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Abstract— In this paper, we explore the efficacy of conventional classifiers based on evaluation metrics. Classification entails
a step-by-step approach to assigning specific data into predefined categories. The aim of this study is to identify the optimal
approach among rule-based classification methods using the Zoo dataset, and to present comparative findings for further
analysis. We evaluate the performance of three rule-based classifiers—JRIP, RIDOR, and PART. Comparative analysis reveals
that the RIDOR algorithm surpasses others in terms of accuracy, precision, and recall.

l. INTRODUCTION

With the rapid advancement of information technology and communication technology, numerous transactions generate vast
amounts of data daily. Raw data alone cannot yield direct benefits, necessitating the extraction of hidden insights from this vast
pool of information. Data mining involves the exploration of significant patterns or knowledge from extensive datasets,
transforming them into actionable insights. It plays a crucial role in the process of knowledge discovery, serving as a powerful
tool for analyzing data from various perspectives and converting it into meaningful information.

Data mining finds extensive application in various domains such as medical diagnosis, intrusion detection systems, education,
banking, and fraud detection. Classification, a form of supervised learning, and clustering, an unsupervised learning method,
are two essential techniques in data analysis used to identify patterns in data or predict future data trends. The process of
classification involves two stages: the learning phase, where training datasets are analyzed to develop classification models,
and the application phase, where these models are used to classify new data instances and evaluate the accuracy of classification
rules.

As data mining continues to evolve, decision trees play a significant role in the data mining and analysis process. Constructing
accurate and reliable classifiers for large databases remains a primary focus of both data mining and artificial intelligence
research. The development of effective classification systems stands as a central objective in data mining endeavors [4][5].

1. CLASSIFICATION

Approach is the way toward finding a model or a cutoff that depicts and sees data classes and examinations, to use the model
to predict the classes of things whose class mark isn't known. Data sales can be viewed as a two-stage measure: learning step
in which a classifier is made depicting a foreordained plan of classes or insights by disengaging the status set contained edifying
rundown tuples and their related names [4][5]. In the resulting improvement model is used for request by first surveying the
reasonable accuracy of classifier worked during the basic turn of events. It is done using the test data. The precision of classifier
on a given test set tuples is level of tuples that are accurately referenced by the classifier. In case the accuracy is over some
acceptable level, the classifier can be used to expect future tuples whose class mark isn't known.

Portrayal is a kind of data evaluation that can be used to make models portraying immense data classes. Technique is a data
mining approach used to predict pack income for data models. It is one of the fundamental systems in data mining and is used
in various applications, for instance, plan verification, torment affirmation, customer relationship the pioneers, and designated
appearing. The goal of the portrayal evaluations is to accumulate a model from a huge load of getting ready data whose target
class names are known and consequently this model is used to pack covered cases [6].

Plan is the most normal and most renowned data mining methodologies. Methodology maps data into predefined get-togethers
or classes. It is regular proposed as directed getting the hang of thinking about how the classes are settled going prior to taking
a gander at the data. Technique is the way toward finding a model that sees data classes, to use the model to expect the class
of things whose class name is dull. The picked model relies on the evaluation of a huge load of planning data. Illuminating
groupings are rich with masked information that can be used for watchful dynamic.
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1. PROCEDURE

Building unequivocal and important classifiers for huge data bases is one of the fundamental endeavors of data mining and Al
research. Building useful requesting systems is one of the central tasks of data digging for Rule based arrangement.

3.1 Part

PART calculation is a somewhat basic calculation who doesn't execute worldwide improvement to produce exact standards,
however it is rehearsed independently and-vanquish technique, for instance it's anything but a standard, eliminates the
occasions it covers, and keeps on making a recursive guideline for occurrences rest until there could be not, at this point the
cases is left [2]. The calculation creating sets of rules called 'choice records' which are requested arrangement of rules. Another
information is contrasted with each standard in the rundown thusly, and the thing is allotted the class of the main coordinating
with rule. PART constructs an incomplete C4.5 choice tree in each iterative and makes the "best" leaf into a standard. The
calculation is a blend of C4.5 and RIPPER rule learning.

3.2 Ridor

Brian R. Gaines and Paul Compton has foster Ridor or Ripple Down Rule student [1]. This calculation produce default decide
first and after that it create the exemptions for default rule alongside the least blunder rate. Then, at that point it creates the
"best" special cases for every exemption and repeats until unadulterated. Hence, it's anything but a tree-like development of
special cases. The special cases are a bunch of decides that anticipate classes other than the default. IREP is utilized to create
the exemptions. E. JRip in 1995 JRip was carried out by Cohen, W. W, in this calculation were carried out a propositional rule
student, Repeated Incremental Pruning to Produce Error Reduction (RIPPER). Coincidentally, Cohen executing RIPPER [3]
to build the exactness of rules by supplanting or updating singular standards. Lessen Error Pruning was utilized where it
disengages some information for preparing and chose when prevent from adding more condition to a standard. By utilizing the
heuristic dependent on least depiction length as halting rule. Post-preparing steps continued in the acceptance rule reconsidering
the guidelines in the evaluations acquired by worldwide pruning system and it works on the precision.

3.3 Ripper estimation

The Repeated Incremental Pruning to Produce Error the Repeated Incremental Pruning to Produce Error Reduction (Ripper) is
a portrayal estimation planned to make rules set directly from the readiness dataset. The name is drawn from how the rules are
adjusted consistently. Another standard related with a class worth will cover various properties of that class. The computation
was expected to be speedy and suitable while overseeing gigantic and rowdy datasets appeared differently in relation to decision
trees. During the creating time of the estimation, a voracious approach of learning is applied, for instance every standard is
taken in one by one. In datasets with extraordinarily tremendous estimations, this causes over-fitting of the data. This along
these lines grows the request botch rate basically if the estimation is attempted with data with missing characteristics [9].

V. EXPLORATORY RESULTS

In this segment, we led an investigation utilizing Weka application. Weka is a far-reaching set-up of Java class libraries that
perform many progressed Al and information mining calculations [29]. We investigate and analyze the exhibition of choice
tree calculations to be specific J48, REPTree, PART, Ridor and JRip. All datasets utilizing standard default ten folds cross
approval. Information was arbitrarily separated into ten sections where classes are addressed in roughly a similar extent as in
the full dataset.

4.1 Dataset

We have considered the Zoo data from UCI Machine Learning Repository dataset [8]. The Zoo informational index has 101
lines and 18 segments. In this data there are 7 classes, frequencies are shown in the figure-1 and besides the genuine rundown
of every property is presented in figure-2 and figure-3. The standard dataset is disconnected into two sets (70% and 30%), one
for planning and another set for testing.
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Figure-3: Statistical summary
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4.2 Results

This segment presents aftereffects of the experimentation arrangement. The interaction is as per the following; it is regulated
learning strategy. We prepared the classifiers on the preparation dataset utilizing Stratified Cross-Validation of 10-folds. We
have prepared the model using ascribes comprehensive of class credits. As it's anything but an administered model, the model
is constructed basing on the class esteems in correspondence to the upsides of traits independently. Weka is utilized for
recreation reason. The outcomes accomplished by different experimentation arrangement in Ripper, PART and RIDOR multi-

facet perceptron are expounded in figure-5.
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Figure-4: Experimental Results

From the figure-4, we notice the display of RIDOR, PART and Ripper computations. The PART has accomplished precision
92% The RIDOR has accomplished 94% exactness, however the presentation of PART with KNN subject to precision has
achieved 94.7% and Ripper has accomplished 87% precision. Along these lines, the RIDOR calculation has most noteworthy
exactness when contrasted with PART and Ripper.

4.3 Screenshots

The experimental results are shown in the screen shots from the figures-5 to figures-7
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Figure-5: Screen shots of Experimental Results

Page | 39



International Journal of Engineering Research & Science (IJOER)

SV University, Tirupati

ISSN:[2454-1850]

[Special Issue Vol-10, Issue-4, April- 2023]

PITRREES Sh e o B MR M 0D D S an  an  an  an an  SESTTES
Preprocess | Classify | Cluster | Associate | Select attributes | Visualize

Classifier

JRierﬁrNZEI'OZrSl

Test options

(©) Use training set

) Supplied test set Set...
(©) Cross-vaiidation  Folds |10

(©) Percentage spit % |66

Classifier output

: invertebrate (2.0)

Number of Pules : 8

Time taken to build model: 0.02 seconds

— L || === stracified cross-validarion ===

=== Stummary ===

Correctly Classified Instances E] 92,0792 %
Resule list (right-click for options) Incorrectly Classified Instances 8 7.9208 %
14:38:50 - meta Stacking Fappa statistic 0.8855
14:38:59 - meka. AdaBoosth1 Mean absolute error 0.0231
14:39:07 - meta.Bagging Poot nean squared error 0.1435

14:39:22 - meta.LogitBoost Pelative absolute srror 10.5346 %
14:39:43 - meta.MuliBoostAB Root relative squared error 43.4854 %
1414059 - meta.LogitBoost Total Mumber of Instances 101

14:45:28 - metaMuliSchems
14:45:49 - meta.LogitBoast
14:46:34 - meta.Stacking

- rules.ZeroR

=== Detailed Accuracy By Class ===

TP Rate FP Rate Frecision Recall F-Measurs ROC Area Class
- ] 1 1 1 nammal
14:47:59 - rules. Rip 1 o 1 1 1 1 bird
0.8 0,01 0.75 0.6 0,887 0.793  reprile
1 0,011 0.028 1 0,983 0,984 fish
0.75 ] 1 0.75 0.857 0.872  awphibian
0,825 0.032 0.625 0.825 0,825 0,82 inseet
0.8 0.033 0.727 0.8 0,782 0,985 invertebrate
Ueighted Avg.  0.921 0.008 0.922 0.921 0.92 0,976

Status
oK

Log w x0

Figure-6: Screen shots of Experimental Results
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Figure-6: Screen shots of Experimental Results

V. CONCLUSION

The objective of this study is to evaluate the performance of rule-based classification algorithms, namely RIDOR, PART, and
Ripper. The overall dataset recognition rates are as follows: RIDOR achieves 94%, PART achieves 92%, and Ripper achieves
87%. Consequently, RIDOR emerges as the superior classifier compared to Ripper and PART. When selecting classification
algorithms, the primary consideration revolves around achieving high accuracy in classification. To ensure this, it is essential
to have confidence in the conditions of misclassification of events, as they significantly impact the quality of the algorithms.

REFERENCES

[1] B.R. Gaines and P. Compton, “Induction of Ripple-Down Rules Applied to Modeling Large Databases,” J. Intel. Inf. Syst.. 5(3), pages

211-228, 1995.

[2] E. Frank and 1. H. Witten, “Generating Accurate Rule Sets Without Global Optimization,” International Conference on Machine

Learning, pages 144-151, 1998

Page | 40



International Journal of Engineering Research & Science (IJOER) ISSN:[2454-1850] [Special Issue Vol-10, Issue-4, April- 2023]
SV University, Tirupati

[3] F. Leon, M. H. Zaharia and D. Galea, “Performance Analysis of Categorization Algorithms,” International Symposium on Automatic
Control and Computer Science, 2004.

[4] Tan H. Witten and Eibe Frank. Data Mining: Practical machine learning tools and techniques. 2nd ed. San Francisco: Morgan Kaufmann,
2005.

[5] J. Han and M. Kamber,” Data Mining concepts and Techniques”, the Morgan Kaufmann series in Data Management Systems, 2™ ed.
San Mateo, CA; Morgan Kaufmann, 2006.

[6] N.Michael, “Artificial Intelligence - A Guide to Intelligent Systems”, 2" edition, Addison Wesley, 2005.

[7]1 P.-N. Tan, M. Steinbach, and V. Kumar, Introduction to Data Mining. Reading, MA: Addison-Wesley, 2005.

[8] UCI machine learning repository. http://archive.ics.uci. edu/ml/

[9] Zantema, H., and Bodlaender H. L., Finding Small Equivalent Decision Trees is Hard, International Journal of Foundations of Computer
Science, 11(2):343-354, 2000.

Page | 41



