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ABSTRACT

The attribute split in the C4.5 algorithm has proven successful in building a classification in the form of a
tree to facilitate understanding and interpretation. However, the attribute split process tends to choose
attributes with high values, even though they do not necessarily play a major role in the classification
results, and does not consider the correlation of attributes with labels, affecting classification performance.
Average Gain Ratio (AGR) has been proven to overcome weaknesses and problems in the split process.
Correlation-Based Feature Selection (CBFS) is also used in the split process to calculate the correlation of
attributes with labels. This study uses the AGR method to overcome the problem of attribute split criteria
and the CBFS method to select attributes that correlate with labels to increase the performance of the C4.5
algorithm. The process of selecting the split attributes using AGR and the comparison with the CBFS
method was shown to improve the performance of the C4.5 classifier, as indicated by the average results
for accuracy (87 %), sensitivity (91%), G-mean (85%), AUC (84%), and cost (3.67) on six UCI datasets.

Keywords-decision tree; C4.5 algorithm; attribute split; attribute correlation; imprecise classication

I.  INTRODUCTION

Improving the efficiency and accuracy of data mining
algorithms has always been a hot issue, especially in the field
of machine learning [1]. In this field, classification is
considered an important tool for decision support.
Classification can be defined as a machine learning technique
to predict group or class membership of data. Classification can
be applied to support decisions in the fields of medicine,
character recognition, astronomy, banking, and other fields [2].
Some algorithms that fall into the classification category are
Naive Bayes (NB), Neural Networks (NN), and Decision Tree
(D).

DTs are useful for classification due to their simple
structure and easy interpretation [3], offering relatively good
results and computational efficiency [4]. The DT algorithm
successfully builds classifications to maximize accuracy [5].
The process of inducing a DT is called training, whereas the
process of deducing is called prediction [6]. DTs have been
applied in various fields, such as predicting the results of
antibodies that are not suitable for kidney transplantation [7].
Soft computing techniques such as DT classifiers have been
shown to be effective, offering considerable promise in the
development of medical decision support systems for kidney,
liver, and chronic pancreatitis diseases [8] and skin sensitivity
prediction [9]. DTs have also been used in the field of natural
minerals and other industrial fields [10].
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ID3 is a DT algorithm introduced in 1986, with the C4.5
algorithm presented in 1993 as a further refinement [11].
Classic DT algorithms include C4.5, ID3, and CART
(Classification and Regression Tree) [12]. The stages to form
the C4.5 algorithm according to [13] are: (i) calculating the
Entropy value, (ii) calculating the Info Gain value, and (iii)
calculating the Gain Ratio value. The use of split attributes
makes the C4.5 algorithm successful in building DTs and
improving classification performance. However, split attribute
criteria still have the disadvantage of tending to choose
attributes with high values, although they do not necessarily
play an important role in classification results [14]. Split
attributes can also reduce costs and the risk of overfitting, but,
on the other hand, increase the ability of the learning model to
classify high-dimensional data in different classes [15].
According to [16], some researchers have successfully selected
attributes with high values in the attribute split process, but this
reduced classification performance. The split attribute process,
which tends to select attributes with high values, needs to be
taken into account.

In 2012, a Heterogeneous Cost-Sensitive Learning (HCSL)
algorithm was proposed to improve the attribute split solution
[17]. The HCSL method applies the Average Gain method in
the attribute split process and the Redu_Mc method as the
normalization formula of the heterogeneity problem caused by
the cost mechanism and attribute information. Redu_Mc is
used as a miner in the selection of attributes with high values in
the split process. As a result, HCSL can reduce heterogeneity
caused by cost mechanisms and attribute information. The
study in [14] focused on the problem of split attributes, with an
attribute selection method that measures the correlation of
attributes with labels to improve classification performance.
The split attribute method in this study uses Correlation-Based
Feature Selection (CBFS) calculation to find the best attribute.
Feature selection is a crucial step in the machine learning
workflow, focusing on selecting the most relevant and
informative features from the dataset to improve model
performance [18]. According to [19], the selection of attributes
can improve performance more efficiently compared to the
applied model. In [20], the Long-Term Spectral Pseudo-
Entropy (LTSPE) method was applied to improve performance
in combination with other features, increasing accuracy and
performance. In [21], features were explored and identified for
their influence on automatic risk prediction.

The Randomly Selected DT method was proposed in [16].
The Atts method is used to select attributes with high values in
the attribute split process. Atts consist of 2 types, namely
Attbest and Attproper. Attbest is the calculation of attributes
with the highest Gain Ratio results, while Attproper is the
calculation of attributes with the lowest Gain Ratio results. The
condition formed is if the random value (0,1) is less or equal to
the 8 value, then the attribute goes into Attbest, otherwise, if
the random value (0,1) is greater than the § value, then the
attribute goes into Attproper. The process of determining the
value of f randomly may also reduce the performance of the
algorithm. It was also highlighted that a further study for the
selection of split attributes can improve the performance of the
new DT algorithm.

The C4.5 algorithm is a classification algorithm used to
build a DT with the main process of split attributes. The
process successfully builds a classification as a tree to make it
easy to understand and interpret. However, the split attribute
process still tends to choose high attribute values, even though
these attributes do not necessarily play a major role in the
classification results and do not consider the correlation of
attributes with labels. This study proposes a new method for
the attribute split process using the Average Gain Ratio value
with the determination of attribute correlation based on CBFS
in the C4.5 algorithm. Average Gain Ratio is used to overcome
the problem of attribute split criteria that tend to select high
attribute values, even though these attributes do not necessarily
play a major role in classification results. In contrast, the CBFS
method is used to select attributes that correlate with the label
to increase the performance of the C4.5 algorithm. This study
uses six public datasets from the UCI machine learning
repository. The evaluation results are based on the confusion
matrix, accuracy, sensitivity, cost, Geometric Mean (G-Mean),
and Area Under the ROC Curve (AUC).

II. DATA COLLECTION

Six real-world datasets were chosen from the UCI database
repository [22], namely Breast Cancer Wisconsin, Vote,
Ionosphere, Parkinson's, Horse Colic, and Statlog Heart. The
datasets have data ranging from 197 to 699, attributes ranging
from 9 to 34, and binominal and polynomial type labels. Table
I shows the principal characteristics of each dataset. Column N
shows the number of instances in the datasets, column Feat has
the number of features or attribute variables, column Num has
the number of numerical variables, column Nom has the
number of nominal variables, and column k has the number of
cases or states of the class variable (always a nominal variable).

TABLE L. DATASETS EMPLOYED IN THE EXPERIMENTAL
RESEARCH

Dataset N Feat Num Nom k
Breast Cancer Wisconsin| 699 9 0 9 2
Vote 435 16 16 0 2
Tonosphere 351 34 0 34 2
Parkinson 197 23 0 23 2
Horse Colic 368 23 16 7 2
Statlog Heart 270 13 8 5 2

1. METHODOLOGY

Figure 1 shows the stages of the proposed method on
imprecise classification in the C4.5 algorithm.

A. Preprocessing

Data preprocessing is crucial and involves steps before
analysis or modeling, aiming to clean, modify, and prepare the
data.

B. AGR-CBFS

The split attribute problem in the C4.5 algorithm has
attracted the interest of many researchers. The proposed
method applies the AGR and CBFS (AGR-CBFS) for split
attributes in the C4.5 algorithm. The AGR method is used to
overcome the problem of attribute split criteria that tend to
select attributes with high values. In contrast, the CBFS method
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is used to select attributes that correlate with the label.

Algorithm 1 describes the AGR-CBFS method.

Algorithm AGR-CBFS

1: Insert Dataset.

2: Perform preprocessing. If there is a
missing value, then handling is done by
replacing missing values to fill in the
empty data and discretizing by binning
to convert numeric attribute data to
nominal data (by adjusting the bin
value according to the original data).

3: Calculate the Entropy value of the
dataset
Entropy (S) = Xi=; — pi * log, pi
S = Case
n = Sum of partitions S
pi = Proportion of Si (class) to S

4: Calculate the Entropy value of each
class on the attribute
Entropy (S,A)=Xi~, — pi * log, pi
S = Set Attribute
n = sum of partitions T
pi = Proportion of Si (class) to S

5: Calculate the Gain wvalue of each
attribute

Gain(S,A) = Entropy (S)=— ?=1%

Entropy (Si)

S = Set Case

A = Attribute

n = sum of partitions of attribute A
|Si| = Proportion of Si to §

|S| = Number of cases in §

6: Calculate the Split Info value

" |pj Dj
Splitinfo,(D) = —Z |— * log, |—
j=11D D

7: Calculate the Gain Ratio Value

Gain (S,4)
Split Info A(D)
8: Calculate the Average Gain Ratio value
of each attribute

Gain Ratio =

AverageGainRatio =
(2Averagegain(Ai,T)—1)xReduce_Mc(Ai)
TC(AD)+1
9: Calculate the MCs value of each
attribute
_ kici > ?:1 Ctest (Ai)
MCs = Jk+k(-Diii A K

k = Attribute subset size

kris = Average correlation of feature-
classes

rii = Average intercorrelation of
features

A = Parameters for considering cost in
the evaluation function (parameter A
is adjusted to vary from 0.0 to 1)

Ctest(Ai) = Test Cost of feature Ai
Ctest(Cost test) value is considered to
minimize misclassification cost.

10:Calculate the Performance Average Gain
Ratio value of each attribute
AverageGainRatio = (2AG) — 1) = MC

11:DT formation

12: Confusion matrix, Accuracy,

Sensitivity, G-Mean, and AUC.

Preprocessing AGR-CBFS

Model

A\ 4

4

Dataset

v 1 A4
Preprocessing » AGR-CBFS J Prediction

!

Evaluation

Fig. 1. Proposed method.

IV. EXPERIMENTS AND RESULTS

The SGR method is used to overcome the problem of
attribute split criteria that tend to select high attribute values. In
contrast, the CBFS method is used to select attributes that
correlate with the label. To determine the performance of the
proposed method, AGR-CBFS was compared with C4.5,
HSCL, CBFS, and RSDT. All these methods were tested on the
split attribute process to determine which has the best
performance.

A. Accuracy Results

Table II shows a comparison of the accuracy of the
compared methods, where it can be observed that AGR-CBFS
has the highest average accuracy.

TABLE IL COMPARISON OF ACCURACY
Dataset DT model
C4.5 HCSL CBFS RSDT | AGR-CBFS
Breast Cancer\ o 560 | 91560 | 9142% | 90.99% 94.56%
‘Wisconsin
Vote 95.86% | 93.10% | 9471% | 93.56% 96.15%
Tonosphere | 85.19% | 79.77% 87.18% 84.90% 87.18%
Parkinson | 85.13% | 75.90% | 84.10% | 82.56% 88.22%
Horse Colic | 64.95% | 6141% | 63.59% | 63.86% 77.98%
Statlog Heart | 75.19% | 74.07% | 75.19% | 74.01% 77.89%

B. Sensitivity Results

Table III shows the sensitivity comparison of the compared
methods, where it can be observed that AGR-CBFS has the
highest average sensitivity.
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TABLEIIL.  COMPARISON OF SENSITIVITY
Dataset DT model
C4.5 HCSL CBFS | RSDT |AGR-CBFS
Breast Cancer| o0 010, | 96299 | 9629% | 96.07% | 97.38%
‘Wisconsin
Vote 94.12% | 9040% | 94.38% | 96.14% | 97.37%
Tonosphere | 97.78% | 79.56% | 87.56% | 84.89% | 91.89%
Parkinson | 91.67% | 84.72% | 93.06% | 90.97% | 93.55%
Horse Colic | 93.03% | 36.29% | 29.84% | 28.23% | 85.14%
Statlog Heart | 66.67% | 66.67% | 6148% | 66.61% | 75.00%

C. G-Mean Result

Table IV shows a comparison of the G-Mean of the
methods, where AGR-CBFS has the highest average G-Mean.

V. DISCUSSION

C4.5 is a classification algorithm to build DTs with the
main process in the form of split attributes. The process is
successful in building classifications in the form of trees to be
easy to understand and interpret. However, the split attribute
process still tends to choose attributes with high values,
although they do not necessarily play a major role in the
classification results and do not consider the correlation of
attributes with labels, thus affecting the classification
performance. AGR is used to overcome the problem of split
attribute criteria that tend to choose high attribute values. The
CBFS method is used to select attributes that correlate with the
label, increasing the performance of the C4.5 algorithm. Table
VI illustrates a performance comparison with previous studies.
The proposed method achieved the best accuracy (0.87%),
sensitivity (0.91%), G-Mean (0.85), AUC (0.84%), and Cost
score (3.67%)

TABLEIV.  COMPARISON OF G-MEAN

DT model
Dataset AGR-
C45 | HCSL | CBFS | RSDT | QPR
Breast Cancer| ) g3, | 99 0.889 0.884 0.922

Wisconsin

Vote 0955 | 0927 0943 0929 0.961
Tonosphere | 0.783 | 0.799 0.870 0.849 0.863
Parkinson | 0782 | 0657 0.740 0.732 0.826
Horse Colic | 0300 | 0519 0.491 0.481 0.743
Statlog Heart | 0.739 | 0.730 0742 0.730 0.764

D. AUC Results

Table V shows a comparison of the AUC of the compared
methods, where it can be observed that AGR-CBFS has the
highest average AUC.

TABLE VII.  ACCURACY, SENSITIVITY, G-MEAN, AUC, AND
COST SCORE COMPARISON
Results

No. M Acc Sens G-Mean | AUC |Avg. cost
1 C4.5 0.83 0.90 0.75 0.78 4.50
2 HCSL 0.79 0.76 0.75 0.76 4.67
3 CBFS 0.83 0.78 0.78 0.79 4.20
4 RSDT 0.82 0.77 0.77 0.78 4.83
5 AGR-CBFS 0.87 0.90 0.85 0.84 3.67

TABLE V. COMPARISON OF AUC
Decision Tree Model
Dataset AGR-
C4.5 HCSL CBFS RSDT CBFS
Breast Cancer | ) 935 0.894 0.892 0.887 0.923
‘Wisconsin

Vote 0.955 0.927 0.948 0.930 0.961
Tonosphere 0.802 0.799 0.870 0.849 0.845
Parkinson 0.792 0.679 0.759 0.749 0.840
Horse Colic 0.510 0.552 0.553 0.550 0.750
Statlog Heart 0.705 0.733 0.746 0.696 0.749

E. Cost Result

Table VI shows the cost comparison of the methods, where
AGR-CBFS has the highest average cost.

TABLE VI COMPARISON OF COST
Decision Tree Model
Dataset AGR-
C45 HCSL CBFS RSDT CBFS
Breast Cancer | = 5.00 5.00 5.00 4.00
Wisconsin
Vote 6.00 7.00 6.00 7.00 5.00
Ionosphere 4.00 4.00 3.00 4.00 3.00
Parkinson 1.00 1.00 1.00 1.00 1.00
Horse Colic 3.00 3.00 3.00 3.00 2.00
Statlog Heart 9.00 8.00 7.00 9.00 7.00

VI. CONCLUSION

C4.5 is a classification algorithm to build a DT in the form
of split attributes. This process aims to build a classification in
the form of a tree to be easy to understand and interpret.
However, the split attribute process still tends to choose
attributes with high values, even though they do not necessarily
play an important role in the classification results, and does not
take into account the correlation of attributes with labels. The
AGR method is used to overcome the problem of attribute split
criteria that tend to choose high attribute values. The CBFS
method is used to select attributes that correlate with the label
to increase the performance of the C4.5 algorithm. AGR-CBFS
was tested on six datasets from the UCI Machine Learning
Repository. The evaluation results show that the proposed
method can solve the split attribute problem and improve the
performance of the C4.5, HCSL, CBFS, and RSDT algorithms.
This is demonstrated by the results, with average values of
accuracy at 87%, sensitivity at 91%, cost at 3,67, G-Mean at
85%, and AUC at 84%. This research contributes to improving
the classification performance of the C4.5 algorithm by
applying the AGR and CBFS methods. Future research can
further improve the classification performance of the C4.5
algorithm for general use.
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