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ABSTRACT

EVALUATION OF SCHOOL ADMINISTRATORS
BY USING DATA MINING TECHNIQUES

School leadership is a very important issue in developed countries where school
administrators are trained according to the standard that school leadership should have. This
thesis applies Data Mining (DM) techniques to evaluate school administrators’ perceptions
on Believes about the Principal-ship, Generalized Perceived Self-Efficacy, and Melbourne
Decision Making. With the help of literature scale, data is collected in order to evaluate these
three school administrators’ attitudes. Later, the data is used and analysis is performed by
applying data mining technique. The school administrators who work in Nigeria and Turkey
are selected as the sample group of this thesis. For the evaluation in this thesis, as basic

evaluation method of data mining techniques.

Firstly, in this studies attitude on occupation questionnaire, generalized self-efficacy
questionnaire and Melbourne decision making questionnaire were applied to the school
administrators who serve in Nigeria and Turkey. Data Mining is a field comprising many
different techniques that can be used to acquire hidden and meaningful information from a
large amount of data. In this thesis, the analysis and evaluation are performed by applying
data mining methods to the obtained data set. Firstly, classification method is applied to
estimate the demographics based on the answers given by school administrators. According
to their responses, the administrators are can be estimated based on their country with the
scale of 93.38% accuracy rate. Secondly, clustering method is applied to the collected data
and 88.97% clustering performance results are obtained. Lastly, the analysis of the data is
done by applying association rule method. After applying the association rules, relations
between the questionnaire responses are detected. Consequently, many different rules are
found with confidence value of 100% and a maximum of 3.76 lift value. This suggests that
the obtained rules are interesting and highly reliable. In conclusion, a questionnaire is applied
and various attitudes of school administrators are analyzed using data mining techniques and

remarkable results are obtained.

Keywords: Association Rule, Classification, Clustering, Data Mining, School

Administrators.
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OZET

VERI MADENCILiIGI TEKNIKLERI KULLANILARAK OKUL
YONETICILERININ DEGERLENDIRILMESI

Okul yoneticiligi, gelismis iilkelerde ¢cok 6nemli bir konu olup, okul yoneticiliginin sahip
olmasi gereken standartlar belirlenerek okul yoneticileri bu standartlara gore
yetistirilmektedir. Bu tez ¢alismasinda, okul yoneticilerinin meslege iliskin tutumlari, 6z
yeterlikleri ve karar verme etkinliklerinin veri madenciligi (VM) teknikleri kullanilarak
degerlendirilmesi amacglanmaktadir. Okul yoéneticilerini bu ¢ farkli tutumunu
degerlendirmek i¢in literatiirde gelistirilmis Ol¢ekler yardimi ile veriler toplanmistir. Daha
sonra bu veriler, veri madenciligi teknikleri ile analiz edilmistir. Calismanin 6rneklem
grubunu, Nijerya ve Tiirkiye'de gorev yapan okul yoneticileri olusturmaktadir. Verilerin

analizi asamasinda ise veri madenciligi teknikleri kullanilmistir.

Tez calismasinda Oncelikle Tiirkiye ve Nijerya’da gorev yapan okul yoneticilerine,
Meslege Iliskin Tutum Anketi, Genellestirilmis Oz Yeterlik Anketi ve Melbourne Karar
verme Anketi uygulanarak yoneticilerden gerekli bilgiler anket yolu ile toplanmigtir. Veri
madenciligi, biiylik 6l¢ekli verilerden gizli kalmis ve anlamli bilgileri elde etmek i¢in bir
dizi teknikler igeren bir ¢alisma alanidir. Bu nedenle, elde edilen anket verilerinin analizi ve
degerlendirilmesi asamasinda veri madenciligi yontemleri kullanilmustir. 1lk olarak
siniflandirma algoritmalar1 uygulanmis ve okul yoneticilerinin verdigi cevaplara gore
demografik ozelliklerini tahmini yapilmigtir. Anketlere verilen cevaplara gore %93.38
basarim orani ile okul yoneticilerinin iki iilkeden hangisinde yonetici oldugu tahmin
edilebilmektedir. Ikinci ydntem olarak veri grubuna kiimeleme ydntemleri uygulanmis ve
elde edilen sonuglara gore de %88.97 basarim elde edilmistir. Son olarak, birliktelik kurali
uygulanarak verilerin analizi yapilmistir. Birliktelik kurali uygulanarak, anketlere verilen
cevaplar arasindaki iligkiler tespit edilmistir. Bunun sonucunda giiven degeri %100 ve
maksimum 3,76 lift degerine sahip ¢esitli kurallar elde edilmistir. Bu da elde edilen
kurallarin ilging ve giivenirliliginin yiliksek oldugunu gostermektedir. Sonu¢ olarak okul
yoneticiligi ve yoneticilerinin gesitli tutumlar1 veri madenciligi teknikleri ile analiz edilmis

ve kayda deger sonuglar elde edildigi goriilmiistiir.

Anahtar Kelimeler: Birliktelik Kural, Kiimeleme, Okul Yoneticileri, Siniflandirma, Veri

Madenciligi.
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1. INTRODUCTION

The Internet technology has made it possible to collect and evaluate huge amount of data
from diverse community across the globe. Information is being dealt with each and every
single day in people’s lives, as in [1, 2] the term is described as “Information Age”. Many
technological tools are being used every day to access the information which generates huge
stacks of data on the Internet. The data can be accessed anywhere using the Internet;
however, reaching the most valuable and relevant information from the accessed data is a
very important and challenging task. For example, a company may like to use the transaction
behavior of certain customers in order to send a suggestion based on the categories of things
the customers used to buy. But failing to save the customers’ transactions records may cause
problems when a company tries to analyze those customers. Database technology has been

provided in order to help in saving a huge amount data electronically.

Database (DB), as defined in [3], is any structured collection of selected data or records.
Nowadays, the state of dealing with huge amount of files that contain much information,
connections between students’ or people’s records in many different schools, organizations,
institutes, government offices, hospitals etc., the need for a specific field, environment or
platform in which all these kind of records to be stored is highly demanded. Therefore,
software technology that organizes saving and accessing the information is widely used. The
formation of the database and managing or controlling it is an approach to Database
Management System (DBMS). In DBMS, the input and storage of data differ from
application programs that access the data. But, while using the classical file as [4] described,
any small alteration in file structure or register pattern may result in the change of application
programs and compilation again.

Also in [5], DBMS is defined as a computer software that allows its user to work with
databases on a computer system, as the user of DBMS can form, remove, and alter a table
within the database. Any created table in a database may contain information about a large
number of people. The removal or deletion of any table may result in the loss of the entire
information saved within that specific table. But the alteration of a table means either
addition, deletion, rearrangement, or change of records or data in the table. The main issue

arises if any information is to be drawn from the database with a large amount of information



gathered. This is where the field data mining comes into the thesis study, and to obtain what

is needed simply and safely some procedures are followed.

The initiative of school as a place or an atmosphere where learning, research or honorary
is held started back in time even before the Ancient Greece. In the school system, knowledge
is taught systematically where scholars tend to teach to a certain group of pupils [6].
Knowledge was being obtained in religious centers because there were only religion-based
knowledge. The scholars or teachers were the religion preachers and the students were both
parents and children in the same environment. The location of schools was the same as the

location where people go to worship.

Since then, students have been taught based on their level of knowledge. Mostly older
ones are placed at a high level due to their experiences in the past. The students’ group
predicts their level of knowledge. The classes differ based on what religion the family or
parents are from and schools had no, specific classroom teacher, board for writing, chairs,
and mostly no even an exercise books. Everything was based on memorization because there
wasn’t a standard administration that organizes how the knowledge is to be passed and

received.

Administration, in another word management, is defined by Cambridge dictionary as the
way to arrange and control the operation of tasks or plans needed in an organization [7], also,
can be described as activities taken by a group of people committed to run the school or
organization to its better functions [8]. Administrations differ from one organization to
another or from one school to another depending on what guidelines or regulations the

organization, institute or the district is built on.

School administrators are individuals who obtained a certificate of bachelor degree or
postgraduate degree. They manage the routine activities and often provide instructional
leadership in schools. Their role include supervising staffs, making decisions that are
effective within the school premises, controlling the budget or expenses of the school, and

making sure that everything goes as expected.



The aim of this thesis is to analyze the data obtained from a questionnaire that is
administered to some school administrators in Nigeria and Turkey. The analysis is done
according to the steps and by applying the methods of data mining. The accuracies are found
based on the removal process of some meaningless questions from the questionnaire after
applying association rule. The relationships between the questions in the questionnaire about
believes in principal-ship, self-efficacy, and Melbourne decision-making are predicted
according to their perspectives. The prediction process is done using Apriori algorithm in
association rule. The relationships could be either based on parts, based on inter-parts or
both. The software of the algorithms that helps to analyze the obtained data is applied,
evaluated and the results are discussed and presented in Section 4.



2. DATA MINING

As explained by Zaiane (1999), with the advent of machines (computers) and means for
huge capacity digital storage databases, all sorts of data are being collected and stored. This
depends on the capabilities of these computers in order to help sort through this massive
information. However, these massive collections of data stored on disparate structures are
rapidly becoming overwhelming. To access and use the information stored easily, a
technique called Data Mining (DM) should be applied. Data mining can be defined as finding
and revealing any information valuable to any institution, organization or establishment.
Data mining is also popularly known as Knowledge Discovery in Databases (KDD), which
means consequential extraction of implicit, unknown before and likely useful information
from data in databases [1]. Data mining is used in fields like business, banking, insurance
and electronic commerce etc. Simply, data mining is a way of attaining the most valuable
data from a large amount of data or the practice of examining large pre-existing databases in
order to generate new useful information [9, 10]. By considering the steps in data mining
models, Leskovec et al. (2014) concluded that data mining resembles classic statistical
methods. The classic statistical method is a well-organized and mostly applicable to
summarized data; while data mining deals with multi-millions or even multi-billions of data
stacks and many more variables. By using data mining, all the data generated in an institution
that exists or could arise in the future can be accessed, categorized, analyzed and evaluated.
Therefore, the formation of the mentioned achievements with certain data mining methods

could be regarded as confidential information extraction process.

2.1. Method of Converting Data into Information

Nowadays, under information technology changes are being noticed always, not only in
computer technology but also in data communication technologies [5]. The most drawing
attention is the changes in getting cheaper products. Customers are getting familiar and being
talented in using computer technology. Due to technology development nowadays, almost
every piece of information is being saved in the digital environment. Owing to this, the

following are three most overcoming questions about the saved data in digital environments:



What are the importance of the saved data to the organizations?
What are the advantages of the saved data to the organizations?

How to obtain information from the saved data?

» To do some analysis of the gathered data, many different types of statistical and

mathematical methods can be applied.

» To do such, new concept database and new analytical methods should be formed.

» To direct data, a data warehouse should be used, and to analyze and get valuable data,

data mining is used.

2.2. Data Mining Application Fields

There is the widespread usage of data mining areas these days. For example, in marketing,

banking and related areas such as insurance and e-commerce areas are widely used [4].

Below are some areas where data mining is used and purposes of its usage:

2.2.1. Marketing

To identify customer’s buying patterns behavior.

To reveal customers demographic characteristics links.
To analyze the shopping cart.

To manage customer relationship.

To evaluate customer.

To guess (forecast) sales.

2.2.2. Banking

2.2.3.

Bringing out the hidden relationships between different financial indicators.
Determination of credit card fraud and forgery.
Determination of customer groups based on credit card payments.

Evaluation of loan (credit) demand.

Insurance
To forecasts on which customers will potentially purchase new policies.

To detect fraudulent behavior.

To detect risky customers’ behavior patterns



2.2.4. Electronic Commerce
¢ Analysis of attack.

e Management of E-Customer Relationship Management (E-CRM) applications.

e Analysis of visitations to web pages.

2.3. Data Mining Process

Data mining has to be evaluated the due process way. The processes of data mining are:
data cleaning, data integration, data reduction, data transformation, implementation of data
mining algorithm, and interpretation of results and evaluation. Below is a diagram of how

the process takes place.

Evaluation &
Interpretation

Data Mining

Transformation
/
Preprocessing
Inf()rm tion
Data Selection / Knowledge

Pattern

/' /\djusted Rules
*  Adjusted Data
/' Data

Selected
Data

Data . . % % '

Figure 2.1. Data Mining Process

2.3.1. Data Cleaning

Data cleaning, also known as data cleansing, is defined by Zaiane (1999) as a process in
which noised data or irrelevant data are removed from the collected data in the databases.
This is due to the fact that handling data and databases possessed in a unique logical way is
important. Fayyad et al. [11] noted that incomplete and missing data issues must be
addressed and handled by either mapping or single naming conventionally whenever
necessary. In some applications, the data to be analyzed can be seen not having the desired
characteristics. For example, the incomplete data and unsuitable data that form data

inconsistency can be encountered. The inconsistent data that takes place in databases are



defined as noise. In this case, the data needs to be cleaned up by assigning new data instead
of incomplete data. The following methods are applied in order to clean up data:
e Disposal of records with missing values from the data set.
o A generally fixed value instead of missing value. The same value can be used instead
of all missing value.
e The average of all variable data, specifically by calculating the average of class
instance variable used in place of missing value.

e Assigning suitable guess to the data instead of the missing value.

2.3.2. Data Integration

Data integration is a process in which information is extracted and combined from
different large databases [12]. The conversion of collected data from different databases into
one data type is also called data integration [4]. To apply the data mining technique, if data
warehouse was designed before, then, data integration must have been done. However, if
there isn’t a data warehouse designed before, then, a direct approach to data mining is applied

to those data.

2.3.3. Data Reduction

Data reduction is also known as one of the problems in data mining. This problem is often
seen as a way of pre-processing for information retrieval [13]. Sometimes in data mining
applications, analysis takes a long time. If it is believed that after analyzation the result will
not be changed, then, the amount of data or variable can be reduced. There are many ways
to do the data reduction such as data merging or data cubing, size reduction, data

compression, sampling, and generalization.

2.3.4. Data Transformation

In certain cases, adding data that are not transformed for the analysis may not be
appropriate. While in some cases, the variables’ mean and variance are significantly different

from each other. As a consequence, the largest mean and variance of the variables pressure



on the others becomes more, and it significantly reduces their roles. Furthermore, very large
and very small values of the variables prevent the analysis to be done in a robust way.
Therefore, applying a transformation method to normalize or standardize the variables would
be the appropriate way [4]. To normalize the variables min-max normalization, and to

standardize the variables z-score standardization method can be used.

2.3.4.1. Min-Max Normalization

The min-max normalization method is applied to transform the data to a numeric value
between 0 and 1. This method is used to determine the largest and the smallest numeric value
in the obtained data. Likewise, the conversion of the others is appropriately based on the
principle of obtained data. So, the below formula expresses how the conversion relation is

done:
X* = _ X Xmin (2.1)
Xmax—Xmin
Here X * is the converted values, X is observation value, Xmin is smallest observation value,
Xmax IS largest observation value.
Example 2.1: In Table 2.1 the given X variable values are to be transformed using min-max
normalization method. Firstly, the following values are assigned:
Kmin = 30, Xmax = 62.
Next, the calculation to the first member of X is done as below:
X—Xmin __ 30-30 _

X" =
Xmax—Xmin  62-30

This process is repeated to all the members and the values in Table 2.1 are obtained using

min-max normalize transformation.

Table 2.1. Min-max normalize transformation

X X*

30 0.0000
36 0.1875
45 0.4688
50 0.6250
62 1.0000




2.3.4.2. Z-Score Standardization

Another conversion format commonly used in the statistical analysis is referred to as a z-
score. This method is based on the average and standard error being transformed to new

values. So, the conversion is expressed as:

_X-X
Ox

X* (2.2)

Here X * is the converted values, X is observation value, X is the data arithmetic mean, ox is
standard deviation of observation value.

Example 2.2: We apply z-score to the previous example to transform the data. First,
arithmetic mean needs to be found before the calculations proceed. Arithmetic mean is

calculated as:
= 1
Secondly, the standard error of X series must be found before calculating the z-score

standardization. The standard error is calculated as:

n . Y)2
1

Lastly, the transformation of the first row is found as:

X-% 30-44.
= XX _ 30746 11736
oy | 12.44

X*

The same method is applied to find the rest of the observation values.

2.3.5. Implementation of Data Mining Algorithm

Before applying data mining method, the observed aforementioned process is first
appropriately done for better results. After preparing and making the data ready then, data

mining algorithms are applied to the relevant topic.

2.3.6. Interpretation of Results and Evaluation

After applying data mining algorithm on data, organized results are then presented to the

relevant places. The results are often supported by graphics. For example, if a hierarchical



clustering model is applied, then the results are presented with special graphic named
dendrogram.

2.4. Methods of Data Mining

In data mining, Fayyad et al. [11] explained that prediction and description are the high-
level goals. Because of that, numerous methods and algorithms have been developed to help
achieve these goals in data mining. Many of these methods were tried and tested techniques
in machine learning, pattern recognition, and statistically based. Data mining methods can
be basically grouped under three main headings. These are Classification, Clustering, and

Association rule.

2.4.1. Classification

Classification in data mining, as illustrated [11], is to learn a function that classifies data
items into one or more predefined classes. Classification in data mining is a method used
frequently to uncover hidden patterns in databases [4] and a specific process is followed for
the classification of data. Firstly, using a portion of the existing database for training
purposes helps in forming the classification rule. Later, these rules, as [4, 14] described, help

determine how to decide if a new situation occurs.

2.4.1.1. Classification with Decision Tree

A decision tree can be described as any efficient material or tool used to solve questions
or problems in regression and classification [15]. The classification task is to predict the
label or class for a given unlabeled point. It classifies the data (i.e., it constructs a model)
according to the training-set and the values contained in a classifying attribute, and uses it
to classify new data. Classification creates groupings in a dataset depends on the observation
attributes’ similarities. The goal in classification is that, previously unseen records should
be designated to a class as factual as possible. As mentioned in [4], in statistics with
application under machine learning, many decision algorithms are developed. Decision tree

classification is mostly used because it’s easy to understand and has affordable
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implementation [16]. The foundation must be good in order to apply decision trees
classification algorithms. Assuming two inputs as X and Y are defined. If the value of X is
greater than 1, and in classl the value of Y equals B, Y equals A and Y equals C are also in

the same class as class2. Else, if X is greater than or equal to 1, it is then contained in class1.

Classification Process

Classification process uses a specific part of the database as a training set to form the
classification rules by applying classification algorithms. Later, with the help of the rules

decisions are made if new situations appeared.

Branching Criteria in Decision Tree

The most important of decision trees is to define the flow from the root to the branches

or the ended leaf. The following algorithms can be categorized as:

¢ Entropy-based algorithm (ID3, C4.5)
e (Classification and Regression Trees (CART)
e Memory based classification algorithms (KNN)

Quinlan (1986) developed many algorithms under decision trees, these include Iterative
Dichotomiser 3 (ID3) and C4.5.

ID-3 Algorithm

In decision tree learning, Quinlan (1986) invented the ID3 (lterative Dichotomiser 3)
algorithm in order to create a decision tree from the dataset [17, 18]. The ID3 algorithm is
used typically in machine learning and is used in natural language processing domains as
well. The technique of a decision tree involves in the formation of a tree in order to model
the classification process. After the tree is created, then it is enforced to each tuple inside the
database and outcomes in a classification way for that tuple.

11



Entropy

Entropy can be defined as a measure of the disorder of a system; either the system is at
uncertainty or at ignorance state [19]. In general, greater disorder means greater entropy. Let
a set of S samples be given, and if to say that S is partitioned into two different intervals or
layoffs as S: and Sz by using a T boundary then, the information obtained after partitioning

will be:

1s.T) =S Hsy 4 152!

H (s, 2.3
S| S| (S2) (2.3)

The Entropy is then calculated according to the class distribution of the samples in the set.

If m classes are given, the entropy of S; is illustrated as:
H(S,) =2 pi log, (p;) (2.4)
i=1
Here pi is the class i probability in Sy

Entropy in Decision Tree

As Yalin (2013) explained, if the set of records obtained from the database for training is
considered, the values obtained from the class attribute training set is{C1, Ca,..., Ck}, itis
divided up into k classes. Regarding this class, an average amount of information may be
needed. Here is how to calculate the probability distribution of PT class contained in set

values of class T:

|C1] |C2| |Ck|

T ITI) (2.5)

H(T) = — Xi=1 pi log,(pi) (2.6)

PT = (

Selection of Qualifications and Earnings Criteria for Branching

If by considering the separation of T into Ty, T, ..., Ta Which has attribute related to X

attribute value. The class of T elements can be determined by the below formula.
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H(X, T) =y T

H(T}) (2.7)

The information obtained by partitioning of database T for test X is called gain measure.

The below calculation is done as:

Gain(X, T) = H(T) — H(X,T) (2.8)
C4.5 Algorithm

As an extension to decrease or eliminate the disadvantages of the ID3, C4.5 algorithm is
a well-known algorithm that is used to create decision trees [20]. The C4.5 is an extension
of the ID3 algorithm and it is used in order to overcome the disadvantages of the ID3. Any
decision tree formed by the C4.5 algorithm can be used in classification studies, this is the
reason C4.5 is also referred to as a statistical classifier [4]. To improve the ID3 algorithm

number of changes are made to the C4.5 algorithm.
Handling Numerical Values

On the basis of Y attribute values, if considered the training samples are first sorted. There
is only a finite number of the values, so let these be denoted as {v1, v, ..., vm} in an arranged
order. Any threshold value located between vi and vi+1 will have effects the same as dividing
the cases into the ones whose the value of the Y attribute is located between {vi, vo, ..., Vi}
and those whose value is in {Vvi+1, Vi+2, ..., Vm}. Thus, only m-1 possible splits on Y are found,
and to get an excellent split they must be analyzed and evaluated systematically. The
midpoint of each interval is usually been choose, as [4] described the midpoint is obtained as:

vit+vi+1
ti ==
2

(2.9)

To calculate the representative threshold equation 2.9 is used. The smaller value of the
threshold is chosen by the C4.5 algorithm as vi for every {vi, vi+1} interval, rather than

choosing the midpoint by itself.
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Unknown Attribute Values

The C4.5 algorithm accepts a principle which illustrated that a training sample obtaining
unknown values are probabilistically distributed based on the known values’ frequency

relative. Below is a form of calculating the new gain criteria value:

__ number of samples in a database with known value for a attribute given

F=

(2.10)

total number of samples in the data set

New Gain(X) = F(H(T) — H(X, T))

2.4.1.2. Memory Based Classification

Memory-based classification is a member of nearest-neighbor, therefore it is useful in
classification because [21]. Memory-Based Reasoning (MBR), is a particular version of the
memory-based methods, it has been applied to the typical benchmark database tests. It has
also been applied to the object identification or recognition and classifications of free text
samples obtained from potentially large databases. The results after the classification method
is applied seem to be better or comparable to the ones obtained by neural networks [21, 22].
Therefore, Duch et al. (1996) concluded that memory based methods classification are better

suited to industrial or large scale applications than neural networks methods.

K-Nearest Neighbor Algorithm

K-Nearest-Neighbor (KNN) algorithm is considered to be one of the simpler algorithm
as well as the most fundamental method in classification method. It should also be among
the first choices for a classification analysis when there is little or there is no prior knowledge
about the data distribution [4]. The basis of KNN classifier is on Euclidean distance between
training samples that are specified and a test sample. Assuming Xi is an sample input
containing p features as (xi1, Xi2 ,..., Xip), and let n be the total number of the samples’ input
as (i=1, 2, ..., n) and p to be the total number of these features as (j=1, 2, ..., p). The

Euclidean distance between sample x; and xi (=1, 2, ..., n)) can be illustrated as:
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i = 3 (o — )’ @11)

12,00 - X2
10,00 1 *
8,00 -
6,00 - *
4,00 -
2,00 -
. *

0,00 T T T T T |X1
0,00 2,00 4,00 6,00 8,00 10,00 12,00

Figure 2.2. The observation values nearest to & are k=3 neighbors

In K-nearest-neighbor algorithm, any cluster formed from observation value should be
performed based on the following operations:

a) Determining K parameter.

b) Calculating the distance.

c) Determining the minimum distance.

d) Determination of the classes related to the selected lines.

e) Forming a new observation’s class.

Weighted Voting

Weighted voting is described by Diplaris et al. [23] as one of the simplest methods in
merging or combining homogeneous and heterogeneous models. The basis of weighted
voting systems are on the idea of the voters are not all equal. Rather, it can be desired to
identify the differences by providing some different amounts of weights regarding the
outcome of a selection to the voters [4]. This is in contrast to the typical congressional
process, in which it assumes that vote of each member can carry the same weight. The

calculation of the weighted distance is based on the following relation:
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1
d(ij)?

d(ij)’ = (2.12)
Here d(i, j) means the Euclid distance is between i and j. This distance is calculated for every
class value and summing them to get the weighted voting value. A class value with highest

weighted voting value is accepted as a class of new observation.
Statistical Classification Models

In [24], statistical classification is described as obtaining a set of discrete categories that
can be assigned to a certain variable which is registered in an administrative file or any
statistical survey. It can be used to present statistics and productions statistically. According
to [25], in machine learning, the statistical classification model is used to identify categories

of any set that belongs to new observations on the basis of training or educational set.

Conditional Probability

Conditional probability is a chance of an event to take place depending on the availability
of a certain circumstances. As Triola [26] illustrated, a conditional probability of an event is
a chance/probability attained together with some added information such that another event
has occurred already. Considering two compatible (consonant) events A and B, there are
common points between the event A and B. In this situation, it is said that A N B # &. For an

event B to happen it totally depends on event A. The probability P(B|A) is shown as follows:

P(ANB)

P(B|A)= 2.13

(BIA) P(A) (2.13)
Based on the information given the compound probability is found as:

P(ANB)=PAPB|A) (2.14)

Then, the probability that two events will occur after one another like A and B equals to

the product of the two events’ probabilities. This can be written as:
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P(ANB)

P(A|B) = P(B)

Which is explained as:
P(A N B)=P(B)P(A | B)
Rearranging the above equations produces the following:

P(B)(A|B)

P(A|B) = P(A)

(2.15)

Bayes Theorem

Bayes theorem describes the probability of an event to happen to watch the condition
given that may relate to that event specifically [4, 27]. In calculating probability, Bayes
theorem has a very important field. The classification process is possible using Bayes
theorem. Let two events as T: and T2 be consider. If to say that the inconsistency of these

two events, i.e. TiN T, =0d.

Figure 2.3. T1, To, and A events

It can be said that event A is in event T1 and T». For this, the conditional probability

P(T1|A) is given as:

P(A|T.)
P(A)

P(T1|A) = (2.16)
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As seen in Figure 2.3., event A happened in both event T1 and T>. The following relation
for A can noted as:

A=T:nAUTNA)
Naturally, probability of an event A can be illustrated as:
P(A) =P(M:nA)+P(T.NA)
Using the above two equations, the following formula can be obtained:

P(A|Ty
P(Tlﬁ A)+ P(sz A)

P(T1|A) = (2.17)
If the event is a set of clusters of T1,T,..., 7n and the probability is not equal to zero, then
the probability of event A happening in event Tj is shown as:

P(A|T)
PTi|A =" (2.18)

Z P(ANT)

If P(A | Tj) = P(A | Tj)P(T;j), then the following is obtained:

P(A|T)P(T)
P(Ti|A) = (2.19)

ZP(AmTi)

Bayes Classifier

Bayes classifier can reduce the probability of mis-classification to lesser value in
statistical classification as explained in [4]. Suppose that two variables (X, Y) take values in
Rd *{1, 2, ..., k}, where the class label of X is given as Y. Given that r value is assigned to

the label Y, the conditional distribution of X will take the relation given as:
X|Y=r~Prforr=12,...,k

where “~” means “is distributed as”, and Pr represents the distribution of a probability. For
example, if to say there is a stack of objects and suppose there are red round objects, the
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hypothesis is “this object is an orange”. Here P(H) is given as “priori probability”. That is
what it is at first is known. But, because P(X | H) probability is built under condition H then,
it is evaluated as “posteriori probability” (i.e., if an X object is yellow and round then, the

result is wil be “it is an orange”). Therefore, the Bayes relation is as follows:

P(XH)P(H)

P(H|X) = P(X) (2.20)
P(Ci|X) = % (2.21)

To reduce the weight at the calculation process of P(X | C;) probability can be combined.

To do that, the X; values in the example are considered independent to be obtained:
P(x|C)= [ [P(xIC) (2.22)
k=1

For classification of unknown X example, because the denominators in (2.20) are equal
the comparison with the nominator must be done. Selecting the highest out of this and say

the unknown example belongs to this class.
argmax{P(X |C)P(C)} (2.23)
Ci
The above used posteriori probability statement, Maximum A Posteriori classification =

MAP is also known. In that case, as a result, because of (2.21), Bayes classifier can be used

as below relation:

Cwne=argmax [ [ P(x| C)) (2.24)
k=1

Ci _

2.4.2. Clustering

As explained by Yalin in [4], clustering is the process of grouping dataset by considering
the similarities between them. The clustering technique has been widely used in many

different applications such as customer behavior analysis of purchased item, targeted
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marketing, and a lot of others analysis [28]. So, it can be applied in many fields because of
its features. For example, it is widely used in marketing research, pattern identification,
image processing and in the analysis of spatial map data.

As such, according to [29], clustering method does not adopt class groups that are
assigned before, except maybe while verifying to see if the clustering work well enough or
not. When dealing with clustering the nearest neighboring algorithm and farthest-neighbour

algorithm must be remembered, also known as a hierarchical method of clustering.

2.4.2.1. Cluster Analysis

Cluster analysis is defined in [30, 31], as the way of forming a group of abstract objects
into classes of objects that are similar on the basis of gathered information in the data by
illustrating/defining the relationship of objects. The basis of grouping objects in cluster
analysis is on the information contained in the data by describing the objects or defining the
objects’ relationships. The aim of clustering analysis is that objects in a group should be
identical or relevant to one another, and should be different from one another or unrelated to
one another in the group at the same time. Figure 2.4 is an example of different cluster

groups.

Figure 2.4. A view of cluster A, B, and C
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2.4.2.2. Distance Measurements

As explained by Yalin (2013), each clustering problem is based on some kind of
“distance” between points. That is why the distance between two points needs to be
calculated. An observation value that is made of different kind of variables is called as X.

For example, a matrix made of three variables and five observations are as in Figure 2.5

Figure 2.5. An example of 3x5 X matrix

The 1% observation point location is (Xi1, X12, X13) and the 2" observation point location
is (X21, X22, X23). The distance between these two points is d(1,2). The difference between

every row to the other is defined as d(i, j). D symmetric of distance symmetric can be shown
in Figure 2.6.

0

2,1 0

D=|d@3,1) d3,2) 0

d4,1) d4,2) d@,3) o

d(5,) d(5,2) d(53) d(54) 0

Figure 2.6. D symmetric of distance symmetric

There are many different types of distance measurements formula, three of them are given
below:

a) Euclidean distance: is one of the most widely used distance measure in data mining
field. Figure 2.7 below is an illustration of the method:
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Figure 2.7. The d distance between two points

The distance between A and B is calculated using Euclid as:

d(A B) = (Xa—X2)% + (y:— y2)° (2.25)

To generalize this relation, i and j points reach the following relation:

d(l,_]): Z (Xik_Xjk)2 (226)

p
k=1
b) Manhattan distance: The distance if you had to travel along coordinates only, the total

of absolute observation distance must be taken to do the operation:
p
dq, j)= Z(| Xe =X ) 1,J=1,2,...,n k=1, 2, ...,p (2.27)
k=1

¢) Minkowski distance: is a metric in a normed vector space that can be considered as an

integration of both the Euclidean and the Manhattan distance measures. The formula is:

d, j){zp:q X — % |'“)T i,j=1,2, ...,nk=1,2, ...,p (2.28)

Writing m = 2 in the formula to get Euclid distance

2.4.2.3. Hierarchical Clustering

Hierarchical clustering is described a way of producing a hierarchical series of nested
clusters that range from the clusters at the bottom to an all-inclusive cluster at the top.
Unifying hierarchical method: Are methods that deal with separately handled clusters
incrementally merging them together. The mostly considered algorithms are nearest
neighbor algorithm and farthest neighbor algorithm.
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K - Nearest Neighbor Algorithm

The k-nearest-neighbor classifier is an algorithm generally based on the Euclidean
distance between the training samples that are specified and a sample test. Assuming Xi is an
sample input containing p features as (Xi1, Xz ,..., Xip), and let n be the total number of the
samples’ input as (i=1, 2, ..., n) and p to be the total number of these features as (j=1, 2, ...,

p). The Euclidean distance between sample x; and x; (I=1, 2, ..., n') can be illustrated as:

d(i j)= \/Zzzl(xij — x,-k)2

Cluster B

Figure 2.8. Nearest distance between two clusters
Farthest Neighbor Algorithm

This method is same as the nearest neighbor method, the only difference is, instead of
calculating the shortest distance between two clusters rather the longest distance between

them is being calculated as shown in Figure 2.9.

23



Cluster A

Cluster B

Figure 2.9. Farthest distance between two clusters

2.4.2.4. Non - Hierarchical Clustering

This method deals with non-overlapping groups that have no hierarchical relation among
them. As Robbins (1994) illustrated, non-hierarchical methods demand not much

computational effort when compared with hierarchical methods.

K - Mean Method

K-mean clustering method are frequently referred as a non-hierarchical clustering
methods. Here, the aim is to minimize the mean error. If a space N is given, where space is
in {Cy, Co,...,C«} format, divided into K clusters. So, > nk =N (k=1, 2, ..., k), and Ck cluster’s

mean vector is calculated as Mg as shown below:

1 N«
Mo==> Xu
NS

The value of X« for Cx cluster is the i'" example. The square error for Cx is the total Euclid

distance between Cyx example and its centroid. This error is called “intra-cluster change”
N«

e’ :Z(Xik_Mk)

i=1

Square error is total change inside the cluster, and is calculated as:
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Algorithm: Before starting the k-mean algorithm, first, k cluster must be determined. After
it is determined, then the observation value is assigned to all clusters and C1,Co,...,Ck is
obtained. Then the following operations are done;

a) Every cluster’s centroid is determined in My, My, ..., Mk form.

b) e1,e2, ...,ex inter-cluster change is calculated to find total E%

c) The distance between centroid value and observation value is found.

d) The above b and c steps are repeated if the condition is at state.

2.4.3. Association Rule

Association rule mining, as Chan [5], Jiang and Gruenwald [32] described, studies the
frequency or repetition of items in the basis of finding all association rules by considering
the minimum support and confidence threshold respectively. An Association Rule Method
(ARM) is a data mining method used for analyzing the relationship of data contained in the
database [4], determining situations that are related and can work together, where
determining these relationships helps in attaining association rules. Association rules are
found particularly in the marketing field. Applications that are named market cart analysis
are based on this kind of data mining methods as [4] explained and with the help of market
cart analysis, a certain probability can be applied that guesses if a customer purchases any

product and detects a possible product added to the cart.

Association rule in data mining is a way of finding out the relationship(s) between one or
more items that are in large number in the database [33], and Agrawal et al. [14] explained
it as a way to find all the rules of association that fit both the minimum of support and

confidence of transactions or constraints in the database.
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2.4.3.1. Support, Confidence and Lift Measures

In Association Rule, Support is defined in [34, 35] as the percentage of records divided
by the fraction of the records which contains the union of the two values that are contained
in that database. In different transaction, whenever an item is encountered its count increases
by one, while scanning is in progress in the database [36]. But a support count does not mean
that its quantity is decreased anywhere. In market-cart analyzation, support and confidence
are used to show the connection between the two or more products sold. A value called
support number is used in these kinds of measure calculation. The rule support measure
determines the percentage of connection that is repeated in all the transactions. Likely, rule
confidence measure determines the possibility percentage of obtaining product B group if
the customer gets product A group in the basket. The condition of customer that is taking
product A group also takes product B group, i.e. the association rule is shown as: A — B.
Rule support measures can be calculated as:

number (A, B)
N

Here, number(A,B) shows the number of shopping number support in A and B product

support(A— B) = (2.29)

group together, and N is the total number of shopping done per store visit. Rule confidence
measures determine the probability of purchasing product A and B at the same time, and it
is calculated as:

number (A, B)

confidence (A— B) =
number (A)

(2.30)
In association rule, lift is defined by Ordonez, Bayardo and Agrawal in [37] and [38] as
the fraction of the union of two records to the product of the two records. Below is the

formula of lift:

sup port (A U B)
sup port (A) X sup port(B)

lift (A — B) = (2.31)
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2.4.3.2. Apriori Algorithm

According to Agrawal and Srikant (1994), Apriori algorithm is an algorithm for
association rule combinations that helps to achieve a feasible result from the databases and
can be used also for frequent item set. As Agrawal et al. [14, 35, 39] explained, the term
association rule in data mining can be illustrated as: Let the set of k binary attributes (items)
be | = {i1,iz,...,ik}, and let the set of transactions (database) be D = {t1,t2,...,t}. a unique ID
is contained in every transaction made in D and it is the superset of the items in I. A rule is
defined as the form X—Y. here X, Y € I and XNY=4g. Therefore the sets of X and Y items (for
short itemsets) are called antecedent (i.e., left hand side or LHS) and consequent (right hand
side or RHS) of the rule respectively. These key concepts are: frequent item sets (i.e., the
sets of an item with minimum support, denoted by L; for i'" item set), Apriori property (this
property says that any subset of a frequent item set must also be frequent), join operation
(i.e., a set of candidate of k-item sets must be created by integrating Lk-1 item set with itself
in order to find Lx).

Apriori algorithm can generate all potential large item-sets of k+1 from large k-item-sets
by using joins on the large k-item-sets and it validates them in counter to the databases.
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3. SCHOOL ADMINISTRATORS

School administrators are selected people with associate degree, undergraduate degree or
postgraduate degree level. Their bases of selection is on severance and hardworking. In
Nigeria, a person who is certified in National Certificate of Education (NCE) as the
minimum or lowest teaching qualification could also be appointed as a school administrator
[40]. The appointment of individuals with either of the certificates as a teacher does not
require working experience but, a person has to work in the system enough to become a
school administrator. Beale and Hall [41] explained the responsibility of school
administrators in a condensed form as any activities held inside the school premises. To
expand that, their roles consist of hiring or appointing teachers that are committed to
teaching, professionals, and also (possibly) with high grades. They are also committed to
appointing non-academic staffs with good manners and behavior, as well as managing their
duties and activities. Moreover, it is among their duties to direct their staffs to work
accordingly so that the school will become admirable both to the parents and to the students
[42]. School administrators manage the routine activities and often provide instructional
leadership in schools. They supervise their staffs, make sure students attend school on a daily
basis, make decisions that affect the school positively, and control the budget or expenses of
the school [43, 44]. The school management or the school administration often make the
budget of the school and send it to the ministry for evaluation. After the ministry receives
the budget of any school, it accepts and approves the requests of the school administration.
Later then, the requests are sent together with a supervisor in order to make sure they are
delivered. At the other part, the school principal assigns a personal to make sure anything

delivered to the school is being recorded and saved in a safe place.

In every organization, there is always a person who is the last decision maker, the person
who is superior and can give directives or orders to everyone else. This person can be called
with different names such as head, director, chairman, chief, principal, leader, ruler,
president, and so on. Every organization has its own term of naming the superior; for

example, in high schools principal is the term used to describe a superior.



3.1. The School Principal

School principal is described in many words; however, it can shortly be said that school
principal is a person responsible for the school’s success or failure [45, 46]. Any school
principal is expected to lead so that the school will reach its best targets in terms of
knowledge and moral behavior acquirements. There is no school principal or any other leader
as a person who can fulfill all the organization’s tasks to greatness alone. As Spillane [45]
illustrated, this kind of leadership must involve the collection of individuals from different
districts of the organization in order to achieve such greatness. That is why the management
must appoint the best possible individuals as staffs that will help in running different school
districts. However, no matter how best or how many staffs serve, their duty is to give
suggestions on how to improve the school activities for better quality outputs. Furthermore,
it is the staffs’ duty to execute the tasks based on the directives given by the school principal.
The final decision of the suggested improvements on tasks rests on the shoulder of the school
principal. If the long list of tasks listed by Telem and Buvitski [47] is considered, more than
13 different tasks are expected to be fulfilled by the school principal. However, Ekundayo
[46] explained that these tasks can be reduced into five heads by marginalizing them, which
makes the school principal be characterized as the planner, organizer, director, supervisor,

and evaluator of the school system.

3.2. The School Administrators and other Staff Members

As mentioned above, the school principal needs staff that will help to get the organs of
the school running to its best function. The staff include the school administrators and other
staff members serving at the school. As illustrated in [48], the school as an organization is
coordinating the tasks through the division of labor. According to Barnard [49], every
individual of the staff has his own effectiveness (ability to reach the given target) and
efficiencies (ability in reaching the state of satisfaction of individuals’ motives through
cooperation). Therefore, the staff members are required to perform the tasks stated to their
districts according to the directives given by school principals, and give reports when

required.
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The effect of school and school environment to our lives may cause either success or
failure. Therefore, any decision made or rule introduced on how the school activities should
be exercised needs to be good, reliable, and strong for better and qualitative outcomes. Harris
et al. [50] illustrated that the way to behave in the school premises matters. Adding to that,
Boyd and others [51], mentioned that self-being does not work always in this kind of
environments. Because people look to their superiors as their role models [50, 51]. This
happens not only in schools but also in houses, neighborhoods, towns, cities and so on. For
example, the attitudes of children are based on the behavior of the family members and the

community members they are grown up with.

The aim of this thesis is to evaluate school administrators by using data mining
techniques. That is why data mining, how data mining works, how to convert obtained data
to useful information, what field data mining is being applied, how data mining is being
processed, and the method used to mine data are explained. Also, school administrators,
school principal, and other staff members, their roles and duties are explained. Along with
the explanations, a questionnaire was applied to the school administrators in order to

evaluate their perspectives of their leadership based on data mining techniques.
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4. EVALUATION PROCESS OF SCHOOL ADMINISTRATORS

A questionnaire was used in order to gather information on the school administrators for
the evaluation to get started. The questionnaire was applied to the school administrators in
Nigeria and Turkey using a hardcopy. The evaluation process in this thesis consists of six
phases. These phases are: about the questionnaire, methods, statistical findings,
classification findings, clustering findings, and association rule findings. More about these

phases are explained in the following subsections.

4.1. About Questionnaire

The questionnaire used in this thesis is a combination of questions collected from different
papers. It’s later designed to be questionnaire of four parts. The first part contains questions
on participant’s demographic information. In the second part, there are questions on believes
about principalship. The third part consists of general perceived self-efficacy questions. The
last part or the fourth part of the questionnaire contains Melbourne decision-making
questions. For the first part, five questions (gender, age, rank, education level, and severance)
were asked because the questionnaire was administered to school administrators. The
obtained answers of the questions based on demographic information that help to know the
person being analyzed. The second part of the questionnaire is composed of 14 questions
used by Darling-Hammond et al. [52]. The first four questions are to measure the level of
positive beliefs, the next four questions are to measure the level of negative beliefs, and the
last six questions are to measure the level of commitment to the school management. For the
third part of the questionnaire, the questions are based on Bandura’s self-efficacy theory
[53]. These questions were later developed by Jerusalem and Schwarzer [54]. The original
questionnaire, having 10 questions, was translated into 31 different languages and the
version of Aypay [55] is used in this thesis. The last or fourth part (i.e., Melbourne decision
making) of the questionnaire is based on 31 questions where the first 22 are developed
questions by Mann et al. [56], and the Turkish version used by Deniz [57] for validity and
reliability study where the scale is divided into two sub-parts. The first part comprises six
questions for determining self-esteem or self-respect in making a decision. The second part
comprises 22 questions for measuring decision-making styles. The administrative strength



scale was developed by Kanungo and Menon [58] and was adapted to Turkish three-
dimensional scale by Ersozlu [59]. For the first part of the questionnaire, the participants are
asked in questions number 1, 3 and 4 to just select out from the options given, while the
other two questions need to be filled by the participants. For the other three parts of the
questionnaire, participants are asked to tick or select only one out of five options provided
on the sheet. These options are Strongly Disagree, Somewhat Disagree, Neutral, Somewhat
Agree and Strongly Agree respectively, which represent 5 Likert scale. For more about

sample of the questionnaire applied (See Appendix A).

4.2. Methods

The analyses in this thesis are based on classification, clustering, and association rule.
WEKA is the application used for all analysis methods. WEKA is a well-designed for easy
navigation and it has many data mining algorithms for classification, clustering, and
association rule methods. It also has many different parameters options for any algorithm
chosen to do the analysis. If navigated, it will help to achieve many different results, clusters,
or value of accuracies. The files supported for WEKA are files with Attribute-Relation File
Format (.arff) or Comma Separated Values (.csv) file extensions. The questionnaire
was applied containing five different options as mentioned before. However, during the
analysis, some of the options are merged in order to make it three simpler, more
understanding options, and also to reduce time processing for the algorithm. Firstly, the
collected data from questionnaires are converted into the . ar £ £ file without tempering with
any option, while the severance grouping method is organized in the file as 0-5, 6-10, 11-15,
16-20, 21-25, and 26-30. Later, the file is saved in a folder as Datal.arff waiting for
classification, clustering, and association rule analyses. The same data file is used to form
Data?2.arff file but, the severance grouping is changed in this file to 0-10, 11-20, and 21-
30. Another file is formed as Data3.arff with the same properties as the previous file
with a change in the statements’ options. The change made is by merging the two options
nearest in meaning to reduce time consumption of the program. Options 1 and 2 (Strongly
Disagree and Somewhat Disagree) are merged to make it option 1, option 3 (Neutral) is

changed to be option 2, and option 4 and 5 (Somewhat Agree and Strongly Agree) are
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merged to make it option 3. By using Data3.arff some .arff files are formed again
but, instead of making changes, it is decided to separate the data file into three. These three
data files are named as Data4 1.arff, Data4 2.arff, and Data4 3.arff. The
formation of these files is based on the sections or parts (i.e., Believes about the principal-
ship, Generalized perceived self-efficacy, and Melbourne decision making) in the
questionnaire and the demographic information is added to each file. After the formation of
data files above, it is decided again to form another data file by updating Data3.arff file,
making the severance grouping to be 0-5, 6-10, and >10 then saved itas Data4 .aff. Asit
was done to Data3.arff to formed next three sectional (i.e., Believes about the principal-ship,
Generalized perceived self-efficacy, and Melbourne decision making) files, the same method
is applied to form another three files and saved them as Data5 1.arff,

Data5 2.arff,and Data5 3.arff.

In addition, the analysis of some questionnaires applied in Turkey was also done in this
thesis. The Turkish questionnaire contains the same number of questions in the second and
third part of the questionnaire applied in Nigeria. The questions positioning in the second
part are the same as organized (listed) in the Nigerian questionnaire. Those in the third part
are not organized as the Nigerian questionnaire. However, in the fourth part of the Turkish
questionnaire, there are only 22 questions same as their Nigerian counterpart. Therefore, data
files of the obtained feedback are formed in order to analyze the Turkish questionnaire. At
first, a data file named DataTR1.arff is formed with the exact format of questions from
the questionnaire. Later, the copy of the file is generated as DataTR2.arff but, with just
22 questions that are equal to the Nigerian questionnaire from the fourth part. Lastly, the
next data file named DataTR3.arff is formed with the same as previous but rather with

three options instead of five after merging the ones closer in meaning.

To conclude, the questionnaires applied in Nigeria and Turkey are merged together by
considering the common questions they both contained. After combining these two different
questionnaires, some data files are generated and the analysis was performed. The generated
data files are named NG-TR1.arff and NG-TR2.arff. The first file contains five
options but, the second one contains only three options as some options are merged. The

following lists the files used and the explanation of the data they contained:
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Datal.arff: Nigerian questionnaire, age group is 18-25, 26-40, >40, severance group is 0-5, 6-
10, 11-15, 16-20, 21-25, 26-30, all parts are contained, answer options are 1-5.

Data2.arff: Nigerian questionnaire, age group is 18-25, 26-40, >40, severance group is 0-10,
11-20, >20, all parts are contained, answer options are 1-5.

Data3.arff: Nigerian questionnaire, age group is 18-25, 26-40, >40, severance group is 0-10,
11-20, >20, all parts are contained, answer options are 1-3.

Data4.arff: Nigerian questionnaire, age group is 18-25, 26-40, >40, severance group is 0-5, 6-
10, >10, all parts are contained, answer options are 1-3.

Data4_1.arff: Nigerian questionnaire, age group is 18-25, 26-40, >40, severance group is 0-
10, 11-20, >20, only second part is contained, answer options are 1-3.

Data4 2.arff: Nigerian questionnaire, age group is 18-25, 26-40, >40, severance group is 0-
10, 11-20, >20, only third art is contained, answer options are 1-3.

Data4_3.arff: Nigerian questionnaire, age group is 18-25, 26-40, >40, severance group is 0-
10, 11-20, >20, only fourth part is contained, answer options are 1-3.

Data5_1.arff: Nigerian questionnaire, age group is 18-25, 26-40, >40, severance group is 0-5,
6-10, >10, second parts is contained, answer options are 1-3.

Data5_2.arff: Nigerian questionnaire, age group is 18-25, 26-40, >40, severance group is 0-5,
6-10, >10, third parts is contained, answer options are 1-3.

Data5_3.arff: Nigerian questionnaire, age group is 18-25, 26-40, >40, severance group is 0-5,
6-10, >10, fourth parts is contained, answer options are 1-3.

DataTR1.arff: Turkish questionnaire, age group is 18-25, 26-40, >40, severance group is 0-10,
11-20, >20, all parts are contained, Turkish based, answer options are 1-5.

DataTR2.arff: Turkish questionnaire, age group is 18-25, 26-40, >40, severance group is 0-10,
11-20, >20, all parts are contained, equivalent to Nigerian but complex, answer options are 1-5.

DataTR3. arff: Turkish questionnaire, age group is 18-25, 26-40, >40, severance group is 0-10,
11-20, >20, all parts are contained, equivalent to Nigerian not complex, answer options are 1-3.

NG-TR1 . arff: Nigerian and Turkish combined questionnaires, age group is 18-25, 26-40, >40,
severance group is 0-10, 11-20, >20, all parts are contained, answer options are 1-5.

NG-TR2. arff: Nigerian and Turkish combined questionnaires, age group is 18-25, 26-40, >40,
severance group is 0-10, 11-20, >20, all parts are contained, answer options are 1-3.
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4.2.1. Classification Method

The classification method of analysis is being one of the methods used in this thesis to
classify and find the best accuracy from the data collected. There are many algorithms in the
classification panel which are grouped based on their classifiers’ type. All performance
results under classification method are based on the evaluation of the confusion matrix that
comprises three cases: Sensitivity, Specificity, and Accuracy [27]. True Positive (TP), True
Negative (TN), False Positive (FP) and False Negative (FN) values are used to calculate the
cases [60]. TP, properly reported true positive test result in the data, FP, false positive is any
error reported in the data indicating improper test results which are negative as positive, TN,
properly reported true negative test result in the data, FN, false negative is any error reported
in the data indicating improper test results which are positive as negative. Below are the

formulas for calculating the sensitivity, specificity, and accuracy:

TP

Sensitivity = —— (4.1)

Spesificity = TNTiVFP 4.2)

Accuracy = L\ — 4.3)
TP+FN+TN+FP

The confusion matrix is a dimension of NxN table containing TP, TN, FP, and FN. Below

is the illustration of 2x2 confusion matrix table:

Table 4.1. A 2x2 confusion matrix table

Classified

True Positive (TP) | False Negative (FN)
Actual

False Positive (FP) | True Negative (TN)

There are different algorithms used for classification analysis such as Naive Bayes,
Simple Logistics, Multi Class Classifier, J48, and so on. The reason of applying more than

one algorithm is to evaluate and discuss the results’ differences.
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4.2.2. Clustering Method

The other method used in this thesis is clustering method. This method helps in grouping
objects according to the information obtained from the data which describes the objects or
describes the relationships of the objects. The aim of clustering is that the similar objects or
related objects to one another in a group will be grouped seperately and likewise different

objects or unrelated objects to one another in a group will be grouped seperately.

4.2.3. Association Rule Method

Association rule of analysis under data mining is one of the methods used in this thesis
as a method to analyze the data obtained from the applied questionnaire. The analyzation is
done to obtain rules as results that tell more and give predictions about school administrators’
perspectives. Association rule is used in order to point out the relationships between
categories or questions in the dataset. There are six algorithms appeared in the “associations
panel” and two of these algorithms are passive for the file used. Apriori algorithm is
considered for the analysis because it was among the active ones, and some parameters are
changed during analyzation.

4.3. Statistical Findings

As explained above, the questionnaire is formed with four sections. In the first section,
some questions on demographic information are asked. Questions about school
administrators’ believes in principalship are asked in the second section. Questions about
self-efficacy are asked in the third section. Questions about Melbourne decision-making are
asked in the last section (fourth section). Upon the analyzed data, there are 79 participants
in Turkey and 57 participants in Nigeria who had filled the questionnaire. The statistics of
the questionnaire applied in Nigeria are as follows: Out of 100%, the analysis showed
66.67% are male and 33.33% are female. For age classification only 3.51% aged between
18 and 25, 68.42% aged between 26, and 40, 28.07% aged more than 40. For ranking
classification, 52.63% of the participants are school principals, 31.58% are vice principals

on administrative issues and 15.79% were vice principal on academic issues. The analysis
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shows that 22.81% of the participants are graduated from National Certificate in Education,
63.16% are having bachelor degree certificate and 14.03% are administrators with
postgraduate certificate. Lastly, 82.46% of the participants have served between 0 to 10
years, 15.79% have served between 11 to 20 years and 1.75% have served for more than 20
years. Table 4.2 shows the statistical results of the demographic information from both the
Nigerian and Turkish questionnaire in details.

Table 4.2. Statistical findings about the participants

Frequency | Percentage

Gender NG | TR | NG | TR
1) Male 38 68 | 66.67 |86.08
2) Female 19 10 | 33.33 | 12.66
3)N/A 0 1 0 1.26

Age
1) 18 - 25 2 0 3.51 | 0.00
2) 26 - 40 39 31 | 68.42 |39.24
3)>40 16 45 | 28.07 |56.96
4IN/A 0 3 0 3.8
Rank
1) School Principal 30 77 | 52.63 |97.47
2) Vice Principal Administration | 18 1 31.58 | 1.27
3) Vice Principal Academic 9 0 15.79 | 0.00
4IN/A 0 1 0 1.26
Education Level
1) NCE / Undergraduate 13 8 22.81 |10.13
2) Bachelor / Degree 36 55 | 63.16 |69.62
3) Post-graduate 8 14 | 14.03 |17.72
4IN/A 0 2 0 2.53
Severance

1)0-10 47 4 | 82.46 | 5.06
2)11-20 9 38 | 15.79 [48.10
3)>20 1 29 1.75 |36.71
4IN/A 0 8 0 10.13
Total 57 79 100 | 100

4.4. Classification Findings

Since this thesis aims at evaluating school administrators; therefore, the first step is to
find the classification accuracies of their perspectives. To obtain the accuracies, different
algorithms found in WEKA application are exercised. For the analysis process in WEKA,
the selected algorithm can be executed using the standard parameters of the selected Test

Options or by navigating and changing the inputs to obtain different results. For example,
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the standard selected Test Option comes as Cross-validation, and the standard number of
folds are 10. There are also default parameters if the name of the selected algorithm is
clicked, such as debug, use-of-kernel-estimator etc. These parameters can also be changed
by selecting either true or false. However, only the value of Cross-validation is changed to
20 for the analysis in this thesis while other parameters are left with their default inputs. As
mentioned in Methods subsection, there are different files containing the data used to be
uploaded to the WEKA for analysis purpose. The analysis of the above-mentioned files is
performed with different algorithms. These algorithms are selected from different classifier
function folders found in the application. Below is the list of the algorithms’ names and
folders they are being extracted from:

e Naive Bayes (NB) from bayes folder

e Simple Logistic (SL) from function folder

¢ Instance-Based learning (IBK) from lazy folder

e Multi-Class-Classifier (MCC) from meta folder

e Voting-Feature-Intervals (VFI) from misc folder
e Decision-Table (DT) from rules folder

e J48 from trees folder

Even though most of the selected algorithms are not explained in this thesis but the
algorithms are similar and have the same function with the ones explained before. The
selection of different algorithms is due to the unavailability of simply known algorithms of
data mining methods in the WEKA application. If the algorithms are taken into
consideration, for NB the algorithm is explained in the second section of this thesis. For SL
algorithm, the algorithm is based on regression model where the binary in this model is used
to calculate a binary response probability according to one or more independent features.
The IBK algorithm is a pattern recognition algorithm and implements the KNN algorithm
method, where for a test instance instead of building a model it creates a prediction. For the
MCC algorithm, it is an algorithm on the basis of Support Vector Machine (SVM) where the
instances are classified into one or more classes like in the binary classification. SVM in
machine learning are supervised learning models with associated learning algorithms that

analyze data used for classification and regression analysis. The VFI algorithm is said to be
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simple algorithm where it also consider each future separately like NB classifier, and it is
believed to produce higher accuracy in some cases than the NB classifier. In machine
learning DT is an algorithm used for prediction in classification or regression models which
resembles decision tree. The DT algorithm implement the C4.5 (extended version of ID3
algorithm) features to find classification result, and contains hierarchical tables for the
purpose of visualization analysis. For J48 algorithm, it is also an algorithm that resembles
the decision tree like DT, and implement C4.5 features as well. Unlike ID3, the J48 algorithm

has additional features as it accounts for missing values and prune trees etc.

The listed classification algorithms are applied to the created files mentioned before. The
classification results are given in a series based on the two countries the questionnaires are
administered. These results are presented in tables for better understanding, and accuracies
are provided based on the demographic information (selected as outputs). After the
presentation of the classification results based on countries then, comparison of the two

results is also given.

4.4.1. Classification Findings Based on Questionnaire Applied in Nigerian

The data obtained from the questionnaire applied in Nigeria is used to form 10 different
WEKA data files for the analysis. These data files are uploaded to the application and
classification algorithms are applied to them and the results are obtained. In the following
tables, classification accuracies of the algorithms applied to the data files are given. Below
is a table showing the highest accuracy of an output is illustrated in bold, showing which
algorithm happened to find the highest accuracy value based on outputs.

Table 4.3. The percentage of the algorithms’ accuracies of Datal.arff file

NB SL IBK MCC VFI DT J48

Gender 50.88 66.67 49.12 49.12 6842 4912 4737
Age 5263 6491 6440 56.14 63.16 50.88 54.39
Rank 33.33 4912 36.84 4211 38.60 49.12 43.86

Educ. Level 43.86 56.14 43.86 59.65 54.39 43.86 63.16
Severance 29.85 3333 4386 56.14 49.12 56.14 38.57
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As shown in the above table, the algorithm that found the highest value of accuracy for
gender output is VVoting Feature Intervals (VFI). The accuracy of the VFI algorithm appeared
to be better than the accuracy of NB algorithm just like [61] illustrated. The accuracy value
is 68.42% as the relative absolute error was 78.47%. Table 4.4 contains the accuracy values

of Data2.arff obtained from different algorithms.

Table 4.4. The percentage of the algorithms’ accuracies of Data2.arff file

NB SL IBK MCC  VFI DT J48
Gender 50.88 66.67 54.37 4737 6842 57.89 56.14
Age 50.88 59.65 6491 57.89 6140 5439 6491
Rank 35.09 49.12 3333 4035 30.60 52.63 43.86

Educ. Level 38.60 56.14 43.86 5439 5439 43.86 66.67
Severance 7193 8246 82.46 80.70 82.46 40.70 82.46

The accuracy results in Table 4.4 above showed improvements in rank, education level,
and severance outputs due to the alteration made in severance range. It can be concluded
that Table 4.4 has the best accuracy results from the analyzed data files. To justify that, in
following tables, the results of the same algorithms are also presented and compared with
Table 4.3 which proves that Table 4.4 presents the better results.

Table 4.5. The percentage of the algorithms’ accuracies of Data3.arff file

NB SL IBK MCC  VFI DT J48
Gender 4561 66.67 49.12 4386 4211 5789 47.37
Age 6491 66.67 63.16 66.67 6140 56.14 59.65
Rank 36.84 5263 4386 4211 3509 5263 38.60

Educ. Level 50.88 57.89 52.63 45.61 4737 5263 56.14
Severance 63.16 7895 7368 6316 7193 77.19 82.46

The alteration of severance range appeared to produce better results, especially in the last
three outputs if Table 4.3 and Table 4.4 are examined. However, this method worked only
on Data?2.aff data file while the analysis was performed. Because some alterations were
also made to merge some options and see whether or not there will be better results found.

Thus, by examining the results in Table 4.5, there is no improvement in the Rank output.
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The same situation arose after changing the severance range in Data3.arff data file to
form the Data4.arff data file. The table below contains the results of the analysis and

when compared with the above table there is an improvement only in the age output.

Table 4.6. The percentage of the algorithms’ accuracies of Data4 .arff file

NB SL IBK MCC  VFI DT J48

Gender 4211 66.67 49.12 38.60 36.84 57.89 4561
Age 66.67 6140 6491 7193 59.65 6842 49.12
Rank 33.33 49.12 4035 4912 3333 5263 38.60

Educ. Level 52.63 56.14 50.88 4561 49.12 50.88 57.89
Severance 45.61 35.09 40.35 33.33 4561 28.07 4561

As seen in previous tables, different algorithms and different demographic information
statements are used as outputs to find accuracies. The selected parameter under test option
is cross-validation with 20 folds as mentioned before. After observing the results of the data
files in previous tables, the best from Data2.arff file, for gender output the VFI
algorithm found the highest accuracy as 68.42%. For age output, the SL algorithm found the
highest accuracy as 64.91%. For rank output, the SL and DT algorithms both found the
highest accuracy as 49.12 %. For education level output the J48 algorithm found the highest
accuracy as 63.16%. For severance output, the MCC and DT algorithms both found the
highest accuracy as 56.14%. This process is repeated to the other data files (Data2, Data3,

and Data4.arff) and highest accuracies are boldly marked in the given tables.

The same method is applied to the rest of the data files that are separated based on of the
questionnaire. These files are Data4 1.arff, Data4 2.arff, Datad 3.arff,
Data5 1.arff, Data5 2.arff,and Data5 3.arff data files. Some accuracies of

the algorithms to the files are also presented in following tables:
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Table 4.7. The percentage of the algorithms” accuracies of Data4 1.arff file

NB SL IBK MCC VFI DT J48

Gender 5439 6140 5437 4912 56.14 6491 54.39
Age 6491 6491 5263 6316 56.14 63.16 6491
Rank 43.86 4386 4737 50.88 4211 49.12 49.12

Educ. Level 5439 5790 5263 5790 4737 63.16 50.88
Severance 7193 7895 73.68 56.14 63.16 80.70 82.46

By observing the accuracy values in Table 4.7 above, it is noticed that the results started
with incredible values especially for the Severance output. For the other outputs, the results
are high as they are all above 50%. In contrast, the remaining two data files of Data4 show

the incremental values of accuracy.

Table 4.8. The percentage of the algorithms” accuracies of Data4 2.arff file

NB SL IBK MCC VFI DT J48
Gender 50.88 63.16 59.65 5439 4737 66.67 6140
Age 59.65 66.67 66.67 52.63 4035 63.16 66.67
Rank 57.90 59.65 49.12 57.90 47.37 56.14 56.14

Educ. Level 5439 63.16 50.88 52.63 3333 66.67 63.16
Severance 7368 8246 7895 63.16 66.67 80.70 82.46

If Table 4.8 above is examined, the increment of some accuracies can be noticed
compared to the accuracies in Table 4.7. The increment in gender and age outputs are about
1.76% while in Rank output had the highest percentage value of 8.77% increment. For the

education level output, the increment is 3.51% while the severance shows the same value.

Table 4.9. The percentage of the algorithms’ accuracies of Data4 3.arff file

NB SL IBK MCC VFI DT J48

Gender 4561 66.67 57.90 4561 4912 63.16 54.39
Age 6491 6491 7719 6842 66.67 5439 68.42
Rank 29.82 4737 4386 29.82 1930 4561 4211

Educ. Level 4737 6491 50.88 43.86 36.84 50.88 57.90
Severance 6491 80.70 80.70 6140 66.67 80.70 82.46
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After comparing Table 4.8 and Table 4.9, it is noticed that gender output accuracy values
are same but found by different algorithms. The severance output is also the same but found
both by the previous and another algorithm. For age output, the accuracy one of the
algorithm from Table 4.8 shows increment in Table 4.9 while the other decreases. For the
rank and education level outputs, the highest accuracy values were found by different
algorithms but are decreased compared to the previous values.

This method was applied to the other sub-file of Data5 file but the results found are no
better than the results of sub-file of Data4. The highest accuracy value among the files is
73.68% which is found by Instance-Based learning (IBK) algorithm from Data5 3.arff
data file. The differences in accuracy are often changed on the basis of algorithms and
outputs. The confusion matrix of the results for the questionnaire applied in Nigerian is not
given in this thesis. This is because the accuracy results of sensitivity and specificity were

very low.

4.4.2. Classification Findings Based on Questionnaire Applied in Turkish

The data obtained from the questionnaire applied in Turkey is used to form four different
WEKA data files for the analysis. These data files are uploaded to the application and
classification algorithms are applied to them and the results are obtained. In the following
tables, classification accuracies of the algorithms applied to the data files are given. The
highest accuracy of an output is illustrated in bold, showing which algorithm happened to
find the highest accuracy value based on outputs. Table 4.10 below shows the results from

analysison DataTR1.arff file.

Table 4.10. The percentage of the algorithms’ accuracies of DataTR1.arff file

NB SL IBK MCC VFEI DT J48
Gender 78.21 87.18 79.49 82.05 84.62 8590 87.18
Age 67.11 7237 6184 5789 7237 6842 7237
Rank 9487 98.72 96.15 96.15 100 98.72 98.72

Educ. Level 59.74 6234 4935 6494 6494 5844 7143
Severance 61.97 6197 46.48 6479 4789 6479 69.01
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The Table 4.10 shows the results of the Turkish questionnaire with much higher accuracy
value when compared with the Nigerian questionnaire. If the highest accuracy value of
gender output found by the Simple Logistic (SL) and J48 algorithm is considered, the
accuracy value is 87.18%. For age output, the highest value of accuracy is found as 72.37%
by Simple Logistic, VVoted Feature Intervals (VFI), and J48 algorithms. The results in Table
4.10 also show the highest accuracy value as 100% from the rank output. But the accuracy
value falls to 71.43% and 69.01% as the outputs are being changed to education level and
severance respectively. Table 4.11 is a confusion matrix table for the best algorithm solution

based on sensitivity and specificity accuracies.

Table 4.11. Confusion matrix of J48 algorithm based on age output

Classified value

18-25 26-40 >40
18-25 0 0 0
Actual value 26-40 0 22 9
>40 0 12 33

The confusion matrix table given above is based on the values found by J48 algorithm for
Age output. This is because, even though VFI found the highest accuracy, J48 algorithm has
the best sensitivity and specificity values calculated as 70.97% and 73.33% respectively.
Table 4.12 below is an extended version of the above used table containing values of
accuracy obtained from different classification algorithms.

Table 4.12. The percentage of the algorithms’ accuracies of DataTR2.arff file

NB SL IBK MCC VFI DT J48
Gender 7821 87.18 7692 75.64 8462 87.18 87.18
Age 65.79 76.32 63.16 6579 73.68 68.42 75.0
Rank 9359 98.72 9744 97.44 100 98.72  98.72

Educ. Level 63.64 59.74 4935 5844 63.64 4935 68.83
Severance 60.56 69.01 50.70 57.75 4930 63.38 67.61

The results in this new version of Turkish data file show increments for age output

compared to Table 4.10. The gender, rank, and severance outputs stay the same while the
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education level output falls. The stability of the outputs may not always mean that the
accuracy value is found with the same algorithm(s). Sometimes different algorithm manage
to find the same values of the accuracy found by another algorithm previously. Additionally,
other algorithms may also find the same highest values previously found by certain
algorithms. For example, in Table 4.10 the highest accuracy value found for gender output
is 87.18% and it is found by SL and J48 algorithms. But, in Table 4.12 the DT algorithm
also managed to find the same value while the SL and J48 algorithms remained constant.
Table 4.14 is a confusion matrix table for the best algorithm solution based on sensitivity

and specificity accuracies.

Table 4.13. Confusion matrix of SL algorithm based on age output

Classified value

18-25 26-40 >40
18-25 0 0 0
Actual value 26-40 0 25 6
>40 0 12 33

The confusion matrix table given above is based on the values found by SL algorithm for
age output. This is because, even though VFI found the highest accuracy, SL algorithm has
the best sensitivity and specificity values calculated as 80.65% and 73.33% respectively.

Table 4.15 shows the results from analysis on DataTR3.arff file.

Table 4.14. The percentage of the algorithms’ accuracies of DataTR3.arff file

NB SL IBK MCC VFI DT J48
Gender 79.49 87.18 7949 66.67 82.05 87.18 87.18
Age 6447 7500 6184 73.68 7632 59.21 80.26
Rank 9359 98.72 9744 98.72 100 98.72  98.72

Educ. Level 6494 6883 5455 46.75 50.65 59.74 64.94
Severance 69.01 69.01 52.11 5211 5493 59.16 74.65

After examining the results in Table 4.14 above, some of the accuracy result values are
the same as in Table 4.12. However, for age and education level outputs the accuracies

dropped. For gender, rank and severance outputs, the same algorithms found the same
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accuracy values as in Table 4.12 above. The same SL and J48 algorithms found the highest
accuracy values for age and education level outputs. However, these results represent a less
accuracy if compared with the results in Table 4.12. Table 4.15 is the confusion matrix table

for the best algorithm solution based on sensitivity and specificity accuracies.

Table 4.15. Confusion matrix of SL algorithm based on gender output

Classified value

18-25 26-40 >40
18-25 0 0 0
Actual value 26-40 0 26 5
>40 0 14 31

The confusion matrix table given above is based on the values found by SL algorithm for
age output. This is because, even though VFI found the highest accuracy, SL algorithm has

the best sensitivity and specificity values calculated as 83.87% and 68.89% respectively.

4.4.3. Findings of Combined Nigerian and Turkish Questionnaires

The data obtained from the questionnaire applied in Nigeria and Turkey are used to form
2 different WEKA data files for the analysis. These data files are uploaded to the application
and classification algorithms are applied to them and results are obtained. In the following
tables, classification accuracies of the algorithms applied to the data files are given. The
highest accuracy of an output is illustrated in bold, showing which algorithm happened to
find the highest accuracy value based on outputs. Table 4.16 below shows the results from
analysis on NG-TRZ1.arff file.
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Table 4.16. The percentage of the algorithms’ accuracies of NG-TR1.arff file

NB SL IBK MCC VFI DT J48
Gender 66.67 77.04 69.63 6741 6519 7556 78.16
Age 61.65 7218 66.17 58.65 7143 7218 7143
Rank 6593 7852 77.04 6296 69.63 7481 74.07
Educ. Level 50.75 60.45 4851 62.69 5149 6194 67.16
Severance 59.38 7266 60.16 49.23 61.72 7422 75.78
Nationality 91.18 8750 8456 80.88 8529 93.38 88.24

The results in Table 4.16 indicate that the combination of data obtained from Nigerian
and Turkish questionnaires can produce high accuracy value. In Table 4.16, the highest result
found only by J48 is 67.16% accuracy for education level output. For age output, two
algorithms (i.e., SL and DT) found 72.18% as the highest value accuracy. Also, only J48
found 75.78% as the highest accuracy value for severance output. For gender output, the
accuracy value found by J48 is 78.16% making it almost close to the value found by SL for
rank output as 78.52% accuracy. For the nationality output, the accuracies found are
stunning values with all exceeding 80% and DT algorithm obtained the highest value as
93.38% accuracy. Due to the high value of accuracy found by DT algorithm, Table 4.17 is a

confusion matrix that shows the number of correctly classified as well as the incorrectly

classified instances.

Table 4.17. Confusion matrix of DT algorithm based on nationality output

Classified value

NG TR
NG 53 4
Actual value
TR 5 74

The confusion matrix given in Table 4.17 indicates that the sensitivity, specificity, and
accuracy values are incredible when calculated. As a result, sensitivity is 92.98%, specificity
is 93.67% and the accuracy value is 93.38% as mentioned. Considering the results above,

the analysis is performed to the other NG-TR2 . arff data file too, and the following table

shows the analysis results of the file.
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Table 4.18. The percentage of the algorithms’ accuracies of NG-TR2 . arff file

NB SL IBK MCC VFI DT J48

Gender 59.26 7852 69.63 6593 5481 7630 74.07
Age 61.65 7293 6090 6842 6842 69.17 73.68
Rank 6741 80.74 7407 7333 6741 80.74 76.30

Educ. Level 50.75 6194 5522 47.01 4552 5821 64.93
Severance 68.75 7188 57.81 47.66 61.72 7344 75.00
Nationality 9044 9044 90.44 83.09 8750 89.71 87.50

After comparing the results of Table 4.18 and that of Table 4.16, both increment and
decrement happened. For gender, age, and rank outputs there was increment in values of the
accuracy compared to the ones in Table 4.16. However, for education level, severance, and
nationality outputs there was decrement in the accuracy values. For the nationality output,
the minimum and maximum accuracy values found in Table 4.16 are 80.88% and 93.38%,
while in Table 4.18 the values are 83.09% and 90.44% of accuracy respectively. Table 4.19
is a confusion matrix that shows the number of correctly classified as well as the incorrectly
classified instances.

Table 4.19. Confusion matrix of NB algorithm based on nationality output

Classified value

NG TR
NG 55 2
Actual value
TR 11 68

The confusion matrix given in Table 4.19 above indicates that the sensitivity, specificity,
and accuracy values are also incredible. As a result, sensitivity is 96.49%, specificity is
86.08% and the accuracy value is 90.44% as mentioned. As shown in the results of the
obtained accuracies of different algorithms, there is no specific algorithm that is set to be the
best in all the outputs provided. To select a specific algorithm for data analysis, the datasets
needs to be unique. The results from classification analysis in this thesis often fluctuate from
bright results to less good results or the other way around. This reflects the fact that the used
questionnaire consists of different questions collected from different papers. However, it can
be concluded that the school administrators can be classified by their nationality due to the
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highest accuracy value found as 93.38% after the classification algorithms are being
executed. Conclusively with this result, the classification analysis is ended.

4.5. Clustering Findings

The clustering analysis used in this thesis is based on three different algorithms found in
WEKA application. These three algorithms include: Simple K-Means, Expectation
Maximization (EM), and Make Density Based Clusterer (MDBC) algorithms. As any other
classification or association rule algorithms in the WEKA application, clustering algorithms
have parameters too. However, this thesis will consider the default entries of these
parameters. The EM algorithm is a statistical model that finds a maximum likelihood
probabilities of parameters iteratively. In clustering analysis MDBC algorithm select an
alternative algorithm in order to identify dense clusters of points, and allowing it to learn
clusters of arbitrary shape and identify outliers in the data.

For this thesis, the clustering results of NG-TR2 . ar f f data file is obtained by using the
nationality as output after selecting the cluster mode to be “classes to clusters evaluation”.
Table 4.20 below presents a comparison between the three algorithms showing cluster

outputs based on the nationality output.

Table 4.20. Performance comparison table of the three algorithms

Simple K-Means EM MDBC
Nationality (%0) 81.62 88.97 88.97

As seen in the comparison table above, the highest percentage value was found by MDBC

algorithm. The following list contains the details of the above mentioned three algorithms:

1. Simple K-Means algorithm clustered the instances into two, namely; cluster 0 as NG
and cluster 1 as TR. Both clusters contain 68 instances and 50% of the instances each.

Table 4.21 provides the confusion matrix of the result.
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Table 4.21. Confusion matrix of Simple K-Means algorithm

Classified value

NG TR
NG 50 7
Actual value TR 18 61

Based on the confusion matrix result in Table 4.21 above, the performance value of the
cluster is found as 81.62%.

2. EM algorithm clustered the instances into two, namely cluster 0 as TR and cluster 1 as
NG. These clusters contain 66 and 70 instances, and their percentages are 49% and 51%
respectively. Table 4.22 shows the confusion matrix of the result.

Table 4.22. Confusion matrix of EM algorithm

Classified value

TR NG
TR 65 14
Actual value NG 1 56

Based on the confusion matrix result in Table 4.22 above, the performance value of the
cluster is found as 88.97%.

3. MDBC algorithm clustered the instances into two, namely cluster 0 as NG and cluster
1 as TR. These clusters contain 70 and 66 instances, and their percentages are 51% and

49% respectively. Table 4.23 represents the confusion matrix of the result.

Table 4.23. Confusion matrix of Make Density Based Clusterer algorithm

Classified value

NG TR
NG 56 1
Actual value TR 14 65
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Based on the confusion matrix result in Table 4.20 above the performance value of the
cluster is found as 88.97%.

As seen in the previous tables, the highest performance result is found by EM and MDBC
algorithm as 88.97%. In brief, the data file is clustered in the WEKA application with a high
percentage of probability. With this value, the clustering method in this thesis is said to have

achieved a promising result.

4.6. Association Rule Findings

Since the aim of this thesis is to evaluate and find the relations between one or more
statements. Relations in a particular part of the questionnaire or between some of the inter-
part statements of the questionnaire. Apriori algorithm is used, to predict the next step or
action happening in the datasets. There are a lot of parameters for all the algorithm such as
Apriori or Tertius algorithm under Associate in the WEKA application. Any WEKA user
may be able to navigate and change some parameters to obtain better rules or results. Mostly

the parameters are left standard but can be changed.

4.6.1. Rules Obtained from Nigerian Questionnaire

The following parameters are used for Apriori algorithm to generate one hundred
thousand rules: car = false, class-index = -1, delta = 0.05, lower-bound-min-support = 0.1,
metric-type = lift, min-metric = 0.9, number-rules = 100000, out-put-item-set = false,
remove-all-missing-cols = false, significant-level =-1.0, upper-bound-min-support = 1.0 and

verbose = false. Based on the above parameter entries the following results are obtained:

Rule 1: Confidence is 100% and lift value is 2.19
Severance = 0-10 and If someone opposes me, | can find the ways and means to get what | want =3 and | can

solve most problems if | invest the necessary effort = 3 and | can remain calm when facing difficulties because
I can rely on my coping abilities = 3 ==2> | can always manage to solve difficult problems if I try hard enough

=3 and | am confident that | could deal efficiently with unexpected events = 3 and Thanks to my resourcefulness.
I can handle unforeseen situations = 3
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Rule 2: Confidence is 100% and lift value is 2.19
Severance = 0-10 and | can always manage to solve difficult problems if I try hard enough = 3 and | am

confident that | could deal efficiently with unexpected events =3 and Whenever | face a difficult decision | feel
pessimistic about finding a good solution = 3 ==2> If someone opposes me, | can find the ways and means to

get what | want = 3 and Thanks to my resourcefulness. I can handle unforeseen situations = 3 and | can remain

calm when facing difficulties because I can rely on my coping abilities = 3

Rule 3: Confidence is 100% and lift value is 2.11
Severance = 0-10 and If someone opposes me, | can find the ways and means to get what | want = 3 and Thanks

to my resourcefulness. | can handle unforeseen situations = 3 and | can remain calm when facing difficulties
because | can rely on my coping abilities = 3 ==2> | can always manage to solve difficult problems if I try

hard enough = 3 and | am confident that I could deal efficiently with unexpected events = 3

Rule 4: Confidence is 100% and lift value is 1.73

Age = 26-40 and | forget or overlook important information about choice alternatives = 3 and The possibility
that some small thing might go wrong causes me to swing abruptly in my preferences = 3 ==> If a decision

can be made by me or another person | let the other person make it =3

Rule 5: Confidence is 100% and lift value is 1.63

Age = 26-40 and | forget or overlook important information about choice alternatives = 3 and If a decision can
be made by me or another person | let the other person make it = 3 === The possibility that some small thing

might go wrong causes me to swing abruptly in my preferences = 3

Rule 6: Confidence is 100% and lift value is 1.63

Age = 26-40 and | can handle whatever comes my way = 3 and Whenever | face a difficult decision | feel

pessimistic about finding a good solution =3 ==2 If | am in trouble, | can think of a good solution = 3

Rule 7: Confidence is 100% and lift value is 1.58
Gender = Male and When | am confronted with a problem. I can find several solutions =3 ==2 | can remain

calm when facing difficulties because I can rely on my coping abilities = 3
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Rule 8: Confidence is 100% and lift value is 1.46

Gender = Male and | feel as if I am under tremendous time pressure when making decisions = 3 and | feel
better about choosing if I can convince myself that the decision is not all that important = 3 ==> | like to

consider all of the alternatives = 3

Rule 9: Confidence is 100% and lift value is 1.43

Age = 26-40 and | like to consider all of the alternatives = 3 and The possibility that some small thing might
go wrong causes me to swing abruptly in my preferences = 3 ==2 | feel better about choosing if I can convince

myself that the decision is not all that important =3

Rule 10: Confidence is 100% and lift value is 1.43

Edu. Level = Bachelor and I like to consider all of the alternatives = 3 and After making a decision | am inclined
to undervalue the worth of the alternatives | did not choose = 3 ==2 | feel better about choosing if I can

convince myself that the decision is not all that important = 3

Rule 11: Confidence is 100% and lift value is 1.43

Edu. Level = Bachelor and If someone opposes me, | can find the ways and means to get what | want =3 and |
like to consider all of the alternatives = 3 ==2>> | feel better about choosing if | can convince myself that the

decision is not all that important = 3

Rule 12: Confidence is 100% and lift value is 1.39

Gender = Male and | can always manage to solve difficult problems if | try hard enough = 3 and | am certain
that | can accomplish my goals = 3 ==> If someone opposes me, | can find the ways and means to get what |

want =3

Rule 13: Confidence is 100% and lift value is 1.39

Gender = Male and | can always manage to solve difficult problems if I try hard enough = 3 and | can solve
most problems if | invest the necessary effort = 3 ==2> If someone opposes me, | can find the ways and means

to get what | want =3
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Rule 14: Confidence is 100% and lift value is 1.39

Gender = Male and | can always manage to solve difficult problems if I try hard enough = 3 and | feel better
about choosing if I can convince myself that the decision is not all that important = 3 ==> If someone opposes

me, | can find the ways and means to get what | want = 3

Rule 15: Confidence is 100% and lift value is 1.39
Rank = School-principal and | can always manage to solve difficult problems if I try hard enough = 3 ==> If

someone opposes me, | can find the ways and means to get what | want = 3

Rule 16: Confidence is 100% and lift value is 1.39

Edu. Level = Bachelor and | can always manage to solve difficult problems if I try hard enough = 3 and | am
certain that | can accomplish my goals = 3 ==> If someone opposes me, | can find the ways and means to get

what | want =3

This thesis aims to analyze and find out the relationships between different questions from
different or within parts of the questionnaire. After the analyzation, the results and rules are
found based on Apriori algorithm. The results show that most of the participants are males,
aged between 26 and 40, have a certificate of a bachelor degree, and happened to be school
principals. The results of rule 4 and rule 5 show that if a person within the age of 26 and 40
agreed to overlook or forget an important information, and also afraid that a small thing
might go wrong, therefore, preferably that person will agree on allowing someone to make
the decision instead. Considering the results from rule 10, it is noticed that if a person with
gender male agreed that he is under pressure while making a decision, then he definitely
considers all the alternatives or facts before making decisions. After evaluating the results
from rule 9, 10 and 11 it is noticed that if a person’s age is between 26 and 40, or education
level is bachelor degree and agreed to consider all the alternatives before making decision,
then that person certainly agrees to choose if convinced that the decision is not that
important. Surprisingly, the results from rule 12, 13, 14, 15 and 16 show some interesting
outcomes that if either the person’s gender is male, rank is school principal or education
level is bachelor degree and happens to always manage in solving difficult problems when

tried hard enough, then the person can also find a way and means to get what the person
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wants when being opposed by someone. As noted, all the rules have 100% confidence and
with lift value of more than 1.30. Most of the results (i.e., rule 1, 3,4, 5,7, 8, 9, 10, 12, 13,
15, and 16), show that the relationships are part-based in the questionnaire while only four

of the results (i.e. rule 2, 6, 11, and 14) defined the relationships as parts-mixed-based.

4.6.2. Rules Obtained from Turkish Questionnaire

The following parameters are used for Apriori algorithm to generate one hundred
thousand rules; car = false, class-index = -1, delta = 0.05, lower-bound-min-support = 0.1,
metric-type = lift, min-metric = 0.9, number-rules = 100000, out-put-item-set = false,
remove-all-missing-cols = false, significant-level =-1.0, upper-bound-min-support = 1.0 and

verbose = false. Based on the above parameter entries, the following results are obtained:

Rule 1: Confidence is 100% and lift value is 3.76

Rank = School-Principal and I can remain calm when facing difficulties because | can rely on my coping
abilities = 5 and When making decisions | like to collect lots of information =5 ==2 | like to consider all of

the alternatives =5 and | consider how best to carry out the decision = 5 and | take a lot of care before choosing
=5

Rule 2: Confidence is 100% and lift value is 3.59

Rank = School-Principal and | can remain calm when facing difficulties because | can rely on my coping
abilities = 5 and When making decisions | like to collect lots of information =5 ==2> | like to consider all of

the alternatives = 5 and | consider how best to carry out the decision =5

Rule 3: Confidence is 100% and lift value is 3.04
Gender = Male and | waste a lot of time on trivial matters before getting to the final decision = 1 ==> Rank

= School-Principal and Have too many responsibilities = 5 and | do not like to take responsibility for making

decisions = 1
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Rule 4: Confidence is 100% and lift value is 2.32
Edu. Level = Degree and Thanks to my resourcefulness. | can handle unforeseen situations = 5 and 1 like to

consider all of the alternatives = 5 === Rank = School-Principal and | am certain that | can accomplish my

goals =5

Rule 5: Confidence is 100% and lift value is 2.03
Age = >40 and If someone opposes me, | can find the ways and means to get what | want = 4 and Thanks to my

resourcefulness. | can handle unforeseen situations = 4 and | consider how best to carry out the decision = 4

==> Gender = Male and When | am confronted with a problem. I can find several solutions = 4

Rule 6: Confidence is 100% and lift value is 2.03

Age = >40 and | am certain that | can accomplish my goals = 4 and | am confident that | could deal efficiently
with unexpected events = 4 and When | am confronted with a problem. I can find several solutions = 4 ==>

Rank = School-Principal and Thanks to my resourcefulness. I can handle unforeseen situations = 4

Rule 7: Confidence is 100% and lift value is 1.98

Severance = >20 and | like to consider all of the alternatives = 5 ==> Gender = Male and Age = >40

Rule 8: Confidence is 100% and lift value is 1.8
Severance = >20 and | try to find out the disadvantages of all alternatives = 4 ==> Age = >40 and Rank =

School-Principal

Rule 9: Confidence is 100% and lift value is 1.76

Severance = >20 and The possibility that some small thing might go wrong causes me to swing abruptly in my

preferences = 2 ==> Age = >40

Rule 10: Confidence is 100% and lift value is 1.76

Severance = >20 and | try to find out the disadvantages of all alternative = 4 ==> Age = >40

After the analyzation, the results and rules are found based on Apriori algorithm. The
results show that most of the participants are males, aged above 40, have a certificate of a

bachelor degree, and happened to be school principals. The first and second rules show that
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if the individual is a male and a school principal, then being calm is not an issue to that
person while facing difficulties in making a decision. Also, individuals consider all the
possible alternatives and collect a lot of information before making a decision. This is due
to the fact mentioned in rule 3 that the participants see the principalship as a job with many
responsibilities, and require a lot of time before reaching a conclusion of a decision. Adding
to that, the rule says that the participants do not want to be responsible for decision making.
The results of the 4" rule tells that if an individual has a bachelor degree and can solve any
problem because of his resources by considering all alternatives, then the individual can
achieve own goals. Surprisingly, the rest of the results (i.e., from rule 5 to 10™") show some
interesting outcomes that all the rules are connected to an individual with age higher than
40. As noted, all the rules have 100% confidence and with lift value higher than 1.76. All
the rules showed that the relationships are part-mixed-based in the questionnaire, except for

the 6" rule defined the relationships as parts-based.

4.6.3. Rules Obtained from Merged Questionnaires

The following parameters are used for Apriori algorithm to generate one hundred
thousand rules: car = false, class-index = -1, delta = 0.05, lower-bound-min-support = 0.1,
metric-type = lift, min-metric = 0.9, number-rules = 100000, out-put-item-set = false,
remove-all-missing-cols = false, significant-level =-1.0, upper-bound-min-support = 1.0 and

verbose = false. Based on the above parameter entries, the following results are obtained:

Rule 1: Confidence is 100% and lift value is 1.42
Rank = School-Principal and | can always manage to solve difficult problems if I try hard enough = 3 and | am
certain that | can accomplish my goals = 3 and | can remain calm when facing difficulties because I can rely

on my coping abilities = 3 and If I am in trouble. I can think of a good solution = 3 ==2> Thanks to my

resourcefulness. I can handle unforeseen situations = 3 and When | am confronted with a problem. | can find

several solutions = 3

Rule 2: Confidence is 100% and lift value is 1.42
Rank = School-Principal and | am certain that | can accomplish my goals = 3 and | can remain calm when

facing difficulties because | can rely on my coping abilities = 3 and If I am in trouble. I can think of a good
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solution = 3 and | take a lot of care before choosing = 3 ==> Thanks to my resourcefulness. | can handle

unforeseen situations = 3 and When | am confronted with a problem. | can find several solutions = 3

Rule 3: Confidence is 100% and lift value is 1.42
Rank = School-Principal and | am certain that | can accomplish my goals = 3 and | am confident that | could

deal efficiently with unexpected events = 3 and If I am in trouble. I can think of a good solution = 3 and | take
a lot of care before choosing = 3 ==> Thanks to my resourcefulness. | can handle unforeseen situations = 3

and When | am confronted with a problem. I can find several solutions = 3

Rule 4: Confidence is 100% and lift value is 1.42

Rank = School-Principal and I can always manage to solve difficult problems if I try hard enough =3 and I am
certain that | can accomplish my goals = 3 and | can remain calm when facing difficulties because | can rely
on my coping abilities = 3 and If I am in trouble. | can think of a good solution = 3 and | take a lot of care

before choosing = 3 ==> Thanks to my resourcefulness. | can handle unforeseen situations = 3 and When |

am confronted with a problem. I can find several solutions = 3

Rule 5: Confidence is 100% and lift value is 1.42

Rank = School-Principal and | can always manage to solve difficult problems if | try hard enough = 3 and | am
certain that | can accomplish my goals = 3 and | am confident that | could deal efficiently with unexpected
events = 3 and | can remain calm when facing difficulties because | can rely on my coping abilities = 3 and If

I am in trouble. I can think of a good solution = 3 == Thanks to my resourcefulness. I can handle unforeseen

situations = 3 and When | am confronted with a problem. I can find several solutions = 3

Rule 6: Confidence is 100% and lift value is 1.42

Rank = School-Principal and | can always manage to solve difficult problems if I try hard enough = 3 and | am
certain that | can accomplish my goals = 3 and | am confident that | could deal efficiently with unexpected
events = 3 and If I am in trouble. | can think of a good solution = 3 and | take a lot of care before choosing =

3 ==> Thanks to my resourcefulness. I can handle unforeseen situations = 3 and When | am confronted with

a problem. I can find several solutions = 3

Rule 7: Confidence is 100% and lift value is 1.42
Rank = School-Principal and | am certain that | can accomplish my goals = 3 and | am confident that | could

deal efficiently with unexpected events = 3 and | can remain calm when facing difficulties because | can rely
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on my coping abilities = 3 and If | am in trouble. | can think of a good solution = 3 and | take a lot of care
before choosing = 3 ==> Thanks to my resourcefulness. | can handle unforeseen situations = 3 and When |

am confronted with a problem. I can find several solutions = 3

Rule 8: Confidence is 100% and lift value is 1.4
Rank = School-Principal and | can always manage to solve difficult problems if I try hard enough = 3 and |
can remain calm when facing difficulties because I can rely on my coping abilities = 3 and | try to be clear

about my objectives before choosing = 3 ==> Thanks to my resourcefulness. | can handle unforeseen

situations = 3 and | take a lot of care before choosing = 3

Rule 9: Confidence is 100% and lift value is 1.4
Rank = School-Principal and I can always manage to solve difficult problems if I try hard enough =3 and I am

confident that I could deal efficiently with unexpected events = 3 and | can remain calm when facing difficulties
because | can rely on my coping abilities = 3 and | like to consider all of the alternatives = 3 ==2 Thanks to

my resourcefulness. | can handle unforeseen situations = 3 and | take a lot of care before choosing = 3

Rule 10: Confidence is 100% and lift value is 1.4

Rank = School-Principal and | can always manage to solve difficult problems if | try hard enough = 3 and | am
confident that | could deal efficiently with unexpected events = 3 and | can remain calm when facing difficulties
because | can rely on my coping abilities = 3 and | try to be clear about my objectives before choosing = 3

==> Thanks to my resourcefulness. | can handle unforeseen situations = 3 and | take a lot of care before

choosing = 3

Rule 11: Confidence is 100% and lift value is 1.4
Rank = School-Principal and | can remain calm when facing difficulties because | can rely on my coping
abilities = 3 and | like to consider all of the alternatives = 3 And | consider how best to carry out the decision

=3 ==> Thanks to my resourcefulness. | can handle unforeseen situations = 3 and | take a lot of care before

choosing = 3

Rule 12: Confidence is 100% and lift value is 1.4
Rank = School-Principal and | can always manage to solve difficult problems if I try hard enough = 3 and |
can remain calm when facing difficulties because I can rely on my coping abilities = 3 and When | am

confronted with a problem. I can find several solutions = 3 | try to be clear about my objectives before choosing
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=3 ==> Thanks to my resourcefulness. | can handle unforeseen situations = 3 and | take a lot of care before

choosing = 3

Rule 13: Confidence is 100% and lift value is 1.4
Rank = School-Principal and | am certain that | can accomplish my goals = 3 and | am confident that | could

deal efficiently with unexpected events = 3 and | can remain calm when facing difficulties because I can rely
on my coping abilities = 3 and I like to consider all of the alternatives = 3 === Thanks to my resourcefulness.

I can handle unforeseen situations = 3 and | take a lot of care before choosing = 3

Rule 14: Confidence is 100% and lift value is 1.4
Rank = School-Principal and I can always manage to solve difficult problems if I try hard enough =3 and I am
confident that I could deal efficiently with unexpected events = 3 and | can remain calm when facing difficulties

because I can rely on my coping abilities = 3 and When | am confronted with a problem. | can find several
solutions = 3 | like to consider all of the alternatives = 3 ==2 Thanks to my resourcefulness. | can handle

unforeseen situations = 3 and | take a lot of care before choosing = 3

Rule 15: Confidence is 100% and lift value is 1.4
Rank = School-Principal and | can always manage to solve difficult problems if I try hard enough = 3 and |

can remain calm when facing difficulties because | can rely on my coping abilities = 3 and When making
decisions I like to collect lots of information = 3 === Thanks to my resourcefulness. | can handle unforeseen

situations = 3 and | take a lot of care before choosing = 3

Rule 16: Confidence is 100% and lift value is 1.4
Rank = School-Principal and | can remain calm when facing difficulties because | can rely on my coping

abilities = 3 and | consider how best to carry out the decision = 3 and | try to be clear about my objectives
before choosing = 3 ==> Thanks to my resourcefulness. | can handle unforeseen situations = 3 and | take a

lot of care before choosing = 3

Rule 17: Confidence is 100% and lift value is 1.4
Rank = School-Principal and | can always manage to solve difficult problems if I try hard enough = 3 and | am

certain that | can accomplish my goals = 3 and | can remain calm when facing difficulties because I can rely
on my coping abilities = 3 and | try to be clear about my objectives before choosing = 3 ==> Thanks to my

resourcefulness. | can handle unforeseen situations = 3 and | take a lot of care before choosing = 3
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Rule 18: Confidence is 100% and lift value is 1.4
Rank = School-Principal and | can always manage to solve difficult problems if | try hard enough = 3 and |

can solve most problems if | invest the necessary effort = 3 and | can remain calm when facing difficulties
because | can rely on my coping abilities = 3 and I like to consider all of the alternatives = 3 ==> Thanks to

my resourcefulness. | can handle unforeseen situations = 3 and | take a lot of care before choosing = 3

Rule 19: Confidence is 100% and lift value is 1.4
Rank = School-Principal and | can always manage to solve difficult problems if I try hard enough = 3 and |
can solve most problems if | invest the necessary effort = 3 and | can remain calm when facing difficulties

because | can rely on my coping abilities = 3 and | try to be clear about my objectives before choosing = 3
==> Thanks to my resourcefulness. | can handle unforeseen situations = 3 and | take a lot of care before

choosing = 3

Rule 20: Confidence is 100% and lift value is 1.4
Rank = School-Principal and | can always manage to solve difficult problems if I try hard enough = 3 and | am
certain that | can accomplish my goals = 3 and | am confident that | could deal efficiently with unexpected

events = 3 and | can remain calm when facing difficulties because | can rely on my coping abilities = 3 and |
like to consider all of the alternatives = 3 ==2> Thanks to my resourcefulness. | can handle unforeseen

situations = 3 and | take a lot of care before choosing = 3

After the analyzation, the results and rules are found based on Apriori algorithm. The
results are found only based on Rank output if outputs are considered. Out of the most
repeating rules, 20 are extracted as listed above. The results show that only rule 1 and 5 are
part-based while the rest of the rules are parts-mixed-based relationship. The parts in which
the relationship took place are only the 3™ and 4" part of the questionnaire. Results from
rule 1to 7 (i.e., rule 2, 3, 4, 6, and 7) showed that every rule contained only 1 statement from
the 4™ part and the other statements (i.e., from 8 to 20) are from the 3" part. That only one
statement contained is: “I take a lot of care before choosing”. Because of the participants are
all school principals, the results show that the individuals are responsible persons and they
know what they are doing. Another finding in all the rules is the usage of “Thanks to my
resourcefulness, | can handle unforeseen situations,” and “I can remain calm when facing

difficulties because I can rely on my coping abilities” statements. Apparently, the individuals
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can use the available resources on hand to solve the upcoming situations. Except for the 3
and 6" rules which do not contain the second statement of calmness. Owing to this, it is safe
to say the result is promising to have 90% of the results needed from the outcomes. In
conclusion to the commenting on the obtained rules, if a rule is said to be parts-mixed-based
rule and contained “Thanks to my resourcefulness, I can handle unforeseen situations”
statement from 3™ part then, it must also contain “I take a lot of care before choosing”

statement from 4™ part of the questionnaire.
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5. CONCLUSION

This thesis explained the introduction to data mining where data mining is being defined
as the extraction of valuable or meaningful information to organization or institution which
will lead to the revelation of truth depending on the information contained in the database.
Later on, it discussed most common used data mining algorithms in classification, clustering,
and association rule methods. These algorithms are applied in many different fields such as
store sales, schools, organizations, companies, hospitals and so on. In classification part
algorithms under “classification with a decision tree, memory-based classification and
statistical classification” such as ID3, k-nearest neighbor and Bayes theorem respectively
are revised and discussed. In clustering part, algorithms like farthest neighboring, k-mean
are studied. Last but not the least in association rule, algorithms such as support and
confidence measure, and Apriori are also investigated. Most of the workplaces or business
organizations use specific kinds of algorithms that help in handling information drawn from
the database fast enough.

In the context of this thesis, a questionnaire is applied and the various attitudes of school
administrators was analyzed using data mining techniques and remarkable results were
obtained. With the provided explanations and good examples given in this thesis, many of
these algorithms are applied to numerous data for analyses. After studying this thesis, some
points are noted like the way data has been dealt with in terms of extracting a large amount
of information about things or persons from the databases. Also, the unwanted data are
cleaned by selecting the desired sets needed to help get close to specific about what is being
checked over and over again.

However, there is a large amount of data stored on the Internet from different
organizations and institutions. Therefore, neither the selected algorithms nor other
algorithms perform best specifically in classification, clustering or association rule method.
Rather, this depends on what kind of datasets are to be analyzed. This is due to the fact that
most of the algorithms are for specific problem applications. One will have to develop own
algorithm or use a specific algorithm based on the kind of information which is available in

the database.



In the beginning, a questionnaire is applied to school administrators in Nigeria and
Turkey. Later, to evaluate the school administrators we’ve used the data mining techniques
and obtained results. Firstly, we applied the classification method to the data files formed
from the applied questionnaire by considering seven different algorithms. The evaluation
results of the questionnaire for both countries are obtained separately and a maximum of
93.38% accuracy is obtained based on nationality output while the questionnaire data are
integrated. Secondly, the clustering method is applied to the integrated file from the two
countries and results are obtained with high value as 88.97% based on the nationality output.
This shows that the two country school administrators can be predicted using the clustering
method. Lastly, association rule method is also applied in order to find some interesting
rules, the results of the association rule analysis showed that most of the rules from Nigerian
analysis are part-based. But for the Turkish files analysis most are part-mixed-based. For
the integrated file, if a rule is said to be parts-mixed-based rule and contained Thanks to my
resourcefulness, | can handle unforeseen situations statement from 3rd part then, it must

also contain | take a lot of care before choosing statement from 4th part of the questionnaire.
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APPENDIX A: SAMPLE OF THE QUESTIONNAIRE APPLIED

Firat University

Questionnaire (Survey)

The questionnaire comprises of 4 parts. The first part is for personal information about the
participant while the other three parts are the main questionnaire statements and each
statement comprises of five (5) selective choices as follows: “Strongly Disagree,
Somewhat Disagree, Neutral, Somewhat Agree, Strongly Agree” respectively. For each
statement one has to select only one choice or the statement will be counted as “not
answered”

We assure you that any information you gave to us will not be used for anything
or anywhere else but for this research purpose only.

Thank you for your heartily and honestly cooperating with us.

PART 1
1. Gender () Female ( ) Male
2.Age ...........
3. Duty / Rank () School Principal ( ) Vice principal Admin. () Vice principal Acad.
4. Edu. Level ( )NCE () Bachelor () Post graduate
5. Severance / Seniority ........... (Please specify. i.e. “1, 2, 3, or more”)
PART 2

BELIEVES ABOUT THE PRINCIPALSHIP QUESTIONNAIRE
1-Strongly Disagree 2- Somewhat Disagree 3- Neutral 4- Somewhat Agree 5- Strongly Agree

112 |34

Make a difference in the lives of students and staff

Provide opportunities for professional growth

Enable me to develop relationships with others inside and outside the school

Enable me to influence school change

Require very long work hours

Have too many responsibilities

Decrease my opportunity to work directly with children

© XN g~ W=

Create a lot of stress

The stress and disappointments involved in serving as principal of this school aren’t
really worth it

. If 1 could get a higher paying job, I'd leave education as soon as possible

. | think about transferring to another school

. I will continue being a principal until something better comes along

. | plan to remain principal of this school as long as | am able

. | plan to remain a principal until | retire
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PART 3

GENERALIZED PERCIEVED SELF EFFICACY QUESTIONNAIRE

1. 1 can always manage to solve difficult problems if I try hard enough.
2. If someone opposes me, | can find the ways and means to get what | want.
3.l am certain that | can accomplish my goals.
4. 1 am confident that | could deal efficiently with unexpected events.
5. Thanks to my resourcefulness, | can handle unforeseen situations.
6. | can solve most problems if | invest the necessary effort.
7. | can remain calm when facing difficulties because | can rely on my coping abilities.
8. When | am confronted with a problem, I can find several solutions.
9. Iflamin trouble, I can think of a good solution.
10. 1 can handle whatever comes my way.
PART 4
MELBOURNE DECISION MAKING QUESTIONNAIRE
1. | feel as if I'm under tremendous time pressure when making decisions.
2. | feel better about choosing if | can convince myself that the decision is not all that
important.
3. 1 like to consider all of the alternatives.
4. When | have a decision to make | try not to think about it.
5. | prefer to leave decisions to others.
6. Whenever | get upset by having to make decisions | choose on the spur of the moment.
7. 1 try to find out the disadvantages of all alternatives.
8. lam inclined to blame others when decisions turn out badly.
9. | waste a lot of time on trivial matters before getting to the final decision.
10. | feel uncomfortable about making decisions.
11. I consider how best to carry out the decision.
12. Even after | have made a decision | delay acting upon it.
13. After making a decision | am inclined to undervalue the worth of the alternatives | did
not choose.
14. When making decisions I like to collect lots of information.
15. | avoid making decisions.
16. 1 only want to hear information about my preferred alternative.
17. When | have to make a decision | wait for a long time before starting to think about it.
18. 1 don't like to take responsibility for making decisions.
19. 1 try to be clear about my objectives before choosing.
20. | forget or overlook important information about choice alternatives.
21. The possibility that some small thing might go wrong causes me to swing abruptly in my
preferences.
22. If a decision can be made by me or another person | let the other person make it.
23. Whenever | face a difficult decision | feel pessimistic about finding a good solution.
24. | take a lot of care before choosing.
25. | choose on the basis of some small thing.
26. | don't make decisions unless I really have to.
27. | delay making decisions until it is too late.
28. | prefer that people who are better informed decide for me.
29. After a decision is made | spend a lot of time convincing myself it was correct.
30. | put on making decisions.
31. | can't think straight if | have to make decisions in a hurry.
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