1,00
0,60 1,00
1,29 1,03
1,29 0,94
0,69 0,97
0,69 1,00
1,80 1,00
1,80 1,01
1,80 1,07
1,80 0,97

Table 6:34: Mean value of classification outcomes Specificity with 70 % Training and 30 % test Japanese da-

taset
Mean Values 9 83,60
Cost Benefit type/
type/amount percentage
Criteria: Dimension Mean Specificity (%)
0,60 1,00
0,60 1,00
1,29 1,02
1,29 0,96
0,69 0,96
0,69 1,00
1,80 1,00
1,80 1,02
1,80 1,08
1,80 0,96

Table 6:34: Mean value of classification outcomes Specificity with 90 % Training and 10 % test Japanese da-

taset.
Mean Values 9 84,90
Cost Benefit type/
type/amount percentage
Criteria: Dimension Mean Specificity (%)
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0,60 1,02
0,60 0,99
1,29 1,02
1,29 0,97
0,69 0,99
0,69 0,99
1,80 1,01
1,80 1,00
1,80 1,05
1,80 0,95
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