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Abstract

The major aim of this research is to rank the best performing features in order to classify
the Software estimation dataset using SVM, Naive Bayes, Random forest, Decision tree,
and KNN classifiers and evaluate their accuracy. Two steps are involved in the classifi-
cation process: first, the dataset with all attributes is analyzed; second, the information
gain methodology is used to rank the attributes, and only the highly rated ones are used
to generate the model of classification. Using several folds of cross-validation, we assess
the accuracy rank of SVM, Naive Bayes, Decision tree, Random forest, and KNN classifiers.
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Our results show that these classifiers perform rather well on the dataset.
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1 Introduction

A crucial step in data mining is knowledge discovery
database, includes the process of transforming unpro-
cessed data to processed data into useful information.
The two types of jobs that fall under data mining are
descriptive and predictive. Anticipating a target char-
acteristic based on explanatory factors is the goal of
predictive activities [1]. Classification is one of these
predictive modeling jobs; itinvolves searching a model
that clarifies and defines ideas, making it easier to fore-
cast the class whose labels are unknown [2].

(ec) T

We use the software estimate dataset available in
the PROMISE data repository for our analysis [3]. Clas-
sifying the dataset using ML classifiers is the main goal
of this study. Using feature selection as a preprocess-
ing step in machine learning helps to improve classi-
fier performance by lowering dimensionality and sep-
arating important information. Examining how the in-
formation gain ranking approach affects classifier ac-
curacy is the goal of this work. We used a cross val-
idation technique (10-fold) to evaluate the classifiers’
performance.

This work is licensed under a Creative Commons Attribution 3.0 License.
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In this research; Section 2 explores the review of
literature. Section 4 shows the findings of the experi-
ment and the discussions that followed. Section 3 de-
scribes the approach used for the categorization analy-
sis. The final portion offers conclusions and directions
for more study.

2 Research Background

Numerous research on effort estimate using statistical
and neural network methods have been published, ac-
cording to a survey of the literature. Research on soft-
ware estimate and defect prediction has also used de-
cision trees and other data mining techniques. Burk
et al. [4] compared the predicted accuracy of many
statistical models and artificial neural networks across
periods of five and ten years. Lundin et al. [5] pro-
jected software effort across 15-year intervals using lo-
gistic regression models and artificial neural networks.
Pendharkar et al. [6] found trends in software effort
by applying a variety of data mining approaches. Re-
searchers have used the PROMISE dataset in the past
and have obtained accuracy rates between 66% and
78%.

For example, in their software estimating recurring
event studies, Michalski et al. [/] achieved a 66%
classification accuracy. Clark and Niblett [8] used a
70/30 split of a dataset including information on 286
software items in order to forecast effort recurrence
occurrences throughout a 5-year timeframe. They
achieved accuracy ranging from 65% to 72% across
several techniques. A 78% accuracy rate was found
by Cestink et al. Zhang and Su [9] examined the
ranking, or Area Under the Curve (AUC), of decision
tree learning algorithms and Naive Bayes.

3 Research Methodology

Numerous research on effort estimates using statisti-
cal and neural network methods have been published,
according to a survey of the literature. Research on
software estimate and defect prediction has also
used decision trees and other data mining techniques.
Because teams and organizations have historically
struggled with effort estimating, it is important to
consider it early in a software development project
[20]. Burk et al. [4] compared the predicted accuracy

of many statistical models and artificial neural net-
works across periods of five and ten years. Lundin
et al. [5] projected software effort across 15-year
intervals using logistic regression models and artificial
neural networks. Pendharkar et al. [6] found trends
in software effort by applying a variety of data mining
approaches. Machine learning provides an alternate
method rather than depending just on algorithmic
models. For estimate, methods including decision
trees (DT), Bayesian networks, genetic algorithms,
ANN, support vector machine, and case-based rea-
soning (CBR) are used [25]. Researchers have used
the PROMISE dataset in the past and have obtained
accuracy rates between 66

For example, in their software estimating recurring
event studies, Michalski et al. [7] achieved a 66%
classification accuracy. Clark and Niblett [8] used a
70/30 split of a dataset including information on 286
software items in order to forecast effort recurrence
occurrences throughout a 5-year timeframe. They
achieved accuracy ranging from 65% to 72% across
several techniques. A 78% accuracy rate was found
by Cestink et al. Zhang and Su [9] examined the rank-
ing, or Area Under the Curve (AUC), of decision tree
learning algorithms and Naive Bayes. Different per-
formance aspects are measured and illustrated using
different metrics [21]. The accuracy of performance
evaluations depends on the assessment measures
that are used [22].

4 Implementation Results

The experiment carried out to examine the classifiers’
performance using WEKA tool kit is presented in this
part.

4.1 Description of Dataset

The dataset used in this work, which included 10,885
samples and 12 characteristics, was obtained from
the PROMISE Software Engineering Repository. Eleven
of these characteristics are choice variables, while
the remaining one is the target variable. [3, 17, 18]
has detailed information on the benchmark functions,
including mathematical descriptions of them. Unlike
other benchmarks, these benchmark functions were
chosen because their optimum values were known,
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Table 1. Attribute Details

Description

Attribute

Rank Value

Ev(g) Essential Complexity | 0.08
Lv(g) Design Complexity 0.07
\" Volume 0.06
L Program length 0.05
D Difficulty 0.04
I Intelligence 0.03

Effort 0.02
T Time Estimator 0.01

Ranking

Figure 1. Attribute Ranking

making them the most reliable for confirming model
acceptance, as shown in table 1.

4.2 Attribute Classification

4.2.1 Method |

In this case, every attribute in the dataset is used to
classify the data. Several cross-validation folds are
used to assess the performance.

4.2.2 Method Il
An information gain ranking filter is used to rank the
characteristics in the dataset. The representative

attribute’s most illuminating qualities are chosen [19].

Figure 1 presents the ranking of the qualities. When
creating the classifier model, consideration is given to
the eight qualities that score the highest. The score
depends upon the weighting criteria ref24.

4.3 Classification Results

This inquiry has used a variety of measures to evalu-
ate the algorithms' performance. The following is an
outline of them:

Accurately Classified Instances: The proportion

of cases when the actual value and the projected

value coincide.

Inaccurately Classified Instances: The propor-

tion of cases when the actual value and the

anticipated value diverge.

* The average size of each individual inaccuracy is
known as the mean absolute error (MAE).

* Root Mean Squared Error (RMSE): Determines

the error in several calculations.

The overall absolute error adjusted by the predic-

tor’s error is known as the relative absolute error

(RAE).

The total squared error divided by the total

squared error of the predictor yields the root

relative squared error (RRSE).

+ Rates of True Positive (TP) and False Positive (FP)

* F-Measure represents accuracy.

* Area Under Curve (AUC): Indicates how well the

classifier can discriminate between two possible

outcomes.

Correct classifications are represented by True Pos-
itives (TP) and True Negatives (TN). When a result is
wrongly forecasted as positive when it is actually neg-
ative, it is called a False Positive (FP), and when it is
wrongly predicted as negative when it is actually posi-
tive, it is called a False Negative (FN).

The findings of method I's evaluation of the SVM
in relation to various performance criteria are shown
in Table 2. It shows the different values of the 12 se-
lected performance quality measures concerning 5 k-
folds from fold-6 to fold-10.

The seventh cross-validation fold yields the maxi-
mum accuracy with this approach, and as the number
of folds grows, the accuracy does not significantly
change. Table 3 presents the findings from the as-
sessment of the SVM using method Il for performance
measures. Where Information gain ranking filter
is used to rank the 8 characteristics selected from
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Table 2. Performance metrics of SVM using method |

Table 4. Performance metrics of KNN using method |

Table 3. Performance metrics of SVM using method Il

Accurately classified instances [ 49 [ 49 [ 49 [ 49 [ 49
Un-accurately classified instances | 16.61 | 16.6 | 1656 | 16.61 | 16.55
Testing Method
6 fold (%) | 7 fold (%) | 8 fold (%) | 9 fold (%) | 10 fold (%)

MSE 17 17 17 17 17
RMSE 29 29 29 29 29
RAE 48 48 48 48 48
RRSE 70 70 69 69 69
TP Rate 93 93 93 93 93

FP Rate 7 7 7 7 7
Precision 92 92 92 92 92
Recall 93 93 93 93 93
F-Measure 85 85 85 85 85
AUC 89 89 89 89 89
Accuracy 83 83 83 83 83
Error Rate 17 17 17 17 17

the dataset. The representative attribute’s most
illuminating qualities are chosen [23].

Other metrics are essentially the same in method
Il as well because the number of successfully cate-
gorized instances stays constant regardless of the
number of folds. The evaluation of KNN employing
method | is shown in Table 4 in relation to various
performance criteria. It shows the different values of
the 12 selected performance quality measures with
respect to 5 k-folds from fold-6 to fold-10.

The seventh cross-validation fold yields the maxi-
mum accuracy with this approach, and as the number
of folds grows, the accuracy does not significantly
change. Table 5 presents the findings from the KNN
evaluation using method Il for performance indicators.
Where the Information gain ranking filter is used to
rank the 8 characteristics selected from the dataset.
The representative attribute’s most illuminating
qualities are chosen.

Because Il maintains the same correctly catego-
rized instances regardless of the number of folds,

Accurately classified instances [ 233 [ 237 [ 236 [ 237 [ 236 Accurately classified instances 233 237 236 237 236
Un-accurately classified instances ‘ 53 ‘ 49 ‘ 50 ‘ 49 ‘ 50 Un-accurately classified instances | 53 49 50 49 50
Testing method 6fold (%) | 7fold (%) | 8fold (%) | 9fold (%) | 10fold (%)

6 fold (%) | 7 fold (%) | 8 fold (%) | 9 fold (%) | 10 fold (%) MSE 17 17 17 17 17
MSE 17 17 17 17 17 RMSE 30 29 29 29 30
RMSE 30 29 29 29 30 RAE 47 49 48 48 48
RAE 47 49 48 48 48 RRSE 71 69 70 69 71
RRSE Al 69 70 69 7 TP Rate 78 78 78 78 78
TP Rate 90 93 92 93 92 FP Rate 24 25 25 25 25
FP Rate " 7 8 7 8 Precision 89 92 91 92 91
Precision 89 92 91 92 91 Recall 78 78 78 78 78
Recall 20 23 92 95 92 F-Measure 83 85 84 85 84
F-Measure 83 85 84 85 84 AUC 88 39 89 89 88
AUC 88 89 89 89 88 Accuracy 81 83 83 83 83
Accuracy 81 8 8 8 83 Error Rate 19 17 17 17 17
Error Rate 19 17 17 17 17

Table 5. Performance metrics of KNN using method Il

Accurately classified instances [ 238 [ 238 [ 238 [ 238 [ 238
Un-accurately classified instances ‘ 48 ‘ 48 ‘ 438 ‘ 48 ‘ 48

Testing Method

6 fold (%) | 7 fold (%) | 8 fold (%) | 9 fold (%) | 10 fold (%)
MSE 17 17 17 17 17
RAE 48 48 48 48 48
RRSE 70 70 68 69 68
TP Rate 78 78 78 78 78
FP Rate 7 7 7 7 7
Precision 92 92 92 92 92
Recall 78 78 78 78 78
F-Measure 85 85 85 85 85
AUC 89 89 89 89 89
Accuracy 83 83 83 83 83
Error Rate 17 17 17 17 17

other metrics are likewise essentially unchanged.
Table 6 displays the findings of the ID3 Decision Tree
classifier assessment conducted using method |I. It
shows the different values of the 12 selected perfor-
mance quality measures with respect to 5 k-folds from
fold-6 to fold-10.

The accuracy of this approach varies little as the
number of cross-validation folds grows, with the best
accuracy being reached in the ninth fold. Table 7

Table 6. Performance metrics of Decision Tree using method |

Accurately classified instances 232 234 234 237 232
Un-accurately classified instances | 54 52 52 49 54
Testing Method
6 fold (%) | 7 fold (%) | 8 fold (%) | 9 fold (%) | 10 fold (%)
MSE 17 18 19 18 17
RAE 52 52 51 52 51
RRSE 72 72 7 71 70
TP Rate 81 81 82 83 81
FP Rate 22 22 21 20 22
Precision 76 76 77 78 76
Recall 85 88 86 87 86
F-Measure 81 82 81 82 81
AUC 89 89 89 89 89
Accuracy 81 82 82 83 81
Error Rate 19 18 18 17 19
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Table 7. Performance metrics of Decision Tree using method
I

Table 9. Performance metrics of Naive Bayes using method
Il

Accurately classified instances [ 232 [ 229 [ 230 [ 229 [ 229 Accurately classified instances | 232 [ 229 [ 230 [ 229 [ 229
Un-accurately classified instances | 56 | 57 | 56 | 57 | 57 Un-accurately classified instances | 56 | 57 | 56 | 57 | 57
Testing method Testing method
6fold (%) | 7fold (%) | 8fold (%) | 9fold (%) | 10fold (%) 6fold (%) | 7fold (%) | 8fold (%) | 9fold (%) | 10fold (%)
MSE 16 18 17 18 19 MSE 17 18 19 18 17
RMSE 28 30 29 30 29 RMSE 29 29 29 29 29
RAE 51 52 51 52 52 RAE 52 52 51 52 51
RRSE 72 72 7 72 70 RRSE 72 72 71 72 71
TP Rate 81 80 81 81 80 TP Rate 81 80 81 81 80
FP Rate 22 23 22 22 23 FP Rate 22 23 22 22 23
Precision 86 86 87 86 86 Precision 86 86 87 86 86
Recall 85 85 86 85 85 Recall 85 85 86 85 85
F-measure 83 83 84 83 83 F-measure 83 83 84 83 83
AUC 88 89 89 89 89 AUC 88 89 89 89 89
Accuracy 81 80 81 81 80 Accuracy 81 80 81 81 80
Error rate 19 20 19 19 20 Error rate 19 20 19 19 20
Table 8. Performance metrics of Naive Bayes using method |  Table 10. Performance metrics of Random Forest using
method |
Accurately classified instances 232 234 234 237 232
Un-accurately classified instances | 54 52 52 49 54 Accurately classified instances ‘ 232 ‘ 234 ‘ 234 ‘ 237 ‘ 232
Testing Method Un-accurately classified instances ‘ 54 ‘ 52 ‘ 52 ‘ 49 ‘ 54
6fold (%) | 7fold (%) | 8fold (%) | 9fold (%) | 10fold (%) Testing Method
MSE 17 18 16 18 19 6fold (%) | 7fold (%) | 8fold (%) | 9fold (%) | 10fold (%)
RMSE 29 30 28 30 28 MSE 16 18 16 18 17
RAE 52 52 51 52 51 RMSE 29 30 28 30 29
RRSE 72 72 70 71 72 RAE 52 52 51 52 51
TP Rate 81 81 82 83 81 RRSE 72 72 72 7 Al
FP Rate 2 2 21 20 2 TP Rate 81 81 82 83 81
Precision 76 76 77 78 76 ’E:;a;zn 32 52 i; sg 52
Recall 85 88 86 87 86 Recall 35 28 %6 37 3
F-Measure 81 82 81 82 81 F-Measure 81 2 81 8 81
AUC 89 89 89 89 89 AUC 89 89 39 89 89
Error Rate 19 18 18 17 19 Accuracy 81 82 82 83 81
Error Rate 19 18 18 17 19

presents the findings from the ID3 Decision Tree Clas-
sifier assessment conducted with method Il. Where
the Information gain ranking filter is used to rank
the 8 characteristics selected from the dataset. The
representative attribute’s most illuminating qualities
are chosen.

With this approach, the fifth fold yields the lowest
accuracy and the eighth fold yields the best accuracy.
Table 8 displays the findings of the Naive Bayes clas-
sifier assessment conducted using method I. It shows
the different values of the 12 selected performance
quality measures with respect to 5 k-folds from fold-6
to fold-10.

The accuracy of this approach varies little as the
number of cross-validation folds grows, with the best
accuracy being reached in the ninth fold. Table 9
presents the findings from the Naive Bayes Classi-
fier assessment conducted with method Il. Where,
Information gain ranking filter is used to rank the 8

characteristics selected from the dataset. The repre-
sentative attribute’s most illuminating qualities are
chosen.

With this approach, the fifth fold yields the lowest
accuracy and the eighth fold yields the best accuracy.
Table 10 displays the outcomes of the Random For-
rest classifier assessment conducted using method I.
It shows the different values of the 12 selected perfor-
mance quality measures with respect to 5 k-folds from
fold-6 to fold-10.

With this approach, the ninth cross-validation fold
yields the maximum accuracy, and the accuracy does
not significantly change as the number of folds rises.
Table 11 presents the findings from the Random For-
est Classifier assessment using method Il. Where, In-
formation gain ranking filter is used to rank the 8 char-
acteristics selected from the dataset. The representa-
tive attribute’s most illuminating qualities are chosen.
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Table 11. Performance metrics of Random Forest using

method I
Accurately classified instances ‘ 232 ‘ 229 ‘ 230 ‘ 229 ‘ 229 SVM
Un-accurately classified instances ‘ 56 ‘ 57 ‘ 56 ‘ 57 ‘ 57
Testing method ) i Chart Area l
6fold (%) | 7fold (%) | 8fold (%) | 9fold (%) | 10fold (%)
RMSE 29 30 28 30 30
RAE 50 52 50 52 51 83
RRSE 72 72 71 72 71
TP Rate 81 80 81 81 80
FP Rate 22 23 22 22 23 82
Precision 86 86 87 86 86 a
Recall 85 85 86 85 85 m
F-measure 83 83 84 83 83 5 81
AUC 88 89 89 89 89 o
Accuracy 81 80 81 81 80 é
Error rate 19 20 19 19 20 80
79
With this approach, the fifth fold yields the lowest .

accuracy and the eighth fold yields the best accuracy. 1 3 5 i .

4.4 Result Discussion K-Folds (6 to 10)

The results generated from the dataset using WEKA

is shown graphically in the figures mentioned below.

Here the 1st value in the horizontal axis shows the 5th ——Method1 ==——=Method 2
fold and the 6th value shows the 10th fold. Figures 2
and 3 demonstrate that the accuracy of the SVM classi-
fier is optimal in the 8th fold of cross validation, while
the accuracy of the KNN classifier changes for different

Figure 2. Accuracy Comparison using 2 methods

9th folds of cross validation. It means that SVM classi- KNN
fiers achieve the accuracy results earlier as compare

to the KNN classifier, that leads to reduce the software 84

effort estimation. Figure 4 demonstrate that the accu- 8

racy of the ID3 decision tree classifier is optimum in 83

the 7th fold of cross validation, which means the deci- 82

siontree results are better than the previous two meth-
ods for the software effort estimation. Figures 5 and 6
demonstrate that the accuracy of the NB and random
forest classifier is optimal in the 9th fold. It means they

oa]
(]

(= a]
—

Accuracy
[=:s]
-

80
are less important as compared to all other algorithms. 20
5 Conclusion 43
We investigate the use of classifier algorithms in 9
data mining approaches for categorizing a software 1 2 3 4 35
estimation dataset. The SVM technique, using all K-Folds (6 to 10)

the attributes in the dataset, shows an accuracy that
varies between 81.4% and 82.56% in different folds;
the maximum accuracy is found in the 5 and 7 folds.
On the other hand, the accuracy rates of the NB
algorithm vary from 79.37% to 82.86% in different

= Method 1 === Method 2

Figure 3. Accuracy Comparison using 2 methods

(= n]
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Figure 6. Accuracy Comparison using 2 methods

cross-validation folds; the ninth fold shows the highest
accuracy.

No matter how many cross-validation folds are
used, the ID3 Decision Tree method retains a constant
accuracy rate when it uses just the characteristics
that are ranked highest for classification. On the
other hand, the KNN algorithm’s accuracy varies from
77.97% to 81.46%, with the eighth fold achieving the
maximum accuracy. When evaluating characteristics
with substantial information gain for classification,
ID3 outperforms other classifiers in terms of accu-
racy within a few cross-validation folds, although
Random Forest classifiers’ performance improves less
noticeably.

Moreover, for all cross-validation folds, the accu-
racy of NB classifiers with attribute ranking declines.
Future research might concentrate to improve the
accuracy of NB and Random Forest classifiers. Fur-
thermore, assessing the algorithms according to
runtime.
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