
i 
 

 
 
 
 
A HYBRID MACHINE LEARNING PROCESS FRAMEWORK FOR DATA-DRIVEN DIRECT 
PRODUCT MARKETING 
 
 
by 
 
 
RUSSEL MELVIN PETERSEN 
Student Number: 203132173 
 
 
Thesis submitted in fulfilment of the requirements for the degree 
 
 
Master: Information Technology 
 
 
in the Faculty of Informatics and Design 
 
 
at the Cape Peninsula University of Technology 
 
 
Supervisor:  Professor Justine Olawande Daramola 
 
 
District Six 
December 2020 

 

 

 

 

 

 

 

 

CPUT copyright information 

The thesis may not be published either in part (in scholarly, scientific or technical journals), or as a 
whole (as a monograph), unless permission has been obtained from the University.  



ii 
 

DECLARATION 
 

I, Russel Melvin Petersen, declare that the contents of this thesis represent my own unaided 
work, and that the thesis has not previously been submitted for academic examination towards 
any qualification. Furthermore, it represents my own opinions and not necessarily those of the 
Cape Peninsula University of Technology. 

 

 

 14-Dec-2020 

______________________________    _____________________ 
Signed        Date 

  



iii 
 

ABSTRACT 
 

The ability to propose the right product, to the right customer, at the right time is valuable in 
marketing. Direct marketing strategy entails the analysis of customer patterns to predict the 
best product offerings that are relevant to a customer per time. Machine learning (ML) has 
proven to be an improved, more effective approach for direct marketing compared to using 
more traditional statistical methodologies. However, the disadvantage of ML models is that 
they normally perform in a black box manner, where the predictions are produced without an 
explanation. In many cases an expert is required to interpret the outputted result. Studies have 
shown that this lack of understanding and explanation leads to reduction in the user’s 
confidence in the results produced. This situation has resulted in a reluctance of the 
managements of different companies to implement ML-based solutions. The need for highly 
skilled personnel to interpret outputted results also increases a company’s operational and 
capital expenditure. Thus, the need for ML-based solutions for direct marketing that produces 
accurate results that are accompanied with relevant explanations, is critical. 

The aim of this study was to develop a hybrid machine learning process framework that could 
facilitate data-driven direct product marketing. The hybrid ML framework leveraged the 
statistical processing strength of ML models and addressed the lack of explanation by adding 
intelligent reasoning. The intelligent reasoning component was used to generate relevant 
explanations that accompanied the predicted outputs that are generated by a selected ML 
model. The hybrid framework has the capability to utilize multiple ML models. The applicability 
of the hybrid framework was demonstrated by using an anonymized and de-identified dataset 
from a South African-based telecommunication company. 

The study adopted a design science, research strategy as the main methodological approach 
for the formulation of the research design. To achieve this, an analysis of existing literature, 
and interactive sessions with domain experts were conducted to gain an accurate 
understanding of requirements. This then formed the basis for evolving the architecture and 
the design of the hybrid ML framework. The implementation and evaluation of the prototype 
system was done within the framework of Design Science Research (DSR).  

The hybridized ML framework consists of three ML models, which are Support Vector Machine 
(SVM), Random Forest (RF) and Artificial Neural Network (ANN). The intelligent reasoning 
component of the hybrid framework is composed of Case-Based Reasoning (CBR) and Rule-
Based Reasoning (RBR). It also has a user-friendly interface that allows a user to select a 
specific operation/function that is desired, through which results of operations and explanations 
are also presented to the user. The hybrid ML framework was evaluated using the Goal 
Question Metric (GQM) approach in order to determine its performance and usability. 

The evaluation results obtained from feedback of participants show that the results are 
adjudged to be very accurate, while the quality of explanations is also satisfactory. The study 
reveals that data-driven, direct marketing through the application of explainable AI methods is 
possible and is valuable to the telecommunication industry.  
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CHAPTER 1  
INTRODUCTION 
 
1.1 Background 

 
Today customers are more demanding than before, and the customary generic marketing 

strategies applied to all customers are not effective in getting products sold. Direct marketing 

is a method that is customer focussed whereby customer data are analyzed and product 

offerings are initiated based on the data analysis (Flici, 2011; Lezama, 2020). It is important 

for a direct marketing strategy to be data-driven as customer data will be used to establish 

customer characteristics and predict the probability that the customer would respond to a 

product offering (Alanen, 2016; Siregar et al., 2020).  

 

The advancements of technology have enabled companies to store large sets of customer 

data from a variety of sources (Gordon et al., 2015; Ayyaz et al., 2019). The data sources have 

enabled for advanced data analytics by use of complex software. The data sets enable 

customer characteristics to be built around customer satisfaction, customer spending 

behaviour, demographics, and geographical location (Muhammedrisaevna, 2020). 

 

Machine learning (ML) is a significantly improved way of executing predictions utilizing 

complex datasets from various data sources. It uses specific designed algorithmic models to 

recognize customer patterns from large data sources, which would have been challenging to 

identify by using traditional statistical methods or manual approaches (Erel et al., 2018; Zhang 

et al., 2020). 

 

The drawback of ML algorithmic models is that usually after applying the ML algorithmic 

models, results are without explanation (Muller et al., 2014; Jiang and Nachum, 2020; 

Holzinger et al., 2019). It is this lack of explanation and understanding which causes 

management within companies to lack confidence in the results of machine learning algorithms 

(Lubeniqi, 2020). This complexity establishes a need for highly skilled personnel to setup 

machine learning frameworks and interprets the results. The effect of this need for highly skilled 

personnel increases capital and operational expenditure of an organization significantly 

(Thomas et al., 2020; Gao et al., 2019).  

 

 

The commonly poor explanation characteristic of Artificial Intelligence (AI) systems has given 

birth to a significant interest in the field of explainable AI (XAI) (Bonacina, 2017). The data 

obtainable on product review websites such as capterra (www.capterra.com), softwareadvice 
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(www.softwareadvice.com), and goto crowd (www.g2crowd.com) indicated that most ML- 

based direct marketing tools cannot provide a detailed explanation (Petersen and Daramola, 

2020).  

 

A detailed explanation is of great assistance to users in understanding customer behaviour 

better and increasing trust in machine learning frameworks. An explanation of why specific 

actions are taken, and why it fails or succeeds would increase trust in machine learning 

frameworks (Gunning, 2017). 

 

The current landscape of the implementation and maintenance of machine learning 

frameworks is very much overshadowed by a significant negative sentiment (Bonacina, 2017; 

Sokol and Flach, 2019). This negative sentiment exists due to a lack of trust which derives 

from a lack of understanding of the reasoning of the results. However, it has been shown that 

users are more trusting and comfortable if an easy-to-understand explanation is provided 

(Gordon et al., 2015; Jan et al., 2020; Pintelas et al., 2020).  

 

This research aimed to explore a hybridized framework that will enable predictive analytics 

using a framework that combines machine learning, and an intelligent reasoning model (IRM) 

to explain results. This type of framework would make it easy for users to get a better 

understanding of customer behaviour (Prentzas et al., 2007; Xu et al., 2020).  

 

The objective of combining an IRM and ML model to facilitate explanation is to enable the use 

of domain knowledge and experience from previous use case scenarios, to generate the basis 

for rich explanations. To do this, the concepts of rule-based reasoning and case-based 

reasoning will be used (Olsson et al., 2014; Tang et al., 2019). Rule-based reasoning will 

enable the use of domain-specific knowledge represented in the form of if-then-rules, to make 

deductions that can provide a basis for good explanations. Rule-based reasoning makes the 

explanation provided very accurate and effective (Wojciechowski and Wrembel, 2020). 

 

However, building a knowledge rule-base can be time-consuming, and inferencing is limited to 

only the set of pre-defined rules of the domain (Eisenstadt et al., 2019; Tang et al., 2019). The 

use of case-based reasoning (CBR) offers a way to overcome this limitation because it enables 

the reuse of knowledge from past occurrences to solve a problem, therefore its ability is not 

limited to predefined rules. A combination of RBR and CBR will be suitable for the design of 

the IRM (Vantara et al., 2018). 

 

A data-driven direct marketing tool that is based on this type of hybridized framework will 

increase management’s trust and confidence in the recommendations of direct marketing 
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tools, make them easier to use, understand, and acceptable as a form of decision support and 

decrease capital and operational expenditure significantly (Koh and Tan, 2011; Slik and Bhulai 

2019). This ease of use and understanding of the data-driven direct marketing of this nature 

would enable users with a lower technical experience to participate in predictive analytics. A 

detailed explanation would also reduce reliance on the need to have many highly skilled 

machine learning experts (Siau et al., 2018). 

 

The telecommunication domain has noted a continued drop in revenue in essential areas such 

as text messaging and voice (Vantara et al., 2018; Wimmo, 2020). In conjunction with this, the 

domain has also seen a variety of new technologies coming into existence which includes 

over-the-top streaming services and message services. These influences have resulted in a 

constant need to upsurge product sales within the telecommunication domain. Having rich 

customer data at its disposal, a data-driven direct marketing strategy allows for the accurate 

product to be offered to the precise customer and at the right time (Amoaka, 2019; Stone et 

al., 2019). This makes this domain ideal for this research.  

 

A study by Chen (2016) has shown that the retrieval of data from the service, resource, and 

customer layers within a telecommunication company can offer an insightful and accurate 

customer profile. In conjunction with this, the billing information consisting of spend limit, 

consumption, and usage data has also proven to be of value in predicting product offerings 

(Iyengar et al., 2007; Li et al., 2019). It is evident that there is a connection between current 

consumption and a customer’s past spending pattern. This connection can possibly be 

exploited to predict meaningful products to offer to a customer at the right time (Prasljivic and 

Ramic, 2019; Quinnery, 2019). 

 

Another study has also identified billing data as being an important component in building an 

accurate prediction of customer usage patterns, current and future needs. This type of data 

can be used to predict products that a customer is likely to purchase in the future (Gemechu, 

2020). The study aims to add the billing data as a billing layer to the framework recommended. 

 

1.2 Research Problem 
 
Most data-driven direct marketing tools are based on ML. The lack of easy-to-use ML models 

and the lack of explanation of results have reduced the level of trust and reliability that users 

have in the results of ML models (Muller et al., 2014; Tseng et al., 2019). Also, highly skilled 

human resources are needed to compile a meaningful dataset, apply an algorithmic model to 

process the data, and interpret the output of ML-based tools (Siau et al., 2018). 
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This has an impact on users of the ML results as it reduces confidence in basing decision 

making on results. It also has an impact on companies as highly qualified experts are always 

in high demand (Muller et al., 2014; Pintelas et al., 2020). 

 

The consequence of this is a low uptake of data-driven direct marketing tools and companies 

spending a lot more on ML experts for interpretation and use (Thomas et al., 2020).  
 

Thus far, most ML-based tools that are used for data-driven direct marketing, lack good 

explanation capability and are not easy to use by non-AI experts.  

 

1.3 Objective of the Study and Research Questions 
 

1.3.1 Aim and Objectives of the Study 
 

The research aims to develop an easy to use and explainable machine learning (ML) process 

framework for data-driven direct product marketing.  

 

Based on the aim, the objectives of the research are: 

 

i) To determine the requirements for a hybrid ML framework for data-driven direct 

product marketing. 

ii) To design a hybrid ML framework for data-driven direct product marketing. 

iii) To implement a hybrid ML framework for data-driven direct product marketing. 

iv) To evaluate the hybrid ML data-driven direct product marketing framework in terms 

of performance, usability, and explanation of output. 

 

1.3.2 Research Questions 
 

In this research, the main research question is: 

 

How can a hybrid ML framework for data-driven direct product marketing be created that is 

easy to use and has explainable results? 

 

To answer the research question, sub-questions are created to substantiate the research. The 

sub-questions for this research are: 

 

i) What are the attributes of an easy to use and explainable ML framework for data-driven 

direct product marketing?  
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ii) How can ML and intelligent reasoning be combined for data-driven direct product 

marketing?  

iii) How can a hybrid ML framework for data-driven direct product marketing be implemented? 

iv) How can a hybrid ML framework for data-driven direct product marketing be evaluated in 

terms of performance, usability and explanation of output? 

 

1.4 Ethics 
 

Ethics in research consists of principles on how a researcher and a research organization 

ought to conduct themselves when interacting with research participants, other researchers, 

colleagues, the users of their research and society in general. 

 

This research adhered to Cape Peninsula University of Technology’s (CPUT) research Code 

of Practice on Ethical Standards. 

 

The research focused on groups, individuals and it did not cause any harm to any group or 

individual. All confidential information was kept confidential to prevent harm to an individual or 

group. 

 

The data collected was in the trust and ownership of the researcher and none of the data was 

up for sale in any shape or form.  

 

Anyone who participated in the research was free to withdraw at any time and all participation 

was voluntary. This was in adherence to the research code of conduct and in compliance to 

the CPUT policy. 

 

1.5 Delineation of the Study 
 

For the purposes of the study a fully functional hybrid machine learning process framework for 

data-driven direct product marketing was developed using data from a single South African-

based telecommunication company.  

 

The data used was for customers who purchase data products over a period of six months. 

The framework also focussed on only three algorithmic models which are Random Forest (RF), 

Support Vector Machine (SVM) and Artificial Neural Networks (ANN), but the concept of the 

framework is that it is not only limited to these three algorithmic models. 
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1.6 Significance of the Study 
 

The significance of the study is that it will increase trust and confidence in a data-driven direct 

product marketing solution using machine learning. This type of solution would benefit the 

telecommunication industry as it enables businesses to get a better understanding of customer 

behaviour and increase sales. 

 

The research provides a solution which is a template for a company to simply load a large 

amount of data and generate an easy to understand output. This output includes an accurate 

probabilistic prediction of which products to sell to which customers. This ease of use and 

explanation of results require a low-skill level resource to operate and maintain the tool. This, 

in turn, reduces a company’s capital and operational expenditure. 

 

The study was derived from a theoretical and practical perspective. Theoretically, the study 

contributes by combining an existing framework used to extract data within the 

telecommunication domain with a billing layer to build an accurate and insightful customer 

profile.  

 

The theoretical contribution is also in the form of designing a hybridized framework consisting 

of machine learning and intelligent reasoning for an explainable output to users. The practical 

contribution will be in the form of a functional product which could be used for data-driven direct 

product marketing within the telecommunication domain. 

 

1.7 Thesis Outline 
 

The remainder of this thesis is organised as follows. Chapter 2 presents the literature review 

which covers background and related work. Chapter 3 describes the methodology used to 

achieve the research objectives. Chapter 4 presents the requirements analysis and design of 

the process framework. Chapter 5 discusses the details of the implementation and evaluation, 

while  Chapter 6 presents the summary, conclusion, and recommendations for further research 

work. 
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CHAPTER 2  
LITERATURE REVIEW 
 

In this chapter, the context of the telecommunication industry in South Africa, along with the 

theoretical background on direct marketing and data-driven direct marketing are discussed.  

 

The theoretical description of machine learning, the different types of machine learning 

algorithmic models, case-based and rule-based reasoning are also presented. In making the 

presentation the functionality, advantages and disadvantages are discussed to provide a full 

view of each concept. The evaluation of the framework will be an important step and therefore 

the concept of goal question metric is also presented.  

 

Lastly, the chapter presents a review of related work in the area of applying machine learning, 

rule-based and case-based reasoning to direct product marketing. The review of related work 

includes studies within and outside of the telecommunication industry. 

 

2.1 Telecommunication Industry in South Africa 
 

The telecommunication industry in South Africa has become very competitive over the years 

with new entrants entering the market and Internet Service Providers also competing for certain 

products (Morgan and Govender, 2017; Wimmo, 2020). In addition, over-the-top application 

providers such as WhatsApp, Facebook, and Google also entered the market creating a new 

form of competition (Ngwnya, 2017).  

 

With the three big telecom market holders in South Africa namely Vodacom, MTN, and Cell C, 

the market has seen several smaller entrants who entered the market with low-priced products 

to gain an initial market share (Mpwanya and Letsoalo, 2019). Global companies such as 

Starlink who is constructing a mobile network spanning right across the world poses a great 

threat to South African telecommunication companies as Starlink will be able to offer low-priced 

products based on the economy of scale (Mironova, 2018; Babu et al., 2020). 

Telecommunication companies also face an additional challenge of strict regulatory rules 

within South Africa. Additional spectrum (wireless radio frequencies) allows for better quality 

of service, cheaper and new products (Somdyala et al., 2017; Pintelas et al., 2020). Obtaining 

new spectrum is normally a challenging task. Therefore telecom providers have to maintain 

current customers and get new customers with the technology that is currently available 

(Hinson et al., 2016). However, the South African government is in the process of allocating 

additional spectrum. This spectrum would allow for companies to offer an increased variety of 

products at a more competitive rate (Ngwnya, 2017; Walker and Brown, 2019).  
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South Africa is classified as an emerging market and almost everyone requires access to a 

telecommunication service in some form or the other. The market is very diverse, ranging from 

customers with lots of money and other customers who are below the poverty line (Pau, 2011; 

Wimmo, 2020). It has large enterprises and small businesses whose sole purpose of trading 

is to provide for a household. It then becomes important to understand these customers on 

completely opposite sides and offer products directly (Isa, 2019). The market has been known 

to become saturated over the years with operators contending aggressively for customers. It 

has been increasingly visible that a number of companies have been increasing investment 

into machine learning solutions to increase revenue (Kau and Kogeda, 2019; Tseng et al., 

2019). 

 

It has become crucial to provide quality products and really understand which customer to 

market certain products to, as customers expect almost tailor-made products to address 

customer needs (Hadzic, 2019; Walker and Brown, 2019). A study that focused on 

telecommunication customer loyalty, collected data from 227 subscribers from various mobile 

network providers. It concluded that customer loyalty and reducing customer churn rates are 

a key factor in the success of telecommunication companies going into the future (Robb and 

Paelo, 2020). Customer communication and the way products are marketed to customers have 

a significant contribution to overall customer satisfaction (Mpwanya and Letsoalo, 2019). 

 

Due to the challenging regulatory environment, increased competition, and high customer 

expectations, direct marketing is an effective strategy to sell the right product to the right 

customer at the right time (Iyengar et al., 2007; Babu et al., 2020). The success of any direct 

marketing strategy is dependent on obtaining the right customer data at the right time. Within 

a telecommunication company, data can be collected from the resource, service, and customer 

layers to build an accurate and insightful customer profile (Chen, 2016; Iwuchukwu et al., 

2019).  

 

The literature also indicates that customer billing information which includes spending limit, 

consumption, and usage data, has also been of value in predicting product offerings as shown 

in Table 2.1. Using features such as customer spending and consumption patterns, yielded 

positive results in executing effective product offering predictions. The key to these types of 

predictions is executing the predictions at the right time (Petersen and Daramola, 2020).  

 

Billing data is an important component in building an accurate prediction of customer usage 

patterns, current and future needs (Koh and Tan, 2011; Li et al., 2019). This type of data can 

be used to predict products that a customer is likely to purchase in the future which is the main 

purpose of the direct marketing strategy (Putit and Abdullah, 2019). A number of organizations 
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within the telecommunication, retail, and marketing industries are including billing data to 

determine which customers are potential purchasers of certain products (Aung et al., 2019). 

 

Table 2.1 Layers within a telecommunication company (Chen, 2016) 
 

DATA LAYERS WITH A TELECOMMUNICATION COMPANY 
 

LAYER NAME DESCRIPTION 
RESOURCE Network devices, Switches, Mobile Devices 
SERVICE Voice, Data, Video Service 
CUSTOMER Incidents, Orders, Service Provisioning 
BILLING User Consumption, Monthly Spend and Product 

Offerings 
 

2.2 Direct Marketing 
 
Direct marketing is an effective way to target customers in a unique manner in order to increase 

sales of products (Low et al., 2011; Brezak et al., 2019). The main purpose of direct marketing 

strategy is to increase awareness of products, to establish a demand for specific products and 

to increase the purchase of products with minimal contact with the customer (Santucci et al., 

2012; Yiyou, 2019).  

 

Previously, companies would use customer contact details such as phone number, email 

address or physical address to send marketing material directly to customers (Hollon, 2004; 

Gatzke, 2019). This method has seen an increase in product sales, but with increased 

competitiveness and greater consumer power, a more direct approach was needed (Alanen, 

2016; Barnett et al., 2020).  

 

In current times, companies build customer profiles using historical purchasing, location, online 

browsing and a number of other personal data to determine if a customer is most likely 

interested in a specific product. This is applied by using complex data processing mechanisms 

and technologies (Lezama, 2020). 

 

With the development of technology, a more technological approach to execute a direct 

marketing strategy is needed. Customers can be reached using various platforms such as 

Short Messaging Service (SMS), social media, downloaded applications, instant messaging 

application and many other methods (Alanen, 2016; Yiyou, 2019). Irrespective of the means 

of communicating with the customer, the development of a technology-based direct marketing 

strategy requires an in-depth understanding of the customer, to identify the customer’s 

behavioural patterns (Slik and Bhulai, 2019).  
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To establish an accurate customer behavioural pattern requires vast amounts of data and will 

allow for customer segmentation (Santucci et al., 2012; Khan, 2020). Customer segmentation 

will include children, youth, adults, female, male or the type of monthly spend. Customer 

segmentation will allow for greater, tailored product development and decreasing, unnecessary 

communication with the customer (Renton and Simmonds, 2019). 

 

Communicating with customers on multiple technological platforms can also increase sales 

significantly. However, the right product needs to be presented at the right time (Tkachenko et 

al., 2016; Firman, 2019). In many cases, smaller businesses rely on face to face conversations 

with customers whereas the larger businesses rely on marketing exclusively to its customer 

base (Wright, 2019).  

 

With South Africa having a large number of both these groups, a direct marketing strategy 

requires to be personalised to complement the face to face communication and communicating 

in a meaningful way to the customers of large enterprises (Daugherty and Biocca, 2008; 

Mkhize and Ellis, 2020).  

 

The pharmaceutical industry in New Zealand has identified a similar outcome where customer 

data was used to market prescription drugs. A direct marketing campaign was used to address 

undertreated conditions and resulted in customers receiving the right treatment for conditions 

by simply analysing the data. A significant increase in sales was realised throughout the 

country (Vandevijvere et al., 2017; Renton and Simmonds, 2019). 

 

Within the banking sector, it is critical to be the first in offering credit to qualifying customers. 

The reason for this is that the customer could possibly exhaust all credit with a competitor 

which will result in the company having to wait for the customer to first settle credit before 

becoming a potential customer again (Migueis et al., 2017). As a result, banks include 

algorithmic models in direct marketing strategies to classify if a customer would be likely to 

take on new credit or not. These strategies include a number of customer parameters, large 

volumes of data and would be very difficult to produce similar results using traditional statistical 

methodologies (Ladyzynki et al., 2019; Sadq et al., 2019). 

 

In the age of information, more detailed sets of data have become key in getting to the 

customers first and with the right products. Studies have shown that to achieve this the right 

data set and data processing mechanisms are required; the right data permits for customers 

to be grouped accurately; and products can be marketed to these customer segments (Alanen, 

2016; Khan, 2020).  
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A direct marketing strategy can also be categorized into inbound or outbound marketing. 

Inbound marketing is a strategy where potential customers are contacted through social media 

platforms, blogs or entertainment platforms (Patrutiu-Baltes, 2016; Babu et al., 2020). On the 

other hand, outbound marketing is defined as a more intrusive strategy where potential 

customers are contacted through the more traditional methods of print advertisements, call 

centre operators or direct mailing (Hawik, 2018). Whichever category an organization 

implements, both are heavily reliant on the available customer data (Dakouan et al., 2019; 

Brezak et al., 2019). 

 

A direct marketing strategy utilizes a number of key steps across the targeted customer base. 

The key steps are to identify and understand customer behaviour, select customers to be 

targeted, select the products which are to be sold to the targeted customers, select the time to 

propose the product to customers and selecting the medium to communicate with the customer 

(Ayyaz and Hussain, 2019).  

 

Although looking at a customer’s behaviour as an individual, it is also important to look at what 

the behaviour is of a group of customers in a specific location (Al-Rifaie and Alhakbani, 2016; 

Pittz et al., 2019). This would allow for the direct marketing strategy to be structured for a 

specific location and in turn, more potential customers could be targeted with a single strategy 

(Deffner et al., 2020). 

 

2.3 Data-Driven Direct Marketing 
 
With the technological advancements over time, the introduction of data-driven direct 

marketing has allowed for an even more effective direct marketing strategy (Sweers et al., 

2014; Slik and Bhulai, 2019). Various technologies enable companies to store large data sets 

which can be utilized to construct customer characteristics and identify customer patterns. This 

data can be used to execute the prediction of the probability that a customer would potentially 

respond to a specific product offering (Flici, 2011; Lezama, 2020).  

 

A number of companies have noted a significant shift in analysing customer behaviour, 

distribution of customer data and methods where each transaction initiated by a customer is 

analysed (Daugherty and Biocca, 2008; Grandhi et al., 2020; Khan, 2020). Data-driven 

technologies such as machine learning, blockchain, and programming advertising have shown 

product sales increases when implemented in the correct manner (Camilleri, 2020). 

 

To build customer characteristics and identify patterns require the right data set consisting of 

the right features (Gardan et al., 2015; Stone et al., 2019). Selecting the right features can be 
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time-consuming as features need to be included and the contribution to the prediction needs 

to be assessed. Stronger customer patterns are identified by also excluding features 

containing ambiguous values (Li et al., 2020).  

 

Historical data and the quality of this data is an important factor in predicting demand for 

products (Reutterer et al., 2006; Ghasemaghaei and Calic, 2019). As a company’s system and 

data ages, the quality of this data normally deteriorate. Proper data cleaning and wrangling 

processes need to be implemented before executing any type of forecasting. With good 

forecasting of profits, maximized orders can be placed to manufacturers on time which in turn 

would reduce storage or holding cost (Kumar et al., 2020; Pittz et al., 2019). 

 

A data-driven approach yields better results to know when and how to construct a push or pull 

strategy. The data on customers usage on the network will inform the direction of a pull strategy 

whereby a customer can be encouraged to pull certain product offerings which the customer 

might be interested in at that specific time (Hossain et al., 2020). 

 

A study within the sports marketing domain also echoed the sentiment that the dataset is of 

utmost importance in selling products directly to customers. However, it highlighted the 

importance of customer behaviour always changing hence the model needs to change (Kumar 

et al., 2020; Walker and Brown, 2019). A number of data-driven direct marketing tools exists 

and are used by some companies. Some tools rely on data retrieved from emails and social 

media, but other tools gather large amounts of data from various sources such as customer-

relationship management systems (Coita et al., 2019). 

 

Over the years retailers have relied on data extracted from the customer relationship 

management database. This database provides a consolidated view of a customer’s behaviour 

(Lawi et al., 2017). By identifying customer behavioural patterns, it allows for retailers to 

increase customer basket size by offering products when the customer needs them most 

(Avery and Israeli, 2018; Stone et al., 2019). Being aware of the customer behaviour also 

allows for an accurate customer segmentation for retailers to have the right products available 

at the right time which in turn reduces overhead costs (Li et al., 2020; Firman, 2019).  

 

Data-driven direct marketing strategies in some cases have been known to use data relating 

to the customer interaction with products, services and the actual brand to visually create a 

customer journey mapping (Troisi et al., 2020). These types of visual methods enable 

companies to take complex data sets and present them to management in a simplified manner 

for improved decision making (Micheaux and Bosio, 2019; Babu et al., 2020). 
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2.4 Rule-Based Reasoning 
 
Rule-based reasoning is an approach where rules are defined as normal standard behaviour 

and if a rule was fulfilled or not, an action is taken accordingly (Golding and Rosenbloom, 1991; 

Seydoux et al., 2019). A rule can be described as an absolute in a specific environment, 

whereby if a rule applies then the action taken should be exactly as it was configured, no more 

or no less (Brożek, 2017; Ducamp et al., 2020). 

 

Rule-based reasoning is domain-specific and building the knowledge base requires 

interviewing domain experts. It is also seen as a representation of general knowledge relating 

to a specific domain and the basic structure consists of if-then-rules (Jetinai, 2018). The 

condition is a set of logical sequential rules which form a logical function within a system. If the 

required conditions are met a conclusion is established and a trigger is executed (Prentzas et 

al., 2007; Sheng-Sheng and Fan-Liang, 2019).  

 

A rule can be inserted, updated, or deleted easily (if there is no dependency on another rule) 

from the knowledge base without disrupting the functionality, making it very flexible throughout 

the development. Normally, the system contains a rule base, inference engine, working 

memory and explanation mechanism (Bialek et al., 2017). The facts concerning a specific 

problem are stored in the rule base, and these facts are used by the inference engine. The 

working memory stores all the facts for processing and the explanation mechanism explains 

the conclusion (Berka, 2020). 

 

If rules are maintained and structured correctly the rules could simulate a small part of the 

domain expert’s rules which is normally applied when the domain expert is assessing a 

situation (Abu-Nasser et al., 2018). The rules created by the domain experts are normally 

generalized trends according to the knowledge of the domain expert which possibly could 

result in small number of exceptions being missed (Delgoshaei et al., 2017). Where rules miss 

a small amount of exceptions this can be hybridized with case-based reasoning to mitigate this 

risk (Zhang et al., 2019; Seeger et al., 2019). 
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2.4.1 The Structure of Rule-Based Reasoning 
 
As rules are the natural perception of a domain expert’s knowledge and a rule looks very much 

like the expression of a natural language, the rule attempts to replicate a scenario where a 

domain expert would be looking at the scenario in reality and answering the question (Quinn 

et al., 2017; Carral et al., 2019). The “IF” statement relates to certain information given which 

will be led to an action by the “THEN” part of the statement. A rule can consist of a number of 

rules joined with the inclusion of an “AND” or an “OR” as below (Saul and Wuttke, 2013; Rakib 

and Uddin, 2019). 

 

IF part: This part is called antecedent, premise or condition 

THEN part: This part is called consequent, conclusion or action 

 

A rule consisting of two parts, the object and the value. These parts are joined by an operator 

and includes not only symbolic operators such as “is”, “is not” but includes mathematical 

operators such as “<”, “>”, and “=” as shown below (Berka, 2020; Carral et al., 2019).  

 

IF “answer_1” is wrong THEN “action” is “retry” 

    IF “score_1”< 5 THEN “action” is “move_to_next_question” 

 

2.4.2 Advantages and Disadvantages of Rule-Based Reasoning 
 
The advantages of rule-based reasoning are that it is flexible as rules can easily be added, 

updated, or removed and the author can provide the exact justification for the existence of the 

rule. It is this justification that contributes significantly to trust in the performance (Khandelwal 

and Sharma, 2013; Thangaramya et al., 2020).  

 

Rule-based reasoning has been known to produce results speedily as it relies on a group of 

predefined rules configured by domain experts (Quinn et al., 2017). These experts apply these 

configurations based on past experiences and normally vast industry experience. This also 

results in increased accuracy and decreased errors (Thike et al., 2019; Kourtis et al., 2019). 

 

Rule-based reasoning also allows for new authors to understand the rules easily which is great 

for continuity (Arndt et al., 2017; Angilica et al., 2019). As rules are amended mechanisms can 

be put in place for increased managerial and audit control, which is a great feature compared 

to machine learning techniques which are often applied in a black-box manner (Schwabe et 

al., 2019). 
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The disadvantages of rule-based reasoning are that if the rules are not managed correctly and 

updated regularly it might not handle new situations well and it has to be accepted that there 

is not a rule for every possible situation (Krupitzer et al., 2018; Seydoux et al., 2019). Adding, 

updating, or deleting a rule can be time-consuming as the change needs to be implemented 

correctly and documented to maintain change control. For effective rules to be created there 

is a reliance on a very knowledgeable and experienced author (Song et al., 2020; Ducamp et 

al., 2020).  

 

2.4.3 Applications of Rule-Based Reasoning 
 
Rule-based reasoning is very useful and effective in the application of a traffic monitoring 

system. The rules allowed for distinguishing between high and low-level image processing. 

The image processing extracted visual information using spatial and morphological analysis. 

For scenarios where rules were not available, an artificial intelligence technique was used (Al-

Sharif et al., 2017; Petersen and Daramola, 2020). 

 

In implementing a handwriting recognition solution that focused on identifying handwritten 

digits, the rule-based reasoning module enabled easy management of rejection criteria. This 

improved the reliability and speed of the system in producing results. The rule-based reasoning 

module was used in conjunction with a Support Vector Machine classifier algorithmic model 

(John and John, 2010; Delgoshaei et al., 2017).  

 

In more recent times rule-based reasoning has been combined with artificial intelligence 

methods as a way to optimize manufacturing processes and making them more efficient. The 

rule-based component allows for early fault detection in production processes as its 

configuration encapsulates past occurrences. The rapid response to these fault occurrences 

results in production continuity and increased production (Ghahramani et al., 2020; Khosravani 

and Nasiri, 2020). 

 

2.5 Case-Based Reasoning 
 
Case-based reasoning (CBR) is a process that uses past occurrences of a situation to provide 

a solution to new occurrences. The process has been proven to have strong explanation 

mechanisms as it bases its explanations on similar previous cases (Aamodt and Plaza, 1994; 

Daramola et al., 2013; Keane and Kenny, 2019). It is an experience-based system and formed 

as the basis for intelligent computer models designed to adapt and solve new problems. The 

CBR system accepts a new case, then stores it in its knowledge, and if a similar case occurs, 

the stored knowledge is used (Shen et al., 2017). 
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A knowledge base is constructed in the form of a database consisting of previous cases. When 

a new case is presented a query is executed to determine if a similar case exists (Richter et 

al., 2016; Wan et al., 2019). This similarity is assessed by comparing the weighting of each 

feature by the use of an algorithm. When compared to algorithmic models such as deep 

learning, with case-based reasoning it is easier to understand why a specific outcome was 

presented (Lamy et al., 2019; Nakhjiri et al., 2020). 

 

Case-based reasoning can be utilized to address the lack of explanation and simplify the 

interpretation of results. Case-based reasoning substantiates the predictions made and it 

would complement the machine learning model in this way (Choudhury et al., 2016; Berka, 

2020). It will examine past occurrences of similar output and provide a comprehensive 

explanation of the current output. Accurate evidence is used from a set of applicable cases to 

explain the task at hand. Explanations are normally simplistic regardless of the complexity (Fei 

and Feng, 2020). 

 

2.5.1 Functionality of Case-Based Reasoning 
 
Aamodt and Plaza proposed that the case-based reasoning cycle consists of 4 sequential 

steps, which are retrieve, reuse, revise and retain as shown in Figure 2.2 (Aamodt and Plaza, 

1994; Zhao et al., 2019). 

 

 
Figure 2.2: Case-based reasoning cycle (Aamodt and Plaza, 1994) 
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2.5.1.1 Retrieve 
 
When a new case enters the retrieval phase, it looks at analysis cases that occurred previously 

and retrieve a list of cases that most likely match the new case. The retrieval of these past 

cases is done by utilizing the features of the new case and using these features as indexes 

(Ketler, 1993; Smiti and Elouedi, 2020). In many cases, the CBR process has been found to 

use superficial indexes. However, other CBR processes have been configured to use more 

detailed and in-depth descriptors as indexes (El-Sappagh et al., 2015; Mabkhot et al., 2019).  

 

In the event where the indexes of the new and previous case match, the previous case is 

retrieved. From the list of retrieved cases, a subset of cases is selected where only the most 

relevant cases are selected and the least relevant cases are excluded (Lamy et al., 2019).  

 

The element makeup of the CBR structure is the knowledge-base which consists of all the 

previously occurred cases and the similarity measure which assesses the new case to 

determine the similarity of the case (El-Sappagh et al., 2015; Flores et al., 2019). How a case 

is represented in the knowledge-base is of utmost importance. The attribute definition, 

description of case content, and how the case is organized within the knowledge-base are 

significant factors for successful representation (Aamodt, 1995; Sheng et al., 2019). Although 

the case-base is not limited to a specific structure to physically store cases, in most cases it is 

an object-oriented or relational database, plaintext, or XML structure. This structure is also 

accompanied by indexes to ensure a timeous retrieval of cases (Batzias and Kopsidas, 2019). 

 

The case retrieval and comparison are conducted in a fairly straightforward way where the 

features of the new case are compared to the features of the already existing case. The 

previous and current occurrence of the case must have the same features for a comparison to 

be initiated (Lee et al., 2020). The system does not build any type of constraint or relationship 

between features. Each feature of the new occurrence of the case is assigned a weighting. 

Once the weightings have been assigned, the similarity between the previous and new 

occurrence of the case is computed by using an equation as shown in Figure 2.3 (Zhao et al., 

2019; Nakhjiri et al., 2020).  
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Figure 2.3: Case retrieval mechanism (Zhao et al., 2019) 

 

2.5.1.2 Reuse 
 
The reuse phase takes the list of most relevant retrieved cases and selects a solution that was 

applied to a previous occurrence of the problem. It selects a solution by focusing on the 

difference between past and current occurrences of the problem (Lamy et al., 2019). Another 

part focuses on which part of the solution applied from the past occurrence can be applied to 

the current occurrence (Aamodt, 1995; Sheng et al., 2019).  

 

Depending on the complexity of the cases being compared the case can be divided into 

multiple parts and indexes assessed to determine if all or only parts of the previous case will 

be used (Batzias and Kopsidas, 2019; Berka, 2020). 

 

2.5.1.3 Revise 
 
The revised phase assesses the solution selected in the reuse phase to determine if the 

solution is the correct or incorrect solution. In the event that a case selected in the reuse phase 

is not the correct solution for the problem, the revised phase is where the failure is assessed 

and corrected (Arditi and Tokdemi, 1999; Lee et al., 2020).  
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2.5.1.4 Retain 
 
The retain phase is where the new knowledge which was deemed as useful in the previous 

phase is added to the existing knowledge-base (Rahman et al., 2018). It consists of selecting 

which information from the case to retain in the knowledge-base, decides on the form in which 

it would be retained and applies the index for case retrieval in the future (Goel et al., 2017).  

 

Where a failure has identified a repairing of the case takes place, as it updates the knowledge-

base to improve the future retrieval, and reuse phases. Learning from the case success and 

failure is important to the future performance of the CBR process (Berka, 2020).  

 

2.5.2 Advantages of Case-Based Reasoning 
 
The process in which CBR compares previous and current cases is quite efficient due to its 

use of indexes. It also enables to handle of large amounts of cases in several seconds making 

it favourable for large data sets (Fei et al., 2020). CBR’s ability to evaluate its successful, failed 

case selection and repairing the failed cases within the knowledge-base, enables for improved 

case selection over time. A common finding is that solutions are produced speedily, and it 

highlights the importance of features used (Gigih et al., 2020; Smiti and Elouedi, 2020). 

 

2.5.3 Disadvantages of Case-Based Reasoning 
 
The initial build of the CBR knowledge base can require lots of effort and time. This is 

dependent on the domain. In the event that the initial knowledge base is set up poorly, previous 

cases will be insufficient to compare to current cases and it could take a lot of time to correct. 

There is a risk that previous cases within the knowledge-base might be biased resulting in 

selected solutions being skewed (Relich and Pawlewski, 2018; Lee et al., 2020). 

 

2.5.4 Applications of Case-Based Reasoning 
 
The manufacturing industry has seen case-based reasoning solutions being implemented 

where complex geometrics were produced as output in constructing plastic products (Relich 

and Pawlewski, 2018). Later, these case-based reasoning solutions were used in conjunction 

with artificial intelligence functionality. The case-based reasoning functionality has proven to 

produce output accurately and speedily (Wan, 2019; Khosravani and Nasiri, 2020). 

 

CBR has previously been applied in the medical field by offering credible diagnosis in 

identifying disorders. The doctor would identify the novel diagnosis combination of disorders 

and this knowledge would be used in assessing future occurrences. This resulted in time being 
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saved as the doctors did not have to go through all the data to identify a disorder that was 

previously diagnosed (Faia et al., 2017; Silva et al., 2020) 

 

In the milling process which is normally an extremely high-speed process, accuracy in 

predicting surface residual stress and roughness is critical in producing a quality product. 

Case-based reasoning was proven to produce an 80% prediction accuracy with a low error 

rate. In addition to this, the solution was fairly low cost to implement throughout an organization 

(Silva et al., 2020; Xu et al., 2020). 

 

Similarly, a computer program also found CBR to be useful as it was used to produce computer 

troubleshooting reports. The reports would list the possible solutions were was found to be 

successful. Solutions were produced efficiently and speedily, and computer technicians had 

more time to spend on other tasks (Petersen and Daramola, 2020).  

 

2.6 Machine Learning 
 
Machine Learning (ML) is classified as a subfield of Artificial Intelligence with many computer 

scientists looking at the field of study since the 1950s. ML enables computers to identify 

patterns in vast amounts of data and also learn these patterns (Nilson, et al., 1998; Krems, 

2019). The ability to learn the patterns enables the computer to predict a future occurrence 

without being explicitly programmed. This allows for identifying crucial relationships and 

correlations that exist in big data sets (Simeone, 2018; Choubin et al., 2019).  

 

This computer-based process analyses existing data as input and produces a prediction as 

output by using an algorithmic model (Alpaydin, 2009; Qu et al., 2019). An algorithmic model 

is a set of instructions utilized to transform the input into the output. At a high level, machine 

learning consists of two phases. The first phase applies an algorithmic model to a data set to 

train the model on a dataset. In the second phase, the model is used to make predictions on 

new data (Carleo et al., 2019; Tang et al., 2019).  

 

The application of machine learning varies across domains. With cancer research, machine 

learning has been used to look at large complex datasets which include proteomic and 

genomic measurements for cancer diagnosis and detection. It would be extremely difficult to 

achieve this with traditional computing methods (Goldenberg et al., 2019; Belkin et al., 2019). 

 

Machine learning has also been applied to find missing persons which may be suffering from 

Alzheimer’s or dementia. A person is fitted with a wearable camera that includes a GPS sensor. 

As the person moves through an area a neural network identifies geographic locations derived 
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from training images and maps the images to an exact name of a location. This information is 

used to inform relatives where the person is at a specific point in time (Cheng et al., 2018; 

Himanen et al., 2020) 

 

Generally, ML is divided into supervised and unsupervised learning. Supervised learning is the 

ability of an algorithm to identify patterns within a dataset by using labelled features as an input 

and predicting a targeted outcome (Cruz et al., 2006; Wiens et al., 2019). Unsupervised 

learning is the ability of an algorithm to process data into a cluster by identifying underlying 

features from unclassified or uncategorized data (Berry et al., 2018; Bhatt et al., 2020) 

 

Supervised learning must have input data labelled. This process is normally time-consuming 

and one needs to know which value is being predicted. It has been deemed to be more 

structured and easier to understand the performance than unsupervised learning. With 

supervised learning, it is important to fit the model correctly, with the aim being to accurately 

predict future occurrences. Caution is needed to not over fit or under fit the model. Overfitting 

normally occurs when the algorithmic model becomes too familiarized with the training data. 

Underfitting normally occurs when the algorithmic model has not learnt enough from the 

training data (James et al., 2013; Sathya and Abraham, 2018). Supervised learning also 

consists of classification and regression problem-solving. In solving a classification problem, 

the algorithm predicts a category the items belong to. Regression on the other hand attempts 

to predict a specific value for a time period going into the future using inputs (James et al., 

2013; Wiens et al., 2019). Unsupervised learning does not require initial labelling of data and 

as a result, it normally makes connections that humans normally would not (Sathya and 

Abraham, 2018; Qu et al., 2019; Krems, 2019).   

 

Figure 2.4: Supervised learning structure (Sathya and Abraham, 2018) 
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Figure 2.5: Unsupervised learning structure (Sathya and Abraham, 2018) 

 

Numerous efforts that investigated the utilization of machine learning processes to advance 

direct marketing have been noted in the literature. These efforts included four machine learning 

models being compared to analyse the success in predicting potential customers for banking 

products (Beam and Kohane, 2018). The results indicated that the utilization of machine 

learning models enables the processing of large data sets, allowing for a greater historical view 

of customer spending patterns. The focus was on the accuracy of results and not the 

establishment of an explanation or lack thereof (Nachev, 2015; Belkin et al., 2019). 

 

It was noted that the utilization of machine learning models advances the overall marketing 

considerably as this was tested by the application of machine learning models to customer 

datasets comprising of a number of customer features to produce predictions (Bayoude et al., 

2013; Himanen et al., 2020). In a study to categorize customers for potential product offerings 

within the telecommunication industry, the use of machine learning models proved to reduce 

unwanted customer communication as customers were predicted more accurately. Unwanted 

communication normally has a negative impact on customer satisfaction (Lian-Ying et al., 

2019; Nguyen et al., 2019). 

 

 

2.7 Random Forest  
 
Decision Trees is a supervised ML algorithmic model, can be used for classification and 

regression but in many cases, it’s used to solve classification problems. The model is the basis 

of the Random Forrest (RF) algorithmic model and utilizes a tree-like structure to solve 

problems. Using Attribute Selection Techniques, an attribute is selected as a root node. This 

attribute is used to divide the data into two or more datasets. This results in the creation of 
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decision nodes that are branched out of the root node. A decision node can be split into two 

or more sub-nodes by applying a process known as splitting. This splitting process uses if-else 

conditions to split the node. The decision tree concludes with a terminal node. This is the point 

where the tree cannot be split into further sub-nodes (Sekhar and Madhu, 2016; Ao et al., 

2019). 

  

The Random Forest (RF) algorithmic model consists of a vast number of trees that are 

constructed in a random manner and each tree places a weighting on a specific class of the 

trees. These trees comprise of a set of binary rules used to compute a specific value (Liaw 

and Wiener, 2002; Chen et al., 2019). RF uses an algorithm to split a node by using a set of 

predictors for each node. RF also has the ability to handle a large set of output as these trees 

grow as more input classes are supplied (Sekhar and Madhu, 2016; Stafoggia et al., 2019). 

 

The RF algorithmic model performs speedily and efficiently with large complex data sets. This 

is mainly due to the model using a tree structure to understand the data and making decisions 

based on the nodes and branches within the tree structure. The model performance output 

lacks an explanation of results which leads to a lack of understanding of how the model came 

to a specific prediction (Belgiu and Dragut, 2016; Brieuc et al., 2018).  

 

2.7.1 The Functionality of Random Forest 
 
The RF algorithmic model accepts the input data and a decision tree is started as the root (root 

node) of the tree moves in a downward manner. The data is analysed at the root node and a 

decision is made to branch into additional nodes (Roguel et al., 2018). In the event where the 

chain comes to an end as no further decision can be made, this is known as a leaf node. A 

node within the decision tree structure forms part of a characteristic and the branch is normally 

a range of values as shown in Figure 2.6 (Sekhar and Madhu, 2016; Wang et al., 2019). 
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Figure 2.6: Decision tree structure 

 

In the event of solving a classification problem the RF model will firstly establish the number 

of trees to be created to perform a prediction. A bootstrap method is then utilized to select data 

and for each tree the same sample size is created (Chen et al., 2019). The tree grows by 

applying splitting rules at each node and the tree is not pruned in any way. At each node 

random features are selected and as no pruning is required, all the created trees branching 

into different nodes are now part of a forest (Xuan et al., 2018). The forest consist of all the 

trees and each tree has produced a classification result. The forest produces a final 

classification result by selecting a classification with the highest weighting (Sekhar and Madhu, 

2016; Pouladi et al., 2019).  

 

When Random Forest is used to solve a classification problem, in most cases it is done by 

utilizing the Gini index to establish the branching of nodes within the decision tree by using the 

below equation (Chen et al., 2019; Zamani et al., 2019). 

 

!"#" = 1 −	((*!)2	
#

!$%
 

Where *! is used to calculate the probability of class C. The sum is then calculated over the 
class. 
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2.7.2 Advantages and Disadvantages of Random Forest 
 
The advantages of the RF model are that it does not require pruning and overfitting is not a 

problem as with other decision tree-based models. The model normally performs with a high 

level of accuracy, feature importance is produced automatically and not too sensitive with 

outliers when processing the training dataset (Shi et al., 2019; Ao et al., 2019).  

 

The disadvantage of the RF model is that it has been found to perform with a lower level of 

accuracy when solving regression problems. The RF model often underestimates high values 

and overestimates low values (Dogru and Subasi, 2018). The RF model also produces 

predictions without an explanation which makes it difficult to understand why it produced a 

certain prediction (Singh et al., 2017; Tan et al., 2019). 

 

2.7.3 Applications of Random Forest 
 
The RF model has been found to be applied in predicting potential customers in several direct 

marketing campaigns. In doing so the RF model produced a potential customer list with 

reasonably high sensitivity, specificity, and accuracy which in turn resulted in successful direct 

marketing campaigns (Ladysynski et al., 2019). 

 

Several banks have found it challenging to classify from various customer channels which 

customers to market long term products to. RF resolved this classification problem by 

analysing data from across channels and classifying which customers are likely to purchase 

long term products. For the first two quarters, long-term products were increased by 60% (Lawi, 

et al., 2017; Wang et al., 2019).  

 

RF was also used in the banking sector to classify customers who potentially would subscribe 

to long term deposits. A banking dataset was labelled with the necessary attributes and 

customers segmented by region. RF was found to place customers in a classification group 

with a higher level of accuracy (Appiahene et al., 2020).  

 

2.8 Support Vector Machine  
 
The Support Vector Machine (SVM) algorithmic model was first introduced in the 1960s by 

Vapnik. SVM was mostly only popular within the Neural Information Processing System 

community but over the years it has become an important part of ML research throughout the 

world (Lessman, et al., 2006; Feng et al., 2019). The model became popular by performing 

handwriting analysis with high levels of accuracy (Jakkula, 2006; Niu et al., 2019).  
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Support Vector Machine (SVM) has been found to be a reliable and accurate classifier 

technique for identifying patterns across domains. The model is known as a supervised 

learning algorithm which uses the means of maximal, marginal hyperplane to execute a 

prediction (Aoyagi et al., 2019). 

 

While Neural Networks formulation are known to use the Empirical Risk Minimization principal, 

SVM formulation uses the Structural Risk Minimization principle (Richhariya and Tanveer, 

2020). SVM uses kernel functions to search a whole range of hypothesis spaces and instead 

of using non-convex optimisation to solve problems SVM uses a quadratic linear equality and 

inequality problem (Niu et al., 2019; Fu et al., 2019). 

 

2.8.1 The Functionality of Support Vector Machine 
 
To explain the functionality of SVM, let’s take the following: 

 

-./0010: *, 4	

567	8! =	+1,−1	

	

The SVM algorithm outlines the linear separable case and searches for the most optimal 

hyperplane that is equidistant from either class (Cervantes et al., 2020). The model then 

introduces Kernel Functions to produce non-linear decision surfaces. The model then 

addresses any form of noisy data slack variables to permit for handling of training errors 

(Burbidge and Buxton, 2001; Tang et al., 2019).  

 

Also, when calculating the SVM for classification the following can be considered: 
  

[/]	<5	=! =	+1;?@! + A	 ≥ 1	

[A]	<5	=! =	−1;?@! + A	 ≤ 1	

[D]	E67	/..	"; 8!(?! + A) 	≥ 1 
 

Where x is the vector point with w representing the weight, [a] should always be greater than 

0 in order to separate the data. SVM will look at all the available hyperplanes, and then select 

the one where the distance of the hyper plane is the largest (Niu et al., 2019; Adams et al., 

2020). Each of the test vectors will be located in radius from the training vector. In the event 

that the selected hyperplane is at the furthest point from the data, the hyperplane which 

maximises the margin will intersect between the closest points on the convex hull of the two 

datasets as shown in Figure 2.8 (Ling et al., 2019; Rezvani et al., 2019).  
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Figure 2.8: Representation of classification hyperplanes 

 

The maximum margin hyperplane defines the separation amongst the different decision 

classes. The inputs which are the nearest to the maximum margin hyperplane are known as 

support vectors (Bi et al., 2018). The remaining furthest inputs which are then known to be 

irrelevant in the process of defining the binary class boundaries in a linear separation case, 

whereby support vectors are separated from binary decision classes, the following three 

attributed cases can be used and represented as follows: 

 

8 = ?& +?%	@% + ?'	@' +?(	@(	

 

8 is calculated by computing the three attributes @ with a weighting ? learned and assigned by 

the algorithm. As the weightings are the parameters which establish the hyperplane, the 

maximum margin hyperplane can be represented as follows: 

 

8 = A + 	Σ	G!8!@	("), @	

 

8 is the class value for the inputs and @ the vectors. @(") Is the support vector, “.” the product 

A and ∝ " are the parameters which will establish the hyperplane (Karimi et al., 2019; Adams 

et al., 2020). 

 

2.8.1 Advantages and Disadvantages of Support Vector Machines 
 

The advantage to the SVM model is that the kernel function allows for great flexibility as the 

classification threshold need not to be linear or the functional form for all the data need not be 

the same as the function is non-parametric and also operates locally. In addition, the kernel 
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retains implicitly non-linear transformation making data linearly separable, making the model 

robust and does not require human intervention beforehand. SVM also provides good sample 

generalization even though the training data contains some bias contributing to the robustness 

of the model (Tharwat et al., 2017; Shukla, 2020). 

 

The disadvantage of SVM is that lack of transparency making it difficult to understand results. 

This is common for non-parametric models (Lin, 2019; Feng et al., 2019). 

 

2.8.2 Application of Support Vector Machine 
 
A customer dataset was utilized with an SVM model to segment customers into churners and 

non-churners. The segmentation was then utilized to establish the probability to upsell or not. 

The prediction showed a high level of accuracy with minimal errors. Predictions were produced 

with no explanation to justify the customer segmentation (Lian-Ying, et al., 2019; Jozdani, 

2019). 

 

In a cancer study using a large set of data containing various prognostic and diagnostic 

features SVM perform very well in identifying certain genetic relationships found in subjects 

diagnosed with cancer. The model was able to classify patient’s molecular signatures quite 

accurately and speedily (Wang and Chen, 2020; Wadkar et al., 2020).  

 

Within the service aspect of a business, customer responses to services received gives 

companies invaluable insights as to what the customer perceives from the business. Forming 

part of the direct marketing campaign, the SVM model was used for the customer profile data 

to predict which customers will provide a low response rate. The dataset included monetary, 

service frequency and schedule data (Che et al., 2020; Song and Alkhalifah, 2020) 

 

2.9 Artificial Neural Network 
 
Artificial Neural Network (ANN) is an algorithmic model that is based on the way the human 

brain works using inputs and transforming this input into output signals. The input signal is 

received by a neuron and weighting is assigned. The weighting is then calculated and 

processed to formulate the prediction as an output (Zurada, 1992; Bayat et al., 2019; Akhgar 

et al., 2019). Artificial Neural Network are also described as a physical cellular network with 

the ability to store, acquire and use experimental data (Zhang, 2016; Nasser et al., 2019).  

 

The Artificial Neural Network processing architecture consists of a vast number of highly and 

simple interconnected neurons that were inspired by the makeup of the cerebral cortex of the 
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human brain which also consists of neurons as in Figure 2.9 (Abu Dalffa et al., 2019). Over 

time, research has shown that the traditional computer system did not do certain things well 

which was found in humans and animals. The development of the ANN aimed to do what 

humans and animals do well which computers do poorly. Humans and animals adapt well to 

experimental data, adapt easily to complex data and are able to store complex patterns for 

future reference (Asteris and Mokos, 2019; Cavaleri et al., 2019). 

 

 
Figure 2.9: Structure of a neuron network (Abu Dalffa et al., 2019) 

 

The ANN model in general computes the output by processing multiple input vectors X. The 

net input function comprises of input variables x1, x2, x3……xi which are multiplied with the 

coefficients wji which is known as weights. The transferring of the net input transfers the signals 

through the neurons (Baroni, 2020; Kimaev and Ricardez-Sandoval, 2019). 

 

The following shows how the output yn, on the nth neuron is calculated: 

	

41I) = J	Σ	?)!@! 	
 

Netn is then transferred as an input argument into the transferring function   

8# = 6KI) =	1 {1 + exp[−/)(41I) +	P))]}⁄  

 
The commonly used ANN algorithms include the Multi-Layer Perception (MLP) and the Radial 

Basis Function Network (RBFN). The RBFN is commonly utilized in biological systems and 

uses radial basis functions to solve interpolation problems. The model was first used to 
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illustrate a non-linear relationship and show how a solution to an interpolation problem can be 

implemented (Cai and Liu, 2018; Baroni, 2020). 

 

The RBFN model consists of an input, hidden and output layer. However, the model only has 

one hidden layer unlike the MLP which can consist of many hidden layers. This hidden layer 

consists of nodes and the radial symmetric basis function is utilized to activate the function of 

the nodes (Maind and Wankar, 2014; Niedbala, 2019).  

 

The Gaussian function is the most commonly used function to activate the nodes with the 

network. It has been noted the choice of function does not necessarily improve the 

performance of the network. The Gaussian function can be expressed as follows: 

 
S	T = [	@ − DT2 / U	2j] 

 
Where S	T represents the output the T node with the hidden layer, @ represents the input vector 

and D is the centre (Maind and Wankar, 2014; Cavaleri et al., 2019).  

 

2.9.1 Functionality of the Artificial Neural Network 
 
The Artificial Neural Network consists of hundreds of processing units all interconnected in a 

complex network. A unit or node is a simplified version of a neuron, which receives an input 

signal from a connecting node and sends it off to another node as shown in Figure 2.10 (Al-

Shawwa et al., 2019; Bui et al., 2020). 

 

 
Figure 2.10: The basic structure of a node 
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The ANN model basically has three layers, the input, hidden and output layer. The input layer 

neurons receive data from a data source such as an input file or in some real-time applications 

it receives data directly from a device. The hidden layer neurons are where a weighting is 

placed on a decision which was based on the input data and sent onto the output layer. The 

output layer sends data to another computational process or another device (Naderpour et al., 

2018; Pham et al., 2020)  

 

The crucial part of the ANN is the way the neurons communicate with one another. The model 

relies on connections to communicate between neurons. The first connection is responsible 

for the ability sum from one neuron to another. The other connection is responsible for the 

subtract function between the neurons (Castanedo, et al., 2014; Rem et al., 2019).  

 

The ANN model also allows for a neuron to restrict another neuron in the same layer which is 

normally commonly utilized in the output layer and is known as lateral inhibition or competition 

(Asteris et al., 2019; Sharifzadeh et al.,. 2019). As an example, this works as follows, when 

taking a text recognition problem and the probability of the character being an “A” is 80% and 

the probability of the character being an “F” is 60%. The model will select the one with the 

highest probability and inhibit the rest. It also allows for a connection known as feedback, 

where a neuron from one layer is able to communicate with a neuron in a previous layer as in 

Figure 2.11 (Dongare et al., 2012; Coutinho et al., 2019). 

 
 

 
Figure 2.11: ANN communication structure 
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2.9.2 Advantages and Disadvantages of the Artificial Neural Network 
 
The advantage of the ANN model is flexibility to data consisting of drastic change as it has 

greater data pattern recognition when compared to other popular models. With the ability to 

execute parallel computational processes the model is a great fit for real-time processing and 

the model performs well with complex data sets. Fault tolerance is high as one or more corrupt 

neurons will not prevent output and the model has been known to be able to work with 

incomplete data in certain circumstances (Ahmad et al., 2014; Kuo and Huang, 2018).  

The disadvantage of the ANN model is that it has a high dependency on hardware as it requires 

processors that allows for parallel processing and its behaviour is unexplainable as it does not 

give reason for the output (Mijwel, 2018; Toghraie et al., 2019).  

 

2.9.3 Applications of the Artificial Neural Network 
 
The ANN model proved to be of great value in the application of implementing an automated 

call answer solution where the model was able to identify the waving of a hand to answer the 

call. Another hand gesture application which used the ANN model was an application which 

identified left and right-hand gestures to page through an electronic book and scroll web pages 

(Keane et al., 2019; Bayat et al., 2019). 

 

In a study where an Artificial Neural Network (ANN) model was utilized to establish if a 

customer was a potential churner. The results showed that accurate predictions were 

produced, but an absence of explanation prohibited a better understanding of customer 

behaviour to decrease the churning rate in the long term, proactively (Molchanov et al., 2017; 

Al-Shawwa et al., 2019).  

 

2.9.4 Deep Neural Networks 
 
A greater capitalization of the Artificial Neural Network exists, and it is known as Deep Neural 

Networks. With an Artificial Neural Network each node constructs a relationship with another 

node, and it rates that specific relationship. This all occurs within a single hidden layer, but with 

Deep Neural Networks this occurs within multiple hidden layers as shown in Figure 2.12 

(Convington et al., 2016; Bashar, 2019). 
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Figure 2.12: Deep neural network structure with more than one hidden layer (Bashar, 2019) 
 

The Deep Neural Network computation are executed by each hidden layer. The output of 

hidden layers is h(i)(x), the computational process for each network with L hidden layers is as 

follows: 

5(@) = 5[/(+,%) 	(ℎ(+)	W/(+) 	X…Zℎ(') [/(') \ℎ(%) ]/(%)(@)^_`abc	

 

The multiple hidden layers allow for complex data-driven predictions such as self-driving cars, 

optical recognition systems and advanced web searching processes (Wen et al., 2016; 

Koopialipoor et al., 2019). 

 

2.9.5 Different Types of Deep Neural Networks 
 
The Auto-encoder is a type of deep neural network that allows for the learning and predicting 

of coding patterns (Su et al., 2019). The Auto-encoder algorithmic model is made up of an 

input layer, one or more hidden layers and an output layer (Montavon et al., 2018). The 

significant functionality of the Auto-encoder is that output layer has the same number of nodes 

as the input layer. The Auto-encoder functionality is to utilize the output layer to predict the 

input layer (Too et al., 2019; Li et al., 2019). 

 

The Deep Belief Net is a type of deep neural network that allows for non-convex problem 

handling and local minima by utilizing the multilayer perceptron (MLP) (Ruder, 2017; Barragan-

Montero et al., 2019). The algorithmic model consists of multiple layers with connected latent 

variables in between the layers. Subnetworks are constructed with hidden layers which 
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function as input layers and the lowest hidden layers function as a training set to the next layer 

(Durstewitz et al., 2019). This allows for each layer within the network to be trained 

independently and has proven to be very effective in acoustic modelling (Wongsuphasawat et 

al., 2017; Ancona et al., 2019). 

 

The Convolutional Neural Network is also another type of deep neural network and functions 

by assembling small pieces of data and moving then deeper into the network of multiple layers 

(Sun et al., 2018). The model individual neurons are assembled in a way to react to overlapping 

when solving visual regional area problems. This response to overlapping is solved by the first 

layer, identifies the boundary of a region and builds a template for all the boundaries (Shwartz-

Ziv and Tishby, 2017; Thulasidasan et al., 2019). The following layer combines the boundary 

templates and places it into position and the last layer matches the input image to the 

constructed template for a final prediction (Wang et al., 2020; Hollon et al., 2020). 

 
2.9.6 Applications of the Deep Neural Network 
 

Deep Neural Networks are utilized in a number of really interesting fields of research. Scientists 

have deployed Deep Neural Networks in the field of human neural and cognitive 

understanding. The research aims to explain a human’s cognitive decision making and 

understanding. The research has sparked a number of healthy and constructive debates from 

the view of philosophical science, but the main objective is to understand human thinking and 

reasoning (Cichy and Kaiser, 2019; Li et al., 2019). 

 

With the stock market buying and selling being extremely competitive, a number of top stock 

market investing companies have applied Deep Neural Networks in predicting stock market 

prices. Data is collected from a wide variety of data sources across industries and supplied 

into a Deep Neural Network. This Deep Neural Network functions with common evaluation 

metrics and other predictive methods. The Deep Neural Network allows for the processing of 

complexed data structures (Hollon et al., 2020; Jiang, 2020). 

 

2.10 Goal Question Metric 
 
As with many engineering fields, the development of software requires a method to evaluate 

the effectiveness of what was developed and implemented (Basili, 1994; Solano et al., 2019). 

Many studies have shown that to measure a developed product or services effectively the 

metric used needs to be goal specific, applied to the product or service throughout the 

development lifecycle, and interpreted in the context of the specified environment (Van 

Solingen et al., 2002; Godin et al., 2019). 

 



35 
 

The Goal Question Metric (GQM) is an evaluation approach in which the detailed goals are 

defined by an organization that resides within a specific project (Hussain and Ferneley, 2008; 

Gallina, 2020). Once the goals are clearly defined within the project, a clear path needs to be 

defined to trace the goal to the data which will establish the goal. The final step is to provide a 

context to interpret the data which is related to the goal (Boehm et al., 2005; Kim et al., 2019). 

The general outline of the GQM approach is a hierarchy structure that starts with the setting of 

the goal, the questions to assess the goal, and metric to measure the effectiveness of the goal 

being satisfied as in Figure 2.13 (Gallina, 2020; Ehrlacher et al., 2020). 

 

 
Figure 2.13: Goal question metric structure (Gallina, 2020) 

 

The GQM approach was initiated with the purpose of evaluating defects for a group of projects 

for the National Aeronautics and Space Administration agency’s Goddard Space Flight Centre. 

The agency had a number of projects in which the goals were defined, the quality of defining 

the goals improved over time and though the GQM approach was limited to a single 

environment it quickly expanded into other areas of work (Yahya et al., 2015; Movilla-Pateiro, 

2020).  

 

In many cases it is challenging to measure the development of software as the environment 

includes the supplied data, the project needs and the context is different for many stakeholders 

(Differding et al., 1996; Franco et al., 2019). The GQM approach allows for a Goal to be setup 

for each phase of the project, Questions to be answered to ensure that the Goal is met and a  

Metric to assess how effectively the Goal was met (Rajput et al., 2011; Godin et al., 2019). 

These Goals, Questions, and Metrics can be defined with all stakeholders collectively to ensure 

that the different contextual views are covered. The approach also allows for a great ability for 

project monitoring throughout the software development process (Chicco and Jurman, 2020). 
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2.10.1 Structure of the Goal Question Metric Approach 
 
A detailed description of the three GQM layers can be defined as follows: 

 

Goal: Within the project, a product, service, or process would be defined as an output. A goal 

would then be attached to the output in terms of quality or effectiveness from various 

perspectives but relative to a specific environment (Nagappan et al., 2008; Chicco and Jurman, 

2020). 

 

Question: A list of questions is established to assess the delivery of the defined goal. The 

questions are formulated for a specific product, service, or process. It is important to note the 

perspective in which the question is being answered and also the environment (Beer and 

Felderer, 2018; Solano et al., 2019). 

 

Metric: The quantitative data used to answer the question. The data can be objective (only 

dependent on product, service, or process being measured) or subjective (dependent on the 

environment, perspective, product, service, or process being measured). It is also important to 

be aware of the data quality throughout the GQM process (Chicco and Jurman, 2020).  

 
Table 2.2. An example of GQM layout (Van Solingen et al., 2002) 
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2.10.2 The Advantages and Disadvantages of the Goal Metric Question Approach 
 

The advantage of the GQM approach is that it has been found to be an effective tool to gather 

an understanding and monitor the implemented software development practices within an 

organization as it questions every implemented process. It is also for software alignment in the 

organization as each software deliverable needs to answer a very specific goal (Rahimi, 2013; 

Beer and Felderer, 2018).  

 

The disadvantage of the GQM approach is that if the establishment of goals is not managed 

correctly the goal and the measure thereof could become very subjective making it ineffective. 

The approach has been found to also lack a formal guideline and structure set out by the 

software development community (Rahimi, 2013; Franco et al., 2019). 

 

2.11 Related Work 
 
Direct marketing over the years has become a method widely used across industries to target 

specific groups of potential customers. The method assesses customer parameters such as 

geographical information, spending patterns, and previous customer purchases to construct a 

product offering directly to a customer. In many areas, this method has been effective in sales 

increases and customer retention (Alanen, 2016; McCoy, 2019). 

 

A number of advancements in data processing technologies have been made which also allow 

for the storage of large amounts of data. This advancement which allows for the storage of 

large data sets enables companies to execute a more detailed and accurate customer 

analysis. The analysis in turn results in more accurate potential customer predictions. These 

advanced data sets enable customers to be grouped or segmented in an accurate manner and 

product offerings can be offered to these customers at the right time (Flici, 2011; Zhang et al., 

2019). 

 

The field of data-driven direct marketing has been found to capitalize on the data technological 

advancement. Complexed data sets are compiled and processed by data algorithms to identify 

customer patterns to predict the probability that a customer would purchase a specific product 

(McCoy, 2019). Well-established companies all around the world who rely on data-driven direct 

marketing strategies are heavily reliant on large data sets and it was found that smaller 

companies rely less on customer data sets (Beheshtian-Ardakani et al., 2018; Cavaleri et al., 

2019). 
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There are a number of data-driven direct marketing software packages which is currently in 

use by a number of companies. A number of current software packages utilize social media 

and emails to gather customer data but there are also a number of other solutions that gathers 

data from more advanced sources such as Customer Relationship Management (CRM) 

platforms (McCoy, 2019; Chatterjee et al., 2019).  

Other studies have shown that the banking sector has also shifted to data-driven direct 

marketing strategies. Large amounts of data were gathered from across internal data sources 

for the construction of customer characteristics. This data was then supplied as inputs to 

algorithmic models such as Nominal Regression, Bayesian Networks, and Decision Tree 

models. The output produced by these models were proven to be accurate and effective to the 

bank, but it was noted that highly skilled resources were needed to interpret the output and to 

actually configure the models (Elsalamony, 2014; Ancona et al., 2019). 

 

Direct marketing has been proven to yield great results when using machine learning. Machine 

learning has allowed companies to make more accurate predictions resulting in a saving of 

time and money (Erel et al., 2018). The commonly used accurate machine learning models 

are normally structured in a nested non-linear manner. The Random Forest model which is a 

well-known non-linear structured model is normally applied in a black-box manner with no or 

very little explanation provided on how the model derived a particular prediction. It is this lack 

of explanation that makes it challenging to identify faults in the model and any biasness which 

might exist in the data (Guidotti et al., 2018). 

 

The algorithmic models utilized in machine learning enables data processing and the removal 

of a lot of speculation that was evident in prior direct marketing solutions. However, these 

machine learning models do not deliver detailed explanations of why a specific probabilistic 

prediction was made. It is this absence of explanation and understanding that brings about a 

level of uncertainty as results are being generated as output, but few know why (Erel et al., 

2018; Hollon et al., 2020).  

 

Another study concurred with the problem of complexity surrounding machine learning models 

but focused on the fact that this difficulty creates a demand for greatly skilled personnel 

(Fischer et al., 2020). 

 

Case-based reasoning (CBR) utilizes the stored previous occurrences to generate the solution 

to a current occurrence. The CBR approach includes functionality to have robust explanation 

mechanisms as it originates its explanations from similarly matched previous cases (Daramola 

et al., 2013; Lamy et al., 2019).  
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In many cases, CBR is utilized to address the absence of explanation and simplify the 

understanding of results. CBR can be utilized to support the predictions produced by the 

machine learning models, which would complement the machine learning models’ functionality 

in a positive way. The CBR problem-solving process includes retrieval of a case, reuse of a 

case, and adaptation of a case and retention of a case. CBR examines the previous 

occurrences with comparable output and provides a comprehensive explanation of the current 

output. Realistic evidence is utilized from a group of applicable cases to explain the current 

occurrence of a case. The explanations are simplified irrespective of the complexity of the 

current problem (Vásquez-Morales et al., 2019; Fei and Feng, 2020). 

 

(Fischer et al., 2020) made an effort to establish the most suited classification technique for 

data-driven direct marketing. Four commonly used classification techniques were selected and 

evaluated. The results were indicative that decision trees generated a reasonably high 

specificity, accuracy, and sensitivity. (Zhao et al., 2019) completed a comparison within the 

banking industry where four different machine learning models were compared to analyse the 

success in predicting potential customers for banking products.  

 

The results have proven that the utilization of machine learning algorithmic models enables for 

the processing of vast volumes of data and retrieving a larger historical view of customer 

expenditure patterns. The importance was on the accuracy of results and the provision of no 

explanation. (Lawi et al., 2017) assessed banking data that was applied to the Random Forest 

Regression and SVM model to produce a prediction of potential banking customers. Both the 

Random Forest Regression and SVM models have produced a great performance for 

classification but the Random Forest Regression indicated a slightly improved result for 

sensitivity and accuracy. It was also noted that both algorithmic models produced results with 

no explanation in order for the user to get a greater understanding of how and why results 

were produced as output.  

 

Another study compared the Naive Bayes and Random Forest Regression algorithmic models 

by utilizing a banking dataset to analyse and determine which customers would likely opt-in for 

long term deposit products. The Random Forest Regression algorithmic model has proven to 

produce better output in terms of specificity, sensitivity, and accuracy. However, these models 

have also produced output with no explanation (Brieuc et al., 2018). 

 

(DeSolo et al., 2019) showed that data classification by machine learning algorithmic models 

is accurate and effective in establishing which customers will subscribe to long-term saving 

products within the banking sector. A large customer dataset was labelled with appropriate 

features, and customers were segmented by location. A Random Forest and Naïve Bayes 
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classification algorithmic model was utilized to categorize the customers into likely and unlikely 

groups. The Random Forest algorithmic model was found to perform with a higher level of 

accuracy.  

 

A study has shown that the implementation of machine learning algorithmic models improves 

marketing considerably. This was tested by implementing a machine learning algorithmic 

model to a large customer dataset containing various customer characteristics to produce 

predictions (Bayoude et al., 2018).  

 

(Lian-Ying et al., 2019) made an attempt to identify potential customers to be targeted for 

upselling certain products within a telecommunication company by the utilization of machine 

learning algorithmic models. The Support Vector Machine (SVM) algorithmic model was 

implemented to a customer dataset. The SVM algorithmic model then classified the customers 

as a non-churner or churner. These segmented groups were then used to upsell products and 

a special focus was placed on the churner group to possibly convert them to a non-churner. 

The prediction showed a high level of accuracy with very minimal errors but lacked an 

explanation as to why a customer was classified as non-churner or churner. 

 

A Deep Learning model was implemented with a telecommunication customer dataset to 

predict customer churn. It was evident from the findings that predictions were produced with a 

high level of accuracy with no explanation accompanied by the predictions. This lack of 

explanation restricted an increased understanding of customer behaviour to decrease the level 

of churners proactively in the long term (Al-Shawwa et al., 2019). 

 

(Chen, 2016) suggested that the retrieval of customer data from the service, resource and 

customer layers within a telecommunication company would allow for the construction of an 

insightful customer profile. The customer billing data which includes customer consumption, 

usage and spend limit data are also valuable attributes in predicting which customers are 

potential purchasers of products. It is evident that there is a correlation between current 

consumption and a customer’s past spending pattern. This correlation can be utilized to 

executing a meaningful prediction at the right time.  

 

A study has shown that combing a case-based reasoning system with a machine learning 

algorithmic model improves prediction output in terms of the speed of producing a prediction 

as its knowledge base is built by adding domain knowledge from experts in the form of previous 

cases. The hybridized system was implemented to predict domain name prices and it did so 

with minimal hardware allocation, high level of accuracy and speed (Bayoude et al., 2018). 
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(Hegdal & Kofod-Petersen, 2019) assessed a hybridized CBR-ANN system and has indicated 

an improvement in results when compared to a standalone ANN algorithmic model. Although 

there was not a major difference in performance it was noted that the system was applied to a 

single-use case. Another study that focused on the execution of skin disease prediction by 

(Dabowsa et al., 2017) utilized a real-life skin disease dataset that was implemented to a 

system consisting of CBR-ANN has been evident to be feasible with acceptable performance.  

 

(Bayoude et al., 2018) compared and analysed the performance of a standalone CBR and a 

hybridized CBR-ANN system. The results indicated that an enhanced performance was 

evident as the ANN model was utilized to enhance the weighting allocation process in the CBR 

and in many cases the hybridized approach has produced predictions in a more speedily 

manner due to the utilization of previous cases.  

 

(Lian-Ying et al., 2019) experimented with a hybridized approach. It compared an ANN only, 

CBR only and a hybrid CBR-ANN system to execute a prediction of property value within 

residential areas. The hybridized CBR-ANN solutions have indicated a significantly improved 

performance and ease of usability.  

 

Lastly, although the concept of post hoc explanation for explainable machine learning is 

currently attracting increasing attention from researchers, so far this has not been applied to 

the telecommunication domain, which makes the intended contribution of this study to be 

unique (Vásquez-Morales et al., 2019; Schwabe et al., 2019). 

 

2.11 Summary 
 
In this chapter, the literature was presented on the current landscape of the telecommunication 

industry within South Africa. This was accompanied by the current data-driven direct marketing 

tools and the current lack which exists in these tools according to the literature.  

 

A detailed description of a number of machine learning algorithmic models, case-based and 

rule-based reasoning was presented. This was in the order of a description of the model’s 

functionality, application, advantages and disadvantages.  

 

Lastly, the Goal Question Metric (GQM) approach was presented detailing the functionality 

thereof, and the contribution it is designed to make to software development projects. 
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CHAPTER 3 
METHODOLOGY 
 
This chapter explains the research philosophy, methodology, and strategy applied for the 

study. The research strategy is described in detail with each phase being outlined which is also 

graphically presented by using a workflow diagram. The chapter also provides an overview of 

the alignment between the set of objectives and the adopted methodology mapping for the 

study. 

 

3.1 Research Philosophy 
 
Research philosophy describes the belief concerning the methods in which data will be 

gathered, how the data will be analysed, and how the data will be evaluated in making a 

conclusion. Research philosophy can be one of pragmatism, positivism, realism, or 

interpretivism (Moon et al., 2019).  

 

Pragmatism is one that uses multiple research methods using qualitative or quantitative data 

collection methods. Positivism is normally very much structured, factual, and using large 

samples of data. In most cases, it applies quantitative data collection, but a qualitative 

approach can be applied. The idea of realism is heavily dependent on the idea that there is an 

absolute separation between reality and the human mind. Data collection can be quantitative 

or qualitative. Interpretivism is mostly applied to small data sets for an in-depth analysis or 

investigation. Data collection is normally qualitative (Moon et al., 2019).  

 

Epistemology is defined as the description of how someone has come to know something or 

how one knows the reality of something. This knowledge can be acquired by various human 

interactions or by reviewing existing literature (Kivunja et al., 2017).  

 

The epistemology of the research was informed by the knowledge and information gained from 

existing, published literature on the design and implementation of similar data-driven direct 

marketing tools, technologies, and types of products marketed on data-driven direct marketing 

platforms.  

In gaining an understanding of machine learning algorithmic models and intelligent reasoning 

systems, relevant books, publications and journals were reviewed. Also, interactions with 

various field experts enabled the gathering of knowledge of the application of machine learning 

in the telecommunication domain, effective ways of building intelligent reasoning systems and 

direct product marketing for data-related products. 
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The ontology is described as the nature and essence of the truth or reality. It assists with the 

conceptualization of the nature of reality and concepts which would be analysed to make sense 

of the research data (Kivunja et al., 2017). The ontological perspective of this study was 

objectivism as the essence of the truth or reality, defined by the nature of the data gathered 

throughout the study. 

 

Pragmatism philosophy assumes to be relatively objective or subjective and represents a 

quantitative or qualitative account. The philosophy allows for the reality of an object to be 

evaluated in a manner that facilitates a solution to the problem. This is ideal for the construction 

of a hybridized framework that would be operationalised in a way to allow for facts to be 

measured quantitatively. The pragmatism philosophy also allows for both quantitative and 

qualitative data collection. The researcher would be enabled to perform detailed data analysis 

using various data processing mechanisms and build detailed explanations (Park et al., 2020).  

 

3.2 Methodology 
 

Research methodology describes the specification of procedures and techniques used to 

identify the data to be used, how the data will be processed and how it will be evaluated. The 

distinguishing emphasis of the methodology is that it focuses on the techniques (Wang et al., 

2019). 

 

A quantitative research methodology was utilized for this study as the majority of the data is of 

a numerical nature. The data collected throughout the study was evaluated quantitatively using 

statistical analysis. This quantitative evaluation was done within a design science 

methodology. 

 

3.3 Research Strategy 
 
In order to meet the objectives of the research, the research strategy describes the manner in 

which research will be planned, implemented and monitored. In selecting a research strategy, 

it is important that the selected strategy complements the methodology (Huynh et al., 2018). 

 

There are a number of commonly used research strategies such as an experimental, survey, 

or case study strategy. The experimental strategy basically assesses the cause and effect 

relationship between variables which is normally of a quantitative nature. The survey strategy 

is normally used to capture a group of individual’s sentiments at a specific time. This can 

include the behaviour or attitude of a specific group. The case study strategy involves the 
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assessment of previous or current cases/situations and applying a theoretical concept in 

formulating findings related to the case (Huynh et al., 2018). 

 

For the purpose of this research, the design science research methodology (DSR) will be used 

as the research strategy which entails the design, construction, and evaluation of the 

hybridized framework in a quantitative manner. A great deal of literature exists on design 

science methodology and assisted a great deal in applying the methodology. As the solution 

was an interaction of people, company and complex technology it was important to include a 

phase that was able to assess the technology's interaction with people and the solution design 

itself (Kogan et al., 2019). 

 

The design science methodology was an ideal methodological fit to create an artefact (a 

designed solution aimed at solving a specific problem) and evaluate the artefact effectively. It 

has been a widely used methodology and previously used with the implementation of network 

systems, prototyping web applications and educational information systems (Kogan et al., 

2019). 

 

3.4 Design Science Research 
 
The Design Science Research framework applied for this study consists of the following 

activities: explicate problem, requirements definition, artefact design and development, 

demonstration and evaluation as shown in Figure 3.1 (Johannesson and Perjons, 2014). 

 

 

Figure 3.1: Design science research model (Johannesson and Perjons, 2014) 
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3.4.1 Explicate Problem 
 

This phase of DSR was used to identify the problem surrounding the need for an explainable 

ML framework for data-driven product marketing systems, documents of current data-driven 

product marketing tools were analysed. In addition to this, further literature on the explainability 

of ML-based data-driven products, marketing output was reviewed (Kogan et al., 2019).  

 

3.4.2 Requirements Definition 
 
The requirements definition phase is where the requirements to meet the objectives are 

defined and an assessment is made as to what is feasible and possible (Kogan et al., 2019).  

 

In achieving this it is good practice to involve a number of stakeholders and experts who can 

assist in executing a detailed analysis of what can be achieved. The requirements should be 

concluded rationally from the problem statement (Kogan et al., 2019). 

 

There are a number of ways to execute the requirements definition phase such as one on one 

or group interviews, questionnaires, surveys or joint application design sessions (Kogan et al., 

2019).  

 

The documented problems from the initial phase were modelled by defining requirements 

using a functional decomposition diagram and use case diagrams. Each requirement 

importance was evaluated and a priority of 1 – 5 (where 1 is a high priority and 5 is a low 

priority) was assigned to each requirement.  

 

These requirements addressed the problems in providing an understandable ML framework 

for data-driven direct product marketing. The output of this phase was a requirement 

specification document that was used to design and develop an artefact. 

 

3.4.3 Artefact Design and Development 
 

In the artefact design and development phase, an artefact/prototype was developed to satisfy 

the requirements specified in the requirements definition phase. In this phase, the necessary 

resources in terms of skilled personnel, hardware and software were used to create a fully 

functional artefact. The testing of functionality as per specified requirements also took place in 

this phase (Kogan et al., 2019). 
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For this study, data collection was done at the resource, service, customer and billing layer 

derived from the telecommunication industry. The data collected was pushed to the ML 

framework for data-driven direct product marketing, resulting in a prediction and explanation 

outputted to a user. 

 

The front-end was developed using Java as this allows for the development of an easy to use 

front-end. The data was passed from the Java front-end to the Random Forest algorithmic 

model using the Java Worker API. The architecture included the jCaBaRe Case-Based 

Reasoning API and the Java Jess rule engine as the intelligent reasoning system. 

 

The developed solution is an easy to use graphical interface for any employee within an 

organization to use. In turn, this was expected to reduce the skill requirement, capital and 

operational expenditure. There was a need to include a data processing mechanism and the 

hybridization consisted of a reasoning and algorithmic mechanism. 

 
3.4.4 Demonstration of the Artefact 
 
In the demonstration of the artefact phase the fully functional artefact was demonstrated to all 

stakeholders. All resources are available in this phase to ensure that the artefact is able to 

execute successfully (Kogan et al., 2019). 

 

The artefact was installed on five users’ desktops. Once the artefact was successfully installed 

the evaluation of the artefact was initiated (Kogan et al., 2019). 

 

3.4.5 Evaluation of the Artefact 
 
In the evaluation of the artefact phase all stakeholders were given the opportunity to observe 

and measure, to gauge how satisfactory were the requirements delivered within the artefact. 

This phase requires that the technique of analysis is defined and that the correct metrics are 

selected to measure the delivery of requirements. The evaluation is conducted from the 

perspective of each stakeholder (Kogan et al., 2019). 

 

To determine if the artefact was successful in addressing the defined requirements, the hybrid 

ML framework for data-driven direct product marketing was evaluated by performance, 

usability and the quality of explanation.  
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In evaluating the hybrid ML framework for data-driven direct product marketing the Goal 

Question Metric (GQM) was used. GQM proposed a question to a user and a rating was 

allocated based on the understanding of a goal that was achieved (Achtaich et al., 2019). 

 

The questions included within the GQM were based on metrics highlighted in a study by 

Gunning (2017). In measuring the effectiveness of explanation, the metric focussed on user 

satisfaction, mental model, correctability, trust assessment and task performance (Gunning, 

2017). Figure 3.2 below shows a graphical view of the GQM and measuring the effectiveness. 

 

 

 

Figure 3.2: Graphical view of the GQM to be used 
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In Figure 3.3 the research methodology workflow and the output produced by each phase 
throughout the research process is presented. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 

Figure 3.3: Research methodology workflow 

 
3.5 Objectives to Methodology Mapping 
 
Table 3.1 shows how the objectives mapped to each phase of the adopted design science 

research methodology framework. This provides a clear understanding of how each objective 

was achieved by each phase. 
 

Table 3.1 Objective to methodology mapping 

Research questions Objectives DSR phase Methods/activities/tools 
What are the attributes of an 
easy to use and explainable 
ML process framework for 
data-driven direct product 
marketing? 
 

To determine the 
requirements for an 
explainable ML 
framework for data-
driven direct product 
marketing. 
 

Explicate 
Problem 
 

• Literature review 
• Review of existing tools 
 

Requirement 
Definition 

• JAD sessions 
• Use case diagrams 
• Specification of requirements 
 

How can ML and intelligent 
reasoning be combined for 
data-driven direct product 
marketing? 
 
 
How can a hybrid ML 
framework for data-driven 

To design a hybrid ML 
framework for data- 
driven direct product 
marketing. 

Artefact design 
and development 
 
 
 
 
 
 

• Architectural modelling 
• System design 
• Front-end development in Java. 
• The development and 

composition of algorithmic 
model which includes ANN, 
SVM and Random Forest  

• Case-based reasoning using 
jCaBaRe. 
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direct product marketing be 
implemented? 

• Intelligent rule-based reasoning 
system using JESS. 

 

Demonstrate 
artefact 
 

Presentation of artefact 

How can a hybrid ML 
framework for data-driven 
direct product marketing be 
evaluated for performance, 
ease of usability and 
explanation of output? 

To evaluate the hybrid 
data-driven direct 
product marketing ML 
framework for 
performance, ease of 
usability and 
explanation of output. 

Evaluation of 
artefact 

• Experimental validation of 
performance of 3 ML models: 
ANN, SVM and Random Forest 
using metrics such as accuracy, 
sensitivity and specificity. 

 
Validation of usability and 
explanation of output by using the 
Goal Question Metric (GQM): 

• User satisfaction 
• Mental model 
• Task performance 
• Trust assessment 
• Correctability 

 
 
 
3.6 Summary 
 

In this chapter, the research philosophy included the information which informed the 

epistemology of the study, an ontology which was one of objectivism and the positivism 

philosophy which was applied for the study. The overview of the research strategy which is a 

design science research strategy was also presented. A description of each phase was 

provided and how each phase was executed in completing the study successfully. This 

description ended by assessing the evaluation technique which is the goal question metric and 

how it was implemented in the study. 

 

The chapter concluded by presenting the objectives to methodology mapping which showed 

the research questions, the objectives which will satisfy the questions, and how the specific 

phases of DSR correspond to specific objectives.   
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CHAPTER 4  
REQUIREMENTS ANALYSIS AND DESIGN OF THE PROCESS FRAMEWORK  
 

In this section, the requirements and conceptual design of the proposed process framework 

for direct marketing with explanations are presented. The description of how each phase of the 

Design Science Research (DSR) strategy was applied by using a sample dataset to design 

and develop the artefact was presented. 

 

4.1 Requirements Elicitation and Analysis 
 

This section consists of detail retrieved from the execution of the explicate problem and 

requirement definition phases of DSR. This consists of how the problem was understood and 

the actual definition of the requirements. 

 

4.1.1 Understanding the Problem 
 
The explicate problem phase of the DSR strategy enabled an understanding of the problem. 

The methods utilized to achieve this was a literature review and a review of existing tools. The 

detailed literature review is presented in chapter 2 and the review of existing tools are shown 

in Table 4.1. 

 

Based on the product review listed in Table 4.1, only 35% of the products reviewed can handle 

large datasets, 71% of the products reviewed require a high level of skill to setup and interpret 

results.  

 

It was also noted that 85% of the products reviewed had a rating of very difficult to difficult for 

ease of use and none of the models allowed for the application of multiple predictive models. 

Lastly, all the products reviewed showed no explanation to minimal explanation of results. 
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Table 4.1: Review of existing tools 

S/N Application Name Manage 

Large 

Data 

sets 

Yes/No 

Skills 

Level 

Required 

Low 

Medium 

High 

Ease 

of Use 

Very 

Difficult 

1 – 10 

Very 

Easy 

Explanation 

of Result 

No Detail 1 

– 10 

Extremely 

Detailed 

Multiple 

Predictive 

Models 

Yes/No 

Website Review Platform 

1 Direct mail manager Yes Medium 10 5 No www.softwareadvice.com www.softwareadvice.com 

2 MailChimp Yes Medium 5 2 No https://mailchimp.com/ www.capterra.com 

3 Aweber No High 3 1 No https://www.aweber.com/ www.capterra.com 

4 

Constant contact No High 4 2 No 

https://www.constantcontact.com/global/home-

page www.capterra.com 

5 Maxtra technologies No Medium 5 3 No https://maxtratechnologies.com/ www.softwareadvice.com 

6 Loss No High 1 3 No https://ioss.in/ www.capterra.com 

7 Autopilot No High 10 3 No https://www.autopilothq.com/ www.g2crowd.com 

8 Drip Yes Medium 5 2 No https://www.drip.com/ www.softwareadvice.com 

9 MoonMail Yes High 1 1 No https://moonmail.io/ www.softwareadvice.com 

10 ActiveCampaign No High 3 3 No https://www.activecampaign.com/ www.softwareadvice.com 

11 Zift Solutions Yes High 2 1 No https://ziftsolutions.com/ www.g2crowd.com 

12 Agency analytics No High 1 1 No https://agencyanalytics.com/ www.g2crowd.com 

13 Post affiliate pro No High 1 3 No https://www.postaffiliatepro.com/ www.g2crowd.com 

14 TargetEveryOne No High 1 3 No https://www.targeteveryone.com/ www.g2crowd.com 
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4.1.2 Specifying the Requirements 
 
The requirement definition phase within the DSR strategy allowed for a detailed gathering and 

definition of requirements to satisfy the objectives. To ascertain the requirements which would 

form part of a fully functional data-driven direct product marketing framework, the Joint 

Application Development (JAD) technique was applied.  

 

JAD allowed for input from all stakeholders, development teams and application users. This 

allowed for each requirement to be analysed by participants and stakeholders. The 

requirements were established from all functional and non-functional sides which related to the 

entire system and identified use cases. Sessions were conducted over four days in one hour 

sessions until all concerning issues have been deliberated and data collected. The JAD 

session comprised of 9 participating members as below: 

 

• Specialist in Business Intelligence (1 person) 

• Specialist in Customer Experience Management (2 persons) 

• Specialist in Predictive Analytics (2 persons) 

• Customer Care End User (3 persons) 

• Customer Care Supervisor (1 person) 

 

The JAD sessions have also shown that different user profiles are needed within the 

framework. A senior user, user and user admin profile were created within the framework. A 

user’s interaction with the framework is dependent on the profile of a user. Figure 4.1 illustrates 

the different types of user-profiles and how these user profiles are allowed to interact with the 

framework, based on the defined requirements. 
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Figure 4.1 Use case diagram showing the user interaction with the framework 

 
During the JAD sessions, participating members were given the chance to comment on the 

different types of interfaces the customer and user would use to interact with the system. These 

interfaces included both front-end and back-end resources. Participants then identified how a 

customer’s purchasing pattern can be influenced positively. Participating members were also 

tasked to provide detail on any problem which might be identified as a challenge in customer 

interaction or any feature which has the potential of influencing a customer’s purchasing 

pattern. By utilizing the brainstorming process which involved all participants, solutions were 

detailed for all the problems which were then converted to the requirements. At the end of the 

JAD sessions, the following requirements of the system were derived, and the requirements 

definition was executed with Table 4.2 as the output. 
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Table 4.2: List of requirements  
Req. 
No. 

Description 

1 Prediction of customers most probable to be interested in a product accompanied by an 

explanation for the selected customer. 

2 Prediction of which products to be used to upsell. 

3 Prediction of which customers to exclude for a product offering. Explanation to be included. 

4 Predictions of the system must be produced in a reliable and speedily manner. 

5 Customers should be placed into categories of low and high spending customers based on 

the amount they spend per month. 

6 Customers should be placed into categories to identify low and high usage customers. This 

should be based on the amount the usage is per month. 

7 The explanation must be of a high quality and easy to understand. 

8 The solution should be developed in a way that code can be used in various scenarios. 

9 Due to the system containing customer data, the system has to include a login functionality 

to only allow authorized users to the system. 

10 A product list must be available for selection before the prediction task. 

11 The system must display the executed prediction and detailed explanation to the user. 

12 The system should allow the loading of products to be sold to customers on the system. 

13 It should be possible to create and delete user accounts. 

 

4.2 Design and Development of the Process Framework 
 
The Design and Development of the Artefact phase was the construction of the artefact and a 

data sample was used to confirm the functionality. The section presents the architectural 

modelling and detailed design utilized in this DSR phase. 

4.2.1 Architectural Modelling 
 
The architectural modelling section provides a high-level view, the architecture and the process 

workflow of the framework. 

 

4.2.1.1 General High-Level View of the Framework 
 
From the list of identified requirements, a hybrid ML framework that can enable data-driven 

direct marketing with an explanation was formulated. The proposed framework enables data 

retrieval from 4 layers of a telecommunication organization, which are the service, resource, 

customer and billing layers. The high-level view of how customers are targeted for direct 

marketing using the hybrid ML framework is shown in Figure 4.2. 

 

The resource layer includes customer and device data to confirm the technologies available to 

the customer. The service layer contains the data, voice and video services utilized by the 

customer during six months. The customer layer includes any interaction the subscriber had 

with the organization and the service provisioning data; while the billing layer includes data on 

spending and usage of data. Once the data collection process was completed successfully, 

the data was handed to the hybridized machine learning system that executed the prediction 

and produced an explanation.  
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Figure 4.2: The high-level view of the hybrid ml framework for explainable direct 
marketing 

 
4.2.1.2 The Architecture of the Hybrid Machine Learning Framework  
 

The architectural structure of the Hybridized Framework for Explainable Direct Marketing is 

made up of ML algorithmic models, CBR and rule-based reasoning. This hybrid system 

provides a complete range of processes which include the graphical user interface, data 

processing, middleware, outputs and the CBR knowledge base.  

 

The python-based ML algorithmic models were utilized to leverage the supervised learning 

abilities for prediction execution. The ML algorithmic models included Random Forest (RF), 

Support Vector Machines (SVM) and Artificial Neural Networks (ANN). The myCBR Restful 

API was utilized as the foundation to extract CBR functionalities.  

 

The hybridized framework consists of distinctive interfaces to support all forms of user 

interaction. These interactions included the selection of a particular direct marketing task, 

executing the data processing and the particular type of ML algorithmic prediction, utilizing the 

various algorithmic models and retrieving explanations by utilizing the intelligent reasoning 

knowledge properties. The components of the integrated hybridized ML framework 

architecture are presented in Figure 4.3. The data and feature selection were initiated from the 

Scikit-learn features and the myCBR feature. These features in turn generated the prediction 

and explanation (Petersen and Daramola, 2020).  
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Figure 4.3. Components of the hybrid ML framework architecture 
 
4.2.1.3 Process Workflow of the Hybrid Framework 
 
The process framework for the hybridized framework consists of two phases, one phase is for 

the supervised machine learning algorithmic models and the other phase for the intelligent 

reasoning which is made of case-based and rule-based reasoning. The two-phased process 

framework is illustrated in Figure 4.4 with sequential steps from 1 to 15.  

 

The first phase is made up of steps 1 to 4 and is mainly focussed on the preparation of the 

data – (1) Data gathering was the centralizing of all the data into a single dataset (2) Data 

wrangling which involved removing any duplicated or null values – (3) Data labelling which 

involved tagging the data to assist in predictions later in the process – (4) are majority 

automated and procedures. Data selection involved determining the features that were needed 

for the prediction task at hand – (5) in training a nested non-linear ML algorithmic model such 

as SVM, RF or ANN are applied to the dataset. The training of the algorithmic models was 

executed as an offline process separate from the prediction execution activity. 

The second phase of the process framework includes the generating of the prediction and an 

explanation that is initiated by the query. For the generating of prediction, as the data from the 

new query or case – (6) is passed into the process framework, the feature selection is executed 

– (7) this occurrence is to ensure that the necessary data features are retrieved from the new 

case or query. Then the matching of a case and retrieval of a case from the knowledge base 
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– (8) occurred to establish if the new occurrence of the case is alike to previous cases. If that 

the new occurrence of the case is considerably alike to previous cases, then the CBR module– 

(9) by utilizing predefined domain rules – (10) was utilized to produce a prediction and 

necessary explanation – (11).  

 

When a sufficient match with previous cases in the knowledge base is not found, the ML 

algorithmic prediction was executed – (12) executes the prediction. This functionality proposes 

three possible predictions. Firstly, which customers are potentially interested in a new product, 

secondly which customers are not interested in a new product, and thirdly which customers 

are possible candidates for upselling? Once the prediction was executed successfully by the 

supervised ML algorithmic model – (13) the CBR module – (15) will search the knowledge 

case base – (14) for case instances that might have similar features to the current incoming 

case, and utilize the case to build a suitable explanation for the new case – (11) by depending 

on the pre-existing domain knowledge rules that are stored in the repository – (11).  The 

alternate processing paths can be explored in the framework as shown in Figure 4.5. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.4. Overview of the process workflow of the hybrid ML framework 
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Figure 4.3. Alternative Computational Path of Hybrid ML Framework 

 

       

 
 
 

Figure 4.5. The paths communication during the process workflow 

 

4.2.2 Detailed Design 
 
This section details the design of the entities, classes and communication among key 

components of the framework to ensure successful functionality. 

 

4.2.2.1 Entity Classes of the Process Framework  
 

The framework was constructed for users with different user profiles assigned to a user to load 

data, view products and predicting which customers are potentially interested in a product. 

Figure 4.6 shows the design of the various classes and how these classes interact with each 

other. 

 

 

 

 

 

 

 

 

 

 

Figure 4.6. Entity class diagram of the hybridized ML framework 
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4.2.2.2 Communication and Interaction of Entities of the Process Framework 
 

The framework allows various forms of communication and interaction among entities. Figure 

4.7 shows the design of how the user interacts with the framework. The communication activity 

includes login, load data, prediction and functionality for administering users. 

 

 

 
 

4.2.2.3 User Interface Wireframe 
 
In constructing the framework in a manner which is easy to use for many users, the design of 

the user interface was of utmost importance. Each button represents the different types of 

predictions available for execution with text describing each. Figure 4.8 shows the design of 

the user interface using wireframes. 

 

 

 

 
Figure 4.7. UML communication diagram showing interaction of entities of the framework 

 

 

 

Figure 4.8. User interface design in wireframe 
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4.3 Prediction and Explanation via the CBR Module 
 

The design of the case-based reasoning module specified that the component operates by 

executing a comparison of the features extracted from the new case and the features of the 

previously occurred case which was stored in the knowledge base. The extraction of cases 

was done in the form of a query and the comparison of features was done by the use of the K-

Nearest Neighbour algorithm that uses a cosine similarity metric. The K-Nearest Neighbour 

algorithm assigns a weighting to each feature retrieved from the two cases (the new case and 

the one retrieved from the knowledge base).  

 

Once the weightings have been assigned a comparison is done to assess the similarity 

between the two cases. In the study, a threshold of 0.8 or higher was adjudged to be a 

significant similarity. This will enable the most similar cases within the knowledge base to be 

selected. In addition to the cases being selected, the domain rules were used in conjunction 

with the attributes to generate an explanation to be accompanied by the prediction. On the 

other hand, if the similarity was less than the threshold of 0.8 the ML algorithmic model was 

used to generate a prediction. The algorithm for case selection based on the similarity between 

a new case and the previous, and case prediction by the CBR is represented by algorithm 4.1. 

 
Algorithm 4.1: The CBR prediction algorithm  

Function CBR_Prediction 
Input: Case Base: CB; Query case: Qc 

Output: CBR_prediction: number ³ 0; 

new_features = {x1, x2 . xn} of Qc // set of features 1. n of a query (new) case 

CB= {C1, C2Ck} // set of cases contained in C 

Selected_Cases � { } // null set of cases 

Case_features = {s1, s2 .sn} of each Ci  ∈ CB 

W = {w1, w2 . wn} // set of weights associated with specific Case features where wi Þ si 

If not empty(CB) then 

       for each Ci ∈  CB 

                 //Compute Similarity between Querycase_features and an old _case_features 

                  Simscore�	Cosine_Similarity (WCi, WQc) // which is  
!"!	.	!%"

∥!"!∥	'	∥!%"∥
 

                  

                  if Simscore >= 0.8 add Ci to Selected_Cases 

        end for 
           CBR_prediction� CaseAdaptation(Selected_Cases)  

endif  
    return CBR_prediction 

end function	
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4.4 Prediction and Explanation via the ML Algorithmic Model 
 

Once the similarity threshold of the new case and existing case was determined and are less 

than 0.8 the trained algorithmic model was utilized to produce a prediction as output. After 

the generation of the prediction, the case-based reasoning component utilized the knowledge 

in the case base repository to establish an explanation for the new case. 

In achieving this, the most recognized and discriminant attributes for the ML algorithmic 

prediction output were used as a foundation to determine the previous cases which were most 

similar to the new case and retrieve the features from the case base. By the use of an 

exploratory operation to search, separate discriminant features of multiple cases were 

scrutinized to establish occurrences of similar cases. These were then utilized in conjunction 

with the domain rules to establish an explanation to be accompanied by the prediction obtained 

from the ML algorithmic model. The sample set of domain rules were utilized to establish an 

explanation as shown in Table 4.3. By utilizing serveral predefined textual templates, 

significant explanations based on known imperative case features and the domain rules 

resulted in the construction of cases that supported the prediction made by ML algorithmic 

models. The algorithm showing how the prediction and explanation were established using the 

machine learning model is represented by algorithm 4.2. 

Algorithm 4.2. The Machine Learning Prediction Algorithm 

Function ML Prediction ( CBR_prediction: number) 
Input: Predefined domain rules: Domain_Rules; Query case: Qc;  

trained_RF_model; trained_SVM_Model; trained_ANN_model 

Output: ML_prediction: number ³ 0; Explanation: String 

 
If CBR_prediction = 0 then 

        

           If model_selected = 'Random_Forest' then 

                  ML _Prediction � ComputeRF(Qc) // compute Random Forest (RF) prediction 

                  Key_Features � Extract_Keyfeatures(trained_RF_model) 

          end if 
 

          If model_selected = 'SVM' Then 

                ML _Prediction � ComputeSVM(Qc) // compute SVM prediction 

                Key_Features � Extract_Keyfeatures(trained_SVM_model) 

         end if 
 

          If model_selected = 'ANN' Then 

 

             ML _Prediction � ComputeANN(Qc) // compute ANN prediction 

             Key_Features � Extract_Keyfeatures(trained_ANN_model) 

         end if 
 

            Explanation � Construct_Explanation (Key_features, Domain_Rules) 

 

        return prediction + Explanation 
 

      end if 
end function 
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Table 4.3: Domain rules for explanation generation 
Rule 

No 

Condition Offer 

1 If high data and low spender receiver and 

streaming capability 

YouTube product 

 

2 If high data consumption and medium spender 

and WhatsApp usage 

WhatsApp product 

3 If long-time user and low spender Data product 

4 If high data consumption and high spender and 

streaming capability 

Data product 

5 If high data consumption and high spender and 

high streaming 

Video streaming 

product 

6 If medium data consumption and high spender 

and high streaming  

Offer YouTube 

product 

7 If low spender and low consumer and short-

time user 

No offering 

8 If high data sender and high spender  Data product 

9 If high streaming and high spender Video streaming 

product 

10 If high data consumption and low spender and 

streaming capability 

Video streaming 

product 

  
 
 

4.5 Summary 
 

In this chapter, a presentation was made on how the DSR strategy was applied in terms of the 

explicate problem, the requirement definition, artefact design and development phases. The 

discussion started with a description of the reviewing of existing tools provided with a detailed 

description of how the JAD sessions were executed and the output thereof. The chapter was 

concluded with a detailed description of the design of the framework which included the 

architectural modelling, system design and the algorithms used for the prediction. 
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CHAPTER 5 
IMPLEMENTATION AND EVALUATION  

 
A sample scenario is presented detailing sample instances of subscribers to be utilized for 

direct marketing to identify potential customers for a YouTube product offered by a 

telecommunication organization (denoted as XC). The study selected a group of customers 

from the XC customer base which was identified for direct marketing from a 25 million customer 

base. Sample customer data are utilized and retrieved based on data features that are to be 

utilized for the prediction. 

 

Data were collected from the 4 layers within a telecommunication organization (XC), which are 

the service, resource, billing and customer layers. The data retrieval process to identify 

customers that could be targeted for direct marketing is shown in Figure 5.1. The resource 

layer includes customer and device capability data. The service layer includes the data, voice 

and video usage by the customer over a six-month period. The customer layer includes service 

provisioning data while the billing layer includes data usage. The data retrieved was saved in 

a result table which was later passed onto the hybridized machine learning system.  

 

 

Figure 5.1. Steps within the data gathering process 

 

The customer data was stored in a result table named subscriber_input_data with the 

description as shown in Table 5.1. 
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Table 5.1 Description of subscriber input data  

S/n Field name Description 
1 Month_of_transaction The month when the subscriber initiated the transaction. 

2 Subscriber_unique_identifier A unique identifier to identify the subscriber on the network. 

3 Subcriber_sim_card_identifier The SIM card number used by the subscriber in the device. 

4 Duration_subscriber_connected_to_ne

twork 

The number of days the subscriber has been active on the 

network since joining. 

5 Subscriber_device_identifier Device identifier number used by the subscriber. 

6 Device_manufacturer_name Device manufacturer name. 

7 Device_model_name Device model name assigned by manufacturer. 

8 Device_streaming_capability Indicates if the device has streaming capability or not. 

9 Device_technology_supported Indicates the highest device technology capability such as 2G, 

3G or 4G. 

10 Subscriber_total_monthly_spend The total amount of money the subscriber spends during the 

month. 

11 Subscriber_device_type The device type being used by the subscriber such as Router, 

Handset or Tablet. 

12 Subscriber_main_offering The identifier of the subscriber’s main/primary allocation. 

13 Subscriber_monthly_main_allocation_

amount 

The amount of the main offering data allocated to the 

subscriber on the first of the month. 

14 Subscriber_monthly_main_allocation_

balance 

The current balance of the main offering data amount which is 

allocated on the first of the month. 

15 Subscriber_total_data_used_from_mai

n_offering 

The amount used of the main offering data amount which was 

allocated on the first of the month. 

16 Subscriber_data_package_offering The identifier of the subscriber’s monthly data-add on 

allocation (An extra data package which is added every 

month). 

17 Subscriber_monthly_data_package_ 

allocation_amount 

The amount of the data add-on allocated to the subscriber on 

the first of the month. 

18 Subscriber_data_package_allocation_t

ype 

The type of data add package as this can be an incentive 

(which is free of charge) or a purchased data package. 

19 Subscriber_monthly_data_package_ 

allocation_amount 

The amount of data add-on allocated to the subscriber on the 

first of the month. 

20 Subscriber_monthly_data_package_ 

allocation_balance 

The current balance of the data add-on amount which is 

allocated on the first of the month. 

21 Subscriber_total_data_used_from_ 

data_package 

The amount used of the data add on amount which is allocated 

on the first of the month. 

22 Subscriber_video_purchase_code The identifier of the video product purchased during the month. 

23 Subscriber_video_package_name The name of the video product purchased during the month. 

24 Subscriber_video_package_allocation

_amount 

The amount of video data allocated to the subscriber on the 

first of the month. 

25 Subscriber_social_purchase_code The identifier of the social product purchased during the 

month. 

26 Subscriber_social_package_name The name of the social product purchased during the month. 

27 Subscriber_social_package_ 

allocation_amount 

The amount of social data allocated to the subscriber on the 

first of the month. 

28 Subscriber_additional_data_package_

code 

The identifier of a once off data add on product purchased 

during the month. 

29 Subscriber_additional_data_purchase_

name 

The name of a once off data add on product purchased during 

the month. 

30 Subscriber_additional_data_package_

allocation_amount 

The amount of a once off data add on product allocated to the 

subscriber during the month. 
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The dataset consists of 8 380 908 rows which have 800 000 unique customers with monthly 

usage spanning over a 6-month period. Figure 5.2 shows fields from the output table queried 

from the database. 

 

 

Figure 5.2 Fields selected from the output table 

 
 
5.2 Data Wrangling 
 
The data from the stored table that was created during the data gathering process was the 

input for the data wrangling process. The purpose of the data wrangling process is to ensure 

that all duplicates are addressed, null records are removed, and to conduct any data cleaning 

where necessary. The overall goal is to ensure that the dataset does not contain any duplicate 

or null records. This procedure was executed to ensure that no duplicate or null record is 

included in the final dataset that was used. 
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Table 5.2. Description of the data fields in the dataset 

Field Name Description Data Type 

Month_of_transaction The month when the subscriber 

initiated the transaction. 

String 

Subscriber_unique_identifier A unique identifier to identify the 

subscriber on the network. 

String 

Subcriber_sim_card_identifier The SIM card number used by the 

subscriber in the device. 

String 

Duration_subscriber_connected_to_network The number of days the subscriber 

has been active on the network since 

joining. 

String 

Subscriber_device_identifier Device identifier number used by the 

subscriber. 

String 

Device_manufacturer_name Device manufacturer name. String 

Device_model_name Device model name assigned by 

manufacturer. 

String 

Device_streaming_capability Indicates if the device has streaming 

capability or not. 

String 

Device_technology_supported Indicates the highest device 

technology capability such as 2G, 3G 

or 4G. 

String 

Subscriber_total_monthly_spend The total amount of money the 

subscriber spends during the month. 

String 

Subscriber_device_type The device type being used by the 

subscriber such as Router, Handset 

or Tablet. 

String 

Subscriber_main_offering The identifier of the subscriber’s 

main/primary allocation. 

String 

Subscriber_monthly_main_allocation_amount The amount of the main offering data 

allocated to the subscriber on the first 

of the month. 

String 

Subscriber_monthly_main_allocation_balance The current balance of the main 

offering data amount which is 

allocated on the first of the month. 

String 

Subscriber_total_data_used_from_main_offering The amount used of the main offering 

data amount which was allocated on 

the first of the month. 

String 

Subscriber_data_package_offering The identifier of the subscriber’s 

monthly data add-on allocation (An 

extra data package which is added 

every month). 

String 

Subscriber_monthly_data_package_allocation_amount The amount of the data add-on 

allocated to the subscriber on the first 

of the month. 

String 

Subscriber_data_package_allocation_type The type of data add on package as 

this can be an incentive (which is free 

of charge) or a purchased data on 

package. 

String 

 
 
5.3 Data Labelling 

 
With the data successfully gathered and cleaned the data can now be labelled. The purpose 

of the data labelling process is to formulate relevant data points/ features that would assist in 

generation predictions through the CBR component or the ML model.  
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The data features that were derived are as follows:  

i) Spend Category – This was categorically defined as low, medium and high 

based on TOTAL_MONTHLY_SPEND (e.g. Low < R50, Medium ≥R50 AND ≤ 

R149 or High ≥R150) 

ii) Data Use Category – This was categorically defined as Low, Med and High 

based on CCS_MON_CURRENT_AMOUNT (e.g. Low < 100 MB, Medium ≥100 

AND ≤ 299 MB or High ≥300 MB). 

iii) Connection Period – this was the time period in years from the day the customer 

connected to the network. The number of days was divided by 365 days to 

convert it to years. This was derived from the TIME_CONNECTED field. 

iv) Spending daily rate – this was the total spend per month divided by the number 

of days in the month(s). This was derived from the TOTAL_MONTHLY_SPEND 

field. 

v) Data usage daily rate – this was the total amount of data used per month divided 

by the number of days. This is derived from the CCS_DATA_USED field. 

vi) Available Device Capability – This was grouped into 4G (High), 3G (Medium) or 

2G (Low). This was derived from the WDSNWCHARACT_WIRELESSTECH 

field. 

vii) Stream Capability – This was grouped as non-streaming (0) or streaming (1) to 

specify if a customer's device has the ability to stream or not. This was derived 

from the SERVICES_SUPPORTEDSERVICES field. 

viii)Stream Usage Daily Rate – This was grouped as High, Medium, or Low using 

the CCS_VIDEO_PURCHASE_MEASURE field. 
 
5.4 Data Selection and Model Training 

 
As the research is an experiment, there is a need to first measure the outcomes, the features 

which are inputted and processed by the machine learning algorithm. To achieve this the data 

was separated into a training set and test set. The training set was used by the ML algorithm 

to identify existing patterns and the test set was used to execute a prediction. It is common 

practice to use 70 – 75% of the data as a training set and 25 – 30% of the data as a testing 

set (Moore et al., 2019). The division of the data into these groups is completely random and 

the data were kept completely separate at all times. 

 

The numpy random function of SciKitLearn was used to divide the data into a training and 

testing set. The dataset utilized consisted of 2380908 rows with all duplicate and null values 

removed. The dataset was divided into a training set which consisted of 75% of the data and 

a test set which consisted of the remaining 25% of the data. The below table shows the number 
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of observations for each dataset. The training data set consisted of 1779842 rows and the test 

data set consisted of 591713 rows. 

Table 5.3. Number of observations 

 NUMBER OF OBSERVATIONS 
Testing Data 591713 

Training Data 1779842 

 

 
5.5 Implementation of CBR System 

 

In predicting the cases by using case-based reasoning (CBR) and domain expert knowledge, 

the myCBR RESTFUL API was utilized to execute a prediction using CBR. Using Python, the 

input data supplied by the user was passed as an HTTP request to the RESTFUL API. The 

RESTFUL API then passed the input data to the myCBR component. The myCBR component 

then took the input data and checked if the case matches what is stored in the knowledge 

base. This the myCBR did by assigning a weighted score to the features and comparing the 

feature weighting with those of cases that exist in the general knowledge base. Where a similar 

case was identified, a prediction was then retrieved and passed back to the RESTFUL API 

which in turn passed it back as an HTTP response as shown in the figure below. 

 

 

Figure 5.3. Architecture of CBR module 
 

For the purposes of this research, the myCBR knowledge base was configured to handle two 

use cases. The first use case is to identify customers who were not likely to purchase a product. 

The second use case was to identify customers who would likely purchase a video streaming 

product by assessing the customer’s data and streaming consumption. 
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The myCBR knowledge base consists of attributes with each attribute having a weighting. The 

incoming case is compared to the weighting to determine if the solution to the previous 

occurrence solves the current presented case. 

Identifying customers unlikely to purchase a product, limits the number of wasteful contact with 

customers and also allows for a viewer to identify an increase in these types of customers. 

This would allow for the possibility of developing a product for this specific segment if 

necessary. The assessment was conducted by analysing the customer’s spending, data 

consumption and duration the customer has been active on the network. 

 

 
Table 5.4. Weights assigned to cases (Case 1: Unlikely to purchase a product) 

CASE  
Case ID: String 

Product: String 

 
ATTRIBUTE WEIGHT 
Package Name: 0.38466 

Device: 0.15328 

Spending category 0.10521 

Data usage category 0.73427 

Period of connection 0.63823 

Device capability 0.23455 

Streaming capability 0.66386 

 
 
In assessing if the present case presented is a case that justifies a no product offering the 

similarity was generated using the above table. 

 

In identifying customers likely to purchase a video streaming product a significant revenue 

increase in video products could be realised and an understanding of customer behaviour 

surrounding these products could be improved. This could also result in developing and 

providing more products for the specific segment if necessary. 

 

The assessment was conducted by analysing the customers spending, data consumption and 

video streaming activity on the network. 
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Table 5.5. Weights assigned to cases (Case 2: Likely to purchase a video streaming product) 

CASE  
Case ID: String 
Product: String 
 
ATTRIBUTE WEIGHT 
Package name 0.69210 
Device 0.17328 
Spending category 0.26453 
Data usage category 0.37453 
Device technology supported 0.64889 
Device type 0.64387 
Streaming capability 0.66929 
Monthly main balance 0.63281 
Video package name 0.69421 
Period of connection 0.49852 

 

In assessing if the present case presented was a case that justified a video streaming product, 

the similarity was generated using the above table. The rule-based component consists of the 

following rules, which helped generate explanation for each prediction. 
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Table 5.6. Predefined domain rules 

Rule 

Number 

Spending 

Category 

Data 

Usage 

Category 

Period of 

Connection 

Device 

Capability 

Streaming 

Capability 

Predicted 

Product 

Explanation 

1 Low High High High Streaming Video As the subscriber is a low spender, and receiving a high amount of data a 

YouTube product is recommended. 

2 Medium High Medium High Non-Streaming Data As the subscriber is a medium spender, and consumes majority of the 

allocation. A WhatsApp product is recommended. 

3 Low Medium High High Non-Streaming Data As the subscriber is a low spender, and a long-time user of the network. A 

data product is recommended. 

4 High High Low High Streaming Data As the subscriber is a high spender, and  

consumes majority of the allocation. 

A data product is recommended. 

5 Medium High Low High Streaming Video As the subscriber is a high spender, and  

consumes majority of the allocation with streaming capability. A video 

streaming product is recommended. 

6 High High Low High Streaming Data As the subscriber is a high spender and  

medium consumer of allocation with streaming capability. A YouTube 

product is recommended. 

7 Low Low Low Low Non-Streaming No-Offering As the subscriber is a low spender and a new user of the network. No 

product will be offered at this point in time. 

8 High High Low High Streaming Data As the subscriber is a high spender and shares a lot of data. A data product 

is recommended. 

9 High High Medium High Streaming Video As the subscriber is a high spender with streaming capability. A video 

streaming product is recommended. 

10 Low High Medium High Streaming Video As the subscriber is a low spender and consumes majority of the allocation. 

A video streaming product is recommended. 

11 High Low High High Streaming Video As the subscriber is a low spender and consumes majority of the allocation. 

A video streaming product is recommended. 

12 High Medium High High Streaming Social As the subscriber is a high spender and medium  

consumer of allocation with streaming capability.  

A WhatsApp Ticket is recommended. 

13 High Medium Medium High Streaming Social As the subscriber is a high spender and medium  

consumer of allocation with streaming capability.  

A WhatsApp Ticket is recommended. 
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5.6 Supervised ML Model 
 

In executing the prediction, the following Supervised ML Models were utilized, Random Forest 

Classifier, Multi-Layer Perception Artificial Neural Network and Support Vector Machine (SVM) 

Classifier. The following section discusses the respective models and compares the model’s 

performance during the experiment. 

 

5.6.1 Random Forest Classifier 
 

Figure 5.4 lists the features from the dataset ranked by importance by the Random Forest 

Classifier. TIME_CONNECTED (the number of days the subscriber has been active on the 

network) had the highest rate of importance followed by SUBSCRIBER_MAIN_KEY (the 

subscriber’s main offering package), and the TOTAL_MONTHLY_SPEND (the monthly 

spending rate of the subscriber). A low importance ranking was placed on DATA_USED (the 

amount of data used for the month) and DATA_CURRENT_BALANCE (the current balance of 

data available). 

 
 

 
 

Figure 5.4. Random forest feature importance 
 

 

5.6.2 Multi-Layer Perceptron Artificial Neural Network 
 

Figure 5.5 lists the features from the dataset ranked by importance by the MLP ANN. As with 

the Random Forest Classifier TIME_CONNECTED (the number of days the subscriber has 

been active on the network) had the highest rate of importance. In this instance the 

MONTHLY_CURRENT_BALANCE (the subscriber’s current balance) followed by 

SUBSCRIBER_MAIN_KEY (the subscriber’s main offering package). Unlike the Random 
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Forest Classifier, the DEVICE_SLOT_TYPE (the type of device being used by the subscriber) 

and the TOTAL_MONTHLY_SPEND (the monthly spending rate of the subscriber) had an 

equal importance ranking. As with the Random Forest Classifier a low importance ranking was 

placed on DATA_USED (the amount of data used for the month) and 

DATA_CURRENT_BALANCE (the current balance of data available). 

 

 

 
Figure 5.5. ANN feature importance 

 

 

5.6.3 Support Vector Machines (SVM) Classifier 

 

Figure 5.6 lists the features from the dataset ranked by importance by the SVM Classifier. 

Unlike both the Random Forest Classifier and the MLP ANN model the SVM Classifier placed 

a greater importance on the SUBSCRIBER_MAIN_KEY (the subscriber’s main offering 

package) instead of the TIME_CONNECTED (the number of days the subscriber has been 

active on the network). The SVM Classifier also placed a greater importance on the 

DEVICE_TECHNOLOGY (which indicates if the subscriber’s using 2G, 3G or 4G) than the 

previous two models. As with the previous two models a low importance ranking were placed 

on DATA_USED (the amount of data used for the month) and DATA_CURRENT_BALANCE 

(the current balance of data available). Similar to the previous models DEVICESLOT_TYPE 

and TIME_CONNECTED are among the most important features. 
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Figure 5.6. SVM feature importance 
 
 
5.7 Snapshots of System Implementation 
 
The following shows snapshots from the software tool that was developed as a realization of 

the proposed hybrid ML framework for data-driven direct marketing. The home screen consists 

of a Social, Video, Data and No Offering buttons. When the button is clicked, the system will 

display the customers predicted for each respective category. 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 5.7. Home page 
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5.7.1 Social Page 
 
The Social page displays all the subscribers to consider for a social category product, in the 

case below (Figure 5.8) it is for a WhatsApp ticket accompanied with an explanation. 

 

 

Figure 5.8. Social page 
 

5.7.2 Video Page 
 

The Video page displays all the subscribers to consider for a Video category product, in the 

case below (Figure 5.9) it is for a YouTube ticket accompanied with an explanation. 

 

 
 
 
 
 
 
 
 
 
 
 
 
 

 
 

Figure 5.9. Video Page 
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5.7.3 Data Page 
 
The Data page displays all the subscribers to consider for a data category product, in the case 

below (Figure 5.10) it is for a 1GB Data Bundle accompanied with an explanation. 

 

 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 5.10. Data page 
 
 
 
5.7.4 No Product Customer Page 

 

The No offering page displays all the subscribers to not consider for a product, in the below 

case it displays the subscribers accompanied with an explanation. 

 

 

 

 

 

 

 

 

 

Figure 5.11. No product customer page 
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5.8 Evaluation of the Framework 
 

After the implementation of the hybridized framework, an evaluation was conducted which 

focused on two perspectives. Firstly, the framework performance was assessed by evaluating 

the framework’s accuracy of generated predictions and the quality of explanations that 

accompanied the predictions. The hybridized framework allows one of SVM, ANN and RF to 

be chosen per time as the ML algorithmic model to obtain a prediction. Secondly, the ease of 

use of the hybridized framework was evaluated. The two-phased evaluation approach was 

essential to determine the effectiveness of the hybridized framework within an organization. 

 

5.8.1 Evaluation of Performance 
 
The Random Forest Classifier model used the TOTAL_MONTHLY_SPEND, 

TIME_CONNECTED and SUBSCRIBER_MAIN_KEY as the most important features to 

execute a prediction. As per the below confusion matrix the model performance was quite 

good. The model predicted 92.93% of instances correctly with a 98.19% sensitivity and a 

31.94% specificity as shown in Table 5.7. 

 

Table 5.7. Random forest classifier confusion matrix 
 

Confusion 
Matrix   Positive Negative     

  Positive 534898 31956 94.36257   

Random Forest Negative 9856 15003 60.35239   

  
 

    92.93374 Accuracy 

    98.19074298 31.94914713     

    Sensitivity Specificity     

 

The ANN model on the other hand used the MONTHLY_CURRENT_BALANCE, 

TIME_CONNECTED AND SUBSCRIBER_MAIN_KEY as the most important features to 

execute a prediction. As per the below confusion matrix the model was also quite good. The 

model predicted 97.09% of instance correctly with a 97.32% sensitivity and a 28.4% specificity 

as shown in Table 5.8. 
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Table 5.8. ANN Confusion Matrix 
 

Confusion 
Matrix   Positive Negative     

  Positive 573962 1432 99.75113   

ANN Negative 15751 568 3.480605   

        97.09606 Accuracy 

    97.32903972 28.4     

    Sensitivity Specificity     

 
 

The SVM model used DEVICE_TECHNOLOGY, DEVICESLOT_TYPE, TIME_CONNECTED 

and SUBSCRIBER_MAIN_KEY as the most important features to execute a prediction. As per 

the confusion matrix of the SVM (see Table 5.9) the model performance was good. The model 

predicted 92% of instances correctly with a 98.81% sensitivity and a 2.3% specificity as shown 

in Table 5.9. 

 

Table 5.9. SVM Confusion Matrix 
 

Confusion 
Matrix   Positive Negative     

  Positive 543376 40810 93.01421   

SVM Negative 6524 1003 13.32536   

        92.00051 Accuracy 

    98.81360247 2.3987755     

    Sensitivity Specificity     

 

 

Table 5.10 displays a comparative view of the Random Forest, Support Vector Machine and 

Artificial Neural Network machine learning models. The table displays the performance data 

which was compared on the basis of accuracy, sensitivity and specificity.  

Accuracy was calculated by taking the number of correct predictions divided by the number of 

total predictions. It was noted that the Artificial Neural Network model yielded the highest 

accuracy at 97.09%, followed by the Random Forest model at 92.93% and the Support Vector 

Machine model at 92.00%. 

 

Sensitivity, also known as the true sensitivity rate was calculated by taking the number of 

correct positive predictions divided by the number of total positive predictions. It was noted that 
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the Support Vector Machine model yielded the highest sensitivity at 98.81%, followed by the 

Random Forest model with 98.19% and the Artificial Neural Network model at 97.32%. 

 

Specificity, also known as the true negative rate was calculated by taking the number of correct 

negative predictions divided by the number of total negative predictions. It was noted that the 

Random Forest model yielded the highest specificity at 31.94%, followed by the Artificial Neural 

Network model at 28.4% and the Support Vector Machine model at 2.3%. 

 

Table 5.10 Comparative View of the Algorithmic Model Performance 
 

ML model Accuracy Sensitivity Specificity 

Random Forest 92.93374 98.19074298 31.94914713 

ANN 97.09606 97.32903972 28.4 

SVM 92.00051 98.81360247 2.3987755 

 

 

5.8.2 Evaluation of Explanation 
 

ML models have been found to be effective in predicting a specific outcome but lacks an 

explanation, resulting in a lack of trust in the ML model (Zafar and Khan, 2019). Where an 

explanation can be accompanied by a prediction it is imperative that the explanation needs to 

be of quality and effective. Gunning (2017) proposed an explanation framework that consists 

of the ML model which produces a prediction accompanied by an explanation that will 

contribute to the user’s decision making (see Figure 5.12). The explanation framework of 

Gunning (2017) was used to evaluate the quality of explanation generated by the hybrid ML 

framework for direct marketing that is proposed in this study.  

 

Figure 5.12. Explanation Framework (Gunning, 2017) 
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5.9 Measurement of the Quality of Explanation 
 
The field of Explainable Artificial Intelligence (XAI) cited five layers in measuring the 

effectiveness of an explanation. These five layers are User Satisfaction, Mental Model, Task 

Performance, Trust Assessment and Correctability as shown in Figure 5.13 (Gunning, 2017). 

 

User Satisfaction 
• Clarification of the explanation 

• Use of the explanation 
Mental Model 

• Understanding individual decisions 
• Understanding the overall model 
• Strength/weakness of assessment 

Task Performance 
• Does the explanation improve the user’s 

decision task performance? 
• Artificial decision tasks introduced to 

diagnose the user’s understanding 
Trust Assessment 

• Appropriate future use and trust 
Correctability 
• Identifying errors 
• Correcting errors 
• Continuous training 

 

Figure 5.13 Layers to measure an explanation 

 

In evaluating the quality and effectiveness of the explanation that accompanied the prediction 

produced by the hybridized system, the Goal Question Metric (GQM) approach was used. The 

GQM used for evaluation was based on the explanation framework. A goal for each layer is 

described in Table 5.11. 

Table 5.11 Goals of the evaluation 
 

User satisfaction (Clarity of 
explanations) 

GOAL 1: Determine if explanation was clear 
and understandable 

Mental model (Understanding 
decisions) 

GOAL 2: Determine how decision making is 
understood by the user 

Correctness (Correcting errors 
and training) 

GOAL 3: Verify the correctness of 
predictions and explanations 

Trust assessment (Future use 
and trust) 

GOAL 4: Determine the hybrid ML 
framework’s contribution to trust 

Task performance (Explanation 
improving decision making) 
 

GOAL 5: Establish contribution to decision 
making 
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5.10 Response Results 
 
Each goal contained a set of questions which the user answered using a five-point rating scale 

which is (not at all) 1 - 2 - 3 - 4 - 5 (very much). A total number of eight participants consisting 

of call centre agents who interact directly with customers and managerial team members 

participated in the survey. 

 

The survey participants included 5 customer care agents, and this was viewed as very 

important input as these agents interact directly with customers. Customer care agents interact 

with customers telephonically and has first-hand insights as to what purchases customers are 

likely to make. 

 

The survey also included 1 supervisor and 2 managers. The role of these participants was to 

enable the gathering of perception of the overall improvement in decision making and 

trustworthiness of the proposed hybrid ML system. Each participant was presented with the 

same 5 goals and the questions linked to each goal. The median of the scores of the questions 

were calculated to compute a median goal rating for each goal by an individual. Thereafter, 

the median of the ratings by all the participants’ goal rating was computed to obtain an overall 

goal rating. This is shown in Table 5.12. 

 

Table 5.12 Response to questions 

 GOAL1 Q1 Q2 Q3 Q4 Q5 GOAL2 Q1 Q2 Q3  
Participant 1 4 4 3 4 5 4 3 3 3 5 
Participant 2 4 5 5 4 3 3 3 2 3 4 
Participant 3 5 5 5 4 5 5 4 4 4 5 
Participant 4 4 4 3 4 5 5 3 3 3 5 
Participant 5 4 5 4 4 4 4 3 3 3 4 
Participant 6 5 5 5 4 5 4 4 4 4 5 
Participant 7 4 4 4 4 5 4 4 5 5 3 
Participant 8 4 5 4 4 4 4 4 4 4 4 
 
 GOAL3 Q1 Q2 Q3 GOAL4 Q1 Q2 GOAL5 Q1 Q2 Q3 
Participant 1 5 4 5 5 5 5 5 4 5 4 4 
Participant 2 4 4 2 4 3.5 3 4 3 3 3 4 
Participant 3 5 4 5 5 5 5 5 4 4 4 4 
Participant 4 3 5 2 3 4.5 5 4 4 4 4 5 
Participant 5 2 3 2 2 3.5 3 4 2 2 2 2 
Participant 6 4 4 4 5 5 5 5 5 5 5 5 
Participant 7 5 5 5 4 4 4 4 4 4 4 4 
Participant 8 4 5 4 4 4 4 4 4 4 3 5 
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5.11 Results and Discussion 
 
The median for each goal and a percentage for the median was computed based on all the 

responses captured from the survey as shown below in Table 5.13.  

 

Table 5.13 Median scores of individual goals 
 
GOAL NAME MEDIAN PERCENTAGE 
 
User satisfaction (Clarity of explanations)   
GOAL 1: Determine if explanation was clear and understandable. 4 80% 

 
Mental model (Understanding decisions)   
GOAL 2: Determine how decision making was understood by the 
user. 

3.5 70% 

 
Correctness (Correcting errors and training)   
GOAL 3: Verify the correctness of predictions and explanations. 4 80% 

 
Trust assessment (Future use and trust)   
GOAL 4: Determine the framework’s contribution to trust in ML 
solutions. 

4.25 85% 

 
Task performance (Explanation improving decision making)   
GOAL 5: Establish contribution to decision making. 4 80% 

 

 
5.12 Discussion 
 
The hybridized data-driven direct product marketing framework evaluation rating was derived 

from eight participants. The selected participants installed an instance of the system and they 

evaluated all its functionalities. Based on the feedback received from the participants the 

overall implementation and use of the framework were successful.  

 

The explanation produced by the framework is an important aspect of the framework as this 

reduces the need for highly skilled personnel to interpret results. Out of the eight participants 

the median scoring was 4 out 5 (80%) when they assessed if the explanation was clear and 

understandable. A median scoring of 3.5 out of 5 (70%) was obtained for how well decision-

making of the system was understood. These two scores suggest that a user can interpret 

predictions quite comfortably and can gather an understanding of how the framework derives 

at a decision. 

The framework received a median score of 4 out of 5 (80%) for correctness and performance 

which suggests that the framework can be utilized operationally as customers are predicted 

accurately and performance of functionality is at an optimal level. Participants gave a median 

score of 4.25 out of 5 (85%) for trustworthiness. This suggests that users and management 

are likely to have a positive uptake of the framework, but also contribute to the overall 
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implementation of machine learning solutions with an organization. Participants also gave a 

median score of 4 out of 5 (80%) for task performance. This suggest that users and 

management believe that the explanation produced contributes to the decision making in a 

positive manner. 

 

As the framework was implemented with actual telecommunication data with evidence showing 

it to be successful, the framework can contribute to any organization within the 

telecommunication industry as a tool used to upsell products, but also contribute significantly 

to the understanding of customer behaviour by the generated explanations accompanied with 

the prediction output. 

 

The design of the framework enables it to be adaptable as any type of supervised machine 

learning (ML) algorithmic model can be added to the framework. The addition of a ML 

algorithmic model will be by importing the required algorithm library package into the hybrid 

framework using the python import functionality. In the event that the user wants to use a 

different set of features to predict different products, the desired features can be selected as 

loaded into the training data set, which can then be used to train selected ML models.  

 
5.13 Summary 
 

In this chapter, the description of the practical implementation of the hybrid framework was 

presented. The data gathering, dataset, data wrangling and data labelling processes were 

discussed. In addition to this, the data processing by the various ML algorithms, case-based 

and rule-based reasoning were also explained. A detailed description of the computational 

processes was outlined which also includes the generation of prediction and explanation. 

  

The chapter also presented the evaluation of the performance of the hybrid framework and the 

evaluation of the explanation. The chapter was concluded with a discussion of the implications 

of the evaluation results and the adaptability of the framework. 
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CHAPTER 6 
SUMMARY, CONCLUSION AND RECOMMENDATIONS 
 
6.1 Summary 
 

In this study, a hybridized framework for data-driven direct product marketing was presented 

which consists of machine learning algorithmic models, case-based and rule-based reasoning. 

The framework used an actual dataset from a telecommunication company as input and 

executed predictions with explanations for voice, data and video streaming products. The 

framework presented can be used with additional machine learning models to upsell any other 

specified products within the telecommunication industry. 

 

6.2 Conclusion 
 
Based on the objectives and research questions defined for the study the following was 

achieved: 

 

1. In determining the attributes required for an easy to use and explainable ML process 

framework for data-driven direct product marketing. The study had to establish the 

requirements to satisfy such a need. In obtaining a clear understanding of what was 

needed in such a framework, an extensive review of the literature and existing tools 

were conducted. It was evident that many existing direct product marketing tools exist, 

but many lacked the ability to process large amounts of data, execute a product 

prediction by use of machine learning algorithmic models and produce an explanation 

with the predictive output to give an understanding as to why the prediction was 

generated. Once a clear understanding was obtained a clear set of requirements was 

defined by hosting JAD sessions with domain experts and users.  

 

2. In addressing the requirements of a hybridized framework consisting of machine 

learning algorithmic models and intelligent reasoning was expected to be designed and 

developed. The design was delivered by the use of architectural modelling and system 

design. The development was conducted using only open source development 

technologies. It consisted of an easy-to-use graphical interface that allowed for a user 

to log in securely, load a dataset, select an ML algorithmic model and produce 

prediction accompanied with an explanation as output. The machine learning 

algorithmic models consisted of the Random Forest, Support Vector Machine and 

Artificial Neural Network models. Intelligent reasoning was achieved by using a 

combination of case-based and rule-based reasoning. This was to leverage the 

statistical, predictive capabilities provided by machine learning algorithmic models and 
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the explanation capabilities provided by CBR and rule-based reasoning. A fully 

functional artefact was then presented and demonstrated to domain experts and users. 

 

3. To ensure that the requirements were successfully addressed, and the artefact was 

easy to use. Accompanied by a comprehensive explanation an evaluation was 

conducted in two parts. The first part of the evaluation focused on the performance of 

the machine learning algorithmic models. The metrics used were accuracy, sensitivity 

and specificity of the models. The second part of the evaluation focused on user 

satisfaction, mental model, task performance, trust assessment and correctability. The 

Goal Question Metric approach was used to achieve this. The evaluation of the 

framework has shown that the machine learning models within the framework produced 

predictions with high levels of accuracy and in a timely manner. Users have indicated 

that the produced explanations have contributed positively to the users’ decision 

making and trust in machine learning solutions. The produced explanations were clear 

and understandable to the user, although an understanding of how the predictions were 

generated was only up to a certain acceptable level, this can be improved. 

 

6.3 Contributions 
 

The study’s contribution can be derived from a theoretical, methodological and practical 

perspective. Theoretically, the study utilizes an existing telecommunication data retrieval 

process that fetches data from five different layers (resource layer, service layer, customer 

layer and the billing layer), within a telecommunication organization. The data retrieved from 

these layers was then passed into a hybridized framework that leverages the strength of 

intelligent reasoning processes for explanations and the ability to process complex datasets 

from artificial intelligence models. This provides a new perspective on the creation of a process 

framework that can facilitate data-driven direct marketing using machine learning in the 

telecom industry. 

 

Methodologically, the framework provides a method for multiple algorithmic models to be 

applied to a complex dataset for the generation of product offering predictions. The framework 

allows for reasonably skilled resources to operate and execute predictions. As the predictions 

are accompanied by an explanation it allows for a better understanding of customer behaviour 

and a better understanding as to why a prediction or recommendation was generated. The 

hybrid architecture that provides alternative means of obtaining accurate predictions was 

accompanied by explanations by using a combination of ML, CBR, and rule-based reasoning 

which is an innovative approach to direct-product marketing in the telecom industry. 
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Practically, the framework can be applied by any telecommunication organization with 

customer data. All that is required is to install the framework and immediately start executing 

predictions for the product offering. As the framework is based on open source technology and 

does not require highly skilled personnel, setup costs are very low. These product offerings in 

turn would contribute to sales and add business value. 

 

Generally, the study provides a new perspective on the application of explainable machine 

learning for data-driven direct marketing within the telecommunication industry through the 

utilization of a hybridized ML architecture. It presents a way to attain improvement on the 

existing direct marketing tools that mostly lack explanation capability to justify the predictions 

that they generate.  

 

6.4 Recommendations and Future work 
 
The framework is designed for any machine learning model to be added with any customer 

dataset which is derived from the resource, customer, service, and billing layers at any 

telecommunication company. However, it is important to pay special attention to the data 

quality of the data set to ensure the training of the models is effective. 

 

An improvement in the area of how a new algorithmic model can be implemented in a more 

automated manner and by the use of a graphical interfacing wizard. The initial setup of a new 

algorithmic model takes a bit of time and has the potential for improvement. A larger and more 

granular data set can be applied in the training process to improve the prediction quality. The 

generation of the explanations needs to be tested with data from an out of the ordinary usage 

period such as a holiday period or an emergency lockdown period to evaluate the type of 

explanation accompanied by the recommendation.  

 

Future work should include a wider variety of cases within the knowledge base of the case-

based reasoning module and to verify the performance when a larger variety of products are 

introduced. In addition to this, more security features need to be introduced if the framework is 

introduced to a wider user group. Also, more experiments with explainable deep learning 

models and various types of datasets from the telecom industry needs to be conducted in order 

to assess the robustness and reliability of the process framework. 
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APPENDIX 3 
 
SAMPLE OF CUSTOMER DATA POST LABELLING 
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APPENDIX  4 
 
SAMPLE OF CUSTOMER DATA POST LABELLING AND PREDICTION 
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APPENDIX 5 
 
SAMPLE OF GQM QUESTIONS PRESENTED TO USERS 

 
Name & Surname: Mr X 
 
Title: Customer Care Agent 
 
User Satisfaction (Clarity of Explanations) 
Goal Purpose Determine if explanation was 

clear and understandable. 
 Issue Establish quality of 

explanation. 
 Object (process) Output of explanation. 
 Viewpoint Users understanding of the 

explanation. 
 
Question 1  How detailed are the 

explanations? 
Metric 
(very low detail) 1 - 2 - 3 - 4 - 5 
(very high detail) 

 5 

 
 
Question 2  How clear are the 

explanations? 
Metric 
(very low clarity) 1 - 2 - 3 - 4 - 5 
(very high clarity) 

 5 

 
 
Question 3  How much does the 

explanation contribute to your 
decision making? 

Metric 
(very low contribution) 1 - 2 - 3 - 4 - 
5 (very high contribution) 

 4 

 
 

  

Question 4  How easy was it to generate 
the prediction and 
explanation? 

Metric 
(very difficult) 1 - 2 - 3 - 4 - 5 (very 
easy) 

 3 

 
 
Question 5  From your perspective, how 

reliable do you find the 
explanations and predictions? 

Metric 
(not reliable at all) 1 - 2 - 3 - 4 - 5 
(very reliable) 

 3 

 
 

  

 
Mental Model (Understanding Decisions) 
Goal Purpose Determine how decision 

making is understood by the 
user. 
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 Issue Understanding decisions 
produced. 

 Object (process) The processing of data to 
produce predictions. 

 Viewpoint User understanding of how a 
decision is produced. 

 
Question 1  How easy is it to establish how 

a prediction was produced? 
Metric 
(very difficult) 1 - 2 - 3 - 4 - 5 (very 
easy) 

 2 

 
 
Question 2  How clear is it to you to 

establish how a decision was 
reached? 

Metric 
(not clear at all) 1 - 2 - 3 - 4 - 5 
(very clear) 

 3 

 
 
Question 3  How much does knowing how 

a prediction was produced 
contribute to your decision 
making? 

Metric 
(very low contribution) 1 - 2 - 3 - 4 - 
5 (very high contribution) 

 5 

 
 

  

Correctness (Correcting errors and training) 
Goal Purpose Verify the correctness of 

predictions and explanations. 
 Issue Establish accuracy of the 

predictions 
 Object (process) Executing predictions 
 Viewpoint Quality assurance 
 
Question 1  How accurate are the 

predictions? 
Metric 
 
(not accurate) 1 - 2 - 3 - 4 - 5 (very 
accurate) 

 4 

 
 
Question 2  From your perspective, ow 

timeously was the explanation 
produced? 

Metric 
(very slow) 1 - 2 - 3 - 4 - 5 (very 
speedily) 

 2 

 
 
Question 3  How easy was it to familiarise 

yourself with the system? 
Metric 
(very difficult) 1 - 2 - 3 - 4 - 5 (very 
easy) 

 4 
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Trust Assessment (Future use and trust) 
 
Goal Purpose Determine the frameworks 

contribution to trust. 
 Issue Establish if trust has 

increased. 
 Object (process) Framework as a whole. 
 Viewpoint Users perception of trust. 
 
 
Question 1  How much do you trust the 

results produced? 
Metric 
(low amount of trust) 1 - 2 - 3 - 4 - 5 
(high amount of trust) 

 3 

 
 
Question 2  How confident do you feel that 

a customer would purchase 
the predicted product should 
you call the customer? 

Metric 
(not confident at all) 1 - 2 - 3 - 4 - 5 
(very much confident) 

 4 

 
 
Task Performance (Explanation improving decision making) 
 
Goal Purpose Establish contribution to 

decision making. 
 Issue Influence on decision making 
 Object (process) Framework as a whole 
 Viewpoint Senior/Managerial users 
 
Question 1  How much does the 

explanation contribute to your 
decision making? 

Metric 
(not at all) 1 - 2 - 3 - 4 - 5 (very 
much) 

 3 

 
 
Question 2  How much has your 

understanding of customer 
behaviour improved due to the 
explanation? 

Metric 
(not at all) 1 - 2 - 3 - 4 - 5 (very 
much) 

 3 

 
 

  

Question 3  How much has your trust in 
machine learning solutions 
increased due to the 
explanations? 

Metric 
(not at all) 1 - 2 - 3 - 4 - 5 (very 
much) 

 4 

   
 


