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Abstract

Customer service is a highly vital part of any business. How satisfied your customers are can make
or break a company. One of the greatest contributors to customer satisfaction is the ability to
respond to their issues efficiently and effectively. Many businesses therefore opt to establish a
customer service department that handles customers’ services, this includes receiving phone calls
and replying to emails. Customers are expected to call with issues such as, “How do I reset my
password?” “How do I access the Student Information System?” “Are the student’s marks out
yet?” and the like. Often, the issues reported by customers are similar and tend to get similar
resolutions. These requests can be overwhelming at times, for example in cases where the
users/customers are accessing an online resource and the system goes down, the number of
inquiries can be in the order of thousands depending on the number of the system users. This means
a human agent may not be able service all these requests on time. This research aims to develop
an intelligent chatbot model for a support ticketing system using machine learning to deliver an
exceptional customer experience. This research specifically proposes to develop a machine
learning model that can be used to service customer tickets in the context of a university or learning
institution. The Rapid Application Development methodology was used to produce a working
prototype of a chatbot to test the model to be developed. Machine learning and natural language
processing was used to extract a users’s intent from a message and by leveraging pretrained
frequently asked questions models from DeepPavlov library, the model was trained on 80% of the
data and 20% for testing. All the 37 sessions tested on Dialogflow were successful, translating to
a 100% success response rate. The prototype was tested by integrating WhatsApp messaging
platform to send messages to the chatbot. The chatbot was able to respond to the user in a fraction

of a second. The average response time was less than one minute during testing.

Keywords: virtual assistant, artificial intelligence, customer service, machine learning model,

natural language processing.
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Definition of Terms

Confidence Score — The confidence with which the model recognizes or understands a user’s
utterance (Raj, 2019; Khan & Das, 2017).

Entity — Metadata within the intent. Such as train, alarm, time, etc (Raj, 2019; Khan & Das, 2017).

Intent — Is a term used for programmatically identifying the intention of the person who is using
the chatbot (Khan & Das, 2017; Biswas, 2018).

Training — Building a model that will learn from the utterances, intents, and entities (Biswas,
2018).

Utterance — Different ways a user can say the same thing (Khan & Das, 2017).
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Chapter 1: Introduction

1.1 Background

In large IT organizations and departments, customer complaints are handled through a support
ticketing system. A support ticket is an interaction between a customer and a support service
attendant (Zendesk, 2020). Users log their issues to the systems mostly by sending an email to a
designated email address which in turn log them into the system, a customer portal on the ticketing
system, or a messaging/chatting system. These tickets are then organized in streams and categories
and then assigned to specific IT administrators who read the customer query, address the issue as
required, and then mark the ticket as resolved (Vincent et al., 2005).

Over time, the support ticketing system will have a large dataset of customer queries stored for use
in a knowledge base. This data will have attributes such as the requester’s names, time, department,
the issue, medium of communication, response, and response time. This information can be
extremely useful in training a customer service model that this research is exploring. This huge
dataset brings up numerous challenges such as a lack of ticket resolution quality analysis. This

data could however be leveraged for big data analysis (Gentsch, 2018; Zhou et al., 2017).

Support tickets can at times be overwhelming especially during a service outage of system peak
usage times. This leads to a huge backlog for the IT administrator especially when the ticket issues
are repetitive. This will force the administrator to lose enthusiasm when working on such tasks
and lose the connection between them and the client who might feel like they did not receive
personalized attention from the attendant. Mercedes-Benz Consulting's analysis of various contact
center data in the automotive sector revealed that 80% of customer inquiries are repetitive and are
simple (Gentsch, 2018).

Mundane tasks at our workplaces eventually drain employees’ creativity. According to a report by
Crabtree (2021), 63% of all employees worldwide are rarely engaged at work. This means that
they are rarely using their creative minds to produce new tasks. But these boring, repetitive must

be done, otherwise, most companies will go down. Table 1.1 illustrates the employee engagement
1



report by gallup.com in China showing that a huge percentage of the population is not engaged at
work. Meaning that they are emotionally disconnected from their work.

Table 1.1: Employee engagement (Gallup, 2020)

2009-2010 2011-2012
Actively disengaged 27% 24%
Not engaged 62% 63%
Engaged 11% 13%

Ticket servicing can be one of these mundane tasks that are Killing off creativity. With the
application of Artificial Intelligence, ticket servicing must not necessarily be done by human
agents. Gentsch (2018) implies that humans are much freer when engaging with a chatbot. These
tasks can be automated using chatbots. A chatbot is an Al software that stimulates conversations

between humans and machines (Gentsch, 2018).

With the advancements in artificial intelligence, we can reduce the number of disengaged
workforces by letting chatbots take over some of these repetitive tasks. Then the employees could
focus on more creative tasks. Ticket turnaround time will also be improved using chatbots to
resolve some of these tickets. This will enable departments to meet their Service Legal Agreements
(SLAS).

1.2 Problem Statement

Customers want their needs met with immediate effect. This is sometimes not attainable when the
person on the other side of the line is a human agent. Occasionally, the issues raised by the
customers are not new, they have been seen before. Think of any search term that you can search
on Google’s search engine, there is a 75% chance that google has seen that before (Schwartz,
2017). Therefore, customer query repetition can be very prevalent. There is a likelihood that a
human agent will get bored by repeating the same task over and over. During system usage peak
periods, such as exam periods, the customer queries could get a bit too much then it normally is.
2



This causes the need for extra help for the human agents servicing the queries. It may not be
feasible to hire an extra workforce, arising of the need for a virtual assistant. Based on these facts,

there arises a need to develop an artificially intelligent model that can address customers’ queries.

Using the ticketing system, it is hard to tell the quality of ticket resolution (Zhou et al., 2017).
Once a ticket is resolved, the system does not score the satisfaction rate in the resolution of the
ticket or accordance with the expectation from the client. Important metrics for customer care such
as effectiveness and efficiency directly depend on the quality of the ticket resolution thus the need
to keep a scoring system for the quality of ticket resolution.

All the data accumulated in the ticketing system is of no use to a human agent during the ticket
resolution process (Zhou et al., 2017). A typical ticketing system relies on a human agent and their
knowledge of the domain in question to resolve a ticket, though the resolution needed is sited in

the same-self system’s database.

1.3 Objectives

1.3.1 General Objective

This research aims to develop a machine learning model for ticket servicing.
1.3.2 Specific Objectives

i)  To investigate the challenges faced during customer issue resolution.
i)  To examine the existing methods, techniques, approaches, and systems used for customer
issues support.
iii)  To develop an intelligent chatbot model for support ticket servicing.

Iv)  To test the proposed solution.
1.4 Research Questions

i) Which are the challenges faced during customer issue resolution?
3



i) What existing methods, techniques, approaches, and systems are used for customer issues
support?
iii)  How can an intelligent chatbot model for a ticket support system be developed?

iv)  How can the model developed be tested?
1.5 Justification

Chatbots and virtual assistants have been widely used in customer engagement across various
industries. The most applied field is the Information Technology field. Though customers do not
feel the human touch when communicating with a bot, they are happy when their queries are
resolved speedily. The lack of the human touch in machines is to blame for the lack of satisfaction
amongst many customers. Luo et al., (2019) suggest that chatbot technology has led to a decrease
in sales, call length and an increase in call hang-ups. However, his research also finds out that
chatbot technology can be four times more effective than an inexperienced worker. This research
aims at developing a model that is indistinguishable from a human agent. This is achieved through
Natural Language Understanding (NLU) and the confidence level to which the bot can service a
user request which when not met, the model will forward the request to the most appropriate human

agent.
1.6 Scope and Limitation

This research focuses on serving IT-related customer queries in a university domain around IT
systems support issues. It is limited to the data provided by the Strathmore University ticketing

system.



Chapter 2: Literature Review

2.1 Introduction

For conversational Al algorithms to understand the meaning in some text, they require intent
classification ability. This task is achieved through the application of Natural Language
Understanding and Natural Language processing algorithms. Once the machine has been able to
classify a user’s intent, only then that they can respond appropriately. This technology allows
machines (chatbots) to interact effectively with humans. Bots are deemed to be intelligent when
human users cannot correctly reorganize that on the other end of the line is a human or computer

agent.
2.2 Empirical and Theoretical Literature
2.2.1 Challenges in Customer Ticket Resolution

In customer support, a ticket is any issue raised by a customer that the company has to take care
of. This issue can be raised by sending an email, making a phone call, sending a text message, or
even sharing the issues through social media. Converting these issues into organized channels is
referred to as ticketing. Ticketing helps create a common pool of issues that can be easily handled
at the same helpdesk. It also helps in the analysis process (Customer Support Software & Ticketing
System | Freshdesk, n.d.).

Numerous challenges are experienced in ticket resolution, including the inability to tell the quality
of the ticket resolution process and having a massive dataset of resolved historical tickets that is
not useful at all (Zhou et al., 2017). Other familiar challenges include time-consuming and
repetitive tasks such as password reset, problems in keeping track of clients’ historical tickets and
conversations, recurring issues, long resolution times, long resolution times, and numerous

requests and interruptions.



2.2.2 Al Evolution in Chatbot Technology

Artificial Intelligence is “The art of creating machines that perform functions that require
intelligence when performed by people” (Kurzweil, 1990). The idea was first coined by Alan
Turing in 1950 when he published a paper titled "Computing machinery and intelligence” (Turing,

1950). In his paper, Turing tackles the question, “can machines think?”

Al predates back in 1950 when pioneer computer scientist Alan Turing proposed a test to see if a
computer would trick a human into thinking that it was a human, but the earliest working chatbot
can be traced to a program named ELIZA that was created by Joseph Weizenbaum in 1966. In his
paper entitled “ELIZA — a computer program for the study of natural language communication
between man and machine” (January 1966), Weizenbaum elucidates how his program used
primitive forms of the earliest natural language processing. The output from the program was based
on the rules provided by a script. The program could sort words given in the input, sort them, and
rank them and words with the highest rank could be suited to form the response to the user. This

was a console program as shown in Figure 2.1.
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ELIZA > HI, I'M ELIZA. WHAT DO YOU WANT TO TALK ABOUT 7

AMIT > CAN I TALK ABOUT MY PROBLEM ?

ELIZA > SURE... !

AMIT > DUE TO ON GOING EXAMS IN COLLEGE, I HAVE A LOT OF STRESS.
ELIZA > PLEASE RELAX A LITTLE. SLEEP WELL.

AMIT > THANKS FOR YOUR ADVICE.

ELIZA > NO MENTION.

AMIT > BYE

ELIZA > BYE AND KEEP IN TOUCH...

Figure 2.1: The user interface of the ELIZA Program (Electronicsforu.com)

Some of the challenges discussed in this paper are keyword identification, minimal text discovery,
appropriate transformations, and general response in absence of keywords. By using the
decomposition rule, Weizenbaum addresses most of these challenges. This involves breaking
down the sentence into words and ranking the words and using those words to reconstruct a

sentence that forms part of the response.

Early researchers saw the potential in Artificial Intelligence and began making bold predictions
soon after Weizenbaum’s paper. “It is not my aim to surprise or shock you, but the simplest way I
can summarize is to say that there are now in the world machines that think, that learn, and that
create. Moreover, their ability to do these things is going to increase rapidly until — in a visible
future — the range of problems they can handle will be coextensive with the range to which the
mind has been applied” (Herbert, 1957). "In three to eight years, we will get a machine with

average human intelligence” (Minsky, 1970).



The development of Al can be classified into three phases: 1950s — 1970s, 1970s to 1990s, and
1990s to date as shown in the Figure 2.2. Over these periods its popularity has grown
tremendously. The first phase is the birth and early forms of Al, the second involves the
development of expert system algorithms in the 1970s and the latter is the modern Al
developments in Machine learning, deep learning, and the new subset fields of Artificial
Intelligence (Delipetrev et al., 2020). The popularity of machine learning has been on the rise

steadily since the 1990s as shown in Figure 2.2.

Popularity

Al periods

Al Winter Il

Al Winter |

-

1950s 1970s 1990s 2010s

Figure 2.2: lllustrative visualizations of Al periods (Delipetrev et al., 2020)

Machine learning (ML), a subfield of Al, is the scientific study of algorithms that make computer
systems learn through experience. Machine learning algorithms build a model based on sample
data, known as "training data”, to make predictions or decisions without being explicitly

programmed (Delipetrev et al., 2020). Machine learning is classified into three categories:

a) Supervised learning where the data model is developed from training examples. The
training examples induce the model with labels which help in the classification of the

unlabelled data (Cunningham et al., nd).



b) Unsupervised learning is where data is categorized into classes without having labels or
training data. Common techniques applied include clustering among others (Green et al.,
nd).

c) Semi-supervised algorithms can be considered a category between supervised and
unsupervised learning, where the data contains both labeled and unlabelled data
(Delipetrev et al., 2020).

d) Reinforcement learning explores how agents take actions in an environment to maximize

a reward (Delipetrev et al., 2020).

Unlike traditional programming where rules and data are supplied to give answers, in machine
learning, data and answers are fed to a learning model to produce rules (Craglia et al., 2018) as
shown in Figure 2.3. The rules are then used to infer answers when a set of unseen data is supplied
to the model. Traditional programming languages such as Java, C, and C# are rule-based. Figure
2.3 is an illustration of the difference between machine learning programming and traditional

programming.

rules
o T

~———

- answers

data _—

data

» rules
answers

Figure 2.3: Machine Learning Paradigm (Craglia et al., 2018)

Another subfield of Machine Learning and Artificial Intelligence is Deep Learning as shown in

Figure 2.4. Deep learning employs multiple layers of neural network abstractions. Neural networks
9



try to mimic the behavior of the brain’s biological neurons. This allows Deep learning algorithms
to learn from exceptionally large datasets. In recent advancements, deep learning algorithms are

powering every day’s products and services such as chatbots which we are exploring in this
research.

Figure 2.4: Al, ML, and DL. (Craglia et al., 2018)

The performance of deep learning algorithms improves with an increase in the amount of data as
shown in Figure 2.5.
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Deep learning

Performance

Amount of data

Figure 2.5: Deep Learning performance vs the amount of data (Craglia et al., 2018)

In the words of Ng, A (2017), “Just as electricity transformed almost everything 100 years ago,
today I have a challenging time thinking of an industry that I don’t think AI (Artificial Intelligence)

’

will transform in the next several years.’

2.2.3 Natural Language Processing

According to IMB (2020), Natural language processing (NLP) is a branch of Artificial Intelligence
that is concerned with making machines similarly understand natural text or voice as a human can.
Some tasks that are included in NLP are speech recognition, word sense disambiguation, sentiment
analysis, natural language generation, among others. It is universally applicable in intelligent
chatbot development in all its subset of tasks.

Natural Language Processing is the intersection of Artificial Intelligence and linguistics (Nadkami
et al., 2011). Large volumes of text are indexed using highly scalable statistic-based techniques.

NLP investigates the ability of computers to understand natural language to perform an important
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task through incorporating various disciplines such as cognitive science, computational linguistics,
artificial intelligence, and computing science (Deng & Liu, 2018).

NLP has widely been applied in speech recognition, spoken language understanding, dialogue
systems, lexical analysis, parsing, machine translation, knowledge graph, information retrieval,
question answering, sentiment analysis, social computing, natural language generation, and natural

language summarization (Deng & Liu, 2018).

Natural Language Understanding (NLU) is a subset of NLP which is used in breaking down the
various elemental parts of speech such that a machine will be able to understand it. Here the intent
in the text is determined. In this research, NLU will enable our model to understand our customers'

queries.

2.2.4 Conversational Al

Conversational Artificial Intelligence is the application of NLU to create technologies such as
chatbots making the communication between man and machine appear natural. Unlike traditional
scripted chatbots that use rules and predetermined responses, Conversational Al chatbots are fed

with questions and answers can infer answers to new conversations.

2.2.5 Chatbot Technology

As described in section 2.2, the rise of Al brought about the rise of chatbot technology with ELIZA
being the earliest conception of this field in the 1960s. Since then, chatbot technology has made
great milestones and growing exponentially in the recent past (Raj, 2019; Biswas, 2018) as shown

in Figure 2.6.
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Figure 2.6: Chatbot Trends over the recent past based on the web search term (Raj, 2019)
2.2.5.1 A brief chatbot Timeline

In 1950, Alan Turing proposed an experiment, which is known today as the Turing Test, that
studied the ability of a machine to exhibit human behaviour. This was quickly followed by the
earliest chatbot model — ELIZA — in 1966. ELIZA “behaved” as a doctor does through asking
questions and using pattern matching and would give an answer. In 1972, Kenneth Colby
developed a computer program — Parry — that modelled the behaviour of paranoid schizophrenics.
In 1985, a taped message could be imitated by Tommy Chatbot, which was a wireless robotic toy.
Launched in 1987, though started in 1981, Rollo Carpenter developed a chatbot that could
“simulate natural human chat in an interesting, entertaining and humorous manner” named
Jabberwocky. This goes on to Dr Shaitso in 1992, who could “converse” with someone in a
digitized voice from Creative Labs and to ALICE in 1995 by Richard Wallace (Raj, 2019; Biswas,
2018; Khan & Das, 2017).

Things began to spice up in 2001 when ActiveBuddy developed a bot named SmartChild which
could give instant access to weather feeds, movie times, stock information, news, etc. In 2006,
IBM Watson developed a chatbot that went on to compete on the popular TV Show “Jeopardy”
and would put human contestants to shame regularly (Raj, 2019; Biswas, 2018; Khan & Das,
2017).
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Later in 2010, Apple released Siri on their iOS iPhone devices for speech recognition which was
an impeccable milestone in chatbot technology. Google would go on to release Google Now in
2012 while Amazon would release Alexa two years later in 2014. Microsoft Cortana was released
in 2015, Facebook Al messenger in 2016. In 2017, Woebot from Woebot Labs was released which
is being used in the treatment of mental health (Raj, 2019; Khan & Das, 2017. Figure 2.7 shows a

typical implementation of a modern chatbot.

@ Twilio Sandbox Q

Join won-turn

Twilio Sandbox: g You are all set! The sandbox can now
send/receive messages from whatsapp:+14155238886. Reply
stop to leave the sandbox any time.

(=

@ @ Type a message @

Figure 2.7: A Chatbot Example

2.2.5.2 The Need for Chatbots

There has been a surge in the increase in usage of chatbot technology in recent years. This has

been enabled by the fast advancement in the field of machine earning as discussed in earlier
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sections. According to Raj (2019), this need has been driven by the fact that chatbots are easily
accessible, highly efficient, highly available, easy to scale, they are cheap, and easy to get and

analyze client insights.
2.3 Chatbot Design Models and Frameworks

Various frameworks have been developed to aid in the development of complex Al chatbot
models. These frameworks help in creating conversational interfaces for both voice and text

recognition.
2.3.1 DeepPavlov

DeepPavlov is an open-source framework for chatbots and virtual assistants’ development. It has
comprehensive and flexible tools that let developers and NLP researchers create production-ready
conversational skills and complex multi-skill conversational assistants (DeepPavlov: An Open
Source Conversational Al Framework, n.d.).

2.3.2 Dialogflow CX

Dialogflow CX offers chatbot developments tools as a service. You can define your intents,
entities, utterances and create a model extremely fast. You can also connect to popular messaging
channels and devices such as Google Assistant, WhatsApp, Alexa, among others (Dialogflow
Documentation, n.d.).

2.3.3 Wit.ai

Like Dialogflow CX, Wit.ai allows developers to create apps that you can converse with. It does
not have as many features as Dialogflow and is, therefore, free to use. It uses an NLP engine
developed at Facebook (Wit.Al, n.d.).
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2.3.4 Other notable mentions

Other similar frameworks include Woebot which can be able to analyze the mood of its users,
QNAMaker which is used to create simple question and answer models, Rasa.ai, Botkit.ai, Luis.ai
among others. All these bots have an NLP underlying engine that is used to understand the user

and reply to their queries.
2.3.5 Popular Chatbots applications in Support Ticketing Systems

With the impeccable rise in chatbot technology, various application fields have adopted the
technology including our area of study — support ticketing. This is because of the numerous
advantages that come with the use of bot technology especially its effectiveness and efficiency.
Zoho Corp has implanted an Automatic Ticket Resolution chatbot — Zia — into their support
systems. The system has set up templates that when the bot assesses a ticket issue, it resolves and
marks it resolved. The customer then can reopen the ticket if they are not satisfied with the bot
resolution (Zia — Zoho’s Al assistant for business. (n.d.)). Freshdesk’s Freddy is an intelligent bot
that is well used stored templated to services customers with the best solution to their tickets
(Gupta, n.d).

It is hard for human agents to keep track of conversations in large-scale firms. Chatbots can be
used to offer individualized attention to millions of users enhancing the interaction between firms

and customers and the social-economic benefits that come with it (Xu, et al., 2017).
2.4 The Conceptual Framework

This section shows a diagrammatic representation of how the research objective is achieved based

on the reviewed literature as shown in Figure 2.8.
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Figure 2.8: The Conceptual Framework

The research proposes the following conceptual framework as an improved query handling

algorithm apropos of support functions that can be applied to innumerable numbers of systems.

A user initiates the process by querying the system via a chat function. The chat constists of a
message and otyher useful metadata from the messaging application such as username and
datetime. The chat is recorded as input and goes through an iterative process of slot filling by
capturing all the information the algorithm requires from the user. The slot filler completes the

chat message with necessary variables for the chat such as gender or whether they are staff or

17



student among others. The message is validated to contain all the necessary parameters by the slot
filler, this is achieved using Dialogflow, a conversational library developed and maintained by
Google. The main purpose is to abstract machine language and presents a clean human-like
response. Historical data was used to train the model to which a structured query from the user
was passed. The model presented the most suitable response and the user can select which answer
best suits their request, this is also an iterative process. A threshold was set for which the most
suitable answer must meet. All queries from the user are stored and are used to retrain the model

and improve accuracy.
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Chapter 3: Research Methodology

3.1 Introduction

Research methodology is the path through which researchers need to conduct their research (Jilcha,
2020). This chapter examines the approach to be followed by this research, the tools to be used,
data, design process, procedures, and application frameworks to be used. It also describes ethical

practices to be taken into consideration.

The main goal of this research was to design and develop a framework for ticket resolution. The
Client Support department at Strathmore University uses the framework to give feedback to
customer queries. The framework outlines the necessary steps to follow for the successful

implementation of the client ticket resolution model in the client support department.
3.2 Research Design

According to Jilcha (2018), a research design is intended to provide an appropriate framework for
a study. The proposed research is applied research as it aimed to solve a real-world problem facing
the client support department: A case study of Strathmore University. Its utility has been limited
to the resolution of customer query tickets normally submitted via emails. The research proposed
to build a software robot based on Java programming language and hosted on the cloud, on a Linux
server to take queries from a client through a messaging platform respond to the client through the

same medium.
3.3 Model Development
The model development followed the steps listed below:

i.  Data Collection
ii.  Data Pre-processing

iii.  Development of the Model

19



iv.  Model Testing and Validation
3.3.1 Data Collection

The data that was used as input for the model was obtained from Strathmore University’s Ticketing
System database. The database was a structured MySQL database and therefore extracting was by

simply writing well-defined SQL queries.
3.3.2 Data Pre-Processing

The data obtained were pre-processed to remove any duplicates and incomplete data that existed.
An SQL query was used to extract the unique from the database and join the tables that had foreign
keys referring to ticket titles, administrator names, and transaction keys. Data with HTML content
type was also removed and text content type preserved. Table 3.1 shows the resultant columns that

the researcher extracted.

Table 3.1: Columns of Etorted Data from the RT System

Column Explanation
Ticket_ID The ticket ID of an email

Transaction_ID | Transaction ID shows an instance of a ticket, for example, closed, opened,

replied, resolved, etc.

Subject The subject message of a ticket
Content The content or body of the email ticket
Name The name of the assigned administrator

ContentType The type of content whether text or HTML

The extracted data were further processed to get conversations from the data. All tickets with the
same ticket ID were grouped as the same conversation and later into questions and corresponding

answers as shown in Table 3.2. The output was saved into a CSV text format.
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Table 3.2: Resultant CSV Columns

Column Explanation
Question The client utterance from the ticket content.
Answer The admin utterance from the ticket content.

3.3.3 Development of the Model

The CSV text file from data processing was fed into a DeepPavlov pre-trained Frequently Asked
Questions model. The model was retrained using the processed custom ticketing data for questions
and answers. After retraining, the model was linked with Google’s Dialogflow where a few
predetermined conversational intents were defined. A web service was created using JAVA
programming language to link the hybrid model with the Twilio messaging platform to terminate

the user response through WhatsApp messenger and receive tickets through the same medium.
3.3.4 Model Testing and Validation

A chat message was sent through the WhatsApp messenger to the testing number and an instant
message was received. The model was able to recognize a user’s intent and the researcher was able
to have small talk with the chatbot model when they asked a question whose intention was not

predetermined, the model was able to match the question with the most appropriate answer.
3.4 System Development Methodology

A system development methodology is the steps that are used in the process of developing a
system, they form the plan for the development of an information system. Machine learning model
training is an iterative process that requires development and test cycles. The Rapid Application
Development (RAD) methodology is an iterative agile process of software development that was
applied in the development of the Al model. Agile methodology promotes continuous iteration of
development and testing throughout the software development lifecycle, both testing and

development are concurrent which speeds up the lifecycle of a project (Tobin & Akhilesh, 2011).
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RAD emphasizes rapid prototype releases and test iterations (Singh, 2019). Figure 3.1 shows the
various processes in rapid application process.

WONSTR
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ANALYSIS AND V
TESTING IMPLEMENTATION
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D ~»
% ~
(4 5’
4

Figure 3.1: Rapid Application Development (RAD) process (Singh, 2019).
3.4.1 Analysis and Quick Design

In this phase, a review of the existing data and preparation for use was done. There was a definition
of the project requirements, expectations, goals, and seeking approvals. There will also be a review
of the application frameworks that are expected to be used and test them and the challenges that

are likely to be faced.
3.4.2 Prototype Cycles

This phase has three phases: quick development of the model, presenting and gathering feedback,
then refining the model from the feedback and testing results. In this research, we will be
optimizing and finetuning the model by varying test data and test cycles. The model’s training data

is capped at 80% percent and the rest of the data is used to test the model. The researcher is
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expected to repeatedly vary the number of training cycles until the most appropriate number of
cycle times is obtained. Lastly, we integrate the model into a chatbot.

3.4.3 Testing

After we have a well-trained model integrated with a chatbot, it will be integrated with the RT
ticketing system on a test environment and then test by sending a ticket and assessing how the

chatbot will respond to the ticket.
3.4.4 Implementation

After a satisfactory testing phase, the launch of the integrated chatbot with the RT system. Users
shall be informed of the new change and that their queries shall be resolved in new record times

and the researcher shall continue monitoring the performance of the model.
3.5 Target Population

According to Kothari (2004), the target population is the particular population from which the
researcher has an interest and intends to extract the research sample. The target population for this
research was 30,000 emails collected from the Request Tracker ticketing system used by
Strathmore University for logging students’ and staff” tickets. These emails were collected are
from the year 2017 to year 2020. They also include email replies from the system administrators

who service the requests.
3.6 Location of the Study

The study will take place in the ICTS labs of Strathmore University where they have a support
ticket management system that has been used long enough to gather enough data to train the model
under study. Previous studies that have been carried out in this location make it more suitable to

carry on the research on their premises.
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3.7 System Implementation Tools
3.7.1 Database Tools

In this research, we used an SQL script to get the data from the RT ticketing system database.
Several tables were joined using JOIN statements to come up with one simple query to extract data

and save it as a CSV file.
3.7.2 Al model Training Framework

In the training phase of the model, a combination of tools was used to come up with the blended
system. To handle incoming messages/queries from the user and to respond to the user, the
researcher used WhatsApp messaging platform and linked it to the web service using the Twilio
messaging platform. Google’s Dialogflow was used to handle chitchat with the model and also to
get missing information from the client. The researcher also employed DeepPavlov, an NLP
opensource library to train the Al model.

3.7.3 Development Stack

The researcher employed PyCharm when cleaning the data from Request Tracker. IntelliJ Idea
was used to create the web service which was hosted on the Digital Ocean container platform after
it was containerized using Docker. Twilio Messaging Sandbox was used to test communication to
and from the web service on the WhatsApp Messaging Platform.

3.8 Research Quality

A comparison between the findings and the reality was performed to verify the conclusions
obtained from this study. Unusual responses were removed which extend to be outliers. This form
of validation is called triangulation of the data. Data triangulation enables the collection of data
from different sources to notify or check one accurate body of data. In addition, the prediction
model's accuracy was measured to be sure of the reliability level of the proposed solution. A

threshold of 0.8 was set as the optimal value for which all the responses had to meet.
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3.9 Ethical Considerations

In as much as the research intends to make a model that is indistinguishable from a human model,
the customers will be notified when they are interacting with a machine and when interacting with
a human. Privacy for the information shared with the chatbot was paramount and since the research
used data provided by the Strathmore University ICTS ticketing system, it was be safeguarded per
their data protection policies. The researcher ensured that any information retrieved from various
sources was mainly used for this research, personal details such as names, email addresses, or
mobile numbers were not used in the research. To address data risk that may be associated with
the Request Tracker, the researcher ensured that all data was archived data at least one year old,
ensuring that data such as passwords would have expired already if present and no current

conversations or unresolved issues were present during the analysis.
3.10 Dissemination of the Study Results

The results of this study shall be used for academic purposes only. They shall be compiled into a
Master’s Thesis as an academic requirement. The dissemination shall be via an oral defense, then
the results shall be available for the general public via the University library portal, finally that the
work is expected to be presented at conferences.
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Chapter 4: System Analysis, Design, and Architecture
4.1 Introduction

This chapter presents the overall architecture and detailed design and analysis of the proposed
system by incorporating the various requirements. In the analysis phase, the questions of who will
use the system, what it will do, and where and when it will be used are answered. During this
phase, the researcher investigates any current system, identifies opportunities for improvement,
and develops a concept for the new system. Finally, the design phase decides how the system
operates in terms of the hardware, software, and network infrastructure; the user interface, forms,

and reports; and the specific programs, databases, and files needed (Dennis et al., 2015).

Further, this chapter analyses both functional and non-functional requirements, the design of the
proposed system incorporates UML diagrams to describe the overall architecture of the system
and give a detailed description of the various components of the system. Use case diagrams with

detailed use case descriptions, sequence diagrams, context diagrams, and data flow diagrams.
4.2 Requirements for the Proposed System

From the data collected from the Request Tracker, as shown in section 3.3.1, the following
requirements were deduced for the proposed system.

i) A system that would give feedback to customers 24 hours a day, 7 days a week.
i) A system that would be able to collect tickets from the RT system and send feedback to
the client.
iii) A secure system that would be able to maintain confidentiality and integrity.
iv) A system that would enable data-driven decision-making which is accurate.
v) A system that would generate reports weekly or on-demand.
vi) A system that generates logs on what it has done.

vii) A robust system that would not keep on failing now and then.
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viii) A user-friendly system that the customer support department would interact with to
prioritize certain customers and issues.

iX)  Access to Dialogflow CX, Twilio Messaging, and a WhatsApp Business Number.

The researcher further classified those requirements into functional and non-functional
requirements. A functional requirement relates directly to a process a system must perform or the
information it needs to contain. Non-functional requirements refer to behavioural properties that

the system must have, such as performance and usability (Dennis et al., 2015).
4.2.1 Functional Requirements

i) A system that would generate a weekly report.
i) A system that would keep logs of its operations.
i) A system that would be able to query the question-answer data set and give feedback to a
client.

iv) A system that would be able to send messages or email messages.
4.2.2 Non-functional Requirements

i)  The system should be reliable and efficient — The system not only needed to give feedback
to a client but also do it within the shortest time possible and provide accurate results.

i) The system should be robust and resilient — The system had to be able to recover from
failures and remain functional to the customer. The bot also had to be resistant to failure
and complete the task.

iii)  The system should be scalable — Any increase in the number of client conversations had to
be accommodated by the system. The model also needs to be easy to train on data from
other categories.

iv)  The system should be secure — The system had to ensure that the model cannot be

compromised or retrained on some other dataset.
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v)  Usability — The system was intended for use by the customer care team, and they had to be
trained so that they could understand their interaction with the bots, but the system was
intended to eliminate remedial repetitive tasks, hence did not require highly skilled staff to

operate and support it.
4.2.3 System Requirements
The proposed system had the following system requirements for its operation.
a) System Security

The system ensured that the model was secured in a containerized environment and that the third-
party application had strong passwords and two-factor authentication. The messaging was done

and tested on WhatsApp which boasts end-to-end encryption.
b) Software Requirements

The system was developed on a 64-bit Ubuntu Linux Operating System. Java JDK 11 was installed
alongside Python 3 and Maven. Testing Accounts were created on Twilio and Dialogflow. To

containerize the system, Docker compose was required.
c) Hardware Requirements

A fast and efficient network system was required to boost communication. To deploy on

production,
d) Relational database

A relational database was used to store the system messaging logs and user sessions.
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4.3 System Architecture

The architecture of the proposed system as shown in Figure 4.1 outlines the general flow of data

on the system to ensure automatic ticket resolution. The major steps that took place in the bot

system were as follows:

i)

The user sends a message through a messaging platform. The first message is used to
initialize a session then send back a welcome message. The subsequent messages are
forwarded to the intent detector.

The message is analyzed at the intent detector and if the intent is matched, a feedback
message is sent to the user. The intent detector will also address all small talk from the
user. If the intent is not matched, the message is again forwarded to the question-answer
trained model. The intent detector also plays the slot filler. If any of the defined required
parameters are missing, a feedback message is sent to the user requesting them to provide
the information. The logger logs all activity in this phase.

The question-answer trained model will match a user message — referred to herein as the
question — to the best answer. This answer is forwarded to the user through the same

messaging platform. The logger as well logs activity in this phase.
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Figure 4.1: System Architecture
4.4 System Process Modelling

A software process is a set of activities undertaken to manage, develop and maintain software
systems (Acuna & Juristo, 2006). A software process model is an abstract representation of the
software process's architecture, design, or definition (Acuna & Juristo, 2006). The process models
can be analyzed, validated, and simulated. The process models improve process understanding,

communication, and software process control.
4.4.1 Use Case Diagram

A use case diagram defines a sequence of interactions between an actor and the system (Gomaa,
2011). It is illustrated in UML notation, as shown in Figure 4.2. It also depicts the functionality

that the proposed system has.
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Figure 4.2: Use Case Diagram

Table 4.1: Send Message Use Case Description

Use Case: Send Message

Primary Actors: Client, Twilio, Dialogflow

Brief Description: This use case describes how a client will send a message to the model.

Pre-Conditions: The message handler is up and listening.

Post-Conditions: The message was successfully sent.

Main Success Scenarios: The messages were successfully sent to the model.
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Actor Responsibility System Responsibility

The client sends a message to the model.

The model receives a message from the client.

Table 4.2: Receive Message Use Case Description

Use Case: Receive Message

Primary Actors: Client, Twilio, Dialogflow

Brief Description: This use case describes how a client will receive a message/response from

the model.

Pre-Conditions: The message handler is up and listening.

Post-Conditions: The message was successfully received.

Main Success Scenarios: The client successfully received a message from the model.

Actor Responsibility System Responsibility

The client receives a message from the model.

The model dispatches a message to the client.

Table 4.3: Add / Update Database Entry Use Case Description

Use Case: Add / Update Database Entry

Primary Actors: Admin

Brief Description: This use case describes how a system admin will update the database with

new training data.

Pre-Conditions: New clean data are available.
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Post-Conditions: Data was successfully saved in the database.

Main Success Scenarios: Data was successfully saved in the database.

Actor Responsibility System Responsibility

The Admin cleans the data
The Admin pushes the data to the database

The data is successfully saved in the database.

Table 4.4: Model Retrain Use Case Description

Use Case: Model Retrain

Primary Actors: System Developer

Brief Description: This use case describes how a system developer retains the model given new
data.

Pre-Conditions: The set-up code, old and new clean data are available.

Post-Conditions: The model was successfully retrained.

Main Success Scenarios: The model was successfully retrained.

Actor Responsibility System Responsibility

The System Developer retrains the model.

4.4.2 Sequence Diagram

Figure 4.3 illustrates the relationship between the user and the proposed chatbot and the
interactions among other components of the systems and the chatbot model bot. The user sends a
query message through a chat messenger to the chatbot. The message is acted upon by the model
proposed. The output message is stored on the database repository and sent back to the user through

the same medium that it came in.
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Figure 4.3: Sequence Diagram

4.4.3 Context Diagram

Figure 4.4 shows the context diagram for the bot. It shows the interaction entities, the environment,
and the boundaries. All the inputs and outputs are illustrated using the arrows. The primary
interactive entity is the user who queries the bot and receives an instant response. The administrator
is responsible for updating the database entries while the system developer will be retraining the
model.
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4.4.4 Level 0 Data Flow Diagram

The level 0 diagram shows all the processes at the first level of numbering (i.e., processes
numbered 1 through 3), the data stores, external entities, and data flows. The purpose of the level
0 DFD is to show all the major high-level processes of the system and how they are interrelated.
All process models have one and only one level 0 DFD (Wixom et al., 2012).

Figure 4.5 shows a level 0 data flow diagram for the chatbot model, and it gives details of the

system, illustrating the various processes in the modules, data stores, and entities.
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Figure 4.5: Level 0 Data Flow Diagram
4.4.5 Database Schema

The design features a simple database used to only house the queries database and administrators.
In addition, user login sessions and client chat sessions are also maintained on the sessions table.

This has been illustrated on Figure 4.6.
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Figure 4.6: Database Schema
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Chapter 5: System Implementation

5.1 Introduction

This chapter details the actual system implementation of the prototype. The testing of the prototype
is also discussed to evaluate whether the chatbot meets the user requirements, the security
requirements, and the implementation of the prototype. It also describes the system's workflow,
which describes how the queries are solved. In addition to this, the development of the chatbot
through Dialogflow CX.

5.2 The Workflow

The workflow is the specific steps followed to solve a customer query and give feedback to the

customer.
The following steps are the steps that are undertaken for successful customer support.

i.  The client sends an email to a designated email address

ii.  The ticketing system receives the email.

iii.  The email is logged as a new ticket into the system.

iv. A system admin changes the ticket's status from new to open and assigns it to another
administrator who will act on the email.

v.  Depending on the clarity of the issue, there may be a back and forth query loop between
the admin and the requester(client) until the issue is resolved.

vi.  The admin will finally close the ticket by changing its status from open to resolved.

The flow can be summarized in a flowchart as shown in Figure 5.1
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Figure 5.1: Client Support Ticketing Fowchart
5.3 Software Configuration

To build and test the prototype, the following steps were needed to be completed in the

development, testing, and deployment environment.

i. Installation of Docker Daemon and Docker Desktop environments to host the database
containers, the model container, and the web service container to expose the API, as shown

in Figure 5.2.
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Wdocker

& Containers/Apps Q, search.. Sort by v
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s = Running

& Volumes i .
@ webservice webservice:latest

RUNNING PORT: 8887
@ Dev Environments (GETET

@ fag-server deeppaviov-fag:...
RUNNING

Figure 5.2: The Docker Desktop Interface

ii.  Installation of Java 8, Java JDK, Python, and Development IDEs, i.e., PyCharm and IntelliJ
IDEA. Figure 5.3 shows IntelliJ Idea’s IDE interface.
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Figure 5.3 IntelliJ IDEA interface

iii.  Create a Dialogflow account on https://dialogflow.cloud.google.com/cx/

iv.  Create a developers’ sandbox on Twilio at https://www.twilio.com/. Click on the “sandbox

settings” menu to get a WhatsApp trial number, as shown in Figure 5.4.
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https://dialogflow.cloud.google.com/cx/
https://www.twilio.com/

Console

Trial: -
® My first Twilio project | 2 na o ‘ Account v  Billing
7.7017 Upgrade

X

A Updated Auth Token. It's been a while since you've logged in to Twilio. As a precaution
we reset your auth token. Please see below for your updated token.

o
m Ahoy Brother, welcome to Twilio!

Develop Monitor

Overview
> Try it out
Get a trial phone number
Services
To send an SMS, you will need a phone number from
> Senders -
Twilio. On your trial account you can get one free USA or
v Settings Canada phone number.
General o You've got a trial phone number! View it in Account
3 hi info below.
og archives
E 29
Geo permissions To get local phone numbers outside of the USA or
WhatsApp Canada, you may need to upgrade your account and meet
sandbox settings regulatory requirements. Read the regulatory
requirements [4

Channels

Add-ons+"Beta
Skip >

Figure 5.4: Twilio Account

v. Pull MariaDB docker container and from Docker Hub at
https://hub.docker.com/ /mariadb. Figure 5.5 shows the MariaDB repository on Docker

Hub.
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https://hub.docker.com/_/mariadb
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Explore Official Images mariadb
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MariaDB Server is a high performing open source
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¥ 1B+
Copy and paste to pull this image
Container Linux x86-64 ARM &4 PowerPC 64 LE IBM Z 386
docker pull mariadb rD
Databases Official Image
View Available Tags
Description Reviews Tags

Figure 5.5: MariaDB container on docker hub

5.4 Bot Implementation

For more straightforward implementation and testing of the bot, the researcher used WhatsApp as
the primary messenger application. To access the service, the researcher needed an active
subscription on Twilio, where they were given a free WhatsApp contact where the clients could
send and receive conversations. The researcher also provided a call-back URL where all messages

would be forwarded to the provided number. Figure 5.6 shows a well-configured sandbox.
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@ ] Trial: 7.7017 Upgrade

oevep  manior — TWilio Sandbox for WhatsApp

. . Sandbox Configuration
v [ Messaging
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Overview
> Tryitout WHEN A MESSAGE COMES IN  https://60a2d175a5b46b.lhr  HTTP Post v
Services -
STATUS CALLBACK URL HTTP Post
> Senders
v Settings Sandbox Participants
General Invite your friends to your Sandbox. Ask them to send a WhatsApp message to e +1 415 523 8886 with code join won-turn

Log archives

Geo permissions

No rows to display
WhatsApp
sandbox settings

izl Sandbox Message Templates

Add-ons+*Beta
Use these templates to send messages in your Sandbox outside of the 24-hour window.

Figure 5.6: Twilio Sandbox for WhatsApp

After the sandbox had been set, the researcher was required to send an opt-in message to the test
number provided by Twilio so that he would be able to receive messages from Twilio. Twilio then
provides a twenty-four-hour window that the model can send a message to the client from the last
message that came in. Only templated messages can be sent to the client, defined on the Twilio
Platform. Figure 5.7 shows a successful opt-in. The messaging platform can now communicate

with the client.
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@ Twilio Sandbox Q.
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Twilio Sandbox: g You are all set! The sandbox can now

send/receive messages from whatsapp:+14155238886. Reply
stop to leave the sandbox any time.

6:03 am

@ Type a message o \!/

Figure 5.7: Successful opt-in on Twilio Sandbox

Next was to define a few intents on Dialogflow and add a couple of training phrases, as shown in
Figure 5.8.
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Figure 5.8: Defining an intent on Dialogflow

Once the intents were well defined, the researcher connected the flow on the Dialogflow build tab,

as shown in Figure 5.9.
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Project Agent Language

= [@ Dialogflow CX My First Project v Small talk ~ en ~ Q @ X B m
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XA Reset Password

A Slow internet
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O EndFlow
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Figure 5.9: Dialog flowchart on Dialogflow

The clean question-answer CSV text data was imported into the DeepPavlov project folder. Next,
the researcher configured a docker container to retrain the DeepPavliov model and exposed the
RiseAPI endpoint at port 5000. The Dockerfile is configured as shown in Figure 5.10.
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python:

=master

=/base/venv/bin:§

webservice

install email-validator

ig/tfidf_logreg_en_faqg.json

python -m dee

@ profiler B8 Terminal W% Endpoints

Figure 5.10: DeepPavlov Docker File.

The web service connected Dialogflow, DeepPavlov, and the messaging platform. A user session
was created first; when no active session existed, a welcome message was sent to the user, and the
user requested to log their issue. When the following message came in, the web service checked
for predefined intents from Dialogflow. If the intent were present, the response from Dialogflow
was forwarded to the user. If the intent was not found, the user’s message was passed onto the

DeepPavlov model to match it with the FAQ model, and the response was forwarded to the user.

The three services and the database were then tied together using Docker Compose to deploy the
Digital Ocean container platform where they were hosted, as shown in Figure 5.11. Finally, all the
code was pushed to GitHub, a code hosting and collaboration platform, to make it easier to version
the system and deploy it on the Digital Ocean platform.
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Figure 5.11: Docker Compose file.

The researcher set up a new project on the Digital Ocean Platform at https://digitalocean.com and

created a new droplet — a droplet is a virtual machine instance at the platform, as shown in Figure
5.12. The new droplet was an Ubuntu virtual machine, 8 GB / 4 Intel CPUs, 160 GB NVMe Solid
State Drive, 5 TB transfer for $48 a month billed per hour. This ensured that to minimize cost, the

researcher would be able to create and destroy the droplet as they wished.
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https://digitalocean.com/

Create new project
\ 1

Name your project

Enter name

MSIT Project e

Add a description

Helpful for teams or differentiating between projects with similar names.

Enter description

hosting my MSIT Project

Tell us what it's for
This will help us to provide a more relevant experience.

Class project / Educational purposes * N

Create Project

Figure 5.12: Creating a new Project on the Digital Ocean

The researcher pulled the code from GitHub and ran the docker-compose file to orchestrate all the

modules with one-line command, as shown in Figure 5.13.
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E¥ root@docker-ubuntu-s-dvcpu-t X + v - O X

root@docker-ubuntu-s-tvcpu-8gb-intel-ams3-01:~# git clone https://github.com/TonyNais/MSIT-Project.git
Cloning into 'MSIT-Project'...

Username for 'https://github.com': tonynais

Password for 'https://tonynais@github.com':

remote: Enumerating objects: 304, done.

remote: Counting objects: 100% (304/304), done.

remote: Compressing objects: 100% (134/134), done.

remote: Total 304 (delta 152), reused 278 (delta 131), pack-reused @
Receiving objects: 100% (304/304), 12.24 MiB | 19.78 MiB/s, done.
Resolving deltas: 100% (152/152), done.
root@docker-ubuntu-s-dvcpu-8gb-intel-ams3-01:~# 1s

root@docker-ubuntu-s-Uvcpu-8gb-intel-ams3-01:~# cd MSIT-Project/
root@docker—ubuntu-s—Uvcpu-8gb-intel-ams3-01:~/MSIT-Project# 1s

README . md docker—compose.yml
root@docker—ubuntu-s—Uvcpu-8gb-intel-ams3-01:~/MSIT-Project# docker—compose —f docker—compose.yml build
Building faq-server

Step 1/19 : FROM python:3.7

3.7: Pulling from library/python

5492f66d2700: Pull complete

5U0ff8c08Uld: Pull complete

a0bf850a0df0: Pull complete

d751dc38ae51: Pull complete

9720a112e886: Pull complete

f97b81fbdbd9: Pull complete

9637ea25af99: Pull complete

714ab5f662c0: Pull complete

a91dda5a2db5: Pull complete

Digest: sha256:338ead®5clalaa8bd8fcba8eldbbe2afd0283buU732fd30cf9b3bfcfcbeclaffab
Status: Downloaded newer image for python:3.7

Figure 5.13: Pulling code from GitHub and building using Docker

After the successful deployment, the resultant URL was configured on the Twilio WhatsApp
sandbox outbound message. The researcher sent a message to the sandbox and was able to opt in,

create a new session, and even make small talk with the chatbot, as shown in Figure 5.14.
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whatsapp:+14155238886. Reply stop to leave the
sandbox any time.
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Hey 3 12:44 pm
(4 Hello! £ 1 am TonyBot, welcome to SU-ICTS
WhatsApp Service (g 12:44 pm

How can we help you today? g

12:44 pm
Good morning .- pm W

And a good morning to you!

I'm the virtual small talk agent. | can tell you a joke, tell
you about myself or answer questions. You can also tell
me about yourself or give me feedback.

What can | help you with? 12:45 pm

Tell me a joke .. om

Why was six afraid of seven?

Because seven ate nine. 12:45 pm

@ & Type a message . \!,a

Figure 5.14: Opting in and making small talk
5.5 Development and Deployment Environment
The system was developed in the following hardware and software environment:

i.  HP ProBook 445 G8 Notebook PC.
ii.  AMD Ryzen 7 5800U with Radeon Graphics (16 CPUs), ~1.9GHz.
iii.  Windows 10 Enterprise 64-bit (10.0, Build 19044).
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Iv.
V.
Vi.
Vil.

viii.

16384MB RAM.

1TB Hard Disk.

IntelliJ IDEA 2021.3.3 (Ultimate Edition)
PyCharm Professional 2021.3.3.
DataGrip 2021.3.3.

The model was tested on the following hardware and software environment:

Ubuntu VM x64bit.
8 GB/ 4 Intel CPUs.
160 GB NVMe Solid State Drive.

iv. 5TB.

v.  Docker Compose 1.29.2

vi.  WhatsApp Messenger 2.22.7.71
5.6 Testing

Testing the chatbot was done by the cyber security team to ensure that it does not expose the

existing systems it interacts with to external threats and expose customer data. In addition, the

customer care user tested it to ensure that it meets the requirements and solves the common queries.

Finally, quality control also tested the chatbot to ensure that it met the minimum standard for

deployment.

Quality control and customer care tested for completeness of the chatbot; this is to ensure that the

chatbot met all the performance specifications and provided all the functions specified by the

customer care.

Correctness: The chatbot performed all the tasks correctly.
Reliability: The chatbot could handle the normal flow of queries and peak loads of
questions.

Consistency: The chatbot solves all the queries, in the same manner each time.
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iv)  Efficiency: The chatbot solves queries with minimal resources within the shortest time.
v) Integrity: Only authorized personnel can run the chatbot. When the chatbot is done with a
certain query, it logs out of the systems to make sure that no one else uses the sessions

opened by the bot for accountability.
5.6.1 Functionality Testing

After the users, cyber security, and quality control did their tests, the researcher carried out
functionality tests, and the results are shown in Table 5.1.

Table 5.1: Functionality Test Overview

No. Functionality Description Status
1 Receive Messages | Receive messages from the user. OK
2 Send messages Send responses to the user. OK
3 Logging Logs system events in human-readable format for | OK

troubleshooting and maintenance.

4 Intent Recorgnition | Recorgnize the user intention from the message | OK
received.
5 Slot Filling Ask the user for missing details in a message. OK

Figure 5.15 shows a screenshot of the researcher's conversation with the prototype chatbot during

functionality testing.
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@ Twilio Sandbox Q

Hey 3:24 pm V7
Hey!

I'm the virtual small talk agent. | can tell you a joke, tell

you about myself or answer questions. You can also tell

me about yourself or give me feedback.

What can | help you with today? Sis

3:25 pm

Good morning . om

How are you this morning? ...

3:26 pm

How can i reset my password ...,

Use this link to reset your password https://su-

sso.strathmore.edu/student-
pss/public/forgottenpassword

3:26 pm

@ Type a message o \!/

Figure 5.15: Functionality Testing
5.7 Maintenance of the Chatbot
Further development of this chatbot shall be performed regularly to scale it further to handle

different functionalities beyond ticket resolution. Updates will be periodically pushed to the
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containerized environment to ensure the latest version is always available on the droplet servers.
Dialogflow and DeepPavlov systems will be patched and updated to ensure the latest features are
always utilized. To match dynamic user requirements from the client support department, regular

maintenance of the chatbot will be carried out to ensure that it fits the needs.
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Chapter 6: Discussions

6.1 Introduction

This chapter discusses the research results according to the objectives set out in chapter one. The
first objective of this research was to identify the challenges faced during customer issue
resolution. Next was to find out the existing methods, techniques, approaches, and systems used
for customer issues support, find out how an intelligent chatbot model for a ticket support system
could be developed, and finally test the developed model. Business rules were set, and others
refined to enable the smooth running of the chatbot and a standard process. The prototype chatbot
was also created using the DeepPavlov library alongside Google’s Dialogflow platform. Many
tests were conducted to validate the performance of the prototype bot and the accuracy with which

it operated.
6.2 Experimental Test Results

Using the Request Tracker system, giving clients responses after their queries have been sorted
took about two hours for customer care staff to get customer details and send them their responses.
There had to be a dedicated staff always manually checking for new tickets and responding to
them. This meant that at least two staff members were dedicated to sending responses to the
customers every day. The chatbot has enabled redeployment of those two staff to other tasks such
as resolving issues, while the chatbot now makes the responses to the customers. The chatbot has
also decreased the time taken from 2 hours on average to less than a minute. The time taken was
measured using the Dialogflow Analytics tool as it has the capability to user engagement and path

durations.

All the 37 sessions tested on Dialogflow were successful, as shown in Figure 6.1. This translates
to a 100% success response rate. The average feedback duration for all the sessions was 0 minutes
meaning the Dialogflow platform could respond to chat messages instantly. Back end code errors
were at 0.00%.
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Analytics (a)

Overview

Start date * End date * Time zone *

4142022 x| 4/42022 B (GMT-8:00) America/Los_Ange...
Usage Engagement Path Back-end
Session count Total interaction count Average duration (min.) Error code %

(o)
37 153 0 0.00%
1 1750.00% ©1812.50% 10.00% +0.00%

Usage (session count)

Overall Speech-to-text Text-to-speech Per language
Overall
37 sessions

Figure 6.1: Experimental Test Results

6.2.1 Test Phases

The prototype chatbot was tested based on the various phases of testing. Table 6.1 shows the test

phases that were carried out. The testing phases include security, user, unit, integration, system,
and end-to-end testing.

Table 6.1: Test Phases

Type of Test Focus

Security Testing Security testing was done to confirm that the chatbot did not expose any

personal data from the client, such as phone numbers or email.
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User Testing

Unit Testing

Integration

Testing

End-to-End
Testing

System Testing

Users from the client support department were incorporated to validate
the functional requirement of the chatbot.

Individual components of the chatbot were tested separately to ensure that
they were all working and that none would fail after integration.

After being tested individually, different units of the chatbot were
integrated to form the complete system. They were tested on how they
integrated to form the system. They were also tested on how they
integrated with the existing systems and platforms. Errors were debugged
and confirmation was done that they were well integrated.

The chatbot was validated by running it from the start of the process when
it gets data from the model to when the chatbot terminated after
successfully sending a response to the client.

During this test, system was tested to make sure that it produced the right

results and that it performed as expected.

6.3 Advantages of the Developed Prototype Chatbot

The framework that governed the creation of the prototype chatbot and the chatbot itself had

numerous advantages. The framework helped streamline the processes by standardizing the client

support process and guiding how the chatbot was developed. The framework ensures that all

typographical errors from a client’s input are autocorrected. It also helped in versioning the model

and deploying new versions. It is also possible to have test cases on the platform to ensure user

flows are thoroughly tested before deploying. The chatbot provides that a client would get a

response to their query immediately. The chatbot establishes a single source of truth with clients

and also enforces best practices. The chatbot would have various ways of responding to the same

intent, making it not a static response to any conversation. The bot has also reduced the wastage

of time by having to create tickets and share responses in separate emails. The bot also handled all

small talk from clients efficiently.
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6.4 Challenges Encountered

Wrangling and cleaning data from the Request Tracker proved to be a significant hurdle in
realizing this research. The data contained a lot of unnecessary system-generated transactions, and
all the email data held quoted emails inconsistently. Getting staff to appreciate and understand
chatbot technology as a tool to augment them and not get rid of them. This proved to be a challenge
as the team did not fully understand the whole technology. DeepPavlov is a high-end
conversational framework with a very steep learning curve. Learning and implementing it on a

research project was another challenge the researcher encountered.
6.5 Achievement of Objectives

This section discusses how the objectives of this research were met step by step. The first objective
in section 1.3.2 was to investigate the challenges faced during customer issue resolution. The study
shows several challenges faced by the client support services department. These challenges are
explained in detail in section 2.2.1. These challenges are what this study is seeking to address

through the development of the chatbot.

The second objective of this research was to examine the existing methods, techniques,
approaches, and systems used for customer issues support. While addressing the challenges of
customer ticket resolution, the researcher looked into various systems used in support desk
services, including Request Tracker and Freshdesk. Request Tracker, the primary system used by
the casing point organization, and in-depth processes and techniques have been discussed in depth

in this research document.

The third objective of this research was to develop a prototype chatbot for client ticket resolution.
This objective aimed to prove that the researcher could create a chatbot suited for the client support
department by using artificial intelligence and machine learning, as highlighted in Chapter 2 and
the steps highlighted in Chapter 4 for creating a chatbot. The development process of the prototype
chatbot is discussed extensively in Chapter 5. By mitigating the weaknesses of the reviewed

frameworks and borrowing from their strengths, the researcher developed a prototype chatbot that
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could give feedback to the clients for the queries they had raised. The advantages of this prototype
chatbot have been discussed in section 6.3.

The fourth objective of this research was to test the prototype chatbot. This ensured that the bot
achieved its purposes and passed all standard security measures. Several tests that the chatbot was
subject to, as discussed in Section 6.2.1. The test results of the bot are discussed in section 6.2. It
shows the number of times the chatbot was tested, the duration, and the comprehensive test results.
This includes the number of times the Chabot was successful and the number of times the bot
failed, and the number of times the researcher stopped the chatbot for Section 6.2 also shows the

time that the Chabot takes to execute successfully.
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Chapter 7: Conclusion and Recommendations

7.1 Introduction

Customer support is the backbone of every company. For a company to maintain customers as
clients, good quality customer care is fundamental. Big companies with a considerable customer
base require a large workforce to handle all the customer queries. In the long run, it is not
sustainable to keep employing staff to support the customers. So, there is a need for innovative

ideas on utilizing technology to solve customer queries and maintain a manageable workforce.

Chatbot technology can be employed to help companies solve their customer service and, at the
same time, remain competitive in the market. Much research has been done on machine learning
and artificial intelligence on how best to implement this chatbot technology. This research has
borrowed good practices from them. Those researches and frameworks have presented different
approaches to how chatbots can be implemented. Some of the frameworks have been applied in

this research.

The aim of this research was to provide a new approach through the application of chatbots to
solve client support problems while still borrowing from what has been done. This research
minimizes the human aspect to reduce the time taken to respond to a client as time is of the essence
in a client support department while also reducing errors with human staff. In addition, lowering
the cost of running a client support department through hiring and training new staff is also
essential. The prototype chatbot is meant to help by speeding it up and streamlining the process by
following set business rules and standards. Due to the person-hours involved in responding to
customer queries, the chatbot has helped as the staff were redeployed to other tasks that required

human intelligence and skills to solve.

In this research, it was necessary to understand the background of client support processes by
reviewing relevant literature and participant observation of the processes involved. The literature
also helped gain an insight into the various errors in the process and failure points. The multiple

rules were extracted from the procedures and standards set on how the process should proceed.
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The chatbot was only restricted to responding to client’s queries that the client support staff had
already resolved. Finally, several experiments were carried out to determine the time taken by the
chatbot to accomplish the tasks and compared to the manual process of sending responses to the

clients.

7.2 Contributions of the Research

This research has brought about a new way of dealing with client support queries, especially the
efficient response part. It has addressed the issue of staffing which is a constant problem in client
support. It has also eased the congestion experienced by the number of responses and reduced the
time taken for the client to get feedback. This research has also helped streamline and standardize
the client support department process, especially data formats. The study has helped the institution
appreciate chatbot technology, understand what chatbots are all about, and identify other candidate
processes for chatbot automation. Through this research, staff has realized that robots can coexist
with human beings, and they are not here to replace human beings but rather to augment them and
make their work easier. Through this study, the average time taken to respond to the customers has

been reduced from about two hours to less than a minute.

7.3 Recommendations and Future Work

This research proposed developing a framework for chatbot technology that could be used in client
support by developing a prototype chatbot. The prototype chatbot created by following the
framework can be deployed in the client support department and other departments. This
framework can also be used to develop chatbots for more prominent companies than the one used

in this research and different case scenarios.

For this research, the prototype chatbot was limited to sending responses to a client only if a similar
issue had been raised before and resolved by client staff. In the future, the scope could be enlarged
to accommodate open domain question answering where the chatbot can scrap through various
knowledge bases in the university and respond to any questions. The whole process is to be handled

by the chatbot without human interactions. Future works should also concentrate on having more
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than one chatbot working on the same case and communicating to share and pass data between
themselves. This would further reduce the time a single bot will take to resolve queries and increase
efficiency, especially in many business rules processes. Instead of only interacting with the bot
through text alone, in the future, voice commands could also be added so that a client can interact

with the chatbot verbally.

This research recommends that the prototype chatbot be extended to other institution departments
as it will give out a significant return on investments. This research also suggests building capacity
in different departments and upskilling the staff that the chatbot has taken their tasks. This will

enable staff to maintain the existing bot and create new chatbots.
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