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ABSTRACT

C4.5 is a very renowned tree based classificatigorighm, developed by Ross Quinlan. It is an
extension of ID3 Algorithm and is used to generatedecision tree which is used for

classification (a pre-processing step of data nghihis a statistical classifier based on the
concept of information entropy. There are two caltifactors to this algorithm i.e. prediction

accuracy and time complexity. These are directhpeisted to heuristic function to measure the
importance of attributes which in turn is used éngrate the decision tree.

In this research | propose improvements over astiegi C4.5 Algorithm by introducing two
new heuristic functions which are better than the ased by C4.5 Algorithm by some way or
the other. The main focus is on 2 performance measl) Time to build the tree, 2) Prediction
accuracy. To prove the existence of these improwmésnieapply these algorithms on some case
studies (examples), two of which are proposed bymmay minor project as part of my research.

One of the biggest challenges that higher educd@mes today is predicting the paths of
students. Colleges would like to know, for exampidiich students will take admission in
particular course, and which students will needstasce in order to graduate. So based on the
research | developed two case studies.

— A scheme of student evaluation that can help theewsities (at the time of counseling)
to judge whether the student matches the offeregram. We take the student attributes
and combine them with branch attributes and basethe historical data, satisfaction
level of student for that branch is calculated.

— Here we are computing the grade of a student itass dor a particular subject. The
system actually combines student attributes andesulattributes and based on the
historical data, grade of the student for a paldicsubject is calculated.

In another case study (example) | am testing tlopgsed algorithms on a real AIEEE data
which is in the range of thousands. The idea betakihg more than one case study (example) is
to prove that the algorithms not only work well fare type of data sets but also for varied data
sets. The improvements proposed over C4.5 can has@nificant impact on the practical
applications. We want the practical applicationg¢osolved more efficiently and effectively. In
future, a generic tool for tree based classificatdgorithms can be developed where user can
select an appropriate algorithm for its applicatidepending upon its need in terms of prediction
accuracy or time complexity. For example, if usemiorking on an application where results
need to be generated faster, then it can seleatrifignl or if the user is working on some
critical application where results of classificatioeed to be more accurate, then it can select
algorithm 2.
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1.INTRODUCTION

In this research | am making a proposal for impmoest of C4.5 Algorithm by designing two
heuristic functions which are better than the oseduby C4.5 by one way or the other. First
heuristic function is a simplified form of the onsed by C4.5. It's Time Complexity is less than
C4.5 and the output decision tree generated is woless similar to the one generated by C4.5
classifier in terms of either structure or predintiaccuracy or both. Second heuristic function
gives more importance to realistic attributes dmgstis more real and gives more accurate and
reasonable results. Although it takes more timeuitd but prediction accuracy comes out to be
more than C4.5 algorithm. | establish my claimsrhplementing these algorithms on four case
studies. First case study is a very simple exaniptefrom a weather domain which predicts
whether to go for play or not. There are total fattributes outlook, temperature, humidity and
windy. These attributes decide the value of thedithibute i.e. decision. Decision attribute can
take either of the two values “yes” which meandagalay and “No” which means don’t go for
play. Second example is a scheme of student el@hudiat can help the universities (at the time
of counseling) to judge whether the student matthesoffered program. There are total 21
attributes (student + branch attributes) that dedide value of 2% attribute “satisfaction
level”.We take the student attributes and combimeent with branch attributes and based on the
historical data, satisfaction level of studenttfwat branch is calculated. Third example is another
case study. This system predicts the grade ofdestuor a particular subject by constructing a
decision tree on the training set. There are ardgarameters (student + subject attributes)
that decide the grade of a student for a particsildmect. Last two examples are much more
complex examples than the first one. The last cisdy is based on the real AIEEE data
containing instances in the range of thousandse Mex are predicting student’s eligibility to
attend AIEEE counselling i.e. whether student igilele to attend AIEEE Counselling or not.
The Decision regarding student’s eligibility is iesited based on the attributes like marks in
test, All India rank, state rank, category ,datéioth etc. The idea behind taking more than one
case study (example) is to prove that the algosthot only work well for simpler data sets but
also for complex data sets.

1.1 Motivation

One of the biggest challenges that education desborety faces today is predicting the paths of
students. Colleges would like to know, for exampidiich students will take admission in

particular course and which students will needstasce in order to graduate. Students for
example would like to know which subject/ courséeést for them. Data mining techniques can
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be used for such applications to predict the belnawi students. ID3 and C4.5 are very
renowned classification algorithms. There are twical factors associated with them 1) Time
complexity and 2) prediction. These algorithms barcustomized based on application domain.
We want practical applications to be solved moreatively and efficiently. Two types of
applications always exist in the real word. Fiygtet of applications is the one where results need
to be generated faster e.g. real estate markeicfoedor share market prediction. Second ones
are the critical applications where results of sifasation need to be more accurate e.g.:
predicting student’s behavior in education, medagglications where doctor needs to predict a
disease based on the symptoms of the patient, dassiapplications where a marketing
professional needs complete description of custosegments to successfully launch a
marketing campaign etc. That is why | propose twgprbvements over an existing C4.5
Algorithm by introducing two new heuristic functnFirst heuristic function is better in terms
of execution time. Second heuristic function is enoealistic, gives importance to realistic
attributes and thus gives more accurate and reboresults. These Improvements can have a
significant impact on practical applications.

1.2Related Work

Many decision-tree algorithms have been develo@etwt: of the most famous is ID3 (Quinlan
1986), [21] whose attribute selection criterionba&sed on information entropy. C4.5 is a very
renowned tree based classification algorithm. #rnisextension of ID3 algorithm (Quinlan 1997)
[22]. It improves prediction accuracy, deals witmttnuous attributes, handles missing attribute
values, avoids over fitting and performs other tionts [3, 22]. Several attempts have been made
by researchers to improve the existing ID3 and (dgorithm. These improvements can be
categorized in to three types.

1.2.1 Improvements suggested by Quinlan

Quinlan himself proposed some improvements overl@® algorithm [3, 22]. Firstly he
proposed an improved method to handle continuouibwates [3, 22]. He offered to select a
threshold on the values of attributes and therddivhe given set of training examples in to two
subsets [3]. One set contains attribute valuestgreéhan the threshold and other set contains
attributes values less than or equal to the thidqd8p 22]. Secondly he suggested to not to use
missing attribute values in the calculation of mf@tion gain ratio [22]. Thirdly he proposed the
method of pruning [22]. It is the process of renmgvunwanted sections of the tree which are
generated due to noise or too small set of traidatg or large no. of parameters/attributes [22].
This is done to improve prediction accuracy [22]e¥ are explained in detail in section 2.2.5.

1.2.2 Mathematical Improvements

14



Several attempts have been made to mathematioghisove the performance of C4.5 algorithm.
Researchers have tried to simplify the formula ofoimation gain to reduce the time
complexity. In one case they removed the log opmrat[1,15,16,17] and in other case they
separated a big constant and then removed it fh@ridrmula of information gain [2,18,19,20]
to reduce the no. of operations. They are explaimekttail in section 2.2.5.

1.2.3 Miscellaneous Improvements

Another improvement was given by LI Rui, WEI Xiannaad YU Xue-wei [4]. Since C4.5 uses
divide and conquer strategy and searches the loel locally, they suggested a method to
improve optimality of C4.5 algorithm by proposindalanced coefficient [4]. Users can decide
the value of this balanced coefficient accordinghesituation and by using their intellectual and
domain knowledge [4]. It's an unclear concept anty artificially improves the efficiency of
the algorithm. According toVeizhao Guo and Jian Yin [5] , since many real world data sets are
imbalanced in nature so they introduced a new ingaodecision tree based weights, which
considers imbalanced weights between differentams#s, to address the class imbalanced
problems. The proposed decision tree algorithmniple and more effective in implementation
than previous decision trees and the experimentiltsesestify that the proposed algorithm
outperforms C4.5 significantly, in terms of the moyement of the classification accuracy in
UCI data sets [5]. They are explained in detagention 2.2.5.

Drawback* Most of the improvements done on C4.5 Algorithth niow are mathematical
improvements where the researchers have triednpligy the formula of information gain by
using some approximations and laws of mathemaBcgeh improvements do not have any
impact on prediction accuracy and also they malgirimprove the time complexity of the
algorithm. The Miscellaneous improvements thatdiseussed above also have very less impact
on time complexity and prediction accuracy. So lis tresearch | propose two conceptual
improvements which have a huge impact on time cerifyl and prediction accuracy.

1.3 Problem Statement

In this research | develop taxonomy of tree bas&bsification algorithms which are
improvement of C4.5 Algorithm.

“To propose improvements of C4.5 Algorithm by devealping two heuristic functions which
are better than the one used by C4.5 Algorithm. Fat one is better in terms of time taken to
build the tree and second one is better in terms gdrediction accuracy.”

First heuristic function is a simplified form ofalone used by C4.5. It's Time Complexity is less
than C4.5 and the output decision tree generatetbig or less similar to the one generated by
C4.5 classifier in terms of either structure ordscgon accuracy or both. Second heuristic
function gives more importance to realistic atttédsuand thus is more real and gives more
accurate and reasonable results. Although it takee time to build but prediction accuracy
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comes out to be more than C4.5 algorithm. | eshbtny claims by implementing these
algorithms on four case studies. These algorithave tbeen implemented using JAVA and have
been tested on wide range of data. First case sualyery popular example. It's from a weather
domain which predicts whether to go for play or.nbtere are total four attributes outlook,
temperature, humidity and windy. These attributesidk the value of the 5th attribute i.e.
decision. Decision attribute can take either oftthe values “yes” which means go for play and
“No” which means don’t go for play. Second exampla scheme of student evaluation that can
help the universities (at the time of counselirggjudge whether the student matches the offered
program. There are total 21 attributes (studentanth attributes) that decide the value d¥22
attribute “satisfaction level”.We take the studexttributes and combine them with branch
attributes and based on the historical data, satish level of student for that branch is
calculated. Third example is another case studis 3ystem predicts the grade of a student for a
particular subject by constructing a decision toee the training set. There are around 18
parameters (student + subject attributes) thatddethe grade of a student for a particular
subject. Last two examples are much more complexneles than the first one. The last case
study is based on the real AIEEE data containiistaimces in the range of thousands. Here we
are predicting student’s eligibility to attend AIEEounselling i.e. whether student is eligible to
attend AIEEE Counselling or not. The Decision relgay student’s eligibility is estimated based
on the attributes like marks in test, All India kastate rank, category ,date of birth etc.

1.4 Scope of Work

We have mainly focused on 2 performance measurdsnig to build the tree, 2) Prediction
accuracy. We have tried to improve these two thifigese improvements can have a significant
impact on the practical applications. We want thacpcal applications to be solved more
efficiently and effectively. In future we shall b#eveloping a generic tool for tree based
classification algorithms where user can selectappropriate algorithm for its application,
depending upon its need in terms of prediction exguor time complexity. For example, if user
is working on an application where results needbéo generated faster, then it can select
Algorithm1 or if the user is working on some crai@pplication where results of classification
need to be more accurate, then it can select #igoZ.

1.5 Organization of Thesis
Remainder of the thesis is organized as follows:

Section 2 explains the basic concepts of datanginvhich includes the definition of data

mining and brief explanations of data mining tequeis. Then there is an introduction to a
specific type of classification called Decision &rearning. The subsection corresponding to it
incorporates the definition of Decision Tree, hogcidion trees can be used for classification,
different types of decision tree, decision treecapts, detailed explanations of various decision
tree algorithms like CART, ID3, C4.5 and improvenseproposed by researchers which include
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dealing with continuous attributes, improvement information gain, decision tree pruning,
improved Decision Tree Based Weights, Improvemsnintroducing a Balanced Coefficient,
Weighted and simplified Entropy and Improvementrdbrmation Gain Formula. Then comes
the advantages and disadvantages of decisiondreksoftware and tools used for decision tree
learning.

Section 3 contains the proposed taxonomy of tresedaclassification algorithms i.e.
introduction two new heuristic functions to formgroved algorithms. First heuristic function is
the simplified Measure of Disorderrness to reduee Time Complexity and second is more
realistic heuristic Function that leads to bettediction accuracy. These are analysed in greater
depth and there performance is compared with Agdsithm.

Section 4 explains four case studies(examples)whie taken to prove the effectiveness of
algorithms. First case study is a very simple eXamips from a weather domain which predicts
whether to go for play or not. There are total #ilaites outlook, temperature, humidity and
windy. These attributes decide the value of thedithibute i.e. decision. Decision attribute can
take either of the two values “yes” which meandaglay and “No” which means don't go for
play. Second example is a scheme of student ev@hudiat can help the universities (at the time
of counseling) to judge whether the student matthesoffered program. There are total 21
attributes (student + branch attributes) that dedide value of attribute “satisfaction
level”.We take the student attributes and combimemt with branch attributes and based on the
historical data, satisfaction level of studenttfwat branch is calculated. Third example is another
case study. This system predicts the grade ofdestufor a particular subject by constructing a
decision tree on the training set. There are ardigarameters (student + subject attributes)
that decide the grade of a student for a particuéject. The last case study is based on the real
AIEEE data containing instances in the range ofishods. Here we are predicting student’s
eligibility to attend AIEEE counselling i.e. whethetudent is eligible to attend AIEEE
Counselling or not. The Decision regarding studerdligibility is estimated based on the
attributes like marks in test, All India rank, staank, category ,date of birth etc. Algorithms are
applied on each case study/example and resultoarpared.

Section 5 consists of implementation details whiatlude tools and software used to develop
the applications, relations used, steps to crémtelata source and the program architecture. The
program architecture includes the explanation ofiuhes, top-down design and snapshots.

Section 6 consists of conclusion and future scdpleoresearch this is done on C4.5algorithm
Section 7 consists of references which includearesepapers and web links.

Section 8 consists of appendixes .It containsahgel sized decision trees which are generated by
the algorithms on their application on case studies(examples).
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2. DECISION TREE ALGORITHMS IN DATA MINING

AND RELATED RESEARCH WORK

2.1 Data Mining Basic Concepts
2.1.1 What is Data Mining?

Data Mining (DM), [6] can simply be explained as aotomated process of discovering
unanticipated knowledge from massive amount of .dB&ta Mining involves complex Data

Structures, Algorithms, Statistics and Atrtificialtélligence.[6] It also includes learning from

previous knowledge and recognizing hidden datepatind providing the realistic results along
with rationalization. Knowledge Discovery in Databaalso known as KDD a synonym of Data
Mining, which comprises of three stages [6]:

» The understanding of business and data.
* Performing the pre-processes tasks.

 Data Mining and Reporting

.2.1.2 Data Mining Background, Research and Evolutio

In today’s world, the increasing processing powst aophisticated technologies has increased
the business need, and now people expect more $x@mtems [6]. These days, the computer
systems are not only used for storing data but fdsgroviding information and forecasting.
Data Mining is part of a word, which has been rédgdantroduced known as Bl or Business
Intelligence [6]. The need is to derive knowledge of the abstract data. With recent technical
advances in processing power, memory, interconictidata mining is seen as an increasingly
important tool by modern business to transform rabstdata into business intelligence form
giving an additional advantage [6].

The rise of data mining originated from the emeogeof data warehouse[7]. As early as 1990s,
in “Building the Data Warehouse”, William H. Inmethe U.S.information engineering [7]
professional introduced the concept and implememtateps of data warehouse. The concept is
that. Data Warehouse is a subject oriented, integraonvolatile, and time variant collection of
data, in support of management’'s decision-making[id] his monograph, he divided the
implementation steps into three major parts: degpnecessing, data mining and KDD.
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After 20 years development, while confirming thecwacy of the definition, a number of
applications have further confirmed the essenceBafilding the Data Warehouse” Data
processing is the core to establish data warehddatg mining is regarded as the important
technology and method [7]; KDD is regarded as tig@drtant process and method of data
warehouse and data mining is one important stapDdd. From the above, we can see that the
major technology and core to establish a complata @arehouse is whether the data mining
model system is in common use[7].

Data mining application are characterized by théitalio deal with the explosion of business
data and accelerated market changes, these chatictehelp providing powerful tools for
decision makers, such tools can be used by bususess (not only statisticians) for analyzing
huge amount of data for patterns and trends [8jas€quently, data mining has become a
research area with increasing importance and blyad in determining useful patterns from
collected data or determining a model that fitstbess the collected data [8]. Different
classification schemes can be used to categorizendiaing methods and systems based on the
kinds of databases to be studied, the kinds of kemye to be discovered, and the kinds of
techniques to be utilized [8].

Data mining techniques used in business-orienteglicapions are known as Business
intelligence (BI) [8]. Bl is a general term to meahprocesses, techniques, and tools that gather
and analyze data for the purpose of supportinggmse users to make better decisions [8]. The
difficulty of discovering and deploying new knowtgsl in the Bl context is due to the lack of
intelligent and complete data mining system [8]eTimeasure of any business intelligence
solution is its ability to derive knowledge fromtdaThe challenge is met with the ability to
identify patterns, trends, rules, and relationsHips volumes of information which is too large
to be processed by human analysis alone [8].

2.1.3 Introduction to Data Mining Techniques

The most important data mining techniques arel®is
2.1.3.1 Clustering

Clustering is a process of partitioning a set agadar objects) in a set of meaningful sub-classes,
called cluster. Cluster is a collection of dataeokg that are similar to one another and thus can
be treated collectively as one group but as a ciodlie, they are sufficiently different from other
groups. Clustering is a unsupervised classificatibich means we do not know the class labels
and may not know the number of classes. Clusteting wide applications in Pattern
Recognition, Spatial Data Analysis, Image Procegdifarket Research, Information Retrieval,
Web Mining etc.

2.1.3.2 Association
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Association in data mining is a method for discawgiinteresting relations between variables in
large databases. In other words it is analyzing presenting strong rules discovered in
databases using different measures. For exampdesule {milk, biscuits}---->{bread}
found in the sales data of a supermarket woulctatdithat if some body buys milk and biscuits
together, then he or she is more likely to also lm@ad too. Such information can be used as the
basis for decisions about marketing activities sash e.g., promotional pricing or product
placements. In addition to the above example ag8ogirule mining also finds its use in Web
usage mining, intrusion detection and bioinfornstic

2.1.3.3 Classification

® Itinvolves categorizing data in different classes

»

4

»

A model is first created based on the set of data.
The model is then used to classify new data

Given the model, a class can be predicted for resa d

Classification: 3 Step Process [9]

1. Model construction (Learning):

»

»

»

»

Each record or instances is associated with a elagsh determined by one of the
attributes, called the classifying attribute.

The model is constructed by applying a classifazatllgorithm on the set of data.
The set of all records used to construct the msdedlled training set

The model is in the form of either if-then rulesdecision trees

2. Model Evaluation (Accuracy):

»

»

The prediction accuracy of the model is measuredgpyying test data on it.

The classifying attribute of test sample is comepawith the classified result
from the model

Prediction accuracy is defined as the percentageesif set samples correctly
classified by the model

Test set can be independent of training set arntle dependent on training set if
cross validation testing is used.
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3. Model Use (Classification):

» The model is used to classify new instances whieh unclassified i.e. their
classifying attribute value is missing.

» The model is used to predict the value of an atteb

Model Construction
- - C]asmﬁcaﬂon
Training Algorithms
Data \

Name |Income | Age | Creditrating

Bruce |Low <30 bad

Dave [Medium [[30..40] good

William [High <30 good

Marie |Medium >40 good IF Income = “High’

Anne |Low [30..40] good OR Age > 30

Chris |Medium | <30 bad THEN CreditRating = “Good’

Figure 1-Model Construction (step 1 of classifation)

Model Evaluation

Testing

ﬁ Classifier

S

Data

Name |Income | Age | Credit rating | How accurate is the model?
Tom Medium <30 bad
Jane |High <30 bad
Wei  [High >40 good IF Income = “High’
Hua Medium [[30..40] good OR Age > 30
THEN CreditRating = ‘Good’

Figure 2-Model Evaluation (step 2 of classificabn)

Model Use: Classification



New Classifier
Data

Name |income | Age |Creditrating| Credit Rating? -grﬂﬂm
)

Paul  |High  [130.40]

Figure 3-Model Use (step 3 of classification)

There are many classification algorithms out ofakitthe most popular ones are decision tree
based classification algorithms. This type of dfesstion is easy to understand and most
commonly used in real world applications.

2.2 Decision Tree Based Classification

This section contains definition of decision tredmw decision trees can be used for
classification, different types of decision treecidion tree concepts, detailed explanations of
various decision tree algorithms like CART, ID3, .B4and improvements proposed by
researchers which include dealing with continudtrisbates, improvement on information gain,
decision tree pruning, improved Decision Tree Badégights, Improvement by introducing a
Balanced Coefficient, Weighted and simplified Epyraand Improvement of Information Gain
Formula. Then we discuss the advantages and distdyes of decision trees and software and
tools used for decision tree learning.

2.2.1 What are Decision Trees?
® Decision trees can be described by following charegistics
» Internal node represents an attribute.
» Branch represents a value of an attribute.
» Leaf node represents a class of a classifyingoatti

» Decision tree is traversed from top to bottom byfgrening test on each internal
node that comes in the way until the leaf nodentantered.
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» If attribute is continuous rather than discretentaethreshold is formed and tests
are performed on that threshold value.

» Leaf node contains records belonging to the saasscl

» A sample decision looks like:

outlook

TN

sunny overcast  rain

/ ~

humdite windy
high  normal true  falge

Figure 4-A Sample Decision Tree

¢ Example: Whether to go for play or not?
» aset of attributes and their possible values:
» outlook sunny, overcast, rain
» temperature cool, mild, hot
> humidity high, normal

> windy true, false
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Each instance in the training set is associateg
with a class. “N” stands for not play and “Y”

stands for play.

Qutlook Tempreature Humidity Windy Class

sunny hot high false N
sunny hot high true N
overcast hot high false P
rain mild high false P
rain cool normal false P
rain cool normal true N
overcast cool normal true P
sunny  mild high false N
sunny  cool normal false P
rain mild normal false P
sunny mild normal true P
cvercast mild high true P
overcast hot normal false P
rain mild high true N

Figure 5-A Sample Training Data

2.2.2 Using Decision Trees for Classification [21]

Example:

outlook

sunny  overcast  rain

e

homdite

/\

high  normal

/l\ \ Traverse the decision tree from
top to bottom and test each

~

windv

/\

true  false

é} Q\é é Is classified as “N” i.e. no play

A new instance with class missing looks like
(rainy, hot, normal, true, ?)

attribute value that comes in the
way against that of a new
instance

So a new instance:
(rainy, hot, normal, true, ?)

Figure 6-Example-Using Decision Tree for cladgiation
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2.2.3 Types of Decision Trees

There are two types of Decision Trees:

- Classification treeis used to predict a class for a new instance
« Regression treds used to predict a real number.

2.2.4 Concepts

Decision Tree Algorithms use either of the two ats or metrics or heuristic functions given
below. These heuristic functions define an attetaelection criterion.

2.2.4.1 Gini Impurity

It is a very popular criterion for attribute seleat [11] Let estimated probability that a random
item is in class Ci be P(Ci).Thus the estimatedabdity of misclassification under this rule is
Gini Index [11] which is given as:

GINI(T)=)_ Y P(Cj)*P(Ci)
=1 =14
It can also be written as:

2

GINI(T)=1-Y P(Ci)

i=1

According to the formula, the attribute with beglitshas the minimum value for the Gini Index.

2.2.4.2 Information Entropy

Information entropy is the phenomena to calculatee tdisorderness in probability
distribution..Information entropy is widely usedtas measure of disorderness. It is given as

E:-Zpi*log(pi)
I
Example: A Fair Dice

Probability of each outcome of a dice is same:

P(1)=P(2)=P(3)=P(4)=P(5)=P(6)=1/6
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This is the case of uniform probability distributicand maximum uncertainty. Maximum
uncertainty occurs when probability distributioruisiform.

So for this case Entropy is equal to 1.

Another Example: Unfair Dice

P(1)=1, p(2) =P(3)=P(4)=P(5)=P(6)=0

For this case Entropy is equal to O

In this way the concept of information entropy s&d to measure the degree of disorderness. For
more uniform probability distribution, entropy isigh and for non uniform probability
distribution, entropy is low. The attribute with dbesplit has the minimum value for the

Information Entropy.

2.2.5 Decision Tree Algorithms

There are many tree based classification algoritivimsh we will discuss in this section. Some
basic steps of a generic tree based classificatigarithm are shown in a flow chart given

below:

Flowchartfor Tree
based Classification
Algorithm

Repeat the |steps for each subset

Figure 7- Flow Chart for a Generic Tree Based Clasfcation Algorithm

Training Set

Do all instances
belong to the
same class

Return that
class

Using a heuristic function
select an attribute that
most effectively splits the
above set

!

Make that attribute as a
node of .[the tree

!

Using that attribute divide
the set in to subsets
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2.2.5.1 Early approaches for Decision Tree Algoritms
2.25.1.1 CART

CART is based on the concept of Gini Impurity. Glasation and regression trees (CART) is a
tree based classification algorithm that eitherdpoes classification tree or regression tree
depending upon weather the class attribute is @edes attribute or continuous attribute. If the
classifying attribute is a discrete attribute, bguces classification tree and is classifying
attribute is a continuous attribute, it producegession tree. In the process of building a tree, i
looks for the best split for the attributes [12].

Decision trees are formed as:

« Rules based on attribute values are selected tingdtest split

- Based on the rule i.e selected we divide the giv@ning set in to subsets and move to
another level of tree.

- Then we will repeat the same steps on each subdeagply the algorithm recursively.
Splitting stops when CART detects terminal node.

- Each branch of the tree ends in a terminal nodehBbservation falls into exactly one
terminal node which uniquely defined by a set désu

For a case with a missing attribute value the dqoess whether this case should be send left or
right [12]. The system computes alternative splhitt approximate the best split in the sense that
the cases are sent the same way. The best sgitdaog to the predictive measure [12] is called
a surrogate split. If there is not a good candigat®ng surrogate splits (all of them have not
sufficient values of the predictive measure), thsecis sent to the child with the largest relative
frequency [12].

2.2.5.1.2 1D3 Algorithm

ID3 Algorithm is based on the assumption that allemB®ecision tree with less no. of branches
and/or less height or depth has higher predictamuiacy. That is why algorithm emphasizes on
building a much smaller decision tree. In an eftorbuild a small decision tree, it selects that
attribute which brings us much closer to the fidakssification. According to the algorithm the
attribute that results in a maximum disorderedesisitthe best attribute, the one that brings us
closest to the final classification. To find ousthattribute, it uses the concept of information
entropy (or information gain)

The ID3 algorithm is as follows:

1. Take each attribute and calculate information gmtror information gain corresponding
to it.

2. Select that attribute for which information entrogyminimum or information gain is
maximum
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3. Make node containing that attribute and on thesbasithat attribute divide the given
training set in to subsets and move to anothel eteee.
4. Repeat the same steps on each subset until therdains instances of the same class.

The ID3 algorithm in pseudo code [5] is as follows

ID3 (Examples, Target_Attribute, Attributes)

Start

Create a root node for the tree

If all examples are positive, Return the singleet@e Root, with label = +.

If all examples are negative, Return the singleentvede Root, with label =-.

If number of predicting attributes is empty, theetétn the single node tree Root, with label =
most common value of the target attribute in theneples.

Otherwise Begin

A = The Attribute that best classifies examples.

Decision Tree attribute for Root = A.

For each possible value, vi, of A, Add a new tresmnbh below Root, corresponding to the

Test A=vi.

Let Examples (vi), be the subset of examples thaelthe value vi for A

If Examples (vi) is empty Then below this new briamacld a leaf node with label =Most common
target value in the examples

Else below this new branch add the sub tree

ID3(Examples (vi), Target_Attribute, Attributes AJ)

Return Root

End

The ID3 metrics

Information Entropy

It is defined as the measure of disorderness. imdtion entropy is used by ID3 algorithm to find
out how much disorderness or non uniformness abwi is producing. It is given as:

E(V)=-2_ p(vi).log(p(vi))

Where:
- E(V) is the information entropy of an attribute V.
« viis the ith value of an attribute V. V can havealues.
« P(vi) is the occurrence probability of V=vi in a& e

The idea is to select an attribute with best spifte attribute with best split has the minimum
value for the Information Entropy
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Gain

The gain produced by a split over an attribute:

I(C,V):E(C)-Zp(vi)*E(Cvi)
Where: |

* I(C,V) is the information gain i.e produced by $ipif the data set on basis of attribute V.
» E(C) is the entropy of information on set T.

* viis the ith value of an attribute V. V can havealues.

» P(vi) is the occurrence probability of V=vi in a e

» E(Cvi) is the entropy of information on set T(V=vi)

The attribute with best split has maximum inforraatgain.

2.2.5.2 C4.5 — A Very Popular Decision Tree Algotitm Used For Classification
2.2.5.2.1 Exploring C4.5 Algorithm

C4.5 is used to generate a decision tree whicked tor classification (a pre-processing step

of data mining).It is a statistical classifier bésmn the concept of information entropy. At each
node of the tree, C4.5 chooses one attribute ofddta that most effectively splits its set of
samples into subsets. Its criterion is the norredlimformation gain ratio in choosing an
attribute for splitting the data. Let T be theiag set consisting of various instances, |T| be

the no. of examples in T and (c1,c2,c3...cn) bestteof classes or categories for an attribute
whose value has to be predicted.

2.2.5.2.1.1 Algorithm Detailed Explanation (With Fbwchart)

Step 1Select any attribute V except that attribute whestéue has to be predicted. Let
vl,v2,v3..vn are the values of V. Let Vn be thessilof T such that V=vn and |[Vn| be
the no. of instances in Vn.

Step 2Calculate Information Gain ratio for that attributéteps for calculating the value of
Heuristic Function (information Gain ratio) are shown below:

I.  Occurrence probability of category Cj is:
PC)=ICil /| T|

[I. Occurrence probability of property V = vi is
P =|Ti|/|T]

[ll. Conditional probability of category Cj given V =gt
P(Cjl vi) =| Cjv| /| Ti |
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V. Entropy of information:
E(C)=2P(Cj).log(P(C))
[
V. Conditional entropy:

E(C/V)=-2p(vi)2(p(Cjivi).log(p(Cjivi))
i ]
VI. Information gain
I(C,V)=E(C)-E(C/V)
VII. Entropy of attribute:
E(V)=-2 p(vi).log(p(vi))
[
VIII. Information gain ratio:
Gain ratio (v) = I(C,V)/E(V)
Step 3Repeat steps 1 and 2 for each attribute.

Step 4Then select an attribute for which entropy is mimm(or, equivalently, information gain
ratio is maximum)

Step 5Make node containing that attribute.
Step 6Then on the basis of that attribute, divide theegitraining set in to subsets.

Step 7Then recursively apply the algorithm on each subgrét the set contains instances of the
same class. If the set contains instances of the stass, then return that class.

Flow chart for heuristic function used in this ai¢fom is given as.
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Heuristic function
. EJL:ISjEJCI SUATt 0 ,t:SEd The conditional probability with the
m ’ gorithm ] type of Cj in the cases of attribute V

=viis: P(Cj|vi) =|Cjv| / | Ti |
Start v

Entropy of information:
E(C)=-2P(Cj).log(P(C])
j

Calculate occurrence probabiﬁtv of
each category Cj:

o . o
PIG)=IGI /1T Conditional entropy of information

E(C/V)=-2p(vi)X(p(Cj/vi).log(p(Cj/vi))
Select attribute V. | «—— i J
and calculate

Information gain

Occurrence probability of property V ”QWIE{Q'HEC/V}
=viis:

Plvi)=| Ti | /| T| Information gain ratio:
Gain ratio (v) = I{C,V)/E(V)

The information entropy of attribute V:

E(V)=-3 p(vi).log(p(vi))
i <

Is it last
attribute

Return the attribute with __'
exit
maximum value of gain ratio -

Figure 8-Flow Chart for a Heuristic Function Used h C4.5 Algorithm

2.2.5.2.1.2 Example-A case study (To explain thegdrithm)

Table 1 below contains a data set of related indisaaccording to the weather conditions to
decide whether to go for play or not. There araltdtattributes outlook, temperature, humidity
and windy. These attributes decide the value ofstheattribute i.e. decision. Decision attribute
can take either of the 2 values “yes” which meamdag play and “No” which means don’t go
for play.

Make the sample data set as the training set novcanstruct a decision tree using an algorithm
given below.

Table 1- UCI weather Data set- Example to explain €5 Algorithm

play
attribute| outlook temperature||humidity windy|decision

1|sunny 35| 75|false |no
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play

attribute| outlook [temperature humidity|windy|decision

2|sunny 32 80jtrue [no
3|sunny 33 95itrue [no
4|overcast 29 94 |false |yes
5|overcast 34 94itrue |yes

6|rain 26 88|false |no

7|rain 27 79|true |no

8|rain 36 66|false |yes

9lrain 33 60(true |[no
10|sunny 27 75|false |no
11|sunny 25 76|true [no
12]rain 26 58/false |no
13|rain 28 65|true [no

14 |sunny 25 71itrue |yes
15|sunny 26 64|true |yes

16 |overcast 26 75|true |yes

17 |overcast 28 80jtrue [yes

} 18 |overcast| 30 | 63 ‘false |yes
19|rain 24 92|true |[no

20 |overcast 30 72|true |yes

Step 1. To calculate the occurrence probability for eadegary and then entropy of information
Pc[yes} 0.45 pc[No]= 0.55 E[C]= 0.68
Step 2. To calculate the information gain ratio for eacdhilatite

i. Outlook

Pv[sunny]=0.35

* pv[overcast]= 0.3
e pv|rain]=0.35

* E[v]= 1.096067

« E(C/V)=0.3529

« 1(C,V)= 0.335203746
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Gain Ratio(V)= 0.30582404

ii.  Temperature

Pv[<]=0.7

* pv[>]=0.3

- E[v]=0.6108

. E(C/V)=0.676

. I(C,V)=0.011

Gain Ratio(V)= 0.01961

iii.  Humidity

Pv[<]=0.7

* pv[>]=0.3

« E[v]=0.673

« E(C/V)=0.680

« 1(C,V)=0.0076

» Gain Ratio(V)=0.01132
iv.  Windy

* Pv[true]= 0.65

* pv[false]=0.35

« E[v]=0.647

« E(C/V)=0.68763

« 1(C,V)=5.00E

» Gain Ratio(V)=7.7270870839E

Step 3. Then we will select that attribute for which infaation ratio is maximum. Clearly
information gain is maximum fayutlook attribute.
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Step 4. Then on the basis of that attribute we will divithe given training set in to subsets and
move to another level of tree.

Table 2- Subset outlook="sunny” (Produced from Tabé& 1)
view2

attribute joutlook|temperature|humidity|windy decision|
1|sunny 35 75(false |no
10|sunny 27 75(false |no
11|sunny 25 76(true |no
14 |sunny 25 71itrue |yes
15|sunny 26 64|true |yes
2|sunny 32 80|true |no
3|sunny 33 95|true |no

Table 3- Subset outlook="overcast” (Produced from able 1)

viewll

attribute| outlook [temperature [humidityjwindy Decision’
16 jovercast 26 75|true |Yes
} 17|overcast| 28‘ 80|true |Yes
18 |overcast 30 63(false |Yes
20|overcast 30 72|true |Yes
4 |overcast 29 94 false |Yes
5|overcast 34 94itrue |Yes

Table 4- Subset outlook="rain” (Produced from Tablel)

viewl2
attribute joutlook|temperature|humidity|windy decision|
12|Rain 26 58|false [no
13|Rain 28 65(true |no
19|Rain 24 92(true |no
6 [Rain 26 88|false |no
7|Rain 27 79(true |no
8|Rain 36 66 (false |yes
} 9|Rain | 33‘ 60|true ‘no
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Step 5. Then we will repeat the same steps on each subdetpply the algorithm recursively

In this way the final tree generated looks like

D ! o
;dn ny O\f\ercast RQ'E\
N -
30 <=30 53

) i
Temperature

m Temperature
P
lZ'/-<=26 k& <=34 >34
£ A

) -
" =]
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Figure 9-Decision Tree Generated on applying C4 Algorithm on Weather Training data

2.2.5.2.2 Improvements made in C4.5 from ID3

C4.5is an algorithm used to generate a decision tea@ldped by Ross Quinlan. C4.5 is an
extension of Quinlan's earlier ID3 algorithm.

Quinlan himself proposed some improvements ovdbD&ralgorithm [3,22]. Firstly he proposed
an improved method to handle continuous attrib{8e®2]. He offered to select a threshold on
the values of attributes and then divide the gigeh of training examples in to two subsets
[3,22]. One set contains attribute values gredban tthe threshold and other set contains
attributes values less than or equal to the thitdg3022]. Secondly he suggested to not to use
missing attribute values in the calculation of imfi@tion gain ratio [22]. Thirdly he proposed the
method of pruning [22]. It is the process of renmgvunwanted sections of the tree which are
generated due to noise or too small set of traidetg or large no. of parameters/attributes [22].
This is done to improve prediction accuracy [22].
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2.2.5.2.2.1 Dealing with continuous variables

Several attempts have been made by researchenptovie the existing C4.5 algorithm. Quinlan
himself proposed some improvements over an ID3rakgo [3,22]. Firstly he proposed an
improved method to handle continuous attribute83,He offered to select a threshold on the
values of attributes and then divide the giveno$etaining examples in to two subsets [3]. One
set contains attribute values greater than thehioid and other set contains attributes values less

than or equal to the threshold [3,22].

® Partition continuous attribute into a fixed set ofintervals

» Sort the data corresponding to the continuousbateiA.

» Identify adjacent data with different classificatio

» generate a set of candidate thresholds midway

» Disadvantage of this scheme is, it will creatertmany intervals

® Another Solution:

» Take a threshold Ne. the no. of partitions.

» Divide the data in to M no. of partitions.

» Then find out the majority class of each partition.

» Then merge adjacent partitions with the same nigjolass

M=3
Temperature |54 | 55/58 | 59 | 60| 6162|62 | 65| 65| 7071 | /3| 73
Decision yes| no|yes|yes|yes| ho| no|yes| yes| yes| no| Yes|yes| no

temperature <= 67.5 ==> “yes”; temperiture > 67.5 ==> “no”

After merging same majority class...Final mapping coras out to be
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2.2.5.2.2.2 Improving on Information Gain
® Info. Gain comes out to be more for attributes witha large number of values [9,23]
» larger distribution ==> lower entropy ==> largeriGa
® Quinlan suggests using Gain Ratio [9,23]
» penalize for large number of values

The information gain ratio is given as
Gain ratio (v) = I(C,V)/E(V)

Example: Information Gain and Gain ratio calculations for the attribute Outlook

Table 5- Subset outlook="sunny” (Produced from Tabé 1)

view2

attributejoutlook|temperature|humidity|windy|Decision

1(Sunny 35 75(false |No

10 (Sunny 27 75(false |No

11|Sunny 25 76(true [No

14|Sunny 25 71jtrue |Yes

15|Sunny 26 64itrue ([Yes

} 2|Sunny | 32\ 80|true ‘No

3|Sunny 33 95|true |No

Table 6- Subset outlook="overcast” (Produced from &ble 1)

viewll
attribute | outlook |temperature |humidity [windy|decision
16 jovercast 26 75ftrue |Yes
17 lovercast 28 80ftrue |Yes
18|overcast 30 63(false |Yes
20|overcast 30 72jtrue |Yes
4 |overcast 29 94 false |Yes
5|overcast 34 94 true [Yes
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Table 7- Subset outlook="rain” (Produced from Tablel)

viewl2
attribute joutlook|temperature|humidity|windy Decision[
12|Rain 26 58|false [No
13|Rain 28 65(true [No
19|Rain 24 92itrue |No
6 [Rain 26 88|(false |No
7 |Rain 27 79true |No
8|Rain 36 66(false [Yes
| 9[Rain | 33| 60/true |No

Pv[sunny]=0.35

* pv[overcast]= 0.3
* pv[rain]=0.35

* E[v]= 1.096067

« E(C/V)=0.3529

« 1(C,V)=0.335203746

Gain Ratio(V)= 0.30582404
2.2.5.2.2.Decision Tree Pruning

® A tree generated may over-fit the training examplae to noise or too small a set of
training data. This is called over fitting in cldsstion

® Two approaches to avoid over-fitting:

» (Stop earlier): Stop growing the tree earlier

» (Post-prune): Allow over-fit and then post-prune tree
® Approaches to determine the correct final tree:size

» Separate training and testing sets

» or use cross-validation
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Quinlan proposed the method of pruning [22]. lhis process of removing unwanted sections of
the tree which are generated due to noise or toall et of training data or large no. of
parameters/attributes [22]. This is done to imprpkediction accuracy [22].The C4.5 algorithm
gives several options related to tree pruning. Malgwrithms attempt to "prune”, or simplify,
their results. Pruning produces fewer, more easilgrpreted results.[10] More importantly,
pruning can be used as a tool to correct for pi@leover fitting. The overall concept is to
gradually generalize a decision tree until it gaarsalance of flexibility and accuracy.[10]

C4.5 employs two pruning methods. [10]
Bottom-up Pruning

The first is also known as subtree replacements Teans that nodes in a decision tree may be
replaced with a leaf -- basically reducing the nembf tests along a certain path. This process
starts from the leaves of the fully formed treej arorks backwards toward the root. [10]

Top Down Pruning

The second type of pruning used in C4.5 is alsmédras subtree raising. In this case, a node
may be moved upwards towards the root of the treglacing other nodes along the way.
Subtree raising often has a negligible effect otisien tree models. There is often no clear way
to predict the utility of the option, though it mhg advisable to try turning it off if the induatio
process is taking a long time. This is due to thet that subtree raising can be somewhat
computationally complex.[10]

2.2.5.3 Very Recent Approaches

This section contains vary recent improvements drbAlgorithm proposed by researchers
which include improved Decision Tree Based Weightgrovement by introducing a Balanced
Coefficient, Weighted and simplified Entropy andoimvement of Information Gain Formula.

2.2.5.3.1 Improved Decision Tree Based Weights

The intuition for the algorithm proposed in [5] aps to have different initial weights for every
instance to reflect its importance in future prédit. The method is designed to construct
decision tree model with the consideration of tleeghts between different instances. The author
tried to show that the algorithm is more advantageto achieve better classification results, in
term of classification accuracy. Algorithm is basad the fact that many real world data is
imbalanced in nature [5, 27, 28, 29]. In this pgpérthey introduced a new improved decision
tree based weights, which considers imbalancedhigigetween different instances, to address
the class imbalanced problems. They have compdredptoposed algorithm with C4.5. If
decision tree considers the weight of an instanaeftect its importance in the training and test
data sets, the class with high weight is lessyikelbe misclassification and better classification
results will be achieved as a consequence [5, &729]. Therefore, they have introduced a
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decision tree algorithm based weights by considetinequal distribution between different
instances and the instance with high weight wiltlassified accurately.[5]

Information Gain (IG) is one of the most populaleston criterions to address this issue. The
decision tree algorithm usually selects the attabahich has the maximum Information Gain
(IG) values until every node of the decision treatains the instances belonging to only a single
class or satisfying some stopping criterions. Gaherspeaking, the Information Gain (IG)
measure, designed as (1), is widely used to sdiecattribute with the maximum Information
Gain (IG) value.

IG(A,T) = IE(T) = Y. (Til/|TI) * IECT) v, 1
i

whereT is all the training data sets, Ti is the i-thualof attribute A, and |T|stands for the
number of instances in data set T and |Ti| reptesbe number of data set Ti. IE(T) is used to
measure the Information Entropy (IE) for attriblhe Assume that pi is the percentage of
instances belonging to class i in the data seth8 Information Entropy (IE) for attribute A is
defined as below.

IE(T)=-)_Pi*IOg(Pi).. v vovveeveeeviee e e, 2
i

Gain Ratio is given as:

GR(A, T) ZIGATYSIAT) e oo, 3

where Sl (A,T) stands for the Splitting Informati¢fl) value for attribute A and is defined as
(4). Suppose that attribute A has k values, whrehdenoted as S1, S2, ...,Sk . And |Si| stands
for the number of instances whose values are=Si,,i.., k.

SIAT)= X (ISITYHOGUSITI. o 4
|

In this research they have changed the gain ratio

Here, assume that there are n class labels C1,.C2Cn and m training instances in the
imbalanced data sets. mi stands for the numbérediinistances which belongs to class Ci, where
mi=m and i=1, 2,..,n. The weight vector for instances from the imbea&d data is defined as
W= (w1, w2...wm). Intuitively, the larger the propian of certain class in all data sets is, the
more possible it is that the instance belongs i®gpecial class. Based this intuition, the weight
wj for the j-th instance should be a monotonicatigreasing variable with the number of this
special class, where j = 1,2,...,m. Suppose thakifeinstance belongs to Class Cr and the t-th
instance belongs to Class Cs, where k, t=1....... mrargF 1,2...... So, the weight variable
should satisfy the constraints listed as below.
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a) O<=wj<=1
b) If mr<=ms then wk<=wt

Here, suppose that the j-th instance belongs tesGIa and then the weight variable wj for the j-
th instance is defined as (5).

After the weight of every instance is determined, e Information Gain without
incorporating the weights between different instanes will be replaced by the Weight
Information Gain (WIG), which is given as (6).

WIG(A, T)=WIE(T)- (O (O wWx/> Wj) )* WIE(Ti)......... 6
I X=ci =1
2.2.5.3.2 Improvement by introducing a Balanced Cdgcient

Another improvement was given by LI Rui, WEI Xiannaad YU Xue-wei [4]. Since C4.5 uses
divide and conquer strategy and searches the loekd locally, they suggested a method to
improve optimality of C4.5 algorithm by proposingpalanced coefficient [4]. Users can decide
the value of this balanced coefficient accordinghe situation and by using their intellectual and
domain knowledge [4, 24, 25, 26]. It's an uncleanaept and only artificially improves the
efficiency of the algorithm.

V, VI, VII, VIII equations of step 2 of the abovet® algorithm are shown as:

v. Conditional entropy:

E(CIV)=-Ep(vi)(p(Ci/vi).log(p(Cj/vi))
i j

vi.  Information gain
I(C,V)=E(C)-E(C/V)

vii.  Entropy of attribute:

E(V)=-2 p(vi).log(p(vi))
|

viii.  Information gain ratio:
Gain ratio (v) = I(C,V)/E(V)
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This research proposes a degree of balance ceeffil<€<1), It is a vague concept, and its size
is determined by the decision-makers based onoai gnowledge or domain knowledge [4]. The
improved C4.5 algorithm aims at the method of gdeeration that is attribute selection criteria
to improve C4.5 algorithm. By introducing a degoédalance coefficient in formulas (2) and

(4), reducing information entropy of certain attiiés, and increasing the information entropy of
the other attributes accordingly. The end, thedlegitree created in a specific environment has
a higher accuracy. Now design the degree of baleoe#icient of a certain

attribute a£ , and then, the formulas V, VI, VII, VIl are mdidid

v. Conditional entropy:

E(CVe)=-2(p(vi)*+ £)X.(p(Cj/vi).log(p(Cj/vi))
i j

vi. Information gain
I(C,Ve)=E(C)-E(C/V)
vii.  Entropy of attribute:
E(Ve)=-X (p(vi)+ £).log(p(vi)+ £)

viii.  Information gain ratio:
Gain ratio (v) = I(C,\¥)/E(VE)

2.2.5.3.3 Weighted and simplified Entropy

The article [2,18,19,20] put forward specific sadat for the problems of property value

vacancy, multiple-valued property selection, proypeselection criteria , propose to introduce
weighted and simplified entropy into decision tedgorithm so as to achieve the improvement of
ID3 algorithm. The experimental results show tla improved algorithm is better than widely
used ID3 algorithm at present on overall perforneanc

Improvement can be shown with the help of an exampl

Let I(p,n) be the entropy of a set of instanigesontainingp positive anch negative examples
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E(A)= ~[( pi.nm,
(4) PN (pom)
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p;+n.  p.tn. ptn S pen,
And put the above formula into E (A), then,
¥ { )
E{ff]l NPt 2y log, £ B log, Py ‘
T~ P+N| p+n, p+m potm Pitn; )
¥ {
1 n.
= Z_| -p,In /R n, In L
=~ (P+N)In2\ p,+n, p;+n,

Because (P+N) In2 is a constant in training datassewe could suppose a function S(A) to meet
the following formula:

v [ n

.S‘{A}:Z| ~p,In Py - n, In—= ]

T\ p.tn p,+n

S(A) just contains add, multiply, division operatsy so operation time is certainly shot than that
of E(A) which contains multiple logarithmic terms.

2.2.5.3.4 Improvement of Information Gain Formula

Another attempt to improve C4.5 algorithm was ddmeg Zhu Xiaoliang, Wang Jian,
YanHongcan, WuShangzhu [1]. They analyzed C4.5rélgo and gave further research to
improve its time complexity. Using some laws of haahatics they tried to simplify the formula
of calculation of information entropy [1, 15, 1&]1They claimed improvement over an existing
C4.5 algorithm in terms of time complexity but didgive any solid justification to improve the
prediction accuracy of the algorithm.

Improvement can be shown with the help of an exampl
Let I(p,n) be the entropy of a set of instanigentainingp positive anch negative examples

Continuing from the above improvement, the formedald simply to
| . n P,

Infols)=———Y (-nIn ——-pln
jols) {n+p}|fﬂi,z_l:{ "on+p, P n+p,

)

According to the theory of equivalent infinitesinal mathematic, iX is small, then In (1 + x)
approximately = Xso
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so it could simplify the calculation

Info(s) s ——— Y 2P

(n+p)in2 3 n+p,

This greatly reduces the no. of operations.

2.2.6 Advantages of Decision Trees

Amongst other data mining methods, decision tres lvarious advantages:

Decision trees have the ability to handle discretgibutes as well as continuous
attributes.

Unlike other classification techniques which requitata normalization, removal of
missing attribute values etc, they just requirevgte data preparation.

Decision trees are very easy to understand andhzsu

Decision tree model can easily be tested and ualiddn other words statistical test
cases can easily be applied on the decision tregelrio check the reliability of the
model.

Decision trees have separate to handle missinguats.

Decision trees work well for large amount of datarge amount of data can be analyzed
in lesser time. They are known for their good periance against larger data sets.

2.2.7 Limitations of Decision Trees

Practical decision-tree learning is based on grealdprithm where locally optimal
decisions are made at each level of the tree. 8lgdrithms cannot guarantee to return
the globally optimal solutions. That is why the@lplem of learning with Decision tree is
NP Completes.

A tree generated may over-fit the training examplae to noise or too small a set of
training data. This is called over fitting in cldEstion.

There are some limitations of decision tree algang proposed by quinlan. First, C4.5
uses a divided strategy, It is the best local $eareen structure the internal nodes of
trees [4] Therefore, the final outcome is stilldgban optimal results in spite of having
been very high accuracy. Second, C4.5 decisionimgad&valuation is most based on the
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error rate of decision tree [4]. The depth of theetand the number of nodes are not
considered, and the average depth of the tree spmne directly to the speed of the
decision tree forecast, the number of tree noda®gsent the size of the tree. Third, while
structuring the decision tree, while evaluationlldwing structure of the decision tree, it
is difficult to re-adjust the structure and contehthe tree, it is very difficult to improve
the performance of decision trees [4]. Fourth, G¥a8 each test while grouping attribute
values without a mechanism for the use of heursgrch and the efficiency of division
is lower [4].

2.2.8 Tools and software for Decision Tree classifition

Weka is a collection of machine learning algorithims data mining tasks. The algorithms can
either be applied directly to a dataset or caltedhfyour own Java code. Weka contains tools for
data pre-processing, classification, regressiarsteting, association rules, and visualization. It
is also well-suited for developing new machine méag schemes.

Weka workbench provides two very common decisi@e tconstruction algorithms: ID3 and
C.45 (also called j48 classifier).

ID3 is Inductive Logic Programming methods, developgduinlan [5], it is an attribute based
machine-learning algorithm that creates a decitiea on a training set of data and an entropy
measure to build the leaves of the tree.

C4.5algorithm is based on the ID3, with supplemengangramming to address ID3 problems.

2.2.9 Conclusion

The Most of the improvements like weighted and difired entropy, improvement of
information gain formula etc that are discussedvalare mathematical improvements where the
researchers have tried to simplify the formularddimation gain by using some approximations
and laws of mathematics. Such improvements do awé lany impact on prediction accuracy
and also they marginally improve the time complexf the algorithm. The Miscellaneous
improvements like improvement by introducing bakshcoefficient, tree based weights etc that
are discussed above also have very less impacimencbmplexity and prediction accuracy. So
we conclude that the most of the improvements @on€4.5 Algorithm in the past are marginal
improvements in terms of prediction accuracy oretinSo | propose two conceptual
improvements which have a huge impact on time cerifyl and prediction accuracy. Next
section contains the proposed taxonomy of treedbalsssification algorithms i.e. introduction
two new heuristic functions to form improved algoms. These heuristic functions are better
than the one used by C4.5 Algorithm. First oneaettds in terms of time taken to build the tree
and second one is better in terms of predictionu@my. Proposed algorithms are analysed in
greater depth and there performance is compardd@+t5 algorithm.

45



3. PROPOSED TAXANOMY OF TREE BASED

CLASSIFICATION ALGORITHM

3.1 Introduction of New Heuristic Functions to formImproved
Algorithms

Some basic steps of a generic tree based clasisificagorithm are shown in a flow chart given
below:

Flowchartfor Tree
based Classification
Algorithm

Training Set

o all instances Return that
belong to the R
same class class

Using a heuristic function

selectan a!ttrlbute that ( exit )
most effectively splits the
Repeat the steps for each subset above set

l

Make that attribute as a
node of 1the tree

L

Using that attribute divide
the set in to subsets

Figure 10-Flow Chart for a Generic Tree Based Clasfication Algorithm
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The performance of a tree based classificationrilgn largely depends upon the heuristic
function used in it. There are two critical factat&ays associated with the heuristic function

* Time Complexity
* Prediction accuracy

In this research | propose two new heuristic floriwhich are better than the one used by C4.5
algorithm by some way or the other. They are gagn

3.1.1 Simplified Measure of Disorderness to reducéhe Time Complexity
(Algorithm 1)

The Heuristic Function used in C4.5 algorithm isdsh on concept of Information entropy.
Information entropy is the phenomena to calculatee tdisorderness in probability
distribution..Information entropy is widely usedtas measure of disorderness. It is given as

E=Ypi*log(pi)
I
Example: A Fair Dice

Probability of each outcome of a dice is same:
P(1)=P(2)=P(3)=P(4)=P(5)=P(6)=1/6

This is the case of uniform probability distributicand maximum uncertainty. Maximum
uncertainty occurs when probability distributioruisiform.

So for this case Entropy is equal to 1.
Another Example: Unfair Dice
P(1)=1, p(2) =P(3)=P(4)=P(5)=P(6)=0
For this case Entropy is equal to O

In this way the concept of information entropy s&d to measure the degree of disorderness. For
more uniform probability distribution, entropy isigh and for non uniform probability
distribution, entropy is low.

ID3/C4.5 Algorithm is based on some assumptions

» A smaller Decision tree with less no. of branched/ar less height or depth has higher
prediction accuracy. That is why algorithm emphesion building a much smaller
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decision tree. In an effort to build a small damisiree, it selects that attribute which
brings us much closer to the final classification.

* Another assumption is, the attribute that resulta maximum disordered state is the best
attribute, the one that brings us closest to timal ficlassification. To find out that
attribute, it uses the concept of information eo§ro

The heuristic function proposed by me is also asethe same assumptions but the difference
is in the measure of disorderness. C4.5 uses i@fttomentropy as the measure of disorderness.
| am using a much simplified measure i.e calcugatthe maximum probability in the
distribution. It can be considered as the approtemaeasure of disorderness. So introduction of
this Heuristic function gives rise to an improvetydtithm. This Algorithm is better than C4.5
in terns of time complexity.

3.1.1.1 Algorithm Explanation (with flow chart)
Steps 2 and 4 of the above C4.5 algorithm are neald#nd the other steps remain the same.

Step 2. Steps for calculating the value of heuristic fuoctare given as
2.1 For each V=vi Calculate
2.1.1 No. occurrences of each class/ category.
2.1.2 Occurrence Probability of each class/category.

2.1.3 Maximum of above calculated Occurrence probabgiti€his the measure of
disorderness for V=vi.

2.2 H(attribute)= Compute the overall disorderness for the attridditby computing the
average of disorderness for each V=vi.

Step 4. Select an attribute for which the value of heuristinction is maximum.

Flow chart for the Heuristic Function used in thigorithm is given as:

48



Heuristic function 1

H(V)= Compute the overall disorderness for the

+—1 attribute V by computing the average of
disorderness for each V=vi.

Select attribute V e

J

] Foreach V=vi

l

Calculate no of accurrences of each
class/ category

Is it last
é -
attribute
Then calculate occurrence probability
of each class/ category
Yes

Store the maximum of above calculated
occurrence probabilities for that V=vi. This

the measure of disorderness for V=vi. Return the attribute with
Maximum value of heuristic F——

No . . Yes function
<————— IsitlastV=vi }——""—"—"—"7

Figure 11-Flow Chart for a Heuristic Function Usedin Algorithm 1

3.1.1.2 Example-A case study (To explain the Algahim)

We will use the same example/case study to expierabove algorithm which we used in case
of C4.5.

Table 8 below contains a data set of related indisaaccording to the weather conditions to
decide whether to go for play or not. There araltdtattributes outlook, temperature, humidity
and windy. These attributes decide the value ofstheattribute i.e. decision. Decision attribute
can take either of the 2 values “yes” which meamgag play and “No” which means don’t go
for play.

Make the sample data set as the training set novcanstruct a decision tree using an algorithm
given below.
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Table 8- UCI weather Data set- Example to explain §orithm 1

Play

attribute|outlook [temperature |humidity|jwindy decision|
1|sunny 35 75|false [No
2|sunny 32 80jtrue [No
3|sunny 33 95itrue [No
4|overcast 29 94 false |[Yes
5|overcast 34 94itrue ([Yes
6|rain 26 88/false [No
7|rain 27 79true [No
8|rain 36 66(false [Yes
9lrain 33 60(true [No
10|sunny 27 75|false [No
11|sunny 25 76|true [No
12]rain 26 58|false [No
| 13jrain | 28| 65true  |No
14 |sunny 25 71jtrue ([Yes
15|sunny 26 64itrue ([Yes
} 16 |overcast| 26 | 75 ‘true |Yes
17 |overcast 28 80|true ([Yes
18|overcast 30 63(false ([Yes
19|rain 24 92jtrue [No
} 20 |overcast| 30 | 72 ‘true |Yes

Step 1. Compute the Heuristic function value (Disorderndsskach attribute

* For attribute: Outlook

» For Oulook=sunny

Vi.

Total no. Of instances=7

No. Of yes's=2

No. of no’s=5

Occurrence Probability of No. of yes’s Py=2/7
Occurrence Probability of No. of no’s Pn=5/7
Max(Py,Pn)=5/7
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> For Oulook=overcast

i
ii.
iii.
iv.
V.

Vi.

Total no. Of instances=6

No. Of yes's=6

No. of no’s=0

Occurrence Probability of No. of yes’'s Py=6/6=1
Occurrence Probability of No. of no’s Pn=0/6=0

Max(Py,Pn)=1

> For Outlook=rain

iv.

V.

Vi.

Total no. Of instances=7

No. Of yes's=1

No. of no’s=6

Occurrence Probability of No. of yes’'s Py=1/7
Occurrence Probability of No. of no’s Pn=6/7

Max(Py,Pn)=6/7

> H(Outlook)=(5/7+1+6/7)/3=6/7=0.857

For attribute: Temperature(Threshold value is 30)

» For Temperature>30

i.
ii.
iii.
iv.
V.

Vi.

Total no. Of instances=6

No. Of yes's=2

No. of no’s=4

Occurrence Probability of No. of yes’s Py=2/6=1/3
Occurrence Probability of No. of no’s Pn=4/6=2/3
Max(Py,Pn)=2/3

» For Temperature<=30
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Vi.

Total no. Of instances=14

No. Of yes's=7

No. of no’s=7

Occurrence Probability of No. of yes’'s Py=7/14=1/2
Occurrence Probability of No. of no’s Pn=7/14=1/2
Max(Py,Pn)=1/2

» H(Temperature)=(2/3+1/2)/2=7/12=0.58

For attribute: Humidity(Threshold value is 76)

» For Humidity>76

iv.
V.

Vi.

Total no. Of instances=8

No. Of yes's=3

No. of no’s=5

Occurrence Probability of No. of yes’s Py=3/8
Occurrence Probability of No. of no’s Pn=5/8

Max(Py,Pn)=5/8

» For Humidity<=76

iv.

V.

Vi.

Total no. Of instances=12

No. Of yes's=6

No. of no’s=6

Occurrence Probability of No. of yes’s Py=6/12=1/2
Occurrence Probability of No. of no’s Pn=6/12=1/2
Max(Py,Pn)=1/2

> H(Humidity)=(5/8+1/2)/2=9/16=0.56

For attribute: Windy
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» For Windy=true
i.  Total no. Of instances=13
ii.  No. Of yes's=6
iii.  No. of no’'s=7
iv.  Occurrence Probability of No. of yes’'s Py=6/13
v.  Occurrence Probability of No. of no’s Pn=7/13
vi. Max(Py,Pn)=7/13
» For Windy=false
i.  Total no. Of instances=7
ii.  No. Of yes's=3
ii.  No. of no's=4
iv.  Occurrence Probability of No. of yes’'s Py=3/7
v.  Occurrence Probability of No. of no’s Pn=4/7
vi.  Max(Py,Pn)=4/7
> H(Windy)=(7/13+4/7)/2=101/182=0.554

Step 2. Then we will select that attribute for which HetigsFunction value is maximum.
Clearly it is maximum fooutlook attribute.

Step 3. Then on the basis of that attribute we will divitie given training set in to subsets and
move to another level of tree.

Table 9- Subset outlook="sunny” (Produced from Tabé 8)

view2
attribute|outlook [temperature [humidity jwindy decision|
1/Sunny 35 75(false |no
10/Sunny 27 75|false |no
11|Sunny 25 76|true |no
14|Sunny 25 71|true |yes
15|Sunny 26 64|true |yes
2|Sunny 32 80(true |no
3|Sunny 33 95(true |no
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Table 10- Subset outlook="overcast” (Produced fronTable 8)

viewll
attribute| outlook [temperature [humidity windy|decision
16 |overcast 26 75|true |yes
17 |overcast 28 80(true |yes
18 overcast 30 63|false |yes
20 |overcast 30 72|true |yes
4|overcast 29 94 false |yes
5|overcast 34 94 |true |yes

Table 11- Subset outlook="rain” (Produced from Tabk 8)

viewl2
attribute joutlook|temperature [humidity|windy|decision
12|Rain 26 58|false |no
13|Rain 28 65true |no
19|Rain 24 92(true |no
6|Rain 26 88(false |no
7|rain 27 79(true |no
8|rain 36 66 false |yes
9/rain 33 60true |no

Step 4. Then we will repeat the same steps on each subdetpply the algorithm recursively

In this way the final tree generated looks like

-
=
A=73 >\x§:

Figure 12-Decision Tree Generated on applying Algathm 1 on Weather Training data
54



3.1.1.3 Comparison with C4.5 Algorithm-To prove bder Time Complexity

This heuristic function is a simplified form of tie@e used by C4.5. From the Table-12 it is clear
that the no of calculations performed in this h&tizifunction are less as compare to the entropy
calculations performed in C4.5 algorithm. So theaetion time is less and the output decision

tree is more or less similar to the one generaye@4A5 classifier in terms of either structure or

prediction accuracy or both. We will be using fexamples below to illustrate our point.

Table 12- Comparison of no. of calculation/operatios performed in C4.5 algorithm and algorithm 1

Heuristic No. of Time

. No. of additions o No. of Divisions | Complexity in

Functions Multiplications . :
Big O notation

C4.5 Heuristic (c-1)+u(c-1)+(u-

+uc+ +u+uc+1 *n*
Function 1) c+uc+u c+u+uc O(u*n*c)
Algorithm 1
Heuristic (u-1) 0 0 O(u*n*c)
Function

Note:*c is the no. of categories/classes of the decigitibute, u is the no. of unique values of
an attribute V and n is the no. of instances inttaiming set. The figures shown in table 1 are for
calculating the value of heuristic function for arficular attribute V. Ignore the calculations of
occurrence probability of each attribute values.

3.1.2 A More Realistic Heuristic Function that lead to better
prediction accuracy (Algorithm 2)

Few Important points of this Heuristic Function

» Rather than finding out the attribute that bringscloser to the classification, here we
emphasize on measuring the importance of an atéribudecision making. This heuristic
function calculates how much important that attiéig in decision making.

* Unlike C4.5 this Heuristic Function is not based thie assumption that a smaller
decision tree is a better decision tree in termprefliction accuracy. It is based on the
fact that a decision tree with realistic attribuéshe top is a much better tree in terms of
prediction accuracy.

» Sometimes an attribute individually is not that muamportant in decision making but
when combined with other attributes becomes importa decision making. Unlike
C4.5, this Heuristic function takes all the combioias of attributes while measuring the
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importance of an attribute in decision making. Na&ue of Information gain ratio
(Heuristic function of C4.5) computed for any dttrie depends only that attribute and
the decision attribute. But in this case since k#arfunction is taking in to account all
the combinations of attributes while measuring ithportance of attribute in decision
making, so the value depends upon the other atisbas well. This nature of Heuristic
function results in more Real Decision Tree andgtires more accurate and reasonable
results.

3.1.2.1 Algorithm Explanation (with flow chart)

Steps 2 and 4 of the above C4.5 algorithm are nead#énd the other steps remain the same.
Step 2. Heuristic function is given as:

H(attribute)=> (No of unique values of that attribute for thatideon value )/(Total no

(For each decision value) of unique values )

2

(For each combination of attributes other than cuent attribute)
>(( No of unique combination of values coverbg the current attribute and the

(For each decision value) given combination for that decision
value)/(Total no. Of unique combinations of valjes

Note: If attribute domain consists of range rather thaigue values, then heuristic functions is
modified. We will divide the range in to some fixad of ranges and we will be calculating the
no of ranges rather than no of unique values.

Step 4. Select an attribute for which the value of heusiftinction is minimum.
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Flow chart for heuristic function used in this aigfam is given as.

W

Select attribute

Heuristic function 2

H(attribute)=3(No of unique values of that attribute for that decision value)/(Total no of
(For each decision value) unique values )+

)3

(For each combination of attributes other the current attribute)

5(( No of unique combination of values covered by the current attribute
(For each decision value) and the given combination for that
decision value)/(Total no. Of unique combinations of values))

Heuristic fun{V)=minimum of above

calculated values
|

Return the attribute

Yes S -
with minimum value A exit

of heuristic function
Figure 13-Flow Chart for a Heuristic Function Usel in Algorithm 2

No Is it last

attribute

3.1.2.2 Example-A case study (To explain the Algahim)

We will use the same example/case study to expherabove algorithm which we used in case
of C4.5.

Table 13 below contains a data set of related atdis according to the weather conditions to
decide whether to go for play or not. There araltdtattributes outlook, temperature, humidity
and windy. These attributes decide the value ofstheattribute i.e. decision. Decision attribute
can take either of the 2 values “yes” which meamgag play and “No” which means don’t go
for play.

Make the sample data set as the training set novcanstruct a decision tree using an algorithm
given below.
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Table 13- UCI weather Data set- Example to explaiAlgorithm 2
play

attribute|outlook [temperature humidity|windy|decision
1|sunny 35 75|false |no
2|sunny 32 80jtrue [no
3|sunny 33 95itrue [no
4|overcast 29 94 |false |yes
5|overcast 34 94itrue |yes
6|rain 26 88|false |no
7 rain 27 79|true |no
8/rain 36 66|false |yes
9lrain 33 60|true [no
10 |sunny 27 75|false |no
11|sunny 25 76|true [no
12]rain 26 58false |no
} 13|rain | 28| 65 ‘true |no
14 |sunny 25 71jtrue |yes
15|sunny 26 64|true |yes
} 16 |overcast| 26 | 75 ‘true |yes
} 17 |overcast| 28 | 80 ‘true |yes
} 18 |overcast| 30 | 63 ‘false |yes
} 19|rain | 24| 92‘true |no
} 20 |overcast| 30 | 72 ‘true |yes

Step 1. Calculate the value of H(outlook)

» For Outlook
» Total no. Of Unique Outlook values in the trainse t=3
e For “no”
i.  No. Of unique Outlook values n=2
ii.  H(outlook)+=n/t=2/3
* For“yes”
i.  No. Of unique Outlook values n=3
ii.  H(outlook)+=n/t=3/3=1
» For (Outlook, Temperature)
* Total no. Of Unique (Outlook, Temperature) combimas in the training set t=17
* For “no”
i.  No. Of unique (Outlook, temperature) combinatiorg®
ii.  H(outlook)+=n/t=10/17
* For‘yes”
i.  No. Of unique (Outlook, temperature) combination8 n
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ii.  H(outlook)+=n/t=8/17
For(Outlook, Temperature, Humidity)
e Total no. Of Unique (Outlook, Temperature, Humijlitpombinations in the
training set t=20
* For “no”
i.  No. Of unique (Outlook, temperature, humidity) conabions n=11
ii.  H(outlook)+=n/t=11/20
* For “yes”
i.  No. Of unique (Outlook, temperature, humidity) conaltions n=9
ii.  H(outlook)+=n/t=9/20
For(Outlook, Temperature, Humidity, windy)
e Total no. Of Unique (Outlook, Temperature, Humijlitpombinations in the
training set t=20
* For “no”
i. ~ No. Of unique (Outlook, temperature, humidity, wyiphdombinations n=11
ii.  H(outlook)+=n/t=11/20
* For“yes”
i.  No. Of unique (Outlook, temperature, humidity, wyiphdombinations n=9
ii.  H(outlook)+=n/t=9/20
For(Outlook, Temperature, Windy)
* Total no. Of Unique (Outlook, Temperature, Windghtinations in the training
set t=18
* For “no”
i.  No. Of unique (Outlook, temperature, Windy) comlibimas n=10
ii.  H(outlook)+=n/t=10/18
* For“yes”
i.  No. Of unique (Outlook, temperature, Windy) comlibioas n=9
ii.  H(outlook)+=n/t=9/18
For (Outlook, Humidity)
* Total no. Of Unique (Outlook, Humidity) combinat®m the training set t=18
e For “no”
i.  No. Of unique (Outlook, Humidity) combinations n=10
ii.  H(outlook)+=n/t=10/18
* For “yes”
i.  No. Of unique (Outlook, Humidity) combinations n=8
ii.  H(outlook)+=n/t=8/18
For (Outlook, Humidity, windy)
* Total no. Of Unique (Outlook, Humidity, windy) cotnlations in the training set
t=19
e For “no”
i.  No. Of unique (Outlook, Humidity, windy) combinati® n=10
ii.  H(outlook)+=n/t=10/19
* For‘yes”
i.  No. Of unique (Outlook, Humidity, windy) combinati® n=9
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ii.  H(outlook)+=n/t=9/19
» For (Outlook, Windy)
» Total no. Of Unique (Outlook, windy) combinatiomsthe training set t=6
* For “no”
i.  No. Of unique (Outlook, Windy) combinations n=4
ii.  H(outlook)+=n/t=4/6=2/3
* For“yes”
i.  No. Of unique (Outlook, Windy) combinations n=4
ii.  H(outlook)+=n/t=4/6=2/3
> In this way the final value comes out toM@utlook)=9.11

Step 2. Similarly we will calculate the Heuristic Functiealue for the other attributes

H(Temperature)=8.497712
H(Humidity) =8.180555
H(Windy) =9.577778

Step 3. Then we will select that attribute for which Hetigg=unction value is minimum. Clearly
it is minimum forhumidity attribute.

Step 4. Then on the basis of that attribute we will divithe given training set in to subsets and
move to another level of tree.

Table 14- Subset humidity<=76 (Produced from Tabl&3)

view2
attribute| outlook [temperature |humidity |windy|decision

1|sunny 35 75(false |no
10|sunny 27 75(false |no
11|sunny 25 76(true |no
12|rain 26 58ifalse |no
13|rain 28 65|true |no
14 |sunny 25 71ftrue |yes
15|sunny 26 64itrue |yes
16|overcast 26 75|true |yes
18|overcast 30 63(false |yes
20|overcast 30 72itrue |yes

8|rain 36 66 |false |yes

9(rain 33 60jtrue |no
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Table 15- Subset humidity>76 (Produced from Table3)

viewl?7
attribute| outlook [temperature humidity|windy|decision
17 |overcast 28 80jtrue [yes
19|rain 24 92|true |[no
2|sunny 32 80|jtrue [no
3|sunny 33 95itrue [no
4|overcast 29 94 |false |yes
5|overcast 34 94|true |yes
6|rain 26 88|false |no
7|rain 27 79|true |no

Step 5. Then we will repeat the same steps on each subdetpply the algorithm recursively

!nny O!EICElSt\R

In this way the final tree generated looks like

76

"\3

Temperature
/‘/31 >\ 1
nny O e-ra:ast\ﬂ‘a
nny O ercast \Ri No)

14

Figure 14-Decision Tree Generated on applying Alga@hm 2 on Weather Training data.
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3.1.2.3Comparison with C4.5 Algorithm-To prove better Preliction accuracy

* This heuristic function gives more importance taligtic attributes like humidity
and temperature and thus is more real and give® mocurate and reasonable
results. Although it takes more time to build buégiction accuracy comes out to
be more than C4.5 algorithm. We will be using fexamples below to illustrate
our point.

» Unlike C4.5 this Heuristic Function is not basedtba assumption that a smaller
decision tree is a better decision tree in termgredliction accuracy. It is based on
the fact that a decision tree with realistic atités at the top is a much better tree
in terms of prediction accuracy.

* Sometimes an attribute individually is not that imumportant in decision making
but when combined with other attributes becomesomat in decision making.
Unlike C4.5, this Heuristic function takes all tbembinations of attributes while
measuring the importance of an attribute in denisioaking. The value of
Information gain ratio (Heuristic function of C4.8pmputed for any attribute
depends only that attribute and the decision aitieib But in this case since
Heuristic function is taking in to account all thbembinations of attributes while
measuring the importance of attribute in decisicakimg, so the value depends
upon the other attributes as well. This nature ed@itistic function results in more
Real Decision Tree and thus gives more accurate r@adonable results.
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4. CASE STUDIES AND RESULTS

| establish my claims by implementing the aboveoatgms on different case studies
(examples). The idea behind taking more than ose study (example) is to prove that the
algorithms not only work well for one type of dats but also for varied data sets.

» First case study is a simple example with smaki¢a det.
« 2"and & case studies are much more complex examples.

* The last case study is based on the real AIEEE cat&ining instances in the range of
thousands.

In this section | have tried to validate the pragbalgorithms by applying them on different case
studies. | have tried to prove that algorithmsamdy work well for simpler data sets but also for
complex data sets.

4.1 A case study on weather

4.1.1 Explanation

It's a very popular example used to compare differdassification algorithms. Best
thing about this example is its simplicity and ets@nderstand. Table 1 below contains a data
[1] set of related indicators according to the Wweatconditions to decide whether to go for play
or not. There are total 4 attributes outlook, terapge, humidity and windy. These attributes
decide the value of the 5th attribute i.e. decisiDacision attribute can take either of the two
values “yes” which means go for play and “No” whioteans don’t go for play. Make the
sample data set [4] (UCI Data Set) as the trais@gnow and construct a decision tree using
algorithms given above. It is a test of the all dfve algorithms on a smaller data set. A test on
a larger and more complex data set is done usimgr afase studies which are explained in the
subsequent sections.

Table 16- UCI Weather data set (A case study-To cgmare performance of algorithms)
play

attribute| outlook temperaturelhumidity windy|decision
1|sunny 35‘ 75(false |no
2|sunny 32 80(true |no
3|sunny 33 95[true |no




play
attribute| outlook [temperature|humidity|windy|decision
4|overcast 29 94 false |yes
5|overcast 34 94 true |yes
6[Rain 26 88|false |no
7|Rain 27 79]true |no
8|Rain 36 66 [false |yes
9|Rain 33 60(true |no
10(sunny 27 75(false |no
11|sunny 25 76|true |no
12|Rain 26 58 false |no
13|Rain 28 65(true |no
14 |sunny 25 71jtrue |yes
15(sunny 26 64true |yes
16 |overcast 26 75|true |yes
17 |overcast 28 80([true |yes
18 |overcast 30 63 |false |yes
19|Rain 24 92jtrue |no
20|Overcast 30 72|true |yes

4.1.2Application of Algorithms on the case study
4.1.2.1Running C4.5 Algorithm on the Training Data

Decision Tree Generated looks like
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Figure 15-Decision Tree Generated on applying C4 Algorithm on weather training data
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Algorithm Statistics:

Time to build: 1235 mille seconds

Prediction accuracy on training Set: 100%
Prediction accuracy on Supplied Set: 72%
Prediction accuracy (Stratified Cross Validation):
Fold1: 50%

Fold2: 80%

Average: 65%

Note: These statistics have been generated by implémgettte algorithm using JAVA and
without using any data mining tool like WEKA. Snhpss (outputs) of implementation are
shown in the subsequent sections.

4.1.2.2 Running Algorithm 1 on the Training Data

Decision Tree Generated looks like

Sﬁnny Oy erc}ﬁdn\\
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= Yy
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Figure 16-Decision Tree Generated on applying Algithm 1 on weather training data
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Algorithm Statistics:

Time to build: 968 mille seconds

Prediction accuracy on training Set: 100%

Prediction accuracy on Supplied Set: 72%

Prediction accuracy (Stratified Cross Validation):

Fold1: 50%

Fold2: 80%

Average: 65%

Note: These statistics have been generated by ingpieng the algorithm using JAVA and

without using any data mining tool like WEKA. Snhpss (outputs) of implementation are
shown in the subsequent sections.

4.1.2.3 Running Algorithm 2 on the Training Data

Decision Tree Generated looks like

Overcast \RQ'E

\ .,

5
m Temperature \

a¢31
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Flgure 17-Decision Tree Generated on applying Algithm 2 on weather training data
66



Algorithm Statistics:

Time to build: 2688 mille seconds

Prediction accuracy on training Set: 100%
Prediction accuracy on Supplied Set: 79%
Prediction accuracy (Stratified Cross Validation):
Fold1: 70%

Fold2: 80%

Average: 75%

Note: These statistics have been generated by implémgetite algorithm using JAVA and
without using any data mining tool like WEKA. Snhpts (outputs) of implementation are
shown in the subsequent sections.

4.1.3 Analysis and Comparison of Results (With Snaghots)

If we compare C4.5 and algorithml, it is cleamirthe table -17 that the decision tree
generated by both the algorithms are very muchs#imee in terms of structure as well as the
prediction accuracy (on training set, supplied seftified cross-validation) but there is a big
difference in time taken to generate the tree.Atgorl takes lesser time than C4.5 to generate
the decision tree. So Algorithm1l is better than5Cih. term of time taken to build the tree.

If we compare C4.5 and algorithm2, the decisiee tstructure is different. Algorithm 2
gives more importance to realistic attributes likenidity and temperature than outlook and thus
is more real and gives more accurate and reasonasléts. If we compare the statistics C4.5
and algorithm2 given in table-17, it is clear ttiag algorithm?2 has better prediction accuracy (on

training set, supplied set and stratified crosgladibon) as compare to C4.5.
Table-17-Comparing build time and prediction accuray (Weather Case study)

- - Prediction
Build Time Prediction Prediction agcuracy (Cross-
; accuracy accuracy Validation Using
(in ms) (Training Set) (Supplied Set) 2 folds)
C4.5 1235 100% 72% 65%
Algol 968 100% 72% 65%
Algo2 2688 100% 79% 75%
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These statistics have been generated by implengetiten algorithms using JAVA and without
using any data mining tool like WEKA. Snapshotstpois) of implementation are shown as

Snapshot-Time to build the tree

4]

Comparing The Performance Of Algorithms- With An Example Case Study of Weather

Run J48 Algorithm

Run Algarithm?

attribute outlook sunny
attribute temperature==30
atttibute temperatura==26
attribute temperature==24
attribute humidity==73
{ires)
attribute humidity=73
{ho]
attribute temperature=29
{yes)
attribute temperature=26
(o
attribute temperature=30
(noy
attribute outlook avercast
{yeg)
attribute outlookrain
attribute temperature==30
(noy
attribute temperature=30
attribute temperature==134
(i
attribute temperature=34
fyes)

Algorithm Takes 1235 milli seconds

attribute outlook:sunny
attribute humidity==74
attribute humidity==70
fires)
attriute humidity=70
attribute humidity==T3
{y2g)
attribute humidity=T73
(o
attribute humidity=79
(o}
aftribute outlookavercast
fyes)
attribute outlook rain
attribute temperature==30
iy
attribute temperature=30
attribute temperature==34
(noy
attribute temperature=34
(s

Algorithm Takes 988 milli seconds

attribute humidity==7&
attribute humidity==67
attribute humidity==62
{no)
attribute humidity=62
attribute temperature==31
attribute outlook:sunny
yes)
atiribute outlook; avercast
{yes)
attribute outlook rain
(i
attribute temperature=31
{yes)
attribute humidity=G7
attribute humidity==73
fyas) Check Prediction Accuracy
attribute humidity=73
attribute outlook sunny
{no)
aftribute outlook avercast
{es)
attribute outlookrain
attribute humidity=76
attribute outlonk:sunmy
(noj
attribute outlook overcast
(s
attribute outlonkrain
(o}

Algorithm Takes 2688 milli seconds

Algorithm with almost same Output
but better performance than J48

Algorthim gives more importance
to realistic attributes like
Humidity and Temperature than
Oulook andthus is more real

and gives more accurate and
reasonable results

iﬂ ABSTRAC., | i:] research ..

| J data minm,.. | @research

G Javadppl...

| JJavaAppI| | [f Migtosaft .,

Figure 18-Snapshot- comparing the execut|on time @lgorithms-with an example/case study of weather

In the above snapshot there are three buttons F8nAlgorithm”, “Run Algorithm 1", “Run

Algorithm2” and underneath each button there iseatTArea. When we click on button “Run
J48 Algorithm”, J48 Tree is displayed in the cop@sding Text Area and the time to generate
the decision tree is also displayed. Similarly wives click on button “Run Algorithm 17, a



decision tree is displayed in the correspondingt Pera and the time to generate the decision
tree is also displayed. In the same way when we ci button “Run Algorithm 1”, a decision
tree is displayed in the corresponding Text Ared thie time to generate the decision tree is also

displayed.

Snapshot-Prediction accuracy (On Training Set, On &plied Set, Using CROSS
VALIDATION-2 FOLD)

E BEX

J48

Check Prediction Accuracies

ALGO 1

Generating algorithm statis.....
Prediction accuracy on training set: 100.0

Prediction accuracy on supplied set: 71.428

Prediction accuracy [crossvalidation):
fold1: 50.0

Generating algorithrm statis.....
Prediction accuracy on training set 1000

Prediction accuracy on supplied set 71 4285

Prediction accuracy (crossvalidation):
fold1:50.0

Generating algorithrm statis.....
Prediction accuracy on training set 100.0

Prediction accuracy on supplied set 78.5714:

Prediction accuracy (crossvalidation):
fold1:70.0

fold2: 80.0 fold2: §0.0 fold2: §0.0
Overall: 65.0 Overall: 5.0 Overall: 75.0
£ b £ | [ £ b

M @Javanpphcation... | (£ Javadpplicationz !: [E‘, Miceosoft Aoces.,, I |Iiﬂresearch SMAps. !: || g @ﬂ@ Si22 PM
Figure 19- Snapshot-Comparing the prediction accuraes of algorithms-with an example/case study of
weather

In the above snapshot, there are three button8}),*JALGO1”, “ALGO2” and underneath each

button there is a Text Area. When we click on hutt8”, its Prediction accuracy(On Training

set, supplied set, 2- fold cross-validation) aspldiyed in the corresponding Text area. Similarly

when we click on button “ALGO1”, its Prediction aracy(On Training set, supplied set, 2- fold
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cross-validation) are displayed in the correspogdiext area. In the same way when we click
on button "ALGOZ2", its Prediction accuracy(On Traig set, supplied set, 2- fold cross-
validation) are displayed in the corresponding Teeei.

4.2 Predicting and Analyzing Student's behavior irEducation using
Decision Tree Algorithm (Counseling Help)

4.2.1 Explanation

We did research on how data mining can be usedunation. Here we are calculating student’s
satisfaction level for a particular engineeringriofa i.e. offered to him to find out whether the
branch suits him or not. We collected the dataughoa survey, conducted on 100 students of
Delhi technological university. Using this data wedculate the satisfaction level. We take the
student attributes and combine them with brandtibates to find out the satisfaction level of
student for that branch. Student attributes anddirattributes are as follows

Student Attributes
» Students Perspective (further studies/placements)
» Family Pressure (1 to 5)
* Marks (Physics) (1 to 100)
* Marks (Chemistry) (1 to 100)
* Marks (Math’s) (1 to 100)
» Favorite Subject (physics, chemistry, math'’s, kyglacomputers)
» Family Background (graduate, post graduate, natugee)
» Father Profession (technical, non-technical, bissipe
» Worker (hard worker, effective worker)
* Creativity (1 to 5)
» Satisfaction Level (1 to 10)
Branch Attributes
* Branch Name (cs, it, ece, me, ce, ps, bt)

» Future Scope (1to 5)
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* Placement (1 to 5)

* Work Pressure (1 to 5)

» Branch Type (core, subsidiary, hybrid)
* Further Study Scope (1 to 5)

» Syllabus(ancient, old, new)

» Work Type (practical, theory, mixed)

* Faculty & Facility( 1 to 5)

Familiarity (1 to 5)

This one forms more complex example with larger efoparameters and larger data set. This
complex training set formed by conducting the syrme Delhi technological university

4.2.2 Application of Algorithms on the case study

4.2.2.1 Running C4.5 Algorithm on the Training Data
Decision Tree Generated is shown in section 1 gfefglix A.
Algorithm Statistics:

Time to build: 206406 mille seconds

Prediction accuracy (Stratified Cross-ValidatiomgslO folds):
Fold1: 30%

Fold2: 10%

Fold3: 10%

Fold4: 30%

Fold5: 0%

Fold6: 20%

Fold7: 40%

Fold8: 20%
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Fold9: 30%
Fold10: 0%
Average: 20%

Note: These statistics have been generated by implémgetite algorithm using JAVA and
without using any data mining tool like WEKA. Snhpts (outputs) of implementation are
shown in the subsequent sections.

4.2.2.2 Running Algorithm 1 on the Training Data
Decision Tree Generated is shown in section 2 gfefglix A.
Algorithm Statistics:

Time to build: 77922 mille seconds

Prediction accuracy (Stratified Cross-ValidatiomgslO folds):
Fold1: 30%

Fold2: 20%

Fold3: 10%

Fold4: 40%

Fold5: 10%

Fold6: 40%

Fold7: 10%

Fold8: 20%

Fold9: 30%

Fold10: 0%

Average: 21%

Note: These statistics have been generated by implémgetite algorithm using JAVA and
without using any data mining tool like WEKA. Snhpts (outputs) of implementation are
shown in the subsequent sections.

4.2.2.3 Running Algorithm 2 on the Training Data
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Decision Tree Generated is shown in section 3 gfeflix A.
Algorithm Statistics:

Time to build: 415453 mille seconds

Prediction accuracy (Stratified Cross-ValidatiomgslO folds):
Fold1: 30%

Fold2: 30%

Fold3: 20%

Fold4: 30%

Fold5: 20%

Fold6: 30%

Fold7: 40%

Fold8: 0%

Fold9: 30%

Fold10: 25%

Average: 26%

Note: These statistics have been generated by implémgettte algorithm using JAVA and
without using any data mining tool like WEKA. Snhpts (outputs) of implementation are
shown in the next section.

4.2.3 Analysis and Comparison of Results (With Snaghots)

If we compare C4.5 and algorithml, it is clear fraable-18 that the decision tree
generated by both the algorithms are same in tefnmediction accuracy (through stratified
cross-validation using 10 folds) but there is a Hifference in time taken to generate the
tree.Algorithml takes lesser time than C4.5 to gaeehe decision tree. So Algorithm1l is better
than C4.5 in term of time taken to build the tree.

If we compare C4.5 and algorithm2, the decisioa steucture is different .Algorithm 2 gives
more importance to realistic attributes like mairksubjects ( like math’s, physics, chemistry),
branch name , family pressure etc and thus is mezdeand gives more accurate and reasonable
results. If we compare the statistics of C4.5 dgdrghm?2 given in table-18, it is clear that the
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algorithm2 has better prediction accuracy (throsghtified cross-validation using 10 folds) as
compare to C4.5.

Table-18-Comparing build time and prediction accuray (Counseling system)

. Prediction accuracy(Cross-
Build Time Validation Using 10 folds)

C4.5 88203 msec 20%

Algorithm 1 42344 msec 20%

Algorithm 2 133734 msec 26%

These statistics have been generated by implengetiten algorithms using JAVA and without
using any data mining tool like WEKA. Snapshotstpois) of implementation are shown as

Snapshot-Time to build the tree

[&]

Comparing The Performance Of Algorithms- With An Example Case Study|conseling systemj
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FEECEERREEEEEEEEEETEEEET L ErT ] sy LT | attribute physics==82 LEELLTEEEEETEELTT | attribute family
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FECREEEREE PR T T ey s T | attribute physice=82 LELEEETEEETETTEE ] attribute family
FEEREEEREEREEETEETEETL ]| sttribute @ TEEETEETET T attribute perspectivet FELEREEEEEEREEETLE] | egd
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[N RN RN AR AN RN RN R ] TEEETEETETTL] ] attribute maths== LELLETTEEETELT] attribute famibybac
[LEETEENTT ] attribute placement:d TEEPREETERIEERID L 62 LLLLEEEEEEEETLEN D] attribute persp
(ERRRARRARRARRR ) TECETEETETTTT ] attribute maths=9 (ARRNARRNARARNNAR AR

[TETTTTT ] attribute type_workt TEEREEETETTEENTLT ] attribute physic LELLETTEEETTTLET ] attribute persp
[NARRRARARRARG TEEPTEETERTEEETEETET i) (RN RN AR RN

|11 attribute scope:s PELELLETLLEELELT] | sttribute physic VELEELEET L] stiribute Tarribbac
[RARRRR (NN R RN AR RN AR RRR N AR (RRRN AR RN RRAR RN AR )]

Algatithrn Takes 206406 milll secon|w Algorithin Takes 77922 milll secor|w| Algotithm Takes 415453 milll secc|v
Fa| [ (<] 1l > < >

RN Algorithm3

Run J48 Algorithm Run Algorithm1

Algorithm with almost Algorthim gives more

same Output but better importance to realistic

perfermance than J48 attributes thus is more real
and gives more accurate
and reasonable results

Check Prediction Accuracy

M = = T = e | | @i | e | e,
Figure 20- Snapshot Comparlng the execution time cﬁlgorlthms-wnh an example/case study (counselmg
system)
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In the above snapshot there are three buttons F8nAlgorithm”, “Run Algorithm 17, “Run
Algorithm2” and above each button there is a Textad When we click on button “Run J48
Algorithm”, J48 Tree is displayed in the correspogdText Area and the time to generate the
decision tree is also displayed. Similarly whenahek on button “Run Algorithm 1”, a decision
tree is displayed in the corresponding Text Ared thie time to generate the decision tree is also
displayed. In the same way when we click on buti@an Algorithm 1", a decision tree is
displayed in the corresponding Text Area and theetto generate the decision tree is also
displayed.

Snapshot-Prediction accuracy (CROSS VALIDATION-10 FOLD)
B BEX)

Check Prediction Accuracies

J43 ALGO 1

Prediction accuracy (crossvalidation):
fold1: 30.000002

Prediction accuracy {crossvalidation):
fold1: 30000002

Prediction accuracy (crossvalidation):
fold1: 30.000002

fald2: 10.0 fold2: 20.0 fold2: 30.000002
fald3: 10.0 fold3: 10.0 fold3: 20.0

fold4: 30.000002 fold4: 40.0 fold4: 30.000002
falda; 0.0 folds: 10.0 folds: 20.0

fald@: 20.0 foldi: 40.0 fold6: 30.000002
fold7: 40.0 fold7: 10.0 fold7; 40.0

fold@: 20.0 foldg: 20.0 foldg: 0.0

faldd: 30.000002 foldd: 30.000002 foldd: 30.000002
fald10: 0.0 fold10:0.0 fold10:25.0
Overall: 19.0 Cverall: 21.0 Overall: 26.5

M | gjavaﬂpplication..‘ | ) Javadpplication2 ’! [f: Mictosoft Acces, ., !‘ 1253 data minning res, . | II\ﬁﬂresearch snapshy .= & % i1z PM

Figure 21- Snapshot-Comparing the prediction accuraies of algorithms-with a xample/csé study

(counseling system)
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In the above snapshot, there are three button8}),*JALGO1”, “ALGO2” and underneath each
button there is a Text Area. When we click on buttd48”, its Prediction accuracies (10- fold
cross-validation) are displayed in the correspogdiext area. Similarly when we click on
button “ALGO1”, its Prediction accuracies (10- fotmoss-validation) are displayed in the
corresponding Text area. In the same way when w& oh button “ALGO2”, its Prediction
accuracies (10- fold cross-validation) are dispthiyethe corresponding Text area.

4.3 Predicting the level of students and monitoring their
performance using Decision Tree Algorithm (GradingSystem)

4.3.1 Explanation

This particular case study is developed by us. W doing research on this case study

separately. Here we are computing the grade afidest in a class for a particular subject. The

system actually combines student attributes angesuhttributes and based on the historical

data, grade of the student for a particular subgecalculated. The system predicts the grade of a
student by constructing a decision tree on thaitrgiset through J48 Classifier. The grade can
be A,B, C or D. The attributes used for decisiorkimg are

Student Attributes
1. Branch Name(cs, it)
2. Mid-Term Marks(out of 30) in this subject
3. Participation in tec. Events related to this sutfjeto 5)
4. Interaction with subject teacher(1 to 5)
5. Library Visit for this subject(1 to 5)
6. Tutorials attend (1 to 5)
7. Lectures attend (1 to 5)
8. Labs attend (1 to 5)
9. Understanding of theory(rate 1 to 5)
10. Understanding of practical(rate 1 to 5)
11. Creativity and effectiveness for this subject (5}o

12.Grade (A,B,C,D)
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Subject Attributes

1.

W

o

6.

7.

Subject Name(dbms, data structures, software eamputer n/w, operating system )
Subject scope (placement wise)(1 to 5)

Subject scope (Further studies wise)(1to 5)

Subject type(core/noncore)

Work type(theory/practical/mixed)

Faculty(1 to 5)

Familiarity(1 to 5)

This one forms more complex example with larger afoparameters and larger data set.
This complex training set formed by conducting sbievey on Delhi technological university

4.3.2 Application of Algorithms on the case study

4.3.2.1 Running C4.5 Algorithm on the Training Data

Decision Tree Generated is shown in section 1 gfefglix B.

Algorithm Statistics:

Time to build: 66172 mille seconds

Prediction accuracy (Stratified Cross-ValidatiomgslO folds):

Fold1: 50%

Fold2: 50%

Fold3: 58.33%

Fold4: 50%

Fold5: 16.66%

Fold6: 41.66%

Fold7: 41.66%

Fold8: 58.33%

Fold9: 66.64%
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Fold10: 70.58%
Average: 51%

Note: These statistics have been generated by implémgettte algorithm using JAVA and
without using any data mining tool like WEKA. Snhpts (outputs) of implementation are
shown in the subsequent sections.

4.3.2.2 Running Algorithm 1 on the Training Data
Decision Tree Generated is shown in section 2 gfefglix B.
Algorithm Statistics:

Time to build: 43203 mille seconds

Prediction accuracy (Stratified Cross-ValidatiomgslO folds):
Foldl: 75%

Fold2: 58%

Fold3: 41.66%

Fold4: 66.66%

Fold5: 33.33%

Fold6: 58.33%

Fold7: 33.33%

Fold8: 41.66%

Fold9: 75%

Fold10: 70%

Average: 55%

Note: These statistics have been generated by implémgetite algorithms using JAVA and
without using any data mining tool like WEKA. Snhpts (outputs) of implementation are
shown in the subsequent sections.

4.3.2.3 Running Algorithm 2 on the Training Data

Decision Tree Generated is shown in section 3 gfefglix B.
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Algorithm Statistics:

Time to build: 115297 mille seconds
Prediction accuracy (Stratified Cross-ValidatiomgslO folds):
Fold1: 50%

Fold2: 41%

Fold3: 50%

Fold4: 75%

Fold5: 50%

Fold6: 50%

Fold7: 75%

Fold8: 75%

Fold9: 75%

Fold10: 70%

Average: 62%

Note: These statistics have been generated by implémgettte algorithm using JAVA and
without using any data mining tool like WEKA. Snhpts (outputs) of implementation are
shown in the next section.

4.3.3 Analysis and Comparison of Results (With Snaghots)

If we compare C4.5 and algorithml, it is clear fraable-19 that the decision tree
generated by both the algorithms are same in tefhgediction accuracy (through stratified
cross-validation using 10 folds) but there is a Hifference in time taken to generate the
tree.Algorithml takes lesser time than C4.5 to gaeehe decision tree. So Algorithm1l is better
than C4.5 in term of time taken to build the tree.

If we compare C4.5 and algorithm2, the decisioa steucture is different .Algorithm 2 gives
more importance to realistic attributes like midtemarks, subject name, branch name etc and
thus is more real and gives more accurate and mabkoresults. If we compare the statistics
C4.5 and algorithm2 given in table-19, it is clehat the algorithm2 has better prediction
accuracy (through stratified cross-validation usi@golds) as compare to C4.5.
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Table-19-Comparing build time and prediction accuray (Grading system)

Prediction accuracy(Cross-

Build Time Validation Using 10 folds)
C4.5 66172 msec 51%
Algorithm 1 43203 msec 55%
Algorithm 2 1115297 msec 62%

These statistics have been generated by implengetiien algorithms using JAVA and without
using any data mining tool like WEKA. Snapshotstpois) of implementation are shown as

Snapshot-Time to build the tree

Comparing The Performance Of Algorithms- With An Example Case Study|grading system)

REX|

FIPEEERTTTTD Gk ) [T attribute sname:s ) FELEETEEEEEETTTE ] ey e
[T attribute bname:cs PETTETEL [LTEETEETT L] attribute sharmedc
FITECEETTTT ] attribute b _wisit:1 [ 1111 attribute shame:ds FEPLEPEEEREEETT T €y
(AR RNRRAREARRE ()] [T attribute bname:it [T attribute interaction: 3
[EELTET] L] attribute lib_visit:2 PLETELELELT € [TEETTET] ] attribute shame:d
FECCETEEEETTTLD €0 o IITELTT T attribute bname:es [ANRARANARR R t]
[ITEETTTTTT] attribuote lib_visit:3 PITETTLLTT T G2) TTTELTTT ] attribute sname:s
FECETEETTTTELD €2 [ TT11] attribute snarme:os [ TEETEETTTTT )
[TEEELETET ] attribute Nib_wisit:4 [T attribute bname:it LTI ] attribute sname:ds
FIPECERRTETTELT €l [RAAANNRRRRREC)] [ERRRRAARRAARRRRC)]
[TEEETELET ] attribute lib_visit5 [T attribute bname:es LI atttibute sname:os
FITEFEELTTTLN T €2 FIEEEEEELTT €2 EPEETEEEEEEETT €2
111111 attribute padicipation: 5 [1111] attribute shame:cn LI ] attribute sname:cn
RG] IEELTTELT [ LTEELTELTTET )
Algorithm Takes 66172 milli second Algorithm Takes 43203 milli secor Algorithm Takes 119297 milli SBLl—

vl ™ vl
< [ < [2] < [E

Run J48 Algorithm Run Algorithim1
Algorithm with almost Algorthim gives more
same Output but better importance to realistic
e performance than J48 attributes thus is more real
Check Prediction Accuracy and gives more accurate
and reasenable results
[ Ea |20 | B [ @0 | G | Ble. [ Eipa [REE [ @oi [ liTEcul = @g@ 10:04 PM

F|gure 22- Snapshot Comparlng the executlon time oilgorlthms -with an example/case study (grading
system)
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In the above snapshot there are three buttons F8nAlgorithm”, “Run Algorithm 1", “Run
Algorithm2” and above each button there is a Textad When we click on button “Run J48
Algorithm”, J48 Tree is displayed in the correspogdText Area and the time to generate the
decision tree is also displayed. Similarly whenahek on button “Run Algorithm 1”, a decision
tree is displayed in the corresponding Text Ared thie time to generate the decision tree is also
displayed. In the same way when we click on buti@an Algorithm 1", a decision tree is
displayed in the corresponding Text Area and theetto generate the decision tree is also
displayed.

Snapshot-Prediction accuracy (CROSS VALIDATION-10 FOLD)

[=]

Check Prediction Accuracies

J48 ALGO 1
Prediction accuracy {crosswyalidation): Prediction accuracy {crosswalidation): Prediction accuracy (crossvalidation):
fold1: 500 fold1: 75.0 fold1:50.0
fold2: 0.0 fold2: 58.333332 fold2: 41 666664
fold3: 58333332 Told3: 41 6EBEEE4 fold3: 50.0
fold4: 50.0 fold4: 66 66667 fold4: 75.0
foldS: 16 666668 fold5: 33.333338 foldS: 50.0
foldB: 41 BEBEES foldB: 58.333332 fold6: 50.0
fold?: 41 BEGEES fold?: 33.333338 fold7: 75.0
foldB: 58 333332 foldB: 41 GEBEEE4 fold8: 75.0
foldd: 66 66667 fold3: 75.0 fold3: 75.0
fold10: 70588234 fold10: 70.588234 fold10: 70.588234
Owerall: 50.392155 Cwerall: 55.39216 Cwerall: 61.225487

M O JavaspplicationZ - Me, .. ' (=) Javaspplicationz ' [32 Microsoft Access - sk, 5‘5‘)_ | @ research snapshoks.d,.. | c:g Bi29 PM
Figure 23- Snapshot-Comparing the prediction accuraies of algorithms-with an example/case study (gréaug
system)

In the above snapshot, there are three button8},*JALGO1", “ALGO2” and underneath each
button there is a Text Area. When we click on butt®48”, its Prediction accuracies (10- fold
cross-validation) are displayed in the correspogdiext area. Similarly when we click on
button “ALGO1”, its Prediction accuracies (10- fotmoss-validation) are displayed in the
corresponding Text area. In the same way when w& oh button “ALGO2”, its Prediction
accuracies (10-fold cross-validation) are displaiyetthe corresponding Text area.
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4.4 Predicting the eligibility of students regardiy AIEEE
Counseling (Based on Real AIEEE data)

4.4.1 Explanation

The sole purpose of this case study is to tegptbposed algorithms. This case study is based on
real AIEEE data. Here we are predicting studenigilality to attend AIEEE counselling i.e.
whether student is eligible to attend AIEEE Coulnsglor not. The Decision regarding student’s
eligibility is estimated based on the followingratites.

* Course(BTECH/BARCH)

» Category(SC/ST/OBC/GEN/PH)

» Birth_year (86 to 90)

* Gender(M/F)

* Marks in Test(1 to 250)

* All India Rank (1 to 3 lakh)

» State Rank(1 to 20k)

» Decision(ELIGIBLE/ NOT ELIGIBLE/ ELIGIBLE-CATEGORYSPECIFIC)
The above attributes are extracted from Real AlHEEa which | got from NIC (National
Informatics centre). The Data set is very large gem containing data in the range of
thousands.

4.4.2 Application of Algorithms on the case study

4.4.2.1 Running C4.5 Algorithm on the Training Data
Decision Tree Generated is shown in section 1 gfefglix C.
Algorithm Statistics:

Time to build: 30172 mille seconds

Prediction accuracy (Stratified Cross-ValidatiomgslO folds):
Fold1: 99%

Fold2: 95%

Fold3: 97%

Fold4: 97%

Fold5: 90%

Fold6: 94%
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Fold7: 97%
Fold8: 99%
Fold9: 99%
Fold10: 100%
Average: 96.7%

Note: These statistics have been generated by implémgettte algorithm using JAVA and
without using any data mining tool like WEKA. Snhpts (outputs) of implementation are
shown in the subsequent sections.

4.4.2.2 Running Algorithm 1 on the Training Data
Decision Tree Generated is shown in section 2 gfefglix C.
Algorithm Statistics:

Time to build: 27578 mille seconds

Prediction accuracy (Stratified Cross-ValidatiomgslO folds):
Fold1: 100%

Fold2: 96%

Fold3: 97%

Fold4: 95%

Fold5: 98%

Fold6: 92%

Fold7: 98%

Fold8: 98%

Fold9: 98%

Fold10: 100%

Average: 97.2%
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Note: These statistics have been generated by implémgetite algorithm using JAVA and
without using any data mining tool like WEKA. Snhpts (outputs) of implementation are
shown in the subsequent sections.

4.4.2.3 Running Algorithm 2 on the Training Data
Decision Tree Generated is shown in section 3 gfeflix C.
Algorithm Statistics:

Time to build: 108484 mille seconds

Prediction accuracy (Stratified Cross-ValidatiomgslO folds):
Fold1: 98%

Fold2: 95%

Fold3: 98%

Fold4: 95%

Fold5: 98%

Fold6: 99%

Fold7: 98%

Fold8: 98%

Fold9: 100%

Fold10: 98.20%

Average: 97.8%

Note: These statistics have been generated by implémgettte algorithm using JAVA and
without using any data mining tool like WEKA. Snhpts (outputs) of implementation are
shown in the next section.

4.4.3 Analysis and Comparison of Results (With Snaghots)

If we compare C4.5 and algorithml, it is clear fraable-20 that the decision tree
generated by both the algorithms are same in tefngediction accuracy (through stratified
cross-validation using 10 folds) but there is a Hifference in time taken to generate the
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tree.Algorithml takes lesser time than C4.5 to gaeehe decision tree. So Algorithm1l is better
than C4.5 in term of time taken to build the tree.

If we compare C4.5 and algorithm2, the decisioa steucture is different .Algorithm 2 gives
more importance to realistic attributes like Altla Rank, marks in test and category and thus is
more real and gives more accurate and reasonahl#self we compare the statistics C4.5 and
algorithm2 given in table-20, it is clear that thkyorithm2 has better prediction accuracy
(through stratified cross-validation using 10 fglds compare to C4.5.

Table-20-Comparing build time and prediction accuray (AIEEE Counseling)

e | e e
C4.5 30172 msec 96.7%
Algorithm 1 27578 msec 97.2%
Algorithm 2 108484 msec 97.8%

These statistics have been generated by implenggtitnalgorithms using JAVA and without
using any data mining tool like WEKA. Snapshotstpois) of implementation are shown as

Snapshot-Time to build the tree

= e

Comparing The Performance Of Algorithms- With An Example Case Study({AIEEE Conselling)
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e performance than J48 attributes thus is more real
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1 i . | I=3 data minning re. | B research snaps. @__"_—.5, 355 PM
F|gure 24- Snapshot- Comparlng the execut|on tlme algorithms-with an example/case study (AIEEE
Counseling)
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In the above snapshot there are three buttons J8nAlgorithm”, “Run Algorithm 17, “Run
Algorithm2” and above each button there is a TertaA When we click on button “Run J48
Algorithm”, J48 Tree is displayed in the correspogdText Area and the time to generate the
decision tree is also displayed. Similarly whenahek on button “Run Algorithm 1”, a decision
tree is displayed in the corresponding Text Ared thie time to generate the decision tree is also
displayed. In the same way when we click on buttean Algorithm 17, a decision tree is
displayed in the corresponding Text Area and theetto generate the decision tree is also
displayed.

Snapshot-Prediction accuracy (CROSS VALIDATION-10 FOLD)

Check Prediction Accuracies

J43 ALGO1T
Prediction accuracy {crosswalidation): Prediction accuracy {crossvalidation): FPrediction accuracy (crossvalidation):
fold1: 98.0 fold1: 100.0 fold1: 98.0
fold2: 95.0 fold2: 96.0 foldz: 95.0
fold3: 97.0 fold3: 97.0 fold3: 98.0
fold4: 97.0 fold4: 95.0 fold4: 95.0
folds: 90.0 folda: 98.0 folds: 98.0
folda: 94.0 foldE: 92.0 folde: 99.0
fold?: 97.0 fold7: 98.0 fold7: 98.0
fold8: 99.0 foldd: 98.0 fold@: 98.0
foldd: 95.0 foldd: 98.0 foldd: 100.0
fold10:100.0 fold10:100.0 fold10: 98.20359
Owverall: 96.7 Owerall: 7.2 Cwerall: 97.72036

M Qosvane | Bresen | Sava | Eaest.. | Cpdate. [ sexme. [ Epocu | oo [ G Mieos. '(:(}% 12138 AM
| L) J :

Figure 25- Snapshot-Compéﬁng the prediction accureies of algorithms-with an example/case study (AIEE
Counseling)

In the above snapshot, there are three button8},*JALGO1", “ALGO2” and underneath each
button there is a Text Area. When we click on buttd48”, its Prediction accuracies (10- fold
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cross-validation) are displayed in the correspogdiext area. Similarly when we click on
button “ALGO1”, its Prediction accuracies (10- fotmoss-validation) are displayed in the
corresponding Text area. In the same way when w& oh button “ALGO2”, its Prediction

accuracies (10-fold cross-validation) are displayed the corresponding Text area.
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5. IMPLEMENTATION

5.1 Tools and software used

>

Java Platform Standard Edition 6 Development KRKJ): - JDK 6 provides a run time
environment and other utilities to develop, compaeecute and edit programs written in the
Java programming language. It can be downloaded @oacle Sun website.

NetBeans IDE 6.9.1: -NetBeans IDE(Integrated Dgwelent Environment) allows you to

develop Java SE, web, and Java EE enterprise appiis. The GUI Builder enables you to
visually design Java desktop (AWT and Swing) agpians. It includes special support for
GroupLayout and the Swing Application FrameworkRJ296). It provides the general

infrastructure for handling Java code in the IDBclldes features such as syntax
highlighting, error marking, code completion, cadenplates, refactoring, and other coding
productivity features. It can be downloaded freeadt from NetBeans website.

Microsoft Access: - Microsoft access has been weadake relations which act as training
data sets. It is a very light weight database anuiges all the basic database utilities .

5.2 Relations used

For each case study, one relation is used which ata training data for that case study/
example.

1. For Weather case study
The relation used is “weather” and the attributes a
ID
outlook
temperature
humidity
windy
decision

YVVVVYVY

2. For case study-counselling system
The relation used is “student_branch” and thelattes are
> ID
> perspective
» familypressure
> physics
» chem
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VVVVVVVVVVVVVVYVYVYY

maths

fav
familyback
fath_prof
worker
creative
branch
scope
placement
work_pressure
type
study_scope
syalbus
type_work
facility
familarity
satisfaction

3. For case study-Grading system

The relation used is “student_grade” and the aiteib are

VVVVVVVVVVVVVVVVVVYYY

ID

bname

shame

midterm_marks
participation

interaction

lib_visit

tutorials

lectures

labs
understanding_theory
understanding_practical
creativity_and_effectiveness
scope_placement
scope_furtherstudies
Subject_type
work_type

faculty

familiarity

grade

4. For case study-AlIEEE Counselling

The relation used is “AIEEE” and the attributes are

>
>

ID
course
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Gender
catagory
Birth_year
Marks
Al_Rank
ST _Rank
Decision

YVVVVVVY

There is one common relation “domain” which is usedn all the case studies. Its attributes

are

ID

Attribute name
Attribute type
Value 1

Value 2

Value 3

Value 4

Value 5

YVVVVYVYVVY

Note: if attribute is a discrete attribute and it hasydhunique values then fields “value 4” and
“value 5" are kept blank and O is inserted in figldlue 3” which represents end of domain. If
attribute is a continuous attribute then field tvall” contains lowest value and “value 2”
contains maximum value of attribute.

All the above relations are stored in the same Miasoft access database named
student.accdb”

5.3 Data source creation

We must create an ODBC data source. Before wdectba data source, we must have the
ODBC drivers for Microsoft Access properly installeThe “student” database must be an
ODBC data source defined in the ODBC Administrafaditionally, the data source must be a
system DSN.

1.

2.

From the Control Panel or an ODBC group, start@BBC Administrator. When the ODBC
Administrator starts, you will see the Data Sourdiedog box.
Install the new data source by clicking on the &ysDSN button in the Data Sources dialog
box. The System Data Sources dialog box shouldaappethe System Data Sources dialog
box, click on the Add button. The Add Data Sour@dad) box will then appear.
In the Add Data Source dialog box, select the MiofbAccess ODBC driver and click on
the OK button. The ODBC Microsoft Access Setup ajabox should appear. This dialog
box is used to set up the data source.
Give your data source a name by typshgdent into the Data Source Name text box. This is
the name you will use to identify the database wken you utilize an ODBC driver. This
name can be anything you want and is not direelgted to the name of the database.
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5. Enter a brief description for your data sourcehim Description text box. This can be any text
you want and has no effect on the application.
6. Establish your data source as the database yoedgpeviously by clicking on the Select

button. Now you will see a dialog box that lets yselect the file for this data source.
Navigate to the PROJECT folder in which you copieel database and select student.accdb.
When you are done, click on the OK button. Your rdata source should now be visible in
the System Data Sources dialog box.

5.4 Program Architecture

Same program architecture is followed for all theecstudies. Because of the space limitations it
is not possible to explain the program architecfareall the case studies. So | have chosen one
out of four case studies i.AIEEE Counselling (Based on real AIEE Data)to explain the
program architecture.

5.4.1 Program Modules

>

Algorithm_comparison_AIEEE.java- It's a home page. There are three buttons “Run
J48 Algorithm”, “Run Algorithm 1”, “Run Algorithm2’and above each button there is a
Text Area. There is an another button “check pteticaccuracy”.

JA8_AIEEE- This module contains the code for C4.5/J48 algori It is responsible for
generating J48/C4.5 decision tree and the timentakéuild the tree.

Algol_AIEEE- This module contains the code for algorithm 1lisltresponsible for
generating algorithm1 decision tree and the tirkertdo build the tree.

Algo2_AIEEE- This module contains the code for algorithm 2isltresponsible for
generating algorithm2 decision tree and the tirkertdo build the tree.

Prediction_accuracy AIEEE- This page contains three buttons “J48”, "ALGO1”,
“ALGO2” and below each button there is text area.

Prediction_accurracy AIEEE_J48 This module is responsible for computing
prediction accuracies -10 fold cross validatiod48/C4.5 decision tree.

Prediction_accuracy AIEEE_algot This module is responsible for computing
prediction accuracies -10 fold cross validatiomlgorithm1 decision tree.

Prediction_accuracy AIEEE_algo2 This module is responsible for computing
prediction accuracies -10 fold cross validatiomlgforithm1 decision tree.

The Code for above modules is not mentioned in theesis because of the size problems but
it can be provided by the author on request.
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5.4.2 Top-down design

Algorithm_comparison_AIEEE

— - T
— ~ —
- — o X/ T
J48 AIEEE Algol_ AIEEE Algo2_AIEEE Prediction_accuracy_AIEEE
— fﬂ_x
_,—o-'—"'-'_f f’.‘_f
P
_,—o—'—"'_'_'_'-'-'_
Prediction_accuracy AIEEE_J48 /

- |

Prediction_accuracy_AIEEE_algol f

d

Prediction_accuracy_AIEEE_algo2

Figure-26-Top-down design of the application (AIEEECounseling)

5.4.3 Step by Step Execution of Modules (With Snabets)

We run the application by first running the maiogmam i.e “Algorithm_comparison_AIEEE*

H e %)

Comparing The Performance Of Algorithms- With An Example Case Study{AIEEE Conselling)

Run J48 Algorithm Run Algorithim? Run Algorithim2

Check Prediction Accuracy

M | 6] ABSTRACT new.doc ... ﬂ {103, Micrasoft PawerPoint ... ﬂ ) Javaspplicationz - Ne... ! @&Q 6:53 PM
Figure-27-Snapshot 1 (AIEEE Counseling)
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In the above snapshot, there are four buttons

» Run J48 Algorithm-On clicking on this button, “J48EEE” module is called and
JA48/CA4.5 tree is displayed on the above text area.

» Run Algorithm1- On clicking on this button, “algoAlEEE” module is called and
algorithm 1 decision tree is displayed on the aldexearea.

» Run Algorithm2- On clicking on this button, “algoIEEE” module is called and
algorithm2 decision tree is displayed on the aliexéarea

Here is the snapshot

E BE ]

Comparing The Performance Of Algorithms- With An Example Case Study{AIEEE Conselling)

| 1 ¢not eligible) | | (eligibledcatag

| I attribute A_Rank=43743 |4 FEERERRREEEREEEEEEEETT Geles ) [T (ot eligible) i
11111 not eligible) FEPELEREEEPELTEELLL | sttrik ||| atiribute catagory:
dribute ST_Rank=1181 FEPECERERP R TEEEEEEL D] I1T11] attribute Birth_
aftribute course:BTECH | | attribute Al_Rank=4374C LI | eligibledca
| | ieligible) 1111 {not eligible) [1111] attribute Birth_
ttribute course:BARCH TELETTT ] (ot eligible
| attribute catagory GEM attribute catagary: GER | || attribute catagony:
111
111
|
a

| 111
| 111
| 111
| 111
| 111
aftribute 5T_Rank=1181 1]
| 111
| 111
| 111
| 111
| 111
| 1111
|

|

R Sy | o e

T
T
T
IITE
I
T
T
1111 {not eligible) T
HTE
HTEH
ITEH
IITE
I
[

| I
| I
| | attribute catagory.OBC | | attribute catagory.OBC attrihute catagory:
11111 {not eligible) [ 1111 {not eligible) 11111 {eligible)
|| attribute catagor:SC | | attribute catagory:SC tribute Al_Rank=40
11111 (eligible(catagord) 1111 {eligible(catagond) |11 thot eligible)
| | attribute catagory. 5T | | attribute catagory: 5T tiribute Al_Rank=449212
11111 {eligible{catagond) 11111 {eligible(catagond) | | {not eligible)
Algorithm Takes 20172 milli second)| = | Algorithm Takes 27578 milli secor| _ | Algorithm Takes 108484 milli secty
[w] [se] =
&l I | [E %] | 2] < [
Run J48 Algorithm Run Algorithm? ¢ Run Algarithm2
Algorithm with almost Algorthim gives more
same Output but better impeortance to realistic
e perfermance than J48 attributes thus is more real
Check Prediction Accuracy and gives more accurate

and reasonable results

M 153 Javanpplicationz | [Y:] Microsoft Acces, ., j: Ej Javatpplication... B | =9 data minning re... | Eﬂ research snaps... @wh 555 PM
Figure-28-Snapshot 2 (AIEEE Counseling)

» Check Prediction_Accuracy- On clicking on this button, “Prediction_accuracy AIEEE”
module is called and a page with three buttons™J48 GO1”, “ALGO2” is opened
with three text areas.
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Here is the snapshot

B x|
Check Prediction Accuracies
J48 ALGD 2
M | IEI_’] AESTRACT_new.doc .., | i, Micrasaft PowerPaink, .. | D Javadpplication - M. r ] @‘ & @ 7:05 PM
=

Figure-29-Snapshot 3 (AIEEE Counseling)

In the above snapshot, there are three buttons

» J48-0n clicking on this button Ptediction_accuracy AIEEE_J48”module is called

and prediction accuracy(10-fold cross validation)48/C4.5 decision tree is outputted
in the corresponding text area

» ALGOL1- On clicking on this button, Prediction_accuracy_AIEEE_algol”’module is

called and prediction accuracy(10-fold cross vaiaig of algorithml decision tree is
outputted in the corresponding text area

» ALGO2- On clicking on this button Prediction_accuracy AIEEE_algo2”module is

called and prediction accuracy(10-fold cross vaiarg of algorithm2 decision tree is
outputted in the corresponding text area
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Here is the snapshot

£
farg

Check Prediction Accuracies

J48 ALGO1 I

Prediction accuracy (crossvalidation): Prediction accuracy (crossvalidation): Prediction accuracy (crossvalidation):
fold1:99.0 fold1:100.0 fold1:98.0

fold2: 95.0 fold2: 96.0 fold2: 95.0

fold3: 97.0 fold3: 97.0 fold3: 98.0

fold4: 97.0 fold4: 95.0 fold4: 95.0

folda: 90.0 folda: 98.0 folda: 98.0

fold6: 94.0 foldE: 92.0 foldé: 99.0

fold?: 97.0 fold7: 98.0 fold7: 98.0

foldg. 98.0 foldd: 98.0 foldd: 98.0

fold3: 95.0 foldd: 98.0 foldd: 100.0
fold10:100.0 fold10:100.0 fold10: 98.20359
Owerall: 96.7 Owerall: 7.2 Owerall: 97.72036

mﬂ Gjava... “@jrgse.“ L“_‘j_]ava‘.. "@F\E&T... “'\fjdata... anING‘.. n@ﬂDocu... "‘ECOI‘H.‘. ﬂﬂE,MIcro... [@% 12:38 AM

Figure-30-Snapshot 4 (AIEEE Counseling)
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6. CONCLUSION AND FUTURE WORK

| have analyzed C4.5 algorithm and tried to comevath the methods to improve build time
and prediction accuracy. | have taken four casdiesuto prove that our algorithms not only
show better behavior on smaller and simpler data lset also on more complex and larger
datasets.

Two conclusions can be drawn
1. Algorithm 1 has better time complexity than C4.5 Agorithm

C4.5 Algorithm is based on assumption that, thebaitie that results in a maximum disordered
state is the best attribute, the one that bringdasest to the final classification. To find obat
attribute, it uses the concept of information epyroThe proposed heuristic function used in
algorithm 1 is also based on the same assumptiorthieudifference is in the measure of
disorderness. C4.5 uses information entropy asna@sure of disorderness. | am using a much
simplified measure i.e calculating the maximum bty in the distribution. It can be
considered as the approximate measure of disorskerr®o introduction of this Heuristic
function gives rise to an improved Algorithm which better than C4.5 in terns of time
complexity. The detailed reasoning is given inieec8.1.1.

Also from the case studies presented in sectioe 4amclude that the decision tree generated by
C4.5 and algorithm1 are very much the same in t@fnssructure or the prediction accuracy (on
training set, supplied set, stratified cross-vdlag or both but there is a big difference in time
taken to generate the tree.Algorithmltakes lesser than C4.5 to generate the decision tree.

2. Algorithm 2 has better prediction accuracy than C45 Algorithm

Unlike C4.5 this Heuristic Function is not basedtlom assumption that a smaller decision tree is
a better decision tree in terms of prediction aacyr It is based on the fact that a decision tree
with realistic attributes at the top is a much é&ettree in terms of prediction accuracy.
Sometimes an attribute individually is not that mmumportant in decision making but when
combined with other attributes becomes importantdéctision making. Unlike C4.5, this
Heuristic function takes all the combinations dfiatites while measuring the importance of an
attribute in decision making. The value of Inforroatgain ratio (Heuristic function of C4.5)
computed for any attribute depends only that attealand the decision attribute. But in this case
since Heuristic function is taking in to accourtthe combinations of attributes while measuring
the importance of attribute in decision makingtts® value depends upon the other attributes as
well. This nature of Heuristic function resultsrimore Real Decision Tree and thus gives more
accurate and reasonable results. The detailedmeasis given in section 3.1.2.
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Also from the case studies presented in sectiohwie compare C4.5 and algorithm2, although
the decision tree structure is different and tiadeh by algorithm 2 to generate the decision tree
is more than that of C4.5 but algorithm2 has begdtediction accuracy (on training set, supplied
set and stratified cross validation) as compar€4db. Algorithm 2 gives more importance to
realistic attributes and thus is more real andgyimere accurate and reasonable results.

Future Work

I have mainly focused on 2 performance measure$irhe to build the tree, 2) Prediction
accuracy. | have tried to improve these two thifiggese improvements can have a significant
impact on the practical applications. We want thacpcal applications to be solved more
efficiently and effectively. Two types of applicatis always exist in the real word. First type of
applications is the one where results need to hergéed faster e.g. real estate market prediction
or share market prediction. Second ones are thécatriapplications where results of
classification need to be more accurate e.g.: ptiedi student’s behavior in education, medical
applications where doctor needs to predict a disdmsed on the symptoms of the patient,
business applications where a marketing profeskioeeds complete description of customer
segments to successfully launch a marketing campetig So algorithms have been developed
keeping in mind these two types of applications.future, | will focus on improving the
algorithms further.
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APPENDIX A

Decision Trees Generated on Application of Algoritms on
the CASE STUDY- Predicting and Analyzing Student's
behavior in Education using Decision Tree Algorithm

(Counseling Help)

Section 1.Decision Tree Generated on Running C4.5 Algorithmdoks like

| | | attribute scope:1

LTTT1T(8)

| | | attribute scope:2

LTTTTT(8)

| | | attribute scope:3
[111]] attribute perspective:f
[11111]]]attribute physics<=84

LEETETETETTT(3)
[1TT111]]attribute physics>84

LTEETETETETT(8)

| ]]]]] attribute perspective:p

LTHETETTT )

| | | attribute scope:4
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[1]1]]]| attribute maths<=74

[11111]]] attribute chem<=62
[1TTTTTT1] ] attribute perspective:f
FECEETTEETTETTT (L)

[1111111]]]] attribute perspective:p
LETEETTEETTTT | attribute familypoessL

ARARRRARARARARARARC)
LTEEETTTTETET] ] attribute familypoess

LEEEEEETETTEETTETT(8)
LTEETTTTTETTT ] attribute familypuesss

LEEEEETETETETETTTT(8)
LETTEEETETTTT T ] attribute familypresst

LEEEEETETETETET T (4)
LETTETETETTTT T ] attribute familypress
LETTEEETTEETTTTT T T attribute pisyst62
LEEEEEETEETETET T (2)
LEFEEEETTETTTET T | attribute pispss2
NERERNRARARRARARAR AN ©)

[111111]] attribute chem>62

[T111111]]]] attribute perspective:f

ARARRRARARARAREC)

[T | attribute perspective:p

[TTTLEEETTTLT ] attribute worker:e

LEEEEEETETTETET LT (20)
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[LTETTEEETT DT | attribute worker:h
NERRNRRNARRA RN
[1]]] ][ attribute maths>74

[111111]] attribute type_work:h
[1TTTTTTT] ] attribute physics<=81
LITITELELTEL L] | attribute perspedtive
NERRNRRNARRA RN
LITEETETTETTT] ] attribute perspegtive
LELTEEETTTEETT T | attribute pisyst77
FETEETEETEETEETEETETT(8)
LETEETETTETTETT T ] attribute prepsi 7

NERERNRARNRRARARARARNC)
[THTTTTTTT ] attribute physics>81

LITITELELTEL L] | attribute perspedtive

LEEEETETETTETTTETT(8)
LITTETETTTTTTT ] attribute perspegtive

[TTTEETTEETTTETTTT(3)
[TI11]]]] attribute type_work:p

[I1TITTT1]]1] attribute placement:1

ARARRRARNRARARNC)

[I1TITTTT]]1] attribute placement:2

ARARARARNRARARNC)

[ITITTTT]]1] attribute placement:3

LITITELELTEL L] | attribute perspedtive
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LTEEEETETETETTTT T | attribute fav:p

ARNRRRARARARARARARNRN )
LEFEEEETETTETET T | attribute fav:e

LEEEEEEEEETEEET T ()

LEFEEEETETTETTT ] attribute favim

LEEEEEEEEETEEET T ()
LTEEEETETETETTT T | attribute fav:b

RNRRRARARARARARARARE )
LEFEEEETETTETTT T | attribute fav:e

RNRRRARARARARARARARNC)
[THETTTETETTT] | attribute perspegtive

[EEEETTTEEEETTTT T ()

[ITITETT]] ] attribute placement:4
ITELTELTTELT T attribute creative:1
[ETETTTTEEETTT ] | attribute fav:p

LEEEETETEETEEET T (7)
LEFEEEETETTETET T | attribute fav:e

LEEEETETEETEEET T (7)

LEEEEETTTETETETT T | attribute favim

ARNRRRARARARARARARARNC)
LEEEEETETETETTT T | attribute fav:b

RNRRRARARARARARARARNC)
LEEEEETETETETTTT T | attribute gav:c

FEEEETEEEETETETETETET (8)
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[TTTLEEETLTET ] attribute creative:2

LEEEEETTTETETET | attribute matBd

LEPEEEEEETTETETETTTT | attripetspective:f
LEEEEEETEETETETEEET T (8)
LETEEEEEEETETETETTIT | attriperspective:p
LEEEEEEEEETEEETETTTTT ] fipate familypressure:1

LECEEEEEEEEEET Tl
LEEEEEETEETEEETETET T fibate familypressure:2

NERERERARRRRA AR D)]
LEEEEEETEETEEETETET T | fibate familypressure:3

LECEEEEETEEEET T
LEEEEEEEEETEEETETETTT | fibate familypressure:4

LECEEEEETEEEET T
LEEEEEEEEETEEETETTTTT ] fipate familypressure:S

LEEEEEEEEETEEET R TED!
LETTEEEEETTETTT T | attribute nxedbs

[ECTEEEETTEEETTEEETTT (e)
[TITTEITTTL ]| attribute creative:3
LETEEETEETTEETT T attribute fatbf:b
FECEEETEETTEEETTETTT | attribeneilyback:h

ARARARARARARARARARR AN )
LECEEEEETETETETETTT T ] attribenelyback:p

ARNRARARARARA RN RN RN C)
LETEEEETEETETETETTTT | attribarelyback:g
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ARARARARARARA AR RN C)
LECEEEEETETETETETT ]| attrilesteilyback:n

LEEEEEETEETETEE T T (6)
LEFEEEETETTETTTT | attribute faof¢
LETEEEELEETETETETTTT ] attripbtgsics<=84

FEPEEEEEEETETETETTTT T fipate perspective:f
LEEEEEEEEETEEETEEET T ] 4dtfibute familypressure:1

LECEEEEEEEEEEETEEETTTTRNT ] attribute chem<=85

LEEEEEEEETEEEE PR E T 11 (20)
LEEEEEEEEEEEETEEET T TR EE | attribute chem>85

LECEEEEEEEE TR ERERaT i1 (9)
LEFEEEETEETETETETETET T ] #dtiibute familypressure:2

LECEEEETEEEEE R P Gs)
FEFEEEETETTETETETETET ] #dtiibute familypressure:3

LEEEEEEEEETEEETET R (8)
LEFEEEEEEETETETETTTTT T ] ddtiibute familypressure:4

LECEEEETTEE R e ee)
LECEEEEEEETETETETET T ] 4dtfibute familypressure:5
LECEEEETEEEER R P ee)
LEEEETETEETEEETETETT T fibate perspective:p
LECEEEEETEEEET T T
LEEEEEEEEETETETETTT T attrilpitgsics>84

LEEEEEEETETEEETETEETTT | fibate perspective:f
LEEEEEEPEETETETETTTT L] ddtiibute chem<=88
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LECEEEETEEEEEEE T e)
LECEEEEETETEEETEEET T ] 4dtfibute chem>88
LEEEEEEEEETEEETET T (8)
LEEEEEETETTETETETETTT | fibate perspective:p

LEEEEEEEETEEET TR Tl
LETEEEETETTETTT T attribute fatof:n

LEEEEEETTETETETETET] | attribogsch:it

LEEEEEEETETEEETETETTT | fibate perspective:f
LEEEEEEEEETEEET TR Tl
LEEEETETEETEEETETETT T fibate perspective:p
LECEEEEETEE TRl
LEFEEEETEETETETETTT T | attribugsch:ec

LECEEEEEEETETET T ETTr T (8)
LEPEEEEEETTETETETTT T attribug@ch:cs

LEEEEEETETTEEEE TR T (8)
LEEEEEETEETETETETTT T | attribugsch:ee
LEPEEEEEEETETETETTTTT ] tipate physics<=85
NERERE AR RN RARAR RN
LEEEEEEEEETETETETET LT | fibate physics>85
LEEEETETTETEEETEEETTT ] 4dtfibute perspective:f
LECEEEETEEEER R P ee)
LEEEEEEETETETETETEETTT ] 4dtfibute perspective:p

LEEEEEEEEEEEETEEETETTRTE | attribute familypressure:1
LECEEREPEEEEEET R T 11 (e)
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LEEEEEEEEEEEETEEETETTRTE | attribute familypressure:2

LECEEEEEEEEETEE TR (8)
LEEEEEEEEETEEETETETTT TNl attribute familypressure:3

LEPEEEEPEETEEET R E T 11 (o)
LEFEEEEEEETEEEEETTTTTTENT ) attribute familypressure:4

LECEEEEREETEEET R e T i1 ()
LECEEEEEEEEEEETEEETETTENT ) attribute familypressure:S

LECEEEEEEEE TR (e)
LEEEEEEETETETETET T ]| attribegsch:bt

LECEEEEEEEEETET T ErTr T (8)
LEEEEEEETETETETETTT ] | attribeésch:ps

LEEEEEEEEETEEEE TR T (o)
LEEEEEETTEEETETETET ] | attriboggch:ce

LEEEEEETETTEEEE TR T (8)
LEEEEEETETTETETETET T attribugach:me

[TTEETEETEETTEEE T (8)
ITHETELTTETT L] attribute creative:4

LEFEEEEEETTTTETT | attribute fav:p

LEEEEEEETETEEETETTT T attriperspective:f
LECEEEETTEEETETETETT | fibate physics<=82
LEEEEEEEEEETEE T
LEEEEEETEETEEETETET T | fibate physics>82
LECEEEEEEETETETETETTT ] 4dtfibute physics<=91
ARARNRARARARARARARR RN
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LEEEEEEETETETETEEETTT Tl 4dtfibute physics>91
LEEEEEEEEEEEEETETETETERTD T attribute work_pressure:1

LEPEEEEPEETEEET R e T i1 (8)
LEEEEEEEEETEEETEETTTTTENT ] attribute work_pressure:2

LEPEEEEPEETEEET e T i1 (8)
LEEEEEEEEETEEETETTTTETENT ) attribute work_pressure:3

LECEEEEEEEE TR TR (4)
LEEEEEEEEEEEEETEEETTTTRTT | attribute work_pressure:4
LEEEEEEEEETEEEEEEETETTRRn T | | attribute familypressure:1

LECEEEEETECE T TR ey (8)
LECEEEEETEEEEETEEETETERERN | | attribute familypressure:2

LECEEEEEETEEEEE P T rerr e (8)
LECEEEEETECEEETEEET T ERERN T | attribute familypressure:3

LECEEEEEETEEEEE P T rerr e (8)
LEEEEEEEEETEEETEETT TR | | attribute familypressure:4

LECEEEEEETEEEEE P T rerr e (8)
LEEEEEEPEETEEEEEEETETTRRn T | | attribute familypressure:5

LECEEEEEEE TR e (o)
LEEEEEEEEEEEEETEEETTTTRTT | attribute work_pressure:5
LECEEEEEEEE TR (8)
LEEEETETTETETETET TN | | attriperspective:p
ARNRARARARARA RN RN RN C)

LEEEEETEEETETTTT T | attribute fav:c

LEEEETETEETEEET T (7)
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LEEEEETTTETETTTT T | attribute fav:m
LECEEEEETETETETTTT ]| attrilesteilyback:h
LEEEEEETETTETEE TR T (8)
LETEEEETEETEEETETTTT | attribartelyback: p
LEEEEEEEEETETETETTTT T fipate fath_prof:b

LECEEEEETEEE T T
LEEEEEEETETEEETETEETTT | fibate fath_prof:t
LEEEETETEETEEETEEETTT ] 4dtfibute perspective:f

LEEEEEEPEETEEETETETTT TNl attribute familypressure:1

LECEEEEEEEE TR (e)
LEEEEEEEEEEEETEEETETTRTE | attribute familypressure:2

LEPEEREPEETEEET R P T i1 8)
LEEEEEEEEEEEEETEEETETTRTE | attribute familypressure:3

LEPEEEEREETEEET R e Tt ¢o)
LEFEEEEEEETEEETETTTTTTENT ) attribute familypressure:4

LEPEEEEPEETEEET e T i1 (8)
LEFEEEEEEETEEEEETTTTETENT ) attribute familypressure:S
LEPEEEEPEETEEET e T i1 (8)
LEEEEEEEEETETETETEETTT ] 4dtfibute perspective:p
LECEEEETEEEER R P ee)
LELEEEEEEETEEETETETT T | fibate fath_profin
LECEEEEETEEEET T T
LECEEEEETETETETETTT ]| attribenelyback:g

FEPEEEEREETETETETTTTT ] fipate perspective:f
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LECEEEEEEEEEET Tl
LEEEETETEETEEETETET T fibate perspective:p
FEFEEEETEETETETETETET ] #dtiibute familypressure:1

NERERARARRRRARARARRRRIRARIC)
FEFEEEETEETETETETETET T ] #dtiibute familypressure:2

LEEEEEEEEETEEETETET T (8)
LEEEEEEEEETEEETEEET T ] 4dtfibute familypressure:3

LECEEEETEEEE R R ()
LEPEEEETEETETETETTTTT ] ddtiibute familypressure:4

LECEEEETEEEEE R R (e)
LEEEEEEEEETEEETEEET T ] 4dtfibute familypressure:S

LEEEEEEEEETEEETET R (8)
LECEEEEETETETETTTT ]| attrilesteilyback:n

AR ERERRRRARARARRARE®)
LEEEEEETETTTTET | attribute fav:b

NERERNRARARRARARAR AN ©)
LEFEEEETETTETTT T | attribute fav:e
LEPEEEEEETTETETETTTT | attripetspective:f
ARARARARARARARARARR AR C)
LEEEETETTETETETET TN | | attriperspective:p
LECEEEEEEEEETET T EEETTr T (8)

[TTTLEEETLTET] ] attribute creative:5
LEEETETETTETTTT ] attribute ched@<
FETEETTEETTEETTEETT T attribedeker:e
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LEEEEEETEETEEETETET T | fibate maths<=85
LECEEEEEEETEEETEEETTT ] 4dtfibute familyback:h

LEEEEEEEEETEEETET T (8)
LEFEEEEEEETETETETTTT T fdtiibute familyback:p
NERERARARRRRARARARRRRIRARIC)
LEFEEEETEETETETETETTL ] ddtiibute familyback:g
ARARNRARARARARARARRRRR RN
LECEEEEEEETEEETEEETTT Tl 4dtfibute familyback:n

LEEEEEEEEETEEETET T (8)
LEEEEEEEEEEEEETETET T | fibate maths>85

LECEEEEETEEET T @
LEPEEEETETTETETETETT ] attribegeker:h
LEEEEEEETETEEETETEET LT | fibate perspective:f
LEEEEEEEETEEET TR Tl
LEEEEEETETTETETETETTT | fibate perspective:p

LEEEEEEEEETEEET R TED!
LETEEEETETTETET T | attribute chg@n>

LEPEEEETETTETETETTTT | attribedek_pressure:1

LECEEEEEEEEETET T Tr T (8)
LEEEEEETTETETETETET| | attribudek_pressure:2

LECEEEEEEEEETET T EEETTr T (8)
LEEEEEETTETETETETET| | attribudek_pressure:3
LEEEEEEETETETETETETTT | fibate chem<=91
LECEEEEEEETETETETET T ] 4dtfibute familypressure:1
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LECEEEETEEEE R R ()
LEEEEEEEEETEEETEEET T ] 4dtfibute familypressure:2

LEEEEEEEEETEEET R (o)
FEFEEEEEEETETETETETET T ] #dtiibute familypressure:3

FEEEEEEEETEEET R R €7
LEPEEEETEETETETETTTTT ] ddtiibute familypressure:4

LECEEEETEEEE R R ()
LEEEEEEEEETEEETEEET T ] 4dtfibute familypressure:S

LEEEEEEEEETEEETET T (8)
LELEETETEEEEETETET T ] fibate chem>91

LECEEEEETEEEET T
LEEEEEETETTETETETTTT | attribedek_pressure:4

LEEEEEEETETEEETETEETTT | fibate perspective:f
FEFEEEETETTETETETETET ] #dtiibute familypressure:1

LEEEEEEEETEEET R R <)
FEFEEEETETTETETETETET T ] #dtiibute familypressure:2
LEEEEEEEEETEEETETETET TN attribute physics<=86

LEPEEEEREETEEET R e Tt ¢o)
LECEEEEEEEETETEEETETTRTE | attribute physics>86

LECEEEEEECE P E R 11 (20)
LEEEEEEEEETEEETEEET T ] 4dtfibute familypressure:3

LECEEEETEEEER R P ee)
LEEEEEEEEETEEETETETTT ] 4dtfibute familypressure:4

LEEEEEEEETEEETET R Tenrn (8)
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LEEEEEEEEETEEETEEET T ] 4dtfibute familypressure:S

LECEEEETEEEEE R R (e)
LEEEEEETETTETETETETTT | fibate perspective:p
FEEEEEEEETEEET TR Tl
LEFEEEETETTETETETTTT | attribedek_pressure:S

LEEEEEETEETEEETEE T T (8)

[T111111]]]] attribute placement:5

ARURNRARARARARNC)

[111111]] attribute type_work:t

LTEETETETTTT(8)

| | | attribute scope:5

[TTTTT(8)
Algorithm Takes 206406 milli seconds

Section 2Decision Tree Generated on Running Algorithm 1 look like

| | attribute fav:p

[11]]] attribute type_work:h
NERRRRARNC))

[11]]] attribute type_work:p
[111111]] attribute familypressure:1
[IIITT]]]]]] attribute chem<=79
LEEETEEEETETTTTC7)

[111111111]] attribute chem>79

[1TIETETET L] | attribute physics<=87
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ARARRRARARARARARARC)
[1TTIETTTLET] ]| attribute physics>87
LETTEEETETTETTTT | attribute pisyse94
LEEEEEEEEETETETETETET (4)
LETEEEETETTETTT ] attribute isped4
LEEEEEETEETETETETET T (8)

[11111]]] attribute familypressure:2
[ITITETT]] ] attribute familyback:h
FEETEEETTTEEETT(9)

[1T1111]11]] attribute familyback:p
[TITTELTTELTTL ] attribute perspedtive

LEPEEEETETTETETETT (4)
[THETTTETETTT] | attribute perspegtive

FEETEEEETTEEETTT T (8)
[1T111111111] attribute familyback:g
LITHLTELTTLTL L] attribute physics<=77

NERRRRRRRRRRRRRRRE®)
TTHLTELTELTT L] attribute physics>77

FECTEEETTTEEETET T (6)
LTI attribute familyback:n

LEEEEEETTETTTET (20)

[111111]] attribute familypressure:3

[ITITT1111]] attribute chem<=86

LEPEETETETTTTTT(8)
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[111111111]] attribute chem>86
[LEELTTTLTTTT ] attribute chem<=89
FECTEEEEETEEETT T (20)
[LTTTTTEETTTTT | attribute chem>89
FEETEEEETTEEETTT || attribute pleyst90
FECTEEEETTEEETT T (8)
LETEETTEETTEETTT T attribute piepsd0
LEEEEETEETTTETTT T | attripetspective:f
FECEEEEETTEEETT TR ce)
LEEEEETEEETTETTTETLT | attripetspective:p
RN RN RN RN RN C))
[111111]]] attribute familypressure:4
[ETEETTEETTT(4)

[11111]]] attribute familypressure:5
[1TTTTTT1] ] attribute fath_prof:b

NRRRRRRRRRRRR R
[1T1111]11]] attribute fath_prof:t

FEETEEEETTEEETT ()
L1111 ] attribute fath_prof:n
[LEEETTTTTTTT ] attribute chem<=86
FECEEETTEETTETTT T (8)
[TLLLLTTEETTT] ) attribute chem>86
LEEEETTEETTTETTT T attribute peestipe:f
FECTEEEETTEEETTEErrr T (20)
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LEEETETEETETTTT ] attribute pertpe:p
ERRRRARRARRRRARRR RN )

[111]] attribute type_work:t
LITEETTTT(8)

| | | attribute fav:c

[111]] attribute physics<=86
LEETTTTTT()

[ ]1]]] attribute physics>86
[111111]] attribute perspective:f
LEEETETETTTT(8)

[111111]]] attribute perspective:p
[ITITETTT] ] attribute physics<=91

FEPEEETTEEEETT T (6)
LITLITTTTL ] attribute physics>91

FEEETTTEEEETT T (7)

| | | attribute fav:m

[1]]]] attribute syalbus:u
[TTTTTTTT(8)

[11]]] attribute syalbus:n

[111111]] attribute creative:1
LTI attribute perspective:f
LETEETTEETTETTT(8)

[IITTTTTT]]] attribute perspective:p

ITHIETELTTLTL L] attribute physics<=77
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LEEEEETETETETET T (2)
LTEETTTETETTT] | attribute physics>77

LEEEEEETETTETTTETT(8)

[111]]1]] attribute creative:2
FEPTEEETTTET(4)

[1111]1]] attribute creative:3
L1111 ] attribute fath_prof:b
[TTELTELLETET LT attribute perspedtive
FECTEEETTTEEETTT T (8)
LITEETETTETTT] ] attribute perspegtive
LETEETETTETTETT L] attribute preysi81
[ECTEEEETTEEETTEEETTT (e)
LETEETETTEETETTT T attribute plspsdl

[EEEETTTEEEEETTEETErT(8)
[1T1111]111] attribute fath_prof:t

[T | attribute familyblck:
FEETEEETTTEEETTTET(9)
[TTTETETETET L] | attribute familybpck:
LITEETETTETTETT L] attribute preyst89
FEEECTEETETTETTErTEr T (10)
LETEETETTETTETTT T attribute prsps39
FETEETETTETTETTETT L | attrilpitgesics<=93
LETECTEETETTETTEET T (s)
[EETEEETTTEEETTTETT T | attripitgsics>93
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LEEEEEEETETEEETETEET T | fibate chem<=88

LEEEEEEEEEEET T Er T
LEPEEEEPEETEEEEETET T fibate chem>88

ARRRRRRRRA RN AR K
[T ]| attribute familybgck:

NRRRRRRRRRRRR RN,
[LTETTEEELT LT | attribute familyback:

NERRNRRNARRRRRARREC)

[1T111111]]] attribute fath_prof:n
[LEEETTTLTTTT ] attribute chem<=75
NERRNRRNARRA RN
[TITTELTTET DT attribute chem>75
LITEETETTETTETT T attribute nestBs
FECTEEEETTEEETT T (3)
FELTEEETTTEETT T | attribute meedhs
FEETEEETTTERTTTTETT | attripetspective:f
LECEEEEETTEEETTETEET ] fibate physics<=82
FECTEEEETTEETT TR THE@)E
LETEETEETEETEETEETET T | tibate physics>82
RN RN RN RRA R N )]
LETEETETTETTETTETT T ] attriperspective:p
FETEETEETETTETT R ()

[1111]]]] attribute creative:4

ITITETTT] ] attribute physics<=77
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LEEEETETTETTTET (20)
[THTTTTTTT | attribute physics>77

[TTTTTETETET L] | attribute familyblck:
FEETEEETTTEEETTT T (8)
[TETETETETET L | attribute familybpck:
[EETEEETTTEETT T | attribute mstBE
FETEETEETEETETTEETTTT(8)
LITEETETTETTETT T ] attribute neegis
[EETEEEETTEEETTTEET | attribodehs<=91
LETECTEETETTETTEET T (8)
LETEETEETETTETTETT L] attribodens>91
FETEEEETTEEETTTEETT L] fibate physics<=84
FEEEEEEEEETTETT Rl
LETEEEETTEEETTTEETT L | fibate physics>84
FECTEEEETTEEETT TR Tl
[TTTETETETET L] | attribute familybgcek:
FEETEEEETTEEETT T | attribute pethpe:f
FECTEEEETTEEETT TR ()
LITEETETTETTETT T ] attribute pestye:p
LITECTEETEETETTETT T | attriobem<=78

LECEEEEEETET T ET ()
LEEEEEETTETEEETETTT | | attrilobeem>78

NRRRRRRRRRR RN R )
LITLTELTLTEL L] ) attribute familyback:
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ARARRRARARARARARARC)

[11111]]] attribute creative:5
[T11111111]] attribute fath_prof:b

NRRRRRRRRRRRRRES®)
[1T1111]11]] attribute fath_prof:t

FEETEEEETTEEETT ()
L1111 ] attribute fath_prof:n
[LTITTEEET L] | attribute maths<=87
FEETEEEETTEEETTT T (5)
[TTLLLTTEETTT] ] attribute maths>87
LETEETTEETTTETTT T attribute peestpe:f
FECTEEEETTEEETTTEETTT (8)
LETEETTEETTEETTT T attribute pestipe:p
FEPTEEEETTTEETTTTET D] attripiesics<=81
FECTEEEETTEEETT TR rr(e)
[EETEEETTTEEETTTETT T | attripitgsics>81
FECEEEEETTEEETT TR r Q)

1111 attribute syalbus:o
[11111]]] attribute familyback:h
LEEETETETTTT (6)

[11111]]] attribute familyback:p
[IT111111]]] attribute chem<=79

AERRRRRRARRRRREC)
[TTTTTETTT ) attribute chem>79
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[TITTELTTELTTL ] attribute perspedtive
NRRRRRRRRRRRR RN,

LITTETETTTTTT T ] attribute perspegtive
LETTEEETTEETTTTT T T attribute pisyst82
LEEEEEETEETETETETET T (8)

LEFEEEETTTTTTET T | attribute pispss2

NERERNRARNRRARARARARNC)
[11111]]] attribute familyback:g

1111111 attribute familypressure:1

ARURNRARARARARNC)

ITITETT]] ] attribute familypressure:2

LEFEEEETETTTTTTG3)

[ITITTTT]] ] attribute familypressure:3

LEFEEEETETTTTTTC7)

11111111 attribute familypressure:4

LEPEEEETETTTTTT(8)

[T1T1TT]1] 1] attribute familypressure:5

LITITELELTEL L] | attribute perspedtive

ARNRRRARARARARARARCY)
LTEETTTTTETTT] | attribute perspegtive

LEEEEETETETETETTT T 5)

[11111]]] attribute familyback:n

ARARARARARARG)

1111 attribute syalbus:a
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LTTETTTTT(8)

| | | attribute fav:b

[11]]] attribute physics<=70
LTI (D)

[1]]1] attribute physics>70

[111]1]]] attribute chem<=81
LEEETETETTTT (6)

[111]11]] attribute chem>81
[1T1TTTTTT] ] attribute physics<=83
NERRRRARRARRRRNC)
[TETTTTTTT | ] attribute physics>83
LITTTELELTEL L] | attribute perspedtive
NERRRRARRA RN RN C)
[TTEETTEETTTT | attribute perspegtive
[ETEETTEETTEETTT T attribute mstB8
FECEEETEETTEETTEETT T (20)
FETEEETTEETTETTT | attribute naedBs
FETEETTEETTEETTTETTT | attripingsics<=87
FEEETEEEEEETTEE R (o)
LEEETEEEETETTTTETT T attripitesics>87
FEEETEEEETETTEEEE T s)

| | | attribute fav:cs

[1]]]] attribute maths<=86

LEETETTTE)
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['1]]]] attribute maths>86

[111111]]] attribute physics<=82
FEETEEETTTET(9)

[111111]]] attribute physics>82
[1TTTTTTT] ] attribute perspective:f
FEETEEETTTEETTT(8)

[ITITTTT]]]] attribute perspective:p
LLIETTLTTTL L] attribute maths<=94
FEETEEETTTEEETTT T (2)
[TTLLITTEETTT] ] attribute maths>94
LETEETETTETTETT L] attribute preyst95
[ECTEEEETTEEETTEEETTT (e)
LETEETETTETTETTT T attribute plspddS

FECEETTEEETTETTTETT T (8)
Algorithm Takes 66094 milli seconds

Section 3Decision Tree Generated on Running Algorithm 2 look like
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| | | attribute chem<=74

[1]1]] attribute physics<=67

[11111]]] attribute chem<=61
[ITETTITT] ]| attribute physics<=57
FEETEEETTTEETTT (D)

[1TTTTTTT] ] attribute physics>57
[TTTTELTEELTT | attribute physics<=62

[LTTETEEEETTTTTETT(2)
TTHLTELTELTT L] attribute physics>62

[TTTEETTEETTTETTTT(8)
[111111]] attribute chem>61
[1T1T1T]]]]] attribute physics<=62

LEEEEEETTETTT T (20)
[THTTTTTTT ] attribute physics>62

LETEEEETEETT T (7)

[1]1]]] attribute physics>67
[ITT111]]attribute physics<=76
1T attribute familypressure:1

LEFEEEETETTTTTT (20)

[1TTTTTTT] ] attribute familypressure:2

LEFEEEETETTTTTT ()

[1TTTTTT ] attribute familypressure:3

LEPEEEETETTTTTTC7)
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[TT111E1]]] | attribute familypressure:4

LEEEETETTETTTET (20)

1T attribute familypressure:5
FEETEEEETTEETTT (20)

[1111]1]] attribute physics>76

1T attribute physics<=81
[TTELTELLTLTL L] attribute perspedtive

LEEEEEEETETTETTETT(8)
LELEEETTTTTT T | attribute perspegtive

NERRRRRERRRRRRRRREC)
[ITITTTT] ] attribute physics>81
LITITELELTEL L] | attribute perspedtive

LEEEEEEETETTETTETT(8)
LEEEEETTTTTT T | attribute perspegtive

FECTEEEETTEEETTT T (4)

| | | attribute chem>74

[111]] attribute physics<=83
[1111]]]] attribute maths<=86
[TITTTLTTT] ] attribute maths<=79
LITEETETTETTT | attribute familypoess

ARNRRRARARARARARARCE)
LTEEETTTTETET] ] attribute familypoess

ARARRRARARARARA RN
LETTEEETETTTT T ] attribute familypresss
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ARNRRRARARARARARARC)
LTETTTTTTETTT ] attribute familypuesst

LEEEEEETETTETETETT(8)
LETTEEETETTTT T ] attribute familypress

ERRAREARRARRERRNRN®
LTI ] attribute maths>79
[TTITTETTTTT]] ] attribute chem<=83

LEEEEETTTETETTTT T | attribute chend<

LEPEEEEEETTETETETTTT | attripetspective:f
LECEEEEEEEEET T ()
LEEEETETTETETETET TN | | attripetspective:p

AR ARERERRRRARARARRARE®)
LEEEEEETTETETETT T | attribute chegn>

LEPEEEEEEETETETETTTT | attribanelypressure: 1
LEEEEEETEETEEETETETET ] fibate chem<=81

LEEEEEEEEETEEET R TED!
LEPEEEEPEETEEETETET T fibate chem>81

LEEEEEEEETEEET TR Tl
LECEEEEETETETETETT || attrikenelypressure:2

ARARARARARARARARARR AR C)
LEEEEEEETETETETETT || attrikbenelypressure:3

ARNRARARARARA RN RN RN C)
LEEEEEETTETETETETET | | attribenelypressure:4

LEEEEEETEETEEEE TR T (o)
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LEEEEEETTETETETETET | | attribenelypressure:S

ARRRNRRRRARRRRR AR
[LTTTTEEETTTT] | attribute chem>83

[TTTEETTEETTEETTTT(7)
[111111]] attribute maths>86
[1TITI1T]]]] attribute maths<=92

[TETTTTTTETTT] | attribute physics<=76

LEEEETTTTETETETT T | attribute protpe:f
NERERNRERNRRARARARARNC)
LEEEETETTETTTET T | attribute pestpe:p

NERRRRRERRRRR R RN RN
TTHLTELTELTT L] attribute physics>76

LEEEEETTTETETTTT T | attribute chesg<

LEEEEEETETTETETETETT ] attriphtgsics<=81
LEEEEEETETTETETEEETET T (4)
LEPEEEETETTETETETETT ] attriphtgsics>81

LEEEEEETETTEEEE TR T (8)
LEFEEEETETTETET | attribute chggn>

LEEEEEEETETETETETTT ]| attrikenelypressure: 1

LECEEEEEEETETEE T ()
LEEEEEEETETETETETTT ]| attrikenelypressure:2

ARARARARARARARARARR AN )
LEEEEEEETETETETETTT ]| attribeneilypressure:3

LEEEEEETETTETEE TR T (8)
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LEEEEEETTETETETETET | | attribenelypressure:4

LECEEEEEEETETET T ETTr T (8)
LEEEEEEEETTETETETTTT | attribartelypressure:S

ARRARRERRERRERRARR NN
[T1TTTTLLT]] ] attribute maths>92

TTHLTELTTELT L] attribute maths<=95

LEEEEEETTETETTT T | attribute pisyst79
LEEEEEEETETEEETET T attriperspective:f
ARNRARARARARARARARR ARG
LEEEETETTETETETET TN | | attriperspective:p
ARARARARARARARARARR RN C)
LELEEETTTETETETT T | attribute pisysio
LECEEEEETETETETETET || attrikbenelypressure: 1

LEEEEEETETTEEEE TR T (8)
LEPEEEEEEETETETETTIT | attribanelypressure:2

LEEEEEETEETEEEE T T ()
LEEEEEEEEETETETETTIT | attribanelypressure:3

LEEEEEETETTEEEE TR T (8)
LEEEEEETTETETETETET | | attribenelypressure:4

LECEEEEEEEEETET T EEETTr T (8)
LEEEEEETTETETETETET | | attribenelypressure:S

[ETTEETTEEETTEEr T e8)
LLTTTELTTELT T | attribute maths>95

LEFEEEEEEETETTTE | attribute nstBg
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LEEEEEEETETETETETTT T | attrikbenelypressure: 1

LECEEEEEEETETET T ETTr T (8)
LEPEEEEEEETETETETTIT | attribanelypressure:2

LEEEEEEEEETEEEE TR T (o)
LEPEEEEEEETETETETTTT | attrifanelypressure:3

LEEEEEETEETEEETEE T T (8)
LEEEETETTETETETETET | | attribenelypressure:4

LECEEEEEEETETET T ETTr T (8)
LEEEEEEEEETETETETETT | attribartelypressure:S

LECEEEEEEEEETET T ErTr T (8)
LEEEEEETTETETETT | attribute meais

FECTEEEETTEEETT T (3)

[1]1]]] attribute physics>83

[11111]]] attribute chem<=88
[1T1111]11]] attribute maths<=91
[ITTITETTTE LT attribute maths<=86
[EETEEETTTEEET T || attribute brane
FECTEEEETTEEETTTEETTT (8)
FITEETEETETTETT T | attribute b
LETEETETTETTETTETT T ] attriperspective:f
LETEETEETETTEET R T (e)
LETEETETTETTETTETT T ] attriperspective:p

ARNRRRARARARARARARARAR) RCRY
LEPEEEEEETTETTT ] attribute dvaose
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RNRRRARARARARARARARE®)
LEEEEETETETETTTT T | attribute brasee

LEEEETEEEETETETETET T (8)
LEFEEEEEETTETTT | attribute divste
LEEEEEETEETETETETET T (8)
LEFEEEEEETTETTT | attribute dvgrse
RNRRRARARARARARARARNC)

LEEEEETETETETTTT T | attribute braes

LEEEETEEEETETETETET T (8)
LTEEEEEETETETTTT T | attribute Brane

FECEEETEEETTETTTETT T (3)
[LEEETTTTLTTTT ] attribute maths>86
LETEETTEETTEETTT T attribute cheB<
FECTEEETTTEEETTTEET | attribenelyback:h

AR ARERERRRRARARNRRARIC)
LETEEEEEEETEEETETTTT | attribartelyback: p

LEEEEEETETTEEEE TR T (8)
LEPEEEEEETTEEETETTTT | attribarelyback:g

LECEEEEEEETETET T 2)
LECEEETEEETETETETT ]| attrilbesteilyback:n

LECEEEEEEEEETET T EEETTr T (8)
LEEEEEETTETETETT T | attribute chg3n>

LEEEETETTETETETETEDT ] attribeaghs<=88

FEPEEEEREETETETETTTTT ] fipate perspective:f
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LECEEEEEEEEEET Tl
LEEEETETEETEEETETET T fibate perspective:p

LEEEEEETEETEEETETETTTTED!
LEETEEEPETTETETETTTT | attribosghs>88

LEEEEEEEEETEEETETTTTT ] fipate familypressure:1

LEEEEEEEEETEEET TR Tl
LEEEEEEEEETEEETETET | fibate familypressure:2

LECEEETEEEEETETEE T ETTeaa)
LEEEEEEEEETEEETETTTTT ] fipate familypressure:3

LECEEEEEEEEETET T ETT(aa)
LEEEEEEEEETEEETEEETTT | fibate familypressure:4

LEEEEEEEETEEET TR Tl
LEEEEEEEEETEEETETET T | fibate familypressure:5

FECTEEETTTERET TR rrdaa)
[IT111111]]] attribute maths>91
LITITELELTET L] | attribute physics<=91
FEETEEETTTEEETTT T | attribute ched@<
[EETEEEETTEEETTTTET D | attrifeneilypressure:1

ARNRRRARARARARARARARAR) RCRY
LEEEEEEETETETETETT T | attrikbenelypressure:2

LECEEEEEEEEETET T EEETTr T (8)
LECEEEEETETETETETTT ]| attribeneilypressure:3

LECEEEEEETET T ET ()
LEEEEEEEETTETETETTTT | attribantelypressure:4

131



LECEEEEEEEEETET T ErTr T (8)
LEEEEEETTETETETETET | | attribenelypressure:S

LEEEEEETETTETEE TR T (8)
LEFEEEETETTETET T ] attribute chgn>
LEPEEEEEETTETETETETT ] attriphtgsics<=87
LEPEEEEEEETETETETTTTT tipate physics<=85
LEEEEEETTETETETEEETTT T dtfibute physics<=84
LECEEEETEEEER R R TREne(®)
LEEEEEETEETEEETETETED T ] #dtiibute physics>84
LECEEEETEEE R R e e (o)
LEEEEEEEEETETETETETTT | fibate physics>85
LEEEEEETEETEEET TR Tl
LEEEETETTETETETETEN T ] attrilpitgsics>87

AERRRRRAARR RN RN
TTHLTELTELTT L] attribute physics>91

LETEEEETETTETTT ] attribute chega<
LEPEEEEEEETETETETTTT | attriobtem<=81
NARARARERARRRRARARARRARI©)
LEEEEEEEEETEEETTTTT ]| attribbeam>81
LEEEEEEETETEEETETEETTT | fibate perspective:f
LECEEEEEEEEEET T T
LEEEETETEETEEETETETT T fibate perspective:p

LECEEEEETEE TRl
LETEEEETETTETTT T ] attribute chgn>
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LEEEEEEETETETETETTT T | attrikbenelypressure: 1

LECEEEEEEETETETEE T ETEE T (4)
LEPEEEEEEETETETETTIT | attribanelypressure:2

LEEEEEETETTEEEEEEET T (6)
LEEEEEEEEETETETETTTT | attrifarelypressure:3

LEEEEEETEETEEETEE T T (8)
LEEEETETTETETETETET | | attribenelypressure:4

LECEEEEEEETETET T ETTr T (8)
LEEEEEEEEETETETETETT | attribartelypressure:S

FECEEEEETTEEETTETErrrrrre)
[11111]]] attribute chem>88
LTI ] attribute chem<=94
[LLELTTTLLTTT ] attribute maths<=93
[EEETTTTEEETTTT T | | attribute che®is<

AN ARNRRARARARARNC)
LEFEEEETETTETTT T | attribute crgn>

[TTEETEETEETTErTErrLT(e)
ITELTELTLELT L] attribute maths>93
[LITEETTEEETTEET ] attribute dvanc

ARNRRRARARARARARARARNC)
LEEEEETETETETTTT T | attribute Braew

RNRRRARARARARARARARNC)
LEEEEETETETETTTT T | attribute Brase

LEPEEEEEETTETETETTTT | attripetspective:f
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LECEEEEEETET T ()
LEEEETETTETETETET TN | attriperspective:p

LEEEEEETETTETEE TR T (8)
LEFEEEEEETTETTT ] attribute dvasee

LETEEEEEEETETETETTIT | attribartelypressure: 1

LEEEEEETEETEEETEE T T (8)
LEEEEEEETETETETETTT ]| attribenelypressure:2

LECEEEEEEETETET T ETTr T (8)
LEEEEEEEEETETETETTIT | attrifanelypressure:3

ARARARARARARARARARR AR C)
LEEEEEETTETETETETET | | attribenelypressure:4

AR ARERERRRRARARARRARE®)
LEEEEEETTETETETETET | | attribenelypressure:S

LEEEEEETETTEEEE TR T (8)
LEFEEEEEETTETTT | attribute dvaste
NERERNRARARRARARAR AN ©)
LEFEEEEEETTETTT ] attribute dvgrse
LEEEEEETEETETETETET T (8)

LEEEEETETETETTTT T | attribute Braes

ARNRRRARARARARARARARE )
LTEEEEEETETETTTT T | attribute Brane

ARRRRRRRNARRRA RN
LITLELLLLL L] attribute chem>94

LITLTELTLTEL L] ) attribute familybbck:
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LTEEETTTTETETET T | attribute peotpe:f
RNRRRARARARARARARARNC)
LEEEETETTETETET T | attribute petge:p

ARRRERRRNARRRARRNERRNG
[T ]| attribute familybpck:

LETTEEETETTETTTT | attribute faoméssure: 1

RNRRRARARARARARARARNC)
LEEEEEEETETETTTT T | attribute fgponéssure:2

FEEEETETEETETETETETET (4)
LEEEETTTTETETET T | attribute faonéssure:3

RNRRRARARARARARARARNC)
LETTEEETEETETTT | attribute fapnéssure:4

RNRRRARARARARARARARNC)
LETEELETEETETTT | attribute fapnéssure:S

ARRRERRRNARRRARRR ARG
[TTTTTTTTLL] ]| | attribute familybgck:

LEFEEEETETTETTT | attribute petpe:f
LEEEEEEEEETEEET T ()
LEEEETETTETTTET T | attribute pestpe:p

FECTEEEETTEEETTEEErT T (8)
[LTETTEEELT LT | attribute familyback:

ARARRRARARARARARARC)

Algorithm Takes 362282 milli seconds
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APPENDIX B

Decision Trees Generated on Application of Algoritms on
the CASE STUDY- Predicting the level of students ah
monitoring their performance using Decision Tree

Algorithm (Grading System)

Section 1.Decision Tree Generated on Running C4.5 Algorithmdoks like

| | | attribute midterm_marks<=20

[]1]]] attribute participation:1

[111111]] attribute tutorials:1

11T ] attribute midterm_marks<=16

LEFEEEETETTTTTT ()

[T111111]]]] attribute midterm_marks>16

LEEEETETETTTTT T (©)

[111111]] attribute tutorials:2

LEEEETETETTT (d)

[111]]1]] attribute tutorials:3

LETTETETETTT (o)

[111]]1]] attribute tutorials:4

ARARARARARARG)
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[111111]] attribute tutorials:5
FETEETETTET T (d)

[111]] attribute participation:2
[111111]]] attribute scope_placement:1

LEETETETETTT (D)

[1I11]]]] attribute scope_placement:2

ARARARARARARG)

[1111]1]]attribute scope_placement:3
FEETEEETTTET ()

[1111]1]]attribute scope_placement:4
[I11111111]] attribute interaction:1

LEEEEEETETTTTTT ()

[1T1111111]]] attribute interaction:2

LEEEETETTTTTTT T (©)

[1T11]11111]]]attribute interaction:3

LEPEETETETTTTT T (©)

[1T11]11111]]] attribute interaction:4

LEEEEEETETTTTT T (b)

[1T1111111]]] attribute interaction:5

ARNRNRARARARARNC)

[111]11]] attribute scope_placement:5

[1T1111111]]] attribute interaction:1

ARARARARARARARNC)

[111]11111]]]attribute interaction:2

137



LTEETTTTTETTT ] attribute labs:1
LEEEEETETETETETET T (d)
LEETEEETETTT ] | attribute labs:2
LEFEEEETEETETET T | attribute sname
FEEEEEEEEETETETETET T (d)

LEFEEEETEETETTT T | attribute sneme

LECEEEETEEEETETET T (d)
LEEEETETTETETETT ] attribute snasne

LEEEEEETEETETETETET T (d)

LEEEETETTETETETT ] attribute snasne

ARRRRRARARARARARARA )

[EEEETTTEEEETTT ] | attribute sneme
FECTEEEETTEEETT T T (d)
[ITTTTETTTLT L] attribute labs:3
TTHETELTELTEET L] ] attribute midtenarks<=19

LEEEETETEETETETETET T (o)
LEPEEEETETTETET T | attribute midtenarks>19

ARRARRARRERRER AR NE )
[TTTTELTEEL LT attribute labs:4

LEEEEETETETETETET T (d)
LTEETETTTETET] | attribute labs:5

LEEEEETETETETET T (d)

[111111]11]] attribute interaction:3

[TTHLTELTTETT L] attribute bname:it
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LEEEETETTETETET T | attribute midtenarks<=16

ARRRRRARARARARARARA )
LEEEEEETEETTTET T | attribute midtenarks>16

FEEEEEETEETETETETET T (2)

LITITELELTEL L] ) attribute bname:cs

LEEEEEETETTEEETETT (o)

[T11111111]][ attribute interaction:4

ARARNRARARARARNC)

[111]11111]]] attribute interaction:5

ARARNRARARARARNC)

[]1]]] attribute participation:3
LTI ()

[1]]]] attribute participation:4

[1111]1]] attribute midterm_marks<=18

LEETETETETTT ()

[11]]]]]] attribute midterm_marks>18

LEETETETETT (@)

[111]] attribute participation:5
LITTTTTTT ()

| | | attribute midterm_marks>20

[]1]]] attribute participation:1
[11111]]] attribute midterm_marks<=25

[T111111]]]] attribute creativity _anteativeness:1

LEFEETETETTTTTT(©)
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[1TI1111]]1] attribute creativity_anteaiveness:2
FETEETETTETTETT (©)

111111111 1] attribute creativity anteaiveness:3
[TTTETETETETT) | attribute understandheory:1

[TTTEETTEETTEETTT T (d)
[TTTTTTTLTT LT | attribute understandheory:2

NERRNRRNRRRRRRARREC)

ITITELTTTET T | attribute understendheory:3
FTELETETETETELED T ) attribute noidtemarks<=22
LETEETEETEETETTEETET ] attrilbo@me:it
FETECTEETEETEET TR (e)
FEETEEEETTEEETTTETT | attribueme:cs
LETEETEETEETEETEETET ] tibate midterm_marks<=21

LEEEEEEEETEEETETETT el
LEPEEEEEEETETETETTTTT ] fipate midterm_marks>21

LEEEEEEEETEEETETETT T
LEFEEEEEEETTTET T | attribute midtenarks>22
LEFEEEETETTETETETET T attribakie: 1

ARNRARARARARARARARR RN )
LEEEEETETETETETETT T attribatie:2

ARNRERARARARARARARARARAR®
LECEEEEETETEEETET ] ] attribake:3

LECEEEEEEETETET T EEEE T (b)
LEFEEEEEEEEETETETTT T attribatie:4
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RNRERARARARARARARARARAR
LECEEEEETETEEETETT T T ] attribake:S

[ETTEETTEEETTEEr T (d)
[TTTTETTLLT L] ]| attribute understepdheory:4

[TTTEETTEETTEET LT (o)
[TTTTETTLLT LT | attribute understapdheory:5

LEEEEETETETETETET T (d)

[1T1111111]1]]attribute creativity _anteaiveness:4

LEEEETETETTTTT T (©)

[T ] attribute creativity _anteaiveness:5
FECEETTEETTEETT(d)

[11111]]] attribute midterm_marks>25
[TITTTLTTT] ] attribute sname:d

LEFEEEETETTETT T (b)

[1T1111]111] attribute sname:s
[EEETTTEEEETT T (d)

[1TITT1T]]1] attribute sname:ds
[TTTLTELTTLT LT attribute bname:it
[LEEELTLLLTTTLLL L | attribute midtenarks<=29

LEEEEEETTETTETTETTTTT ()
LELLELEETELTEL D] | attribute midtenarks>29

ARNRRRARARARARARARA )

[TT1TTEEETTTET] ] attribute bname:cs

LEEEETETETTETETET T (d)
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[T ] attribute sname:os

ARARNRARARARARNC)

[ITITETT]]]] attribute sname:cn

LEEEEEETETTTTTT ()

[111]] attribute participation:2

[11111]]] attribute understanding_theory:1

ARARARARARARG)

[|1111]]] attribute understanding_theory:2

LETTETETETTT ()

[|1111]]] attribute understanding_theory:3

11T attribute labs:1

[TTETTETTETTIT](C)
11T attribute labs:2

[TTETTETTETTIT](c)
[ITITETT]] ] attribute labs:3
ITHLTELTTELT L attribute interaction

NARARARARARRRRARNR S

[ITTLTTLLTEL LT attribute interacBion
FECTEEETTTEETTTETCe)

[TITTELTTELT | attribute interacBon
[EETEEETTTEETT T | attribute bniame

ARNRRRARARARARARARA )

LEEEEETETETETETT T | attribute bnesne

NERERNRNRRRRARARERRRN®
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[TTTTELTTELTT | attribute interaction

ARNRERARARARARARAR S

LITLTELELTET L] | attribute interacEion

[TTEETEETTETTETTTT (e)
[ITITETT]] ] attribute labs:4

[TTEETETTTETTT] (o)
11T attribute labs:5

LEEEEETETETETTT ()

[11111]]] attribute understanding_theory:4

[ITITTT]] ] attribute work_type:t
[TTTTELTTELT T | attribute interaction
FEEEETTEEEETTTT T (e)
[TITTELTTELL | attribute interacBion
[EPEETTTEEEETTT ] | attribute snéme
FEETTTEEEEETTEEEErr (e

LEFEEEETEETTTTT T | attribute sneme

NARERNRARRRRARARERRRN®
LEPEEEETEETTTET T | attribute snasne

LECEEEEETETETETETETTT ()

LEEEETETTETETETT ] attribute snasne

ARNRRRARARARARARARA )

LEEEETETTETETETT ] attribute snemne

[LTTEETTTEETTEErTErT](e)
LITHLTELTTELT L attribute interacBon
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LEEEEETEEETETET LT (o)

[TTTTELTTELTT | attribute interaction
[TTITTETTTETEETT ]| attribute bnéame
[TTEETEETEETTEETEr || attrisosme:d

LEEEEEEEEETEEETETETTET T ()
LETEEEEEEETETETETTTT | attrisoteme:s

LECEEEEEETE TR ET T (2)
LEEEETETEETETETETET | | attrisogeme:ds

LEEEEEEEEETEEETETETTET T (e)
LEEEETETTEEETETETET | | attrisogeme:os

LECEEEEEEETETET T EE T (b)
LEPEEEETEETETETETETT ] attrisogeme:cn

LECEEEEEEETETET T EE T (b)
LETEEEETETTETET T ] attribute bnesne
LEEEEEETETTETETETETT ] attrisogeme:d

LEEEEEETEETETEE TR T (o)
LEPEEEEEEETETETETTTT | attrisoteme:s

LEEEEEETEETETEE TR T (o)
LEEEETETEETETETETET | | attrisoseme:ds

LECEEEEEEETETET T T (b)
LEEEETETEEEETETETET | | attrilsogene:os

LEEEEEETEETEEETETETT ] fibate midterm_marks<=27

LECEEEEETEEET T T @l
LEEEEEEEEETETETETTTTT ] fipate midterm_marks>27
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LECEEEEETEEET T T
LEEEEEEETETEEETETTT ]| attrilsogeme:cn

LEEEEEETETTETET TR T (o)

LITTTTTTTETLELL ] attribute interacBon

[TTTEETTEETTEET LT (o)
[TTTT1111]1]] attribute work_type:p

LEEEEETETETETTT ()

[T111111]]1] ][ attribute work_type:m

LEEEETETETTTTT T (©)

[111]]]]] attribute understanding_theory:5

[TTTTEITTT] ] attribute bname:it

LEFEEEETETTTTT T ()

[T111111]]] ]| attribute bname:cs

LEEEETETTTTTTT T (©)

[111]] attribute participation:3

[II11]]]] attribute scope_placement:1

LETTETETETTT ()

[1I11]]]] attribute scope_placement:2

ARARARNRARARC

[111]11]] attribute scope_placement:3

ARARARNRARARC

[111]11]] attribute scope_placement:4

ARARARARARARCY

[TI111]]] attribute scope_placement:5
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[1T1111111]]] attribute interaction:1

LEEEEETETETETTT ()

111111111 1] attribute interaction:2
[EEEETTTEEEETT T (o)

[1TIT111]]1] attribute interaction:3
ITTTELELTET LT | attribute work_type:t

LEEEEETETETETETETT ()
LTEETTTTTETET] | attribute work_type:p

[TTTEETTEETTTETTT T (@)
[TTTTEEETTTLT] ] attribute work_type:m

[TTTEETTEETTEETTT T (o)
[ITITETT]] ] attribute interaction:4
[TTTTELTTELL T | attribute sname:d

LEEEETETETTETETETT (o)

[ITTLTELTTLT L] attribute sname:s
[EEEETTTEEEETTTT T (o)
ITELTELTTLT LT attribute sname:ds
[EEETTTTEEETTT T | | attribute bniame
FECTEEEETTEEETTEEErT T (o)
[EETEEETTTEETT T | attribute bnesne
LECTEEEETTEEETTTEET | attribake:1

LECEEEEEEEEETET T ETEr T (b)
LECEEEEETEEETETETT T attribatie:2

LEEEEEEEEETETEE TR T (o)
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LECEEEEETETEEETET ] ] attribake:3
LECEEEEEEETETET T EE T (b)
LEPEEEEEEETETETETTTT | attribakie:4
LECEEEEEEETEEETETTTTT ] fipate midterm_marks<=23
LEFEEEETEETEEETETTTTT T ] ddtfibute midterm_marks<=22

LEEEEEEEEETEEET R R Tenn (o)
LEEEEEEEEETEEETETET T ] 4dtfibute midterm_marks>22

RN AN RA AR R Y
LEEEEEEPEETETETETTTT L] fipate midterm_marks>23

LECEEEEEEEETEE T T @l
LECEEEEETETETETETT T ] attribake:S

LEEEEEETEETETEE TR T (o)

[TT1TTEETTET] ] attribute sname:os

LEEEETETETTETETETT (o)

LITHETELTTELT L] attribute sname:cn

LEEEETETETTETTTETT (@)

[1T1111111]]] attribute interaction:5

LEEEEEETETTTTT T (b)

[|]]]] attribute participation:4

[111111]] attribute bname:it

LTEETETETETT (B)

[11111]]] attribute bname:cs

LLITTTTTT ] attribute Tib_visit:1

LEPEEEETETTTTT T (b)
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[ITTTELTTT] ] attribute lib_visit:2

FETTEEETTTEETTT (o)
[TTTTTETTT ] attribute lib_visit:3

EEEEEETTTTTT T (2)
[ITITETT]] ] attribute lib_visit:4

[LEEETTTETTTTTTT (b)
11T attribute lib_visit:5

ARARNRARARARARNCY

[111]] attribute participation:5

LT (@)
Algorithm Takes 66172 milli seconds

Section 2Decision Tree Generated on Running Algorithm 1 look like
| | | attribute lectures:1

| 1111 | attribute bname:it

LT (d)

| |]1]] | attribute bname:cs

[ 1 111]]] ] attribute midterm_marks<=18

TR T (d)

[1 111111 | attribute midterm_marks>18

TR T (e)

| | | attribute lectures:2

[ 1111 | attribute bname:it

LEEETTTTT(d)
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| | ||| ] attribute bname:cs

[ 1111111 | attribute midterm_marks<=19
LR (d)

[ 111111 | attribute midterm_marks>19
LTI attribute lib_visit:1

FEEEEEEEEEE T T(e)

[T L1 1] | attribute lib_visit:2

FEEETTTETEEETT T (e)

LTI L1111 ]| attribute lib_visit:3

LEEEEEEEEE 1)

[T111 111111 ]| attribute lib_visit:4

FEEETETTTEEETT 1 (d)

[LLLL] ]| attribute lib_visit:5
LETEETEET T (@)

| | | attribute lectures:3

| | ]]] | attribute tutorials:1

[1111]]] ] attribute bname:it
FETTETTETTT T (e)

[1 111111 | attribute bname:cs

1111111 ]| attribute midterm_marks<=19

LEEEEEEEEE ()

LTI ] attribute midterm_marks>19
IR (e)
| | ||| | attribute tutorials:2

[111111] ] attribute sname:d
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[1TT1 111111 ] attribute midterm_marks<=22

FEEETTTETEEETT T (e)

1111111111 ] attribute midterm_marks>22
FIETETETT T (b)

[1111]]]] ] attribute sname:s

LLLLLL 1] attribute midterm_marks<=19

FEEETEETTEEETT 1 (d)

1111111111 ] attribute midterm_marks>19
FETETETETTET T 1 (e)

|1 111]]] ] attribute sname:ds
111111111 ] attribute labs:1

FEEETETTTEEETT 1 (d)

L1111 ]| attribute labs:2
FETETETETTET T 1 (e)
[TLLLT 1] ]| attribute labs:3

LLLLLL L] | attribute bname:it
FIETETEETEr (o)

1L L] ] attribute bname:cs
LTI ]| attribute midterm_marks<=19

EEREREN NN R R R R

LTI )] | attribute midterm_marks>19

LEEEEEEEEEErErrr (e

LLLL )11 attribute labs:4

FEEETETTTEEETT 1 (d)

111111111 | attribute labs:5
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FEEEEETTTEE T (d)

|1 111111 | attribute sname:os

11111111 | attribute midterm_marks<=20
1L LLTLL L] | attribute midterm_marks<=17
FIETETEEr e

LLLLLLL LT | attribute midterm_marks>17
LETETET TR | attribute bname:it

EEREREE NN R R R R

LETETET TR attribute bname:cs
FIETETTEE e

LLLLLT 1111 | attribute midterm_marks>20
11T | attribute bname:it

IR ET T rrrt(e)

L1 ]| attribute bname:cs

LTTLTLLL L] | attribute midterm_marks<=23

LEEEEEEEEEEEErrr (e

LLLLLLLIIT LT attribute midterm_marks>23
LETETETET T rrlb)

|1 111111 | attribute sname:cn

11111111 | attribute midterm_marks<=20

LEEEEEEEEEr ()

LTI | attribute midterm_marks>20
FIETETETT T (b)
| | ||| | attribute tutorials:3

[11111]] | attribute midterm_marks<=18
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LT TEEET T (o)

[1 111111 | attribute midterm_marks>18
11111111 attribute midterm_marks<=21
LLLLLL LT | attribute bname:it
LIETETEETErErErrtle)

LTLLLTT ]| attribute bname:cs

FT1ILLLTL L] attribute midterm_marks<=20
LETETETET T rrl(b)

LTI LLTLI L] 1] | attribute midterm_marks>20
FIETETTET PR E ]| attribute work_type:t

LEEEEEEEEEr e et e rrrrrtie)

FEEETTTEEEEEEEETE ] | attribute work_type:p

EEEEETEEErrr (o)

LEEETETEEEEEEEETE 1] ] attribute work_type:m

LEEEEEEEEr e rrrerrrrri(d)

[LLLLT 1] ]| attribute midterm_marks>21
TR ETET T T (o)

| | | | || attribute tutorials:4

|1 111]]] ] attribute midterm_marks<=18
LETTETTETTT T (b)

[ 111111 ] attribute midterm_marks>18
LLLLLL ]| attribute midterm_marks<=23

LEEEEEEEEE 1)

[T1 11111 1] ]| attribute midterm_marks>23

NERERRNRE RN RNC)
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| | | | || attribute tutorials:5

LETTTTET T (o)

| | | attribute lectures:4

| ||| ]| attribute understanding_practical:1
LETTETTT T (e)

| ||| ]| attribute understanding_practical:2
[1111]]] ] attribute work_type:t

L1111 | attribute bname:it

LITLLIIL )] ] attribute midterm_marks<=23
LILLLL L] ] attribute interaction:1

LEEEEEEEEEEEErrr (e

11T attribute interaction:2
FETETET P rrte)

1L LELTL )] 1] ] attribute interaction:3
FITTETEETErEr et
LTTLLTTI I | attribute interaction:4
FIETETTET (o)
11T attribute interaction:5
FETETET T rrt(e)

LTI LLLL L] | attribute midterm_marks>23
FIETETETT i)

[1LLI1 11111 | attribute bname:cs
FLITLLLL L] ]| attribute lib_visit:1

EERRREE AR RR R

FTTTLLL ]| attribute lib_visit:2
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NERRREE R RERR RN

[T 1] attribute lib_visit:3
LTI ]| attribute midterm_marks<=21
LTI L] ] attribute midterm_marks<=20

LEEEEEEEEEr e et rrrrrrrtte)

LTI ] attribute midterm_marks>20

EEEEETEEEr et )

LTI LLLL L)1 attribute midterm_marks>21
LETETETET T rrlb)
LTI ]| attribute lib_visit:4

LTTLLLL L] | attribute midterm_marks<=25

NERERRER NN R RRRNC

LTI ]| attribute midterm_marks>25

LEEEEETEErrrrrr el (a)

FTTTILET L] ]| attribute lib_visit:5

FEEEEEEEEEEEr (e

[11 11111 ] attribute work_type:p
LETTETTETTT T (b)

[1111]]] ] attribute work_type:m

111111111 | attribute midterm_marks<=23
TR ETETTETET 1 (e)

[LLLLT 1111 ]| attribute midterm_marks>23

11T LLLTL L] | attribute midterm_marks<=25

NERRREN AR RR RN

[1TTTTLTTT 1] | attribute midterm_marks>25
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EERRREE AR RR R

| ||| ]| attribute understanding_practical:3
[11111]]] attribute midterm_marks<=23
LTI attribute midterm_marks<=19
IR (b)

LTI ] attribute midterm_marks>19
LETTETTETTET LT | attribute work_type:t
LETTETEETEET LT | attribute bname:it
LETEETEETEEEr 1| attribute sname:d

LEEEEEEEEEr e et rrrrrrrto)

LEEEEEEEEEEEEEEEEETT | attribute sname:s

LEEEEEEErEr e e et (a)

LEEEEETEEEEEEE T ] | attribute sname:ds

EEEEETEEErrr (o)

LEEEEEEEEEEEEEEEE LT | attribute sname:os

LEEEEEEEEE et rerrrrrto)

LEEEEEEEEEEEEETTEETT T attribute sname:cn

FEEETETTEEEErE || attribute participation:1

EEEEETEEErrr e e el (o)

FEEETETEEEEEEEEr || attribute participation:2

LEEEEEEEE e et e e et o)

FEEETTTTEEEET T EEET 1| attribute participation:3

LEEEEEErrrr e et et

EEETETEEEEEEr e attribute participation:4

EEEEETEEErrr e e el (o)
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FEEETETTEEEEEEEr || attribute participation:5

EEEEETEEErrrr e el (o)

LEEETTTTTEEEETTT ]| attribute bname:cs

LEEEEEEEEEEEErrr (e

LEEETTTT T ] attribute work_type:p

FEEEEEEEEEEE (e

IR ETTETTTT ]| attribute work_type:m
FETETET T rrrt(e)
[11111]] ] attribute midterm_marks>23
[TLLL]]11]] ] attribute bname:it
FIETETETT T (b)
1111111111 ]| attribute bname:cs

LTTTLLL ]| attribute midterm_marks<=25
LEEETET P rrrt(o)

LLLLLLL LT | attribute midterm_marks>25
LIETETTTEE LT | attribute sname:d

LEEEEEEEEEEErr et (o)

LT TEEEEEETT ]| attribute sname:s

EEREREN NN R R R R

LEEETTTTTEEEETTT] | attribute sname:ds
LEEEEEEEEEE e r (o)
LEEEEEEEEE T T | attribute sname:os
LEEEEEEEEEEEEr et (o)

LEEETTTTTEEEETTT] | attribute sname:cn

LEEEEETEErrrrrr el (a)
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| ||| ]| attribute understanding_practical:4
[111111]] ] attribute sname:d
111 L1 attribute midterm_marks<=18

FEEEEEEEEEE T T(e)

[T111 111111 ]| attribute midterm_marks>18

LEEEEEEEEEEEET T (a)

[ 1111111 | attribute sname:s

IR (b)

|1 111111 | attribute sname:ds

LTI TLLL 1| attribute midterm_marks<=18
FIETETETT T (b)

[LLLL L)1) | attribute midterm_marks>18
11T | attribute bname:it
FETETETEEErr et

LTLLLTT L] | attribute bname:cs

LTTLTLLL L] | attribute midterm_marks<=22

LEEEEEEEEErrrr i)

LTI LLLL )] attribute midterm_marks>22
FETETET T rrte)

|1 111111 | attribute sname:os

FIETETETTET (o)

|1 111]]] ] attribute sname:cn

1111111 ]| attribute midterm_marks<=24

FEEETTTTTEEETT T (o)

[1TT111111]1] attribute midterm_marks>24
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NEREREERR NN RNC)

| ||| ]| attribute understanding_practical:5

|1 111]]] ] attribute midterm_marks<=21

1T LL] 11111 attribute bname:it

1L LLILL L] | attribute midterm_marks<=17

FEEEEEEEEE (e

FTTTLLL ] ]| attribute midterm_marks>17

EERRREE AR RR R

1111111111 ]| attribute bname:cs

LEEEEEEEEE 1)

[ 111111 | attribute midterm_marks>21
TR @)

| | | attribute lectures:5

| 1|11 | attribute sname:d

[11111]] | attribute bname:it

FEEEEEEEEE T T (e)

[ 1111]]] ] attribute bname:cs
LETTETTETTT T (b)

| | |11 | attribute sname:s
LETTETTT T ()

| |]1]] | attribute sname:ds

|1 111111 | attribute bname:it

FEEEEEEETTT ] (k)

[11111]] | attribute bname:cs

EERRRENRRRRNC)
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| | | | | | attribute sname:os

[11111]] | attribute bname:it

EERRRENRRRRNC)

|1 111]]] ] attribute bname:cs

FEEEEEEEEET (e

| 1111 | attribute sname:cn

LTI (b)

Algorithm Takes 43203 milli seconds

Section 3Decision Tree Generated on Running Algorithm 2 look like

| | | attribute midterm_marks<=20
|| 1] attribute midterm_marks<=15
[111111]] attribute sname:d

ARARARNRARARC

[111]11]] attribute sname:s
[EPETTTEEET T (d)

[111111]] attribute sname:ds
[IT1111111]] attribute interaction:1

LEPEETETETTTTT T (©)

[ITIT111]]]] attribute interaction:2

LEFEEEETETTTTTT ()
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[1T1111111]]] attribute interaction:3

ARARRRARARARARE)

[1T11]11111]]][ attribute interaction:4

LEEEEEETETTTTT T (b)

[111]11111]]] attribute interaction:5

LEEEEEETETTTTTT ()

[111]]]]] attribute shame:os

ARARARARARARG)

[111111]] attribute sname:cn

ARARARARARARG)

[1]]] ] attribute midterm_marks>15

[1I111]]] attribute understanding_practical

ARARARARARARG)

[1I111]]] attribute understanding_pracHcal

[111]11111]]] attribute shname:d

LEEEETETTTTTTT T (©)

[1111111]]]]attribute shname:s

LEEEETETTTTTTT T (©)

[T ]| attribute shame:ds

ARARRRARARARARE)

[T ]| attribute shame:os

LLUTTTTTETTT L] attribute bname:it

LEEEEETETETETETETT ()

LITTTELELTEL L] ) attribute bname:cs
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NRNRERARARARARARAR S

LTI ] attribute sname:cn
FEEEETTEETTEETT(d)

[11111]]] attribute understanding_prac8cal
[1T1111]11]] attribute sname:d

LEEEEEETETTTTT T (b)

LTI ] attribute sname:s

ARARNRARARARARNC)

[ITITELTT] ] attribute sname:ds

LEEEEETETETETTT ()

[T ]| attribute shame:os

LEEEEEETETTTTTT ()

LTI attribute sname:cn
FETTEEEETTEEETT ()

[1111]1]] attribute understanding_practical
[1TTTTT11] ] attribute midterm_marks<=18
[TTLETETETETTL | attribute midterm ksvwee16

FEEETEEETTETTTEETT (o)
1T | attribute midterm ksrat6

LEEEEETETETETET T (d)

[T ]| attribute midterm_marks>18

[TTTTELTTELL T | attribute sname:d

LEEEEETETETETETET T (d)

[ITHITELTELT L] attribute sname:s
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LEEEEETEEETETET LT (o)

[TTTTEEETTTET] ] attribute sname:ds

LEEEETETETTETTTETT (@)

[TTTTTTTLLL T T | attribute sname:os

LEEEETETETTETETET T (d)

ITELTELTTEL LT attribute sname:cn
FECTEEETTTEEETET T (d)

[111111]]] attribute understanding_prackical
LTI ] attribute midterm_marks<=17
[TTTTELTTEL LT | attribute midterm kswes16

FEEEETTEETTEETTET (e)
[TITTELTTE DT attribute midterm ksrat 6

LEEEEETEEETETET T (o)

[T ] attribute midterm_marks>17
LETEETETEETTETT (b)

| | | attribute midterm_marks>20

[ 11]]] attribute midterm_marks<=25
[11111]]] attribute understanding_theory:1

ARARARNRARARC

[111]]1]] attribute understanding_theory:2

ARARARNRARARC

[111]]1]] attribute understanding_theory:3

[T111111]]]] attribute understanding:tiwa: 1

LEEEETETTETTTTT T (©)
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[I11111111]] attribute understandingctiwa: 2
[LITEELTEEL LT | attribute sname:d
FECEEETTEEEETTTT T (e)
[TITTELTTET LT attribute sname:s
TTEETELTELTEET L] ] attribute midtenarks<=22
[EEETTTEEEEETTEETET(d)
CELEVTEEELLTTLL L] | attribute midtenarks>22
LECTEEEETTEEETTTEET | attriboitéerm_marks<=23

LEEEEEEEEETEEETETETTET T (e)
LEEEEEEETETETETETTT ]| attriloigierm_marks>23

LECEEEEEEETETET T EE T (b)

[T | attribute sname:ds

LEEEEETETETETET T (o)

[T | attribute shname:os

NARARARARARRRRARNR S

[TITTEITTTL ]| attribute sname:cn
[EEEETTTEEEETTTT T (d)

[1111111]]]] attribute understanding:tjwa:3
ITELETELLTET LT attribute midterm kisves23
[LEEELTLLLTTELLL L | attribute midtenarks<=22
FECEEETEETTEETTEET T ] attribeitierm_marks<=21

ARNRERARARARARARARARARAR®
LEEEEEEETETETETETT ]| attriloigierm_marks>21

LEEEEEEEEETETEE TR T (o)
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CELEVTEEELLTTLL L] | attribute midtenarks>22
NERRRRARRRARRRRARRARARC)

[T | attribute midterm kisre?3
FETEETTTETTTETTT T attribute lisitst

NARERARNRRRRARARERRRN®
LEFEEEETETTTTTT | attribute lisits2

RNRRRARARARARARARA )
LEEEETETTETTTETTT | attribute lisit3

LEEEEEEEEETETETETET T (o)
LEEEEEETTETETTTT | attribute lisitv

ARNRRRARARARARARA RN )
LEFEEEETETTTTET | attribute lisitss

NERRNRRNRRRRRRARRAR RN

[TITI]]111]] attribute understanding:tima: 4
[TTTETETETETL )| attribute midterm kswee23
CITETELELTELEL DL | attribute midtenarks<=22

LEEEETETEETETETETET T (o)
LEFEEEETETTTTET T | attribute midtenarks>22

FECTEEEETTEEETTEEET T (@)
[TTTEELETTEL LT attribute midterm ksrs23

LEEETEEETTETTTT T ()
[T111111]]]] attribute understanding:tiwa:5

LEEETETETTTTTTT (©)
[111]]]]] attribute understanding_theory:4
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[TTTTELTTT] ] attribute sname:d
[TLTTELTEEL LT | attribute bname:it

NARARARARARRRRARAR S

ITELTELTTLT L] attribute bname:cs
[EEEETTTEEEETTTT T (@)

[1T11111111] attribute sname:s
[TITTELTTEL LT attribute tutorials:1
FECTEEETTTEETTTETCe)
ITELTELTTLT T attribute tutorials:2
[LEEELTLLLTTELLL L | attribute midtenarks<=23
FECTEEEETTEEETTTEET ] | attriboitierm_marks<=21

LEEEEEEPEETETETETETTET T (e)
LECEEEEETETETETETT ]| attriloigierm_marks>21

LECEEEEEETTETEEETETTTT T (&)
LEPEEEETETTTTET T | attribute midtenarks>23

NARERNRNRRRRARARERRRN®

ITHETELTTETT L] attribute tutorials:3

NARARARARARRRRARNR S

LLUTTTTTETTT LT attribute tutorials:4

LEEEEETETETETETT T | attribute bname

ARNRRRARARARARARARA )

LEEEEETETETETTTT T | attribute bnesne

[LTTEETTTEETTEErTErT](e)
ITHETELTTETT L] attribute tutorials:5
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ARNRERARARARARARAR S

[ITTTELTTT] ] attribute sname:ds
[TTHETELTTETT L] attribute bname:it

LEEEEEETETTETTTETT (@)

LITITELELTEL L] ) attribute bname:cs

NARARARARARRRRARNR S

[T ] attribute sname:os
FETTEEETTTEETTT (o)

[ITITT1T]]]] attribute sname:cn
[TITTELTTELT T | attribute interaction

ARNRERARARARARARAR S

[T11TTETTTTT]] ] attribute interacHon

[TTTEETTTETTTETTT T (c)
LITHLTELTTELT L attribute interacBon

LEEEETETETTETETETT (o)

LTTHLTELTTELT L attribute interaction

LEEEETETETTETTTETT (@)

LITTLTTTTETLELL ] attribute interacBon

LEEEEETETETETETETT ()

[111]]]]] attribute understanding_theory:5

ARARARARARARCY

[1]]] ] attribute midterm_marks>25
[111]11]] attribute interaction:1

[111]11111]]]attribute sname:d
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ARARRRARARARARE)

LTI ] attribute sname:s

LEEEEEETETTTTT T (b)

[ITITELTT] ] attribute sname:ds

LEEEETETTTTTTTT(©)

[ITITETTT] ] attribute sname:os

ARARRRARARARARE)

[T1111111]]] attribute shame:cn

LEEEEEETETTTTT T (b)

[111]11]] attribute interaction:2

LTEETETETETT ()

[111]1]]] attribute interaction:3

LTEETETETETT ()

[111111]] attribute interaction:4
[LLLETTT] ] attribute midterm_marks<=27

[TTTLTELTTELT L] attribute sname:d

LEEEETETETTETTTETT (@)

[ITHITELTELTL L] attribute sname:s

LEEEEETETETETETETT ()

[TTTTTEETTTET] ] attribute sname:ds

ARARRRARARARARARARCY

[TTTTTEETTET] ] attribute sname:os

ARNRRRARARARARARARCY

LITHETELTTELT L] attribute sname:cn
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ARNRRRARARARARARARCY

[T ] attribute midterm_marks>27
[LTTTELTTELL T | attribute sname:d

LEEEEEETETTETTTETT (@)

[ITHLTELTLELT L] attribute sname:s

LEEEEEETETTEEETETT (o)

[TTTTEEETTLET] ] attribute sname:ds

LEEEEETETETETETETT (o)

[T | attribute sname:os

ARNRERARARARARARAR S

[TTTLEEETLTET] ] attribute sname:cn

LEEEETETETTETETETT (o)

[111]11]] attribute interaction:5

[111]11111]]] attribute shname:d

LEEEEEETETTTTT T (b)

[1T111111]]]]attribute shname:s

LEEEEEETETTTTT T (b)

[ITITELTT] ] attribute sname:ds

ARARNRARARARARNCY

[T ]| attribute shame:os

LEEEEETETETETTT ()

[T1111111]]] attribute shame:cn

LEEETETEETETTTT (b)
Algorithm Takes 115297 milli seconds
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APPENDIX C

Decision Trees Generated on Application of Algoritms on
the CASE STUDY- Predicting the eligibility of students
regarding AIEEE Counseling (Based on Real AIEEE da)

Section 1.Decision Tree Generated on Running C4.5 Algorithmadoks like

| | | attribute Marks<=93

| |1]]] attribute catagory:GEN

[111111]]] attribute Gender:M
[T11111111]] attribute Al_Rank<=310105
[TTTEELTTEL LT attribute Al Rank<551165
[EETEEETTTEEETTT ] (not eligible)
[TTTEELTTEL DT attribute Al Rank>5065
[EETEEEETTEEETT ]| attribute ca@BECH
FEETEEETTTEEETTTEET | attriBitey_year<=89
LETEETETTEETETTETTET T [t €hgible)
FEETEEEETTEEETTTTET D] attriBites_year>89
FECTEEEETTEEETTTEEET T | fibate Marks<=47
LETEETEETEETEETEETEETT1(Adt eligible)
LETEETEETEETETTEETEL ] tibate Marks>47

LEEEEEEETETETETETETTT Tl 4dtfibute Marks<=54
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LECEEEEETEEEETEEET T RN (not eligible)
LEEEEEEETEEEEETETETTT Tl 4dtfibute Marks>54

LEPEEEEEEETETETETETET TN attribute Marks<=57
LEEEEEEEETETEEETETEE TR T 11 (not eligible)
LEEEEEEEEEEEEETEETTTETENT ] attribute Marks>57
LEEEEEEEEETEEETEEETTE TR | | attribute Al_Rank<=170607

LEEEEEETEEEEETEETETERERR T 1T | (eligible(category))
LEEEEEEEEEEEEEE T TRNENT | ] attribute Al_Rank>170607

LEEEERETEETEEEEEEEETRRRRT T | (not eligible)
LETEEEEETETETETT T | attribute ca@®&RCH

FEEEETTTEEEETTTT T | (notheey
LITLITTTT ]| attribute Al Rank>310105

LITEETETTETTTTT (not eligible)
[111111]] attribute Gender:F
[TTTEETTTTT] (not eligible)

[1]1]]] attribute catagory:OBC

[1111]]]] attribute Al_Rank<=309285
[TTTEETTTTT] (not eligible)

[11111]]] attribute Al_Rank>309285
[IT111111]]] attribute course:BTECH
[TTTEELTEEL LT attribute Al Rank<438%
FETEETETTETTETT T attribute Mes2sl
FETEETEETEETETTEETTT ] attrilBitds_year<=88

LEEEEEEEEETETETETETTT | fibate Marks<=15
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LEEEEEEEEEETETEEET T T rdt eligible)
LEEEEEEETEEEETETET T | fibate Marks>15

LEEEEEEEETTEEETETETET 1] (dligible(category))
LEFEEEETEETETETETET T attrilites_year>88

LEPEEEERETTETETETETTL T [t €hgible)
LETEEEETETTETTT T | attribute Ma2és
LEEEETETTETETETETEN T ] attriblaeks<=26
LEEEEEEEEETEEETETETTT | fibate Marks<=23
LEEEEEETETTETETETETET T ] #dtiibute Al_Rank<=373466
LECEEEEEEEEEEEEEETETTRNT | attribute Birth_year<=88

LEEEEEEEEETEEEEEEETERERTT T (not eligible)
LEEEEEEEETTEEETEEETTETENT ) attribute Birth_year>88

LEEEEEETEEEEEEEEEETERERTL T 1 (eligible(catagory))
LEEEEEETETTEEETETETET T ] #dtiibute Al_Rank>373466

LEEEEEEEEETEEETETETTTTERED (not eligible)
LEPEELEEEETETETETTTTT ] fipate Marks>23

LEEEEEETEETETETETETTTT1ride eligible)
LEFTEEETETTETETETTTT ] attribdaeks>26

FECEEEEETETTTTTTTTL L] 1t €hgible)
[TTTEELTTEL DT attribute Al Rank-8254

LEEETEEEETETTTT T (not eligible)
[1T1111111]]]attribute course:BARCH

LTHETETETETETT T (not eligible)

[1]]]] attribute catagory:SC
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[11111]]] attribute Marks<=36
[TITTTLTTT] ] attribute Marks<=11
[ETETTTTEETTTT T (not eligible)
LTI attribute Marks>11
[ITIITETTTLTT] ] attribute course:BRIEC
[ETEETTTEEEETTT ] | attribute Gehtle
FEPTEEETTTEEETTETETT T | attridaeks<=16

LEEEEEEETETEEETETEETTT | 1t €hgible)
LEFTEEETETTETETETTTT | attribdaeks>16

LEEEETETTETEEETETET T | Idibée(catagory))
LEEEETETTETTTET T attribute Gehde

[TTETTETTEETEETTETT ] (eligdaagory))
[TITTELTTELT T | attribute course:BARC

[ETETTTTEEEETTT T | (not eligible)
[11111]]] attribute Marks>36
[1TITT1T]]1] attribute Marks<=65
[T1TTELTTET LT attribute course:BAIEC

[TTETTETTTETTETT T (eligible(catgp
[TITTELTTELT T | attribute course:BARC

[TTTEETTEETTTEET ]| (not eligible)
[TTTTT1111]1] attribute Marks>65
[TTTTELTTELTT L] attribute course:BAIEC

[TTTEETTEETTTEET ]| (not eligible)
LITHLTETTLELTT L] attribute course:BARC
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LTEEEEEETETETTTT T | attribute Biygar<=89
LEEEETETTETETETETET T ] attriblaeks<=73
LEEEEEEEETTETETETETTT | fibate Marks<=69

LEEEEEEEEETETEEETETTT T 1 rde eligible)
LEPEELEEEETETETETTTT ] fipate Marks>69

LEEEEEETETTEEETETETET T ] (dligible(catagory))
LEEEEEETTETETETETET] | attriblaeks>73

LEEEETETTETEEETETET T | Idibée(catagory))
LEPEEEEEEETTTTT ]| attribute Bygar>89

FETEETEETETTETTETTET T (eligdateagory)
|1]]]] attribute catagory:ST

[111111]] attribute ST_Rank<=4250
[I11111111]] attribute course:BTECH
[TTELTELTTEL LT attribute Marks<=18

[TTITTETTEETEETTT] (not eligible)
[ITELTELTELT L] ) attribute Marks>18

[TTETTETTTETTETT T (eligible(catgp
[1TTIT111]]] attribute course:BARCH
[TTTEELTTEL LT attribute ST_Rank2631

[LECETTTTTTTTETL || (eligible(catsp
[TTTEELTEEL LT attribute ST_Rank®312

LEEETEEETTETTTT T (not eligible)
[111]]]]] attribute ST_Rank>4250

LTTTTTETTTT (eligible(catagory))
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| | | attribute Marks>93

[1]1]]attribute ST_Rank<=1181

[111111]] attribute Al_Rank<=43743
111111111 1] attribute Al_Rank<=12056
[TITTELTTET LT attribute course:BAIEC
[EETEEETTTEEETTT ] (not eligible)
[LTITTTEEET D] | attribute course:BARC
LETEETEETETTETTT T attribute AnBRaES755
FEETEEEETTEEETTTEET T (eligible
LITEETEETETTETT L] attribute AnKRe&755
FITEETETTETTETTETT T | attribdaeks<=130
FEETEEEEETEEETTTEETT T [t ghaible)
FETEETEETETTETTEETET ] attribdaeks>130
FECTEEETTTEEETTTEETT T | fibate ST_Rank<=592
FEETEEEETTEEETTTEETT T[] fdtiibute Birth_year<=89

LEEEEEEEEETETETETETET TN (eligible)
LEFEEEEEETTETETETETTT ] #dtiibute Birth_year>89

LEEEEEEEETEEETETETTTTERED (not eligible)
LEEEEEETEEEEEETETET T | fibate ST_Rank>592

[EETEETTEEETTEErTEEr 1 (eligible)
[ITITETT]] ] attribute Al Rank>12056
[TTTTELTTEL LT attribute course:BAIEC

[TTTEETTTETTTETTT | (eligible)
LITHLTETTLELTT L] attribute course:BARC
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LEEETEEEETETTTT T | attribute ataGEN
LEEETEREETETETTETTT | (notkeéy
LETEETEETETTETTT T attribute caa@BC
FETEETEETETTETTETTET T (notieey
LETEETEETETTETT T | attribute cata§C
FEEEETEEEETTETTETT LT (eligible
LEEETETETTETTTTT | attribute cata§T
LEEETERETTETTTTETTTT | (eligdeteagory))
[11111]]]attribute Al_Rank>43743
[IETTTTETTTT (not eligible)

[1]]]] attribute ST_Rank>1181
[II111]]] attribute course:BTECH
LIETTTTETTT] (eligible)

[1I111]]] attribute course:BARCH
[1T1111111]]]attribute catagory:GEN

[ETTEEETTTEETTT (not eligible)
[111111111]] attribute catagory:OBC

LITTETETETTTTTT (not eligible)

[TT1111111]]] attribute catagory:SC

LIEETETETTTTTTT (eligible(catagory))
[111]11111]]]attribute catagory:ST

LIEETETETTTTTTT (eligible(catagory))
Algorithm Takes 30172 milli seconds
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Section 2Decision Tree Generated on Running Algorithm 1 look like

| | | attribute Marks<=93

[1]]]] attribute catagory:GEN

[111111]] attribute Birth_year<=88
[TTTEETTTTT] (not eligible)

[11111]]] attribute Birth_year>88

[1TTTTTTT] ] attribute Birth_year<=89
LITEETETTETTTTT (not eligible)

[ITTTTTT]]] attribute Birth_year>89
LLIETTLTTTL L] attribute Marks<=24
LITEETEETETTETTETT (not eligible)
LLLITETTLT LT attribute Marks>24
FEETEEEETTEEETT T | attribute AnkRas188248
LETEETETTEETETTETT T ] attriButékank<=102850
FEETEEEEETEEETTTEETT T [t €haible)
FEETEEEETTEEETTTEET | attriButékank>102850

LEEEEEEETEEEEETETETTT | fibate Al_Rank<=146791
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LEEEEEEEEEETETEEET T T rdt eligible)
LEEEEEEETETEEETETET LT | fibate Al_Rank>146791

LEEEEEEPETTETETETETET T ] #dtiibute Al_Rank<=166710
LEEEEEEEEETEEETETEETTTRRTD (not eligible)
LETEERETETTEEETETETET ] #dtiibute Al_Rank>166710
LEPEEEEEEETEEETETETET TN attribute Marks<=57
LEEEEEETEETEEEEEEETERERTT T (not eligible)
LECEEEEEEEEEEETEEETETTENT | attribute Marks>57
LEEEEEEEEETEEETEEETTE TR | | attribute Al_Rank<=170607

LEEEEEETEEEEETEEETETERERR T T | (eligible(category))
LEEEEEEEEEEEEEE T TRNENT | ] attribute Al_Rank>170607

LEEEERETEETEEEEEEEEETRRRRTTTT | (not eligible)
LEFEEEETETTTTTTT | attribute Ankee 88248

FECEETTEETTEETTTETTT ] (notteey
[1]1]] attribute catagory:OBC
[1111]]]] attribute Al_Rank<=309285
[TTEETTETTT T (not eligible)

[111111]] attribute Al_Rank>309285
[T ] attribute Marks<=-1
LIEETETEETTTTTT (not eligible)

L1111 1111 ] attribute Marks>-1
[LTVLTEEET LT | attribute Marks<=15

[TTTEETTEETTTEET ]| (not eligible)
ITELTELTELT L] attribute Marks>15
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LEPEEEETETTETTT T attribute AnRE366314
LEEEEEEETETETETET T (notieéy
LEFEEEETETTETTT | attribute AnkRe366314
LEFEEEETEETETETETTT T attrikigeder:M
LEFEEEEEETTETETETETTL | fibate Al_Rank<=394701
LEEEEEEEETTEEETETETTT T ] ddtiibute Marks<=20
LECEEEEETEEEEETEEET TR (not eligible)
LEEEEEEEEETEEETETET T Tl 4dtfibute Marks>20
LEPEEEEEEETETETETETTET TN attribute Marks<=21
LEEEEEEETEEEEEEEEETERERTT T (not eligible)
LECEEEEEEEEEEETEEETETTRNT | attribute Marks>21
FECEEEEEETEEETETEETT TR | | attribute Birth_year<=88
LECEEEEEEETEETEEEEETTRRRRTET T (not eligible)
LEEEEEEEETEEEEEETE TR T | | attribute Birth_year>88
LEPEELEEEETEEETEEETETERERT T | attribute Al_Rank<=372248

LEEEEEEPEETEEETETEE TR TR T EEE1T ] (eligible(catagory)
LEPEEEEEETETEEEEEE TR T T 1T | attribute Al_Rank>372248

LECEEEEEEEETEEEEEEERRRRTEEETEE LT (not eligible)
LEEEEEEETETEEETETETTT | fibate Al_Rank>394701
LEEEEEETTETETETETETTT ] dtfibute Marks<=17
LECEEEEEEEEEETEEET T RN (not eligible)
LELEEEEEEETEEETETET T ] 4dtfibute Marks>17
LECEEEEEEEEEEE T T TRNT | attribute Birth_year<=88

LEEEEEEEETTEEETETETEE TR T 11 (eligible(category))
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LECEEEEEEEEEEEEEEETETTTRNT | attribute Birth_year>88

LEEEEEETEETEEEEEEETERERTT T (not eligible)
LECEEEEETETETETET T attrikieeder: F

FEETEEEEETEEETTTEETT T [t ghaible)
[1]]]] attribute catagory:SC

[1111]1]] attribute Marks<=36
LTI ] attribute Marks<=11
LITEETETTETTTTT (not eligible)
[ITTTTTTT]]] attribute Marks>11
[TTTTELTTEL LT attribute Al Rank<6652
LETEETETTETTETTETT (not eligible)
ITITELELTET L] | attribute Al Rank>6286
LETEETETTETTETT T ] attribute AnBRa358052
FEETEEEETTEEETTTEET T (eligasieagory))
FEETEEEETTEEETT T | attribute AnKes58052
FEETEEEETTEEETTTETT ] | attribdaeks<=16

LEPEEEEPEETETETETETTL T [t €hgible)
LEFTEEETETTETETETTTT ] attribdaeks>16

LETEETEETETTEETEETEL T |dibde(catagory))
[11111]]] attribute Marks>36
[IT111111]]] attribute course:BTECH
LITEETETTETTTTT (eligible(catagory))
[I1111111]]] attribute course:BARCH

ITITELELTET L] | attribute Marks<=65
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LEEEEEETTETTETTETT (not eligible)
LELLELTETT L] ] attribute Marks>65

LETEEEETEETTTTT T | attribute Gehvtle
LEFEEEETEETETTTETTTT L (eligdaieagory))
LEFEEEETEETTTTT T | attribute Gehde
LEFEEEEEEETETETETTTT | attriddtdRank<=25817
LEEEETETTETEEETETET T | Idibée(catagory))
LETEEEETETTETETETET T attribdtéRank>25817
LEEEEEETEETETETETETTT fibate Al_Rank<=27627
LEEEEEETEEEEETETETTT D (eligible(catagory))
LECEEEEEEETETETETETTT | fibate Al_Rank>27627
LEPEEEETETTEEETETETED T ] #dtiibute Birth_year<=89

LECEEEEETEEEETEEETET RN (not eligible)
LEFEEEETETTETETETETTT T ] #dtiibute Birth_year>89

FETEEEETTEEETTTEEETT TN (eligible(catagory))
[1]1]] ] attribute catagory:ST

[111111]]] attribute ST_Rank<=4250
L1111 ] attribute Marks<=26
[LTITTEEET L] | attribute Marks<=0
LETEETETTETTETTETT (not eligible)
LLLITEETL LT attribute Marks>0
LETEETETTETTETTT T attribute Mesdst

LEEEEEEETEEETETET T T (notieéy
LETEEEETETTETTT T | attribute Maiks
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LEEEEEETTETETETETET | | attriootese:BTECH

LEEEEEEETETEEETETET T | Idibée(catagory))
LEPEEEEEEETETETETTTT | attriboterse:BARCH

FEETEEEEETEEETTTEETT T [t ghaible)
L1111 ] attribute Marks>26
[T1TTELTTET LT attribute course:BAIEC
LETEETTEETTEETTET (eligible(cats
[LTTTTEEET D] | attribute course:BARC
[EETEEETTTEEET T || attribute Bygar<=89
FECEETTEETTEETTEETTT T (notheey
LETEETTEETTEETT T ] attribute Bytar>89
[EETEEETTTEEETTTETT T | attribdaeks<=64

LEEEEEEEEETETETETETT | 1t €hgible)
LEEEEEETEETETETETTTT | attribdaeks>64

FETEETETTETTETTEETEL T |dibde(catagory))
[11]1]]]]]attribute ST_Rank>4250

[TTTTTTTET] (eligible(catagory))

| | | attribute Marks>93
[1]1]]attribute ST_Rank<=1181
[111111]] attribute Al_Rank<=43743
[I11111111]] attribute course:BTECH
[ETEETTEETTETT T (eligible)
[T11111111]] attribute course:BARCH

[TTHITELTTELT L] attribute Al Rank<528
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LETEEEETETTTTTTT L | attribute AnbRes4811
LEEEETETEETETETETETT T (eligible

LETEEEETETTTTTTT | attribute Ankeet811
LETTEEETEETETETETETT | attribaeks<=135

LEEEEEEREETETETETETTL T [t €hgible)
LEPEEEEEETTETETETETT ] attribdaeks>135

FECEEETEETTEETTEETT T 1die)
[LTILTEEETT T | attribute Al_Rank=985
FEETEEEETTTEETT T | attribute Gehvtle
FECEETTEETTEETTEETTT T (notheey
LELEETTEETTEETTT T attribute GeRde
FEETEEEETTEEETTTEET | attriButékank<=16330
LEEEEETEEETEETTTEETT LT It €hgible)
FEEEEEEETTEEETTTEEET T | attriButékank>16330
FECTEEEEETEEETTTEEET L | fibate Al_Rank<=18807
FEETEEEETTEEETTTEETT T T (rdt eligible)
[EEEEEETTEEETTTEETT L | fibate Al_Rank>18807
FEETEEEETTEEETTTEETT T[] fdtiibute Birth_year<=89

LEEEEEEEEEEEETEEETTT TR (eligible(catagory))
LEEEEEEETETEEETETET T ] 4dtfibute Birth_year>89

LEEEEEEEETEEEEEETTETETEENT (not eligible)
[111]11]] attribute Al_Rank>43743

[TTTEETTTTT] (not eligible)
[111]] attribute ST_Rank>1181
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[11111]]] attribute catagory:GEN
[IETTTTETTTT (not eligible)
[1111]1]] attribute catagory:OBC
[TTEETTETTT T (not eligible)
[1111]1]] attribute catagory:SC

[TTEETTTTTT T (eligible(catagory))
[11111]]] attribute catagory:ST

LIETTTTTTTT] (eligible(catagory))
Algorithm Takes 27578 milli seconds

Section 3Decision Tree Generated on Running Algorithm 2 look like

| | | attribute Al_Rank<=299408

1111 attribute Al_Rank<=148992

[111111]] attribute Al_Rank<=74203
[TTTTTTTT] ] attribute Al Rank<=35190
ITITELELTET L] | attribute Al Rank<58&
[ETTEEEETTEEETTT T | attribute AnkRes8767
FETEEEETTERTTTTETT | attriButékank<=4339

LEEEEEEETETETETETETTT | i)

LEEEEEEETETETETETTT ]| attriButdRank>4339
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LECEEEEEEETEEETETETTT | fibate Al_Rank<=6509
LEEEEEEEEETEEETEEET T T (eligible)
LEPEEEEEETTETETETETTT fibate Al_Rank>6509
LEFEEEEEEETETETETTTTT T ] ddtiibute Al_Rank<=7588
LEEEEEEEEETEEETETETTTTENT ) attribute Marks<=136
LEEEEEEETTEEEEETETET TR T 1 | attribute Marks<=135

LECEEEEEEEEETEEEEETTRRRRTET T (not eligible)
LECEEEEEEEEETEEET T ERERNT | attribute Marks>135

LEEEEEEPEETEEETEEEE TR Err | (eligible)
LECEEEEEEETEEETEEET T TRNT | attribute Marks>136

LECEEEEEEEEETEEET T ERERNT 1] (eligible)
LECEEEEETETETETEEET T ) 4dtfibute Al_Rank>7588
LECEEEEEEEEETEEEEETTTTRNT | attribute catagory:GEN

LEEEEEEEEETETEEEEETEE TR T 11 (not eligible)
LEEEEEEEETTEEETETETTETNT ) attribute catagory:OBC

LEEEEEEEEETETEEETETEE TR T 11 (not eligible)
LEEEEEEEEETEEEEETTTTETENT D attribute catagory:SC

LEEEEEEEEETEEETETETET TR T 11 (eligible(catagory))
LECEEEEEEETEEEEEEETETTRNT | attribute catagory:ST

LECEEEEEEEEETEEET T ERERNT 1] (eligible)
LTEEETETTETETET T | attribute Al 767
LELEEEETTETETETETT T ] attriButdRank<=13150
LEEEEEEETETEEETEEETTT | fibate Al_Rank<=10910
LECEEEEEEETETETEEET T ] 4dtfibute catagory:GEN
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LECEEEEETEEEETEEET T RN (not eligible)
LEEEEEETTETEEETETET T ] #dtfibute catagory:OBC

LEEEEEEEEETEEETETETTTTERED (not eligible)

LEEEEEEEEETETETETTTTT T ] ddtiibute catagory:SC
LEEEEEEEEETEEETETETTTTERTD (eligible(catagory))
LEFEEEETEETETETETTTTT T ] ddtiibute catagory:ST

LEEEEEEEEEEETEEETTT TR (eligible(catagory))
LELEEEEEEETETETETETTT | fibate Al_Rank>10910

LEPEEEETEETETETETTTTT T ] ddtiibute Al_Rank<=12152
LECEEEEEEEEEETEE T TRTE | attribute course:BTECH

LECEEEEEEEEEETEEET T ERERNT 1] (eligible)
LEEEEEEEEETEEETETETET T ] attribute course:BARCH

LEEEEEEEEETEEEEEEETERERTT T (not eligible)
LEFEEEEEEETETETETTTTT T ] ddeiibute Al_Rank>12152
LEEEEEEEETTEEETETETT TN attribute catagory:GEN

LEEEEEEEETETEEETETEE TR T 11 (not eligible)
LEEEEEEEETTEEETETETTETENT  attribute catagory:OBC

LEEEEEEEEETETEEETETEE TR T 11 (not eligible)
LECEEEEEEETETEEEEEEETTRNT | attribute catagory:SC

LECEEEETEEEEEEEETETERERTL T 1 (eligible(catagory))
LECEEEEEEETEEEEEEETETTRNT | attribute catagory:ST

LECEEEEEEEEEETEEET T ERERNT 1] (eligible)
LEEEEEETTETETETETET ] | attriButéRank>13150

LEEEEEEEEETETETETTTTT ] fipate catagory:GEN
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LEEEEEEEEEETETEEET T T rdt eligible)
LELEEEEETETETETETETT T | fibate catagory:OBC

LEEEEEETEETETETETETTTT1rde eligible)
LEPEEEEEEETETETETTTTT fipate catagory:SC

LEEEEEETETTEEETETETET T ] (dligible(catagory))
LEEEEEEEEETETETETTTTT ] fipate catagory:ST

LECEEETEETTEETTEEET T (dligible(catagory))
[TTTTELTTEL LT attribute Al Rank8575
FELTEEEETTEEETT T | attribute SHkRa1721
FECEEETEETTEETTTETT T | attriblaeks<=103
LECEETTEEETTEETTEETT T fibate catagory:GEN

LEEEEEEEETTETETETETTTT1rde eligible)
LELEEEEETEEETETETETT T | fibate catagory:OBC

LEEEEEETEETEEETETETTTT1rde eligible)
LEEEEEEEEETETETETTTTT fipate catagory:SC

LEEEEEETEETETETETETTTT1rde eligible)
LEEEEEEEEETETETETTTTT ] fipate catagory:ST

LEEEEEETETTEEETETETET 1] (dligible(catagory))
LECEEEETEETETETETED | ] attribdaeks>103

LEEEEEEETETETETETETTT | 1dite)
LEEEEETETETETTTT T | attribute ShkR@721
LELEEEETTETETETETTT ] | attriButdRank<=26325

LEEEEEETTETETETETET LT | fibate catagory:GEN
LEEEEEETETTETETETETTTT1rde eligible)

186



LELEEEETTEEETETETETT T | fibate catagory:OBC

LEEEEEEEEEEEETEEET T T rdt eligible)
LEEEEEEEEETETETETTTTT fipate catagory:SC

LEEEEEEEETTEEETETETET T 1 (dligible(catagory))
LEEEEEEEEETETETETTTTT ] fipate catagory:ST

LEEEEEETETTEEETETETET T ] (dligible(catagory))
LEEEEEETTETETETETET | | attriButeRank>26325
LEEEEEEEEETEEETEEETTT | fibate Al_Rank<=30705
LEEEEEETEETEEETETETET T ] #dtiibute Al_Rank<=28500
LECEEEEEEETECEEEEETTTTRNT | attribute catagory:GEN

LEEEEEEEEETEEETEEEETERERTT T (not eligible)
LEEEEEEETTEEETETETTETENT ) attribute catagory:OBC

LEEEEEEEEETEEEEEEETERERTT T (not eligible)
LEEEEEEEEETEEEEETTTTETENT D attribute catagory:SC

LEEEEEEEEETEEETETETET TR T 11 (eligible(catagory))
LECEEEEEEETEEEEETTTTETENT ) attribute catagory:ST

FEPEEEEEETEEETETETTE TR 11 (eligible)
LEEEEEEEEETETETETETTT T ] #dtiibute Al_Rank>28500

LECEEEEEEEEEEETEEET T RN (not eligible)
LECEEEEEEETETETETETTT | fibate Al_Rank>30705

FECEEEEETEETTETETrrr 110 rdt eligible)
LI attribute Al_Rank>35190

LIEETETEETTTTTT (not eligible)
[111]1]]] attribute Al_Rank>74203
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[IETTTTETTTT (not eligible)
[1]]]] attribute Al_Rank>148992

[111]1]]] attribute Al_Rank<=225688
[T111111]]]] attribute Al_Rank<=189127

LTTHLETELTTLTT L attribute Al Rank<g42

LETEEEETETTETTT ] attribute cataGEN
LEEEEEEETETETETET T (notieéy
LEEEETTTTETETET T attribute cata@BC
FEEEEEETEETETETETTTTT (notteéy
LEEEEETETETETTTT T | attribute cata§C
LEEEETETEEEETETETETT T (eligible
LEPEEEETETTTTTT T | attribute aata§T

ECEETTETTTTTTTTTLL | (eligdateagory))
LITLTELELTET L] | attribute Al Rank>74a9

LETTEEETEETTTTT ]| attribute AnRa178053
LEPEEEEEEETETETETTIT | attriBdtdRank<=172628
LEPEEEEPETTETETETETTL | fibate Al_Rank<=170607
LEPEEEETETTEEETETETEL T ] #dtiibute Birth_year<=89

LECEEEEETEEEETEEET T RN (not eligible)
LEEEEEEETETEEETEEET T ] 4dtfibute Birth_year>89

LEEEEEEEEEEEETEEETTT TR (eligible(category))
LEEEEEEETETEEETETET LT | fibate Al_Rank>170607

LEEEEEEEEEEEETETET T T Adt eligible)
LEEEEEETEETETETETTT T attribdtdRank>172628
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LEEEEEEETETEEETETETTT | 1t €hgible)
LTEEEETETETETTTT T | attribute Ahlee 78053

[LTTTTEEEETTTTEETTT ] (notleéy
[T111111]]]] attribute Al_Rank>189127
[T ]| attribute catagorNGE

[TTTEETTTETTTETT ]| (not eligible)
1T ] attribute catagoryOB

LEETEEETTTEEETTT ] (not eligible)
[TTTLTELTTLL LT attribute catagory:SC

[LTTTTTEETTTTTTTT ] (eligible(catsp
[TTTTTEETTT L] ] attribute catagory:ST

FELTEEETTTEETT T (eligible)
[11111]]] attribute Al_Rank>225688
[T11T1]1111]] attribute catagory:GEN

[ETTEEETTTEETTT (not eligible)
[111111111]] attribute catagory:OBC

LTTTETETETTTTTT (not eligible)

[T11111111]] attribute catagory:SC

LIEETETETTTTTTT (eligible(catagory))
[111]11111]]]attribute catagory:ST

LITEETTEETTTTT] (eligible(catagory))
| | | attribute Al_Rank>299408
| |1]]] attribute Al_Rank<=449212

[11111]]] attribute Al_Rank<=372575
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[T1111111]1]1] attribute Al_Rank<=336063
[TTTTTETTTTLT] ] attribute catagorNGE

[ETETTTTEEEETTTT | (not eligible)
[TTTTELTTELTT | attribute catagor2OB

[ETEETTTEEEETTT T (not eligible)
[TTTLTELTTLL LT attribute catagory:SC

[LTTTTEEETTTTTTTT ] (eligible(catsp
[TTTTTEETTT L] ] attribute catagory:ST

[LEEEETTTTTTTTTTT | (eligible)
LI attribute Al_Rank>336063

1T | attribute Al_Rank<5€83

LETTEEETETTETTT | attribute cata@EN
LEEEEEEETETETETETTTT T (notieéy
LEEEETETETTTTTT ] attribute cata@BC
FEEEEEETEETETETETTTTT (notteéy
LEEEEEETETTETTT T | attribute axa§C
LEFEEEETETTETETETETT L (eligible
LEPEEEETETTTTTTT | attribute aata§T

FECEEETTTTTTTTTTTLL L | (eligdateagory))
[TTTEELTTEL LT attribute Al Rank-S8E5

LTEEEETETETETTTT T | attribute AhRa364564
LEEEEEEETEEETETET T (notieéy
LEEEETTTTETETTTT | attribute AnKRe364564
LEPEEEEEETTETETETTTT | attriBdtdRank<=369463
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LEEEEEEETETEEETETETTT | 1t €hgible)
LEEEEEETTETETETETTT ] | attriButdRank>369463

LEFEEEEPETTETETETETTL | fibate Al_Rank<=371483
LEPEEEETETTEEETETETED T ] #dtiibute Birth_year<=88

LEEEEEEEEETEEETETEETTTERED (not eligible)
LEFEEEETETTETETETETTT ] #dtiibute Birth_year>88

LEEEEEEEEEEEETEEETTT TR (eligible(catagory))
LELEEEEETETEEETETETTT | fibate Al_Rank>371483

FECEETTEEETTEETTEETT Tl ridt eligible)
[111111]]attribute Al_Rank>372575
[111111111]] attribute Al_Rank<=409312
[TTTTTTETLTTT] | attribute catagorNGE
LEEETEEETTETTTT T (not eligible)
[TTTETETETET L] | attribute catagorf©OB
FETEETTTETTTETTT T attribute Bygar<=88

LEFEEEETEETETETETTTT T (eligdaieegory))
LETEEEEEEETETTT T | attribute Bygar>88

[TTTEETTEETTTEETTE T (nothégy
11T ] attribute catagory:SC

[LTTTTEEETTTTTTTT ] (eligible(catsp
[TTTTTEETTT L] ] attribute catagory:ST

FECEETETTTTTTTTT ] eligible)
[LITTT1TT] 1] attribute Al_Rank>409312

LTTTETETETTTTTT (not eligible)
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[1]]]] attribute Al_Rank>449212

[ TTTTT1T] (not eligible)

Algorithm Takes 108484 milli seconds
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