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[bookmark: _TOC_250000]ABSTRACT
The spread of computer has increased due to demand of successful business organization to be able to react rapidly to the changing market demands both locally and globally. An accurate and timely product demand prediction is very important for the companies involved in production (improving planning and resource management), logistics (improving infrastructure and reducing inventories), marketing (assessing an impact of changes in a marketing strategy on sales). Ethiopian Electric Power is an Ethiopian electrical power industry; it is engaged in development, investment, construction, operation, and management of power plants, power generation and power transmission. In the EEP the generated power become sensitive to loss because of customers work cultures, meter tempering or theft, does not encompasses the whole country, does not offer appropriate services or maintenance, excess consumption tariff, unable to identify customer consumptions, unplanned generation of power, Due to this the company has being encountered enormous problems, such as inappropriate power generating project which leads to power wastage, can’t distribute the power at right time for right location, lack of customer satisfaction, increasing debt (most projects are developed by using foreign loan) etc. In this study it is proposed to conduct accurate prediction model using different types of Data Mining algorithm for identify customer power demand, which can significantly aid EEP in having a good plan, schedule and development power generation projects, prevent losses of power, and offer a better service for the customer, efficient power generation and distribution.

This research predicts customer power demand to two classes which is high demand and low demand that help for the organizations to offer good services, reduce losses of power. To do this classification five algorithms of classification techniques are used which are J48 decision tree, Bayes Net, Begging, PART, and Random Tree algorithm have been explored within the framework of KDD data mining model has been used. The data have been analyzed and interpreted using the WEKA 3.9.5 version software. Data are collected, cleaned, transformed and integrated for experimenting with the classification model. The final dataset consists of 1299 records and 11 attributes have been experimented and evaluated against their performances. The collection of datasets is experimented with the 10-fold cross-validation and splitting the datasets in to 66% for training and 34% for testing, 70% for training and 30% for testing as well as 50% for training and 50% for testing is used. The major steps followed are problem understanding, data understanding, Data Preparation, Modeling, evaluation of knowledge discovering and discover knowledge was used. The data contains 2018 to 2020 G.C for all Ethiopian Power customers’ data included. The research conducted a total of 20 experiments since each algorithm have four experiment.

Finally a comparison of J48 decision tree, Begging, Bayes net, PART, Random Tree model in terms of the overall classification accuracy and their advantage is made. As a result, PART algorithm is selected because
 it gives better results than Begging, Bayes net, J48, and Random Tree so due to more advantages of PART
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algorithm over the others: The default value 10 fold cross validation accuracy of these algorithms are by J48 decision tree, Bayes net, Begging, PART, Random Tree, 97.5%, 94.1%, 68.3%, 98.2%, 85.6% respectively. This shows that the PART algorithm performed better than the other on a specific two years of EEP dataset. Finally, in overall PART algorithm is selected as a model for the organizations Ethiopian electric power customer.
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[bookmark: CHAPTER_ONE][bookmark: _bookmark0]CHAPTER ONE
[bookmark: Introduction][bookmark: _bookmark1]Introduction

1.1. [bookmark: 1.1._Background][bookmark: _bookmark2]Background
Previously EEP and EEU were working as one organization called Ethiopian electricity Light and Power Authority (EELPA) and were established in 1955. In 1997, EELPA has been restructured and renamed as the Ethiopian Electric Power Corporation (EEPCo) [1]. Ethiopian Electric Power Corporation (EEPCo) has undertaken reforms to enhance its operational efficiency and effectiveness to attain power sector performance excellence by establishing a new world class electric power utility company. The corporation had two electric energy supply systems that are the Interconnected System (ICS) and the Self-Contained System (SCS). The main energy source of ICS is hydro power plants, wind power plant and for the SCS mini hydro’s and diesel power generators allocated in various locations of the country. As a result, the previously known EEPCo as a single company has been reformed and divided in to two distinct companies named Ethiopian Electric Power (EEP) and Ethiopian Electric Utility (EEU). The Ethiopian Electric Power (EEP) is in charge of electric power generation, transmission, distribution of bulk cells, sales and after sales services. EEU is responsible to distribute electric power for the customers [1]. Currently EEP is selling bulk cell to EEU, industrial consumers, foreign country, and for Railway Corporation. The power is generated from different type power plant those are hydro power plant, deasil power plant, wind power plant and Reppi waste to energy power plant. Now a days EEP have 17 ICS hydro power plant including GERD, 5 ICS wind farms power plant, 6 geothermal power plants, 6 Diesel ICS Power Plant, methara solar park, and 10 co-generation thermal. Some of power plants are started generating power energy and other power plants project are in progress [2].

The main concern of the company at this time is the satisfaction of the customers demand with the electric power, addresses power to all people of Ethiopia, and minimizes loss of power. In fact the company uses different scenarios for reducing loss of power some of the mechanisms are encourage the existing customer by discount the tariff the customer who uses energy in the period of more power generated which means in summer season, in night (off pick). According to Ethiopian electric power in September 2017, EEP generates ICS power plants from hydropower 13,320 MW and 4,068MW are operational, from wind power 564.18 MW and 324.18MW are operational, from geothermic EEP Plant to get 202.3 MW, from co-generation thermal 647 MW and 167 are operational, from diesel 98.8 are on operation [10].
In the Information Technology era information plays vital role in every sphere of the human aspects. Thus, to efficiently inspire information, it is very important to generate information from massive collection of data. The data can range from simple numerical figures and text documents to more complex
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information such as spatial data, multimedia data, and hypertext documents [3]. However, the huge size of these data sources makes it impossible for a human expert to come up with interesting information or patterns that will help in the proactive decision making process.

Data mining is a set of automated techniques used to extract buried or previously unknown pieces of information from large databases, using different criteria, which makes it possible to discover patterns and relationships. This new derived information can be utilized in the areas such as decision support, prediction, forecasting and estimation to make important business decisions, which can help in giving a particular business the competitive edge [2]. Data mining is a new kind of business information processing technology, which can extract interesting patterns or knowledge implicated in a large number of incomplete, noisy, and ambiguous data that people do not know in advances but with potential application [2]. Now a day’s data can be stored in many different types. The steady and amazing growth of computers and information technology even exposed the availability of data on different location with various formats.

1.2. [bookmark: 1.2._Statement_of_the_problem][bookmark: _bookmark3]Statement of the problem

In data mining, huge amount of data is required to generate information the data can be simple numerical figures and text documents, or more complex information like spatial data, multimedia data and hypertext documents. To take complete advantage of data stored in files, data bases, and other repositories, data retrieval is simply not enough. It requires a technique or powerful tool for analysis and interpretation of such data and that could help in decision-making [7]. Data mining is extraction of hidden predictive and descriptive information from large data bases or huge data. It is a power full technology with great potential to help organizations to focus on the most important information in their data ware houses.
Ethiopian electric Power is only one of the largest companies in Ethiopian to generate and distribute electric power for customers.

Ethiopian Electric power is one energy source in our country which is generated electric power from water, wind, geothermal and waste. Ethiopian electric utility is fully monopolized generating and distributed electric consumption by the government with no competition and only governmental energy retail companies to supply electricity for customers [10]. Currently, organizations and companies tend to provide customers with good and suitable services in accordance with their interests and behaviors. Data mining is an efficient process for helping companies discover a pattern in the database and it is important to identify and predicting the power demand. In fact, customer’s power demand is predicted to provide new products and services. This study tends to predict customer’s consumption using data mining

algorithms such as J48 decision tree, Begging, Bayes net, PART and Random tree. There are more than 184 customer and 30 industry customer, which are EEU, Industry customer, foreign country, Ethiopian Rail way and other. According to March 2018 about 70% of the population in Ethiopia live without electricity, this happen due to losses of power in different case like meter tampering theft, excess consumption tariff, lack of infrastructure, not using proper tool for identify the customers demand.

Now a day there is no any research studying the predicting customer electric power demand in EEP. As we know EEP the most powerful company which generate and distribute electric power to the customers. According to this EEP generate power from WIND, hydro power, geothermal power, Diesel, solar park, co-generation thermal. EEP have problem related to losses of power, customer satisfaction (customer compline on consumption tariff and power fluctuations), Due to this the company has being encountered enormous problems, such as inappropriate power generating project which leads to power wastage, can’t distribute the power at right time for right location, lack of customer satisfaction, increasing debt (most projects are developed by using foreign loan) etc. In this study it is proposed to conduct accurate prediction model using different types of Data Mining algorithm for identify customer power demand, which can significantly aid EEP in having a good plan, schedule and development power generation projects, prevent losses of power, and offer a better service for the customer, efficient power generation and distribution.
There are a lot of researches involve in the Medical, Electric utility, Revenue and customer’s authority, airline, banks, universities, insurances, telecommunication companies. The problem of the previous researches was there is small data set, the data analysis was conducted by using simple statistical techniques, most of study uses description data mining techniques, using small number algorithm leads to inaccurate decision, some study’s conducted using limited and insignificant attribute as a result, and also the data type of currently EEP have not match with previous research’s. This research tries to focus on application of different data mining techniques for constructing a model for predicting EEP customer’s power consumption demand. To this end, the study will try to address the following basic research questions: -

Therefore, this study will try to address the following basic research questions: -
1. What is the existing problem in anticipating and satisfying customers demand for EEP?
2. How best data mining technique can address the problem of demand prediction?
3. Which type of customer need extra more power energy?

1.3. [bookmark: 1.3._Objective_of_the_Study][bookmark: _bookmark4]Objective of the Study
1.3.1. [bookmark: 1.3.1._General_Objective][bookmark: _bookmark5]General Objective

The general objective of this study is applying the data mining techniques for develop a model which predict customer electric power demand in the Ethiopian Electric Power (EEP).
1.3.2. [bookmark: 1.3.2._Specific_Objectives][bookmark: _bookmark6]Specific Objectives
In order to achieve the above stated general objective, the following specific objectives are formulated.
· To identify major challenges in electric power demand prediction in EEP
· To review literature on data mining technology and their application in the Electric power for the purpose of identify tools, technic and data mining algorithm that will help in this study.
· To identify and collect the necessary customer data or profile from the Corporation database.
· To prepare the data for analysis. In other words, extracting the data and transforming it into the format required for the data mining algorithm or the software used to extract or min the pattern.
· To select the data mining tools and algorithms for predicting customer’s demand.
· To build and train predicting model that will help to predict the demand of customer
· To test, evaluate and compare the resulting performances of the prediction model. And
· Finally, to report findings of the result and forward recommendation for further research.

1.4. [bookmark: 1.4._Research_Methodology][bookmark: _bookmark7]Research Methodology
Methodology means the steps or procedures that the researcher follows to achieve the objectives that are stated in its specific and general objectives and it is a road map that shows the direction how the research is going to be done to reach the end. In order to achieve the proposed objectives, the various steps followed and tasks accomplished the following methodologies have been used. As we have seen the domain area of the study is data mining. In data mining there are different data mining techniques. In this study Hybrid data mining methodology is proposed. It is a six-step Knowledge Discovery Process model. It was developed based on the CRross Industry Standard Process for Data Mining model by adopting it to academic research i.e. hybrid data mining methodology is recommended for academic research. Development of academic and industrial models has led to the development of hybrid data mining methodology [16]. It is the extension of CRross Industry Standard Process for Data Mining so, hybrid data mining methodology is more complete and better than others and this methodology is proposed to be used for this study.
1.4.1. [bookmark: 1.4.1._Understanding_the_Problem_Domain][bookmark: _bookmark8]Understanding the Problem Domain

In this study to solve the problems mentioned in statement of problem, the researcher adopted the KDD process model have been used. This is because it provides basic knowledge, incorporating this knowledge into the system for effective management of data, finding patterns and relationships. KDD is widely used data mining model that includes problem domain understanding, data cleansing, incorporating prior knowledge on data sets and interpreting accurate solutions from the observed results and provides popular application [7].

1.4.2. [bookmark: 1.4.2._Understanding_the_Data][bookmark: _bookmark9]Understanding the Data

The data to be mined was collected and arranged into a new database to make it suitable for the experiment and for the selected data mining tool. That means a new database was prepared by analyzing the collected data using data preprocessing tasks like data cleaning, data reduction and data transformation. Among data mining techniques classification have been used for the interpretation of the data that enables to identify among different collection of EEU data.
1.4.3. [bookmark: 1.4.3._Implementation_Tool][bookmark: _bookmark10]Implementation Tool

There are several data mining tools that may fulfill the objectives, techniques and tasks the researcher used for this, Weka 3.9.5 data mining and knowledge discovery tool. Weka, a machine-learning algorithm in Java, was adopted for undertaking the experiment. Weka constitutes several machine learning algorithms for solving real-world data mining problems. It is written in Java and runs on almost any platform. The algorithms can either be applied directly to a dataset or called from one's own Java code. Weka is also well suited for developing new machine learning schemes. Weka is open source software.

1.4.4. [bookmark: 1.4.4._Data_Preparation][bookmark: _bookmark11]Data Preparation

The dataset on which the algorithm is to be run on is constructed. For one thing, the data, which was stored in 2 different tables and later, merged into one large table which is the customer profile table (tblCustomerProfile) and the consumptions table (tblConsumption). For another, since the convenient algorithm selected for this study is J48 decision tree, Bayes Net, Bagging, Random tree, and PART. Which is the selected data mining algorithm, is often used in situations where attributes are nominal, the data was transformed to fit this algorithm. Other tasks handling missing data, and handling noise and errors.

1.4.5. [bookmark: 1.4.5._Data_Mining][bookmark: _bookmark12]Data Mining

The actual data mining took place at this stage. Based on the identified goals and the assessment of the available data, appropriate mining algorithm was chosen and run on the prepared data. Having this purpose in mind, classification data mining technique is adopted.

1.4.6. [bookmark: 1.4.6._Literature_Review][bookmark: _bookmark13]Literature Review

Various data sources will be used to gather the required information. These sources can be classified as primary and secondary sources. Primary sources such as the structured interview with domain experts to acquire the necessary information and secondary sources such as books, articles, journals and the internet will be referred to investigate the principles/theories of the various approaches, techniques and tools that will be employed in different areas.

1.4.7. [bookmark: 1.4.7._Evaluation_and_Interpretation][bookmark: _bookmark14]Evaluation and Interpretation

Mechanism The performance of the system will be evaluated by comparing the decision suggested by the system against domain expert. In addition the effectiveness of the retrieval is tested using recall and precision.
1.5. [bookmark: 1.5._Scope_and_Limitation_of_the_Researc][bookmark: _bookmark15]Scope and Limitation of the Research

The scope of this research is limited to the Classification of huge data and producing use full patterns. This research focuses on prediction data mining techniques, which is predicting the customers power demand were the chosen techniques. The prototype handles only classification of EEP Customer Power consumption to two categories like High, Low demand that provides advices in that field of study. For this study, around two years (from 2018 to 2020) historical data were extracted to build classified and predict value-based customer classification model using KDD data mining model. The study focus on EEP data set and it include significant attributes to predict customer power consumption related to other researches but still unable to EEP customer’s attribute which is attribute like active power, reactive power, auxiliaries, substation name etc.

1.6. [bookmark: 1.6._Significance_of_the_Study][bookmark: _bookmark16]Significance of the Study
The significance of the study lies in making a contribution on the concept of Data mining in EEP to prevent losses of unutilized power, planed construction of power generation plant, enhance services (reducing customer complain) etc. It also promotes system analysis and programmers to view the opportunities and participate in designing and implementing. This research will contribute to an

understanding of data mining technology for predicting customer energy Demand and identify the best datamining algorithm to predict Customer Demand. This research is using data mining techniques for classification of EEU customers to identify basic attribute, to predict Customer’s power consumption based on the value they contribute. The research is also believed to initiate further research in the area, as it is an initial attempt for exploiting the potentials of data mining techniques in the EEP customers.
[bookmark: 1.8._Organization_of_the_thesis][bookmark: _bookmark17]1.8. Organization of the thesis

This thesis is consisting of five chapters. The first chapter deals with the general overview of the study including background of the study, statement of the problem, objectives, methodology, scope and significance of the research. The second chapter is stated literature review of data mining technology and related work. The third chapter discusses about data preparation for experiment, and data mining and its application in different areas including EEP, methodologies for the study. The fourth chapter provides discussions about the different data mining steps that were undertaken in this research work. This includes data collection, data selection, preparation, model building and evaluating and interpreting results obtained from J48 decision tree, Begging, Bayes net, PART, Random Tree. The last chapter which is Chapter five presents the conclusion that summarizes the major points of the research and recommendations forwarded for further research.





2.1 Data Mining Concepts

2.1.1. Introduction
[bookmark: CHAPTER_TWO][bookmark: _bookmark18]
CHAPTER TWO
[bookmark: Literature_Review][bookmark: _bookmark19]Literature Review


This chapter present reviews of related literatures on data mining topics and its application on problem domain. This includes what data mining is, different phases evolved on data mining, varieties of models, decision tree and various activities involved in it. This enables to easily understand the focus of the study and application of data mining for the problem domain.

2.1.2. [bookmark: 2.1.2._Data_Mining][bookmark: _bookmark20]Data Mining

Data mining is a powerful tool because it can provide you with relevant information that you can use to your own advantage. When you have the right knowledge, all you will need to do is apply it in the right manner, and you will be able to benefit. Mining data and acquire knowledge from large database has been recognized by many researchers as a key research topic in database systems and machine learning and by many industrial companies as an important area with an opportunity of major revenues [34]. Across a wide diversity of fields, data are being collected and accumulated at a remarkable speed. Data mining has improved organizational decision-making through insightful data analyses. The data mining techniques that underpin these analyses can be divided into two main purposes; they can either describe the target dataset or they can predict outcomes through the use of machine learning algorithms. These methods are used to organize and filter data, surfacing the most interesting information, from fraud detection to user behaviors, bottlenecks, and even security breaches.

The data mining process involves a number of steps from data collection to visualization to extract valuable information from large data sets. As mentioned above, data mining techniques are used to generate descriptions and predictions about a target data set. Data scientists describe data through their observations of patterns, associations, and correlations. They also classify and cluster data through classification and regression methods, and identify outliers for use cases, like spam detection. Data mining usually consists of four main steps: setting objectives, data gathering and preparation, applying data mining algorithms, and evaluating results.

2.1.3. [bookmark: 2.1.3._Data_Mining_and_Knowledge_Discove][bookmark: _bookmark21]Data Mining and Knowledge Discovery in Databases (KDD)
Knowledge discovery and data mining (KDD) is the rapidly growing interdisciplinary field which merges together database management, statistics, machine learning and related area. KDD aims at extracting useful knowledge from large collections of data. Knowledge Discovery is a process that seeks new knowledge about an application domain. It consists of many steps, one of them being Data Mining (DM). Data mining is the search for relationships and global patterns that exist in large databases but are hidden among the vast amount of data, such as a relationship between patient data and their medical diagnosis.

KDD used to overcome the problem arises to manage data properly and to become successful in business activities which leads to discovering underlying patterns in data is considered essential. As a result, several software tools and techniques were developed to discover hidden data and make assumptions, which formed a part of artificial intelligence. The term KDD process refers to the whole process of changing low level data into high level knowledge which is automated discovery of patterns and relationships in large databases and data mining is one of the core steps in the KDD process.

2.1.4. [bookmark: 2.1.4._Knowledge_Discovery_Process][bookmark: _bookmark22]Knowledge Discovery Process
KDD is the extraction of implicit, previously unknown and potential useful information from data‖, method to digest/find hidden information in database, and which convert unknown / hidden pattern into useful, understandable and informative way [34]. KDD is the process of discovering useful knowledge from a collection of data. KDD is process of identifying valid, novel, potentially useful, and ultimately understandable patterns in data. The KDD process consists of five steps:

· Data selection – in this step there is two steps which is developing an understanding of the application domain and creating a target dataset from the universe of available data.
· Preprocessing – including data cleaning (such as dealing with missing data or errors) and deciding on methods for modeling information, accounting for noise, or dealing with change over time;
· Transformation – using methods such as dimensionality reduction to reduce data complexity by reducing the effective number of variables under consideration;
· Data mining – there three steps need to follow choosing the data mining task (e.g., classification, clustering, summarization), choosing the algorithms to be used in searching for patterns, and the actual search for patterns (applying the algorithms).
· Interpretation/evaluation – in this step there are two subcomponents: interpretation of mined patterns (potentially leading to a repeat of earlier steps), and consolidating discovered knowledge

[image: ]


Figure 2.1: KDD Process

The KDD process will be classified in to sub major phases of KDD process i.e. per and post processing to control the activities and task parallel for find effective and efficient knowledge from unseen patterns using different data mining techniques and tools iteratively. Pre-processing of KDD process basic tasks are: learning the domain, creating a datasets, data cleaning, integration and transformation, data reduction and projection and choosing the data mining task. After completing Data Mining, visualized the results and called post-processing. A possible post-processing methodology includes: find all potentially interesting patterns according to some rather loose criteria; provide flexible methods for iteratively and interactively creating different views of the discovered patterns, use of discovered Knowledge to find required patterns.

2.1.5. [bookmark: 2.1.5._Tasks_of_Data_Mining][bookmark: _bookmark23]Tasks of Data Mining

Data mining techniques are the result of a long process of research and product development. This evolution began when business data was first stored on computers, continued with improvements in data access, and more recently, generated technologies that allow users to navigate through their data in real time. The goal of data mining is to produce new knowledge that the user can act upon. It does this by building a model of the real world based on data collected from a variety of sources which may include corporate transactions, customer histories and demographic information, process control data, and relevant external databases such as credit bureau information or weather data. A Predictive model makes a prediction about values of data using known results found from different data while the Descriptive model identifies patterns or relationships in data. Unlike the predictive model, a descriptive model serves as a way to explore the properties of the data examined, not to predict new properties.

2.1.5.1. Predictive Modeling

Data mining is usually described as collecting information from recorded data, hence the name, mining. Predictive modeling is the event in which a model is made or chosen to accurately predict an outcome. Predictive modeling is the process by which a model is created or chosen to try to best predict the probability of an outcome and in many cases the model is chosen on the basis of detection theory to try to guess the probability of an outcome given a set amount of input data [33]. It uses some variables to forecast unknown or future values of other variables while the descriptive ones find patterns to describe the data.
Classification:-Among the Predictive models, Classification is probably the best understood of all data mining approaches. Three common characteristics of classification tasks are

· Learning is supervised
· The dependent variable is categorical
· The model built is able to assign new data to one of a set of well-defined classes.

Regression:-The regression involves the learning of function that map data item to real valued prediction variable.
Time series analysis:-In the time series analysis the value of an attribute is examined as it varies over time. In time series analysis the distance measures are used to determine the similarity between different time series, the structure of the line is examined to determine its behavior and the historical time series plot is used to predict future values of the variable.

2.1.5.2. Descriptive Modeling

Descriptive data mining model is the unsupervised learning functions. These functions do not predict a target value, but focus more on the intrinsic structure, relations, interconnectedness, etc. of the data. It presents the main features of the data or a summary of the data.

Summarization: - maps data into subsets with associated simple descriptions. Basic statistics such as Mean, Standard Deviation, Variance, Mode and Median can be used as Summarization approach.
Association Rules: - is a popular technique for market basket analysis because all possible combinations of potentially interesting product groupings can be explored. The investigation of relationships between items over a period of time is also often referred to as Sequence Analysis.
Sequence Analysis: is used to determine sequential patterns in data .The patterns in the dataset are based on time sequence of actions, and they are similar to association data, however the relationship is based on
 time.	
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2.1.5.3. Predictive vs. Descriptive models

A Predictive model makes a prediction about values of data using known results found from different data while the Descriptive model identifies patterns or relationships in data. Unlike the predictive model, a descriptive model serves as a way to explore the properties of the data examined, not to predict new properties. Clustering models are different from predictive models in that the outcome of the process is not guided by a known result, that is, there is no target attribute. Predictive models predict values for a target attribute, and an error rate between the target and predicted values can be calculated to guide model building. Clustering models, on the other hand, uncover natural groupings (clusters) in the data.).

2.2. [bookmark: 2.2._Related_Works][bookmark: _bookmark24]Related Works

In our country, there are works done to assess the application of DM in the different sectors like Airlines, Banking, Insurance, HealthCare, and Electric power organizations. And also there are lot of researches that applied to investigate the application of data mining tools and techniques on problem domain. The following works are reviewed by the researcher to help clarify the significance of the research problem and to show the gap in the current local and international studies.

A research which done by Hailemariam Abebe [23] focused on using data mining techniques to customer profile analysis in the Ethiopian electric power corporation. The problem of this study the inability to discover valuable information hidden in the data prevents the organizations from transforming these data into valuable and useful knowledge. As the researcher stated that organization, provide good quality of service to customer have competitive advantage that ensure its supremacy over less capable competitors. The main objective of the study is to support CRM activities at EEPCo by employing appropriate data mining techniques on customer profile database to cluster and classify customer. The study uses CRISPDM process model to achieve the stated objectives. The study applies both cluster and classification data mining techniques to implement CRM in the EEPCo.

The segments according to Mishra and S. Kumar [24] discussed about to support and maximize the organization customers in adaption of customer relationship management and data mining tools in the data intensive cloud-computing environment. The main object of this study classifies customers based in their common attributes in customers’ relationship management. The classification models built with J48 decision tree and multilayer perceptron neural net algorithms. From those two classifications, model the best classification model selected by comparing the overall accuracy in classifying high value customers and accuracy in classifying low value customers. The research further describes data mining technologies provided through cloud computing environment is an absolutely necessary characteristic for today’s
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business to make proactive, knowledge driven decisions for target marketing as it helps them have future trends and customer behaviors predicted under CRM.

According to Hassen Mohamed [25] research focus on the data mining approaches for determining power consumption of Ethiopian electric utility customers. The problem on this research is that uses small number of attributes and those attribute are insignificant for the model, and also the study uses limited number of algorithms. The aim of the study was to predict EEU customer consumption by using data mining tools and techniques. As the researcher state that EEU provide a good quality of service that enhance the organization. The study uses classification data mining techniques to predict customer power consumption as a result the study applies four classification data mining algorithm which is J48, Begging, Random tree and PART. The researcher conduct his experiment using k-means cross validation and 66%, 72%, and 78% train test split approaches. The researcher selects the best algorithm from the specified
algorithm which have better accuracy, as a result after experiment the researcher obtain 96.61%, 87.93%, 94.94%, 91.70% accuracy result for J48, Begging, PART and Rando tree algorithm respectively. After the experiment result the best model which is J48 algorithm is select to obtain the model.

In general, most of the research gaps regarding electric customer classification for prediction are varying in processing method, machine learning algorithm, and datasets to get more accurate result, problem. According the research referred in the above have a lot of limitation that leads to my study to be conducted. Since the previous research uses small number of data set, small number of algorithms, and uses insignificant attributes, uses statically analysis techniques, the accuracy is smaller and also uses descriptive data mining techniques.

[bookmark: CHAPTER_THREE][bookmark: _bookmark25]CHAPTER THREE
DATA PREPARTION
3.1. [bookmark: 3.1._Introduction][bookmark: _bookmark26]Introduction

DM tasks are experimented and this chapter discusses about the data preparation or preprocessing tasks of the data mining in addition to solve the problems mentioned above (in chapter one), the following approaches have been implemented. Those are embraces detail description of the database from which the research data has been collected. The data cleaning, transformation and integration activities are explained in this chapter.

3.2. [bookmark: 3.2._Data_Understanding][bookmark: _bookmark27]Data Understanding

Data mining requires collecting great amount of data (available in warehouses or databases) to achieve the intended objective. The initial dataset is collected from EEP company data base. The data selected from EEP Database from 2018 to 2020 of customers electric consumption. The data has been imported from the SQL Server database of the organization to Microsoft Excel for processing. Several preprocessing methods have been applied to get the relevant data for the system. The data has 11 attributes like (company type, company Name, Business area, reading ID, active energy export, reactive energy export, maximum demand, power factor, Period, auxiliary, Demand) and are total of more than 1299 records. The data include customer type of Industry HV, Industry LV, Railway, EEU substations.

The data which are used for analyzing the specified case are not complete. Some data has been removed from the database because it is not that much significant in the final result. A total of 16 attributes and 1620 records have taken for analysis. This dataset is sufficient enough to perform some data mining techniques to get the desired result. The selected attributes are the target attributes which are used for classification purpose. These are: company type, company Name, Business area, reading ID, active energy export, reactive energy export, maximum demand, power factor, Period, auxiliary, Demand.

3.3. [bookmark: 3.3._Implementation_Tool][bookmark: _bookmark28]Implementation Tool

The Waikato Environment for Knowledge Analysis (Weka) was utilized to perform the mining of data using the classification techniques. Weka is written in Java, an object oriented programming language that is widely available for all major computer platforms, and Weka has been tested under Linux, Windows, and Macintosh operating systems [7]. Java provides a uniform interface to many different learning algorithms, along with methods for pre- and post-processing and for evaluating the result of learning schemes on any given dataset. Weka is a collection of machine learning algorithms for solving real-world data mining problems. The algorithms can either be applied directly to a dataset or called from your own Java code. Weka consist collection of machine learning algorithms for solving real-world data mining problems [8]. The package has three different interfaces: a command line interface, an Explorer GUI interface (which allows one to try out different preparation, transformation and modeling algorithms on a dataset), and an Experimenter GUI interface. As one of the functionalities of the Weka software, classification and the J48 decision tree, Bayesian network and Begging, PART and Random tree algorithm in particular is supported [3].
[image: ]

Figure 3.1 Weka GUI

3.4. [bookmark: 3.4._The_Knowledge_Discovery_Process][bookmark: _bookmark29]The Knowledge Discovery Process

The KDD can be viewed as constituting four major phases/activities. These are data selection, data preprocessing, data mining, and post-processing/interpretation. The knowledge discovery process (KDP), also called knowledge discovery in databases, seeks new knowledge in some application domain. It is defined as the nontrivial process of identifying valid, novel, potentially useful, and ultimately understandable patterns in data. Data mining also known as Knowledge Discovery in Databases refers to the nontrivial extraction of implicit, previously unknown and potentially useful information from data stored in databases [10].
3.4.1. [bookmark: 3.4.1._Data_Selection][bookmark: _bookmark30]Data Selection

Data selection is important as the data consists of features that are not related to the problem at hand such as customer name, Sub city, phone number, house number, email since some of them are redundant, and irrelevant, or invariable throughout the dataset. Taking into account such features in the automated analysis might not result in meaningful patterns. Hence, 11 attributes out of the original 16 that best suit the objectives of the research were selected.

3.4.2. [bookmark: 3.4.2._Data_Processing][bookmark: _bookmark31]Data Processing

The data processing part is one of the challenging parts of the research. Its preparation has taken much of the research time and effort. The data preprocessing task of data mining includes data cleaning, data integration, data transformation and data reduction. Each of these tasks has been performed by the researcher in the source of preparing the data for model building. Data Selection is the process of data that is need for the analysis is retrieved from the dataset. Sometimes data transformation and consolidation are performed before the data selection process [5].
3.4.2.1. Dataset Format

The WEKA system uses a common file format to store its datasets and thus presents the user with a consistent view of the data regardless of what machine learning scheme may be used. The Attribute- Relation File Format (ARFF) defines a dataset in terms of a relation or table made up of attributes or columns of data. And also define detail about the names of the relation, and the data types of the attributes are stored in the ARFF header, with the examples or instances of data being represented as rows of data in the body of the ARFF file [9]. Since the data mining software used to generate classification accepts data only in arff format, the researcher first converted the data on Ms Excel file into comma separated text format (.csv) format which is a format where commas are placed between values in adjacent columns. The database was then opened in Word, header information added. That is, the @ symbol was placed in front of the relation name and each attribute. The @data symbol was placed before the data. Finally, saving the

file extension was changed to .arff format. Data in arff format is then given to Weka software. The following figure indicates the representation of the data in ARFF format.
[image: ]

Figure 3.2 Representation of the data in ARFF format
3.4.2.2. Data Cleaning

In order to eliminate noise data, data purification is important. There was incomplete record and unnecessary attributes for the system when this data was collected. Removing and completing these records was the main task. The data mining algorithms perform quality mining as long as there is a cleaned data, which is free from outliers, noise and no missing values for an attributes. Many of the attributes used in this research are derived from the base attributes. The researcher tried to do the data cleaning such as handling missing attributes values and noise removal before deriving the attributes that are used to build the classification model. Accordingly, there is one attribute from the selected that had

missing values. The following pointes briefly describe the methods employed in handling missing and outlier data. The researcher handled these missing values by replacing with the user-defined value ‘unkown‘. The data has been preprocessed so that it will be ready for mining.

3.4.2.3. Data Integration and Data Transformation

In this steps integration of data from multiple databases, data warehouses, or files are performed. The data format in SQL Server has changed to Ms-excel for the use of Weka knowledge discovery tool. Data mining mostly requires data integration (merging of data) from different dataset. The data transformation task includes smoothing, aggregation, generalization normalization and attributes selection. The data set hat has been used for modeling building are smoothened and normalized [6].

3.4.2.4. Data Reduction Methods

There were 1620 instances and 16 attributes from the database. But as pre the need of the system, non- relevant attributes have been removed and reduced into 11 attributes. In all the data preprocessing tasks SQL Server, Ms-Excel and Weka software have been intensively employed and used. Since the imported data had missing values, it needs preprocessing. For example, the attribute connection fee around 900 records is having negative and null consumption. The data has been preprocessed so that it will be ready for mining. Attribute reduction has also been done by eliminating some attributes which are not relevant for my project. For example, the researchers have been eliminated attributes like customer name, house number, phone number, sub city, Email etc.

3.5. [bookmark: 3.5._Building_Data_Mining_Model][bookmark: _bookmark32]Building Data Mining Model

WEKA version 3.9.5 has been used for building the model and visualizing the result. 66% of the data has been used for training and the remaining of the data has been used for testing because this is the preferred proportion that has been used on many literatures and as it is one of the options on WEKA. As has been mentioned above, one of the core problems of the organization pertaining to customer consumption data classification is lack of appropriate mechanism to set sound criteria. To alleviate this problem, the researcher have tried to build a classification model using J48 decision tree, Bayes Net, Begging, PART and Random tree. The detailed description of each of the classifiers is given below.

3.6. [bookmark: 3.6._Methods][bookmark: _bookmark33]Methods

After getting familiar with the problem domain, the data used for the paper is obtained from EEP Organization Head Office found in Addis Ababa Mexico sub city. The office keeps records of Customer Power consumption in centralized manner using SQL Server with more than 16 attributes and 1620 records. Unnecessary attributes and some of records are removed and only important attributes are selected for this paper. Among data mining techniques, a prediction technique has been used for the interpretation of data that enables to identify the customer consumption data to high or low demand. For this, weka 3.9.5 data mining tool have been used. The convenient algorithm selected from classification data mining techniques is J48 decision tree, Bayes Net, Begging, PART and Random tree algorithms.

[bookmark: CHAPTER_FOUR][bookmark: _bookmark34]CHAPTER FOUR
[bookmark: RESULT_OF_THE_EXPERIMENTATION][bookmark: _bookmark35]RESULT OF THE EXPERIMENTATION
4.1 [bookmark: 4.1_Introduction][bookmark: _bookmark36]Introduction
[bookmark: This_chapter_presents_procedures_followe]This chapter presents procedures followed during experimentations. The main objective of this research is predicting the customer electric power demand in EEP organizations dataset. The model building phase in the DM process of this investigation is carried out by the classification prediction techniques are adopted and this technique is implemented using Weka DM tool. In order to perform the model building process of this study, 1299 dataset which have 11 attribute including class attribute is used for the classification models.

4.2. [bookmark: 4.2._Classification_Data_Mining_Techniqu][bookmark: _bookmark37]Classification Data Mining Techniques
[bookmark: The_algorithm_selected_for_classificatio]The algorithm selected for classification purposes were J48 decision tree, Bayes net, Begging, PART and random tree they can classify an instance in to already identify class. The researcher tested the algorithm with different algorithm and record numbers to improve the classification accuracy. Finally, compared and selected the best classification model from the five algorithms.
[bookmark: This_study_is_developing_the_predictive_]This study is developing the predictive model using the classification techniques then once the dataset is ready to be used, the next step is building the classification model using the selected DM tool. As it was discussed before, the Weka version 3.9.5 software is used for conducting this study. For starting the classification modeling experiments, the decision tree in particular the J48 algorithm, the Bayes net Begging, PART and Random tree methods are selected. To get the best model for predicting electric power demand of a customer in EEP, there are four train/test split approaches to compare the algorithms which are default 10 fold cross validation, 66/34%, 70/30%, and 50/50%. The 66/34% train/test approaches which is to mean 66% for training and 34% for testing, 70/30 train/test means 70% for training and 30% for testing, 50/50 train/test means 50 for training and 50% for testing, and the default 10 fold cross validation are used all data set as training set. After selecting the algorithms and train/test approaches the researcher conducts twenty experiments which is four experiments for each of the selected algorithms and describes them.
4.2.1. [bookmark: 4.2.1._J48_Decision_tree_Model_building][bookmark: _bookmark38]J48 Decision tree Model building

At each node it will be sent either left or right according to some test. Eventually, it will reach a leaf node and be given the label associated with that leaf. Generally, this research is more interested in generating rules that best predict the electric power demand of by classifying to High, and Low. As described before, the J48 algorithm is used for building the decision tree model. J48 algorithm contains some parameters

that can be changed to further improve classification accuracy. Initially the classification model is built with the default parameter values of the J48 algorithm. The following table summarizes the default parameters with their values for the J48 decision tree algorithm.
4.2.1.1. [bookmark: 4.2.1.1._Experiment_1]Experiment 1
The first experimentation is performed with the default parameters. The default 10-fold cross validation test option is employed for training the classification model. Using the default parameter, the classification model is developed with a J48 decision tree having 78 numbers of leaves and 84 tree sizes, and the experiment takes 0.04 second.
	Actual
	Predicted
	Total
	Correctly classified (accuracy rate)

	
	High
	Low
	
	

	High
	867
	20
	887
	97.7%

	Low
	12
	399
	411
	97.1%

	Total
	879
	419
	1298
	97.53%


Table 4.1 Confusion matrix output of the J48 algorithm with default value
As shown in the confusion matrix above, the J48 decision tree algorithm scored an accuracy of 97.53 percent, which indicates that, out of the total number of records supplied, 1266(97.53 %) records are classified correctly and 32(2.46 %) are misclassified or incorrectly classified, Furthermore, the resulting confusion matrix of this experiment has shown that the algorithm classified 867(97.7 %) of them are classified correctly in their designated class, i.e. High demand, and 399 (97.1 %) of them are classified correctly in their designated class, i.e. Low Demand. As described before, the size of the tree and the number of leaves produced from this training was 84 and 78 respectively, and the time taken to process this experiment is 0.04. This experiment accuracy of the model is 97.53%.

4.2.1.2. [bookmark: 4.2.1.2._Experiment_2]Experiment 2
This experiment is performed, by changing the default testing option (the 10-fold cross validation) to 66/34 percent. In this experiment a percentage split is used to partition the dataset into 66/34% training and testing data. Using the 66/34% train/test approaches, the classification model is developed with a J48 decision tree having 25 numbers of leaves and 31 tree sizes, and the experiment takes 0.01 second.

	Actual
	Predicted
	Total
	Correctly classified
(accuracy rate)

	
	High
	Low
	
	

	High
	535
	14
	549
	97.4%

	Low
	8
	299
	307
	97.4%

	Total
	543
	313
	856
	97.4%


Table 4.2 Confusion Matrix output of the J48 algorithm with the percentage – split set to 66/34%


As shown in the confusion matrix above, the J48 learning algorithm scored an accuracy of 97.4 percent, which indicates that, out of the total number of records supplied, 834(97.43%) records are classified correctly and 22(2.57%) are misclassified or incorrectly classified, Furthermore, the resulting confusion matrix of this experiment has shown that the algorithm classified 535(97.4%) of them are classified correctly in their designated class, i.e. High Demand, and 299(97.4%) of them are classified correctly in their designated class, i.e. Low Demand. As described before, the size of the tree and the number of leaves produced from this training was 31 and 25 respectively. So in this experiment the accuracy of the model is 97.4%.

4.2.1.3. [bookmark: 4.2.1.3._Experiment_3]Experiment 3
This experiment is performed, by changing the default testing option (the 66% for training 44% for testing). So the percentage split parameter set to 70, which is to mean 70% for training and 30% for testing, resulted with a better accuracy. The result of this experiment scheme is summarized and presented in Table 4.3.
	Actual
	Predicted
	Total
	Correctly classified
(accuracy rate)

	
	High
	Low
	
	

	High
	573
	13
	586
	97.8%

	Low
	5
	317
	322
	98.4%

	Total
	578
	330
	908
	98%


Table 4.3 Confusion Matrix output of the J48 algorithm with the percentage – split set to 70%
In this experiment out of the 1299 total records 908 (70%) of the records are used for training purpose while 390(30%) of the records are used for testing purpose. As we can see from the confusion matrix of the model developed with this proportion, out of the 908 testing records 890(98%) of them are correctly classified. Only 18 (1.98%) records are incorrectly classified. In addition to this the resulting confusion
 matrix has shown that out of 890 correctly classified records 573 (97.8%) of them are correctly Predict as  
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High Demand, while 317 (98.4%) of the records are Predict as Low Demand. This shows that the model correctly Predict those power consumption data‘s in their respective class. As described before, the size of the tree and the number of leaves produced from this training was 31 and 25 respectively. So in this experiment the accuracy of the model is 98%.
4.2.1.4. [bookmark: 4.2.1.4._Experiment_4]Experiment 4
In the fourth experiment on this is by changing the 70/30% to the default 50/50% parameters. So the percentage split parameter set to 50, which is to mean 50% for training and 50% for testing, resulted with a better accuracy. The result of this experiment scheme is summarized and presented in Table 4.4.

	Actual
	Predicted
	Total
	Correctly classified (accuracy rate)

	
	High
	Low
	
	

	High
	354
	14
	368
	96.2%

	Low
	5
	275
	280
	98.2%

	Total
	359
	289
	648
	97.06%


Table 4.4 Confusion Matrix output of the J48 algorithm with the percentage – split set to 50%


In this experiment out of the 1299 total records 648 (50%) of the records are used for training purpose while 648 (50%) of the records are used for testing purpose. As we can see from the confusion matrix of the model developed with this proportion, out of the 648 testing records 629(97.06%) of them are correctly classified. Only 19 (2.93%) records are incorrectly classified. In addition to this the resulting confusion matrix has shown that out of 629 correctly classified records 354 (96.2%) of them are correctly predict as High Demand, while 275 (98.2%) of the records are Predict as Low Demand. This shows that the model correctly predicted electric power demand in their respective class. As described before, the size of the tree and the number of leaves produced from this training was 31 and 25 respectively. So in this experiment the accuracy of the model is 97.06%.

4.2.2. [bookmark: 4.2.2._Bayesian_Network_Model_Building][bookmark: _bookmark39]Bayesian Network Model Building

After experimenting with J48 decision tree algorithm with many parameter values, the best model that has shown better overall classification accuracy has been chosen. And to compare the result of the J48 decision tree classification model different Bayes net experiments have been carried out. The same attributes that are used to build the decision tree models, are also used in this bays net modeling experiments. With all preprocessing takes in place, the experimentation preceded with the different Bayes
 net models by changing the default parameter values. The 10-fold cross validation, which is set by default,  

the percentage split with 66/34%, 70/30 % and 50/50% for training and testing the model test options are employed. Bayes net makes predictions using Bayes‘Theorem, which derives the probability of a prediction from the underlying evidence [33]

4.2.2.1. [bookmark: 4.2.2.1._Experiment_1]Experiment 1
The first experiment of the Bayes net model building is performed using the Bayes net Simple algorithm with the default10-fold cross validation test option. Table 4.5 shows the resulting confusion matrix of the model developed using the Bayes net Simple algorithm with the default 10-fold cross validation test option.
	Actual
	Predicted
	Total
	Correctly	classified (accuracy rate)

	
	High
	Low
	
	

	High
	830
	57
	887
	93.6%

	Low
	20
	391
	411
	95.1%

	Total
	850
	448
	1298
	94.1%


Table 4.5 Confusion matrix output of the Bayes net simple algorithm with default value
The result from this experiment shows that out of the 1299 total records 1221(94.1%) of them are correctly classified. And 77 (5.9%) records are incorrectly classified. In addition to this the resulting confusion matrix has shown that out of 1221 correctly classified records 830 (93.6%) of them are correctly Predicted as High Demand, while 391 (95.1%) of the records are Predicted as Low Demand. This shows that the model correctly predicted electric power demand of customer in their respective class. So in this experiment the accuracy of the model is 94.1%. This shows that the model correctly classified EEU Customer power consumption data‘s in their respective class. The model developed with Bayes Net Simple Algorithm is less in the accuracy of predicting customer electric power demand to the respected class, compared with the J48 decision tree model that is developed before.

4.2.2.2. [bookmark: 4.2.2.2._Experiment_2]Experiment 2
The second experiment of the Bayes net model building is performed using the Bayes net Simple algorithm with the 66/34% training and testing percentage split test option. Though different experiments are conducted by changing the size of the training and testing datasets, the one with 66/34% training and testing dataset scored better classification accuracy and it is presented here. The result of this experiment is shown in Table 4.6
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	Actual
	Predicted
	Total
	Correctly
classified (accuracy rate)

	
	High
	Low
	
	

	High
	511
	38
	549
	93.1%

	Low
	27
	280
	307
	91.2%

	Total
	538
	318
	856
	92.4%


Table 4.6 Confusion matrix output of the Bayes net simple algorithm with split 66%/34%
As can be seen from the confusion matrix that resulted from the model developed by the Bayes Net Simple Algorithm with the 66/34% percentage split, the model scored an accuracy of 92.4%. This shows that from the total 856 test data, 791 (92.4%) of the records are correctly predicted, while 65 (7.6%) of them are incorrectly predicted. In addition to this the resulting confusion matrix has shown that out of 791 correctly predicted records 511 (93.1%) of them are correctly predicted as High demand, while 280 (91.2%) of the records are correctly predicted as Low demand. This shows that the model correctly predicted those power demands in their respective class. So in this experiment the accuracy of the model is 92.4%. Compared with the second classification the first classification is better in predicting EEP customer power demand correctly.

4.2.2.3. [bookmark: 4.2.2.3._Experiment_3]Experiment 3
The third experiment of the Bayes net model building is performed using the Bayes net Simple algorithm with the 70/30% training and testing percentage split test option. Though different experiments are conducted by changing the size of the training and testing datasets, the one with 70/30% training and testing dataset scored better prediction accuracy and it is presented here. The result of this experiment is shown in Table 4.7
	Actual
	Predicted
	Total
	Correctly classified
(accuracy rate)

	
	High
	Low
	
	

	High
	544
	42
	586
	92.8%

	Low
	25
	297
	322
	92.2%

	Total
	569
	339
	908
	92.6%


Table 4.7 Confusion matrix output of the Bayes net simple algorithm with split 70%/30%
The result from this experiment shows that out of the 908 total records, 841 (92.6%) of them are correctly predicted. And 67(7.4%) records are incorrectly predicted. In addition to this, the resulting confusion matrix has shown that out of 841 correctly predicted records 544 (92.8%) of them are correctly predicted

as High Demand, while 297 (92.2%) of the records are predicted as Low Demand. This shows that the model correctly predicts customer power demand data in their respective class. So in this experiment the accuracy of the model is 92.6%. The model developed with the 3rd experiment of the Bayes net Simple Algorithm scores higher accuracy predicting EEP Customer Power demand to the respected class, compared with the Bayes Net second experiment.
4.2.2.4. [bookmark: 4.2.2.4._Experiment_4]Experiment 4
The fourth experiment of the Bayes net model building is performed using the Bayes Net Simple algorithm with the 50/50% training and testing percentage split test option. Though different experiments are conducted by changing the size of the training and testing datasets, the one with 50/50% training and testing dataset scored better prediction accuracy and it is presented here. The result of this experiment is shown in Table 4.8
	Actual
	Predicted
	Total
	Correctly classified
(accuracy rate)

	
	High
	Low
	
	

	High
	349
	19
	368
	94.8%

	Low
	18
	262
	280
	93.6%

	Total
	367
	281
	648
	94.3%


Table 4.8 Confusion matrix output of the Bayes net simple algorithm with split 50%/50%
The result from this experiment shows that out of the 648 total records 611(94.3%) of them are correctly predicted. And 37(5.7%) records are incorrectly predicted. In addition to this the resulting Confusion matrix has shown that out of 611 correctly predicted records 349 (94.8%) of them are correctly predict as High demand, while 262 (93.6%) of the records are predict as Low demand. This shows that the model correctly predicted customer electric power demand in their respective class. So in this experiment the accuracy of the model is 94.3%. This shows that the model correctly predict that customer electric power demand in their respective class. Generally, the model developed with 4th experiment of the Bayes net Simple Algorithm scores high accuracy of predicted EEP customer electric power demand compared with the experiment that is developed before in Bayes net algorithm.
4.2.3. [bookmark: 4.2.3._Begging_Model_Building][bookmark: _bookmark40]Begging Model Building

After experimenting with J48 decision tree and Bayes Net algorithm with many parameter values, the best model that has shown better overall classification accuracy has been chosen. And to compare the result of the J48 decision tree and Bayes Net classification model different Begging algorithm experiments have been carried out. The same attributes that are used to build the J48 decision tree models and Bayes Net, are also used in this Begging modeling experiments. With all preprocessing takes in place, the

experimentation preceded with the different Begging models by changing the default parameter values. The 10-fold cross validation, which is set by default, the percentage split with 66/34%, 70/30 % and 50/50% for training and testing the model test options are employed. Begging is a machine learning algorithm designed to improve the stability and accuracy of machine learning algorithms used in statistical classification and regression. It also reduces variance and helps to avoid over fitting. Although it is usually applied to decision tree methods, it can be used with any type of method.

4.2.3.1. [bookmark: 4.2.3.1._Experiment_1]Experiment 1
This experiment is performed, by using the default testing option (the 10- fold cross validation testing option). The result of this learning scheme is summarized and presented in Table 4.9

	Actual
	Predicted
	Total
	Correctly classified (accuracy rate)

	
	High
	Low
	
	

	High
	887
	0
	887
	100%

	Low
	411
	0
	411
	0%

	Total
	1298
	0
	1298
	68.3%


Table 4.9 Confusion matrix output of Begging Algorithm with 10 folds cross validation


The result from this experiment shows that out of the 1298 total records 887(68.3%) of them are correctly predicted. And 411 (31.6%) records are incorrectly predicted. In addition to this the resulting confusion matrix has shown that out of 887 correctly predicted records 887 (100%) of them are correctly predicted as High Demand, while no record which predicted Low demand. This shows that the model correctly classified those power consumption data‘s in their respective class. So in this experiment the accuracy of the model is 68.3%. This shows that the model correctly predicted that customer power demand in their respective class. Generally, the model developed with Begging algorithm have low accuracy with compared with the experiment that is developed by Bayes Net algorithm and J48 algorithms

4.2.3.2. Experiment 2
This experiment is performed, by changing the default testing option (the 10 cross validation testing option). So the percentage split parameter set to 66/34%, which is to mean 66% for training and 34% for testing, the result of this learning scheme is summarized and presented in Table 4.10.

	Actual
	Predicted
	Total
	Correctly classified (accuracy rate)

	
	High
	Low
	
	

	High
	549
	0
	549
	100%

	Low
	305
	2
	307
	0%

	Total
	854
	2
	856
	64.4%


Table 4.10 Confusion matrix output of Begging Algorithm with 66/34% train-test split
The result from this experiment shows that out of the 856 total records 551(64.4%) of them are correctly predicted. And 305 (35.6%) records are incorrectly predicted. In addition to this the resulting confusion matrix has shown that out of 551 correctly classified records 549 (100%) of them are correctly predicted as High demand, while 2 (0%) of the records are predicted as Low demand. This shows that the model correctly predicted those customer power demand data‘s in their respective class. So in this experiment the accuracy of the model is 64.4%. This shows that the model correctly classified EEU Customer power consumption data‘s in their respective class. Generally, the model developed with Begging algorithm have low accuracy with compared with the experiment that is developed by Begging algorithm in the 1st experiment.
4.2.3.3. Experiment 3
This experiment is performed, by changing the default testing option (the 66% for training 34% for testing). So the percentage split parameter set to 70, which is to mean 70% for training and 30% for testing, the result of this learning scheme is summarized and presented in Table 4.11.
	Actual
	Predicted
	Total
	Correctly classified
(accuracy rate)

	
	High
	Low
	
	

	High
	586
	0
	586
	100%

	Low
	320
	2
	322
	0%

	Total
	906
	2
	908
	64.8%


Table 4.11 Confusion matrix output of Begging Algorithm with 70/30% train-test split


From the experiment the result shows that out of the 908 total records 588(64.8%) of them are correctly predicted. And 320 (35.2%) records are incorrectly predicted. In addition to this the resulting confusion matrix has shown that out of 588 correctly predicted records 586 (100%) of them are correctly predicted as High demand, while 2 (0%) of the records are predicted as Low demand. This shows that the model correctly predicted those customer power demand data‘s in their respective class. So in this experiment

the accuracy of the model is 64.8%. Generally, the model developed with Begging algorithm have low accuracy with compared with the experiment that is developed by Begging algorithm before this experiment.
4.2.3.4. [bookmark: 4.2.3.4._Experiment_4]Experiment 4
The fourth experiment is performed, by changing the testing option (the 70/ 30%). So the percentage split parameter set to 50/50%, which is to mean 50% for training and 50% for testing, the result of this learning scheme is summarized and presented in Table 4.12
	Actual
	Predicted
	Total
	Correctly classified
(accuracy rate)

	
	High
	Low
	
	

	High
	368
	0
	368
	100%

	Low
	278
	2
	280
	0%

	Total
	646
	2
	648
	57.1%


Table 4.12 Confusion matrix output of Begging Algorithm with 50/50% train-test split


As we can see from the confusion matrix of the model developed with this proportion, out of the 648 testing records 370(57.1%) of them are correctly predicted. Only 278 (42.9%) records are incorrectly predicted. In addition to this the resulting confusion matrix has shown that out of 370 correctly predicted records 368 (100%) of them are correctly predicted as High demand, while 2 (0%) of the records are predicted as Low demand. This shows that the model correctly predicted those customer power demand data‘s in their respective class. So in this experiment the accuracy of the model is 57.1%. Generally, the model developed with Begging algorithm have low accuracy with compared with the experiment that is developed by Begging algorithm in experiment one and two.

4.2.4. [bookmark: 4.2.4._PART_Model_Building][bookmark: _bookmark41]PART Model Building

After experimenting with J48 decision tree, Bayes Net algorithm and Begging with many parameter values, the best model that has shown better overall classification accuracy has been chosen. And to compare the result of the J48 decision tree, Bayes Net and Begging classification model different PART algorithm experiments have been carried out. The same attributes that are used to build the J48decision tree models, Bayes Net and Begging, are also used in this PART modeling experiments. With all preprocessing takes in place, the experimentation preceded with the different PART models by changing the default parameter values. The 10-fold cross validation, which is set by default, the percentage split with 66/34%, 70/30 % and 50/50% for training and testing the model test options are employed. Begging is a machine learning algorithm designed to improve the stability and accuracy of machine learning

algorithms used in statistical classification and regression. It also reduces variance and helps to avoid over fitting. Although it is usually applied to decision tree methods, it can be used with any type of method.
4.2.4.1. [bookmark: 4.2.4.1._Experiment_1]Experiment 1
This experiment is performed, by using the default testing option (the 10- fold cross validation testing option). The result of this learning scheme is summarized and presented in Table 4.13
	Actual
	Predicted
	Total
	Correctly classified
(accuracy rate)

	
	High
	Low
	
	

	High
	870
	17
	887
	98.1%

	Low
	6
	405
	411
	98.5%

	Total
	876
	422
	1298
	98.2%


Table 4.13 Confusion matrix outputs of PART Algorithm with 10 fold cross validation


The result from this experiment shows that out of the 1298 total records 1275(98.2%) of them are correctly predicted. And 23 (1.8%) records are incorrectly predicted. In addition to this the resulting confusion matrix has shown that out of 1275 correctly predicted records 870 (98.1%) of them are correctly predicted as High demand, while 405 (98.5%) of the records are predicted as Low demand. This shows that the model correctly predicted those customer power demand data‘s in their respective class. So in this experiment the accuracy of the model is 98.2%. Generally, the model developed by PART algorithm has high accuracy with compared with the experiment that is developed by Bayes Net, Begging and J48 decision tree algorithm.

[bookmark: 4.2.3.2._Experiment_2]4.2.3.2. Experiment 2
This experiment is performed, by changing the default testing option (the 10 cross validation testing option). So the percentage split parameter set to 66/34%, which is to mean 66% for training and 34% for testing, the result of this learning scheme is summarized and presented in Table 4.14.
	Actual
	Predicted
	Total
	Correctly
classified (accuracy rate)

	
	High
	Low
	
	

	High
	536
	13
	549
	97.6%

	Low
	5
	302
	307
	98.4%

	Total
	541
	315
	856
	97.9%


Table 4.14 Confusion matrix outputs of PART Algorithm with 66/34% train-test split

The result from this experiment shows that out of the 856 total records 838(97.9%) of them are correctly predicted. And 18 (2.1%) records are incorrectly predicted. In addition to this the resulting confusion matrix has shown that out of 838 correctly predicted records 536 (97.6%) of them are correctly predicted as High demand, while 302 (98.4%) of the records are predicted as Low demand. This shows that the model correctly predicted those customer power demand data‘s in their respective class. So in this experiment the accuracy of the model is 97.9 %. Generally, the model developed by the PART algorithm has low accuracy with compared with the experiment that is developed by the in 1st PART Algorithm.

[bookmark: 4.2.3.3._Experiment_3]4.2.3.3. Experiment 3
This experiment is performed, by changing the default testing option (the 66% for training 34% for testing). So the percentage split parameter set to 70, which is to mean 70% for training and 30% for testing, the result of this learning scheme is summarized and presented in Table 4.15.
	Actual
	Predicted
	Total
	Correctly classified
(accuracy rate)

	
	High
	Low
	
	

	High
	574
	12
	586
	98%

	Low
	5
	317
	322
	98.4%

	Total
	579
	329
	908
	98.1%


Table 4.15 Confusion matrix output of PART Algorithm with 70/30% train-test split
From the experiment the result shows that out of the 908 total records 891(98.1%) of them are correctly predicted. And 17 (1.9%) records are incorrectly predicted. In addition to this the resulting confusion matrix has shown that out of 891 correctly predicted records 574 (98%) of them are correctly predicted as High demand, while 317 (98.4%) of the records are predicted as Low demand. This shows that the model correctly predict those customer power demand data‘s in their respective class. So in this experiment the accuracy of the model is 98.1%. Generally, the model developed by the PART algorithm has low accuracy with compared with the experiment that is developed by the in 1st PART Algorithm.
[bookmark: 4.2.4.4._Experiment_4]4.2.4.4. Experiment 4

The fourth experiment is performed, by changing the testing option (the 50/ 50%). So the percentage split parameter set to 50/50%, which is to mean 50% for training and 50% for testing, the result of this learning scheme is summarized and presented in Table 4.16

	Actual
	Predicted
	Total
	Correctly classified
(accuracy rate)

	
	High
	Low
	
	

	High
	355
	13
	368
	96.5%

	Low
	5
	275
	280
	98.2%

	Total
	360
	288
	648
	97.2%


Table 4.16 Confusion matrix output of PART Algorithm with 50/50% train-test split
As we can see from the confusion matrix of the model developed with this proportion, out of the 648 testing records 630(97.2%) of them are correctly predicted. Only 18 (2.8%) records are incorrectly predicted. In addition to this the resulting confusion matrix has shown that out of 630 correctly predicted records 355 (96.5%) of them are correctly predicted as High demand, while 275 (98.2%) of the records are predicted as Low demand. This shows that the model correctly predict those customer power demand data‘s in their respective class. So in this experiment the accuracy of the model is 97.2%. In comparison of the PART model experiments the fourth experiment that splitting to 50/50% accuracy scores lower with compare to the previous PART model experiments. Generally, the model developed with PART algorithm has higher accuracy than that of Bayes Net, Begging algorithms and J48 decision tree algorithm.

4.2.5. [bookmark: 4.2.5._Random_tree_Model_Building][bookmark: _bookmark42]Random tree Model Building
After experimenting with J48 decision tree, Bayes Net algorithm, Begging and PART with many parameter values, the best model that has shown better overall classification accuracy has been chosen. And to compare the result of the J48 decision tree, Bayes Net, Begging and PART classification model different Random tree algorithm experiments have been carried out. The same attributes that are used to build the J48 decision tree models, Bayes Net, Begging and PART are also used in this Random tree modeling experiments. With all preprocessing takes in place, the experimentation preceded with the different Random tree models by changing the default parameter values. The 10-fold cross validation, which is set by default, the percentage split with 66/34%, 70/30 % and 50/50% for training and testing the model test options are employed. Begging is a machine learning algorithm designed to improve the stability and accuracy of machine learning algorithms used in statistical classification and regression. It also reduces variance and helps to avoid over fitting.

4.2.5.1. [bookmark: 4.2.5.1._Experiment_1]Experiment 1
This experiment is performed, by using the default testing option (the 10- fold cross validation testing option). The result of this learning scheme is summarized and presented in Table 4.17
	Actual
	Predicted
	Total
	Correctly classified
(accuracy rate)

	
	High
	Low
	
	

	High
	833
	54
	887
	93.9%

	Low
	133
	278
	411
	67.6%

	Total
	966
	332
	1298
	85.6%


Table 4.17 Confusion matrix outputs of Random tree Algorithm with 10 fold cross validation


The result from this experiment shows that out of the 1298 total records 1111(85.6%) of them are correctly predicted. And 187 (14.4%) records are incorrectly predicted. In addition to this the resulting confusion matrix has shown that out of 1111 correctly predicted records 833 (93.9%) of them are correctly predicted as High demand, while 278 (67.6%) of the records are predicted as Low demand. This shows that the model correctly predicted those customer power demand data‘s in their respective class. So in this experiment the accuracy of the model is 85.6%. Generally, the model developed by Random tree algorithm has low accuracy with compared with the experiment that is developed by Bayes Net, PART and J48 algorithm. The Random tree has high accuracy than Begging algorithm.

4.2.5.2. [bookmark: 4.2.5.2._Experiment_2]Experiment 2
This experiment is performed, by changing the default testing option (the 10 cross validation testing option). So the percentage split parameter set to 66/34%, which is to mean 66% for training and 34% for testing, the result of this learning scheme is summarized and presented in Table 4.18.
	Actual
	Predicted
	Total
	Correctly
classified (accuracy rate)

	
	High
	Low
	
	

	High
	515
	34
	549
	93.8%

	Low
	118
	189
	307
	61.6%

	Total
	633
	223
	856
	82.2%


Table 4.18 Confusion matrix outputs of Random Tree Algorithm with 66/34% train-test split
The result from this experiment shows that out of the 856 total records 704(82.2%) of them are correctly predict. And 152 (17.8%) records are incorrectly predicted. In addition to this the resulting confusion
 matrix has shown that out of 704 correctly predicted records 515 (93.8%) of them are correctly predicted	
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as High demand, while 189 (61.6%) of the records are predicted as Low demand. This shows that the model correctly predict those customer power demand data‘s in their respective class. So in this experiment the accuracy of the model is 82.2%. Generally, the model developed by the Random tree algorithm has low accuracy with compared with the experiment that is developed by the in 1st Random tree Algorithm.

4.2.5.3. [bookmark: 4.2.5.3._Experiment_3]Experiment 3
This experiment is performed, by changing the default testing option (the 66% for training 34% for testing). So the percentage split parameter set to 70, which is to mean 70% for training and 30% for testing, the result of this learning scheme is summarized and presented in Table 4.19.
	Actual
	Predicted
	Total
	Correctly
classified (accuracy rate)

	
	High
	Low
	
	

	High
	564
	22
	586
	96.2%

	Low
	184
	138
	322
	42.9%

	Total
	748
	160
	908
	77.3%


Table 4.19 Confusion matrix output of Random Tree Algorithm with 70/30% train-test split


From the experiment the result shows that out of the 908 total records 702(77.3%) of them are correctly predicted. And 206 (22.7%) records are incorrectly predicted. In addition to this the resulting confusion matrix has shown that out of 702 correctly classified records 564 (96.2%) of them are correctly predicted as High demand, while 138 (42.9%) of the records are predicted as Low demand. This shows that the model correctly predicted those customer power demand data‘s in their respective class. So in this experiment the accuracy of the model is 77.3%. Generally, the model developed by the Random tree algorithm has low accuracy with compared with the experiment that is developed by the in 1st and 2nd Random tree Algorithm.

4.2.5.4. [bookmark: 4.2.5.4._Experiment_4]Experiment 4
The fourth experiment is performed, by changing the testing option (the 50/ 50%). So the percentage split parameter set to 50/50%, which is to mean 50% for training and 50% for testing, the result of this learning scheme is summarized and presented in Table 4.20
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	Actual
	Predicted
	Total
	Correctly classified
(accuracy rate)

	
	High
	Low
	
	

	High
	341
	27
	368
	92.7%

	Low
	75
	205
	280
	73.2%

	Total
	416
	232
	648
	84.3%


Table 4.20 Confusion matrix output of Random tree Algorithm with 50/50% train-test split


As we can see from the confusion matrix of the model developed with this proportion, out of the 648 testing records 546(84.3%) of them are correctly predicted. Only 102 (15.7%) records are incorrectly predicted. In addition to this the resulting confusion matrix has shown that out of 546 correctly predicted records 341 (92.7%) of them are correctly predicted as High demand, while 205 (73.2%) of the records are predicted as Low demand. This shows that the model correctly predict those customer power demand data‘s in their respective class. In comparison of the Random tree model experiments the fourth experiment that splitting to 50/50% accuracy scores lower with compare to the previous Random tree model experiments. Generally, the model developed with Random tree algorithm has low accuracy with compared with J48 decision tree, PART, Bayes Net algorithm and Random tree has higher accuracy than that of Begging algorithms.
Therefore, it is possible to conclude that the PART algorithm is more appropriate to this particular case than the Bayes Net, Begging, J48, and Random tree method. So, the model that is developed with the PART decision tree classification technique is taken as the final working classification model. The comparison matrix of PART, Random tree, Begging, J48, and Bayes Net algorithm with default train-test is a 10 fold cross-validation approach.
	Algorithm
	TP
Rate
	FP
Rate
	Precision
	F-
Measure
	Accuracy
(in %)

	J48
	0.975
	0.027
	0.976
	0.975
	97.5

	PART
	0.982
	0.016
	0.983
	0.982
	98.2

	Bayes Net
	0.941
	0.054
	0.944
	0.941
	94.1

	Begging
	0.683
	0.683
	0.683
	0.683
	68.3

	Random Tree
	0.856
	0.240
	0.854
	0.851
	85.6


Table 4.21 Confusion matrix output of Random tree Algorithm with 50/50% train-test split
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4.3. [bookmark: 4.3._Rules_generated_by_PART_Algorithm][bookmark: _bookmark43]Rules generated by PART Algorithm

[bookmark: After_the_experiment_conducted_the_best_]After the experiment conducted the best algorithm selected which is predicted the customer power demand. According to the experiment the PART algorithm is have high accuracy on predicting the power demand than other algorithms. Based on the experiment PART algorithm with all attribute un-pruned is high accuracy finally generated rule learner with the specified scheme. From these generated rules which are highly predictive are selected 11 rules consider the mandatory attribute by investigator based on the finding and relevant to the domain knowledge or area of specialized people. The following are some of the rules extracted rule from the PART algorithm listed below and some of the rules supposed to be interesting and are selected by domain experts as well as from the literatures.
[bookmark: Rule_1:_IF_MaximmumDemand_>_3800_AND]Rule 1: IF  MaximmumDemand > 3800 AND
[bookmark: PowerFactor_>_0.6387_AND_CompanyName_=_E]PowerFactor > 0.6387 AND CompanyName = EEU: High (587.0)
[bookmark: Rule_2:_IF__MaximmumDemand_<=_861:_Low_(]Rule 2: IF  MaximmumDemand <= 861: Low (310.0/10.0)
[bookmark: Rule_3:_IF__PowerFactor_>_0.66_AND]Rule 3: IF  PowerFactor > 0.66 AND

[bookmark: MaximmumDemand_>_5190:_High_(222.0)]MaximmumDemand > 5190: High (222.0)
[bookmark: Rule_4:_IF__PowerFactor_>_0.8817_AND]Rule 4: IF  PowerFactor > 0.8817 AND
[bookmark: CompanyType_=_Private:High_(44.0)]CompanyType = Private:High (44.0)

[bookmark: Rule_5:_IF__CompanyName_=_Yesu_PlC:_Low_]Rule 5: IF  CompanyName = Yesu PlC: Low (30.0/2.0)
[bookmark: Rule_6:_IF__PowerFactor_<=_0.7882:_Low_(]Rule 6: IF  PowerFactor <= 0.7882: Low (78.0/2.0)
[bookmark: Rule_7:_IF__CompanyName_=_Wenji_Suger_Fa]Rule 7: IF  CompanyName = Wenji Suger Factory: High (7.0)
[bookmark: Rule_8:_IF__CompanyType_=_Gov:_High_(5.0]Rule 8: IF  CompanyType = Gov: High (5.0)
[bookmark: Rule_9:_IF__CompanyType_=_Private:_High_]Rule 9: IF  CompanyType = Private: High (4.0)
[bookmark: Rule_10:_IF__CompanyName_=_Ethio-Djibout]Rule 10: IF CompanyName = Ethio-Djibouti Railway S.Co: Low (4.0)
[bookmark: Rule_11:_IF_ActiveEnergyExport_>_7369.99][bookmark: ActiveEnergyExport_>_7505.7:_High_(3.0/1]Rule 11: IF ActiveEnergyExport > 7369.99 AND ActiveEnergyExport > 7505.7: High (3.0/1.0)

4.4. [bookmark: 4.4._Finding_of_the_Study][bookmark: _bookmark44]Finding of the Study
[bookmark: This_research_focuses_on_predicting_EEP_]This research focuses on predicting EEP customers’ electric power demand, it will be used as a reference for future researchers who are interested in conducting their research on predicting energy industries.. The research shows the ways how the problem should be understood, how the data should be prepared, the ways of selecting tools and techniques, and the modeling procedures to data mining techniques predict the customer power demand based on experiment. The study used five algorithms namely: J48, Bayes Net, Bagging, Random tree and PART to build a prediction model for predicting customer power demand from the experiments show that the best prediction model using PART algorithm is more accuracy then other four algorithms. The results obtained from the experiments showed that PART algorithm performed best with accuracy of 98.2% than the other models.

[bookmark: CHAPTER_FIVE][bookmark: _bookmark45][bookmark: CONCLUSION_AND_RECOMMENDATION][bookmark: _bookmark46]CHAPTER FIVE CONCLUSION AND RECOMMENDATION
5.1. [bookmark: 5.1._CONCLUSION][bookmark: _bookmark47]CONCLUSION

EEP is an electric power industry and it is involving on development, investment, construction, operation, and management of power plants, power generation and power transmission. EEP have different customer type which is EEU, Industry (High Voltage and Low Voltage), Foreign country (Djibouti, Sudan, Somalia, Kenya, and so on), Railway. The data set that gathered from EEP data set foreign country customer type not included because the customer type have considered in import and export mechanism. The company cannot eliminate losses of power energy due to different reason like meter tampering or theft, customer power utilization etc. The company sold much amount of energy to the foreign country and other amount are loss due to unable know customers demand and upland construction of power generation projects.
This research help the company to predicting customer electric energy demand in order to enhance services, reduce loss of unutilized energy, reduce cost of project installation, increase profited of company. Computer hardware and database technologies have made it all the more easy for organizations to collect, store and manipulate massive amounts of data. The data contains and reflects activities and facts about the organization. The increase in data volume causes great difficulties in extracting useful information and knowledge for decision support. It is to bridge this gap of analyzing large volume of data and extracting useful information and knowledge for decision making that the new generation of computerized methods known as Data Mining or Knowledge Discovery in Databases (KDD) has emerged in recent years.
The objective of this research undertaking was to explore the possible application of data mining techniques in predict customer power demand in EEP, by developing a predictive model that could help for the organization internal purpose and for providers to identify the customer which need extra services or infrastructure due to their high consumption or which customer uses low consumption to eliminate the risk of electric loss at risk so that they can be treated before the condition becomes something difficult to EEP. The paper presented a complete data mining process from identifying business objective to evaluating models on multi-relation data sets. This study implemented using five prediction algorithms namely (J48, Random tree, PART, Nave Bayes, Bagging algorithm) used prediction on the dataset of 1299 EEP customer consumption information and 11 attributes, to predict electric customer’s electric power demand to enhance the performance of the company. Among all data mining prediction algorithm PART algorithm perform best with 98.2% accuracy and therefore PART proves to be potentially effective
 and efficient prediction algorithm. Also comparison of all five algorithms with the help of WEKA  
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experimenter is also done, in this case also PART algorithm proves to be best with F-measure of 98.2%. Therefore, performance of PART algorithm is relatively higher than other algorithms. A model performance chart is also plotted.
As it is often the case, the KDD process was undertaken in phases. The process adopted in this research can be described as constituting five phases: Understanding of the problem domain, understanding of the data, data preprocessing, data mining, and evaluation and interpretation of data mining results.
· Understanding of the problem domain: The problem domain was explored to have insight into the area and to be able to define the problem to focus on. During this phase interaction with the domain experts and review of documents
· Understanding of the data: in this task was run on EEU related database that consists of 1299 records in a total of 11 attributes.
· Data mining: Classification, data mining technique was applied to accomplish the goal of the research. To this effect, the J48 decision tree, Bayes Net, Begging, PART and Random tree to algorithm, which is an implementation of the classification in the Weka 3.9.5 software, was used.
· Data preprocessing: Data cleaning and preparation tasks were carried out to handle missing value and noise. Irrelevant, attributes were also excluded in this stage of the research. On this task 1299 extracted from 1620 record by remove the records which have null value or negative consumption.
· Data evaluation and interpretation: In general, encouraging results were obtained by applying J48 decision tree, Bayes Net, Begging, PART and Random tree approaches.
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5.2. [bookmark: 5.2._RECOMMENDATION][bookmark: _bookmark48]RECOMMENDATION

[bookmark: This_research_work_is_conducted_mainly_f]This research work is conducted mainly for academic purpose. However, it is the researcher's belief that the result of the research will help EEP company to work on the application of data mining techniques to gain competitive advantage in their organization. The research work can contribute a lot towards a comprehensive study in this area in the future. In the course of doing this study and on the basis of the findings of the research work, the researcher has come up with the following recommendations.
· [bookmark: _This_research_conducted_by_the_2018_to]This research conducted by the 2018 to 2020 data which are existed in EEP data base after the two companies split. The future researcher conduct thesis on EEP and EEU customer’s by using more data set
· [bookmark: _Some_energy_power_is_used_by_theft_or_]Some energy power is used by theft or meter tampering, in this case EEP unable to identify their customer demand. Due to this the future researcher need to work on Electricity theft and fraud (meter tampering), stealing electricity (illegal connections).
· The models in this thesis were developed using predicated data mining which is predicting the classes of the EEP customer electric power demand. The future researcher need to studies using different data mining model.
· This research conducted by including EEP customers which are high voltage industry, low voltage industry, rail way, EEU as customer, foreign country. In the future researcher need to conduct customer power demand in EEU customer. Especially domestic customer, commercial, industry, staff, straight light.
· EEP have a lot of customer type those are High voltage Industry, Low voltage Industry, EEU, Rail Way, Foreign country, this study not consider the foreign country customer type due to EEP uses different data set for considering the foreign country (considered by Import and Export mechanisms).
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