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Abstract
Data mining is a subset of databases management and it mainly applicable to large and
complex databases to eliminate the randomness and discover the hidden pattern. Fraud
detection in data mining is the process of identifying fraudulent acts by analyzing the
dataset. Research is based on identifying fraudulent acts of water bottle delivery
process. The research study focusses on to manage the invoicing process with the water
delivery process. Due inefficacies in the water delivering process bottle lost cost in the
last six months is Rs 213,070.00 approx. Through detecting fraudulent acts, the
institutes can save resources and cost [3], for this study a sample data set has been used
to identify how the fraudulent activities are occurring. Sample dataset has been selected
from where data entry person had found physical evidence that the bottle had been sold

for outsiders.

Data mining tools which used to detect frauds are Naive Bayes, Decision Trees, and
neural networks. By developing predictive models can be generated to estimate things
such as the probability of fraudulent behavior. ROC curves have deployed for model
assessment to provide a more intuitive analysis of the models and confusion matrix is
has used to describe the performance of a classification model on the test data for which

the true values are known.
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Chapter 1

1 Introduction
This Research is based on Business Data mining. Data mining is a subset of databases
management, and it mainly applicable to large and complex databases to eliminate the

randomness and discover the hidden pattern.

By using modern technologies of computers, networks, and sensors have made data
collection, therefore data collection and storing has become very easy. However, the
captured data need to be converted into information and knowledge from recorded data
to become useful. Traditionally, analysts have performed the task of extracting useful
information from the recorded data, But the increasing volume of data in modern
business and science calls for computer-based approaches. Data mining is the entire
process of applying the computer-based methodology, including new techniques for
knowledge discovery, from data [1]. The research is based on applying of data mining
techniques to discover the possible frauds in the water bottle delivering process and
water consumption pattern changes. Once the water consumption is dropped below the
satisfactory levels, it impacts to the revenue/sale of the company.

Bottle Water Industry is one of the growing Industry in Sri Lanka with a growth rate of
10% per annum[2] .In Sri Lanka, Bottle water Industry was started in 1980[3]. Per the
analysis was done by the Ministry of Health, Nutrition and Indigenous Medicine,
currently, there are 118 Market competitors in bottle water Industry[4]. Therefore, there
is a huge competition only for bottle water excluding the completion of packaged food.
Hence that losing market share due to operational inefficiencies directly affects the
future of the company.
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Figure 2.1.1-1: Revenue Loss Forecast



The research study focusses on to manage the invoicing process with the water delivery
process. Due inefficacies in the water delivering process bottle lost cost in last six
months is Rs. 213,070.00 approx. Figure 1.1-1. The research was selected because
manual investigation to detect irregularities in inefficacies in the water delivering
process is hard and slow; hence by using data mining techniques can increase the speed
and accuracy of the investigation. Whereas, it is very important to detect the methods
of suspicious bottle deliveries and irregularities to identify the possible frauds.

In the selected entity, the bottled water delivering process is one of a main process
which enables to serve the customer directly. But since it is a manual process,it has
ineffiencienies, the objective of this research is to reduce the inefficiencies by
identifying impacts to reduce the water consumption. Since in the worst-case scenario
when the planned customer is not catering on time, the customer gets infuriated with
the company, where as it leads to close their accounts which leads to an increase in the
expenses of the company in numerous ways. Therefore, customer services are very
important to service organization as a selected entity.

By doing this research can identify how operational frauds are happening and
inefficiencies water bottle Delivering Process and by what means its effects to the final

invoicing value. Moreover future demand can be identified.
Negative approaches of bottle delivering process, where it affects to the inefficiencies

1. If bottle could not be delivered to the customer, then the bottle is recording
under house closed, stock available and missed deliveries. Nevertheless
most of the time it is not recording under missed deliveries because it affects
to the incentives hence, it records as house closed or stock available.

2. Bottle are delivering without keeping proper records via manual tickets.
Therefore, when customer details could not identify, it considers as a dispute
ticket, so that, those delivery tickets could not be invoiced and sometimes
those deliveries affect for the bottle lost as well. Once delivered bottles did
not invoice, it reduces the projected revenue of the company and then it
leads to increases the operation cost of the company

3. Bottles are delivered on a cash basis by route men to outsiders, thus that

those bottles are can be invoiced.



4.

1.1 Aim

Deliver less quantity than customer needed to balance the time of delivery
and to balance unloaded and loaded bottle details in the store, consequently

that customer get less than required amount

Apply a rapid, intelligent model (data mining models) to detect possible fraudulent

behavior of the delivery process

1.2 Objectives

Identify patterns of water bottles consumption of Customer, and to identify
a future trend

Review the related works and the mining methods to detect frauds in the
selected field.

Apply a model to measure the changes in water consumption based on one
appropriate technique.

Evaluate the applied model accuracy.

Selecting the best attributes that improve the accuracy

By predicting consumption pattern can get alerts, to take necessary actions to keep the

average consumption pattern of the company constant. Whereas, the average

consumption pattern of the company must equal to the contracted value of the customer

at the time of account acquisition. When average consumption is less than the

contracted value, it reduces the projected revenue from the customer.

1.3 Assumption

The data which has taken for the model has been updated on a regular basis.

1.4 Thesis structure

e Abstract- Briefly summary of

— Research problem/Methodology/ Results/ Conclusion.

e Table of contents. List the key headings and subheadings with their page

numbers.

e List of figures. Include the figure numbers, figure titles, and page numbers.

e List of tables. Include the table numbers, table titles, and page numbers.

e |ntroduction

e Literature Review

e Technology Adopted



Analysis and the Design
Implementation of the Model
Discussion

Reference

Appendix



Chapter 2

2 Literature Review
2.1 Introduction
This section presents the background and theoretical concepts of the data mining

techniques applied in this research study.

Data Mining is a discipline, combination of statistics, machine learning, data
management and databases, pattern recognition, artificial intelligence to generate
information on the data. This method use converts data into knowledge and actionable
information [5]. Data mining techniques are used to the analyzed large dataset to
identify new unknown patterns; these patterns support to identify bottle delivery
patterns and consumption patterns of the customer in a scientific manner. When
suspicious customer patterns are identified using data mining techniques, then it is easy
to narrow down the circle of investigation to get fraudulent issues very fast.

Areas of Data Mining Applying[6]

e Financial Data Analysis

e Retail Industry

e Telecommunication Industry
e Biological Data Analysis

e Other Scientific Applications

e Intrusion Detection

2.1.1 Data Mining Methodology
The data mining techniques (knowledge discovery) has perspective steps.

1. Data cleaning (to remove noise and inconsistent data).

2. Data integration (where multiple data sources may be combined).

3. Data selection (where data relevant to the analysis task are retrieved from the
database).

4. Data transformation (where data are transformed or consolidated into forms
appropriate for mining by performing summary or aggregation operations, for
instance). Data mining (an essential process where intelligent methods are

applied to extract data patterns).



5. Pattern evaluation (to identify the truly interesting patterns representing
knowledge Based on some interesting measures).

6. Knowledge presentation (where visualization and knowledge representation
techniques are used to present the mined knowledge to the user via graphs) [5]

2.1.2 Standard Data Mining Process
The cross-industry standard process for data mining, (CRISP-DM) is a data
mining process model that describes approaches that data mining experts use to tackle

problems[7]. This process has six set steps[8]
1. Business Understanding

Focuses on understanding the project objectives and requirements from a business
perspective, and then converting this knowledge into a data mining problem
definition and a preliminary plan.

2. Data Understanding

Starts with an initial data collection and proceeds with activities to get familiar with
the data, to identify data quality problems, to discover first insights into the data, or

to detect interesting subsets to form hypotheses for hidden information.
3. Data Preparation

The data preparation phase covers all activities to construct the final dataset from
the initial raw data.

Example: Linear Regression function could be applied only to numerical data
Neural Networks/Naive bays/Decision Trees could be applied to nominal data
4. Modeling

Modeling techniques are selected and applied.

Ex: When it wants to identify a trend in numerical, a linear regression is used

5. Evaluation

Once one or more models have been built that appear to have a high quality based

on a percentage of truly positive values, these need to be tested to ensure they



generalize against unseen data and that all key business issues have been

sufficiently considered
6. Deployment

Generally, this will mean deploying a code representation of the model into an
operating system to score or categorize new unseen data as it arises and to create a
mechanism for the use of that new information in the solution of the original business
problem. Importantly, the code representation must also include all the data prep steps
leading up to modeling so that the model will treat new raw data in the same manner as

during model development.

2.1.3 Data Mining Methods
The mining method can be segregated into main categories

A Descriptive model presents the data in a concise form which is essentially a
summary of the data points, finds patterns in the data and understands the relationships
between attributes represented by the data. This includes tasks such as Clustering,

Association Rules, Summarizations, and Sequence Discovery.

The predictive model works by making a prediction about values of data for future
though existing datasets. The Predictive data mining model includes classification,
regression, Choice modeling, Rule Induction, Network/Link  Analysis,
Clustering/Ensembles, Neural networks, Memory-based/Case-based reasoning,

Decision trees and Uplift modeling [9]

Patten recognition can do to identify the relationship between input and output values.

Data mining methods include Neural networks, fuzzy logic
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Figure: 2.1-1:Data Mining Techniques



Source: Data Mining and Business Intelligence, “By Stephan Kudyba, Richard
Hoptroff"

2.1.4 Data Mining Techniques

Naive Bayes-This can be used to classify and predict. This calculates the
probabilities for each possible state of the input attribute given each state of
predictable attribute[10].

Layered, feed-forward neural networks are suited to the analysis of non-linear
and multivariate data[11]

Decision Trees-This classify each case to one of a few (discrete) board
categories of selected attribute(variables) and explain the classification with few
selected input variables[10]

Neural Networks - A neural network is a series of algorithms that endeavors to
recognize underlying relationships in a set of data through a process that mimics
the way the human brain operates. Neural networks can adapt to changing input
so the network generates the best possible result without needing to redesign the
output criteria.[12]

Association Analysis is done to identify the connection between two actions or
two objects [13]

Slice and dice enable to get summary data easily [13]

Segmentation algorithm/Clustering algorithm enables to group the data as per
to similar attribute[13]

Regression and Neural algorithm enables to fit the data into a curve[13]
Optimization algorithm enables to identify the best option out of others[13]
Visualization enables the reader to identify the data more easily

Support Vector Machines is the technique of machine learning, SVMs (SVMs,
also support vector networks) is supervised learning model with associated
learning algorithms that analyze data and recognize patterns, used for
classification and regression analysis. The basic SVM takes a set of input data
and predicts, for each given input, which of two possible classes forms the
output, making it a non-probabilistic binary linear classifier [5]

K-Nearest-Neighbour this supports non-linear problem[5]



e Prediction discovers the relationship between independent variables and
dependent variables. For instance, the prediction analysis technigue can be used

in the sale to predict profit for the future[14]

2.2 Background to Frauds
Frauds is a wrongful or criminal action done intentionally to get financial or personal

gain

In the case of National Health Service, the allocated budget to National Health Service
(NHS) in 2007/08 is £104 billion, however, due to frauds, per annum loss is reaching
to £76.35 million to £118 million whereas it is a huge cost to the company [13]therefore
as per the author it is important to have fraud-free society and if you could find it will
benefit to company and the society

However, Researcher has measured the cost of fraud: to get a competitive advantage by
identifying the frauds. This research has been done to analyzed 132 fraud risk
measurement exercises from nine countries in a range of different sectors. During the
study, it has identified 32 different types of expenditure due to frauds totalling almost
£800 billion, in 44 organizations from nine countries. The paper shows fraud and error
can be measured, and also if fraud could be regularly measured ,the company is could
reap financial benefits to the organization.[15]

Frauds can be detected as per fraud frequency rate (FFR) or the percentage of
expenditure lost due to fraud or by using both techniques or separating and frauds and
errors and calculating effect of fraud and error. The research has been done by using
statistical confidence. Selected Methodology is able to use in the sample when there is
a large population![15].However, sampling methods have disadvantages such as
chances of biases and difficulty in identifying truly problem as well [16].

Moreover, researchers have identified how human characteristics effects on frauds. The
selected variables are the perpetrator’s position (i.e. employee, manager,
executive/owner), gender, education level and the presence of assistants (i.e. collusion).
The analysis has been done on multivariate regression analysis, by doing multivariate

regression analysis the researcher has been able to estimates a single regression model

L «Statistics How to”, http://www.statisticshowto.com/confidence-level/
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with multiple outcome variables and one or more predictor variables. 2However, only
the perpetrator’s position and collusion are statistically significant when controlling for
the potential correlation among explanatory factors. As per author, This study is useful
to regulatory agencies and anti-fraud professionals to reduce frauds.[17]

2.2.1 Related Works

The researcher has done different types of Data mining method to detect frauds. The
selected methods are a statistics-based algorithm, decision tree based algorithm and
rule-based algorithm, Bayesian classification, Naive Bayesian visualization is selected

to analyze and interpret the classifier predictions. [18]

2.2.1.1 Electricity Consumption Identification

Frauds could be identified with the behavioral patterns of the data set. The study on to
identify the “Anomalies in School Electricity Consumption Data” has been done
based on outlier analysis or Anomaly detection. In this study, irregular behavior has
been identified by detecting patterns in a given data set that do not conform to an

established normal behavior [19].
As per the author there are Three types of anomaly detection techniques has used:

e Supervised techniques build models for both anomalous data and normal
data. An unseen data instance can be classified as normal or anomaly by
comparing which model it belongs to.

e Semi-supervised techniques only build a model for normal data in the
training data set. An unseen data instance can be classified as normal if it can
fit the model sufficiently well. Otherwise, the data instance will be classified
as anomalies.

e Unsupervised techniques do not need any training data. These approaches
assume that anomalies are much rarer than normal data in the data set

As per the author Outliers can be easily identified ones the data is visualized as well,
the author has proposed a new outlier detection algorithm is which combines the
image processing method with the data processing method. In this algorithm, a

measure in image processing, the degree of sharpness, is adopted to detect the

Z“MULTIVARIATE REGRESSION ANALYSIS | SAS DATA ANALYSIS EXAMPLES.”
https://stats.idre.ucla.edu/sas/dae/multivariate-regression-analysis/
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outliers for the first time. The proposed algorithm can be easily applied to the
applications of data pre-processing, equipment fault diagnosis, credit fraud
detection, traffic incident detection etc.[13]. But this method cannot be used in

pattern recognition

2.2.1.2 Credit Card Fraud Detection

In the research of “Credit Card Fraud Detection with a Neural Network,” the author
has used a neural network to identify the frauds. As per the author, a neural network-
based fraud detection system has been shown to provide substantial improvements in
both the accuracy and timeliness of fraud detection. The frauds loss is able to reduce
from 40% to 20%.[20].Whereas the neural network captures knowledge through

learning, and it can explore more possible data relationship than other algorithms[10]

As per the researcher, Neural Network methods can be used for data classification,
clustering, feature mining, prediction and pattern recognition. It uses the idea of non-
liner mapping, the method of parallel processing. The structure of the neural networks
itself to express the associated knowledge of input and output data. This was not used
at the beginning due to the fact it had defects in large complex structures, poor
interpretability and long training time. however, at present, it had been widely used in
the medical, finance and marketing research because it had the predictive power than
statistical techniques using real data sets and power-full ability in pattern recognition.
Additionally, neural networks have ability to afford noisy data, low error rate and

continuously advancing and optimization of various network training algorithms[21]

The use of neural networks(data-driven) approach is ideal for real world data mining
problems where data are plentiful but the meaningful patterns or underlying data

structure are yet to be discovered and impossible to be pre-specified.[21]

2.2.1.3 Non-Technical Loss (NTL) identification in Electricity Consumption

The Research is based on identifying of electricity consumption that is not billed. The
researcher has said it identified by detecting and inspecting the customers that have null
consumption during a certain period. The author has divided the into two modules first
module is based on text mining and artificial neural network. The second module,
developed from a data mining process, contains a Classification & Regression tree and

a Self-Organizing Map neural network. As per the suggestions of the researcher the
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results of analysis were limited due to the lack information in each location gathered,
therefore to do a better analysis it need more information[22]. Non-technical loss could

be also identified more efficiently by using Optimum-Path Forest method.

2.2.1.4 Accounting-Fraud Detection

The financial data could be detected by Logistic regression, Neural Networks,

Induction trees, Bayesian trees, Statistical Clustering and Association rule[23] [24]

2.2.2 Fraud Detecting Methods

According to the article, one way to approach the issue of fraud detection is to consider
it a predictive modeling problem. If historical data are available where fraud or
opportunities for preventing loss have been identified and verified, then the typical
useful predictive modeling workflow can be directed at increasing the chances to

capture those opportunities.[14]

Use of Machine Learning Techniques for fraud detection, there are seven methods have
introduced by Neural Networks, Multilayer perceptron, Radial basis functions, Support
vector machines, Naive Bayes, k-nearest neighbors, Geospatial Predictive Modelling
[22]

2.3 Summary

This research is based on the use of data mining techniques to identify possible cases
of fraud. The research is done using binning techniques, pattern recognition techniques,
clustering techniques and statistical approaches. These methods were selected based on

the suggestions of the literature reviews
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Chapter 3

3 Technology Adopted

3.1 Introduction

As discussed in the previous chapter the standard data mining process is Cross-
industry standard process for data mining, (CRISP-DM)[10] had used to the
research. This process has six steps to reach to result. As this research is based on
identifying possible fraud, the prediction methods were selected methodology is to do
research. This chapter highlights the effectiveness of selected technology that

distinguishes it from the technologies applied in the existing literature.

3.2 Selected methods or techniques
e Binning techniques
Binning or discretization is the process of transforming numerical variables into
categorical counterparts. Moreover, binning may improve the accuracy of the predictive
models by reducing the noise or non-linearity. Finally, binning allows easy
identification of outliers, invalid and missing values of numerical variables. There are
two types of binning, unsupervised and supervised.
In this research have used the supervised method
Supervised binning methods transform numerical variables into categorical
counterparts and refer to the target (class) information when selecting
discretization cut points. Entropy-based binning is an example of a supervised
binning method
— Entropy-based Binning
Entropy-based method uses a split approach. The entropy (or the information
content) is calculated based on the class label. Intuitively, it finds the best split so
that the bins are as pure as possible that is many of the values in a bin corresponding
to have the same class label. Formally, it is characterized by finding the split with

the maximal information gain.

Calculate "Entropy" for the target

Cc
E(s) = Z —pilog2pi

i=1

Equation 3.2-1:Entropy
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Calculate "Entropy" for the target given a bin.

s
E(AS) = Z% E(s)

veEA

Equation 3.2-2:"Entropy" for the target given a bin

Calculate "Information Gain™ given a bin.

Information Gain = E(S) — E(S,A)
Equation 3.2-3:Information Gain

Naive Bayes

The Naive Bayesian classifier is based on Bayes’ theorem with the independence

assumptions between predictors.

The calculation process Naive Bayes Algorithm

Bayes theorem provides a way of calculating the posterior probability, P(c|x), from

P(c), P(x), and P(x|c). Naive Bayes classifier assumes that the effect of the value of a

predictor (x) on a given class (c) is independent of the values of other predictors.[25]

P(clx) = P(x|c)P(c)/P(x)

Equation 3.2-4:Naive Bayes

P(c|x) is the posterior probability of class (target) given predictor (attribute).
P(c) is the prior probability of class.

P(x|c) is the likelihood which is the probability of predictor given class.

P(x) is the prior probability of predictor.

Decision Tree

A decision tree is a structure that includes a root node, branches, and leaf nodes[6]

.Decision tree algorithm is used to predict the model and the attribute selection

attribute is used to evaluate best suitable attribute

1.

— Basic algorithm (a greedy algorithm)[26]

Tree is constructed in a top-down recursive divide-and-conquer

manner

2. At the start, all the training examples are at the root
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3. Aittributes are categorical (if continuous-valued, they are
discretized in advance)
4. Examples are partitioned recursively based on selected attributes
5. Test attributes are selected based on a heuristic or statistical measure (e.g.,
information gain)
— Conditions for stopping partitioning
6. All samples for a given node belong to the same class
7. There are no remaining attributes for further partitioning — the majority
voting is employed for classifying the leaf
— Method of finding which attribute have the highest priority
Information Gain = Entropy(BS) — Entrop(AS)

Equation 3.2-5: Decision Tree Algorithm

BS- Before Selecting
AS- After Selecting
Attribute Selection Measure: Information Gain

o Information needed (after using A to split D into (partitions) to classify D:

14
|Dj ,
InfoA(D) = WxI(D])
=1

Equation 3.2-6:Information needed
o Information gained by branching on attribute A

Gain(A) = Info(D) — InfoA(D)

Equation 3.2-7:Information gained

e Neural Network (ANN)

A neural network is a series of algorithms that used to recognize underlying

relationships in a set of data through a process the way the human brain operates. Neural

networks can adapt to changing input, so the network generates the best possible result

without needing to redesign the output criteria.[12]

Data Processing in ANN developed under three building blocks[27] .
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e Network Topology
e Adjustments of Weights or Learning

e Activation Functions

Selected Method is under Network Topology Single layer feedforward network is used
for research design. In Single layer feedforward having only one weighted layer.

Whereas, input layer is fully connected to the output layer.

soeeee

anees

aoee
(1]

A Neuron (= a perceptron)

Mg
o Wo
L T | 3 ‘
f output y

X, - wn ’7
For Example

Input  weight weighted Activation
vector X vector W sum function
e The n-dimensional input vector X is mapped into variable y
by means of the scalar product and a nonlinear function
mapping

December 14, 2014 Data Mining: Concapis and Tachnigues 58

y =sign(>wa, +4,)
=

Equation 3.2-8:Backpropagation: A neural network learning algorithm[26]

e Statistics Approaches and Data Visualization

The Statistical Approaches were used for data summarization of the data as per the

theories and hypothesis testing

3.3 Tools using for a data mining
e R studio

R studio is used for data visualization and for data summarization. R Studio is a free,
open source IDE (integrated development environment) for R. the interface of the is
organized so that the user can clearly view graphs, data tables, R code, and output all
at the same time. It also offers an Import-Wizard-like feature that allows users to import
CSV, Excel, SAS (*.sas7bdat), SPSS (*.sav), and Stata (*.dta) files into R without

having to write the code to do so.[28] therefore it is easy when analyzing the data

e Weka
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Weka tool is used for data analyzing.by using Weka tool can identify what is most
suitable prediction type for the research and it enables to identify the most reliable

variable for the prediction

Weka is a collection of machine learning algorithms for data mining tasks. It contains
tools for data preparation, classification, regression, clustering, association rules

mining, and visualization
Weka is open source software issued under the GNU General Public License.[29][30]
o Excel

Excel was used to data pre-processing, whereas Data Pre-processing is a technique that
is used to convert the raw data into a clean data set. By using Excel was able to remove

null values and to remove the missing values and to rescale the data.

Microsoft Excel is a spreadsheet developed by Microsoft for Windows, Mac OS,
Android, and iOS. It features calculation, graphing tools, pivot tables, and a macro

programming language called Visual Basic for Applications[31]

3.4 Summary

This chapter is about technology proposed to analyze Frauds in the Water bottle
delivery process. For this Excel, R Studio and WEKA can be used to data
prepossessing, to data modeling and to analyze the data
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Chapter 4

4 Analysis and the Design

4.1 Introduction

This chapter includes attributes involve for analysis and methodologies using to
identify the fraudulent acts. The research is done by taking sample dataset from the
population. The population is entire customer bases, and for this research, a selected
customer bases has been taken. The selection was based on the physical evidence where
the data operators had found the bottles has been sold for an outsider with the manual
tickets

4.2  Attributes of the analysis

The proposed model is about to detect fraudulent deliveries of bottles
The following data is collected to develop the model

Customer Description
Consumption Levels
Customer Complaints
Stock Available
Missed Delivery
Housed Closed

Instances of manual tickets

© N o gk~ w0 P

Instances of manual Invoices

The research study is based on, the detection approach illustrated in Figure 3.2, by using
historical data transforms the data into the required format for the classifier. Customers
are represented by their consumption profiles over a period of 12 months. These profiles
are characterized by means of patterns, which significantly represent their general
behavior, and it is possible to evaluate the similarity measure between each customer
and their consumption patterns. This creates a global similarity measure between

normal and possible fraud bottle deliveries.
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Study Data Mining
Process

Literature Review

Study on Current Process
bottle delivery Process

Gather Data

Data Cleaning

Data Analysing

Develop a model

Interface Building

Figure 2.2.2-1:Research Methodology

4.3 Sample Selection Process

In order to evaluate the consumption pattern one-year data has been taken (Nov 2017-
October 2018). In here the data be segmented as per the delivery location. Data set had
selected, where there is the highest percentage on irregularities in consumption patterns

as per the customer count
Selected Data set size is: 27501
Ranking of the location as per the consumption problem

Table 2.2.2-1:Ranking table of the Consumption Problem

Location Code Percenatge_of Worst
Cases
Colombo 10 Store 50%
Colombo 05 Store 47%
Kalutara 44%
Factory 44%
Kandy 43%
Negombo 41%
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Anuradhapura 40%
Kurunegala 38%
Hambantota 28%
Galle 27%
Distributors 17%
Tangalle 0%

Parcanaige_af WorstC:

05-
04-
| I I I I
02-
00
AMURADHSPURA  COLOMBOOSSTORE  COLOWBO10STORE  DISTRIBUTORS FACTORY " NTOTA KALUTARS KANDY KURUNEGALA NEGOMEO TANGALLE

GALLE e
LocationCode

Figure 2.2.2-1:Location wise summary

By ranking the location where the problem was able to limit the data size. Furthermore,
by talking with experts who have the experience and found physical that the water bottle

is selling for cash is able to narrow down the data set to 2272.

4.4 Summary
The chapter highlights the approach of reducing the data set to identify possible frauds
and customers have irregularities in the consumption pattern the frauds and to identify

the consumption pattern of the customers



21

Chapter 5

5 Implementation

5.1 Introduction
This chapter depict about the use of different algorithms to predict consumption

prediction and fraud detection

5.2 Data collection

The data has been collected from four routes in which in Colombo 10 operations from
where the data operators had found that the manual ticket has been used to use to sold-
out bottles. the data has been taken for the last 6 months January 2018 to June 2018.the

selected sample size 13% percent from the total bases.
Collected data

Customer Description
Consumption Levels
Customer Complaints
Stock available
Missed delivery
Housed closed

Instances of manual tickets

© N o o~ w DN PF

Manual Invoices

5.3 Data Preparation

Data has been taken from the delivery ticket data. When preparing data if there were
any null values it is considered as the customer has not consumed water for that period
and missing data of contracted values have been calculated based on inventory value

and the frequency.

5.3.1 Customer Selection
Customer were categorized as per the consumption level and as per the nature of

business



22

Table 5.3.1-1:Customer Categorization

Categorization Bottle Category Description

consumption

Consumption Level Over 100 Corporate In here the group
level consumption

is considered

Less than 100 Household
SME

Nature of the Government

Business

5.3.2 Consumption levels
By Binning technique categorise the data into classes as “Overconsumed”,” Good”,

“Better”,” Worst”

Class labels were identified based on the ROI Sheet, considering overall consumption

of the entire customer base and the projected revenue loss

Table 5.3.2-1:Class Lables of Water Consumption

level Class Description
>100% Overconsumption More than the contracted water
bottles.

In normal circumstance a customer
can be consumed only up to the
contracted bottles, but increase and
if it is happening in continually, it is
a problem. because with the increase
of consumption the contracted value

is adjusted.

100%-95% Good Prescribe level of consumption.
When accruing a customer keep a
threshold of 5%, to drop the

consumption
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95%-80% Normal When Considering the overall
consumption of the entire base, the
consumption is in 80%

<80% Worst If the consumption level is below

80%, it is a problem for the company

because it leads to the loss of

projected revenue.

5.3.3 Customer Complaints

e Complaint Data (6 months’ data)

Table 5.3.3-1:Count of Complaints

Count of Complain

Complaint Category Number

Missed Delivery Calls 10715
Request Before the Scheduled Date 4124
Delivery Pending 3438
Same Day Delivery 3377
House closed 2942
Stock Available 2383
Pending Call Over 3 days 1135
Customer Was Not at Home 854
Call On Delivery 757
Invoice Dispute 661
Delivered Full Inventory 300
CSD Inactive 204
Missed Delivery 60
Visited - After office hours 41
OB — Stock Available 28
Inactive for Over 30 Days 2
Route planning Issue 1
Stop Delivery 1
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The data has collected for six months; no. of instance a customer can complain has

add up.

Condition of the data categorization:

Table 5.3.3-2:Complaint data selection

No. of instance

Class Label

Description

<=0

Nonproblem

Customer is satisfied

with the delivery

<=3

Okay

In six months’, time a
customer can complaint

for delivery issue

>3

Not okay

Above 3 months means
the customer has
complaint >=4, it means
the customer is
complaining regularly

for delivery issues

5.3.4 Stock available

In here consider the stock availability at the time delivering the bottle. If the customer

has the water bottle he/she won’t take water.

The data has collected for six months. Therefore no. of instance a customer can refuse

of bottle taking has added up.

The condition of the data categorization:

Table 5.3.4-1:Stock data selection

No. of instance

Class Label

Description

<=0

Able to deliver

The customer is taking
the bottled water at

every time it delivers
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<=2 Okay In six months’, time a
customer can refuse
taking a bottle

>2 Not okay Above 2 months means

the customer has
complaint >=2, it means

the customer is rejecting

in very frequently

5.3.5 Missed delivery

In here consider about the times that have missed customer by not delivering

The data has collected for six months. Therefore no. of instance a customer can refuse

of bottle taking has added up.

The condition of the data categorization:

Table 5.3.5-1:Missed Delivery data selection

No. of instance

Class Label

Description

<=0

AbletoDeliver

Customer is taking the
bottle water at every

time it delivers

<=2

Okay

In six months’, time a
no. of times customer is

missed

<2

Not okay

Above 2 months means
the company has missed

two deliveries

5.3.6 Housed closed

In here consider about the times about the no. of the time is not present at the time

delivering




26

The data has collected for six months, therefore no. of instance a customer can refuse

of bottle taking has add up.

Condition of the data categorization:

Table 5.3.6-1:House closed data selection

No. of instance

Class Label

Description

<=0

Abletodeliver

Customer is taking the
bottle water at every

time it delivers

<=2

Okay

In six months’, time the
no. of instance customer

is not available

<2

Not okay

Above 2 months means
customer is not present

often

5.3.7 Instances of manual tickets

In here consider about the times about the no. of the times customer has taken a bottle

more than planned delivery or prior to planned dates

The data has collected for six months. Therefore no. of instance a customer can refuse

of bottle taking has added up.
The condition of the data categorization:

Table 5.3.7-1:Manual tickets data selection

Class Label Description

No. of instance

<=0 DelivedviaPrintedTicket | The customer is taking
the bottled water at
every time it delivers

<=3 Okay In six months’, time a

customer can refuse the
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<3

Not okay

Above 3 months means
the customer has taken
from the manual ticket.
If the customer wants
more bottle customer
can contact the company
can adjust the delivery,
if it is done then it won’t
go through the manual

tickets

5.3.8 Manual Invoices

In here consider about the times about the no. of the times Customer invoice adjusted

and also it is adjusted mostly if there is a case that the customer is not accepting with

the final value

The data has collected for six months, therefore no. of instance a customer can refuse

of bottle taking has added up.

Condition of the data categorization:

Table 5.3.8-1:Manual Invoice data selection

No. of instance

Class Label

Description

<=0

No error

The customer is taking
the bottled water at

every time it delivers

<=2

Okay

In six months can adjust
the bill if there is a

mistake of Price

<2

Not okay

Above 2 months means
Customer invoice is
adjusted frequently
Where the customer is
not accepting with final

price values
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5.4 Consumption Predication Methods
5.4.1 Naive Bayes

€ Weka Explorer

[ Prs?mcsss [ Ciassify | Cluster | Associate | Select afrbutes | Visualize | RConsole S
Choose | NaiveBayes
Test options Classifier output
® Use training set -
— i — : TP Rave #P Rate Precisi
Resultlist (right-click for options) ; ;: g Efj
i
oK w < 0
Figure 5.4.1-1:Naive Bayes Summary Window
Result
Correctly Classified Instances 2079 91.5456 %
Incorrectly Classified Instances 192 8.4544 %

Model

=== Classifier model ===

Naive Bayes Classifier

Class
Attribute Better Good  Overconsumed Worst
(0.11) (0.04) (0.48) (0.36)
Customercategory
Corporate 42.0 14.0 111.0 43.0
Government 9.0 6.0 20.0 15.0
Household 113.0 48.0 485.0 437.0
SME 96.0 31.0 480.0 337.0
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[total]

LatestFrequncy
Call On Delivery

Fortnight
Monthly
Weekly
[total]

Contracted
mean
std. dev.
weight sum

precision

260.0

13.0

101.0
68.0
78.0

260.0

14.1925

32.7717
256
10.7813

AverageConsumption

mean
std. dev.
weight sum

precision

Percentage
mean
std. dev.
weight sum

precision

13.2489
28.6648
256
1.6197

0.8732

0.0476
256
0.0565

99.0 1096.0 832.0
7.0 15.0 44.0
29.0 306.0 321.0
31.0 141.0 339.0
32.0 634.0 128.0
99.0 1096.0 832.0
27.1234  10.2975 12.7604
102.6365 40.6824  30.119
95 1092 828
10.7813  10.7813  10.7813
27.74 18.6313  6.1581
100.4021 44.1921  13.0983
95 1092 828
1.6197 16197  1.6197
0.989 2.064 0.536
0.0282 1.697  0.1687
95 1092 828
0.0565 0.0565  0.0565

Figure 5.4.1-2: Naive Bayes Model
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5.4.2 Decision Tree

& Weka Explorer

Preprocess | Classify | Cluster | Associate | Select aftibutes | Visualize | RConsole |

Classifier

| chaose J|JIBVCEI25—M2

Test options Classifier output
@® Usetraining set
- === Summary =—=
(_) Supplied test set set
. Correctly Classified Instances 99.8239 %
e I 10 Incorrectly Classified Instances 0.1761 %
O Percentage split % o6 Happa statistic
Mean absolute error
lore options: Root mean squared error
Relative absolute error
Reot relative squared erzor
[ (Nom) Result r ] Total Number of Instances
—— Stop === Detailed Accuracy By Class ===
Result list (right click for options) TP Rate FP Rate Precision Recall F-Measure MCC ROC Area PRC Area Class
0.996 0.001 0.988 0.996 0.992 0.991 1.000 1.000 Better
0.%89 0.000 1.000 0.989 0.885 0.994 1.000 0.9%9 Good
45;] 4 1.000 0.000 1.000 1.000 1.000 1.000 1.000 1.000 Overconsumed
0.883 0.001 0.98% 0.4988 0.883 0.987 1.000 1.000 Worst
Weighted Avg. 0.998 0.000 0.998 0.998 0.998 0.998 1.000 1.000

=== Confusion Matrix ===

a b ¢ d <- classified as
255 0 0 11 a-=Better

1 % 0 01 b=6oed

0 01082 01 c = Overconsumed

2 0 0 82| d=¥orst

Status.

oK Lo | g x0

Figure 5.4.2-1:Decsion Tree Summary indow
Result

Correctly Classified Instances 2267 99.8239 %

Incorrectly Classified Instances 4 0.1761 %
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Model

Percentage <=1

| Percentage <= 0.79: Worst (808.0)

| Percentage >0.79

| | Percentage <=0.95

| | | Percentage <=0.8

| | | | Contracted <=4: Worst (8.0)

| | | | Contracted >4

| | | | | Contracted <=5: Better (16.0)

| | | | | Contracted>5

| | | | | | AverageConsumption <=7.916667: Worst (11.0/1.0)
| | | | | | AverageConsumption > 7.916667: Better (6.0/2.0)
| | | Percentage > 0.8

| | | | Percentage <= 0.94: Better (225.0)

| | | | Percentage>0.94

| | | | | Contracted <=5

| | | | | | AverageConsumption <=4.727273: Better (4.0)

| | | | | | AverageConsumption >4.727273: Good (3.0)

| | | | | Contracted > 5: Better (7.0/1.0)

| | Percentage > 0.95: Good (91.0)

Percentage > 1: Overconsumed (1092.0)

Number of Leaves : 11

Size of the tree : 21

Figure 5.4.2-2: Desicion Tree model
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Tree view
Q Weka Classifier Tree Visualizer: 23:22:17 - trees.J48 (Consumption_Prediction) — O X
Tree View
Fercentage
==1 - =1
/ x\-\""‘-\-\.
Fercentage Owerconsumed {1092 0%
——
==0.79 =079
— e
Warst (808.0) Percentage
——
==0.95 =095
_— T
Fercentage Good (31.0)
_a—'—'_'_'_'_'_'_'_'_\_\_\_\_\_\_‘_‘—\—\_\_
==0.8 =08
_,—'—'—'_'_'_'_'_'_'_'_ _\_\_\_\_\_\_\_\_‘—‘——\_
Contracted Fercentage
j_,-r""\-\-._\_\_\H ——
=4 =4 ==10.94 =0.94
— e - i
Worst (8.0) Cortracted Better (225.0 Cortracted
=5 T =5 =5 T =5
— e o e
Better (16.0) fverageConsumption fverageConsumption Better (7.0/1.0)
== T.916667 = 7916667 == 4 FITITI = 4727273

Worst (11.0/1.0) Elet‘ler(E.DIE.D)| Better (4.0) Good (3.0)

Figure 5.4.2-3:Tree View

5.4.3 ANN (Neural Networks)
By adding different counts of neurons the accurate percentage has evaluated

Model

=== Classifier model ===

Sigmoid Node 0
Inputs  Weights
Threshold 2.0932258075898376
Node 4 -8.693816139406872
Node 5 -0.4028261922605185
Node 6 -7.586194766459652
Node 7 -5.1867453929484615
Sigmoid Node 1
Inputs  Weights
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Threshold  0.354330732086679
Node 4 -13.428851058620845
Node 5 1.2436613521422377
Node 6 -1.9427026402267342
Node 7 -3.5278788231584484
Sigmoid Node 2
Inputs  Weights
Threshold -3.688608013552241
Node 4 -22.320012944706196
Node 5 -1.773346137970906
Node 6 11.485222109833174
Node 7 8.547069426143745
Sigmoid Node 3
Inputs Weights
Threshold 0.8165950986680904
Node 4 6.797480740385635
Node 5 -5.062207002905253
Node 6 -27.192280823175555
Node 7 -20.943896210919814
Sigmoid Node 4
Inputs Weights
Threshold -33.734279423148344
Attrib Customercategory=Corporate 16.836143178790255
Attrib Customercategory=Government 16.51671539832366
Attrib Customercategory=Household 17.26898125968492
Attrib Customercategory=SME 16.925729551378645
Attrib LatestFrequncy=Call On Delivery 16.844475984053375
Attrib LatestFrequncy=Fortnight 17.293202606173374
Attrib LatestFrequncy=Monthly 16.465305103150286
Attrib LatestFrequncy=Weekly 16.91842184342466
Attrib Contracted 13.205025451336056
Attrib AverageConsumption -16.492228210741825
Attrib Percentage -104.4039857907635
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Sigmoid Node 5
Inputs  Weights
Threshold 5.500285063929485
Attrib Customercategory=Corporate -0.41710966811693617
Attrib Customercategory=Government -2.7537518738074707
Attrib Customercategory=Household -5.973365064057261
Attrib Customercategory=SME  -1.8493299664616865
Attrib LatestFrequncy=Call On Delivery -0.9658465928973093
Attrib LatestFrequncy=Fortnight -4.680363859148938
Attrib LatestFrequncy=Monthly -0.5150080421328419
Attrib LatestFrequncy=Weekly -4.825788321078447
Attrib Contracted 7.285628730301476
Attrib AverageConsumption 12.459378421583468
Attrib Percentage 5.8255943652856494

Sigmoid Node 6
Inputs  Weights
Threshold 31.613813241591842
Attrib Customercategory=Corporate -15.891276478900782
Attrib Customercategory=Government -15.734420719878702
Attrib Customercategory=Household -15.8580848651698
Attrib Customercategory=SME -15.716016438850296
Attrib LatestFrequncy=Call On Delivery -15.850790184461895
Attrib LatestFrequncy=Fortnight -15.896269044221432
Attrib LatestFrequncy=Monthly -15.81486667053061
Attrib LatestFrequncy=Weekly -15.659072438571986
Attrib Contracted -12.56489350711633
Attrib AverageConsumption 13.333567411815652
Attrib Percentage 104.83045232374707

Sigmoid Node 7
Inputs  Weights
Threshold 23.183934020894544
Attrib Customercategory=Corporate -11.29529774552557
Attrib Customercategory=Government -11.840248726309031
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Attrib Customercategory=Household -11.723356619565775
Attrib Customercategory=SME  -11.293355588475976

Attrib LatestFrequncy=Call On Delivery -11.80521507180794
Attrib LatestFrequncy=Fortnight -11.448766771354578
Attrib LatestFrequncy=Monthly -11.578256811031224
Attrib LatestFrequncy=Weekly -11.3869493132088

Attrib Contracted -12.404331691380085

Attrib AverageConsumption 13.40868764171589

Attrib Percentage 77.35960461060596

Class Better

Input
Node 0

Class Good

Input
Node 1

Class Overconsumed

Input
Node 2

Class Worst

Input

Figure 5.4.3-1:Neural Network model




e Default node default Layer

@ Weka Bxplorer

[ Preprocess | Glassify | Cluster | Assooate | Select atibutes | Visuales | RCansols

36

Classifier

Chaese  MultilayerPerceptron -L 0.3-¥ 0.2-N 500-v0-5 0-E 20-Ha

Test options

® Use raining set
O Supplied est sel

() Crossvalidation

(U Percentage split

More options...

| tom) Resu M

Start Siop

Result ist (nght-click for options)

223851 bayes NaiveBarss

2345101 -frees 143

Reighted

Result
Correctly Classified Instances

Incorrectly Classified Instances

e One node One Layer

2048
223

90.1805 %
9.8195 %

G Weka Explorer - X
[ Preprocess | Classify | Cluster | Associate | Select atributes | Visualize | RCansole |
Classifier
| coose | utiayerPerceptron -L 030 1-N 500-V0-50-E 20-H 1
Testoptions Classifier output
(®) Use training set N
—— Summary — P
(U Supplied test set Set
. = Correctly Classified Instances 2008 83.4632 %
O Crossalidation Folds 10 Incorrectly Classified Instances 262 5368
O Percentagespit % 65 Kappa statistie 08057
Mean absolute error 0.122
More options. Root mean squared error 0.2178
Relative absolute error 39.255 %
e — Root relative squared error 55.2584 §
(Nom) Resutt 7| |Total Namber of Instances 2271

start

=== Detailed Rccuracy By Class

22:50:15 - funcions MultilayerPerceptron

=== Confusion Matrix ===

a b ¢ d
15 0 40 101
% 0 53 61
3 01075 14|
¢ 0 0 89

Resultlist (right click for options) TP Rate PP Rete Precision Recall F-Measure MOC
0.449 0.024 0.706 0.449 0.549 0.521
22:38:51 - bayes NaiveBayes 0.000 0.000 2 0.000 2 2
20:45:01 - frees 148 0.884  0.078  0.920 0.384  0.851 0.505
'22:49:00 - functions MultilayerPerceptron 0.988 0.084 0.ETL 0.988 0.928 0.823
Weighted Avg.  0.885  0.071 2 0.885 2 2

¢-- classified as

a = Better

b = Good

¢ = Overconsuned
d = Worst

ROC Brea PRC Area Class

0.940 0.657 Better
0.848 0.1%6 Good.

0.9235 0.930 Overconsured
0.975 0.878 Worst

0.970 0.879

Status

0K

Result

Correctly Classified Instances

Incorrectly Classified Instances

2009
262

Mendeley De:

88.4632 %

11.5368 %

Log

-



e Two node one Layer
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€2 Weka Explorer x
[ Preprocess [ ciassity | cluster | associate | Select atrioutes | visualize | RConsole
Classifier
| Chosse |mutiayerperceptron -L0 31 03N 5001 0-5 0-E 30-H2
Test options Classifier output
@® Use training set Sumary x
- r
O suppliedtest set
Correctly Classified Instances 2015 ee.7274 &
O Crosswaligation Folds 10 Incorrectly Classified Instances 256 11.2726 3
Kappa statistic 0.8152
O Percentagesplit % Mean sbsolute error 0.0766
—— Root mean squared error 0.1556
[ mereostons e apsovace sszor 2dles s
Rect relative squared error 19,6143 %
1| | 1otal Numer of Instances 2271
(Nom) Result v
—— Detailed Accuracy By Class
Start Stop
- TP Rate FE Rate Precision Recall F-Measure MCI ROC Area PRC Area Class
ST T B a2 0.559  0.062  0.53¢ 0.547 0.499  0.538  0.544  Bercer
22-57:45 - funclions MultlsyerPerceptron 0.000 - 0.000 2 z : 0.655 0482 Good
s - . 0.964  0.016  0.822 0.573 0.945  0.395  0.3%8  Overconsured
22:57:59 - functions MultilayerPerceptron 0.988  0.072  0.878 0.831 0.881 0.9 0.888  Gerst
Weighted Avg. 0,337 0.043 2 2 2 o.see 0.822
Cenfusion Matrix
s b oc a Classified as
13 0 o0 13 - Beccer
% 0 18 0l
35 01055 01 Overconsuned
0 o oele
4
L4
status
oK
@ Weka Explorer - X
| Preprocess [ ciassify | Cluster | Associate | Selectatrioutes | visualize | RConsole |
Classifier
Ghose.|MutliayerPerceptron -L0.3 4 0.2 +N 500-Y 0-5 0-E 0-H3
Test options Classifier output
(® Use training set - - N
- P
O Suppliedtest set Correctly Classified Instances 2011 88.5513 3
. Incorrectly Classified Instances 260 114457 %
O Crossalidaion Folds 10 Caope stecianic .
O Percentage splt % Hean absolute error 0.0807
Root mean squared error 0.2047
More options. Relative absolute exzor 25,9545 3
Roct relative squarsd error s1.5302 %
Total Number of Instances 22711
{ (Nom) Result v
—— Detailed Accuracy By Class =—
fo— — st
TP Rate TP Rave Precision Recall F-Measure MCC BOC Area PRC Area Class
Resalt list (right click for options) 0.578  0.067  0.523 0.545 0,489 0,526 0.4%6  Better
0.000 2 2 2 0.942  0.450  Good
225745 -unctions MultiayerPerceptron 0.95¢ 0.58¢ 0.571 0.645  0.582  0.858  Overconsumed
225759 -functions MultlayerPerceptron 0.939 0.352 0.938  0.932 0.894  0.583  0.953  Worst
225855 - functions MulilayerPerceptron Weighted Avg.  0.236 2 o.s8e 2 ? 0.s8e 0516
Confusion Matrix
s b c d <- classificd as
42 0 0 102 a - Betcer
70 1s | b= Good
43 01084 01 e = Overconsumed
s 0 0 818 d=vorst
v

Status

oK

Result

Correctly Classified Instances

Incorrectly Classified Instances

2011
260

88.5513 %
11.4487 %



e Four node one layer
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& Weka Explorer - X
Preprocess | Classify | Cluster | Associate T Select aftributes | Visualize | RConsole
Classifier
|_cnoose ”Mumlmrl’ercemrun -L03-M0.2-N500-V0-50-E20-H4
Test options Classifier output
® Use training set == Summary =— L
.

O Supplied test set

(O Crosswalidation Folos

O Percentage split~~ *

Hore options.

{ (Nom) Result )

J

Start Stop

t(right-click for options)

Result

Correctly Classified Instances
Incorrectly Classified Instances
Kappa statistic

Mean absolute srror

Root mean squared errer
Relative absolute error

Root relative squared error
Total Nurber of Instances

=== Detailed Accuracy By Class

TP Rate FP Rate

2052
219
0.841
0.0711
0.188
22,8712 %
47,7582 %
2271

Precision Recall

503567 %
5.6433 &

F-Measure MOC ROC Area ERC Area Class

0.5%3 044 0.635 0.5%3  0.616 0.56s  0.946  0.625  Better
22.57.45- funclions MultiayerParceptron 0.053  0.000 0.833 0.053  0.089 0.205  0.557  0.445  Good
0.8, 0.024 0.984  0.979 0.960  0.938  0.939  Overconsumed
225759 - funclions MultilayerPerceptron olae o071 bste 0537 clatn 0.553  0.885  Horst
22.58:55 - functions.MultilayerPerceptron Weighted Avg. 0.504  0.042 0.504  0.886 0.865  0.33% 0.330
23:00:04 - funclions MultlayerPerceptron
=== Confusion Matrix
a2 b ¢ d <
153 1 0 12l a
&2 5 2 0| b
7 0175 01 e
s o o sms| 4
status S
Loy | g X0
oK
Mendeley D:

Result

Correctly Classified Instances

Incorrectly Classified Instances

e Five node one layer

€ Weka Explorer

Freprocess | Glassity | Cluster | Associate | Selectatrinutes | visualize | RConsole |

2052
219

90.3567 %
9.6433 %

Classifier

| Choose ”Mullilayerpercemmni 03-M02-N500-V0-50-E20-H5

Test options

Classifier output

(®) Use training set

O Suppliedtest set

() Crosswalidation Folds 10

() Percentage split

More options

{ (Nom) Result

o

start Stop

Result list (right.click for options)

23:00:04 - functions. MultilayerPerceptron
23:01:15 - funclions MultilayerPerceptron

Status.

Correctly Classified Instances
Incorrectly Classified Instances
Kappa statistic

Mean absolute error

Reot mean squared error
Relative absolute error

Root relative squared error
Total Wumber of Instances

Detailed Accuracy By Class

TE Rate FF Rate
0.602  0.05€
0.01L  0.000
0.973  0.020
0.984  0.071

Weighted Avg.  0.895  0.041

Confusion Matrix

a b ¢ d < classi

25 01063 0|
13 0 0 815

23.7388
47.7208 &
2271

Precision Recall

0.577 0.602
1.000 0.011
0.979 0.973
0.889 0.984
0.902 0.895

fied as

29.52 3
10,48 %

F-Measure MCC ROC Area FRC Area Class

0.588 0.536  0.347 0,643 Better
0.021 0.100 0.5 0.429 Good

0.978 0.954  0.999 0.998 Overconsumed
0.934 0.896  0.993 0.988 Worst

0.277 0.e50  0.988 0.932

oK

Result

Correctly Classified Instances

Incorrectly Classified Instances

1547
724

Mendeley Deskiop

89.52 %
10.48 %
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Four, Three nodes two Layer

€9 Weka Explorer - X
[ Preprocess [ ciassity | cluster | Associate [ selectatibutes | visuaiize | RConsole |
Classifier
mﬂmumlmrper:emon -L0.3-M0.2-N§00-V0-§0-E20-HS
Test option: Classifier output
Use training set = = I
- 3
O Suppliedtest set Set Correctly Classified Instances 1345 eL.2417 %
. - Incorrectly Classified Instances 426 18.7583 &
O Cross-validation Folds Caope ateciatic P,
O Percentagespit % 66 Mean sbsolute srzor 0.1375
Root mean squared error 0.2568
More options. Relative absolute error 44.376 %
Roct relative suared srror 65.1511 &
Total Number of Instances 2211
{ (Nom) Result v J
——— Detailed Accuracy By Class —
Start
TP Rate FP Rate Precision Recall F-Measure MCC ROC Area PRC Area Class
Result list (right.click for options) 0.375 0027 0.636 0.375  0.472 0.481  0.277  0.588  Betcer
000 0.000 2 c.000 2 2 0.862  0.250  Good
844 0.022 0.873 0.344 0.504 0.833 0.833 0.948 ‘Overconsumed
sss  0.239  0.70¢ 0.855  0.527 0.732  0.880 0.3 vorst
Weighted Avg. a1z 001 ¢ 0.1z 2 2 .50 0.833
Confusion Matzix
a b ¢ d <-- classified as
s 0 s1ss
s 0 2 e
16 0 922 154 |
10 oe2n
23:02:32 - functions MultilayerPerceptron
23:02:51 -functions MultilayerPerceptron |v
Status
oK Lo | g x0
e Four, Four node two layers
€ Weka Explorer - X
[ Preprocess | lassify | Cluster | Associate | Select atrioutes | Visualize | Reansole
Classifier
Choose ‘Mumlmrpercemrnn -L03-MD0.2-N500-¥0-50-E 20-H"4, 4"
Test options. Classifier output
(® Use training set L
=== Summary —— r
(O suppliedtest set Set
. Correctly Classified Instances 1536 85.2482
€ CreETE Incorrectly Classified Instances 335 147502 %
& e Kappa statistic 0.764¢
Mean absolute error 0.0805
More options. Root mean squared error 0.2299
Relstive sbsoluce srror 26.1026 %
Root relative squared error 59,3202 %
l (Nom) Resut ‘.J Total Wumber of Tnstances 2271
start Detailed Accuracy By Class
Result list (right-click for options) TP Rate FP Rate Erecision Recall F-Measure MCC ROC Arsa DRC Ares Class
0.573 .06z 0.542 0.573  o.se 0.502  0.%08  0.542  Better
0.034  0.032  0.103 o4 0.057 0.184  Good
0.887  0.008  0.9%0 227 0.227 0.950  Gverconsumed
0.979  0.080  0.862 0.575 0.369 0.879  erst
Weighted Avg.  0.852  0.045  0.856 0.852 0.802 0.866
Confusion Matrix
a2 b ¢ d classified as
15 0 01021 a=Better
6 8 10 =1 b=ocood
3% 70 565 14| © = Overconsumed
23:02:32 - functions MultilayerPerce ptron 17 0 08l d-Werst

23:02:51 - functions. MuftilayerPercepiron

Status.

0K

Result
Correctly Classified Instances

Incorrectly Classified Instances

1936
335

Mendeley Desktop

85.2488 %

14.7512 %
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e Four, Five node two layers

& Weka Explorer

[ Preprocess [ ciassiy | Cluster | Associate | Selectatributes | visualize | RConsole

Classifier

Choose || MultitayerPerceptron-L 0.3 -1 0.2 -N 500 -V 0 -5 0-E 30 -H"4, 5"

2003 2.199 ¢
268 1Le01 e
0.2132
0.072¢
0.1945
23.3565 %
15,3448 &
2271
| (Nom) Result
Start | -
2 Recall F-Measure M ROC Area FRC 2
Result list (right.click for options) 0.692 0.683 @ 0.62 0.655
0.285 0.358  0.291 0.259 30 0.284
22:57:45 - functions MultilayerPercepiron 0,588 0.895  0.544 0.501 0.5%3
22:57:59 - functions. MultilayerP erceptron 0.905 0.998 0.945 0.920 C 0.987
0.998 0.882  0.827 0.850  0.882 0.529

22:58:55 - functions. MultilayerPerceptron
23:00:04 - functions. MultilayerP erce piron
23:01:15 - functions. MultilayerP erce piron
23:02:07 - functions. MultilayerPerceptron a b c oa <
230232~

Result
Correctly Classified Instances 2003 88.199 %
Incorrectly Classified Instances 268 11.801 %

e Conclusion
Result Analysis of ANN (Neural Networks)

Table5.4.3-1: Neral Natwork Result

Correctly Classified
Case
Instances

Incorrectly Classified

Instances

Default node default Layer 90.1805 %

9.8195 %

One node One Layer 88.4632 %

11.5368 %

Two node one Layer 88.7274 %

11.2726 %

Three node one layer 88.5513 %

11.4487 %

Four node one layer 90.3567 %

9.6433 %

Five node one layer 89.52 %

10.48 %

Four, Three nodes two Layer 85.2488 %

14.7512 %

Four, Five node two layers 90.3567 %

9.6433 %

Four, Five node two layers 88.199 %

11.801 %




41

Therefore, the most suitable results Four, Four node two layer

|£| Neural Netwark - O X
A
=

Customercategory=Corporate

Customercategon=Govemment

A . Eetiter

Customercategory=Household

B O
Custnmercategnr\rSME ’!
VO
’ Good
LatestFrequncy=_Call On Delwery f J
m.'.‘,/ A QL
LatestFrequncy—anmght ‘0‘0 " "
3R \ (‘\ (‘\
LaIesIFrequncy—MUmhly ‘*“ e —
LI \w/7 ot
LatestFrequncy—Weeklv
Cuntracted
17 .
/' Worst
AverageConsumption
Percentage
b
v
Controls
Epoch 0 .
Start Learning Rate= 03
;J Mum Of Epochs  A00
|_Accept | Eworper Epoch=0 Momentum = 02

Figure 5.4.3-2:Four, Four Two Layer

5.4.4 Accuracy of the model
Table 5.4.4-1:Acuracy table

Algorithms (1) Naive Bayes | 2) Neural (3) Decision
Networks Trees
Accuracy 90.86% 90.75% 99.60% v

v'- Standard for most suitable algorithms for the consumption prediction

As per the results the selected algorithms are Decision Trees
5.5 Possible Fraud detection
To identify the instances where fraud can happen, a rule set has been introduced. By

applying of these rules set to data, the dataset has been learned.
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Rules set

Table 5.4.4-1:Rule Based to classify

C ption |HouseclosedStockAvaibl{MissedDeliveryWaterComplaint| Manaulticket Manaulti{Result
Overconsumed |Okay Olkay Okay Anything okay okay MinimalchanceofFrand
Overconsumed |Notokay Notokay Notokay Anything DelivereviaPrintetedtikets  |Notokay |Highchanceoffruad
Worst Abletodeliver |Notokay Abletodeliver | Anything Notokay Anything |Highchanceoffruad
Worst Abletodeliver |Okay Abletodeliver | Anything okay Anything |MinimalchanceofFraud
Better Abletodeliver |Notokay Abletodeliver | Anything Notokay Anything |MinimalchanceofFrand
e Naive Bayes
e Decision Tree
e Neural Networks
&) Weka Explorer - x
Preprocess | lassity | Cluster | Associate | Selectatnnutes | Visuaiize | RConsole |
Classifier
Choose | NaiveBayes
Testoptions _ Classifier output
® Usetraining set Time taken to test model on training data: 0 ssconds s
() Supplied test set
— Summary —
() Cross-valigation
Correctly Classified Instances 2212 98.7941 3
@ FrETR L Incorrectly Classified Instances 27 1.205% &
Kappa statistic 0.5924
O il = S— Mean absolute erzer 0.0142
Root mean squared error 0.0765
L || |Relative absolute error 52,6145 %
‘ (Nom) Result 'J Root relative squared error 66.6192 %
Total Nurber of Instances 2239
Start
Result st right.click for options) === Detailed Accuracy By Class ===
2248:26 - bayes NaiveBayes TP Rate FP Rate Precision Recall F-Measure MCC ROC Area PRC Area Class
oan i Y 0.55% 0.55¢ 0.98% 0.4998 0.554 0.631 0.984 1.000 Nochancefraud
22 48:59 - bayes NaiveBayes 0,000 0.00L  0.000  0.000  0.000  -0.002 0.956  0.120  MinimalChanceoffraud
0.571 0.000 1.000 0.571 0.727 0.753 0,999 0.951 HighchanceofFraud
Weighted Rvg. 0.988 0.584 0.984 0.988 0.985 0.630 0.984 0.995
=== Confusion Matrix ===
a b c <-- classified as
2192 2 [ a = Nochancefraud
10 a (] b = MinimalChanceoffraud
15 1] 20 | c = HighchanceofFraud
"4
v

Status
OK

e

Result

Correctly Classified Instances 2212

Incorrectly Classified Instances 27

98.7941%
1.2059%
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=== Classifier model (full training set)

Naive Bayes Classifier

1.0
10.0
23.0
5.0

39.0

1.0
1.0
1.0
36.0
39.0

1.0
36.0
1.0
38.0

36.0
1.0

Class
Attribute
Nochancefraud MinimalChanceoffraud HighchanceofFraud
(0.98) 0) (0.02)

Customercategory

Corporate 203.0 2.0

Government 47.0 1.0

Household 1053.0 8.0

SME 895.0 3.0

[total] 2198.0 14.0
LatestFrequncy

Call On Delivery 75.0 2.0

Fortnight 742.0 4.0

Monthly 549.0 6.0

Weekly 832.0 2.0

[total] 2198.0 14.0
Consumption

Better 251.0 5.0

Good 96.0 1.0

Overconsumed 1092.0 2.0

Worst 759.0 6.0

[total] 2198.0 14.0
StockAvaible

Abletodeliver 776.0 1.0

Okay 558.0 6.0

Notokay 863.0 6.0

[total] 2197.0 13.0
Manual ticket

Notokay 2021.0 6.0

Okay 161.0 6.0
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DelivedviaPrintedTicket 15.0

[total]

House closed
Okay
NotOkay
Abletodeliver
[total]

missed delivery
Abletodeliver
Okay
Notokay
[total]

WaterComplaint
NotComplaint
Not oaky
Okay
NoMaunallnvoice
[total]

Manaullnvoice
okay
Noerror
Not okay
[total]

2197.0

725.0
350.0
1122.0
2197.0

856.0
1028.0
313.0
2197.0

1160.0
292.0
744.0
2.0
2198.0

96.0
2083.0
18.0
2197.0

1.0
13.0

4.0

2.0
7.0
13.0

10.0

2.0
1.0

13.0

5.0
5.0
3.0
1.0
14.0

1.0
10.0
2.0
13.0

1.0
38.0

1.0
1.0
36.0
38.0

36.0
1.0
1.0
38.0

27.0

2.0

9.0
1.0
39.0

2.0
35.0
1.0
38.0

Figure 5.5.1-1:Naive Bayes model
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5.5.2 Decision Tree

& Weka Explorer

Preprocess | Classify | Cluster | Associate | Select aftibutes | Visualize | RConsole |

Classifier

| choose J|JIBVCEI25—M2

Test options. Classifier output

— =)

@® Usetraining set
Time taken to test model on training data: 0 seconds

() Supplied test set

() Crossvalidation Foics 10 —— Summary —
() Percentage split % 60
2234 99.7767 %

Correctly Classified Instances

More options. Incorrectly Classified Instances 5
Kappa statistic 0.3402

Mean absolute error 0.003

0.2233 %

[ (Nom) Resutt r J Root mean squared error 0.0385
Relative absolute error 11.0008 3
33.5164 %

—_— stop Root relative squared error
= Total Number of Instances 2239

Result list (right-click for options)
=== Detailed Accuracy By Class ===

22:48:26 - bayes NaiveBayes
22:48:50 - bayes NaiveBayes TP Rate FP Rate Precision Recall F-Measure MCC ROC Area PRC Area Class
1.000  0.111  0.398 1.000  0.88% 0.2z 0.378 0.39% Nochancefraud

06:07:33 - rees. J48
0.500 0.000 1.000 0.500 0.667 0.706 0.903 0.506 MinimalChanceoffraud
1.000 0.000 1.000 1.000 1.000 1.000 1.000 1.000 HighchanceofFraud
Weighted Avg. 0.998 0.109 0.998 0.998 0.997 0.942 0.978 0.997
=== Confusion Matrix ===
a b c <-- classified as
2194 o [ a = Nochancefraud
5 5 [ b = MinimalChanceoffraud
0 o 35 | c = HighchanceofFraud
status
Log

oK

Figure 5.5.2-1:Decision tree result window

Result
Correctly Classified Instances 2234 99.7767 %

Incorrectly Classified Instances 5 0.2233 %
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Model

=== Classifier model (full training set) ===

J48 pruned tree

StockAvaible = Abletodeliver: Nochancefraud (775.0)
StockAvaible = Okay

| Consummption = Better: Nochancefraud (65.0)

| Consummption = Good: Nochancefraud (19.0)

| Consummption = Overconsumed: Nochancefraud (303.0)

| Consummption = Worst

| | MissedDelivery = Abletodeliver

| | | Houseclosed = Okay: Nochancefraud (26.0)

| | | Houseclosed = NotOkay: Nochancefraud (20.0)

| | | Houseclosed = Abletodeliver

| | | | Manaulticket = Notokay: HighchanceofFraud (35.0)

| | | | Manaulticket = Okay: MinimalChanceoffraud (5.0)

| | | | Manaulticket = DelivedviaPrintedTicket: HighchanceofFraud (0.0)
| | MissedDelivery = Okay: Nochancefraud (100.0)

| | MissedDelivery = Notokay: Nochancefraud (24.0)

StockAvaible = Notokay: Nochancefraud (867.0/5.0)

Number of Leaves: 12
Size of the tree: 17

Figure 5.5.2-2:Desion Modeler
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Tree View

€3 Weka Classifier Tree Visualizer 06:07:33 - trees. 48 (Fraud)
Tree View

Stockavaible

= Abletodeliver = Okay = Motokay

Nochancefraud (775.0) o Nochancefraud (867.005.0)

/: Better /m: wiorst \
Mochancefraud (65.0) Nochancefraud (1 Nochancefraud (303.0) MissedDelivery

= sbletodsliver = Okay = Notokay

Houseclosed Mochancefraud (100.0)

/ = Notokay = Abletodeliver
Nochancefraud (26.0) Nochancefraud (20.00 Manaulticket

= Notokay = Okay = DelivechiaPrintedTicket

HighchanceofFraud (0.0)

HighchanceofFraud (35 0) MinimalChanceofiraud (5.0)

Figure 5.5.2-3:Decision tree view

5.5.3 Neural Networks

e Default nodes

Nothancefraud (24.0)

& Weka Explorer - x
Preprocess | Classify | Cluster | Associate | Select aftibutes | Visualize | RConsole |
Classifier
| cnoose '|MullilayerFer:emrnr\ -L03-M0.2-N500-V0-50-E20-H2-G-R
Test options Classifier output
(®) Usetraining set == Evaluation on training set === .
- r
() Supplied test set
Time taken to test model on training data: 0.02 seconds
() Cross-validation Folds 10
== Summary =—
() Percentage split
—_— Correctly Classified Instances 2234 59,7767 &
| Eipims J Incorrectly Classified Instances s 0.2233 %
Keppa statistic 0.s402
Mean absolute errer 0.0019
l e T Root mean squared error 0.0386
Relative sbsolute error 7.103 %
Start Stop Root relative squared error 33.6602 %
- Total Number of Instances 2239
Result list (right-click for options)
22,4825 - bayes NaiveBares == Detailed Accuracy By Class ===
224859 - bayes.NaiveBayes TP Rate FF Rate Precision Recall F-Measure MCC ROC Rrea FRC Area Class
06:07:33-trees.J48 1.000  0.111  0.998 1.000  0.999 0.935 0.998 Nochancefraud
1:58 - functions MultilayerPerceptron 0.500  0.000  1.000 0.500 0667 0.704 0.503 MinizalChanceoffraud
06:12:33 - functions. MultilayerPerceptran 1.000  0.000  1.000 1.000  1.000 1.000 HighchanceofFraud
051247 - nctions MultilayerPerceptron Weighted Avg.  0.938  0.105  0.383 0.988  0.567 0.935 0.5%6
06:13:21 - functions MultilayerPerceptron
v P === Confusion Matzix ===
a b ¢ < classified as
2194 0 01 &= Nochancefraud
5 s 01 b= MinizalChanceoffraud
o0 - H Fraud v

Status.

Building model en training data.

Log ﬁn

Result
Correctly Classified Instances 2234 99.7767 %

Incorrectly Classified Instances 5 0.2233 %
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& Weka Explorer - X
Preprocess | Classify | Cluster | Associate | Selectatrinutes | Visuaiize | RGonsle |
Classifier
| Choose |MulttayerPerceptron L0340 2-N 500 0-5.0-E 20-H 26 R
Test options Classifier output
(® Use training set - o - Iy
" r
(U Supplied test set Set Time taken to test model on training data: 0.02 seconds
O Crossalidation Folds 10 e Summery o<
() Percentage split %
rrectly Classified Instances 2228 95.5534 &
More option: Incorrectly Classified Instances 10 0.4466 %
Kappa statistic 0.573
Mean absolute error 0.0066
[ (Nom) Result v J Root mean squazed error 0,057
I Relative absolute error 24.6679 %
Start {L Root relative squared error 45.0394 3
Total Number of Instances 2239

Result list (right.click for options)

22:48:26 - bayes NaiveBayes

=== Detailed Accuracy By Class ===

22:48:50 - bayes NaiveBayes TP Rate FP Rate Frecision Recall F-Measure MCC ROC Area FRC Area Class
06:07:23 - trees. 48 0.222 0.995 1.000 0.998 0.880 0.935 0.998 Nochancefraud
o0 2 o000 2 2 0.703  0.503  MinizalChenceoffraud
061156 - functions MultilayerPerception 1.000  0.000  1.000 00 1.000 1.000  1.000 1.000  HighchanceofFraud
D Welghted Avg.  0.886  0.218 2 0.9%6 2 2 0.935  0.9%¢
06:12:47 - functions MultilayerPerceptron
06:13:21 - functions o nfusion Matrix
a b c <-- classified as
2194 a (] a = Nochancefraud
10 o (] b MinimalChanceoffraud
0 o 35| ¢ = HighchanceofFraud |
Status
Building model on training data. Lag f x1
& Weka Explorer - X
Preprocess | Classify | Cluster | Associate | Select attibutes | Visualize | RCansole
Classifier
| choose ‘|Mum|ayemercemmn AL 0.3-M0.2-N500-40-80-E20-H?
Test options Classifier output
(® Use training set . a
- S
() Supplied test set === Summery ===
Crossvalidation Folds 10 Correctly Classified Instances 2238 99.7767 %
() Percenage spit Incozzectly Classified Instances s 0.2233 3
Kappa statistic 0.9402
More options. Mzan absolute error 0.
Root mean squared error 0.
Relative absolute error 15.300€ %
[ (Nom) Resutt J Root zeletive squered erzor 33.702¢ &
! Total Number of Instances 2239
L Start J 1 Stop J
=== Detailed Accuracy By Class ===
Resultlist (rignt-click for options)
TP Rate FP Rate Precision Recall F-Measure MCC ROC Area PRC Area Class
22:48:26 - bayes NaiveBayes 1.000 0.111 0.998 1.000 0.999 0.942 0.942 0.998 Nochancefraud
22:48:50 - bayes NaiveBayes 0.50 1.000 0.500  0.667 0.706  0.756 0.504 MinimalChanceoffraud
06:07:33 - trees. 48 1.000 1.000 1.000 1.000 1.000 1.000 1.000 HighchanceofFraud
- Weighted Avg. 0.893 0,988 0.888 0.987 0.942 0.943 0.886

06:11:58 - functions MultilayerPerceptron
06:12:33 - functions. MultilayerPerceptron
06:12:47 - functions.MultilayerPerceptron
06:54:21 -functions. MultilayerPerceptron

=== Confusion Matrix ===

a D ¢ <-- classified as
2194 0 01 a = Nochancefraud
5 5 01 b= MinimlChanceoffraud
@ 0 351 c = HighchanceofFraud

Status.

Building model on training data

Results

Correctly Classified Instances

Log fxw

Incorrectly Classified Instances 5

2234

99.7767 %
0.2233 %

For three/four nodes also the same result is deriving
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Correctly Classified Instances 2234 99.7767 %

Incorrectly Classified Instances 5 0

2233 %

Therefore no. of nodes to evaluate the problem is 2 and above

¢ |£| Neural Network

<=z

<

Mochancefraud

L MinimalChanceoffraud

O ———HighchanceoFraud

e

v

,
Epoch 0
“

MNum Of Epochs A0

[ Accept Errar per Epoch =0

Figure 5.5.3-1:Two nodes, one layer

5.5.4 Accuracy of the Algorithms
Table 5.5.4-1:Acuracy table

-

Leamning Rate= 0 3

Momentum= 07

Algorithms (1) Naive Bayes | 2) Neural | (3) Decision
Networks | Tree
Accuracy 98.61% 99.78 v 99.78 v

v''- Standard for most suitable algorithms for the prediction possible fraud detection

Since Neural Network and Tree is having same accuracy, do the research the selected

method is Neural Networks.
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5.6 Summary
The summary illustrates the use of different classification methods to predict the

consumption and detect the possible frauds in the water delivery process.

5.6.1 Consumption Prediction
The data set has evaluated using three algorithms as Naive Bayes/ Decision Trees/
Neural Networks. Out of their the decision tree produces the most accurate percentage.

5.6.2 Fraud Detection
The data set has evaluated by using three algorithms as Naive Bayes/ Decision Trees/
Neural Networks. Out of them, Neural network produce the most accurate percentage

By using the following techniques identify whether there is a pattern of putting manual
tickets, House closed and missed delivery for certain customers and whether there is a
link between instance average consumption below contracted value and percentage

number of instances below average consumption
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Chapter 6

6 Implementation of the Model

6.1 Introduction
In chapter 6, the design of the solution has been described in terms of what and how

each component does. This chapter described implementation of each models

6.2 Result evaluation

6.2.1 Consumption Prediction Model Evaluation

& Weka Experiment Environment - [m] ®
Setup | Run | Analyse
Source
Got 200 results File Database Experiment
Actions

[ Perform fest ]{ Save output | | Open Explorer... |

Configure test Test output

Testingwith | Paired T-Tester (corrected) lw| b |Tester: weka.experiment PairsdCorrectedITester ~G 4 -D 1 -R 2 -5 0.05 -result-m

Rnalysing: Percent_correct

Selectrows andcols | Rows Cols Swap Datassts: 1
Resul s: 3

— Confidence: 0.05 (two tailed)
Comparison field | Percent_correct E coveea pge -

Date: 2/15/1% 11:01 BM

Significance  0.05

Eamng\aa e dofauti = Dataset (1) bayes.Na | (2) tress (3) funct
Testbase Select Consumption_Prediction  (100)  90.86 |  99.60 v  90.75
Displayed Columns Select (e /YL (10700 (0/1/0)

Show std. deviations [ |

= Key:
OutputFormat | Selet | (1) bayes.NaiveBayes

(2) trees.J4g

Result list (3) functions.MultilayerPerceptzon

11:01:37 - Available resultsets
11:01:41 - Available resultsets
11:01:44 - Available resulisets

11:01:48 - Percent_correct - bayes NaiveBayes

Mendeley De

Figure 6.2.1-1:Results of the model selection

Selected model for evaluation is Decision Tree

6.2.1.1 Result of Consumption category prediction

e Knowledge flow process:

|F’rnsess of the model building

o™
T ¢ -"fnm'-"‘a.\’> —= E@*

e d B
=

PArffloader Jdz Text'dawer

Figure 6.2.1-2:Knowledge flow Steps
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e Summary of Prediction list:
Selected model: Decision Tree
Model Predicted Accuracy: 99.8239 %
Actual Result Accuaracy:100%
Table 6.2.1-1:Result table of Consumption predicion

Model Result Actual Result

Class Label | Count of Class labels Class Label | Count of Actual
correctly classified Result

Better 2 Better

Worst 40 Worst

40

Grand Total 42 Grand Total

42

6.2.1.2 Attribute Selection for consumption prediction

& Weka Explorer

Preprocess | Classiy | Cluster | Assaciate | Selectattibutes | Visualize | RConsole |

Attribute Evaluator
Choose |InfoGainAttributeEval
Search Method
Choose |Ranker -T-1.7976931348623157E308 -N -1

Attribute Selection Mode Attribute selection output

(®) Use full training set Percenta
() Cross-validation Folds 1 Result

‘ (Nom) Result

Start

Result list (right-click for options)

22:19:12 - Ranker + InfoGainAttributeEval
22.33:00 - Ranker + InfoGainAtiributeEval

223456 - Ranker + InfoGainAtributeEval

Status.

oK

EAN

Figure 6.2.1-3:Attribute selection window

Table 6.2.1-2:Attribute raninking table

Infor Gain Ranked | Attributes:
1.5618 5 Percentage

0.3814 4 AverageConsumption
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0.142

LatestFrequncy

0.0559

Contracted

0.0159

Customercategory

Selected attributes: 5,4,2,3,1: 5

6.2.2 Fraud Detection Model

& Weka Experiment Environment

Setup | Run | Analyse

Source

Got 700 results

Actions

File Database Experiment

| Peformtest || sSaveoutout | | OpenExplorer. |

Configure test Test output
EE—
Testingwith | Paired T-Tester (corrected) w| b |Tester weka. experiment . PairedCorrectedITester -G 4,5,6 -D 1 -R 2 -5 0.05 -result-matrix "weka.experiment.ResultMatrixPlainText -m
Bnalysing: Percent_correct
Datasets 1
Selectrows andcols | Rows Cols Sway
E L Rows Jl_cos i swan J| || iceens: 2
S — Confidence: 0.05 (two tailed)
Comparison field | Percent_correct v sorced by: -
r——————— Date: 2/15/1% 4:17 BY
Significance | 0.05
< -
SnE | Dataset (1) bayes.Na | {(2) trees ({3) funct (4) funct (5) funct (&) funct (7) funct
Testbase Select Fraud (100) 98.6L | 99.55 v  99.55 v 99.33 v  99.54 v  99.52 v  99.48 ¥
Displayed Columns Select {wf %) | {1/0/0) (1/0/0) (1/0/0) {L/0/0) (1/0/0) {1/0/0)
Show std. deviations [
Key
Output Format Select (1) bayes.NaiveBayes "' 5595231201 7655
(2) trees.J4s '-C 0.25 -M 2" -217733168393644444
Result list (3) functions.MultilayerPerceptron '~L 0.3 =M 0.2 =N 500 -3
(4) functions.MultilayerPerceptron 0.3 -M 0.2 -N S0
16:17:13 - Available resultsets (5) functions.MultilayerPerceptron 0.3 -M 0.2 - 50
16:1717 - Available resultsets (6) functions.MultilayerPerceptron -M 0.2 -§ 50
. (7) functions.MultilayerPerceptron '-. .3 -M 0.2 -N 50
16:17:19 - Percent_correct- bayes NaiveBayes * 5005231201
ELS o
Mendeley Desktop |

Figure 6.2.2-1:Fraud detection Model

Selected model for evaluation is Neural Networks

6.2.2.1 Result of Fraud detection prediction

e Knowledge flow process:
|Fraud detection Flow
A
instaEFe . text ’
4 :b -‘ui’)
MULTI-PERC
fulaltilayer
Percaptron
e Summary of possible fraud prediction

Selected model: Neural Networks

Terthdawer




Model Predicted Accuracy: 99 99.732 %

Actual Result Accuaracy:100%
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Table 6.2.2-1:Result table of Fraud detection

Model Result

Actual Result

Class Label Count of Class
labels correctly

classified

Class Label

Count of Actual
Result

HighchanceofFraud

HighchanceofFraud 1

Nochancefraud

31

Nochancefraud 31

Grand Total

32

Grand Total 32

6.2.2.2 Attribute Selection for consumption prediction

€ Weka Explorer

Preprocess | Classify | Cluster | Associate | Selectattibutes | Visualize | RConsole |

Attribute Evaluator

Choose |InfoGainAttribiteEval

Search Method

Choose |Ranker -T-1.7976931348623157E308 -N -1

Attribute Selection Mode _ Attribute selection output
() Use fulltraining set

© Crossvalidation ~ Folds | 10

=== Attribute Selection on all input data ===

Seed 1
Search Method:
= Attribute renking
‘ (Nom) Result |4 I
Attribute Evaluator (supervised, Class (nominal): 10 Result)
Start Information Gain Ranking Filter

Result ist (right.click for options) Ranked attribuces:

0.03326 4 StockRvaible

22:19:12 - Ranker + InfoGainAftributeEval 0.02887

22:33:09 - Ranker + InfoGainAttributeEval 0.0246% 7
0.01509 €
0.01006
0.006
0.00412 &
0.00161
0.00158 9

09

Selected attributes: 4,3,7,€,2,5,8,1,9 : @

Status.

oK

Figure 6.2.2-2:Attribute selection window

Information Gain

Ranked

Attributes:

0.03326

4

StockAvaible

0.02697

Consumption

0.02469

Missed Delivery

0.01509

House closed

0.01006

LatestFrequncy

0.00609

g1 N O N W

Manaulticket
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0.00412 8 WaterComplaint
0.00161 1 Customercategory
0.00158 9 Manaullnvoice

Selected attributes: 4,3,7,6,2,5,8,1,9: 9

6.3 Summary

This chapter includes results of the models, Attribute ranking and the tables of

accuracy of the models.
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Chapter 7

7 Discussion

7.1 Introduction
This chapter illustrates the accuracy of the model by using confusion matrix and ROC

Curve.

A confusion matrix is a table that is used to describe the performance of a

classification model on a set of test data for which the true values are known

A ROC curve is constructed by plotting the true positive rate (TPR) against the false
positive rate (FPR) where it is commonly used graph the summarizes of the

performance of a classifier over all possible thresholds.[32]

By considering the instances of correctly classified, the most suitable model has been

selected.

7.2 Importance of the research
e Consumption Prediction
As per the table

True positives (TP): The cases in which we predicted which it will fall under
better/Good/Overconsumed/Worst categories.

False positives (FP): We predicted it would fall under better/ Good/ Overconsumed/

Worst, but where they don't actually fall under those categories.
Since this model is correctly classified the data TPR is equal to 1 where ROC is 1

Table 6.2.2-1:Classifications table

TP Rate FP Rate ROC Area Class
0.996 0.001 1.000 Better
0.989 0.000 1.000 Good
1.000 0.000 1.000 Overconsumed
0.998 0.001 1.000 Worst
Weighted Avg. 0.998 0.998 0.998 1.000
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e Confusion matrix

<-- classified as

a b C d
252 0 0 4 a = Better
4 91 0 0 b = Good
0 0 1092 0 ¢ = Overconsumed
2 0 0 826 d = Worst

There are four possible predicted classes: better/Good/Overconsumed/Worst categories
If we were predicting Water consumption for example, "Good" would mean they have

the consumed water in Average water consumption
e Possible fraud Detection

True positives (TP): The cases in which we predicted which it will fall under

HighchanceofFraud, MinimalChanceoffraud and Nochancefraudcategories.

False positives (FP): We predicted it will fall under HighchanceofFraud,
MinimalChanceoffraud and Nochancefraud but where they don't actually fall under

those categories.
Since this model is correctly classified the data TPR is equal to 1 where ROC is 1

Table 6.2.2-2:Detailed Accuracy by Class (Nureal Networks)

TP Rate FP Rate ROC Area Class
1.00 0.11 0.942 HighchanceofFraud
0.50 0.00 0.756 MinimalChanceoffraud
1.00 0.00 1.00 Nochancefraud
Weighted Avg. 0.998 0.109 0.942
Confusion Matrix
b <-- classified as

2194 0

a = Nochancefraud
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5 5 0 b = MinimalChanceoffraud

0 0 35 ¢ = HighchanceofFraud

There are three possible predicted classes: HighchanceofFraud, MinimalChanceoffraud

and Nochancefraudcategories. categories If we were predicted Minimal chance of fraud

example, it will be “MinimalChanceoffraud " Where it means water delivery of this

customer is suspicious

Summary of the Customer base distribution as per HighchanceofFraud,
MinimalChanceoffraud and Nochancefraudcategories
Class Count of Sum of Percentage of Percentage
Unique code | average Customer Count | Delivery
HighchanceofFraud 36 178.98 1.6% 1%
MinimalChanceoffraud 10 75.22 0.4% 0%
Nochancefraud 2225 31,234.92 98.0% 99%
Grand Total 2271 31489.12
Average loss to the company from losing the inventory (bottle)
Average Active Customer Base Count 18,000
Selected bases 2,271
Percentage of the selected base 13%
Average Water Bottle delivery (Per Month) 300,000
Average Water Bottle delivery (Per Month) in 31,902
Selected bases
Possible fraud in Entire 2390.457274
Average Price per bottle in 2018 (Rs.130)
310,759.45
Revenue lost per month
310,759.45
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7.3 Future Works

Due to this fraudulent act, there is a huge lost incurring to the company in many ways.
Main lost is revenue lost. To mitigate the problem the company had taken security
measures by balancing stock report daily, but in order to increase efficiency of
identifying the fraudulent acts the data mining techniques could be used as proved in

the research

7.3.1 Areas of future study
o Identify whether there is actual fraud with selected base and by doing further

e Study on customer rent ion
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Appendix A

9 Appendix

9.1 Code snippet to generate the summary from R studio
> CONSUM _recovered_1 <- read_excel ("F:/MYFiles/Semester2/Project Data

set/ CONSUM recovered 1.xlsx", + sheet = "Loctaion Code Selection™)
> View(CONSUM _recovered_1)
>summary(CONSUM _recovered 1)

9.2 Code Snippet for data visualize as Bar Chart
> CONSUM _recovered_1 <- read_excel ("F:/MYFiles/Semester2/Project Data
set/CONSUM _recovered_1.xIsx”, sheet = "Loctaion Code Selection™)

> view(CONSUM _recovered 1)

>ggplot(Check?2, aes(x = LocationCode, y = Percenatge_of WorstCases)) + geom_col

0
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Appendix B

9.3 Model Development Process

93.1

Model Selection

Weka Manual(3.8.1)[30]

Steps:
1

2

3.

4
9.3.2

Steps:

1.
2.

9.3.3

Steps:

A A

. Select the tab: Classify

. Choose - “Selected classify name”

Test options: Select “Use training set «

. Click “Start”

Saving Model

Right click on “Result list (Right click for options)”

Save the model in the computer

(When needed to load the model)

Right click on “Result list (Right click for options)”

Select Load model

(Upload the testing data set)

Test option > Supplied test set

Select data set which need to evaluate

In “Result list (Right click for options)” select “Revaluate the model

Model Evaluation

Under “Experimenter “in software opening window
Select the Tab: Setup

Click “New” button

Add dataset to evaluate from “datasets”

Select the algorithms to evaluate from “Algorithms”
To Evaluates the algorithms

Select the Tab: Run

Press “Start”

Once the it stopped. To analyze the algorithms
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8. Select “Experiment” button
9. Select “Row” as Dataset
10. “Cols” as Scheme

11. Press the button “Perform test”

9.3.4 Attribute selection

Steps:

1. Select the tab: Selection Attribute

2. Choose - InfoGainAttributeEval:

3. Attribute Selection Mode: Select “Cross Validation Folds:10 Seed=1"
4. Click “Start”

9.3.5 Confusion Matrix
True Positive Rate (TPR) and False Positive Rate FPR

True Class
T F TP+ TN
ACC = accuracy =
” IP+TIN+ FP+FN
® True False
o T | Positive | Positive SP = specificity = IN
- Uty e ©7 FP+1IN
b 1P
i False True TPR = sensitivity = —————
o Negative|Negative TP +FN
] FN TN FP
FPR = (1- specificity) = ——
(1= specificity) FP+TN

The confusion matrix and a few performance measures that can be derived from the the number of true positives (TP), true negatives (TN), false positives (FP) and false negatives (FN) in a test set. TPRis

the true-positive rate or sensitivity, and FPR is the false-positive rate. A ROC curve is a TPR versus FPR plot.

Figure 9.3.5-1:TRP and FPR[33]

"V is designed by the weak tool to indicate the most suitable algorithms




